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Abstract
We adoptalgorithmsfor documentopic analysisconsistingof segmentatiorandtopic identification,to Arabic. By doingso,we outline
therequirementdor Arabic languageesourceshatfacilitate building, training, andfine-tuningsystemshat performthesetasks. Our
sggmentatiorandtopic identificationalgorithmis basedon ProbabilisticLatentSemanticAnalysis. First resultsfor sggmentingArabic

textsarereported.

1. Intr oduction

Documentopic analysisis the taskof assigningoneor
more topicsto a document,characterizinghe sub-topics
discussedn the documentandidentifying boundariese-
tweensegmentsdiscussinghe differentsub-topics. Most
of the work in text retrieval hasbeenon identifying and
rankingthemostrelevantdocumentsalthoughthereis also
work on passageetrieval. Topic analysishasapplications
in enablingretrieval at a finer grain than at the document
level, but ata broaderevel thana passage.

Onestepin documentopic analysids topic-baseday-
mentation. This task hasbeenaddressedy several au-
thors. All methodscalculatethe similarity betweerthetext
beforeand after a hypotheticalsgmentboundaryand as-
sumea segmentboundaryif the similarity valueis small.
Hearst (Hearst, 1997) describesTextTiling. Sheusesa
sliding window and computessimilarities betweenadja-
centblocksbasedon their term frequeng 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 ProbabilisticLatent SemanticAnalysis (PLSA) model
(Hofmann,1999)for smoothinghetermfrequeng vectors
in away thatbettermodelssynonomousgerms.

Topic-basedsggmentationis different from finding
storyboundariesn theTDT program.There,segmentation
is not necessarilyopic basedput alsocan(andcommonly
does)utilize alargevarietyof cuephrasesvhichareusually
absenin topic-basedegmentation.

Figure 1 shavs an exampletopic analysisfor a part of
an article that appearedn the El Hayat newspaper(the
completearticle is too long to be printed as an exam-
ple). Our sggmentationalgorithmidentifiedtwo segments,
whicharerepresentedsnon-underlinecsunderlinedext.
Thefirst sgmentis aboutlsraelimilitary operationsn the
West Bank, the secondsegmentis aboutinternationalef-
forts to defusethetension.The next stepsin topic analysis
aretopic identificationand keyword or key phrasegener
ation. Possiblekeywordsaregivento theright of the text
(first segment:Israel,occpupy, Palestine;secondsegment:
withdraw, stop,international).

2. Training for Arabic DocumentTopic
Analysis

In this section,we outline the resourceghat are cur-
rentlyavailablefor performingArabicdocumentopicanal-
ysis,andtheresourcesve ideally would like to have.

2.1. Morphology

Algorithmsfor Englishdocumentopic analysisusually
dependon a morphologicalanalyzerthat associategach
full-form of a word with its baseform or stem. This sig-
nificantly decreasethe numberof distinctword formsin a
text by uniquelymappinga full form to somebaseform.

StemmingArabicis muchmoredifficult thanstemming
English. Reductionto roots canbe doneuniquelyin the
majority of casesut thiswouldyield avery coarsegrained
modelbecauseavordswith only remotelyconnectednean-
ings often sharethe sameroot. Reductionto stems(i.e.,
aroot anda pattern)is doneby the analyzerpresentedn
(Beeslg, 1996), but the output at this level is very am-
biguousbecausef the omissionof vowelsin writing and
the existenceof diacriticsandclitics. Someresearcherge-
sortedto the useof charactemn-gramsinsteadof wordsfor
statisticalArabic models(Sawaf et al., 2001). Systemdor
uniquelyidentifying clitics andstemsfor Arabic arehighly
desirableasa preprocessingtepfor documentopic analy-
sis.

Preferableesource Corpusof modernstandardirabic,
labeldwith uniquelyidentifiedstemsrootandpattern)and
clitics.

2.2. Segmentation

Currentsggmentationalgorithmsare trained unsuper
vised,i.e., notrainingdatawith explicitly labelledsegment
boundariess provided. But evaluationrequiressuchdata.
In the absencef documentdabelledwith segmentbound-
aries,developersof sggmentationalgorithmsuseconcate-
nateddocumentsandtry to identify the documentound-
aries(Choi, 2000;Hearst,1997;Li andYamanishi2000a).
However, this is sub-optimalsince segment boundaries
within a documentare expectedto represensmallertopic
shiftsthanboundariedetween documentsWe expectthat
the accurag of a systemevaluatedon real documentsgg-
mentsis lower thanon artificially concatenatedocuments.

Preferableesource Corpusof modernstandardirabic,
labeledwith sgmentboundariesvithin documents.



356ad go Gl Qi e lall e 5 Se e s Otia e (B il ) Sl O el Audliall il
Aplanddll (2l (pe Ll 8 coms e (gL i) AesSa Jaad ) U (U g ) e il b sl
LAY delan jlie G Guinhanddl oflagll) Gy LA 5! Gloal) duida il SalAl Cuag) SHEBSS o gle A
oo T Gy Cpin asion e page aald ALyl il g ) i s s o i S cpia asia 35l
O35 Jual 5 Lodny 57 Ainall Gl pall S5 lia giasall 5 dalosall 5l sall i g AV (o (A8 (g0 053
a5 (g Lad e 2ay ad cBanaa (3lalia cilial 5 Leililee (DAY <) 5 LSl clandl) Y 4SS 5el) <l seall agaas
Glaas 4 jlail Alee S THA pud U pl lse Jgle 1S (Sope¥) A JAl 55 Jpmmy J i sall B
238 Jie o Jsll Aum 8 (S jaa) Gt Sl ae ey sl pud (om g (8 L a5 L (g o illy (padl 2l
ol 5 O saidansdil) (58 gy (f 5 Q) pmd ot () ¢l LY e el iy (0 85w e ol (B ey ieal)
Libadon A (g5 8aniall SV 5l e Jsb pn el Telaial (adl 200 g lisT ) ol 5 aial)
el oo i g5y W1 a3V A A A Al (im s ) ASLYL cdasiall aad aladl (ae¥l 5 Ly s
O3l (o g 8 omnny Sl pad a5 ¢Cppislandldll 5 ) gl ) geall (5 Siie da o dlaiid e aady ol
) (idanddl) ol 4R S e Sl dibay b je Leag T8 Sl je puly Canddl Gt pl ey Arlanldl
A obsaelue dal Go B M AN ) glall La SHoalidl Yl e dula Y1 i) Bl Ay )68 3 gen JN
22 shana o ol G (o Caglil ) S TP 50 il B Jlu ) e Uaiad J b gl ) el
O ol (b o genll Qe ol Gl (8 ud s (g8 ilay ) o)) 58l ity el 7 () plall Lebdy Adlaial
13 b adiie U gt Joa gl 2 Ladie Ul Callg g o datiaal e JS (o 48,1 8 Bac Lol Baxtioe 40 Sa
LS 5 pe cliay Slaatiad e WYyl led Tyal 5 4o o DUaca U duadic DlKa g5 2 Jiny 590

b Lal Lgaa Jaall 53 58 5 4 jall ddcall 3 daadll ) ol sale) 8 Aidanddl] Adaludl acbuaal ¢ pan g 5 oY)

O gl LSy Al 3 g Al g pna Aol Ay Aal) 3 Lghae Ll () ganine Wil LS A Wil JiK Bale
O gl ) 7} Aiaial) (3 ) SN pe s Apidadd A g (8 (haW1 g aSld) Glanal T oall a5 Cplil )
paihy 8 el (f a6l g 00p U AL Lad cAilandill Cpaal (h Glls a1 (b 51 2 p0 Gl o T 58
Apolal (5 gl ddad A0 pul) Jlall 5 ) 35 ciled TS a1 clslaill Jalad sl 56l olea a5 s <laly

il ™
caliald g

Dod — sad U8 Aaldityl oYl e iy (Al Ao ) A pal,

Figurel: Exampletopic analysisfor adocumentrom the El Hayatnewpaper Apr. 11,2002.0ur segmentatioralgorithm
TopSeay-Cidentifiedtwo parts. Thefirst sgment(non-underlined)s aboutlsraelimilitary operationsn the Westbank,the
secondsegmentis aboutinternationakfforts to defusethetension.Keywordsto identify thetopic of thedifferentsegments

aregivento theright of thetext.

2.3. Topic Identification

For English, collectionslabelled with large numbers
of topicsare available, e.g.,in the Reuters-2157&orpus,
eachdocumenis labelledwith oneor moreof 90 different
topics. Sucha corpusis currently unavailablefor Arabic.
ELRA recentlymadeavailable a collection of documents
thatare organizedin seven domains. TREC-2001madea
steptowardsmoredetailedtopics giving 25 topic descrip-
tions but only a small numberof documentgthoseneces-
saryfor TREC-2001)weremanuallylabelled.Arabic topic
analysissystemswould benefitfrom large collectionsan-
notatedwith more fine-grainedtopics. This would allow
topicidentificationandkeyword evaluationaspresentedn
(Li andYamanishi2000a).

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

3. Topic BasedSegmentation

3.1. TopSeg

TopSey, our text segmentationsystem,combinesthe
useof the ProbabilisticLatent SemanticAnalysis (PLSA)
model(Hofmann,1999)with the methodof selectingseg-

mentationpoints basedon the similarity valuesbetween
pairsof adjacentblocks. PLSA representshe joint prob-
ability of a documentd and a word w basedon a latent
classvariablez:

P(d,w) = P(d) ) P(w|z)P(z|d) )

A model is fitted to a training corpus D using the
Expectation-Maximizatiomalgorthm(EM) to maximizethe
log-likelihoodfunction £:

£=>">" f(d,w)logP(d,w). 2)

deDwed

After amodelis trained,the modelparameterd?(w|z)
obtainedin thetraining processare usedin the processof
folding-in the new (test)documentsnto the PLSA model
to calculateP(z|q) for new documentg;. In thefolding-in
processtheExpectation-Maximizatioalgorithmis usedn
asimilar mannetto thetraining processthe E-stepis iden-
tical, in theM-stepP(w|z) is constanfor all w and P(z|q)
is recalculatedht eachiteration.Usually, avery smallnum-
berof iterationsis sufficient for folding-in.

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



tenceboundariesFor English,two additionalsteps.down-

casingandstemming.are performed.Next thetext is bro-

kenin blocks of sentencesCandidatepointsof sgmenta-
tion areidentifiedandcorrespondo the locationsbetween
thetext blocks. In our case blocksareoverlapping(asin a

sliding window) andconsistof & (e.g.,h = 5) consecutie

sentences.

Folding-in is then performedon eachblock b to com-
putethedistributionamongthesetof latentclassesP(z|b),
wherez is alatentvariable,andb is ablock. The estimated
distribution of wordsfor eachblockb, P(w|b), is thencom-
putedas

P(w|b) =) P(w|2)P(2|b) 3)

for all wordsw, where P(w|z) is taken from the PLSA
clusteringof the training documents. The distribution of
wordsin adjacenblocksb; andb, is comparedisingasim-
ilarity metric basedon the Hellinger distance(Basuet al.,
1997),alsoknown asthe Bhattacharyyalistance(Kailath,
1967):

simpel (b1,0,) = > V/P(w[b)P(wlb,).  (4)

Dips arelocal minimain the similarity of adjacentlocks.
We expect larger dips to correspondo strongerchanges
in topic. In our evaluationtask, the numberof segments
is known is in advance,andwe selectthe locationsof the
largestdips assegementatiorpoints.

3.2. TopSegUsing Combined Models

Training a PLSA modelusing EM startingwith a ran-
dom initialization yields a locally optimal model that is
reachedrom the givenstartposition. In general different
initializationsyield differentlocally optimalmodelswhich
in turn might yield significantly differentsegmentatiorer-
ror rates.

Onepossibility to reducethe effect of differentinitial-
izationsis to generateseveral PLSA models,eachwith a
differentinitializations. Thensimilarity valuesbetweerad-
jacentblocksarecomputedaccordingo thedifferentmod-
els,andtheresultingsimilarity valuesareaveragedyield-
ing anaveraged similarity curve.

The algorithmfor combinedmodels,TopSea-C, gener
atesk differentPLSA modelsfrom the sametraining set,
startingwith differentinitializations. Eachof the £ models
is usedfor folding-in the blocksof thetestdocumentsand
similaritiesbetweerthe blocksarecalculatedaccordingto
the ¥ models. Now, the k& similarity valuesfor eachpair
of adjacentblocks are combinedby calculatingthe aver-
agesimilarity value,yielding the averagesimilarity curve.
Local minima(dips)aredeterminedn thisresultingcurve,
andthe largestdips are identified as the sggmentbound-
aries.

Similarly, we canusePLSA modelswith differentnum-
bers of latent classesto generatean averagedsimilarity
curve. This wassuggestedy (Hofmann,1999). However,
we foundthataveragingover differentinitializations (with
thesamenumberof latentclassesyields slightly betterre-
sults.

Tablel: 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
#termsf > 1 11,042 38,358
#n-grams - 222,986
#n-gramsf > 1 - 133,362

4. Topic-BasedSegmentationExperiments

We performedfirst segmentatiortestsfor Arabic using
TextTiling and our PLSA-basednodel, TopSey. Experi-
mentsandresultsarereportedin this section.The TextTil-
ing experimentssene asa baselinefor our new segmenta-
tion modelthatwe arecurrentlydevelopingfor Arabic.

4.1. Data

Most of the resourcesoutlined in section2. are not
available yet. We thereforeresortto basicpreprocessing
andevaluationmethodsfor performingthe task of Arabic
topic-basedeggmentation.

We prepareArabic documentsn a similar manneras
Li & YamanishiLi andYamanishi2000a)preparediocu-
mentsfrom the Reuters-21578orpus.500testdocuments
aregeneratedy randomlychoosingtwo documentgrom
the AFP Arabic Newswire Corpus(year1994)andconcate-
natingtheminto one. Thetaskis to detectthe document
boundary The systemuses6,482documentdor training
(training and test setare disjoint). Information aboutthe
Reuters-21578etandthe Arabic setthatwe preparedare
providedin table1. The sizesof the datasetsareroughly
comparableput with the Arabic documentdongeron av-
erage.Thedifferencein the numberof termsis evenlarger
sincewe appliedstemmingo the Englishdata.

Optimalvaluesfor theblock sizeh for eachmodeland
the numberof clustersZ for TopSey and TopSey-C were
determinedn preliminary experiments.For the following
experimentswe seth = 6 for TextTiling, andh = 5, Z =
256 for TopSey andTopSey-C.

4.2. Results

We use the probabilistic error measuresuggestedy
Beefermaretal. (1999)to reportthe resultsof our experi-
ments. It is the probability p£~. thattwo words at distance
k., wordsareincorrectlyidentifiedto belongto thesame/to
differentsegments. For comparisonwe presentsegmen-

tation resultson Englishdatausing TextTiling and STMs,

The AFP Arabic Newswire Corpusis available from the
Linguistic Data Consortium. The documentidentifiers of our
concatenatiomf the training andtestdocumentsare available at
http://ww. parc.comistl/groups/gcal arabi c-
dat a/



Table2: Segmentatiorsentencerrorrate. Resultsmarked
with * aretaken from (Li and Yamanishi,2000a;Li and
Yamanishi2000Db).

Corpus | Algorithm | Terms pkw | pks,
* Reuters-ZlS?iTextTiling stems -1 85 %
* Reuters-21578 STM stems -192%

AFP Arabic | TextTiling | fullform | 8.09%| 9.40%

AFP Arabic | TextTiling | n-grams| 5.83%| 7.49%

AFP Arabic | TopSe fullform | 3.10%| 3.88%

AFP Arabic | TopSe n-grams| 3.05%| 3.94%

AFP Arabic | TopSe-C | fullform | 2.26% | 2.91%

AFP Arabic | TopSe-C | n-grams| 2.30% | 2.94%

whichweregivenin (Li andYamanishi2000a;Li andYa-
manishi,2000b). They useda slightly differentmeasure,
i.e., the probability p*s, thattwo sentences at distancek;
sentenceareincorrectlyidentifiedto belongto the same/to
differentsegments.We thereforegive both measurespt®.
andp®s., for our results. k,, andk; aresetto be half the
averagelength (in wordsandsentencesiespectiely) of a
sggment.

Table2 presentsheresultson EnglishandArabicdocu-
ments.We comparethreedifferentalgorithms: TextTiling,
our new algorithm using PLSA (TopSe), andits variant
usingseveralPLSA modelsthatarecombined TopSey-C).
Eachof thethreealgorithmsis run usingfull formsandus-
ing n-grams. For TextTiling, n-gramsyield significantly
betterresultsthanfull forms(5.83%vs. 8.09%word based
segmentatiorerrorrate). TopSe yieldsalmostidenticalre-
sultsfor n-gramsandfull forms. This maybeexplainedby
thepropertyof PLSAto clustersemanticallysimilarwords,
whichis absenin the TextTiling algorithm.Resultsfor us-
ing stemdn Arabicareunknavnyet, sinceno Arabic stem-
merproducinguniguestemswvasavailableto us. In orderto
avoid variationthatis dueto differentinitializationsof the
PLSA models,we repeatedeachexperimentusing single
modelsfour timesandreportaveragedesults.

Combinedmodels(using four differentinitializations)
performsignificantlybetterthansinglePLSA models.The
word basecderrorratesare2.26%vs. 3.10%for full forms,
and2.30%yvs. 3.05%for n-grams.Eachexperimentusing
four differentrandominitializationsis repeatedour times,
averagedesultsarereported.

Overall, TopSe and TopSe-C perform much better
thanTextTiling. The bestresultof 2.26%is a 61%reduc-
tion in errorratecomparedo TextTiling usingn-grams.

Error ratesfor TopSe using full forms and TopSey
usingn-gramsare almostidentical. However, processing
fullforms is muchfasterbecausehe vocahulary generated
from the training set only contains38,358 different full
forms, while it contains133,362different n-gramswith
f > 1. Computationtimeson a 1.7 GHz Pentium-Ill 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 500 documentgakesapprox.13 minutes.
For n-grams,training takes approx.9 minutes,segmenta-

tion approx.52 minutes.

5. Conclusion

Ideally, Arabic documentopic analysisvould be based
on a uniquely identified stemfor eachword, on a train-
ing collectionwith long documentsvith manuallyassigned
segmentboundariespn manuallyassignedopiclabels,and
on manuallyassigne&keywordsword thedocumentndits
segment. Until suchresorcesare available, we useunla-
beleddocumentsndeitherfull-forms or characten-grams
instead. We applied our sggmentationsystemTopSey to
Arabicnewswiretexts, yieldinga61%errorreductioncom-
paredto TextTiling, a state-of-the-arapproacHor English.
Ourbestsystemusingacombinatiorof PLSAmodelswith
differentrandominitializations, achieved an error rate of
2.26%. The systemachieved approximatelythe sameer-
ror ratewhenusingfull formsandwhenusingn-gramsas
terms.
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