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Abstract

Text summarizationaddressesboththeproblemof selectingthemostimportantportionsof text andtheproblem
of generatingcoherentsummaries.We presentin this paperthesummarizerof theUniversityof Lethbridgeat DUC
2001,which is basedonanefficientuseof lexical chains.

1 Introduction

Text summarizationaddressesboth theproblemof selectingthemostimportantportionsof text andthe problemof
generatingcoherentsummaries.We describein this paperthe summarizerof the University of Lethbridgeat the
DocumentUnderstandingConference(DUC) 2001. It is basedon an approachfor identifying the most important
portionsof the text which are topically mostsalient. This identificationalsotakesinto considerationthe degreeof
connectivenessamongthechosentext portionssoasto minimizethedangerof producingsummarieswhich contain
poorly linkedsentences.Theseobjectivescanbeachievedthroughanefficientuseof lexical chains.

Theoverallarchitectureof thesystemis shown in Figure1. It consistsof severalmodulesorganizedasa pipeline.
Thepaperis organizedasfollows.Thenext sectionsaredevotedto eachof thesystem’smodules.Finally, weconclude
by quickly analyzingtheperformanceof thesystematDUC evaluation,andoutliningsomefutureworks.

2 Preprocessing

2.1 Segmentation

To startthesummarizationprocess,theoriginal text is first sentto thetext segmenter. Therole of thetext segmenter
is to divide thegiventext into segmentsthataddressthesametopic. To fulfill thetext segmentationrequirement,we
chosethe text segmenterdescribedin (Choi, 2000). This text segmentertypically generatedmultiple segmentsfor a
document,someof whichweremoresubstantialin contentthanothers.Thepurposeof segmentationin oursystemis
to obtainmultiple sub-sourcetexts, eachcontainingsentencesthatdiscussthesametopic. This segmentationallows
latermodulesto betteranalyzeandgeneratea summaryfor a givensourcetext.

2.2 Tagging

The taggingmodule,which is essentialfor usingtheparser, involvesclassifyingwordsin thesegmentaccordingto
thepartof speechthey represent.In thisprocess,known aspart-of-speech tagging, wordsareconsideredindividually,
andnosemanticstructureis consideredor assignedby thetagger. Thetaggerusedin oursystemis describedin (Rat-
naparkhi,1996),andwaschosenbecauseof its impressive accuracy in assigningtags.This taggercomespre-trained
onsections0 to 18of thePennTreebankWall StreetJournalcorpus[http://www.cis.upenn.edu/˜treebank/home.html],
andtherewasno reasonto retrainthetaggerusinga significantlydifferentcorpus.
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Figure1: SystemOverview

Also includedin thepackagecontainingRatnaparkhi’sMXPOSTtaggeris a utility for detectingsentencebound-
aries.Thisutility is describedin (ReynarandRatnaparkhi,1997),andis usefulfor breakinguptext suchthateachsen-
tenceappearsona line by itself. Thetaggeralsoreliesonthesesentencesbeingtokenizedaccordingto thePennTree-
bankconventions,foundat [http://www.cis.upenn.edu/˜treebank/tokenization.html]. A small sedscript,providedby
theUniversityof Pennsylvania,convertsplain text to theappropriatelytokenizedversion[http://www.cis.upenn.edu/
˜treebank/tokenizer.sed]. Theseutilities are responsiblefor converting segmentsinto an acceptableformat for the
tagger.

2.3 Parsing

Parsingis themostsignificantandtime-consumingof themodulesin our system.In this module,taggedwordsare
collectedandorganizedinto theirsyntacticstructure.Wechosetheparserpresentedin (Collins,1997)for oursystem.
A parsedrepresentationof the text allows for the selectionof variouscomponents(or phrases)dependingon their
syntacticpositionwithin a sentence.For example,we could decideto selectall nounphraseswithin a given text.
Findingthesenounphraseswould bea trivial taskusinga parsedrepresentationof thetext. In fact,thenext phaseof
oursystemreliesupontheability to selectparticularsyntacticelementsof sentences.

It mustbe notedthat the parserandtaggerarenot entirely compatiblewith respectto input/output. The parser
expectseachtaggedsentenceto beprecededby acountof thenumberof words(tags)within thatsentence.Therefore,
a smallutility waswritten to countthenumberof wordson a line outputby the tagger. Theparseralsoexpectsthat
thetaggedwordswill beof theform ’wordTAG’. Thetaggeroutputstaggedwordswith theform ’word TAG’, andso
theunderscoreis simply removed.

3 Noun Filtering

Thenounfiltering componentis anoptimization,ratherthanarequiredcomponent,of our text summarizationsystem.
Nounfiltering improvestheaccuracy of text summarizationby selectively removing nounsfrom the parsedtext. A
lexical chainer, describedin thefollowing section,considersasetof nounsreceivedasinput. Thesenounscomefrom
thesourcetext andareidentifiedby thetagger. However, therearenounsthatbothcontributeto anddetractfrom the



subjectof thetext.
Considerananalogyto analoguedatatransmission.During datatransmission,thereis botha signalcomponent

andanoisecomponent.Datatransmissionconditionsareidealwhenthereis a strongsignalandlow noise.It is when
thesignalis overcomeby noisethat it becomesdifficult to detect.This is similar to thepresenceof nounswithin the
sourcetext. Thosenounsthat contribute to the subjectof the text arepartof the ’signal’, andthosethat do not are
partof the’noise’. Thenounfilter’s job is to reducethe’noise’ nounswhile still retainingasmany ’signal’ nounsas
possible.

Therearea numberof differentheuristicsthatcouldbeusedto filter out the ’noise’ nouns.We have designeda
heuristicusingtheideathatnounscontainedwithin subordinateclausesarelessusefulfor topic detectionthanthose
containedwithin mainclauses. However, thesemainandsubordinateclausesarenot easilydefined.For our system,
we selecteda relatively simpleheuristic. Becausethe parsercreatesthesyntacticstructureof thesentences,we are
ableto selectdifferenttypesof phrasesfrom thesourcetext. We choseto identify thefirst nounphraseandthenoun
phraseincludedin the first verb phrasefrom the first sub-sentenceof eachsentenceasthe main clause,with other
phrasesbeingsubordinate.Resultsof text summarizationusingthis heuristiccanbe found in the DUC evaluation
section.A numberof other, morecomplex, heuristicscouldbedevelopedthatwouldseekto identify otherphrasesas
partof themainor subordinateclauseswithin asentence.Experimentationwill benecessaryto determinetheirbenefit
to thesummary.

4 Lexical chainer

Thenotionof cohesion, introducedby HallidayandHasan(1976),is a device for ’stickingtogether’differentpartsof
the text to functionasa whole. It is achievedthroughtheuseof grammaticalcohesion(i.e., reference,substitution,
ellipsis andconjunction),andlexical cohesion(i.e., semanticallyrelatedwords). Lexical cohesionoccursnot only
betweentwo terms,but amongsequencesof relatedwords,calledlexical chains(Morris andHirst, 1991). Thesteps
of thealgorithmfor lexical chaincomputationareasfollows:

1. We selectthesetof candidatewords. A candidateword comesfrom anopenclassof wordsthat functionasa
nounphraseor propernameasresultsof thenounfiltering process(cf. section3).

2. Thesetof thecandidatewordsareexplodedinto senses,which areobtainedfrom thethesaurus.In this exper-
iments,we usedWordNetthesaurus(Miller et al., 1990). At this stepall sensesof the word areconsidered,
andeachword senseis representedby distinct setsconsideredas levels. The first oneconstitutesthe setof
synonymsandantonyms,the secondoneconstitutesthesetof first hypernyms/hyponymsandtheir variations
(i.e.,meronyms/holonyms,etc.),andsoon.

3. We find the semanticrelatednessamongthe setof sensesaccordingto its representations.A semanticrela-
tionshipexistsbetweentwo wordsensesif, whencomparingbetweentwo senserepresentationsof two distinct
words,a matchingexists, i.e., a non-emptyintersectionexistsbetweenthesetsof words. Eachsemanticrela-
tionshipis associatedwith a measurethatindicatesthelengthof thepathtakenin thematchingwith respectto
thelevelsof thetwo comparedsets.
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In our implementation,thispreferenceis handledby assigningscoresto eachpairwisesemanticalrelationin the
chain,andthensummingthosepairwisescores.Hence,thescoreof a chainis basedon its lengthandon the
typeof relationshipsamongits members.

In the lexical chainingmethod,the relationshipbetweenthe wordsin a chainis pairwisemutual. That is, each
word-sensehasto besemanticallyrelatedto every otherword-sensein thechain. Theorderof theopenclasswords
in the documentdoesnot play a role in the building of chains. However, it turnedout that the numberof lexical
chainscouldbeextremelylarge,andthusproblematic,for largersegmentsof text. To copewith this,we reducedthe
word-senserepresentationto synonymsonly whenwe hadlong text segments.This reductionhasanotherbenefit,in
the sensethata lexical chainbasedonly on synonymscould bebetterthanonebasedon ISA-2/INCLUDE-2. This
reductionalsonarrowsdown thesetof lexical chainsstemmingfrom a singlesegmentin thecasewheretherearetoo
many.

Thelexical chainermethodintegratesa processof word sensedisambiguationasthesetof candidatesarerepre-
sentedby their senses.The preferencecriteria, statedin step5 of the algorithm,retainonly somechainsin which
membersaresenses.Thosesensesaredeemedto beindicatorsof thecohesionof thetext.

Lexical chainsarecomputedfor eachtext segment,andthesentenceextractormoduleproceedsnext.

5 Sentence extractor

Thesentenceextractormodulehastwo steps:segmentselectionandsentenceextraction.

5.1 Segment selection

This phaseaims at selectingthosetext segmentsthat areclosely relatedto the topicssuggestedby the text. The
segmentselectionalgorithmis basedona scoringof segmentsfollowing theformula:

��\��	�	�;�*����]	^�� .`_a b c � ��\!�	���;�d\�efA�57��gh��>jik��� b ������]	^��� b
where

��\!�	�����l\�e3Am57��gh��>@ik��� b �"����]	^��
is thenumberof occurrencesof

\�efA�57��gh��>jik��� b
in

����]	^
,
>

is their number,
and

� b
is thenumberof segmentsin which

\�efA�57��gh��>ji!��� b
occurs.

Thetop
�

segments- with thehighestscores- arechosenfor theprocessof sentenceextraction.

5.2 Sentence extraction

Eachsentenceis rankedwith referenceto thetotal numberof lexical cohesionscorescollected.Theobjectiveof such
a rankingprocessis to assessthe importanceof eachscoreandto combineall scoresinto a rank for eachsentence.
In performingthis assessment,provisionsare madefor a thresholdwhich specifiesthe minimal numberof links
requiredfor sentencesto be lexically cohesive, following Hoey (1991)’s approach.Rankinga sentenceaccording
to this procedureinvolvessummingthe lexical cohesionscoresassociatedwith the sentencewhich are above the
threshold.Accordingto ourempiricalinvestigation,a thresholdvalueof two wasretainedfor ourexperiments.

Eachsentenceis ranked by summingthe numberof sharedchainmembersover the sentence.More precisely,
the scorefor
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is the numberof words that belongto
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andalso to thosechainsthat have been

consideredin thesegmentselectionphase.
Thesummaryconsistsof therankedlist of top-scoringsentences,accordingto thedesiredcompressionratio,and

orderedin accordancewith theirappearancein thesourcetext.

6 DUC Evaluation

We participatedin thesingledocumentDUC evaluation.Thetaskconsistedof, givena document,creatinga generic
summaryof thedocumentwith a lengthof approximately100words.Thirty setsof approximately10documentseach
wereprovidedassysteminputfor thistask.Accordingto ouranalysis,theresultsseempromising.Thegrammaticality



of our summariesscoredan averageof 3.73/4. Similarly, the cohesionandorganizationscoreswere,on average,
of 2.55/4and 2.66/4, respectively. The evaluationresultsof our summarizerto identify importantinformation is
summarizedin Table1.

numberof modelunits 950
numberof peerunits 600
numberof peerunitsmarkedwith modelunits 412
numberof uniquepeerunitsmarkedwith modelunits 350

Table1: Evaluationresults

We find that the top rankedsentencesaremostof the time themostimportantones.Furthermore,extractionof
sentencesthatcontainreferringexpressionsis still problematicin oursystem.

7 Conclusions and future work

We have presentedin this paperanefficient implementationof thelexical cohesionapproachasthedriving engineof
thesummarizationsystem.Therankingprocedure,which handlesthetext ’aboutness’measure,is usedto selectthe
mostsalientandbestconnectedsentencesin a text correspondingto thesummaryratio requestedby theuser. In the
future,weplanto investigatethefollowing problems:n Our methodsextract whole sentencesas single units. The useof compressiontechniqueswill increasethe

condensationof the summaryandimprove its quality (Barzilay, McKweon,andElhadad,1999;Mani, Gates,
andBloedorn,1999;JingandMcKeown, 2000;Knight andMarcu,2000).n Our summarizationmethodusesonly lexical chainsasrepresentationsof thesourcetext. Othercluescouldbe
gatheredfrom thetext andconsideredwhengeneratingthesummary.n In thenounfiltering process,ourhypothesiseliminatesthetermsin subordinateclauses.Ratherthaneliminating
them,it may alsoprove fruitful to investigateweightingtermsaccordingto the kind of clausein which they
occur.
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