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Abstract

Text summarizatioraddresseboththe problemof selectinghe mostimportantportionsof text andthe problem
of generatingcoherensummariesWe presenin this paperthe summarizeof the University of Lethbridgeat DUC
2001,whichis basedn anefficientuseof lexical chains.

1 Introduction

Text summarizatioraddresseboth the problemof selectingthe mostimportantportionsof text andthe problemof
generatingcoherentsummaries. We describein this paperthe summarizerf the University of Lethbridgeat the
DocumentUnderstandingConferencg DUC) 2001. It is basedon an approachfor identifying the mostimportant
portionsof the text which aretopically mostsalient This identificationalsotakesinto consideratiorthe degreeof
connectivenesamongthe chosertext portionsso asto minimize the dangerof producingsummariesvhich contain
poorly linkedsentencesTheseobjectivescanbeachievedthroughan efficient useof lexical chains

Theoverallarchitecturef the systemis showvn in Figurel. It consistsof severalmodulesorganizedasa pipeline.
Thepapeiis organizedasfollows. Thenext sectionsaredevotedto eachof thesystem$ modules.Finally, we conclude
by quickly analyzingthe performancef the systemat DUC evaluation,andoutlining somefutureworks.

2 Preprocessing
2.1 Segmentation

To startthe summarizatiorprocessthe original text is first sentto thetext segmenter Therole of the text sggmenter
is to divide the giventext into sgmentshataddresshe sametopic. To fulfill thetext segmentatiorrequirementyve

chosethe text sgmenterdescribedn (Choi, 2000). This text sgmentertypically generatednultiple segmentsfor a

documentsomeof whichweremoresubstantiain contenthanothers.The purposeof segmentatiorin our systemis

to obtainmultiple sub-sourcéexts, eachcontainingsentencethatdiscusshe sametopic. This segmentatiorallows

latermodulegto betteranalyzeandgenerat@ summaryfor a givensourcetext.

2.2 Tagging

The taggingmodule,which is essentiafor usingthe parserinvolvesclassifyingwordsin the segmentaccordingto

thepartof speechhey representin this processknown aspart-of-speeb tagging, wordsareconsideredndividually,

andno semanticstructures considerear assignedy thetagger Thetaggerusedin our systemis describedn (Rat-

naparkhi,1996),andwaschoserbecaus®f its impressie accurag in assigningags. This taggercomespre-trained
onsectiond) to 18 of the PennTreebankVall StreetJournalcorpusgfhttp://www:.cis.upenn.edu/ treebkhomehtml],

andtherewasno reasorto retrainthe taggerusinga significantlydifferentcorpus.
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Also includedin the packagecontainingRatnaparkhs MXPOSTtaggeris a utility for detectingsentencéound-
aries.Thisutility is describedn (ReynarandRatnaparkhi1997),andis usefulfor breakingup text suchthateachsen-
tenceappear®naline by itself. Thetaggeralsoreliesonthesesentencebeingtokenizedaccordingo thePennTree-
bankcorventions,found at [http://www.cis.upenn.edu/"treebktokenization.itml]. A smallsedscript, provided by
the Universityof Pennsylania,corvertsplain text to the appropriatelytokenizedversion[http://www.cis.upenn.edu/
“treebank/toknizersed]. Theseutilities are responsiblgor corverting segmentsinto an acceptabldormat for the
tagger

2.3 Parsing

Parsingis the mostsignificantandtime-consumingf the modulesin our system.In this module,taggedwordsare
collectedandorganizednto their syntacticstructure We chosethe parsempresentedh (Collins, 1997)for our system.
A parsedrepresentationf the text allows for the selectionof variouscomponentgor phrasesgdependingon their
syntacticpositionwithin a sentence.For example,we could decideto selectall noun phraseswithin a given text.
Findingthesenounphrasesvould beatrivial taskusinga parsedepresentatioof thetext. In fact,the next phaseof
our systenreliesupontheability to selectparticularsyntacticelementof sentences.

It mustbe notedthatthe parserandtaggerare not entirely compatiblewith respecto input/output. The parser
expectseachtaggedsentenceo beprecededby a countof the numberof words(tags)within thatsentenceTherefore,
a smallutility waswrittento countthe numberof wordson a line outputby thetagger The parseralsoexpectsthat
thetaggedwordswill beof theform 'word TAG'. Thetaggeroutputstaggedwvordswith theform'word TAG’, andso
theunderscorés simply removed.

3 Noun Filtering

Thenounfiltering components anoptimization ratherthanarequiredcomponentof ourtext summarizatiorsystem.
Nounfiltering improvesthe accurag of text summarizatiorby selectvely removing nounsfrom the parsedext. A
lexical chainer describedn thefollowing sectionconsiders setof nounsreceivedasinput. Thesenounscomefrom
thesourcetext andareidentifiedby thetagger However, therearenounsthatboth contributeto anddetractfrom the



subjectof thetext.

Consideran analogyto analoguedatatransmission.During datatransmissionthereis both a signalcomponent
andanoisecomponentDatatransmissiorconditionsareidealwhenthereis a strongsignalandlow noise.lIt is when
thesignalis overcomeby noisethatit becomedlifficult to detect. This is similar to the presencef nounswithin the
sourcetext. Thosenounsthat contribute to the subjectof the text are partof the 'signal’, andthosethat do not are
partof the'noise’. Thenounfilter’'s job is to reducethe ’noise’ nounswhile still retainingasmary 'signal’ nounsas
possible.

Therearea numberof differentheuristicsthat could be usedto filter out the 'noise’ nouns. We have designeda
heuristicusingthe ideathatnounscontainedwithin subodinateclausesarelessusefulfor topic detectionthanthose
containedwithin main clauses However, thesemainandsubordinatelausesarenot easilydefined.For our system,
we selecteda relatively simple heuristic. Becausehe parsercreateghe syntacticstructureof the sentencesye are
ableto selectdifferenttypesof phrasedrom the sourcetext. We choseto identify the first nounphraseandthe noun
phraseincludedin the first verb phrasefrom the first sub-sentencef eachsentenceasthe main clause,with other
phraseseing subordinate.Resultsof text summarizatiorusingthis heuristiccanbe found in the DUC evaluation
section.A numberof other morecomple, heuristicscouldbe developedthatwould seekto identify otherphrasess
partof themainor subordinatelausesvithin asentenceExperimentationvill benecessaryo determingheir benefit
to thesummary

4 Lexical chainer

Thenotionof cohesionintroducedoy Halliday andHasan(1976),is a device for 'stickingtogether'differentpartsof
thetext to functionasawhole. It is achieved throughthe useof grammaticatohesior(i.e., referencesubstitution,
ellipsis and conjunction),and lexical cohesion(i.e., semanticallyrelatedwords). Lexical cohesionoccursnot only
betweentwo terms,but amongsequencesf relatedwords,called lexical chains(Morris andHirst, 1991). The steps
of thealgorithmfor lexical chaincomputatiorareasfollows:

1. We selectthe setof candidatevords. A candidatevord comesfrom an openclassof wordsthatfunctionasa
nounphraseor propernameasresultsof the nounfiltering procesgcf. section3).

2. Thesetof the candidatavordsareexplodedinto senseswhich areobtainedfrom the thesaurusin this exper
iments,we usedWordNetthesaurugMiller etal., 1990). At this stepall sense®f the word are considered,
and eachword senseis representedby distinct setsconsideredas levels. The first one constituteshe setof
synoryms andantoryms, the secondone constituteghe setof first hyperryms/hyporymsandtheir variations
(i.e.,meroryms/holoryms,etc.),andsoon.

3. We find the semanticrelatednessimongthe setof sensesccordingto its representationsA semanticrela-
tionshipexists betweertwo word sensedf, whencomparingbetweertwo senseepresentationsf two distinct
words,a matchingexists, i.e., a non-emptyintersectionexists betweenhe setsof words. Eachsemantiaela-
tionshipis associatedvith a measurahatindicatesthe lengthof the pathtakenin the matchingwith respecto
thelevelsof thetwo comparedsets.

4. We build up chainsthataresetssuchas

{ (word;[sense11, senseia, .. .]),
(wordy[senseay, senseas, . . .]),

}

in whichword,-sense,, is semanticallyrelatedio word,-sense,, fors #

5. Weretainthelongestchainsby relying on thefollowing preferenceriterion:

word repetition >
synonym/antonym >
ISA—-1/INCLUDE -1 »
ISA—2/INCLUDE -2 >



In ourimplementationthis preferenceés handledby assigningscoredo eachpairwisesemanticatelationin the
chain,andthensummingthosepairwisescores.Hence the scoreof a chainis basedon its lengthandon the
typeof relationshipsmongits members.

In the lexical chainingmethod,the relationshipbetweenthe wordsin a chainis pairwisemutual. Thatis, each
word-sensédasto be semanticallyrelatedto every otherword-senseén the chain. The orderof the openclasswords
in the documentdoesnot play a role in the building of chains. However, it turnedout that the numberof lexical
chainscouldbe extremelylarge,andthusproblematic for larger sgmentsof text. To copewith this, we reducedhe
word-senseepresentatioto synorymsonly whenwe hadlong text segments.This reductionhasanotherbenefit,in
the sensethat a lexical chainbasedonly on synoryms could be betterthanone basedon ISA-2/INCLUDE-2. This
reductionalsonarravs down the setof lexical chainsstemmingfrom a singlesegmentin the casewheretherearetoo
mary.

Thelexical chainermethodintegratesa procesf word sensalisambiguatiorasthe setof candidatesrerepre-
sentedby their senses.The preferencecriteria, statedin step5 of the algorithm, retainonly somechainsin which
membersaresensesThosesensearedeemedo beindicatorsof the cohesiorof thetext.

Lexical chainsarecomputedor eachtext sggment,andthe sentencextractormoduleproceedsext.

5 Sentence extractor

The sentencextractormodulehastwo steps:sggmentselectionrandsentencextraction.

5.1 Segment selection

This phaseaims at selectingthosetext segmentsthat are closely relatedto the topics suggestedy the text. The
segmentselectioralgorithmis basedn a scoringof sggmentsfollowing theformula:

(seq;) i score(chainMember;, seg;)
score(seg;) =
9j . 5
=1
wherescore(chainMember;, seg;) is thenumberof occurrencesf chain Member; in seg;, m is theirnumber
ands; is thenumberof sgmentsn which chain M ember; occurs.

Thetopn segments- with the highestscores arechoserfor the procesf sentencextraction.

5.2 Sentenceextraction

Eachsentencés rankedwith referencedo thetotal numberof lexical cohesiorscorescollected.The objective of such
arankingprocesss to assesshe importanceof eachscoreandto combineall scoresinto a rankfor eachsentence.
In performingthis assessmenprovisions are madefor a thresholdwhich specifiesthe minimal numberof links
requiredfor sentenceso be lexically cohesve, following Hoey (1991)'s approach.Rankinga sentenceccording
to this procedureinvolves summingthe lexical cohesionscoresassociatedvith the sentencevhich are above the
threshold Accordingto our empiricalinvestigationa thresholdvalueof two wasretainedor our experiments.

Eachsentences ranked by summingthe numberof sharedchain membersover the sentence.More precisely
the scorefor sentence; is the numberof wordsthat belongto sentence; andalsoto thosechainsthat have been
consideredn thesegmentselectionphase.

Thesummaryconsistf therankedlist of top-scoringsentencesaccordingo the desiredcompressiomatio, and
orderedn accordancevith theirappearanci the sourcetext.

6 DUC Evaluation

We participatedn the singledocumenDUC evaluation. Thetaskconsistedf, givena documentgcreatinga generic
summaryof thedocumentvith alengthof approximately1l00words. Thirty setsof approximately10 documentgach
wereprovidedassysteminputfor thistask.Accordingto ouranalysistheresultsseenpromising. Thegrammaticality



of our summariesscoredan averageof 3.73/4. Similarly, the cohesionand organizationscoreswere, on average,
of 2.55/4and 2.66/4, respectiely. The evaluationresultsof our summarizetto identify importantinformationis
summarizedn Tablel.

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

Tablel: Evaluationresults

We find thatthe top ranked sentenceare mostof the time the mostimportantones. Furthermoregxtraction of
sentencethatcontainreferringexpressionss still problematidn our system.

7 Conclusionsand future work

We have presentedh this paperan efficientimplementatiorof thelexical cohesiorapproachasthe driving engineof
the summarizatiorsystem.Therankingprocedurewhich handleghetext 'aboutnessmeasureis usedto selectthe
mostsalientandbestconnectedentences atext correspondingo the summaryratio requestedy the user In the
future,we planto investigatehefollowing problems:

e Our methodsextract whole sentencess single units. The use of compressiortechniqueswill increasethe
condensatiof the summaryandimprove its quality (Barzilay, McKweon, and Elhadad,1999; Mani, Gates,
andBloedorn,1999;JingandMcKeown, 2000;Knight andMarcu, 2000).

¢ Oursummarizatiomethodusesonly lexical chainsasrepresentationsf the sourcetext. Othercluescouldbe
gatheredrom thetext andconsideredvhengeneratinghe summary

¢ Inthenounfiltering processpurhypothesieliminateghetermsin subordinatelausesRatherthaneliminating

them, it may alsoprove fruitful to investigateweightingtermsaccordingto the kind of clausein which they
occur
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