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Abstract

We investigate the problem of learn-
ing a part-of-speech(POS) lexicon for a
resource-poorlanguage,dialectalArabic.
Developingahigh-qualitylexicon is often
the �rst steptowardsbuilding a POStag-
ger, which is in turn thefront-endto many
NLP systems. We frame the lexicon ac-
quisition problemasa transductive learn-
ing problem, and perform comparisons
on three transductive algorithms: Trans-
ductive SVMs, SpectralGraphTransduc-
ers, and a novel Transductive Clustering
method. We demonstratethat lexicon
learningis an importanttask in resource-
poordomainsandleadsto signi�cant im-
provementsin taggingaccuracy for dialec-
tal Arabic.

1 Intr oduction

Dueto therising importanceof globalizationand
multilingualism, there is a need to build natu-
ral languageprocessing(NLP) systemsfor an in-
creasinglywider range of languages,including
thoselanguagesthat have traditionally not been
the focusof NLP research.The developmentof
NLP technologiesfor a new languageis a chal-
lengingtasksinceoneneedsto dealnot only with
language-speci�cphenomenabut alsowith a po-
tential lack of available resources(e.g. lexicons,
text, annotations).In this studywe investigatethe
problemof learninga part-of-speech(POS)lexi-
confor aresource-poorlanguage,dialectalArabic.

Developing a high-quality POSlexicon is the
�rst steptowardstraininga POStagger, which in
turn is typically thefront endfor otherNLP appli-
cationssuchasparsingandlanguagemodeling.In

the caseof resource-poorlanguages(anddialec-
tal Arabic in particular), this stepis much more
critical thanis typically assumed:a lexicon with
too few constraintson the possiblePOStagsfor
a given word canhave disastrouseffectson tag-
ging accuracy. Whereassuchconstraintscan be
obtainedfrom largehand-labeledcorporaor high-
quality annotationtools in the caseof resource-
rich languages,nosuchresourcesareavailablefor
dialectalArabic. Instead,constraintson possible
POStagsmustbe inferred from a small amount
of taggedwords,or imperfectanalysistools. This
canbe seenasthe problemof learningcomplex,
structuredoutputs(multi-classlabels,with a dif-
ferentnumberof classesfor different wordsand
dependenciesamongthe individual labels) from
partially labeleddata.

Our focus is on investigatingseveral machine
learning techniquesfor this problem. In partic-
ular, we argue that lexicon learningin resource-
poor languagescan be bestviewed as transduc-
tive learning. Themaincontribution of this work
are:(1) acomprehensive evaluationof threetrans-
ductive algorithms(Transductive SVM, Spectral
Graph Transducer, and a new techniquecalled
Transductive Clustering)as well as an inductive
SVM on this task; and (2) a demonstrationthat
lexicon learningis a worthwhile investmentand
leadsto signi�cant improvementsin the tagging
accuracy for dialectalArabic.

Theoutlineof thepaperis asfollows: Section2
describestheproblemin moredetailanddiscusses
thesituationin dialectalArabic. Thetransductive
framework andalgorithmsfor lexiconlearningare
elaboratedin Section3. Sections4 and5 describe
thedataandsystem.Experimentalresultsarepre-
sentedin Section6. Wediscusssomerelatedwork
in Section7 beforeconcludingin Section8.



2 The Importance of Lexiconsin
Resource-poorPOSTagging

2.1 UnsupervisedTagging

The lack of annotatedtraining data in resource-
poor languagesnecessitatesthe use of unsuper-
vised taggers. One commonly-usedunsuper-
visedtaggeris theHiddenMarkov model(HMM),
which modelsthe joint distribution of a word se-
quencew0:M andtagsequencet0:M as:

P(t0:M ; w0:M ) =
MY

i =0

p(wi jt i )p(t i jt i � 1; t i � 2)

(1)
This is a trigram HMM. Unsupervisedlearn-

ing is performed by running the Expectation-
Maximization(EM) algorithmon raw text. In this
procedure,thetagsequencesareunknown, andthe
probabilitytablesp(wi jt i ) andp(t i jt i � 1; t i � 2) are
iteratively updatedto maximizethe likelihoodof
theobservedwordsequences.

Although previous researchin unsupervised
tagginghaveachievedhighaccuraciesrivalingsu-
pervisedmethods(Kupiec, 1992; Brill, 1995),
much of the successis due to the use of arti�-
cially constrained lexicons. Speci�cally, the lex-
icon is a wordlist whereeachword is annotated
with the setof all its possibletags. (We will call
thesetof possibletagsof a given word thePOS-
setof thatword; anexample:POS-setof theEn-
glish word bank maybe f NN,VBg.) Banko and
Moore(2004)showedthatunsupervisedtaggerac-
curacieson Englishdegradefrom 96% to 77% if
the lexicon is not constrainedsuchthatonly high
frequency tagsexist in thePOS-setfor eachword.

Why is the lexicon so critical in unsupervised
tagging? The answeris that it provides addi-
tionalknowledgeaboutword-tagdistributionsthat
mayotherwisebe dif�cult to gleanfrom raw text
alone.In thecaseof unsupervisedHMM taggers,
thelexiconprovidesconstraintson theprobability
tablesp(wi jt i ) and p(t i jt i � 1; t i � 2). Speci�cally,
thelexical probabilitytableis initializedsuchthat
p(wi jt i ) = 0 if andonly if tagt i is not includedin
thePOS-setof wordwi . Thetransitionprobability
tableis initialized suchthatp(t i jt i � 1; t i � 2) = 0 if
andonly if the tag sequence(t i ; t i � 1; t i � 2) never
occursin thetaglatticeinducedby thelexicon on
the raw text. The effect of thesezero-probability
initialization is that they will always stay zero
throughouttheEM procedure(modulotheeffects
of smoothing). This thereforeactsas hard con-
straintsandbiasestheEM algorithmto avoid cer-

tain solutionswhenmaximizinglikelihood. If the
lexicon is accurate,then the EM algorithm can
learnvery goodpredictive distributionsfrom raw
text only; conversely, if the lexicon is poor, EM
will befacedwith moreconfusabilityduringtrain-
ingandmaynotproduceagoodtagger. In general,
theadditionof raretags,even if they arecorrect,
createsaharderlearningproblemfor EM.

Thus, a critical aspectof resource-poorPOS
taggingis the acquisitionof a high-quality lexi-
con. This taskis challengingbecausethe lexicon
learningalgorithmmustnotberesource-intensive.
In practice,onemaybeableto �nd analysistools
or incompleteannotationssuchthatonly a partial
lexicon is available. Thefocusis thereforeon ef-
fective machinelearningalgorithmsfor inferring
a full high-qualitylexicon from a partial,possibly
noisyinitial lexicon. Weshallnow discussthissit-
uationin thecontext of dialectalArabic.

2.2 Dialectal Arabic

The Arabic languageconsistof a collection of
spoken dialectsand a standardwritten language
(ModernStandardArabic, or MSA). Thedialects
of Arabic are of considerableimportancesince
they are usedextensively in almostall everyday
conversations.NLP technologyfor dialectalAra-
bic is still in its infancy, however, dueto the lack
of dataandresources.Apart from smallamounts
of written dialectalmaterialin e.g.plays,novels,
chat rooms, etc., data can only be obtainedby
recordingand manually transcribingactual con-
versations.Annotatedcorporaarescarcebecause
annotationrequiresanotherstageof manualef-
fort beyond transcriptionwork. In addition, ba-
sic resourcessuchaslexicons,morphologicalan-
alyzers,tokenizers,etc. have beendevelopedfor
MSA, but are virtually non-existent for dialectal
Arabic.

In this study, we addresslexicon learning for
LevantineColloquialArabic. Weassumethatonly
two resourcesare available during training: (1)
raw text transcriptionsof Levantinespeechand(2)
amorphologicalanalyzerdevelopedfor MSA.

The lexicon learning task begins with a par-
tial lexicon generatedby applyingthe MSA ana-
lyzer to the Levantinewordlist. SinceMSA dif-
fersfrom Levantineconsiderablyin termsof syn-
tax, morphology, andlexical choice,not all Lev-
antine words receive an analysis. In our data,
23% of the words are un-analyzable.Thus, the



goal of lexicon learningis to infer the POS-sets
of the un-analyzablewords, given the partially-
annotatedlexiconandraw text.

DetailsontheLevantinedataandoverallsystem
areprovided in Sections4 and5. We discussthe
learningalgorithmsin thenext section.

3 Learning Frameworks and Algorithms

Let us formally de�ne the lexicon learningprob-
lem. Wehave a wordlistof sizem + u. A portion
of thesewords(m) areannotatedwith POS-setla-
bels,whichmaybeacquiredby manualannotation
or an automaticanalysistool. The setof labeled
wordsf X m g is thetrainingset,alsoreferredto as
thepartiallexicon. Thetaskis to predictthePOS-
setsof theremainingu unlabeledwordsf X ug, the
test set. The goal of lexicon learningis to label
f X ug with low error. The�nal resultis a full lex-
icon thatcontainsPOS-setsfor all m + u words.

3.1 Transductive Learning with Structured
Outputs

We argue that the above problem formulation
lendsitself to a transductive learningframework.
Standardinductivelearningusesa trainingsetof
fully labeledsamplesin order to learn a classi-
�cation function. After completionof the train-
ing phase,the learnedmodelis thenusedto clas-
sify samplesfrom a new, previously unseentest
set. Semi-supervisedinductive learningexploits
unlabeleddatain additionto labeleddatato better
learnaclassi�cationfunction.Transductivelearn-
ing, �rst describedby Vapnik(Vapnik,1998)also
describesa settingwhereboth labeledand unla-
beleddataareusedjointly to decideon a labelas-
signmentto the unlabeleddatapoints. However,
the goal hereis not to learna generalclassi�ca-
tion function that canbe appliedto new testsets
multiple timesbut to achieve a high-qualityone-
time labelingof a particulardataset. Transduc-
tive learningandinductive semi-supervisedlearn-
ing aresometimesconfusedin theliterature.Both
approachesuseunlabeleddata in learning– the
key differenceis thata transductive classi�er only
optimizestheperformanceon thegivenunlabeled
datawhile an inductive semi-supervisedclassi�er
is trainedto performwell on any new unlabeled
data.

Lexicon learning�ts in the transductive learn-
ing framework as follows: The test set f X ug,
i.e. theunlabeledwords,is staticandknown dur-
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Figure1: Learningwith StructuredOutputsusing
singleor compoundlabels

ing learningtime;wearenotinterestedin inferring
POS-setsfor any wordsoutsidetheword list.

An additional characterizationof the lexicon
learningproblemis that it is a problemof learn-
ing with complex, structuredoutputs. The label
for eachword is its POS-set,which may contain
one to K POS tags (whereK is the size of the
tagset,K=20 in our case). This differs from tra-
ditional classi�cation taskswherethe output is a
singlescalarvariable.

Structuredoutput problemslike lexicon learn-
ing canbecharacterizedby thegranularityof the
basicunit of labels.We de�ne two cases:single-
label and compound-label. In the single-label
framework (seeFigure1),eachindividualPOStag
is thetargetof classi�cationandwehaveK binary
classi�erseachhypothesizingwhethera word has
aPOStagk (k = 1; : : : ; K ). A second-stageclas-
si�er takes the resultsof the K individual classi-
�ers and outputsa POS-set. This classi�er can
simply take all POStagshypothesizedpositive by
the individual binaryclassi�ersto form thePOS-
set,or usea moresophisticatedschemefor deter-
miningthenumberof POStags(Elisseeff andWe-
ston,2002).

The alternative compound-label framework
treatseachPOS-setas an atomic label for clas-
si�cation. A POS-setsuchas f “NN”, “VB” g is
“compounded”intoonelabel“NN-VB”, whichre-
sultsin a differentlabel than,say, “NN” or “NN-
JJ”.Supposethereexist N distinctPOS-setsin the



trainingdata;thenwe have N atomicunitsfor la-
beling.Thusa(N -ary)multi-classclassi�er is em-
ployedto directlypredictthePOS-setof aword. If
only binaryclassi�ersareavailable(i.e. in thecase
of SupportVectorMachines),onecanuseone-vs-
rest,pairwise,or errorcorrectingcodeschemesto
implementthemulti-classclassi�cation.

The single-labelframework is potentially ill-
suited for capturing the dependenciesbetween
POStags. DependenciesbetweenPOStagsarise
sincesometags,suchas“NN” and“NNP” canof-
tenbe taggedto thesameword andthereforeco-
occur in the POS-setlabel. The compound-label
framework implicitly capturestag co-occurrence,
but potentiallysuffersfrom trainingdatafragmen-
tationaswell astheinability to hypothesizePOS-
setsthat do not alreadyexist in the training data.
In our initial experiments, the compound-label
framework gave betterclassi�cation results;thus
weimplementedall of ouralgorithmsin themulti-
class framework (using the one-vs-restscheme
andchoosingtheargmaxasthe�nal decision).

3.2 Transductive Clustering

How doesa transductive algorithmeffectively uti-
lize unlabeledsamplesin the learning process?
Onepopularapproachis theapplicationof theso-
calledclusterassumption, which intuitively states
thatsamplescloseto eachother(i.e. samplesthat
form a cluster)shouldhave similar labels.

Transductive clustering(TC) is a simplealgo-
rithm thatdirectly implementstheclusterassump-
tion. Thealgorithmclusterslabeledandunlabeled
samplesjointly, then usesthe labels of labeled
samplesto infer the labelsof unlabeledwordsin
the samecluster. This idea is relatively straight-
forward, yet what is neededis a principled way
of decidingthecorrectnumberof clustersandthe
preciseway of label transduction(e.g. basedon
majority vote vs. probability thresholds). Typ-
ically, suchparametersare decidedheuristically
(e.g.(DuhandKirchhoff, 2005a))or by tuningon
a labeleddevelopmentset; for resource-poorlan-
guages,however, nosuchsetmaybeavailable.

As suggestedby (El-Yaniv andGerzon,2005),
the TC algorithm can utilize a theoreticalerror
boundasa principledway of determiningthepa-
rameters.Let R̂h(X m ) be theempiricalrisk of a
givenhypothesis(i.e.classi�er)onthetrainingset;
let Rh(X u) bethetestrisk. (Derbeko etal., 2004)
deriveanerrorboundwhichstatesthat,with prob-

ability 1� � , theriskonthetestsamplesisbounded
by:

Rh(X u) � R̂h(X m )

+

s
� m+ u

u

� �
u+1

u

� �
ln 1

p( h ) +ln 1
�

2m

�
(2)

i.e.thetestrisk is boundedby theempiricalrisk on
the labeleddata,R̂h(X m ), plusa termthatvaries
with theprior p(h) of thehypothesisor classi�er.
ThisisaPAC-Bayesianbound(McAllester, 1999).
The prior p(h) indicatesonesprior belief on the
hypothesish over thesetof all possiblehypothe-
ses.If theprior is low or theempiricalrisk is high,
thentheboundis large,implying thattestrisk may
be large. A goodhypothesis(i.e. classi�er) will
ideallyhave a smallvaluefor thebound,thuspre-
dictingasmallexpectedtestrisk.

ThePAC-Bayesianboundis importantbecause
it providesa theoreticalguaranteeon the quality
of a hypothesis.Moreover, the boundin Eq. 2 is
particularlyusefulbecauseit is easilycomputable
on any hypothesish, assumingthat one is given
thevalueof p(h). Given two hypothesizedlabel-
ings of the test set, h1 and h2, the one with the
lower PAC-Bayesianboundwill achieve a lower
expectedtest risk. Therefore,one can use the
bound as a principled way of choosingthe pa-
rametersin theTransductiveClusteringalgorithm:
First,alargenumberof differentclusteringsis cre-
ated; thenthe onethat achieves the lowestPAC-
Bayesianbound is chosen. The pseudo-codeis
givenin Figure2.

(El-Yaniv and Gerzon,2005) has applied the
Transductive Clusteringalgorithmsuccessfullyto
binary classi�cation problemsand demonstrated
improvements over the current state-of-the-art
SpectralGraphTransducers(Section3.4). Weuse
thealgorithmasdescribedin (DuhandKirchhoff,
2005b),which adaptsthe algorithmto structured
output problems. In particular, the modi�cation
involves a different estimateof the priors p(h),
whichwasassumedtobeuniformin (El-Yaniv and
Gerzon,2005). Sincetherearemany possibleh,
adoptinga uniform prior will leadto smallvalues
of p(h) andthusa looseboundfor all h. Proba-
bility massshouldonly bespenton POS-setsthat
arepossible,andassuch,wecalculatep(h) based
on frequenciesof compound-labelsin thetraining
data(i.e.anempiricalprior).

3.3 Transductive SVM

Transductive SVM (TSVM) (Joachims,1999) is
analgorithmthatimplicitly implementsthecluster



1 For � = 2 : C (C is setarbitrarily to a largenumber)
2 Apply a clusteringalgorithmto generate� clusterson X m + u .
3 Generatelabelhypothesish� (by labelingeachclusterwith themostfrequentlabelamongits labeledsamples)
4 Calculatetheboundfor h� asde�ned in Eq.2.

5 Choosethehypothesish� with thelowestbound;outputthecorrespondingclassi�cationof X u .

Figure2: Pseudo-codefor transductive clustering.

assumption.In standardinductive SVM (ISVM),
thelearningalgorithmseeksto maximizethemar-
gin subjectto misclassi�cationconstraintson the
training samples.In TSVM, this optimizationis
generalizedto include additional constraintson
the unlabeledsamples. The resultingoptimiza-
tion algorithm seeksto maximizethe margin on
both labeledandunlabeledsamplesandcreatesa
hyperplanethat avoids high-densityregions (e.g.
clusters).

3.4 SpectralGraph Transducer

Spectral Graph Transducer (SGT) (Joachims,
2003) achieves transductionvia an extensionof
the normalizedmincut clusteringcriterion. First,
a datagraphis constructedwheretheverticesare
labeledor unlabeledsamplesandtheedgeweights
representsimilaritiesbetweensamples.Themin-
cut criteria seeksto partition the graphsuchthat
thesumof cut edgesis minimized. SGT extends
this ideato transductive learningby incorporating
constraintsthat requiresamplesof thesamelabel
to be in thesamecluster. Theresultingpartitions
decidethelabelof unlabeledsamples.

4 Data

4.1 Corpus

The dialect addressedin this work is Levantine
ColloquialArabic(LCA), primarily spokenin Jor-
dan, Lebanon,Palestine,and Syria. Our devel-
opment/testdatacomesfrom the LevantineAra-
bic CTS Treebankprovided by LDC. The train-
ing data comesfrom the Levantine CTS Audio
Transcripts. Both are from the Fishercollection
of conversationaltelephonespeechbetweenLev-
antinespeakerspreviouslyunknown to eachother.
The LCA datawastranscribedin standardMSA
scriptandtransliteratedinto ASCII charactersus-
ing theBuckwaltertransliterationscheme1. No di-
acriticsareusedin eitherthe trainingor develop-
ment/testdata.Speecheffectssuchasdis�uencies
andnoiseswereremovedprior to ourexperiments.

1http://www.ldc.upenn.edu/myl/morph/buckwalter.html

The training set consistsof 476k tokens and
16.6k types. It is not annotatedwith POStags–
this is the raw text we useto train the unsuper-
visedHMM tagger. The test setconsistsof 15k
tokensand2.4k types,andis manuallyannotated
with POStags.Thedevelopmentsetis alsoPOS-
annotated,andcontains16ktokensand2.4ktypes.
We usedthe reducedtagsetknown as the Bies
tagset(Maamouriet al., 2004),which focuseson
major part-of-speechand excludesdetailedmor-
phologicalinformation.

Using the compound-label framework, we
observe 220 and 67 distinct compound-labels
(i.e.POS-sets)in thetrainingandtestsets,respec-
tively. As mentionedin Section3.1, a classi�er
in the compound-labelframework can never hy-
pothesizePOS-setsthatdonotexist in thetraining
data:43%of thetestvocabulary (and8.5%by to-
kenfrequency) fall underthiscategory.

4.2 Mor phological Analyzer

We employ theLDC-distributedBuckwalter ana-
lyzer for morphologicalanalysesof Arabicwords.
For a given word, the analyzeroutputsall possi-
blemorphologicalanalyses,includingstems,POS
tags,anddiacritizations.The informationregard-
ing possiblePOStagsfor a given word is crucial
for constrainingtheunsupervisedlearningprocess
in HMM taggers.

TheBuckwalteranalyzeris basedonaninternal
stemlexiconcombinedwith rulesfor af�xation. It
wasoriginally developedfor the MSA, so only a
certainpercentageof Levantinewordscanbecor-
rectly analyzed. Table 1 shows the percentages
of wordsin theLCA trainingtext that receivedN
possiblePOStagsfrom the Buckwalter analyzer.
Roughly23%of typesand28%of tokensreceived
no tags(N=0) andareconsideredun-analyzable.

5 System

Our overall systemlooks as follows (seeFigure
3): In Step 1, the MSA (Buckwalter) analyzer
is appliedto the word list derived from the raw
training text. The resultis a partial POSlexicon,
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word1 NN�VB
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Figure 3: Overall System: (1) Apply Buckwalter Analyzer to dialectalArabic raw text, obtaininga
partialPOSlexicon. (2) UseTransductiveLearningto infer missingPOS-sets.(3) Unsupervisedtraining
of HMM Taggerusingbothraw text andinferredlexicon.

N Type Token

0 23.3 28.2
1 52.5 40.4
2 17.7 19.9
3 5.2 10.5
4 1.0 2.3
5 0.1 0.6

Table1: Percentageof word types/tokenswith N
possibletags,asdeterminedby theBuckwalteran-
alyzer. Wordswith 0 tagsareun-analyzable.

which lists thesetof possiblePOStagsfor those
wordsfor which theanalyzerprovidedsomeout-
put. All possibilitiessuggestedby theanalyzerare
included.

The focusof Step2 is to infer thePOS-setsof
theremaining,unannotatedwordsusingoneof the
automaticlearningproceduresdescribedin Sec-
tion 3. Finally, Step3 involvestraininganHMM
taggerusingthelearnedlexicon. This is thestan-
dardunsupervisedlearningcomponentof thesys-
tem. We usea trigramHMM, althoughmodi�ca-
tionssuchastheadditionof af�x esandvariables
modelingspeecheffectsmayimprove taggingac-
curacy. Our concernhereis theevaluationof the
lexicon learningcomponentin Step2.

An importantproblemin this systemsetupis
thepossibilityof errorpropagation.In Step1, the
MSA analyzermaygiveincorrectPOS-setstoana-
lyzablewords.It maynotpositthecorrecttag(low
recall), or it may give too many tags(low preci-
sion).Bothhaveanegativeeffectonlexiconlearn-
ing andEM training. For lexicon learning,Step
1 errorsrepresentcorrupt training data; For EM
training,Step1 errormaycausetheHMM tagger
to neverhypothesizethecorrecttag(low recall)or
have too muchconfusibility during training (low

precision).We attemptedto measuretheextentof
thiserrorby calculatingthetagprecision/recallon
words that occur in the test set: Among the 12k
wordsanalyzedby the analyzer, 1483wordsoc-
cur in the test data. We usedthe annotationsin
the test dataand collectedall the “oracle” POS-
setsfor eachof these1483 words.2 The aver-
ageprecisionof the analyzer-generatedPOS-sets
againstthe oracleis 56.46%. The averagerecall
is 81.25%.Notethatprecisionis low–thisimplies
thatthepartiallexiconisnotveryconstrained.The
recallof 81.25%meansthat18.75%of thewords
may never receive the correcttag in tagging. In
the experiments,we will investigateto what ex-
tentthis kind of erroraffectslexicon learningand
EM training.

6 Experiments

6.1 Lexicon learning experiments

We seekto answerthe following threequestions
in ourexperiments:

� How usefulis the lexicon learningstepin an
end-to-endPOStaggingsystem?Do thema-
chine learning algorithmsproducelexicons
thatresultin highertaggingaccuracies,when
comparedto a baselinelexicon that simply
hypothesizesall POStagsfor un-analyzable
words?Theansweris ade�niti ve yes.

� What machinelearningalgorithmsperform
thebeston this task?Do transductive learn-
ing outperforminductive learning?Theem-
pirical answeris that TSVM performsbest,
SGT performsworst,andTC andISVM are
in themiddle.

2Sincethe testsetis small, these“oracle” POS-setsmay
bemissingsometags.Thusthetrueprecisionmaybehigher
(andrecallmaybelower) thanmeasured.



Orthographic features:
wi matches/ ^pre/ , pre = f setof data-derivedpre�xesg
wi matches/suf$/ , suf = f setof data-derivedsuf�x esg
Contextual features:
wi � 1 = voc , voc = f setof wordsin lexicong
t i � 1 = tag , tag = f setof POStagsg
t i +1 = tag , tag = f setof POStagsg
wi � 1 is anun-analyzableword
wi +1 is anun-analyzableword

Table2: Binary featuresusedfor predictingPOS-
setsof un-analyzablewords.

� Whatis therelative impactof errorsfrom the
MSA analyzeron lexicon learningand EM
training?Theansweris thatStep1 errorsaf-
fect EM training more,andlexicon learning
is comparablyrobustto theseerrors.

In our problem,we have 12k labeledsamples
and3970unlabeledsamples.Wede�ne thefeature
of eachsampleaslistedin Table2. Thecontextual
featuresaregeneratedby co-occurrencestatistics
gleanedfrom the training data. For instance,for
a word foo , we collect all bigramsconsistingof
foo from theraw text; all features[wt � 1 = voc ]
thatcorrespondto thebigrams(voc , foo ) areset
to 1. The idea is that words with similar ortho-
graphicand/orcontextual featuresshouldreceive
similarPOS-sets.

All results,unlessotherwisenoted,aretagging
accuraciesonthetestsetgivenby trainingaHMM
taggeron aspeci�c lexicon. Table3 givestagging
accuraciesof the four machinelearningmethods
(TSVM, TC, ISVM, SGT) as well as two base-
line approachesfor generatinga lexicon: (all tags)
gives all 20 possibletags to the un-analyzable
words, whereas(openclass)gives only the sub-
setof open-classPOStags.3 Theresultsaregiven
in descendingorderof overall taggingaccuracy.4

With the exceptionof TSVM (63.54%)vs. TC
(62.89%),all differencesare statisticallysigni�-
cant. As seenin the table, applying a machine
learningstepfor lexicon learningis a worthwhile
effort sinceit alwaysleadsto bettertaggingaccu-
raciesthanthebaselinemethods.

3Not all un-analyzablewordsareopen-class.Close-class
wordsmay be un-analyzabledueto dialectalspellingvaria-
tions.

4Note that the unknown word accuraciesdo not follow
the sametrend andaregenerallyquite low. This might be
dueto the fact thatPOStagsof unknown wordsareusually
bestpredictedby theHMM' s transitionprobabilities,which
maynot beasrobustdueto thenoisylexicon.

Method Accuracy UnkAcc

TSVM 63.54 26.19
TC 62.89 26.71
ISVM 61.53 27.68
SGT 59.68 25.82
openclass 57.39 27.08
all tags 55.64 25.00

Table3: TaggingAccuraciesfor lexiconsderived
by machinelearning(TSVM, TC, ISVM, SGT)
and baselinemethods. Accuracy=Overall accu-
racy; UnkAcc=Accuracy of unknown words.

Thepoorperformanceof SGTis somewhatsur-
prising sinceit is contraryto resultspresentedin
otherpapers.Weattributedthis to thedif�culty in
constructingthedatagraph.For instance,wecon-
structedk-nearest-neighborgraphsbasedon the
cosinedistancebetweenfeaturevectors,but it is
dif�cult to decidethebestdistancemetricor num-
berof neighbors.Finally, we notethatbesidesthe
performanceof SGT, transductive learningmeth-
ods(TSVM, TC) outperformtheinductive ISVM.

We also computeprecision/recallstatisticsof
the �nal lexicon on the testsetwords(similar to
Section5) and measurethe averagesize of the
POS-sets(kPOSsetk). As seenin Table4, POS-
setsizesof machine-learnedlexicon is a factorof
2 or 3 smallerthanthat of the baselinelexicons.
On theotherhand,recall is betterfor thebaseline
lexicons. Theseobservations,combinedwith the
factthatmachine-learnedlexiconsgavebettertag-
gingaccuracy, suggeststhatwehaveaconstrained
lexiconeffecthere:i.e. for EM training,it is better
to constrainthe lexicon with smallPOS-setsthan
to achieve high recall.

Method Precision Recall kPOSsetk

TSVM 58.15 88.85 1.89
TC 59.19 87.88 1.80
ISVM 58.09 88.44 1.87
SGT 53.98 82.60 1.87
openclass 54.03 96.77 3.39
all tags 53.31 98.53 5.17

Table4: Statisticsof theLexiconsin Table3.

Next, we examinedthe effectsof error propa-
gationfrom the MSA analyzerin Step1. We at-
temptedto correcttheseerrorsby usingPOS-sets
of wordsderived from the developmentdata. In



particular, of the 1562partial lexicon words that
alsooccurin thedevelopmentset,we found1044
wordswithout entirelymatchingPOS-sets.These
POS-setsarereplacedwith theoraclePOS-setsde-
rivedfrom thedevelopmentdata,andtheresultis
treatedasthe(corrected)partiallexiconof Step1.
In this procedure,theaveragePOS-setsizeof the
partial lexicon decreasedfrom 2.13to 1.10,recall
increasedfrom 82.44%to 100%,andprecisionin-
creasedfrom 57.15%to 64.31%. We apply lexi-
con learningto this correctedpartial lexicon and
evaluatetaggingresults,shown in Table 5. The
fact that all numbersin Table5 representsigni�-
cantimprovementsover Table3 impliesthaterror
propagationis notatrivial problem,andautomatic
errorcorrectionmethodsmaybedesired.

Method Accuracy UnkAcc

TSVM 66.54 27.38
ISVM 65.08 26.86
TC 64.05 28.20
SGT 63.78 27.23
all tags 62.96 27.91
openclass 61.26 27.83

Table5: Tagaccuraciesby correctingmistakesin
the partial lexicon prior to lexicon learning. In-
terestingly, we note ISVM outperformsTC here,
whichdiffersfrom Table3.

Finally, we determinewhethererror propaga-
tion impactslexiconlearning(Step2) or EM train-
ing (Step3) more. Table6 shows the resultsof
TSVM for four scenarios:correctinganalyzerer-
rors in thethe lexicon: (A) prior to lexicon learn-
ing, (B) prior to EM training, (C) both, or (D)
none. As seenin Table6, correctingthe lexicon
at Step3 (EM training) gives the most improve-
ments,indicatingthat analyzererrorsaffectsEM
trainingmorethanlexicon learning.This implies
that lexicon learningis relatively robust to train-
ing datacorruption,andthatonecanmainly focus
on improved estimationtechniquesfor EM train-
ing (WangandSchuurmans,2005)if thegoalis to
alleviate the impactof analyzererrors. Thesame
evaluationon theothermachinelearningmethods
(TC, ISVM, SGT)show similar results.

6.2 Comparisonexperiments:Expert lexicon
and supervisedlearning

Our approachto building a resource-poorPOS
taggerinvolves (a) lexicon learning,and (b) un-

Scenario Step2 Step3 TSVM

(B) N Y 66.70
(C) Y Y 66.54
(A) Y N 64.93
(D) N N 63.54

Table6: Effect of correctingthelexicon in differ-
entsteps.Y=yes, lexicon corrected;N=no, POS-
setremainsthesameasanalyzer's output.

supervisedtraining. In this sectionwe examine
caseswhere(a) an expert lexicon is available,so
that lexicon learningis not required,and(b) sen-
tencesareannotatedwith POSinformation,sothat
supervisedtraining is possible.Thegoalof these
experimentsis to determinewhenalternative ap-
proachesinvolving additionalhumanannotations
becomeworthwhilein this task.

(a) Expert lexicon: First, we build an expert
lexicon by collectingall tagsper word in the de-
velopmentset(i.e. “oracle” POS-sets).Then,the
taggeris trainedusingEM by treatingthedevelop-
mentsetasraw text (i.e. ignoring thePOSanno-
tations).This achievesanaccuracy of 74.45%on
thetestset.Notethatthisaccuracy is signi�cantly
higher thanthe onesin Table3, which represent
unsupervisedtrainingon moreraw text (thetrain-
ing set),but with non-expertlexiconsderivedfrom
theMSA analyzeranda machinelearner. This re-
sultfurtherdemonstratestheimportanceof obtain-
inganaccuratelexiconin unsupervisedtraining.If
onewereto build thisexpertlexicon by hand,one
would needanannotatorto label thePOS-setsof
2450distinctlexicon items.

(b) Supervised training: We build a super-
visedtaggerby trainingonthePOSannotationsof
thedevelopmentset,whichachieves82.93%accu-
racy. This improvedaccuracy comesat thecostof
annotating2.2ksentences(16k tokens)with com-
pletePOSinformation.

Finally, we presentthe sameresultswith re-
duceddata, taking �rst 50, 100, 200, etc. sen-
tencesin thedevelopmentsetfor lexicon or POS
annotation.The learningcurve is shown in Table
7. Onemay be temptedto draw conclusionsre-
gardingsupervisedvs. unsupervisedapproaches
by directly comparingthis table with the results
in Section6.1;we avoid doingsosincetaggersin
Sections6.1 and6.2 aretrainedon differentdata
sets(training vs. developmentset)andthe accu-
racy differencesare compoundedby issuessuch



Supervised Unsupervised,Expert
#Sentence Acc #Vocab Acc
50 47.82 123 47.13
100 55.32 188 54.65
200 61.17 299 57.37
400 69.17 497 64.36
800 76.92 953 70.36
1600 81.73 1754 72.99
2200 82.93 2450 74.45

Table7: (1) Supervisedtraining accuracieswith
varying numbersof sentences.(2) Accuraciesof
unsupervisedtraining using a expert lexicon of
differentvocabulary sizes.

asngramcoverage,data-setselection,andtheway
annotationsaredone.

7 RelatedWork

There is an increasingamountof work in NLP
toolsfor Arabic. In supervisedPOStagging,(Diab
et al., 2004)achieveshigh accuracy on MSA with
thedirectapplicationof SVM classi�ers.(Habash
andRambow, 2005)arguethat the rich morphol-
ogy of Arabic necessitatesthe useof a morpho-
logical analyzerin combinationwith POS tag-
ging. This canbe consideredsimilar in spirit to
thelearningof lexiconsfor unsupervisedtagging.

The work done at a recent JHU Workshop
(Rambow andothers,2005)is veryrelevantin that
it investigatesa methodfor improving LCA tag-
ging that is orthogonalto our approach.They do
notusetheraw LCA text aswehavedone.Instead,
they trainaMSA supervisedtaggerandadaptit to
LCA by a combinationof methods,suchusinga
MSA-LCA translationlexicon and redistributing
theprobabibilitymassof MSA wordsto LCA.

8 Conclusion

In this study, we investigatedseveral machine
learningalgorithmson the taskof lexicon learn-
ing anddemonstratedits impacton dialectalAra-
bic tagging. We achieve a POStaggingaccuracy
of 63.54%usinga transductively-learned lexicon
(TSVM), outperformingthe baseline(57.39%).
This resultbringsus onestepcloserto the accu-
raciesof unsupervisedtraining with expert lexi-
con (74.45%)and supervisedtraining (82.93%),
bothof whichrequiresigni�cant annotationeffort.
Futurework includesa moredetailedanalysisof

transductive learningin this domainandpossible
solutionsto alleviatingerrorpropagation.
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