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Abstract
Weadoptalgorithmsfor documenttopicanalysis,consistingof segmentationandtopic identification,to Arabic. By doingso,weoutline
therequirementsfor Arabic languageresourcesthat facilitatebuilding, training,andfine-tuningsystemsthatperformthesetasks.Our
segmentationandtopic identificationalgorithmis basedon ProbabilisticLatentSemanticAnalysis.First resultsfor segmentingArabic
textsarereported.

1. Intr oduction

Documenttopic analysisis thetaskof assigningoneor
more topics to a document,characterizingthe sub-topics
discussedin thedocument,andidentifying boundariesbe-
tweensegmentsdiscussingthe differentsub-topics.Most
of the work in text retrieval hasbeenon identifying and
rankingthemostrelevantdocuments,althoughthereis also
work on passageretrieval. Topic analysishasapplications
in enablingretrieval at a finer grain thanat the document
level, but at a broaderlevel thanapassage.

Onestepin documenttopic analysisis topic-basedseg-
mentation. This task hasbeenaddressedby several au-
thors.All methodscalculatethesimilarity betweenthetext
beforeandafter a hypotheticalsegmentboundaryandas-
sumea segmentboundaryif the similarity valueis small.
Hearst (Hearst,1997) describesTextTiling. She usesa
sliding window and computessimilarities betweenadja-
centblocksbasedon their termfrequency vectors.Li and
Yamanishi(Li and Yamanishi,2000a;Li and Yamanishi,
2000b)presenta structuredFinite Mixture Model, which
they refer to as a stochastictopic model (STM). Choi et
al. (Choi, 2000;Choi et al., 2001)presenta modelbased
on Latent SemanticIndexing (LSI) and divisive cluster-
ing. We have developeda segmentationmethodthat uses
the ProbabilisticLatentSemanticAnalysis(PLSA) model
(Hofmann,1999)for smoothingthetermfrequency vectors
in a way thatbettermodelssynonomousterms.

Topic-basedsegmentation is different from finding
storyboundariesin theTDT program.There,segmentation
is not necessarilytopic based,but alsocan(andcommonly
does)utilize alargevarietyof cuephraseswhichareusually
absentin topic-basedsegmentation.

Figure1 shows anexampletopic analysisfor a part of
an article that appearedin the El Hayat newspaper(the
completearticle is too long to be printed as an exam-
ple). Our segmentationalgorithmidentifiedtwo segments,
whicharerepresentedasnon-underlinedasunderlinedtext.
Thefirst segmentis aboutIsraelimilitary operationsin the
WestBank, the secondsegmentis aboutinternationalef-
forts to defusethetension.Thenext stepsin topic analysis
are topic identificationandkeyword or key phrasegener-
ation. Possiblekeywordsaregiven to the right of the text
(first segment:Israel,occpupy, Palestine;secondsegment:
withdraw, stop,international).

2. Training for Arabic DocumentTopic
Analysis

In this section,we outline the resourcesthat are cur-
rentlyavailablefor performingArabicdocumenttopicanal-
ysis,andtheresourceswe ideally would like to have.

2.1. Mor phology
Algorithmsfor Englishdocumenttopicanalysisusually

dependon a morphologicalanalyzerthat associateseach
full-form of a word with its baseform or stem. This sig-
nificantly decreasesthenumberof distinctword formsin a
text by uniquelymappinga full form to somebaseform.

StemmingArabic is muchmoredifficult thanstemming
English. Reductionto rootscan be doneuniquely in the
majorityof casesbut thiswouldyield averycoarsegrained
modelbecausewordswith only remotelyconnectedmean-
ings often sharethe sameroot. Reductionto stems(i.e.,
a root anda pattern)is doneby the analyzerpresentedin
(Beesley, 1996), but the output at this level is very am-
biguousbecauseof the omissionof vowels in writing and
theexistenceof diacriticsandclitics. Someresearchersre-
sortedto theuseof character� -gramsinsteadof wordsfor
statisticalArabic models(Sawaf et al., 2001). Systemsfor
uniquelyidentifyingclitics andstemsfor Arabicarehighly
desirableasapreprocessingstepfor documenttopicanaly-
sis.

Preferableresource:Corpusof modernstandardArabic,
labeldwith uniquelyidentifiedstems(rootandpattern)and
clitics.

2.2. Segmentation
Currentsegmentationalgorithmsare trainedunsuper-

vised,i.e.,no trainingdatawith explicitly labelledsegment
boundariesis provided. But evaluationrequiressuchdata.
In theabsenceof documentslabelledwith segmentbound-
aries,developersof segmentationalgorithmsuseconcate-
nateddocumentsandtry to identify the documentbound-
aries(Choi,2000;Hearst,1997;Li andYamanishi,2000a).
However, this is sub-optimalsince segment boundaries
within a documentareexpectedto representsmallertopic
shiftsthanboundariesbetween documents.We expectthat
the accuracy of a systemevaluatedon real documentseg-
mentsis lower thanonartificially concatenateddocuments.

Preferableresource:Corpusof modernstandardArabic,
labeledwith segmentboundarieswithin documents.
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Figure1: Exampletopicanalysisfor a documentfrom theEl Hayatnewpaper, Apr. 11,2002.Oursegmentationalgorithm
TopSeg-Cidentifiedtwo parts.Thefirst segment(non-underlined)is aboutIsraelimilitary operationsin theWestbank,the
secondsegmentis aboutinternationaleffortsto defusethetension.Keywordsto identify thetopicof thedifferentsegments
aregivento theright of thetext.

2.3. Topic Identification

For English, collections labelled with large numbers
of topicsareavailable,e.g., in the Reuters-21578corpus,
eachdocumentis labelledwith oneor moreof 90 different
topics. Sucha corpusis currentlyunavailablefor Arabic.
ELRA recentlymadeavailablea collectionof documents
that areorganizedin seven domains.TREC-2001madea
steptowardsmoredetailedtopicsgiving 25 topic descrip-
tions but only a small numberof documents(thoseneces-
saryfor TREC-2001)weremanuallylabelled.Arabic topic
analysissystemswould benefitfrom large collectionsan-
notatedwith more fine-grainedtopics. This would allow
topic identificationandkeywordevaluationaspresentedin
(Li andYamanishi,2000a).

Preferableresource:Corpusof modernstandardAra-
bic manuallylabeledwith a fine-grainedsetof topic labels
andkeywordsfor eachdocumentasa whole,andfor each
segmentin eachdocument.

3. Topic BasedSegmentation
3.1. TopSeg

TopSeg, our text segmentationsystem,combinesthe
useof the ProbabilisticLatentSemanticAnalysis(PLSA)
model(Hofmann,1999)with themethodof selectingseg-

mentationpoints basedon the similarity valuesbetween
pairsof adjacentblocks. PLSA representsthe joint prob-
ability of a document� and a word � basedon a latent
classvariable� :��� �
	����� ��� ���
��� ��� ��� ��� ��� ��� ��� (1)

A model is fitted to a training corpus � using the
Expectation-Maximizationalgorthm(EM) to maximizethe
log-likelihoodfunction � :

���������� � �!�#" � �$	%��%&('*) ��� �$	%��,+ (2)

After a modelis trained,themodelparameters
��� ��� ���

obtainedin the training processareusedin the processof
folding-in the new (test)documentsinto the PLSA model
to calculate

��� ��� -�� for new documents- . In thefolding-in
process,theExpectation-Maximizationalgorithmis usedin
asimilarmannerto thetrainingprocess:theE-stepis iden-
tical, in theM-step

��� ��� ��� is constantfor all � and
��� ��� -��

is recalculatedateachiteration.Usually, averysmallnum-
berof iterationsis sufficient for folding-in.

To segmenta document,the documentis first prepro-
cessedby tokenizing the documentand identifying sen-



tenceboundaries.For English,two additionalsteps,down-
casingandstemming,areperformed.Next thetext is bro-
ken in blocks of sentences.Candidatepointsof segmenta-
tion areidentifiedandcorrespondto the locationsbetween
thetext blocks.In ourcase,blocksareoverlapping(asin a
sliding window) andconsistof . (e.g., ./�10 ) consecutive
sentences.

Folding-in is thenperformedon eachblock 2 to com-
putethedistributionamongthesetof latentclasses,

��� �#� 2,� ,
where� is a latentvariable,and 2 is ablock. Theestimated
distributionof wordsfor eachblock 2 , ��� ��� 2,� , is thencom-
putedas ��� ��� 2,���3��� ��� ��� ��� ��� ��� 2,� (3)

for all words � , where
��� �4� ��� is taken from the PLSA

clusteringof the training documents.The distribution of
wordsin adjacentblocks 265 and 287 is comparedusingasim-
ilarity metric basedon the Hellingerdistance(Basuet al.,
1997),alsoknown astheBhattacharyyadistance(Kailath,
1967):

9�:<;>=�?A@ � 2 5 	62 7 ��� �  
B ��� �4� 2 5 � ��� �4� 2 7 �8+ (4)

Dips arelocal minima in thesimilarity of adjacentblocks.
We expect larger dips to correspondto strongerchanges
in topic. In our evaluationtask, the numberof segments
is known is in advance,andwe selectthe locationsof the
largestdipsassegementationpoints.

3.2. TopSegUsing CombinedModels

Training a PLSA modelusingEM startingwith a ran-
dom initialization yields a locally optimal model that is
reachedfrom thegivenstartposition. In general,different
initializationsyield differentlocally optimalmodels,which
in turn might yield significantlydifferentsegmentationer-
ror rates.

Onepossibility to reducethe effect of differentinitial-
izationsis to generateseveral PLSA models,eachwith a
differentinitializations.Thensimilarity valuesbetweenad-
jacentblocksarecomputedaccordingto thedifferentmod-
els,andtheresultingsimilarity valuesareaveraged,yield-
ing anaveraged similarity curve.

Thealgorithmfor combinedmodels,TopSeg-C,gener-
ates C differentPLSA modelsfrom the sametraining set,
startingwith differentinitializations.Eachof the C models
is usedfor folding-in theblocksof thetestdocuments,and
similaritiesbetweentheblocksarecalculatedaccordingto
the C models. Now, the C similarity valuesfor eachpair
of adjacentblocks are combinedby calculatingthe aver-
agesimilarity value,yielding theaveragesimilarity curve.
Localminima(dips)aredeterminedin this resultingcurve,
and the largestdips are identified as the segmentbound-
aries.

Similarly, wecanusePLSAmodelswith differentnum-
bers of latent classesto generatean averagedsimilarity
curve. This wassuggestedby (Hofmann,1999).However,
we foundthataveragingover differentinitializations(with
thesamenumberof latentclasses)yieldsslightly betterre-
sults.

Table1: Thetwo corporausedin theexperiments.

Reuters-21578 Arabic
(trainingset) (trainingset)

Corpus
# documents 7,769 6,482
# tokens 1,156,828 1,156,156
# types 41,343 70,148
# topics 90 –
VectorSpaceModel
# terms 22,142 67,270
# terms "ED3F 11,042 38,358
# � -grams – 222,986
# � -grams"/DGF – 133,362

4. Topic-BasedSegmentationExperiments
We performedfirst segmentationtestsfor Arabic using

TextTiling andour PLSA-basedmodel, TopSeg. Experi-
mentsandresultsarereportedin this section.TheTextTil-
ing experimentsserve asa baselinefor our new segmenta-
tion modelthatwe arecurrentlydevelopingfor Arabic.

4.1. Data

Most of the resourcesoutlined in section2. are not
available yet. We thereforeresort to basicpreprocessing
andevaluationmethodsfor performingthe taskof Arabic
topic-basedsegmentation.

We prepareArabic documentsin a similar manneras
Li & Yamanishi(Li andYamanishi,2000a)prepareddocu-
mentsfrom theReuters-21578corpus.500testdocuments
aregeneratedby randomlychoosingtwo documentsfrom
theAFPArabicNewswireCorpus(year1994)andconcate-
natingtheminto one. The task is to detectthe document
boundary. Thesystemuses6,482documentsfor training1

(training and test setare disjoint). Information aboutthe
Reuters-21578setandtheArabic setthatwe preparedare
provided in table1. The sizesof thedatasetsareroughly
comparable,but with the Arabic documentslongeron av-
erage.Thedifferencein thenumberof termsis evenlarger
sinceweappliedstemmingto theEnglishdata.

Optimalvaluesfor theblock size . for eachmodeland
the numberof clustersH for TopSeg andTopSeg-C were
determinedin preliminaryexperiments.For the following
experiments,we set ./�GI for TextTiling, and .J�K0 , HG�L 0�I for TopSeg andTopSeg-C.

4.2. Results

We use the probabilistic error measuresuggestedby
Beefermanet al. (1999)to reporttheresultsof our experi-
ments.It is theprobability M#N  O 7P7 that two words at distanceC  wordsareincorrectlyidentifiedto belongto thesame/to
differentsegments. For comparison,we presentsegmen-
tation resultson EnglishdatausingTextTiling andSTMs,

1The AFP Arabic Newswire Corpus is available from the
Linguistic Data Consortium. The documentidentifiers of our
concatenationof the trainingandtestdocumentsareavailableat
http://www.parc.com/istl/groups/qca/arabic-
data/



Table2: Segmentationsentenceerrorrate.Resultsmarked
with * are taken from (Li and Yamanishi,2000a;Li and
Yamanishi,2000b).

Corpus Algorithm Terms M�N  O 7P7 M�N,QO 7P7
* Reuters-21578TextTiling stems - 8.5 %
* Reuters-21578STM stems - 9.2 %

AFP Arabic TextTiling fullform 8.09% 9.40%
AFP Arabic TextTiling � -grams 5.83% 7.49%
AFP Arabic TopSeg fullform 3.10% 3.88%
AFP Arabic TopSeg � -grams 3.05% 3.94%
AFP Arabic TopSeg-C fullform 2.26% 2.91%
AFP Arabic TopSeg-C � -grams 2.30% 2.94%

which weregivenin (Li andYamanishi,2000a;Li andYa-
manishi,2000b). They useda slightly differentmeasure,
i.e., the probability M N,QO 7P7 that two sentences at distanceC Q
sentencesareincorrectlyidentifiedto belongto thesame/to
differentsegments.We thereforegive bothmeasures,M#N  O 7P7
and M�N,QO 7�7 , for our results. C  and C Q aresetto be half the
averagelength(in wordsandsentences,respectively) of a
segment.

Table2 presentstheresultsonEnglishandArabicdocu-
ments.We comparethreedifferentalgorithms:TextTiling,
our new algorithm using PLSA (TopSeg), and its variant
usingseveralPLSAmodelsthatarecombined(TopSeg-C).
Eachof thethreealgorithmsis runusingfull formsandus-
ing � -grams. For TextTiling, � -gramsyield significantly
betterresultsthanfull forms(5.83%vs. 8.09%word based
segmentationerrorrate).TopSeg yieldsalmostidenticalre-
sultsfor � -gramsandfull forms.Thismaybeexplainedby
thepropertyof PLSAto clustersemanticallysimilarwords,
which is absentin theTextTiling algorithm.Resultsfor us-
ing stemsin Arabicareunknownyet,sincenoArabicstem-
merproducinguniquestemswasavailableto us.In orderto
avoid variationthat is dueto differentinitializationsof the
PLSA models,we repeatedeachexperimentusingsingle
modelsfour timesandreportaveragedresults.

Combinedmodels(using four different initializations)
performsignificantlybetterthansinglePLSA models.The
word basederrorratesare2.26%vs.3.10%for full forms,
and2.30%vs. 3.05%for � -grams.Eachexperimentusing
four differentrandominitializationsis repeatedfour times,
averagedresultsarereported.

Overall, TopSeg and TopSeg-C perform much better
thanTextTiling. Thebestresultof 2.26%is a 61%reduc-
tion in errorratecomparedto TextTiling using � -grams.

Error ratesfor TopSeg using full forms and TopSeg
using � -gramsarealmostidentical. However, processing
fullforms is muchfasterbecausethevocabulary generated
from the training set only contains38,358different full
forms, while it contains133,362different � -gramswith

"RDSF . Computationtimeson a 1.7 GHz Pentium-III run-
ning Linux are as follows. For full forms, training one
PLSA modelwith 256 classesand20 EM iterationstakes
approx. 2 minutes,performingsegmentationon the Ara-
bic testsetwith 500documentstakesapprox.13 minutes.
For � -grams,training takesapprox.9 minutes,segmenta-

tion approx.52minutes.

5. Conclusion
Ideally, Arabicdocumenttopicanalysiswouldbebased

on a uniquely identified stemfor eachword, on a train-
ing collectionwith longdocumentswith manuallyassigned
segmentboundaries,onmanuallyassignedtopiclabels,and
onmanuallyassignedkeywordsword thedocumentandits
segment. Until suchresorcesare available, we useunla-
beleddocumentsandeitherfull-forms or character� -grams
instead. We appliedour segmentationsystemTopSeg to
Arabicnewswiretexts,yieldinga61%errorreductioncom-
paredto TextTiling, astate-of-the-artapproachfor English.
Ourbestsystem,usingacombinationof PLSAmodelswith
different randominitializations, achieved an error rate of
2.26%. The systemachieved approximatelythe sameer-
ror ratewhenusingfull formsandwhenusing � -gramsas
terms.
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