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Abstract

We investigate the problem of learn-
ing a part-of-speeci{POS)lexicon for a
resource-pootanguage dialectal Arabic.
Developinga high-qualitylexiconis often
the rst steptowardsbuilding a POStag-
ger, whichis in turnthefront-endto mary
NLP systems. We frame the lexicon ac-
quisition problemasa transductie learn-
ing problem, and perform comparisons
on threetransductie algorithms: Trans-
ductive SVMs, SpectralGraphTransduc-
ers, and a novel Transductie Clustering
method. We demonstratethat lexicon
learningis animportanttaskin resource-
poordomainsandleadsto signi cant im-
provementsn taggingaccuray for dialec-
tal Arabic.

1 Intr oduction

Dueto therising importanceof globalizationand
multilingualism, there is a needto build natu-
ral languageprocessingNLP) systemdor anin-
creasinglywider range of languages,including
thoselanguageghat have traditionally not been
the focus of NLP research.The developmentof
NLP technologiedor a new languageis a chal-
lengingtasksinceoneneedgo dealnot only with
language-speci @henomendout alsowith a po-
tential lack of available resourcege.g. lexicons,
text, annotations)In this studywe investigatethe
problemof learninga part-of-speecifPOS)lexi-
confor aresource-podanguagedialectalArabic.
Developing a high-quality POSlexicon is the
rst steptowardstraininga POStagger whichin
turnis typically thefront endfor otherNLP appli-
cationssuchasparsingandlanguagemodeling.In
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the caseof resource-pootanguageganddialec-
tal Arabic in particular),this stepis much more
critical thanis typically assumed:a lexicon with
too few constraintson the possiblePOStagsfor
a given word can have disastrouseffects on tag-
ging accurag. Whereassuch constraintscan be
obtainedrom large hand-labeleaorporaor high-
quality annotationtools in the caseof resource-
rich languagesno suchresourcesireavailablefor
dialectalArabic. Instead,constraintson possible
POStagsmustbe inferred from a small amount
of taggedwords,or imperfectanalysistools. This
canbe seenasthe problemof learningcomple,
structuredoutputs(multi-classlabels,with a dif-
ferentnumberof classedor differentwordsand
dependencieamongthe individual labels) from
partially labeleddata.

Our focusis on investigatingseveral machine
learning techniquedor this problem. In partic-
ular, we ague that lexicon learningin resource-
poor languagescan be bestviewed as transduc-
tive learning. The main contritution of this work
are: (1) acomprehensk evaluationof threetrans-
ductive algorithms(Transductie SVM, Spectral
Graph Transducer and a new techniquecalled
Transductie Clustering)as well as an inductive
SVM on this task; and (2) a demonstratiorthat
lexicon learningis a worthwhile investmentand
leadsto signi cant improvementsin the tagging
accuray for dialectalArabic.

Theoutlineof thepaperis asfollows: Section2
describesheproblemin moredetailanddiscusses
thesituationin dialectalArabic. Thetransductie
framework andalgorithmsfor lexiconlearningare
elaboratedn Section3. Sections4 and5 describe
thedataandsystem Experimentatesultsarepre-
sentedn Section6. We discusssomerelatedwork
in Section7 beforeconcludingin Section8.



2 The Importance of Lexiconsin
Resouice-poorPOS Tagging

2.1 UnsuperisedTagging

The lack of annotatedraining datain resource-
poor languagesecessitatethe use of unsuper
vised taggers. One commonly-usedunsuper
visedtaggeris theHiddenMarkov model(HMM),
which modelsthe joint distribution of a word se-
quenceng andtagsequencep. as:
p(wijti)p(tijti 1;ti 2)
i=0
1)

This is a trigram HMM. Unsupervisedearn-
ing is performedby running the Expectation-
Maximization(EM) algorithmon raw text. In this
procedurethetagsequenceareunknavn, andthe
probabilitytablesp(wijt;) andp(tijti 1;t;i 2) are
iteratively updatedto maximizethe likelihood of
the obseredword sequences.

Although previous researchin unsupervised
tagginghave achieved high accuraciesivaling su-
pervised methods(Kupiec, 1992; Brill, 1995),
much of the succesds due to the use of arti -
cially constrminedlexicons. Speci cally, the lex-
icon is a wordlist where eachword is annotated
with the setof all its possibletags. (We will call
the setof possibletagsof a givenword the POS-
setof thatword; an example: POS-sebf the En-
glishword bank maybefNN,VBg.) Banko and
Moore(2004)shavedthatunsupervisethggerac-
curacieson Englishdegradefrom 96%to 77% if
thelexicon is not constraineduchthatonly high
frequeng tagsexist in the POS-sefor eachword.

Why is the lexicon so critical in unsupervised
tagging? The answeris that it provides addi-
tionalknowledgeaboutword-tagdistributionsthat
may otherwisebe dif cult to gleanfrom raw text
alone. In the caseof unsupervisedtHMM taggers,
thelexicon providesconstraintsn the probability
tablesp(w;jtij) andp(tijti 1;ti 2). Specically,
thelexical probabilitytableis initialized suchthat
p(wijti) = 0if andonly if tagt; is notincludedin
thePOS-sebf wordw; . Thetransitionprobability
tableis initialized suchthatp(tijt; 1;ti 2) = Oif
andonly if thetagsequencdti;t; 1;tj ») never
occursin thetaglatticeinducedby thelexicon on
theraw text. The effect of thesezero-probability
initialization is that they will always stay zero
throughoutthe EM procedurgmodulothe effects
of smoothing). This thereforeactsas hard con-
straintsandbiaseghe EM algorithmto avoid cer

P(tom;;Wom) =

tain solutionswhenmaximizinglikelihood. If the
lexicon is accurate,then the EM algorithm can
learnvery good predictive distributions from raw

text only; corversely if the lexicon is poor EM

will befacedwith moreconfusabilityduringtrain-
ing andmaynotproduceagoodtagger In general,
the additionof raretags,evenif they arecorrect,
createsa harderdearningproblemfor EM.

Thus, a critical aspectof resource-pooPOS
taggingis the acquisitionof a high-quality lexi-
con. This taskis challengingbecausehe lexicon
learningalgorithmmustnot beresource-intenge.
In practice,onemaybeableto nd analysistools
or incompleteannotationsuchthatonly a partial
lexicon is available. Thefocusis thereforeon ef-
fective machinelearningalgorithmsfor inferring
afull high-qualitylexicon from a partial, possibly
noisyinitial lexicon. We shallnow discusghis sit-
uationin the context of dialectalArabic.

2.2 Dialectal Arabic

The Arabic languageconsistof a collection of
spolen dialectsand a standardwritten language
(ModernStandardArabic, or MSA). The dialects
of Arabic are of considerableémportancesince
they are usedextensiely in almostall everyday
corversations.NLP technologyfor dialectalAra-
bic is still in its infang, however, dueto thelack
of dataandresourcesApart from smallamounts
of written dialectalmaterialin e.g.plays, novels,
chat rooms, etc., data can only be obtainedby
recordingand manually transcribingactual con-
versations.Annotatedcorporaare scarcebecause
annotationrequiresanotherstageof manual ef-
fort beyond transcriptionwork. In addition, ba-
sic resourcesuchaslexicons,morphologicalan-
alyzers,tokenizers,etc. have beendevelopedfor
MSA, but are virtually non-istentfor dialectal
Arabic.

In this study we addresdexicon learningfor
LevantineColloquialArabic. We assumeéhatonly
two resourcesare available during training: (1)
raw text transcription®f Levantinespeectand(2)
amorphologicabnalyzemdevelopedfor MSA.

The lexicon learning task begins with a par
tial lexicon generatedy applyingthe MSA ana-
lyzer to the Levantinewordlist. SinceMSA dif-
fersfrom Levantineconsiderablyin termsof syn-
tax, morphology andlexical choice,not all Lev-
antine words receve 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-
annotatedexicon andraw text.
DetailsontheLevantinedataandoverallsystem
areprovidedin Sections4 and5. We discusshe
learningalgorithmsin the next section.

3 Learning Frameworks and Algorithms

Let usformally de ne the lexicon learningprob-
lem. We have awordlist of sizem + u. A portion
of thesewords(m) areannotatedvith POS-seta-

bels,which maybeacquiredoy manualannotation
or an automaticanalysistool. The setof labeled
wordsf X i, g is thetrainingset,alsoreferredto as
the partiallexicon. Thetaskis to predictthe POS-
setsof theremainingu unlabeledvordsf X g, the
testset. The goal of lexicon learningis to label
f X yg with low error The nal resultis afull lex-

iconthatcontainsPOS-setd$or all m + u words.

3.1 Transductive Learning with Structured
Outputs

We amue that the abore problem formulation
lendsitself to a transductie learningframevork.
Standardnductivelearning usesa training setof
fully labeledsamplesin orderto learna classi-
cation function. After completionof the train-
ing phasethe learnedmodelis thenusedto clas-
sify samplesfrom a new, previously unseentest
set. Semi-supervisethductive learning exploits
unlabelediatain additionto labeleddatato better
learnaclassi cationfunction. Transductivdearn-
ing, rst describeddy Vapnik (Vapnik,1998)also
describesa settingwhereboth labeledand unla-
beleddataareusedjointly to decideon alabelas-
signmentto the unlabeleddatapoints. However,
the goal hereis not to learna generalclassi ca-
tion function that canbe appliedto new testsets
multiple times but to achieze a high-quality one-
time labeling of a particulardataset. Transduc-
tive learningandinductive semi-supervisetearn-
ing aresometimegonfusedn theliterature.Both
approachesise unlabeleddatain learning— the
key differenceis thatatransductie classi er only
optimizesthe performancen the givenunlabeled
datawhile aninductive semi-supervisedlassi er
is trainedto performwell on ary new unlabeled
data.

Lexicon learning ts in the transductie learn-
ing framewvork as follows: The test set f X g,
i.e. the unlabeledwords,is staticandknown dur

SINGLE-LABEL FRAMWORK
K independent classifiers + 1 overall classifier

Nst ~NN 09

2nd Stage
sampled E VB vs. ~VB 08% Clsafar= {NN,JJ}
oo/

JJvs. ~3J 1

COMPOUND-LABEL FRAMEWORK
1 multi-class classifier
(one-vs-rest implementation using N binary classifiers)

NN VB vs. ~NN-VB) 0.6

NN JJ vs. ~NN-JJ

sample

NN vs. ~NN 0.7 —= argmax% NN-JJ
VB-JJ vs. ~VB-J1J 04/
VB vs. ~VB

Figurel: Learningwith StructuredOutputsusing
singleor compoundabels

ing learningtime; we arenotinterestedn inferring
POS-set$or arny wordsoutsidetheword list.

An additional characterizatiorof the lexicon
learningproblemis thatit is a problemof learn-
ing with comple, structuredoutputs. The label
for eachword is its POS-setwhich may contain
oneto K POStags(whereK is the size of the
tagset,K=20 in our case). This differs from tra-
ditional classi cationtaskswherethe outputis a
singlescalarvariable.

Structuredoutput problemslik e lexicon learn-
ing canbe characterizedby the granularityof the
basicunit of labels. We de ne two cases:single-
label and compound-label. In the single-label
framework (seeFigurel), eachindividual POStag
is thetagetof classi cationandwe have K binary
classi erseachhypothesizingvhetheraword has
aPOsStagk (k = 1;:::;K). A second-stagelas-
si er takesthe resultsof the K individual classi-
ers and outputsa POS-set. This classi er can
simply take all POStagshypothesizegbositive by
the individual binary classi ersto form the POS-
set,or usea moresophisticatedchemdor deter
miningthenumberof POStags(Elisseef andWe-
ston,2002).

The alternatve compound-label framevork
treatseachPOS-setas an atomic label for clas-
si cation. A POS-setsuchasf“NN", “VB" g is
“compoundedinto onelabel“NN-VB”, whichre-
sultsin a differentlabelthan,say “NN” or “NN-
JJ".SupposehereexistN distinctPOS-setin the



trainingdata;thenwe have N atomicunitsfor la-

beling. Thusa(N -ary) multi-classclassi eris em-
ployedto directly predictthe POS-sebf aword. If

only binaryclassi ersareavailable(i.e.in thecase
of SupportvVectorMachines)pnecanuseone-vs-
rest,pairwise,or errorcorrectingcodeschemeso

implementthe multi-classclassi cation.

The single-labelframenork is potentially ill-
suited for capturing the dependenciedpetween
POStags. DependenciebetweenPOStagsarise
sincesometags,suchas“NN" and“NNP” canof-
tenbetaggedto the sameword andthereforeco-
occurin the POS-setabel. The compound-label
framework implicitly capturegag co-occurrence,
but potentiallysuffersfrom trainingdatafragmen-
tationaswell astheinability to hypothesizd?OS-
setsthat do not alreadyexist in the training data.
In our initial experiments,the compound-label
framawvork gave betterclassi cation results;thus
we implementedll of ouralgorithmsin themulti-
class frameavork (using the one-vs-restscheme
andchoosingheamgmaxasthe nal decision).

3.2 Transductive Clustering

How doesatransductie algorithmeffectively uti-
lize unlabeledsamplesin the learning process?
Onepopularapproacthis the applicationof the so-
calledclusterassumptionwhich intuitively states
thatsamplesloseto eachother(i.e. sampleghat
form a cluster)shouldhave similar labels.
Transductie clustering(TC) is a simple algo-
rithm thatdirectly implementgheclusterassump-
tion. Thealgorithmclusterdabeledandunlabeled
samplesjointly, then usesthe labels of labeled
sampledo infer the labelsof unlabeledwordsin
the samecluster This ideais relatively straight-
forward, yet what is neededis a principled way
of decidingthe correctnumberof clustersandthe
preciseway of label transduction(e.g. basedon
majority vote vs. probability thresholds). Typ-
ically, such parametersare decidedheuristically
(e.g.(DuhandKirchhoff, 2005a))or by tuningon
a labeleddevelopmentset; for resource-pootan-
guageshowever, no suchsetmaybeavailable.
As suggestedby (El-Yanv and Gerzon,2005),
the TC algorithm can utilize a theoreticalerror
boundasa principledway of determiningthe pa-
rameters.Let R, (X m) bethe empiricalrisk of a
givenhypothesigi.e.classi er) onthetrainingset;
let Rn(X ) bethetestrisk. (Derbelo etal., 2004)
derive anerrorboundwhich stateghat,with prob-

ability 1 , therisk onthetestsampless bounded
by:

Rh(%(u) IQh(Xm)

Pomwoun NEghS @

i.e.thetestrisk is boundedy theempiricalrisk on
the labeleddata,Ri, (X m), plusatermthatvaries
with the prior p(h) of the hypothesisr classi er.
Thisis aPAC-Bayesiabound(McAllester 1999).
The prior p(h) indicatesonesprior belief on the
hypothesish over the setof all possiblehypothe-
ses.If theprioris low or theempiricalriskis high,
thentheboundis large,implying thattestrisk may
be large. A goodhypothesig(i.e. classi er) will
ideally have a smallvaluefor thebound,thuspre-
dicting asmallexpectedestrisk.

The PAC-Bayesiarboundis importantbecause
it provides a theoreticalguaranteeon the quality
of a hypothesis.Moreover, the boundin Eq. 2 is
particularlyusefulbecausét is easilycomputable
on ary hypothesish, assumingthat oneis given
thevalueof p(h). Giventwo hypothesizedabel-
ings of the testset, h; andh,, the onewith the
lower PAC-Bayesiarboundwill achieve a lower
expectedtestrisk. Therefore,one can use the
bound as a principled way of choosingthe pa-
rametersn the Transductie Clusteringalgorithm:
First,alargenumberof differentclusteringss cre-
ated;thenthe onethat achievesthe lowest PAC-
Bayesianboundis chosen. The pseudo-codés
givenin Figure2.

(El-Yanv and Gerzon, 2005) has appliedthe
Transductie Clusteringalgorithmsuccessfullyto
binary classi cation problemsand demonstrated
improvements over the current state-of-the-art
SpectralGraphTransducer¢Section3.4). We use
thealgorithmasdescribedn (Duh andKirchhoff,
2005b),which adaptsthe algorithmto structured
output problems. In particular the modi cation
involves a different estimateof the priors p(h),
whichwasassumedo beuniformin (El-Yanv and
Gerzon,2005). Sincetherearemary possibleh,
adoptinga uniform prior will leadto smallvalues
of p(h) andthusalooseboundfor all h. Proba-
bility massshouldonly be spenton POS-setshat
arepossibleandassuch,we calculatep(h) based
onfrequencie®f compound-labelg thetraining
data(i.e. anempiricalprior).

3.3 Transductive SVM

Transductie SVM (TSVM) (Joachims,1999)is
analgorithmthatimplicitly implementghecluster



For =2:C

Calculatetheboundfor h asde nedin Eq. 2.

ga B~ WNPE

(C is setarbitrarily to alargenumber)
Apply aclusteringalgorithmto generate clustersonX m+ .
Generatdabelhypothesih (by labelingeachclusterwith the mostfrequentabelamongits labeledsamples)

Choosehehypothesid with thelowestbound;outputthe correspondinglassi cationof X .

Figure2: Pseudo-cod#or transductie clustering.

assumption.In standardnductve SVM (ISVM),
thelearningalgorithmseekd¢o maximizethemar
gin subjectto misclassi cationconstraintson the
training samples.In TSVM, this optimizationis
generalizedto include additional constraintson
the unlabeledsamples. The resulting optimiza-
tion algorithm seeksto maximizethe maigin on
both labeledandunlabeledsamplesandcreatesa
hyperplanethat avoids high-densityregions (e.g.
clusters).

3.4 Spectral Graph Transducer

Spectral Graph Transducer (SGT) (Joachims,
2003) achieves transductionvia an extensionof
the normalizedmincut clusteringcriterion. First,
a datagraphis constructedvherethe verticesare
labeledor unlabeledsamplesandtheedgeweights
represensimilaritiesbetweensamples.The min-
cut criteria seeksto partition the graphsuchthat
the sumof cut edgesis minimized. SGT extends
this ideato transductre learningby incorporating
constraintghatrequiresamplesof the samelabel
to bein the samecluster Theresultingpartitions
decidethelabelof unlabeledsamples.

4 Data

4.1 Corpus

The dialect addressedn this work is Levantine
ColloguialArabic (LCA), primarily spolenin Jor
dan, Lebanon,Palestine,and Syria. Our devel-
opment/tesdatacomesfrom the Levantine Ara-
bic CTS Treebankprovided by LDC. The train-
ing datacomesfrom the Levantine CTS Audio
Transcripts. Both are from the Fishercollection
of corversationaltelephonespeechbetweenLev-
antinespeakrspreviously unknavn to eachother
The LCA datawastranscribedn standardISA
scriptandtransliteratednto ASCII charactersis-
ing theBuckwaltertransliteratiorschemé. No di-
acriticsareusedin eitherthetraining or develop-
ment/tesdata.Speecteffectssuchasdis uencies
andnoisesvereremovedprior to ourexperiments.

hitp:/ivwwidc.upenn.edu/myl/morphibkwalterhtml

The training set consistsof 476k tokens and
16.6ktypes. It is not annotatedvith POStags—
this is the raw text we useto train the unsuper
vised HMM tagger The testsetconsistsof 15k
tokensand2.4k types,andis manuallyannotated
with POStags. The developmentsetis alsoPOS-
annotatedandcontainsl6ktokensand2.4ktypes.
We usedthe reducedtagsetknown as the Bies
tagset(Maamouriet al., 2004),which focuseson
major part-of-speectand excludesdetailedmor
phologicalinformation.

Using the compound-labelframevork, we
obsere 220 and 67 distinct compound-labels
(i.e. POS-setsin thetrainingandtestsets respec-
tively. As mentionedin Section3.1, a classi er
in the compound-labeframavork can never hy-
pothesizd?OS-setshatdonotexist in thetraining
data:43% of thetestvocahulary (and8.5%by to-
kenfrequeng) fall underthis cateyory.

4.2 Morphological Analyzer

We emplogy the LDC-distributed Buckwalter ana-
lyzerfor morphologicabnalyse®f Arabic words.

For a given word, the analyzeroutputsall possi-
ble morphologicahnalysesincludingstems POS
tags,anddiacritizations.The informationregard-

ing possiblePOStagsfor a givenword is crucial

for constrainingheunsupervisetearningprocess
in HMM taggers.

TheBuckwalteranalyzelis basednaninternal
stemlexicon combinedwith rulesfor af xation. It
wasoriginally developedfor the MSA, soonly a
certainpercentagef Levantinewordscanbe cor
rectly analyzed. Table 1 shaws the percentages
of wordsin the LCA trainingtext thatreceved N
possiblePOStagsfrom the Buckwalter analyzer
Roughly23%of typesand28%of tokensreceved
notags(N=0) andareconsideredin-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
trainingtext. Theresultis a partial POSlexicon,



Buckwalter
Analyzer (1)

wordl NN VB
word2 JJ NN
word3 JJ
word4 ?
word5 ?

Partial POS Lexicon

Transductive
Learning (2)

wordl NNvB| EM
word2 JJNN | Training (3)
word3 JJ
word4 NN VB
word5 JJ

Full POS Lexicon HMM Tagger

Figure 3: Overall System: (1) Apply Buckwalter Analyzerto dialectal Arabic raw text, obtaininga
partialPOSlexicon. (2) UseTransductie Learningto infer missingPOS-sets(3) Unsupervisedraining
of HMM Taggerusingbothraw text andinferredlexicon.

| N | Type | Token |

0| 233|282
1525|404
2 | 17.7 | 19.9
3|52 |105
4 110 |23
5101 |06

Tablel: Percentagef word types/tolenswith N
possibleags,asdeterminedy theBuckwalteran-
alyzer Wordswith 0 tagsareun-analyzable.

which lists the setof possiblePOStagsfor those
wordsfor which the analyzermprovided someout-
put. All possibilitiessuggestethy theanalyzetare
included.

The focusof Step?2 is to infer the POS-setof
theremaining unannotate@vordsusingoneof the
automaticlearning proceduresdescribedin Sec-
tion 3. Finally, Step3 involvestrainingan HMM
taggerusingthelearnedexicon. Thisis the stan-
dardunsupervisedearningcomponenbdf the sys-
tem. We usea trigram HMM, althoughmodi ca-
tions suchasthe additionof af x esandvariables
modelingspeecleffectsmayimprove taggingac-
curag. Our concernhereis the evaluationof the
lexicon learningcomponentn Step2.

An importantproblemin this systemsetupis
the possibility of errorpropagationln Stepl, the
MSA analyzemaygiveincorrectPOS-setfo ana-
lyzablewords. It maynotpositthecorrecttag(low
recall), or it may give too mary tags(low preci-
sion). Bothhave anegative effectonlexiconlearn-
ing and EM training. For lexicon learning, Step
1 errorsrepresentcorrupttraining data; For EM
training, Stepl errormay causehe HMM tagger
to never hypothesizehecorrecttag (low recall)or
have too much confusibility during training (low

precision).We attemptedo measurahe extent of
thiserrorby calculatingthetagprecision/recalbn
wordsthat occurin the testset: Among the 12k
words analyzedby the analyzer 1483 words oc-
cur in the testdata. We usedthe annotationdn
the testdataand collectedall the “oracle” POS-
setsfor eachof these1483 words? The aver
ageprecisionof the analyzergeneratedOS-sets
againstthe oracleis 56.46%. The averagerecall
is 81.25%.Notethatprecisionis low—thisimplies
thatthepartiallexiconis notveryconstrainedThe
recall of 81.25%meanghat 18.75%o0f thewords
may never receve the correcttagin tagging. In
the experiments,we will investigateto what ex-
tentthis kind of erroraffectslexicon learningand
EM training.

6 Experiments

6.1 Lexiconlearning experiments

We seekto answerthe following threequestions
in our experiments:

How usefulis the lexicon learningstepin an
end-to-end®?OStaggingsystem?Do thema-
chine learning algorithmsproducelexicons
thatresultin highertaggingaccuraciesyhen
comparedto a baselinelexicon that simply
hypothesizesll POStagsfor un-analyzable
words?Theanswelis ade nitive yes

What machinelearning algorithmsperform
the beston this task? Do transductre learn-
ing outperforminductive learning? The em-
pirical answeris that TSVM performsbest,
SGT performsworst,and TC andISVM are
in themiddle.

2Sincethetestsetis small, these“oracle” POS-setsnay

bemissingsometags. Thusthetrue precisionmaybe higher
(andrecallmaybelower) thanmeasured.



Orthographic features:

w; matched "pre/ ,pre =fsetof data-dewedpre xeg
w; matchedsuf$/ ,suf =fsetof data-deredsufx egy
Contextual features:

w; 1 =voc,voc =fsetof wordsin lexicong

ti 1 =tag ,tag =fsetof POStagg

ti+1 =tag ,tag =fsetof POStagy

w; 1 isanun-analyzablevord

Wi+1 iSanun-analyzablevord

Table2: Binary featuresusedfor predictingPOS-
setsof un-analyzablevords.

Whatis therelative impactof errorsfrom the
MSA analyzeron lexicon learningand EM

training? The answeiis that Stepl errorsaf-

fect EM training more,andlexicon learning
is comparablyrobustto theseerrors.

In our problem,we have 12k labeledsamples
and3970unlabeledsamplesWede ne thefeature
of eachsampleaslistedin Table2. The contetual
featuresare generatedy co-occurrencestatistics
gleanedfrom the training data. For instance for
aword foo , we collectall bigramsconsistingof
foo from theraw text; all featureqw; ; =voc]
thatcorrespondo the bigrams(voc , foo ) areset
to 1. Theideais thatwordswith similar ortho-
graphicand/orcontextual featuresshouldreceve
similar POS-sets.

All results,unlessotherwisenoted,aretagging
accuraciegnthetestsetgivenby trainingaHMM
taggeron a speci ¢ lexicon. Table3 givestagging
accuracie®of the four machinelearningmethods
(TSVM, TC, ISVM, SGT) aswell astwo base-
line approachefor generatingalexicon: (all tags)
gives all 20 possibletags to the un-analyzable
words, whereas(openclass)gives only the sub-
setof open-clas®OStags® Theresultsaregiven
in descendingrderof overall taggingaccurag.*
With the exceptionof TSVM (63.54%)vs. TC
(62.89%), all differencesare statistically signi -
cant. As seenin the table, applying a machine
learningstepfor lexicon learningis a worthwhile
effort sinceit alwaysleadsto bettertaggingaccu-
raciesthanthe baselinemethods.

3Not all un-analyzablevordsareopen-classClose-class
wordsmay be un-analyzablelueto dialectalspellingvaria-
tions.

“Note that the unknavn word accuraciesio not follow
the sametrend and are generallyquite low. This might be
dueto the factthat POStagsof unknavn wordsare usually
bestpredictedby the HMM' s transitionprobabilities,which
may not beasrobustdueto the noisylexicon.

| Method | Accuray | 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: TaggingAccuraciedfor lexiconsderived
by machinelearning (TSVM, TC, ISVM, SGT)
and baselinemethods. Accurag=Ovwerall accu-
rag/; UnkAcc=Accurag of unknavn words.

Thepoorperformancef SGTis somavhatsur
prising sinceit is contraryto resultspresentedn
otherpapersWe attributedthisto thedif culty in
constructinghedatagraph.For instanceye con-
structedk-nearest-neighbographsbasedon the
cosinedistancebetweenfeaturevectors,but it is
dif cult to decidethebestdistancemetricor num-
berof neighbors Finally, we notethatbesideghe
performanceof SGT, transductie 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-setgkPOSsék). As seenin Table4, POS-
setsizesof machine-learnetkxicon is a factorof
2 or 3 smallerthanthat of the baselinelexicons.
Ontheotherhand,recallis betterfor the baseline
lexicons. Theseobserations,combinedwith the
factthatmachine-learnelbxiconsgave bettertag-
gingaccuray, suggestshatwe have aconstained
lexiconeffecthere:i.e.for EM training,it is better
to constrainthe lexicon with small POS-setshan
to achieve highrecall.

| Method | Precision| Recall | kPOSs |
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 the Lexiconsin Table3.

Next, we examinedthe effects of error propa-
gationfrom the MSA analyzerin Stepl. We at-
temptedto correcttheseerrorsby usingPOS-sets
of words derved from the developmentdata. In



particular of the 1562 partial lexicon words that
alsooccurin thedevelopmentset,we found 1044
wordswithout entirely matchingPOS-setsThese
POS-setarereplacedvith theoraclePOS-setsle-
rivedfrom the developmentdata,andtheresultis
treatedasthe (correctedpartiallexicon of Stepl.
In this procedurethe averagePOS-sesizeof the
partiallexicon decreaseffom 2.13to 1.10,recall
increasedrom 82.44%to 100%,andprecisionin-
creasedrom 57.15%to 64.31%. We apply lexi-
con learningto this correctedpartial lexicon and
evaluatetaggingresults,shavn in Table5. The
factthatall numbersin Table5 represensigni -
cantimprovementsover Table3 impliesthaterror
propagations notatrivial problem,andautomatic
errorcorrectionmethodsnay bedesired.

| Method | Accuray | 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: Tagaccuraciedy correctingmistalesin
the partial lexicon prior to lexicon learning. In-
terestingly we note ISVM outperformsTC here,
which differsfrom Table3.

Finally, we determinewhethererror propaga-
tionimpactdexiconlearning(Step2) or EM train-
ing (Step3) more. Table 6 shaws the resultsof
TSVM for four scenarioscorrectinganalyzerer-
rorsin thethelexicon: (A) prior to lexicon learn-
ing, (B) prior to EM training, (C) both, or (D)
none. As seenin Table 6, correctingthe lexicon
at Step3 (EM training) gives the mostimprove-
ments,indicatingthat analyzererrorsaffects EM
training morethanlexicon learning. This implies
that lexicon learningis relatively robust to train-
ing datacorruption,andthatonecanmainly focus
on improved estimationtechniquegor EM train-
ing (WangandSchuurmans2005)if thegoalis to
alleviate the impactof analyzererrors. The same
evaluationon the othermachindearningmethods
(TC,ISVM, SGT)shaw similarresults.

6.2 Comparisonexperiments: Expert lexicon
and supelrvisedlearning

Our approachto building a resource-pooiPOS
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: Effectof correctingthe lexicon in differ-
entsteps.Y=yes,lexicon corrected;N=no, POS-
setremainghe sameasanalyzers output.

supervisedraining. In this sectionwe examine
casesvhere(a) anexpertlexicon is available, so

thatlexicon learningis not required,and (b) sen-
tencesareannotatedavith POSinformation,sothat

supervisedraining is possible. The goal of these
experimentsis to determinewhenalternatve ap-

proachesnvolving additionalhumanannotations
becomeworthwhilein this task.

(a) Expert lexicon: First, we build an expert
lexicon by collectingall tagsperword in the de-
velopmentset(i.e. “oracle” POS-sets).Then,the
taggelistrainedusingEM by treatingthedevelop-
mentsetasraw text (i.e. ignoringthe POSanno-
tations). This achi&zesan accurag of 74.45%on
thetestset. Notethatthis accurag is signi cantly
higherthanthe onesin Table 3, which represent
unsupervisedrainingon moreraw text (thetrain-
ing set),but with non-epertlexiconsderivedfrom
the MSA analyzeranda machindearner Thisre-
sultfurtherdemonstratetheimportanceof obtain-
ing anaccuratéexiconin unsupervisettaining. If
onewereto build this expertlexicon by hand,one
would needan annotatorto labelthe POS-set®of
2450distinctlexiconitems.

(b) Supetrvised training: We build a super
visedtaggetby trainingonthe POSannotation®f
thedevelopmentset,whichachieres82.93%accu-
rag/. Thisimprovedaccurag comesatthe costof
annotating?.2k sentence§l 6k tokens)with com-
pletePOSinformation.

Finally, we presentthe sameresultswith re-
duceddata, taking rst 50, 100, 200, etc. sen-
tencesn the developmentsetfor lexicon or POS
annotation.The learningcurve is shovn in Table
7. Onemay be temptedto drav conclusionsre-
gardingsupervisedvs. unsupervisedpproaches
by directly comparingthis table with the results
in Section6.1; we avoid doing sosincetaggersn
Sections6.1 and 6.2 aretrainedon differentdata
sets(training vs. developmentset)andthe accu-
ragy differencesare compoundedy issuessuch



Supervised Unsupervisedgxpert

#Sentence Acc #Vocab| Acc

50 47.821 123 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) Supervisedraining accuracieswith
varying numbersof sentences(2) Accuraciesof
unsupervisedraining using a expert lexicon of
differentvocahulary sizes.

asngramcoveragedata-seselectionandtheway
annotationsredone.

7 RelatedWork

Thereis an increasingamountof work in NLP
toolsfor Arabic. In supervisedPOStagging,(Diab
etal., 2004)achieveshigh accurag on MSA with
thedirectapplicationof SVM classi ers.(Habash
and Rambav, 2005)argue that the rich morphol-
ogy of Arabic necessitatethe use of a morpho-
logical analyzerin combinationwith POS tag-
ging. This canbe consideredsimilar in spirit to
thelearningof lexiconsfor unsupervisetagging.

The work done at a recent JHU Workshop
(Rambav andothers 2005)is veryrelevantin that
it investigatesa methodfor improving LCA tag-
ging thatis orthogonalto our approach.They do
notusetheraw LCA text aswe have done.Instead,
they traina MSA supervisedaggerandadaptit to
LCA by a combinationof methodssuchusinga
MSA-LCA translationlexicon and redistrituting
the probabibilitymassof MSA wordsto LCA.

8 Conclusion

In this study we investigatedseveral machine
learningalgorithmson the task of lexicon learn-
ing anddemonstrateits impacton dialectalAra-
bic tagging. We achieve a POStaggingaccurag
of 63.54%using a transductiely-learred lexicon
(TSVM), outperformingthe baseline(57.39%).
This resultbringsus one stepcloserto the accu-
raciesof unsupervisedraining with expert lexi-
con (74.45%)and supervisedraining (82.93%),
bothof whichrequiresigni cant annotatioreffort.
Futurework includesa more detailedanalysisof

transductie learningin this domainand possible
solutionsto alleviating error propagation.
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