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Abstract

We reporton researchin multi-documentsummarizationandon evaluationof summarizationin the framework
of cross-lingualinformationretrieval. This work wascarriedout duringa summerworkshopon LanguageEn-
gineeringheldat JohnsHopkinsUniversityby a teamof nine researchersfrom sevenuniversities.Thegoalsof
theresearchwereasfollows: (1) to developatoolkit for evaluationof single-documentandmulti-documentsum-
marizers,(2) to developa modularmulti-documentsummarizer, calledMEAD, that works in bothEnglishand
Chinese,and(3) to performa meta-evaluationof four automaticsummarizers,including MEAD, usingseveral
typesof evaluationmeasures:somecurrentlyusedbysummarizationresearchersandacoupleof novel techniques.

Centralto theexperimentsin this workshopwasthecross-lingualexperimentalsetupbasedon a large-scale
ChineseandEnglishparallel corpus. An extensive setof humanjudgmentswerespecificallypreparedby the
Linguistic DataConsortiumfor our research.Thesehumanjudgmentsincludea) which documentsarerelevant
to a certainqueryandb) which sentencesin the relevant documentsaremostrelevant to the queryandwhich
thereforeconstitutea good summaryof the cluster. Thesejudgmentswere usedto constructvariable-length
multi- andsingledocumentsummariesasmodelsummaries.Sinceoneof the novel evaluationmetricsthatwe
used,RelevanceCorrelation, is basedon thepremisethatgoodsummariespreserve queryrelevancebothwithin
a languageandacrosslanguages,we madeuseof a cross-lingualInformationRetrieval (IR) engine.

We evaluatedthe quality of the automaticsummariesusingco-selectionandcontent-basedevaluation, two
establishedtechniques.A relatively new metric,relativeutility, wasalsoextensively tested.Partof thenew scien-
tific contribution is themeasurementof relevancecorrelation,which we introducedandsystematicallyexamined
in thisworkshop.Relevancecorrelationmeasuresthequalityof summariesin comparisonto theentiredocuments
asa functionof how muchdocumentrelevancedropsif summariesareindexedinsteadof documents.Our results
show thatthis measureis sensible,in thatit correlateswith moreestablishedevaluationmeasures.

Anothercontribution is thecross-lingualsetupwhichallowsusto automaticallytranslateEnglishqueriesinto
Chinese,performChineseIR with or without summarization.This allows us to calculaterelevancecorrelation
for Englishandfor Chinesein parallel(i.e., for thesamequeries)andto take directcross-lingualcomparisonsof
evaluations.Additionally, analternative way of constructingChinesemodelsummariesfrom Englishoneswas
implementedwhich relieson thesentencealignmentof EnglishandChinesedocuments.

Theresultsof our large-scalemeta-evaluationarenumerous,but someof thehighlightsarethefollowing: (1)
All evaluationmeasuresrankhumansummariesfirst, which is anappropriateandexpectedpropertyof suchmea-
sures,(2) Both relevancecorrelationandthecontent-basedmeasuresplaceleadingsentenceextractsaheadof the
moresophisticatedsummarizers,(3) Relativeutility ranksoursystem,MEAD, asthebestsummarizerfor shorter
summaries,althoughfor longer summaries,lead-basedsummariesoutperformMEAD, (4) Co-selectionmea-
surementsshow overall low agreementamongsthumans(above chance),whereasrelative utility reportshigher
numberson thesamedata(but doesnot normalizefor chance).

Thedeliverableresourcesandsoftwareinclude:(1) aturn-key extractivemulti-documentsummarizer, MEAD,
whichallowsusersto addtheir own featuresbasedonsinglesentencesor pairsof sentences,(2) a largecorpusof
summariesproducedby severalautomaticmethods,including baselineandrandomsummaries,(3) a collection
of manualsummariesproducedby the Linguistic DataConsortium(LDC), (4) a batteryof evaluationroutines,
(5) a collectionof IR queriesin EnglishandChineseandthecorrespondingrelevancejudgmentsfrom theHong
Kongnews collection,(6) SMART relevanceoutputsfor bothfull documentsandsummaries,(7) XML toolsfor
processingof documentsandsummaries.
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Chapter 1

Intr oduction

Giventheenormousamountof textual informationon the Internet,oneworthy goalof researchin NaturalLan-
guageProcessingandInformationRetrieval is to developtechniquesfor automatictext summarization.A teamof
researchersgatheredat JohnsHopkinsUniversityin Summer2001to addressthefollowing goals:(1) to develop
a modularmulti-documentsummarizerthat achievesstate-of-theart performancein both EnglishandChinese,
(2) to developa toolkit for evaluationof bothsingle-documentandmulti-documentsummarizers,and(3) to per-
form ameta-evaluationof six summarizersusingfour classesof evaluationmeasures:co-selection,content-based,
relative utility, andrelevancecorrelation.All threegoalsweresuccessfullymet. Thecurrentdistribution of the
MEAD systemincludes(1) a turn-key extractive multi-documentsummarizer, (2) a large corpusof summaries
producedby differentmethods,includingbaselineandrandomsummaries,(3) a collectionof manualsummaries
(producedby LDC, the Linguistic DataConsortium),(4) a batteryof evaluationroutines,(5) a collectionof IR
queriesin EnglishandChineseandthe correspondingrelevancejudgmentsfrom the Hong Kong news collec-
tion, (6) SMART relevanceoutputsfor both full documentsandsummaries,(7) XML tools for manipulationof
documentsandsummaries.

In this reportwe describetheMEAD projectin detailandspecifically, thesummarizeritself, thecorpusthat
we preparedandannotated,aswell asa new evaluationmetric for summaryevaluation,RelevanceCorrelation.
We presentacomparisonof MEAD with severalothersummarizersaswell asameta-evaluationcomparingeight
evaluationmetrics: Precision/Recall,PercentAgreement,Kappa,Relative Utility , RelevanceCorrelation,and
threetypesof content-basedmeasures(cosine,longestcommonsubsequence,andword overlap).

1.1 The JohnsHopkins workshop

The Summerworkshopon LanguageandSpeechprocessinghasbeenheld at JohnsHopkinsUniversity since
1996. Eachyear, a numberof projects(usuallyfour) areselectedfrom a numberof proposals.Otherprojectsin
recentyearshave includedStatisticalMachineTranslation,Novelty Detection,andGraphicalModelsfor Speech
Processing.

1.2 Research hypotheses

We tried to addressthefollowing researchhypotheses:

1. Goodsummariespreserve relevance:in otherwords,if an informationretrieval systemis usedto rankfor
relevanceto a given query(a) a setof documentsand(b) a setof the correspondingsummariesof these
documents,therankingswill bequitesimilar. We call suchanevaluationrelevancecorrelation.

2. Goodquerytranslationpreservesrelevance:if documentsarefirst translatedinto a differentlanguageand
thensummarized,therewill still bea correlationbetweentherelevancerankingsfor thedocumentsin the
two languages.
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3. Humansagreeon sentenceutility: weaskhumanjudgesto specifyhow centrala sentenceis to a clusterof
relateddocuments,we call this typeof relevancesentenceutility. Our hypothesisis thattheutility givento
asentenceby differentjudgeswill besimilar.

4. Relevancecorrelationcorrelateswith establishedmethodsfor summaryevaluation

1.3 Technicalobjectives

At thebeginningof theworkshop,wesetthefollowing technicalobjectives:

1. To developa summarizationevaluationtoolkit allowing for meta-evaluation:extractiveandnon-extractive

2. To develop a summarizationtoolkit including a modularstate-of-the-artsummarizer:single/multi docu-
ment,generic/query-based,English/Chinese

3. To produceanannotatedcorpusfor furtherresearchin text summarization

After completionof thesetasks,ourplanis for usersto beableto performthefollowing activities:

1. Evaluateanexistingsummarizer.

2. Build asummarizerfrom scratch.

3. Testa summarizationfeature.

4. Testa new evaluationmetric.

5. Testa querytranslationsystem.

Researchin text summarizationis traditionallyconstrainedby thefollowing problems:limited resourcesfor
training,lackof standardtestbedsthatcanbeusedto comparedifferentsummarizers,andno clearunderstanding
of thecorrelationbetweendifferentsummarizationmethods.

1.4 Participants

Thework presentedin thisreportwascarriedoutmainlyattheJohnsHopkinssummerworkshopin 2001although
a largeportion wasdonebothbeforeandafter the workshopitself. The workshopteamincludesthe following
people:� DragomirRadev receivedhis PhD in ComputerSciencefrom ColumbiaUniversity. He workedat IBM’ s

TJ WatsonResearchCenterin Hawthorne,NY beforecoming to the University of Michigan wherehe
is currentlyAssistantProfessorof Information,of ElectricalEngineeringandComputerScience,andof
Linguistics. He is mainly interestedin naturallanguageprocessingandinformationretrieval. He heads
the ComputationalLinguisticsAnd InformationRetrieval group(CLAIR) at Michigan. His most recent
projectsareon multi-documentsummarization,cross-documentstructuretheory, andquestionanswering.� SimoneTeufel received her PhD from Edinburgh University in 1999, and her first degreein Computer
ScienceandComputationalLinguisticsfrom the Universityof Stuttgartin 1994. Until 1995,sheworked
on POS-Taggingof German,lexicon building andsyntacticannotationschemes.Her graduatethesisis a
summarizationsystem,basedon a multidisciplinarystudyof the summarizationof scientificarticles,and
on the exploitation of particularspeechactsfound in scientific articles. As a postdoctoralresearcherat
ColumbiaUniversitybetween2000and2001,sheworkedon termidentification,IR andsummarizationin
themedicaldomain.Sheis now a lecturerin theComputerLaboratory, CambridgeUniversity, UK.
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� Wai Lam received a Ph.D. in ComputerSciencefrom the University of Waterloo,Canadain 1994. He
worked as a visiting ResearchAssociateat IndianaUniversity PurdueUniversity Indianapolisand as a
PostdoctoralFellow in Universityof Iowa. He joined the Departmentof SystemsEngineeringandEngi-
neeringManagementin the ChineseUniversityof HongKong in 1996asAssistantProfessor. In August
2001,he becameAssociateProfessor. His currentinterestsincludeintelligent informationretrieval, text
mining,machinelearning,reasoningunderuncertainty, anddigital libraries.� HoracioSaggionreceivedhis PhD from Universit́e de Montréal,Canada,in 2000,andhis Masterdegree
from theUniversityof Campinas,UNICAMP, Brazil, in 1995. He studiedComputerSciencein theCom-
puterScienceDepartmentat UniversidaddeBuenosAires, Argentina.He workedmany yearsasteaching
assistantandresearchassistantat the ComputerScienceDepartmentandasSystemProgrammerfor the
industry. He is currentlyresearchassistantin theNaturalLanguageProcessinggroupat theDepartmentof
ComputerScience,Universityof Sheffield, UK, wherehe is involved in two projectson InformationEx-
tractionandMultimediaSummarization:“The MultimediaIndexingandSearchingEnvironment”and“The
Sceneof Crime InformationSystem.” He is mainly involved in the useof symbolictechniquesfor NLP,
neverthelesshebelievesthatrobustandpracticalsolutionsto many problemsin NLP shouldbedeveloped
with a wisecombinationof statisticalandsymbolicknowledgeandtechniques.His main interestsin NLP
aretext summarization,shallow naturallanguageprocessing,text structure,discourseinterpretation,and
naturallanguagegeneration.� JohnBlitzer is a seniorat Cornell University, Ithaca,NY. In Fall 2002,he will be a PhD studentat the
Universityof Pennsylvania.� Arda Çelebi is a seniorat BilkentUniversity, Ankara,Turkey. In Fall 2002,hewill bea PhDstudentat the
Universityof SouthernCalifornia’s InformationSciencesInstitute.� Elliott Drabekis a PhDstudentatJohnsHopkinsUniversity.� Danyu Liu is aPhDstudentat theUniversityof Alabama.� HongQi is aPhDstudentat theUniversityof Michigan,Ann Arbor.

1.5 Plan of the report

This report includesseven sectionsandoneappendix.The next chapterdescribesthe framework in which the
experimentswereperformed.Chapters3 and4 presentanoverview of themethodsusedfor informationretrieval
andfor summarization,respectively. The following chapter(Chapter5) describesthe techniquesusedto com-
parethe differentsummarizers.Chapter6 presentsour results,groupedby evaluationmethod,while Chapter7
concludesthereport.Theuserdocumentationassociatedwith theMEAD summarizeris includedin AppendixA.
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Chapter 2

Experimental Framework

2.1 Overview

2.1.1 Research questions

As motivatedin thepreviouschapter, we setout to answerthefollowing questions:� Whichsummarizer, out of a setof automaticsummarizers,createsextractsthataremostsimilar to extracts
ahumanwouldhavecreated?� How doesthissummaryperformancerelateto certainwell-known baselines?

Thesequestionscanbeansweredin themono-lingualcase,assoonasareasonablenumberof humanextracts
areavailable. We answerthesequestions,but our setupis moresophisticated.Becausewe operatein a cross-
lingual IR framework, we alsoaskthefollowing questions:� How well doestheIR enginework for thelanguagein which thequeriesarewritten (in ourcase,English)?� How well doesit performif thequeriesaretranslatedautomaticallyinto theparallellanguage(in our case,

Chinese)?� How muchworseis this comparedto thecasewherethetranslationis donemanually?

Dueto theuniquesetupcreatedin thisworkshop,wherewehaveatourdisposalalarge-scale,parallelEnglish–
Chinesenewspapercorpuswith IR relevancejudgementsand judgementsabouthow relevant singlesentences
containedin thedocumentsareto a query, wecanalsoanswermorecomplicatedquestionssuchas:� How muchdoesIR performancedecreaseif we index summariesinsteadof theentiredocument?In this

casewe restricttheinformationavailableto theIR engineto thesupposedlymore“important” partsof the
documentwhich thesummarisershave identifiedfor us.� How doesthis new measurement,which we call relevancecorrelation, relateto themoreestablishedsum-
maryqualitymetricsof similarity mentionedabove?

It is alsoa featureof our researchthatwe addressbothmulti-documentandsingle-documentsummarization.
Onelastpointweaddressis thedifferenceof extractsandmanualsummaries,i.e. summarieswrittenby ahuman
from scratch.Weobtainedmanualsummarieswrittenby 3 humanjudgesfrom theLDC, whosummarizedsetsof
10 documentsin 50,100,and200words.We believe thatsucha resourceis very valuable,asthehighest-quality
automaticsummariesof thefuturewill probablymirror moreandmorehumansummaries,andmoveaway from
sentenceextracts.Thefinal researchquestionweaddressis:� Usingtheevaluationmetricsavailableto comparenon-verbatimtext, how similar arehumanextractsand

humansummaries,and how similar are automaticextractsto either of these(humanextractsand sum-
maries)?
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Thesesetsof questionsleadto theexciting,new experimentalsetupfor ameta-evaluationwhichweperformed
in the workshop. This chapterexplainsthe entiremeta-evaluationframework we employed: the datawe used,
thehumanannotationcollected,the corpusprocessingandautomaticsummarizationused,andthe definitionof
baselines.

2.1.2 Overview of setup

Theprojectsetupincludesamultilingual IR systemandseveralsentenceextractorsfor thesingle-documentcase.
Wecomparetheoutputof anIR systemwith theoutputof thehumanrelevancejudgement.Oursetupalsoincludes
a sentenceextractionstep,performedby differentsummarizers.The IR systemoutput,usingan index created
from thesummaries,wascomparedto systemperformancewhenindexing tookplaceon theentiredocument.IR
performancewasmeasuredby comparisonto therelevancejudgements.

Similarity of extractsto humanextractswasmeasuredin parallel,usinga differentsetof judgementscreated
by our judges,which we called ’sentencejudgements’.Thesewerecreatedby askingthe judgeshow relevant
eachsentencein 10 of therelevantdocumentswasto thequery.

Thesetupin thecross-lingualcaseassumesthatthecorpusis parallel,i.e. thateachEnglishdocumentcanbe
alignedwith a Chinesedocument,which is a translationof thedocument.This is given in our case.As we did
not have Chinesejudgementsat our disposalwho couldhave performedChineserelevanceandsentencejudge-
ments(andin orderto keepannotationcostdown), we operateundercertainassumptionsto duplicateChinese
“judgements”from theEnglishones:� If anEnglishdocumentis relevantto a query, sois its translationinto Chinese.� If anEnglishsentenceis relevantto a query, sois its translationinto Chinese.

Note that the laststeprequiresusto find alignmentsof EnglishandChinesesentences;this is a well-known
alignmentproblemwhich we implementedin thecourseof theworkshop.

Our sentenceextractorsrun on Chineseandon English text. This fact createsinterestingpossibilitiesfor
evaluation,asChineseextractsby alignmentcanthenbecomparedto theChineseextractsgeneratedby running
thesentenceextractorsdirectlyon Chinesetext.

2.2 Corpus and automatic corpus processing

We usea parallelcorpusof EnglishandChinese(Cantonese)texts which aretranslationsor neartranslationsof
eachother. The corpusconsistsof 18,146documentpairscovering 1997–2000.The corpus,called the Hong
KongNewspaperCorpus(corpusnumberLDC2000T46),is providedby theLinguistic DataConsortium(LDC).
Thetexts arenot typical newsarticles.TheHongKongNewspapermainlypublishesannouncementsof thelocal
administrationanddescriptionsof municipalevents,suchasan anniversaryof the fire department,or seasonal
festivals.

Theaveragesizein wordsfor a documentis 347.8for Englishand325.2for Chinese,in sentencesit is 16.2
and15.5,respectively.

Eachdocumentin the corpuswas further automaticallyprocessedin order to addstructuraland linguistic
information,cf. the overview in figure 2.2. The annotationfor eachdocumentincludesinformationaboutthe
documentidentity, its languageandits translation.Plain text in EnglishandChinesewasprocessedin orderto
identify the main title andthe text of the news article. For the purposeof our researchwe alsoneededto split
the corpusinto sentencesandwords. Englishdocumentswereannotatedwith partsof speechandmorphologic
information.BothChineseandEnglishtext wasannotatedwith NamedEntity tags,andanalgorithmfor alignment
of EnglishandChinesesentenceswasimplemented.

We usedthefollowing namingconvention:File namesareof theform yyyymmdd nnn.[ce] whereyyyy
is theyear, mmis themonth,dd is theday, andnnn is asequentialnumber.

All corpusinformationis encodedin XML, andanumberof DTDs(documenttypedescriptions)werewritten
to describethestructureof thedocumentaftereachprocessingstep.DTDs give thelogical structureof anXML
file in Backus-Naurform. TheDTDscreatedfor this projectaregivenin AppendixA.
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<?xml version=’1.0’ encoding=’UTF-8’?>
<!DOCTYPE DOCSENTSYSTEM"/export/ws01summ/dtd/docsent.dtd" >
<DOCSENTDID=’D-19980303 004.e’ DOCNO=’2203’ LANG=’ENG’ CORR-DOC=’D-
19980303 004.c’>
<BODY>
<HEADLINE><S PAR="1" RSNT="1" SNO="1"> Joseph W P Wong accepts ATV’s apol-
ogy </S></HEADLINE>
<TEXT>
<S PAR=’2’ RSNT=’1’ SNO=’2’>The Secretary for Education and Manpower, Mr
Joseph W P Wong, said today (Tuesday) that he had accepted the apology of
Asia Television Limited (ATV) over the remarks made on him in the ATV pro-
gramme "Hong Kong Affairs" last Monday (February 23) and would not pursue
the matter further.</S>
</TEXT>
</BODY>
</DOCSENT>

Figure2.1: Document19980303004.eannotatedwith sentenceboundaries.
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Figure2.2: Linguistic Processingof theHK corpus

Using XML proveda softwareengineeringadvantagein the project,asmany moduleshadto be interfaced
by severalprogrammers.XML validationmadeit very easyto checkfor errorsin the input andoutputof each
modulein thepipeline.

2.2.1 Linguistic processing(English)

Thefirst line is consideredaheadlineandall thelinesfrom thesecondto theendof thefile areconsideredthetext
of thearticle.Weremoved”end/” statementsandothernon-textualentitiesoccurringin thecorpus.Theoutputof
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this processis storedin filesconformingthedocumentDTD specification(cf. AppendixA).
In order to further processEnglish texts in documentformat, we usea pipelinedimplementationbasedon

LTG’sTTT (Text TokenizationTool (Groveretal.,1999)),amodularpackagewhichincludesasymbolictokenizer
written in a regular language,a statisticalsentencesegmenter(Mikheev, 2000)anda statisticalpart-of-speech
(POS)taggerdistributedwith TTT. ThePOStagsusedarethosefrom thePennTagset.Thetaggercomestrained
on4 million wordsof theWall StreetJournal.Semi-automaticcorrectionsof sentenceboundarieshadto bemade
in thosesetsof documentswherehumansentencesegmentationwasavailable,astherecouldnotbeany conflicts
in sentenceboundariesbetweenour automaticsentenceextractorsandthehumantargetsummaries.

Theoutputof thestatisticalsentencesegmenteris storedin files conformingthedocsentDTD specification,
cf. figure2.1. Thetext in this formatis usedby all summarizationalgorithms.

WeusedthelemmatiserdevelopedattheUniversityof Sheffield (Humphreysetal.,2000)andusedin different
natural languageprocessingsystems. The lemmatiserproducesa lemmaform for all nounsand verbsin the
document.Thework is accomplishedby usinga setof regularexpressionsanda list of exceptionsareusedfor
analysis:for exampletheform “expresses”matchestheregularpattern“ANY+ DOUBLE “ES””, producingthe
root “express”andthe affix “s”. The list of exceptionswasderived from WordNet(Fellbaum,1998)andother
corporamakingthemoduledomainindependent.Theinput to thelemmatiseris a taggedlist of nounsandverbs,
the outputconsistsof a lemmaandsuffix (possiblynull) for eachunit. Additionally, all lemmasarestoredin
lowercase.In Figure2.2.1we show a sentencefrom thecorpusafterlemmatisation.Theoutputof preprocessing
is storedin filesconformingthedocposdtd specification.Theinformationin thesefiles is usedduringevaluation
of contentbasedsimilarity measures.�

S PAR=’3’ RSNT=’2’ SNO=’4’ � � W C=’DT’ L=’ these’� These� /W � � W C=’JJ’ L=’foreign’ � foreign� /W � � W
C=’NN’ L=’currency’ � curr ency� /W � � W C=’NNS’ L=’asset’� assets� /W � � W C=’VBP’ L=’be’ � are� /W � � W
C=’IN’ L=’among’� among� /W � � W C=’DT’ L=’ the’ � the � /W � � W C=’NN’ L=’world’ � world � /W � � W
C=’POS’ L=”’ s” � ’s� /W � � W C=’JJS’ L=’ largest’� largest� /W � � W C=’JJ’ L=’such’� such� /W � � W C=’NN’
L=’holding’ � holdings� /W � � W C=’.’ L=’.’ � . � /W � � /S�

Figure2.3: Sentenceaftertokenization,tagging,andlemmatization

2.2.2 Linguistic processing(Chinese)

Sentencesegmentationin Chineseis basedon punctuation.Unlike English,wherepunctuationcanbe part of
words (cf. “Dr .” ), this is not the casein Chinese. We constructeda list of punctuationsymbolsthat usually
indicatetheendof sentences.Thenwe usedagreedysearchto find thelongestmatchof thesepunctuations.

Anotherprocessingrequiredfor Chinesetexts is word segmentation.In a pieceof Chinesetext, thereis no
word delimiter betweenChinesecharacters.The objective of word segmentationis to locatemeaningwordsin
Chinesetexts. To do this, we make useof a Chineseword lexicon. A maximalmatchingalgorithmis employed
to matchthelongestpossibleword in thelexicon. Thecodefor word segmentationwasoriginally obtainedfrom
a Perlpackagelocatedat (http://www.mandarintools.com/segmenter.html). We adaptedthis packagefrom GB to
BIG5 encodingin orderto processChinese.In Figure2.4, we show a small Chinesedocumentannotatedwith
sentenceboundaries.

2.2.3 Namedentity detectionin English and Chinese

It hasbeenshown that the performanceof text summarizationsystemscanbe improvedby NamedEntity De-
tection(Aoneet al., 1999),sowe decidedto includethis informationinto our summarizer. NamedEntity (NE)
Detectionis theprocessof identifyingandcategorisingnamesin texts. For instance,in theMessageUnderstand-
ing Conferences(MUC) (GrishmanandSundheim,1996),theNE detectiontaskconsistedof theidentificationof
seventypesof NE: PERSON,ORGANIZATION, LOCATION, DATE, TIME, MONEY andPERCENT.

WeuseIdentiFinder(BBN, 2000),aprobabilisticnaturallanguagesoftwaretool thatscanstext to locateNEs.
Thetool analyzestrainingdata,countsandcompilesstatisticsaboutthetrainingdata,convert thosestatisticsinto
probabilisticmodels,appliesthosemodelsto theNE taskandoutputsthesametext with SGM marked-uptext.
Thesoftwareis availablein bothEnglishandChinese;we usedit usedwith thepre-trainedmodels.An example
of theNE detectiontaskin Englishis shown in Figure2.5.
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<?xml version="1.0"?>

<!DOCTYPE DOCSENT SYSTEM "/export/ws01summ/dtd

/docsent.dtd" >

<DOCSENT DID="D−19980303_004.c" DOCNO="2203" 

LANG="CHIN" CORR−DOC="D−19980303_004.e">

<BODY>

<HEADLINE>

<S PAR="1" RSNT="1" SNO="1"> ����� ��� �� ��� �� 
</S>

</HEADLINE>

<TEXT>

<S PAR="2" RSNT="1" SNO="2"> ! !"�#�$ %'& (*)�+�, - . / 0�1 23 4�5 6 )�+ (7,, & - 8 8 . 99 :�; / 6 % /
</S>

</TEXT>

</BODY>

</DOCSENT>

     1.CNPRINT THU 09-MAY-02 16:25:47 HKT

Figure2.4: Chinesedocument19980303004.c

�
S PAR=’2’ RSNT=’1’ SNO=’2’ � Gross Domestic Product (GDP) grew by�
NUMEX TYPE=”PERCENT”� 6.4%

�
/NUMEX � in real termsin the

�
TIMEX TYPE=”DATE” � secondquarter

of 1997
�

/TIMEX � over a year earlier, further up from the
�

NUMEX TYPE=”PERCENT”� 6.1%
�

/NUMEX �
increasein the

�
TIMEX TYPE=”DATE” � first quarter

�
/TIMEX � .

�
/S� �

S PAR=’3’ RSNT=’1’ SNO=’3’ � These
are shown in the preliminary estimatesof the expenditure-basedGDP for the

�
TIMEX TYPE=”DATE” � second

quarter of 1997
�

/TIMEX � and revised estimates for earlier periods released today
(
�

TIMEX TYPE=”DATE” � Monday
�

/TIMEX � ) by the
�

ENAMEX TYPE=”ORGANIZATION” � Census and
StatisticsDepartment

�
/ENAMEX � .

�
/S�
Figure2.5: NEsin theEnglishCorpus

2.2.4 English-Chinesesentencealignment

We identifiedcorrespondencesbetweenEnglishsentencesandthetranslationsof thesentencesin the respective
Chinesedocument.Thisproblemis not trivial, asthecorrespondenceis not always1:1. Translationis not trivial:
sentencesmightbedropped,or two shortsentencesmight betranslatedby onelongone.

We useChurchandGale’s (1990)algorithm for alignment. It is basedon a very simplestatisticalmodel
of characterlengths. The basicassumptionis that longersentencesin one languagetendto be translatedinto
longersentencesin theotherlanguage,andthatshortersentencestendto betranslatedinto shortersentences.A
probabilisticscoreis assignedto eachpair of proposedsentencepairs,basedon the ratio of lengthsof the two
sentences(in characters)andthevarianceof this ratio. Theprobabilisticscoreis usedin adynamicprogramming
framework in orderto find themaximumlikelihoodalignmentof sentence.

Thecorrespondenceswe modelis 0:1,1:0,1:1,1:2,2:1 and2:2. Thedistribution of eachkind of correspon-
denceis shown in figure2.6.

Theinformationaboutsentencealignmentis keptin tablesandis usedin thecross-lingualevaluation.
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Alignment Type No of Pairs (Percent)�=<>� ?A@�B ( �DCE�F?HG )�I<J� BK@D� ( �DCMLKNHG )�I<>� L��O@�PQLSRST ( ND�SC TA@�G )�I<UL �OB�P�VW�XL ( TDC TS�HG )LY<>� LKRZP[��@KT ( �S�SC �KV�G )LY<UL NS�Z� ( �DC ?S�HG )

Total ?D�OL�PQ@KVSV
Figure2.6: Alignmentfigures

Queries1–10
Group125 NarcoticsRehabilitation
Group241 Firesafety, building managementconcerns
Group323 Battleagainstdiscpiracy
Group551 Naturaldisastervictimsaided
Group112 Autumnandsportscarnivals
Group199 IntellectualPropertyRights
Group398 Flu resultsin HealthControls
Group883 Publichealthconcernscausefood-businessclosings
Group1014 Traffic SafetyEnforcement
Group1197 Museums:exhibits/hours

Queries11–20
Group447 Housing(Amendment)Bill BringsAssortedImprovements
Group827 Healtheducationfor youngsters
Group885 Customscombatscontraband/dutiablecigaretteoperations
Group2 Meetingswith foreignleaders
Group46 Improving EmploymentOpportunities
Group54 Illegal immigrants
Group60 Customsstaff doinggoodjob.
Group61 Permitsfor charitablefund raising
Group62 Y2K readiness
Group1018 Flowershows

Figure2.7: 20 queriesproducedby theLDC (developmentcorpus)

2.3 Human annotation

2.3.1 Queriesand Clusters

LDC annotatorsdeveloped40 queriesthatcover a varietyof subjectssuchas“narcoticsrehabilitation”(thefirst
20 are shown in figure 2.7). Using an in-houseinformation retrieval engineand humanrevision, the judges
obtaineddocumentshighly relevant to the queries.The 10 mostrelevant (accordingto humanassessors)were
usedto construct“clusters”. These40 clustersof documentswereusedduring the workshopfor training and
somespecificevaluations.

In our workshop,Chinesetranslationsof eachquerywereproducedby native speakers(workshoppartici-
pants).

Figure2.8showshow we representa query. Figure2.9shows thecontentsof cluster125. ThedocumentIDs
correspondto theHKNewscorpusandindicatetheyear, month,day, andstorynumberfor eachdocument.
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<!ELEMENT QUERY(TITLE,DESCRIPTION?,NARRATIVE?)>
<!ATTLIST QUERY

QID CDATA #REQUIRED
QNO CDATA #REQUIRED
LANG (CHIN|ENG) "ENG"
TRANSLATED(YES|NO) "NO"
ORIGLANG(CHIN|ENG) "CHIN"
TRANS-METHOD(AUTO|MAN) "AUTO">

<!-- QID: unique query no, eg. 125-CA or 125-E
QNO: LDC query no for content, eg. 125
LANG: of query
TRANSLATED: is it an original query or not?
ORIGLANG: If translated, from which language (from the other
one, of course

!)
TRANS-METHOD:Automatically translated or manually? -->

<!ELEMENT TITLE (#PCDATA)>
<!ELEMENT DESCRIPTION (#PCDATA)>
<!ELEMENT NARRATIVE (#PCDATA)>

Figure2.8: Samplequery

<?xml version=’1.0’?>
<CLUSTER LANG="ENG">

<D DID="D-20000408_011.e" />
<D DID="D-19990927_011.e" />
<D DID="D-19990425_009.e" />
<D DID="D-19990218_009.e" />
<D DID="D-19990829_012.e" />
<D DID="D-19990729_008.e" />
<D DID="D-19980430_016.e" />
<D DID="D-19990211_009.e" />
<D DID="D-19980306_007.e" />
<D DID="D-19990802_006.e" />

</CLUSTER>

Figure2.9: Samplecluster

2.3.2 Sentencejudgements

We alsoaskedthehumanjudgesto producesentencerelevancejudgements.Threehumanannotatorsfrom LDC
judgedeachsentencewithin the10 relevantdocumentsin eachclusterfor relevanceto thequery. They assigned
eachsentencea scoreon a scalefrom 0 to 10,expressingtheimportanceof this sentencein thesummary(Radev
et al., 2000).This typeof annotationis called“utility judgement”.

All sentenceutility scoresgivenby thejudgesfor a givenclusterarerepresentedin a documentcomplyingto
thesentjudgeDTD, anexampleof which is shown in Figure2.10.

2.3.3 Target summaries

The sentencejudgementsannotationdiscussedin the previous sectionallows us to compile human-generated
’ideal’ summariesatdifferentcompressionrates,which is onegold-standardweusefor ourdifferentmeasuresof
sentence-basedagreement,bothbetweenthehumanagreementandbetweenthesystemandthehumanannotators.
We call this goldstandard“humanextracts”.
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DOC:SENT JUDGE1 JUDGE2 JUDGE3 TOTAL
19980306007:1 4 6 9 19
19980306007:2 5 10 9 24
19980306007:3 4 9 7 20
19980306007:4 4 9 8 21
19980306007:5 5 8 8 21
19980306007:6 4 9 5 18
19980306007:7 4 9 6 19
19980306007:8 5 7 8 20
...
20000408011:13 1 5 3 9
20000408011:14 6 4 2 12
20000408011:15 2 6 6 14
...

Figure2.10:Sentjudge:sentenceutilities asassignedby thejudges- cluster125
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Figure2.11:Creationof targetsummariesfrom sentencejudgements

For eachcompressionrate(5,10,20,30,and40%),thetop \ % ranksof utility judgementsweretakento make
up thetargetsummary, asfigure2.11shows. Becauseof limited time, we wereonly ableto evaluatesummaries
producedat the low lengthsof 5, 10, 20, 30, and 40%. For the purposesof evaluationand meta-evaluation
discussedin this paper, theselengthsweremorethanadequate,but futurework mayinvolvesummariesof higher
length.

Summary length and summarization policy

We measuredthe lengthof a summaryin two differentways: by wordsandby sentences.Whenmeasuringthe
lengthof summaryby sentences,for a documentof \ sentencesat a rateof ] %, we producea summaryof ^`_Aa�b
�cQcWd
sentences.

Considerfigure 2.10 again. The total numberof sentencesin cluster125 is 232. By convention,a 10%
summarywill contain24 sentences(23.2roundedup).

Whenmeasuringsummarylengthin words,wecouldn’t expecttheexactresultsgivento usby sentence-based
compression,andsincedifferentsummarizersextractedsentencesof very different lengths,we decidedon the
following algorithm:
For adocumentof \ wordsat a lengthof ] %, let e ���AfOgHhjiFkmlnlog�pXqsr ^ _Aa�b
tc[c d .
while # of words in summary < $idealsummary{
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Add a sentence to the summary;
}

if (# of words in summary > $idealsummary + $idealsummary * 0.1){
subtract the last sentence from the summary;
if (# of words in summary < $idealsummary - $idealsummary * 0.1){

add the last sentence to the summary if $random > 0.5;
}

}

2.4 Experimental setup

2.4.1 Single-documentcase

Figure2.12showspartof theevaluationssetup for singledocumentextracts.Theinput to theprocessis a query
and the corpus,i.e. the entirecollectionof documents.The IR engineSMART thenoutputsa ranked list of
documents.

Thefirst IR evaluationmeasureis measuredby comparingthis list to the lists createdby humansmentioned
earlier(“IR results”). To evaluatethe quality of a certainsummarizerwe comparethe IR outputachieved this
way to theIR outputachievedonthefull documents.This is thenew measureintroducedin thisworkshop,called
RelevanceCorrelation(cf. “Correlation” in Figure2.12).

query
SMART

LDC�Judges

Ranked
document
list

Ranked
document
list

IR�results

document

Summary
comparison

Correlation

Summarizer

Baselines

Single-document�situation

Extract�

1.�Co-selection
2.�Similarity

Figure2.12:Single-documentpipeline

Thenext setof experimentsis multi-lingual. Our IR enginecanrunChinesequeriesontheChinesepartof the
corpus– providedwe have translatedthe(originally English)queriesinto Chinese.Thetranslationcanbedone
automaticallyor manually. As thecorpuscontainssetsof paralleldocumentswith identicalmeaning,this setup
allows to compareEnglishIR performanceto ChineseIR performance.Next, Chinesesummariescanbecreated
usingthe Chinesesummarizers,andthe samestepasdescribedbelow (indexing of Chinesesummaries)canbe
performed.

We also usethe 400 extractsprovided by the LDC judges(40 queriesX 10 documentseach). For each
document,threedifferenthumanscreateextractsfor it independently. This meansthatwe first have to compare
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thesesummarieswith eachother, in orderto establishin how farhumansagreewhenthey extract“most relevant”
sentences.This is signified in on the right handside of figure 2.12 as “summarycomparison”. As we will
motivate later, thereareseveral differentways how this summarycomparisoncan be performed,for instance
usingco-selectionor content-basedsimilarity.

Thesummarizersalsocreateextractsfor the 400documents,andtheseextractsarecomparedto the human
extractsin thesameway (by co-selectionor content-based).

Weuseddifferentsummarizers(MEAD andWebSumm),andwealsoconsidertwo differentbaselinesystems,
randomextractedsentencesandlead-basedsentences.Thesearetreatedlike summarisersandcomparedto the
humanjudgements.

2.4.2 Multi-document case

Figure2.13showsthesituationfor multi-documentsummaries.For clustersof 10documentseach,for 40queries,
our judgescreatetwo typesof summaries:extracts(by assigningsentencerelevantgradesto eachsentencein the
documents,effectively extractingsentences),andhand-writtensummariesof threedifferentlengths(50,100and
200words).

LDC�Judges

Summary
comparison

Manual�sum.

Summarizer

Baselines

document
cluster

Multi-document�situation

1.�Co-selection
2.�Similarity

Extracts

Figure2.13:Multi-documentpipeline

Our setupallows to comparehumanandmachine-createdmulti-documentextractsby co-selectioncompari-
son. Moreover, similarity-basedcomparisoncanberun on bothextractsandsummaries.However, in themulti-
documentscenarioit makesnosenseto compilerelevancecorrelation,asthereis noappropriatelist of documents
to comparethe ranksto. In the single-documentcase,the ranksof full documentsprovided this appropriate
comparison,but here,this is not possible.

Figure2.14presentsseven different10% multi-documentextractsproducedfrom the samecluster(Cluster
125). Notethatorderwithin a columnis not relevant.Onesentencewith high salienceis sentence2 from article
19980306007, which is chosenby several judgesandseveral automaticsystems.Later chapterswill describe
exactlyhow thecomparisonsareperformed.
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MEAD LEAD RANDOM JUDGE1 JUDGE2 JUDGE3 ALLJUDGES
19980306007:2 19980306007:1 19980306007:4 19980306007:2 19980306007:1 19980306007:15 19980306007:2
19980306007:15 19980306007:2 19980306007:6 19980306007:3 19980306007:2 19980306007:17 19980306007:15
19980306007:26 19980430016:1 19980306007:19 19980306007:4 19980306007:18 19980430016:1 19980430016:13
19980306007:27 19980430016:2 19980306007:22 19980306007:6 19990425009:1 19980430016:2 19980430016:16
19980430016:17 19990211009:1 19980430016:1 19980306007:7 19990425009:2 19980430016:13 19990425009:1
19980430016:20 19990211009:2 19980430016:3 19980306007:9 19990729008:12 19980430016:14 19990425009:2
19980430016:38 19990218009:1 19980430016:20 19980306007:11 19990802006:2 19980430016:16 19990425009:3
19990211009:2 19990218009:2 19980430016:24 19980306007:12 19990802006:6 19980430016:17 19990425009:7
19990211009:4 19990218009:3 19980430016:42 19980306007:13 19990802006:8 19980430016:19 19990425009:8
19990211009:6 19990425009:1 19990218009:14 19990425009:7 19990802006:9 19990211009:3 19990729008:8
19990218009:4 19990425009:2 19990425009:18 19990425009:10 19990802006:13 19990218009:2 19990802006:8
19990425009:2 19990425009:3 19990729008:4 19990802006:7 19990802006:16 19990218009:4 19990802006:9
19990425009:6 19990729008:1 19990729008:13 19990802006:8 19990829012:1 19990425009:1 19990802006:10
19990425009:7 19990729008:2 19990802006:19 19990802006:9 19990829012:2 19990425009:3 19990802006:13
19990425009:9 19990802006:1 19990802006:23 19990802006:10 19990927011:1 19990425009:8 19990802006:16
19990425009:13 19990802006:2 19990829012:16 19990829012:2 19990927011:2 19990425009:12 19990829012:2
19990729008:3 19990829012:1 19990927011:11 19990829012:5 19990927011:10 19990729008:8 19990829012:6
19990729008:8 19990829012:2 19990927011:14 19990829012:6 19990927011:11 19990802006:13 19990829012:13
19990729008:13 19990927011:1 19990927011:18 19990829012:12 19990927011:12 19990829012:2 19990927011:11
19990802006:3 19990927011:2 19990927011:21 19990829012:13 19990927011:13 19990829012:6 19990927011:12
19990802006:16 19990927011:3 19990927011:26 19990927011:4 19990927011:18 19990829012:13 20000408011:1
19990802006:17 20000408011:1 20000408011:15 19990927011:5 19990927011:20 19990927011:14 20000408011:2
19990829012:7 20000408011:2 20000408011:20 19990927011:6 19990927011:21 20000408011:13 20000408011:4
19990927011:9 20000408011:3 20000408011:21 20000408011:2 20000408011:1 20000408011:15 20000408011:5

Figure2.14:Seven10%extractsproducedfrom thesamecluster

2.5 Manual summariesin the framework of the workshop

In this workshop,we do not produceautomaticnon-extractivesummaries.Nevertheless,humansummariescan
beanextremelyusefulresourcefor comparisonof manualextractsandautomaticextractsin acontent-basedway.
Theseevaluationmeasuresgive, in ouropinion,a betterunderstandingof thequalityof extracts.

TheLDC judgesalsowrotemulti-documentsummariesfor eachclusterat 50, 100,and200words(indepen-
dentlyof thesizeof thedocuments).As humansummarywriting by trainedprofessionalsis very expensive,we
decidedagainstsingle-documentsummaries.It would not have beenpossibleto provide summariesof all 400
documentsby severaljudges(andseveralcompressionrates).However, our judgesfoundwriting multi-document
summariesto bea naturaltask. They followedour slight variationof theDUC guidelines(DUC2000,2000),cf.
next section),to do so. Thesetexts provide a differentgold standardfor multi-documentsummariesin someof
ourexperiments;wecall them“humansummaries”.Humansummariesareonly availablein English.

2.5.1 The DocumentUnderstanding Conference

The DocumentUnderstandingConference(DUC) alsoemploys humansummariesasgold standards.Its first
competitiveconference(Spring/Summer2001)wassetupasa first informationgatheringprocessandpilot study
of multi-documentsummarization.

Sixteensitesparticipatedin theevaluation.Thetrainingdataconsistsof 30 clustersof 8 - 16 documentseach
from the TREC collection, ie., newstoriesfrom differentnewspapersor news agenciessuchasthe Wall Street
Journal,the SanJoseMercury, andAssociatedPress.The clusterscenteraroundone“event” andits follow-up
events,wherebythedefinitionof aneventdifferedbetween:� Oneeventhappeningatonetimeandplace,e.g.theeruptionof MountPinatubo.� Several(moreor lessconnected)eventscenteredaroundoneperson,e.g.thecareerof Alan Greenspan� Several unrelatedeventsof the sametype, e.g. reportsof differentfires on cruiseshipsor reportsof sun

eclipses.� News items even more loosely related,e.g. news andbook reportsaboutthe Antarctica,rangingfrom
political decisionsto expeditionsto scientificprojectson Antarctica.

Theseclustersweredistributedwith human-writtensummaries(onejudgepertask):� Onesingle-documentsummaryperindividualdocument,of 50wordslength;

27



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

� Fourmulti-documentsummariespercluster, of 400,200,100and50 wordslength.

After participantsreceived the training data,the actualtestwasperformedin July 2001,whereanother30
clusters,previouslyunseen,weredownloadedandsummarizedlocally. Eachparticipantthensenttheirsummaries
to NIST, wheretheevaluationwasperformedby comparisonto thehuman-writtensummaries.

Evaluationwasdoneby cutting the human-writtensummary(or modelsummary)into modelunits (MU),
which could be a clauseor a sentence,and by comparingthesemanually to the systemsummaries(or peer
summaries).Peersummarieswereautomaticallyseparatedinto peerunits(PU).For comparison,thejudge,who
is thepersonastheonewhowrotethesummaries)usedatool calledSEE,writtenby Chin-Yew Lin, whichallows
to displaymodelandsystemsummaryin parallelandrecordtheevaluationdecisionby thejudge.

Thejudgedecidesfor eachMU if therearePUscoveringit, eitherpartially or totally. For non-coveredPUs,
the judgesdecidewhetheror not they shouldhave beenin the model summary. Final resultsare reportedin
precisionandrecall,whichcanbestrict (full coverageonly) or lenient(partialcoveragetoo).

We designedour resourceof manualsummariesascloseto the DUC dataaspossible,so that they canbe
usefulto thecommunityasadditionalmaterialfor thestudyof humanandautomaticsummarization.

2.5.2 Guidelinesfor manual summariesin the workshop

Theprotocolwe askedthesummarywritersto follow is asfollows:� Write a 200word summary(+/- 5 words)� Cut it down to a100wordsummary(+/- 5 words)� Cut it furtherdown to a 50 wordsummary(+/- 5 words)

The reasonwhy we did not askour judgesto write 400 word summariesis that our texts aresubstantially
shorterthantheDUC textsandalsoof adifferentgenre(administrativeannouncementsof amunicipalnewspaper
ratherthanpropernews texts). Therefore,we suspectedthat it would be too difficult for the judgesto produce
summariesaslongas400words.Thiswasconfirmedby thejudgesafterhaving readthetexts: they felt thatthere
wasnot enoughmaterialto producesummariesaslongas400wordslength.

In onerespectour datais moreinformative thanthe DUC manualsummaries:in the DUC setuptherewas
someoverlapbetweenjudgeswriting summaries(i.e. it is not thecasethat therewasalwaysonly onesummary
per text), but the overlapwasonly in somepart of the material. Our resourceusedthreejudgesfor eachtext,
which providesmorematerialfor interannotatoragreement– evenif it is not guaranteedthateachjudgecovered
theentiredata(thereweremorethanthreejudgesinvolvedin our setup.Eachof thesejudgeswrotesummaries
for asubsectionof theentireset).

We encouragedthe judges,asthe DUC guidelineshaddone,to reformulatesentences.Manualsummaries
wereproducedafter theextractsandrelevancejudgementswerecreated.Anecdotally, we heardfrom LDC that
the judgesfoundthe taskof writing summariesfrom scratcheasierandmorenaturalthantheprevioussentence
extractiontask.
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Chapter 3

Inf ormation Retrieval of Documentsand
Summaries

Informationretrieval (IR) aimsat searchingfor usefulor relevantdocumentsin responseto userqueries.An IR
modelshouldbe ableto returna setof documentsdeemedrelevant to the queryandpossiblyrank the returned
documentsaccordingto theestimatedrelevance.

Automaticsummarizationhasbeendevelopedto alleviate the informationoverloadproblem.An interesting
questionis to seehow usefulsummariesarefor theinformationretrieval task.Specifically, automatedsummaries
can be usedfor documentsurrogatesfor indexing. We wish to investigateand comparethe IR performance
usingtheautomatedsummariesaswell asentiredocuments.To this end,we introducea new extrinsic measure
for summarizationcalled relevancecorrelation asdiscussedin subsequentchapters.The outputof a retrieval
run facilitatesthe computationof relevancecorrelation. Apart from mono-lingualretrieval, we alsoinvestigate
cross-lingualretrieval of automatedsummariesdueto theavailability of aparallelcorpus.

In this chapter, we will introducea backgroundon informationretrieval modelsanda vector-spacetext re-
trieval engineSMART (Buckley, 1985)andXSMART. We will describea cross-lingualretrieval techniqueem-
ploying phrasaltranslationandtermdisambiguation.

3.1 Inf ormation Retrieval Models

An informationretrieval (IR) modelischaracterizedbyaquadrupleu vwPQx�PQyzP[{�|~}F��P ���X��� (Baeza-YatesandRibeiro-
Neto,1999)where� v is a setcomposedof logical views (or representations)for thedocuments� x is a setcomposedof logical views(or representations)for theuserinformationneeds(queries).� y is a framework for modelingdocumentrepresentations,queries,andtheir relationships.� {�|j}`��P �K�X� is a ranking function which associatesa real numberwith a query }`����x and a document

representation
��� �ov .

Samplequeriesareshown in Figure3.5. In anIR model,we needto designdocumentandqueryrepresenta-
tions.DifferentmodelshavebeenproposedandsomecommononesareBooleanmodel,vector-basedmodel,and
probabilisticmodel.Typically eachdocumentis representedby a setof index termscharacterizingthecontentof
thedocument.Index termscanbewordsor phrasesextractedor derivedfrom thecontent.

The Booleanmodel is a simpleandintuitive retrieval model. In this model,index termsarecollectedfrom
thedocumentandqueriesarespecifiedasBooleanexpressions.Despitethis modelhasbeenusedin many early
retrieval systemsdueto its simplicity, thereareseveraldisadvantages.Thefirst drawbackis thattheoutputof the
retrieval resultis abinarydecisionwithoutany degreeof relevanceor partialmatch.Theseconddrawbackis that
someinformationneedscannoteasilyberepresentedby Booleanqueries.
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To addresstheproblemof binary relevancein Booleanmodels,vector-basedandprobabilisticmodelsmake
useof real-valuedweightsfor index terms. The result of a retrieval processis a ranked list of documentsin
decreasingorderof relevanceto thequery.

IR modelswere developedoriginally in mono-lingualsettingswhere the languagesof the query and the
documentsarethe same.For example,onecanconductretrieval on EnglishdocumentsusingEnglishqueries.
Likewise, onecan conductretrieval on ChinesedocumentsusingChinesequeries. In our project, the corpus
containsbothEnglishandChinesedocuments.Clearly, we needanIR enginethatcanhandlebothEnglishand
Chinese.

The original SMART could only processEnglish documents.We madesomeenhancementsto it so that
it canindex andretrieve both EnglishandChinesedocuments.More detaileddescriptionof SMART andour
enhancementsaregivenin thenext section.

indexing

module

retrieval

module

(English/Chinese)

documents/

summaries

IR engine

document

representation

(index)

query

(English)

ranked list

of documents/

summaries

Figure3.1: InformationRetrieval Engine

Figure3.1 illustratesthemajor tasksinvolvedin our project. We madeuseof a collectionof documents(or
summaries).Thefirst stepwasto index thecollection.Theoutputof this stepwasanindex andrelatedfiles. The
outputof theretrieval processwasa rankedlist of relevantdocuments(e.g.,Figures3.2).

Recently, therehasbeena surge of interestin developingcross-lingualretrieval techniques.In additionto
mono-lingualretrieval, our projectalsoinvestigatedcross-lingualretrieval in which we retrievedChinesedocu-
mentsbasedon Englishqueries.

In additionto mono-lingualretrieval,wealsoinvestigatedcross-lingualretrieval. Ourapproachfirst conducted
query translationso that the translatedquery was expressedin the samelanguageas the document/summary
collection.Thenwe performedretrieval in a similar fashionasthemono-lingualone.

Thequerytranslationprocessmainly consistsof two components.Thefirst componentis phrasaltranslation
andthe secondcomponentis term disambiguation.Thesetwo componentswill be describedin moredetailsin
latersections.

3.2 SMART and ChineseSMART (XSMART)

SMART is a vector-basedtext retrieval engineoriginally developedby SaltonandMcGill (1983)andmaintained
by Buckley (1985). The framework of the vector-basedmodel consistsof vectorsandoperationson vectors.
Precisely, eachdocumentv � is representedas:v � r | � ��
 P � ��� P`CFC`CFP � �E� �

30



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

whereeachelement
� � � denotesthe weightof the index term � � in thedocumentv � . Similarly, a query x�� is

representedas: x�� r |~}F� 
 PQ}`� � PFC`C`C`P[}`� � �
whereeachelement}`� � denotestheweightof theindex term � � in thedocumentx�� .

Therearea varietyof methodsfor determiningtheweightsof theelementson thevectors.A simplemethod
is just to usethe term frequency astheweight. Termfrequency,

� �
for the term � � is definedasthe numberof

occurrenceof this term in a certaindocument.Anothermethodis to considerthe inversedocumentfrequency
(IDF) statisticsin additionto termfrequency. Thebasicform of inversedocumentfrequency of a term � � canbe
computedas: hj�X� | �\ � �
where \ � is the documentfrequency of the term � � in the documentcollectionand

�
is the total numberof

documentsin thecollection.In SMART, userscanspecifydifferentvariantsof weightingstrategiesbasedonterm
frequency andinversedocumentfrequency. In ourproject,we madeuseof thefollowing weightingscheme:

|j�DCM@�� �DCM@ � ������D� �th~�X� | �\ � �
where����� � is themaximumtermfrequency of a particulardocument.

Thevectorswerenormalizedfor subsequentprocessing.A commonnormalizationschemeknown ascosine
normalizationwasused.For example,supposetheweightafterconsideringtermfrequency andinversedocument
frequency of a termin documentv � was � � � . Thenthefinal weightaftercosinenormalizationwas:� � �� � � � �� �
Theweight }F� � in thequerywascalculatedin a similarway.

During theretrieval process,a similarity scorewascomputedbetweeneachdocumentv � andthequery x��
asfollows: �����A�[  r v �¢¡ xY�
Theoutputwasarankedlist of documentssortedby decreasingorderof similarity.

Theoriginal SMART supportsall theabove representationandmodel. However, it canonly handleEnglish
documents.We had to make an enhancementto the way it readsa token so that it candealwith double-byte
Chinesecharacters.We refertheenhancedversionof SMART with bilingual featuresasXSMART

Anotherissueis theChinesewordsegmentationproblem.Thisproblemarisesdueto thelackof wordbound-
ariesin Chinesetexts. Our word segmentationprogramwasderivedfrom the programwritten by Petersonob-
tainedfrom http://www.mandarintools.com.Theoriginalprogramonly handlesChinesetextsencodedin GB. We
modifiedit sothatit canhandletextsencodedin BIG5.

A sampleretrieval resultsfor full-length documentsis givenbelow:

<?xml version=’1.0’?>
<!DOCTYPE DOC-JUDGESYSTEM"/export/ws01summ/dtd/docjudge.dtd">
<DOC-JUDGEQID="Q-241-E" SYSTEM="SMART"LANG="ENG">

<D DID="D-20000126_008.e" RANK="1" SCORE="135.00" CORR-DOC="D-20000126_012.c"/>
<D DID="D-19980625_007.e" RANK="2" SCORE="99.00" CORR-DOC="D-19980625_006.c"/>
<D DID="D-19990126_017.e" RANK="3" SCORE="98.00" CORR-DOC="D-19990126_018.c"/>
<D DID="D-19981007_018.e" RANK="4" SCORE="91.00" CORR-DOC="D-19981007_023.c"/>
<D DID="D-19980121_004.e" RANK="5" SCORE="78.00" CORR-DOC="D-19980121_009.c"/>
<D DID="D-19971016_004.e" RANK="6" SCORE="72.00" CORR-DOC="D-19971016_005.c"/>

Figure3.2: Sampleretrieval for full documents

A sampleretrieval resultsfor lead-basedsummary(5%) is givenbelow:
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<?xml version=’1.0’?>
<!DOCTYPE DOC-JUDGESYSTEM"/export/ws01summ/dtd/docjudge.dtd">
<DOC-JUDGEQID="Q-241-E" SYSTEM="SMART"LANG="ENG">

<D DID="D-20000126_008.e" RANK="1" SCORE="14.00" CORR-DOC="D-20000126_012.c"/>
<D DID="D-19991214_002.e" RANK="2" SCORE="11.00" CORR-DOC="D-19991214_001.c"/>
<D DID="D-19980810_006.e" RANK="3" SCORE="10.00" CORR-DOC="D-19980810_003.c"/>
<D DID="D-19990505_028.e" RANK="4" SCORE="9.00" CORR-DOC="D-19990505_014.c"/>
<D DID="D-19980115_009.e" RANK="5" SCORE="9.00" CORR-DOC="D-19980115_013.c"/>

Figure3.3: Sampleretrieval for summaries

3.3 Phrasal translation

Phrasaltranslationis thefirst componentin ourquerytranslationapproach.Recallthatthequeryis in English.The
ideais to attemptto locateEnglishphrasesin thequeryandconducttranslationon thephrasesasfar aspossible.
A basicresourcewe usedin thephrasaltranslationprocessis a combinedphrasal/word bilingual lexicon. After
sucha lexiconwasconstructed,it wasusedfor conductingtranslation.

We madeuseof two resourcesto constructthe combinedphrasal/word bilingual lexicon. Thefirst resource
wasaChinese-Englishbilingualdictionaryv 2.0obtainedfrom LDC. Thislexiconis in Mandarindialectencoded
in GB andcontainsabout128,000entries.Eachentry in this lexicon containsa numberof Englishtranslations
for a particularChineseword/term.TheEnglishtranslationsarein wordsor phrases.TherewasanotherEnglish-
Chinesebilingual dictionary preparedby LDC. This dictionary containsChinesetranslationsfor a particular
Englishword. Sincethe Chinese-Englishbilingual dictionarycontainsEnglishphrases,this dictionaryis more
suitablefor our purposeof Englishquerytranslation.Therefore,we decidedto usethis dictionaryinsteadof the
otherone.We conductedsomeprocessingon this dictionaryto producethedesiredbilingual lexicon. Basically,
we extractedall the Englishwordsandphrasesfrom the dictionaryandproduceda new lexicon sortedby the
extractedEnglishterms.Eachentryin thelexiconconsistsof anEnglishwordor phrasestogetherwith its Chinese
translations.The secondresourcewas a bilingual term lexicon derived from the Chinese-EnglishTranslation
Assistance(CETA) dictionaries.We mergedthesetwo lexiconsandproducedthefinal English-Chineselexicon
consistingof about210,000entries.

Given an Englishquery, we looked for phrasesthat matchthe bilingual lexicon asfar aspossible.The al-
gorithm processeseachtext segmentseparatedby punctuationoneby one. It startswith the beginning of the
segment. It attemptsto matchthephrasesin the lexicon startingwith thefirst word in thequery. If oneor more
phrasesarematched,it selectsthelongestphrasefor translation.If no phraseis matchedwith thelexicon, thenit
looksup a list of translationsfor thesingleEnglishword. Termdisambiguationwill beconductedto selectone
or a few goodtranslationsfrom the list. The next stepis to repeatthe sameprocessingstartingfrom the next
availableEnglishword.

3.4 Term disambiguation

GivenanEnglishphraseor a word obtainedby thephrasaldetectionalgorithmdescribedabove,thequerytrans-
lation componentlooks up the correspondingentry in the combinedbilingual lexicon. Normally, a numberof
Chinesetranslationtermsexist in thelexicon. Thenumberrangesfrom 1 to 70. Thenext problemis to selectone
or a few goodtranslations.This is themainobjectiveof termdisambiguationtask.

We tackle this problemby consideringthe neighboringcontext of the term as shown in Figure 3.2. We
first introducesomenotations.Let £�¤ be the Englishterm to be consideredandits setof Chinesetranslations
in the lexicon be ¥�¦§¤©¨ ª�«`¬`¬F¬`«­¦�¤~¨ ®­¯­° . Likewise, let £±¤�²³ª be the English term just after £±¤ in the query; the set
of Chinesetranslationsfor £±¤�²³ª be ¥O¦§¤E²³ª­¨ ªK«`¬F¬`¬�«­¦§¤�²³ª´¨ ®­¯�µH¶�° . For eachpossiblecombinationof the Chinese
translation ·¸¦§¤©¨ ¹W«Q¦§¤E²³ª­¨ ºK» , we computeda scorewhich relatesto the co-occurrenceof thesetwo Chineseterms
in a sentence.Specifically, the co-occurrencestatisticsis calculatedasthe numberof sentencesin which these
two termsco-occurdividedby thetotal numberof sentencesin thetrainingcorpus.We usedthewholeChinese
documentcollectionof the Hong Kong News Corpusasthe training corpus. The highest ¼ pairsof translation
termsareextractedandbecometheoutputof thetranslatedquery. After thetranslatedqueryis obtained,it canbe
usedfor conductingretrieval of thetargetlanguagewhich is Chinesein ourexperiments.

Theoutputof a retrieval run facilitatesthecomputationof relevancecorrelationwhich is a new measurefor
summarizationquality. The retrieval performancecanbemeasuredby traditionalrecallandprecision.Both the
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E i-1 :C i-1,1 C, i-1,2 , ....

E :C C, , ....

E :C C, , ....

i i,1 i,2

i+1 i+1,1 i+1,2

Figure3.4: TermDisambiguation

Sample English Query

<?xml version=’1.0’?>

<!DOCTYPE QUERY SYSTEM "dtd/query.dtd">

<QUERY QID="Q−241−E" QNO="241" TRANSLATED="NO">

<TITLE>

Fire safety, building management concerns

</TITLE>

</QUERY>

Sample Chinese Query

<?xml version=’1.0’?>

<!DOCTYPE QUERY SYSTEM "dtd/query.dtd">

<QUERY QID="Q−241−C" QNO="241" TRANSLATED="NO">

<TITLE>

</TITLE>

</QUERY>

     1.CNPRINT WED 01-MAY-02 15:27:33 HKT

Figure3.5: SampleQueries

33



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

relevancecorrelationandtraditionalretrieval performancemeasureswill bediscussedin subsequentchapters.
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Chapter 4

Extracti ve Summarization

As a humanactivity, the productionof summariesis directly associatedwith the processesof languageunder-
standingandproduction:a sourcetext is readandunderstoodto recognizeits contentwhich is thencompiled
in a concisetext. In orderto explain this process,several theorieshave beenproposedandtestedin text linguis-
tics,cognitivescienceandartificial intelligenceincludingmacrostructures(KintschandvanDijk, 1975;vanDijk,
1979),historygrammars(Rumelhart,1975),plot units(Lehnert,1981)andconcept/coherencerelations(Alterman
andBookman,1990).Severalmethodsandtheorieshave beenappliedto automatictext summarizationresearch
includingtheuseof statisticalmeasures,sentenceposition,cueandtitle words(Luhn, 1958;Edmundson,1969;
Kupiec et al., 1995; Brandow et al., 1995); partial understandingusing conceptualstructures(DeJong,1982;
Tait, 1982);bottom-upunderstanding,top-down parsingandautomaticlinguistic acquisition(Rauet al., 1989);
recognitionof thematictext structures(Hahn,1990);cohesive propertiesof texts (BenbrahimandAhmad,1995;
Barzilay andElhadad,1997)or rhetoricalstructuretheory(Onoet al., 1994;Marcu,1997). In this chapter, we
briefly describesomeapproachesto text summarizationresearch,andthesummarizationsystemsandalgorithms
usedduringthis research.

4.1 Literatur e Review

Wewill now presentabrief overview of prior work in text summarizationbothsingleandmulti-document.While
thereview is incompletewewill try to covermostof theimportantwork beingcarriedout in thearea.

4.1.1 SurfaceLevel Approaches

Classicalapproachesto text summarizationincludethe useof surfacelevel indicatorsof informationrelevance
andcorpusstatisticsthatcanbeappliedto unrestrictedtext, herewereview featuresusuallyemployed.

Luhn (1958)developedthe first sentenceextractionalgorithmwhich usesterm frequenciesto measuresen-
tencerelevance.Theideabeenthatwhenwriting aboutagiventopica writer will repeatcertainwordsasthetext
is developed. So,termrelevanceis consideredproportionalto its in-documentfrequency. Luhn’salgorithmfilters
termsusingusingastop-listandcomputestermfrequenciesby aggregatingtermstogetherbasedonorthographic
similarity. Thesetermfrequenciesarelaterusedto scoreandselectsentencesfor thesummary.

In general,whencomputingtermrelevance,functionwordslike determinantsandconjunctions,thatareal-
wayshighly frequentin any documentareomitted. Whendealingwith a text collectionin a certainfield (e.g.,
ComputerScience)it is likely that all documentssharecommontermsin that field (e.g.,computer, algorithm)
while othersarelessfrequentin thewholecollection(e.g.,distributedsystem).In thesecases,therelevanceof a
termin thedocumentis alsoinverselyproportionalto thenumberof documentsin thecollectioncontainingthe
term(Salton,1988).Thenormalizedformulafor termrelevanceis givenby ½�¾K¤W¿�À�Á	¾K¤ , where½�¾�¤ is thefrequency
of term À in the documentand À�Á�¾�¤ is the inverteddocumentfrequency (that canbe computedby Â �SÃ ·~ÄÆÅ�ÁA½�¾�¤¸»
where Ä is thenumberof documentsin thecollectionand ÁA½�¾�¤ is thenumberof documentscontainingterm À ).
Relevant termsarethosewhosescoreareabovea giventhreshold.Giventermrelevance,sentencescorescanbe
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computedin a numberof waysincluding thecomputationof a scorebasedon the numberof relevant termsthe
sentencecontains,or thesumof scoresof therelevanttermsin thesentenceor thenumberof clustersof relevant
termsthesentencecontains.As analternative to measuringtermrelevance,conceptrelevancecanbemeasured
usingWordNet(Lin andHovy, 1997;Hovy andLin, 1999)(anoccurrenceof theconcept’fruit’ is countedwhen
theword “fruit” is foundaswell aswhenanhypernymy of “fruit” is found). Termdistribution hasbeenshown
lessusefulfor sentenceselectionthanothersurfacelevel features.

Therelative positionof a sentencein thedocumenthasbeenshown to bea goodindicatorof sentencerele-
vance,Baxendale(1958)showedthatfirst andlastsentencesof paragraphsareusuallyjudgedashighly content
bearing:in a corpusof 200paragraphsit wasfoundthat in 85%of theparagraphsthetopicalsentenceoccurred
in first positionandin 7% of the paragraphsthe topical sentenceoccurredin last position. Recently, Lin and
Hovy (1997)havedevelopedalgorithmsfor theautomaticidentificationof positionlikely to yield goodsummary
sentences:theOptimalPositionPolicy, a list thatindicatesin whatordinalpositionsin thetext high-topic-bearing
sentencesoccur. Not only thephysicalpositionof thesentencebut alsothe ’ logical’ positionof a sentenceasa
memberof a particular’conceptual’sectionis importantfor sentenceextraction.Saggion(2000)hasshown that
in acorpusof abstractswrittenby professionalabstractorsmorethan70%of theinformationfor abstractscomes
from introduction,conclusion,maintitle andsectionheadingsof thesourcedocument.

Thepresenceof certaincue-wordsis alsoasurfacelevel indicatorof sentencerelevance.Onecanconsiderthat
wordslike “important” and“relevant” point to a priori importantinformationin sentencesandsotheir presence
canbeusedasa cluefor sentencerelevance.Heresomecue-wordsareclassifiedas“positive” (suchas“impor-
tant”) while othersareclassifiedas“negative” (suchas“believe”), thelattercanbeusedfor sentencedeletion.In
scientifictexts,cuewordsor phraseslike“in thispaper”,“in conclusion”,“the results”,etc.havebeenextensively
usedto locatesentencesfor abstracts(Edmundson,1969;Paice,1981;TeufelandMoens,1999;Saggion,1999),
thesekind of constructsgenerallycalled’indicativephrases’signalinformationcentralto thescientifictext. Sen-
tencescontainingthoseindicatorsenrichedwith adjacentsentenceshavebeenusedasindicativeabstracts.While
thetaskof constructingrelevantlistsof cue-wordsis timeconsumingandhighly dependentonthedomain,Teufel
(1998)hasshown how theidentificationof cue-phasescanbeaccomplishedin a semiautomaticfashion.

Edmundson(1969) studiedhow combinationof different linguistic and structuralfeaturesaffect the co-
selectionratiosbetweenautomaticabstractsandidealabstracts.Thework investigatesthepresenceof pragmatic
words(cuemethod),title andheadingwords(title method),andstructuralindicators(locationmethod),asaddi-
tional featuresfor sentenceworthiness.Edmundsondemonstratesthat a combinationof cue,title, andlocation
methodsproducesthehighestmeanco-selectionscore.

4.1.2 Trainable Summarization

Kupiecet al. (1995)implementeda Bayesianclassifierthatcomputestheprobability thata sentencein a source
documentshouldbe includedin a summary. In orderto train theclassifierthey useda corpusof of 188pairsof
full documents/summaries(written by professionalabstractors)from scientificfields. Thefeatures(all discrete)
usedin orderto representsentenceswere:sentencelength(trueif sentencelengthgreaterthat threshold),phrase
structure(true if the sentencecontainsparticularcue-words), paragraph(paragraphinitial, paragraphfinal or
paragraphmedial),thematicword (sentencesarescoredaccordingto the frequenciesof their contentwordsand
highscoredsentencesreceiveatruevaluefor this feature),uppercaseword(sameasbeforebut only for noninitial
uppercasewords).Theprobabilitythata sentenceshouldbeselectedis:

Ç ·jÈYÉÊ£nË ½[ª�«`¬E¬�¬E«�½�®K»�Ì Ç ·jÈYÉÍ£=»Î¿ Ç ·©½[ªK«`¬E¬�¬E«�½�®ZË ÈYÉÊ£=»Ç ·~½ ª «F¬�¬E¬�«[½ ® » (4.1)

where:
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Ç ·jÈYÉÊ£ÏË ½ ª «F¬�¬E¬E«�½ ® » probability that sentenceÈ is containedin the extract
giventhefeatures½ ª «F¬�¬E¬�«[½ ®Ç ·jÈYÉÊ£=» probabilitythat È is selectedÇ ·©½[ª�«`¬E¬�¬E«�½�®DË È�Éo£=» probabilityof thesetof features½[ª�«F¬�¬E¬�«[½�® in theextractÇ ·©½[ª�«`¬E¬�¬E«�½�®K» probabilityof thesetof features½[ªO«F¬�¬E¬E«�½�® in thetext

Theestimationof parameters(assumingindependence)is asfollows:Ç ·©½ ª «`¬E¬�¬E«�½ ® Ë ÈYÉÊ£=»�ÌÑÐ ®¤�Ò³ª Ç ·©½ ¤ Ë ÈYÉÊ£s»Ç ·©½[ªK«`¬E¬�¬E«�½�®S»�Ì Ð ®¤�ÒÓª Ç ·©½t¤¸»
Using this probabilisticapproachthey found that location-basedfeaturesgivesthe bestperformanceanda

combinationof location,cue-word,andsentencelengthgive thehighestco-selectionmean.

4.1.3 Cohesion-basedsummarization

Themaindrawbackof extractive methodsis that they usuallyfail to capturethe relationsbetweenthe concepts
in texts. Anaphoricexpressions(pronounsanddefinitenounphrases),thatareusedto refer backto eventsand
entitiesin thetext needtheir antecedentsin orderto beunderstood.Whensentencescontaininganaphoriclinks
areextractedwithout the previous context the resultingsummarybecomeunintelligible. Text cohesion(Hally-
day, M.A.K. andHasan,Ruqaia,1996)involvesrelationsbetweenwords,word senses,or referringexpressions,
which determinehow tightly connecteda text is. Cohesivepropertiesof thetext have beenexploredby different
approachesto text summarizationin orderto copewith theaboveproblems.

BarzilayandElhadad(1997)computelexical chainsasthebasisfor text summarization.This approachwith
be describedin Section4.3.4. Mani andBloedorn(2000)also explore the useof cohesionrelationsbetween
propernames,to constructuser-focusedsummariesfor multiple articles. Their approachwill be describedin
Section4.3.2

Tele-pattan(BenbrahimandAhmad,1995)is a text summarizationsystembasedon thenotionof lexical co-
hesion.An analysisof lexical cohesion,by countingrepetitions,synonyms,super-ordinatetermsandparaphrases,
leadsto theestablishmentof a network of sentences,sometightly bondedto eachother, while othershave weak
bondsor not bondsat all. Thedensityof bondsin thenetwork andthedistribution of thebondsis usedto decide
which sentenceof the text arethemeopening,or closingor marginal. Summariescanbe generatedthat open,
continueandcloseagiventopic.

4.1.4 Rhetoric-basedsummarization

RhetoricalStructureTheory is a descriptive theory abouttext organization. The theory consistsof a number
of rhetoricalrelationsthat tie togethertext spans,anda numberof recursive schemasspecifyinghow texts are
structurallycomposedin a tree-like representation.Most relationsarebinaryandasymmetric:they tie together
a nucleus(centralto thewriter’s goal)anda satellite(lesscentralmaterial).Onoet al. (1994)andMarcu(1997)
madeuseof RSTasthebasisfor text summarization.Theapproachconsistontheconstructionof arhetoricaltree
basedon thepresenceof explicit discoursemarkersandtheuseof heuristicrulesto decidefor thebestrhetorical
treefor a given text. In the caseof Marcu the minimal unit of analysisis the clausewhile in Onoet al’s is the
sentence.After the tree is obtainedtext units have to be extractedfor the summary. In Ono et al’s approach
sentencesarepenalizedaccordingto their rhetoricalrole in thetree.A weightof 1 is givento satelliteunitsanda
weightof 0 is givento nucleiunits.Thefinal scoreof asentenceis givenby thesumof weightfrom therootof the
treeto thesentence.Sentencescanbeorderedin ascendingorderof scoresandusedasthebasisfor constructing
thesummaries.In Marcu’s approach,eachparentnodeidentifiesits nuclearchildrenassalient,promotingtheir
childrento their level. Theprocessis recursivedown thetree.Thesaliencescoreof a clauseis givenby thelevel
it obtainedafterpromotion.Thescoresareusedto producea rankedlist of clausesthatcanbeusedasthebasis
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for summarization.

In thecontext of thescientificarticle,RinoandScott(1994)haveaddressedtheproblemof coherentselection
for text summarizationusingsomeaspectsof RST, but they dependon theavailability of acomplex meaningrep-
resentationwhich in practiceis difficult to obtainfrom theraw text. Relevantwork in rhetoricalclassificationfor
scientificarticles,which is thefirst steptowardstheproductionof scientificabstracts,is dueto TeufelandMoens
(1997),who usedstatisticalapproachesborrowedfrom Kupiecet al. (1995).TeufelandMoenshavedevelopeda
programableto instantiatea rhetoricalschemewith thefollowing components:background,topic, relatedwork,
purpose,solution,resultandconclusion.The instantiateschemecontainsenoughrhetoricalinformationto de-
terminethe rhetoricalcontribution of all andonly theabstract-worthy sentencesin the text. In additionto basic
featuressuchaslocation,worddistribution,etc.,they compileda list of cuephrasesthatwereassembledinto five
classesbasedon occurrencefrequenciesin idealsummaries.Theauthorshave shown thatsuperficialfeaturesof
thetext canbeeffectively usedin rhetoricalclassification.

4.1.5 KnowledgeIntensive Approaches

Knowledgeintensive approachesarebasedon the extensive encodingof world knowledgeaboutspecificsitu-
ations. Thesemethodsbasethe selectionof informationnot on the surfacelevel propertiesof the text, but on
expectedinformationabouta well known situation. They arecharacterizedfor including text generationtech-
niquesthatallow theproductionof compact,cohesiveandcoherenttexts.

FRUMP (DeJong,1982)usessketchy-scriptsbasedon scripts(ShankandAbelson,1977),rich knowledge
representationformalismsusedto modelstereotypicalsituationsin a domain(e.g.,’earthquake’, ’kidnapping’).
Sketchy-scriptscontainonly the ’key’ information to be expectedin a situation. Script activation is basedon
a numberof indexing word sensesassociatedto thescript, inferencesaremadeon thebasisof expectationsand
subsequentmatchingagainsttheinput text. Instantiatedslotsareusedto generatesummariesin severallanguages.
Themainproblemwith thisapproachis thedifficulty to adaptscriptsto completelynew domainsandthefactthat
thescriptsarenot ableto dealwith “unexpected”information.

4.1.6 Inf ormation Extraction and Summarization

InformationExtractionis theprocessof mappingnaturallanguageinto predefined,structuredrepresentations,that
wheninstantiatedrepresentthekey informationfrom theoriginalsource(Gaizauskasetal.,1997).Concept-based
abstracting(CBA) (JonesandPaice,1992;PaiceandJones,1993)is anInformationExtractionapproachto text
summarization.CBA is usedto produceabstractsof technicalarticlesin specificdomains,for example,in the
domainof agriculture.Semanticrolessuchasspecies,cultivar, highlevelproperty, low levelproperty, etc.arefirst
identifiedby themanualanalysisof a corpus,andthenpatternsarespecifiedthataccountfor stylistic regularities
of expressionof the semanticroles in texts. Thesepatternsareusedin an informationextractionprocessthat
instantiatesthesemanticroles. CBA usesa fixedcannedtemplatefor generation.Themethodwasmainly used
to produceindicative abstracts,thoughsomeinformative contentis includedin the form of extractedsentences
containingresultsandconclusions(PaiceandOakes,1999).

4.1.7 Summarization by Generation

While sentenceextractionis a currentlywide-spread,usefultechnique,moreresearchin summarizationnow is
moving towardssummarizationby generation.Jing andMcKeown (2000)andJing (2000)proposea cut-and-
pastestrategy as a computationalprocessof automaticabstractinganda sentencereductionstrategy in order
to produceconcisesentences.They have identifiedsix “editing” operationsin humanabstracting:(i) sentence
reduction;(ii) sentencecombination;(iii) syntactictransformation;(iv) lexical paraphrasing;(v) generalization
andspecification;and(vi) reordering.Theiralgorithmfor sentencereductiontakesinto accountdifferentsources
of informationto decidewhetheror not to remove a componentfrom a sentence.The decisionis taken based
on: (i) the relationof thecomponentto its context; (ii) theprobabilityof deletingsucha component(estimated
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from acorpusof reducedsentences);and(iii) linguistic knowledgeabouttheessentialityof thecomponentin the
syntacticstructure.SaggionandLapalme(2000a)produced100tablescontainingprofessionalabstractsaligned
(on the sentencelevel) with sourcedocuments.Thesealignmentswereusedto identify on onehand,concepts,
relationsandtypesof informationusuallyconveyedin abstracts;andon theotherhand,valid transformationsin
thesourcein orderto produceacompactandcoherenttext. Thetransformationsinclude:(i) verbtransformation;
(ii) conceptdeletion;(iii) conceptreformulation;(iv) structuraldeletion;(v) parentheticaldeletion;(vi) clause
deletion;(vii) acronym expansion;(viii) abbreviation; (ix) merge; and(x) split. In their corpusof alignments,
89%of thesentencesfrom theprofessionalabstractsincludedat leastonetransformation.Basedon their corpus
studythey havedevelopedatext summarizationsystemthatproducesindicative-informativeabstractsfor technical
articles.Their approachto text summarizationis basedon a superficialanalysisof thesourcedocumentandon
theimplementationof sometext re-generationtechniques.Theanalysisof thetext consistson theinstantiationof
a numberof indicativeandinformativetemplatesby a patternmatchingprocess.Their generationalgorithmuses
re-generationschemasbasedon theinstantiatedtemplates.

4.1.8 Multi-document Summarization

Automaticmulti-documentsummarization(MDS) refersto the problemof producingan abbreviatedversiona
setof “related” documents.The term “related” canmeandifferentthingsin differentsituations.For example,
documentscanberelatedbecausethey describethesameevent (e.g.,“the World TradeCenterterroristattack”)
andthereis a needto producea singlepieceof text thatwill reduceredundancy andwill bring the information
uniqueto eachsource.Documentscanalsoberelated,for example,becausethey areresearcharticlesreferring
to differentproposedsolutionsto the sameproblem(“statistic methodsfor multi-documentsummarization”vs
“symbolic methodsfor multi-documentsummarization”),and in that case,a multi-documentsummaryshould
containinformationaboutwhat solutionseachtext propose,andtheir differencesin, for example,effectiveness
of the antagonistsolutions. Nowadays,the availability of on-line documentsreferringto the sameinformation
makesmulti-documentsummarizationa problemworth to solve. A MDS systemshouldbeableto copewith the
problemsof redundancy acrossdocumentsaswell aswith theproblemof identifying new andrelevant informa-
tion acrossdocuments.In thecontext of non-extractiveMDS, thesystemshouldbeableto combineinformation
from differentsourcesin a very compacttext. Somecharacteristicsuniqueto MDS: (i) highercompressionrate
thanfor singledocumentsummarization;(ii) needto dealwith redundancy1; (iii) needto fusethe information,
(iv) needto re-expresstheinformationprobablyusingnaturallanguagegenerationtechniques.

We follow Mani (2001)in theclassificationof approachedto MDS: (i) morphologicalapproachesarebased
on measuresof vocabulary overlap to identify similarities acrosssources;(ii) syntacticmethodsusesentence
structureto identify syntacticparaphrase;and(iii) semanticmethodsrely on a conceptualrepresentationof the
text, wheredifferencesin expressionaremappedinto thesamemeaning.

Mor phological Approaches

Robustapproachescomemainlyfrom informationretrieval, cosinesimilarity is awell known measureto compute
how similardocumentrepresentationsare.Cosinesimilarity canbecomputedusingthefollowing formula(Salton,
1988): Ô�Õ È�·~Öw«[×=»�Ì Ø ¹ ¯¸Ù º ¯Ú ØÏÛ ¹X¯©Ü©Ý Ù Ú ØÏÛ º­¯©Ü©Ý

Where Ö and × aretext representationsbasedon a vectorspace.Saltonet al. (1994)have usedcosinesimi-
larity to identify passagesrelatedto uniquetopicsbut for singledocuments.Methodsbasedonly on vocabulary
overlapfall off whenrelatedtexts usedifferentvocabulary (synonyms)andwhensystemsdo not solve corefer-
ence.LatentSemanticAnalysis(Deerwesteret al., 1990)is a techniquethat reducethevectorspacein orderto
map“related” terms(or co-occurringtermsin a collection)into thesamedimension.This methodwasusedfor
multi-documentsummarization(Andoet al., 2000).We exploretheuseof similarity measuresfor thepurposeof
evaluation(seenext chapter).

1In long, scientificarticlesredundancy is usedto make clearwhat the article is about: “In this paperwe study X” whenopeningthe
researcharticleand“In this paperwehave studiedX” whenclosing.
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Radev etal. (2000)developedanearlierversionof MEAD which,givenaneventclusterof relateddocuments,
from a topic detectionandtrackingsystem,producessummariesin the form of sentenceextracts. MEAD use
theclustercentroid,a setof wordsthatarecentralto all the articlesin thecluster, asa key featurefor sentence
selection.MEAD decideswhichsentencesincludein theextractbasedonthefollowing features:thesimilarity of
thesentencewith thecentroid,thesimilarity of thesentencewith thefirst sentencein thedocument,andtheposi-
tion of thesentencein thedocument,wherethesimilarity is computedusingthecosinebetweentwo text elements.

Maximal Marginal Relevance(CarbonellandGoldstein,1998) is a methodto measure“relevant” novelty.
Supposea typical text retrieval enginethat ranksdocumentaccordingto their relevanceto a user-query. It is
probablethatdocumentsin thetop of thelist arequiterelevantto thequeryandwell relatedamongthem,while
documentsdown in thelist, while still relevantto thequery, arequitedifferentfrom thedocumentson top. MMR
usesfeedbackfrom theuser(in theform of documentsalreadyexamined)to re-rankandpossiblebringingto the
top of thelist documentsthatmaximizingthedissimilaritywith thepreviouslyseenarestill relevantto thequery.
Theformulausedto compute“relevantnovelty” is thefollowing:

ÞßÞáà ·jâ�« à «Qã�»äÌæå�çXèHéÊå�êWë ¯tìSíïîQð ¥Oñ³·jÈFÀ	é ª ·~ò ¤ «QâY»[»Óóô·�õöó*ñW»téÊå�ê ëÓ÷ ìSí ·jò ¤ «QòYøF»´°
where â is thequery,

à
is thesetof retrieveddocuments,ã is thesetof documentsscannedby theuser, andàYù ã is thesetdifferencebetween

à
and ã . ñ is a parameterthat,whenequals1, givespreferenceto documents

that aremaximally relevant to the queryand,when0, givespreferenceto documentsgivespreferenceto docu-
mentsthat diverge from the alreadyscannedby the user. Whenusedin the context of MDS (Goldsteinet al.,
2000),text is segmentedinto passages(e.g.,sentences,paragraphs,chunks,etc.),andthefollowing featuresare
usedin theformulathesimilarity betweenthepassageandthequery, thecoverageof thepassage(how important
thepassageis), linguistic featuresof thepassage(suchaspresenceof namedentitiesandposition),andtemporal
information(documentlevel). In orderto reduceredundancy thefeaturesusedare:cosinesimilarity with already
selectedpassages,passagesthatcomefrom clusteralreadypresentin thesummary, anddocumentswith passages
alreadyin thesummary. Thequestionof how to estimatetheparameterñ , howeverremains.

Mani andBloedorn(1999)explore cohesionrelationshipsto constructuser-focusedsummaries.They rely
on a graphrepresentationof thetext wherethenodesaretermsandtheedgesarecohesionrelationshipssuchas
repetition,synonymy, hypernymy, andcoreference.Coreferenceis only limited to the caseof propernames.A
spreadingactivationmechanismusesthequerytermsto activateregionsof thegraphby first matchingthequery
termsto thenodes,andthenpropagatingweightsthroughpathsin thegraph,in this way othertermsarescored
basedon their relationwith query-relatedterms.Theactivatedregionsof thegraphsarecomparedfor common
anduniqueterms.Sentencesareextractedbasedonanscoringmechanismthatusesthetermweights.Depending
on theneedto avoid redundancy uniqueor commontermscanbefavored.

Syntactic Approaches

Sentencestructurecanhelp in identifying syntacticparaphraseandthussimilar informationacrossdocuments.
McKeown et al. (1999)describea MDS systemthat identifiesgroupsof paragraphswhich all convey approx-
imately the sameinformation. They usea numberof linguistic featuresto measuresimilarity including: word
co-occurrence;nounphrasematching;synonymy matching;andverbsemanticmarching.Thesefeaturesareused
to training a machinelearningalgorithmthat identifieswhethertwo paragraphsaresimilar. Basedon a parser
thatproducesa ’dependency-tree’encodinggrammaticalrelationsbetweensentencecomponents,on eachtheme
they comparedependency treesusingatreematchingalgorithmin orderto identify intersections(samemainverb
andthesamearguments).Theauthorsdid notmentionco-referenceresolutionthatis essentialto identify identity
betweenarguments.Intersectionsareusedto feeda generationcomponentwherethe input alreadycontainsthe
lexical itemsto beused,neverthelesswhensentencescomefrom differentsourcesthechoiceof appropriatevo-
cabularycanbearealchallenge.While fluency is amatterof text, theauthorsreportgoodperformancein fluency
whenevaluatingonly isolatedsentences.
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SemanticApproaches

Semanticallymotivatedapproachesusesomekind of meaningrepresentationof thetext. In thecaseof template
basedmulti-documentsummarization,key piecesof informationarerepresentedthroughtemplates,automatically
filled by an informationextractionsystemtunedto a specificdomain. Theproblemof producinga summaryis
re-statedas the problemof generatinga singletext from a setof templatesthat containinformationaboutthe
sameevent.Radev andMcKeown (1998)havedevelopedSUMMONS,aknowledge-basedmulti-documentsum-
marizerthatoperateson a setof templatescontainingthekey informationextractedfrom texts on terrorism.The
novelty of their approachconsistson the developmentof a numberof summaryoperatorsfor contentplanning.
Theseoperatorsareusedto combineinformationfrom two differenttemplatesandaccountfor a varietyof situa-
tionsthatmayoccurwhenthesameeventis describedby differentsources.Theoperatorsincludeamongothers:
changeof perspective, contradiction,agreement,etc. For sentencerealization,the systemusesa setof summa-
rizationphrasescollectedfrom corpora.

4.1.9 Research on non-extractive summarization

In this workshop,wecreatesummariesby sentenceextraction.But therearenon-extractivesummarizationmeth-
ods,ie. thosethatcreatea summaryfrom sentencefragments,ratherthanextractingsentences.Insteadof repro-
ducingfull sentencesverbatimfrom the text, thesemethodseithercompressthesentences(Grefenstette,1998c;
JingandMcKeown, 2000;Knight andMarcu,2000),or re-generatenew sentencesfrom scratch(Barzilayet al.,
1999;McKeown et al., 1999). It is plausiblethat summariesproducedthis way resemblethe humansumma-
rizationprocessmorethanextractiondoes;however, if largequantitiesof text needto besummarized,sentence
extractionis amoreefficientmethod,andit is robusttowardsall kindsof input,evenslightly ungrammaticalone.
Someof thenon-extractivemethodsrely on successfulparsesasa preconditionto producingsummaries.Some
approachesrequireextensive linguistic resourcesandothersneedto solve complex problemslike coreference
resolution.

4.2 The MEAD summarizer

MEAD is a centroid-basedmulti-documentsummarizerthat was first introducedin Radev et al. (2000). The
versionof MEAD thatwe built from scratchduring theworkshopis modularizedasthreeseparatecomponents:
A featureextractorcalculatesavaluefor user-definedfeaturesof eachsentence,asentencescorergivessentences
valuesaccordingto alinearcombinationof their features,andasentencere-rankerchangesthescoresof sentences
accordingto cross-sentencerelationships.Thesummarizerandall of thefeaturesweusedin theworkshopoperate
in bothEnglishandBIG5 encodedChinese.

4.2.1 Ar chitecture of MEAD

FeatureExtractor

MEAD’s modularizedfeatureextractionallows featuresto becalculatedandstoredseparatelyfrom thesumma-
rizationprocess.This offerstwo advantages.Userscanwrite featurecalculationscriptswithout having to worry
aboutthe restof theMEAD architecture,andcomputationallyexpensive featuresneedonly be computedonce.
They canthenbestoredandreusedasmany timesasneeded.Thefeatureswe usedto performtheexperiments
describedin this paperareasfollows:ú Position:If asentenceis the û th sentencein thedocument,position Ìýü ªþ .ú Centroid: A centroidvector is a set of termstogetherwith their frequenciesin a documentcluster. A

centroidvectoris calculatedfor a documentclusterasfollows:

1. All of thetermswith ½�¾�¿�À�Á�¾ valuegreaterthan3 areaddedto thecentroid.

2. If thetotalnumberof termsin thecentroidis still lessthan10,thenthetermswith thehighest½�¾ÿ¿³À	Á�¾
valuesareaddeduntil thecentroidhas10 terms.
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For a sentenceconsistingof terms½[ª�«�½��S«`¬`¬F¬`«[½ þ , let

Ô � û�·©½t¤¸» bethevaluefor t ¤ storedin thecentroidvector
for the cluster. Thenif “Centroid” is the valueof the Centroidfeature,Centroid Ì Ô � û�·©½ ª »�¿IÀ	Á�¾ä·~½ ª »��Ô � û�·©½ � »�¿±À�Á�¾ä·©½ � »��ß¬�¬E¬�� Ô � û�·©½ þ »�¿±À�Á	¾ä·~½ þ » . Becausethe Centroidfeaturefor sentencescanvary widely
acrossdocumentclusters,we normalizetheCentroidfeaturevalueby dividing by thevalueof thehighest-
valuedsentencein thecluster.ú Cosine(weightedtf*idf) with Query(usedonly in Query-basedsummarization):Wheret ¤ indicatesa term
in boththesentenceandthequery, tø indicatesa termin thequery, andt ® indicatesa termin thesentence,
theCosinesimilarity with thequeryis� ¤ ·�·���ò
	Ó¤m¿zâ�¤¸»Î¿ ·���ò
	Ó¤m¿zã ¤¸»�»ü · � ø ·���ò
	ïø�¿zâ øX» � »³¿ · � ® ·���ò
	 ® ¿zã ® » � »

ú Length:Lengthis thenumberof termsin thesentence.

SentenceScorer

With theexceptionof length,MEAD scoressentencesusinga linearcombinationof their featurevalues:

È Ô`Õ ç � ·¸ÈX»�Ì�� ª ¿z¾ ª ·jÈO»
��� � ¿z¾ � ·¸ÈX»�� ¬F¬`¬���� þ ¿z¾ þ ·jÈO»
The Lengthfeatureis usedto give sentencesa scoreof 0 if they aretoo short. For the experimentsof the

workshop,a sentencereceiveda scoreof 0 if its lengthwaslessthan9. Sincetheothertwo featuresusedin the
workshophadvaluesof lessthanone,theweightsin the linearcombinationdecidedtheir importancerelative to
oneanother. Theformulawe usedfor genericsummariesin theworkshopthenbecame:

È Ô�Õ ç � ·¸ÈO»�Ì � ¦ � û ½�ç Õ À�ÁW·¸ÈX»�� Ç Õ ÈFÀ	½�À Õ û�·jÈO»�� � û èH½������� � � û èH½��������
Differentvariationsof thiswhich includedthequery-basedsimilarity featurewereusedfor query-basedsum-

maries.

SentenceRe-ranker

After orderingsentencesaccordingto theirscores,theMEAD re-rankeraddssentencesto thesummaryiteratively,
beginningwith thehighest-scoringsentence.At eachiteration,it calculatesthecosinesimilarity of thesentence
to beaddedwith eachof thesentencesalreadyin thesummary. If thesimilarity is higherthana giventhreshold,
it discardsthe sentenceandmoveson to the next one, continuinguntil it hasaddedthe numberof sentences
correspondingto thesummarylength.

For each sentence s_i until # of sentences in
summary = max number needed for given summary length,

For each sentence in summary, s_j,
if s_i too similar to s_j,

discard s_i
else,

add s_i
End

End

Figure4.1: TheMEAD rerankingprocedure
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4.2.2 The Centroid Feature

A MEAD clusterCentroidis abag-of-wordsvectorrepresentationof theimportantconceptsin acluster. Given
a cluster, MEAD decidesfor eachterm in theclusterwhetheror not to includeit baseduponits ½�¾Ï¿öÀ�Á�¾ score.
MEAD usesa 2-stepiterative algorithm,addingthe termsfor eachdocumentto the clusterat the beginningof
eachiteration,anddeletingthelow-scoringtermsfor eachdocumentfrom theclusterat theend.This processis
illustratedin Figure4.2.

For each document d,
For each term t in d,

if t_i has not occurred in the centroid,
add t_i to the centroid

else,
increment count(t_i) in the centroid

End
For each term t_j in the centroid

if tf*idf(t_j) is below threshold,
throw out t_j

else,
keep t_j

End
End

Figure4.2: CentroidComputationin MEAD

4.3 Other summarization methodsusedin the workshop

4.3.1 Baselines

Two baselinessummarizersareusedin orderto producea n%extract:ú Lead-basedsummarizer:n%sentencesarepickedup from thebeginningof thetext;ú Randomsummarizer:n% sentencesarepickedup at random2

4.3.2 Websumm

Websumm(Mani andBloedorn,2000)is asingleandmulti-documentsummarizerdevelopedatMITRE. It canbe
usedto producegenericandquery-basedsummaries.Websummusesagraph-connectivity model.Thebasicidea
of representingtexts in termsof graphsis that the topologyof thegraphwill revealsomethinginterestingabout
the salienceof information in the text. In particular, a commonGraphConnectivity Assumptionis that nodes
which areconnectedto lots of othernodesarelikely to carry salientinformation. In Websumm,the nodesare
occurrencesof wordsor phrases,andthelinks arerelationsof repetition,synonymy, andcoreference.Givensuch
a graphrepresentationfor a document,thesummarizationalgorithmtakesa topic (a user’s query)andproduces
topic-focusedextractsby finding occurrencesof querytermsin thegraph.A spreadingactivationalgorithmthen
exploresnodesrelatedto querynodesin thegraph.As theactivationspreads,differenttermpositionsin thegraph
getdifferentweights,creatinga saliencecontourfor thetext. Sentencesarethenextractedup to thecompression
basedon the weight of termsin them. In the caseof a genericsummary, the spreadingactivation searchisn’t
carriedout; instead,the systemfunctionsasa term frequency basedsummarizer, by using the weightsin the
originalgraph.

2Theperl packageRandomis used.
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4.3.3 Summarist

Summarist(Hovy andLin, 1999)is a text summarizationsystemdevelopedat the InformationScienceInstitute
of the University of SouthernCalifornia. Its goal is to producesummariesof multilingual input texts in both
genericandquery-basedforms. It canprocessEnglishandChineseamongother languages(Lin, 1999). The
systemis structuredin threemainmodules:topic identification,topic interpretation,andgeneration.Beforetopic
identification,thesystemidentifieswords,appliespart-of-speechtaggingandamorphologicalanalysis,identifies
multi-wordsphrasesandcomputestermfrequency and ½�¾�¿�À	Á�¾ weights.

Thetopic identificationmodulefilters the input text to retainthemostimportanttopics. It usesa numberof
modulesto associatean scoreto eachsentencesincluding a Optimal PositionPolicy (OPP)moduleto identify
sentencepositionsmostlikely to yield goodsummarysentences(Lin andHovy, 1997),a CuePhrasemoduleto
identify sentencescontainingcuewords,andahigh-frequency indicatorphrasesmodule.Topic interpretationand
generationhavenot beencompleted.

4.3.4 Lexical Chains

Lexical chainsareameansof representinglexical cohesionamongsequencesof words.An algorithmfor text sum-
marizationusinglexical chainsastext representationwasintroducedby BarzilayandElhadad(1997).They used
theWordNetdatabase(Fellbaum,1998)for determiningcohesiverelations(i.e., repetition,synonymy, antonymy,
hyperonymy, andholonymy) betweennounsandnouncompoundsidentifiedby theprocessesof POStaggingand
shallow parsing.Lexical chainsareconstructedon segmentsidentifiedby a segmentationprocessandchainsare
mergedacrosssegmentswhenever they containthesametermwith thesamesense.Scoresfor lexical chainsare
determinedon thebasisof thenumberandtypeof relationsin thechain.Thestrongestlexical chainsareselected
in orderto constructthesummary. Sentencesareselectedfrom thetext basedon a numberof heuristicssuchas
identifyingsentenceswherethestrongestchainsarehighly concentrated.In ourresearch,weusedthemorerecent
implementationof thelexical implementedby SilberandMcCoy (2000).

etrainees
Somesamplesummariesareshown in Figure4.3.
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SUMMARIST

The Director of Home Affairs, Mrs Shelley L, today (Friday) visited a group of new arrival
r from the mainlandwho were taking a JobSearchSkills Courseto sharetheir experiencein
joining theretrainingprogrammeandin seekingjobsin HongKong.

LEAD

New arrival retraineesshareexperiencewith DHA

The Director of HomeAffairs,Mrs Shelley Lau, today(Friday) visited a groupof new arrival
retraineesfrom the mainland who were taking a Job SearchSkills Courseto sharetheir
experiencein joining theretrainingprogrammeandin seekingjobsin HongKong.

MEAD

The Director of HomeAffairs,Mrs Shelley Lau, today(Friday) visited a groupof new arrival
retraineesfrom the mainland who were taking a Job SearchSkills Courseto sharetheir
experiencein joining the retrainingprogrammeandin seekingjobs in Hong Kong. Speaking
afterhervisit to theHongKongCollegeof Technology’sRetrainingResourceCentre,Mrs Lau
saidshewasmostdelightedto seethatnew arrivalsarenow eligible to apply for any retraining
courseor programmefundedby theEmployeesRetrainingBoard.

RANDOM

New arrival retraineesshareexperiencewith DHA

She was briefed by the Executive Director of the EmployeesRetrainingBoard, Mr Chow
Tung-shan,andthe Principal (Designate)of the Hong Kong College of Technology, Mr Chan
Cheuk-hay, on therangeof servicesprovidedat theretrainingcentre.

WEBSUMM

Speakingafterhervisit to theHongKongCollegeof Technology’sRetrainingResourceCentre,
Mrs Lau saidshewasmostdelightedto seethatnew arrivalsarenow eligible to apply for any
retrainingcourseor programmefundedby theEmployeesRetrainingBoard.”Thus,theGovern-
menthasextendedtheEmployeesRetrainingSchemeto covernew arrivalsfrom January31this
year.

Figure4.3: Samplesummaries

45



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

46



Chapter 5

Evaluation Methods

Theevaluationof text summarizationsystemsis anemergentanddifficult researchtopic, but thedistinctionbe-
tweenintrinsicandextrinsicmethodsasdefinedby SparkJonesandGalliers(1995)hasbeengenerallyaccepted.
Whereasextrinsic evaluationsmeasureshow helpful summariesarein the completionof a given task, intrinsic
evaluationmeasuresthequalityof thesummaryitself, e.g.by comparingthesummarywith thesourcedocument,
by measuringhow many “main” ideasof the sourcedocumentarecoveredby the abstractor by comparingthe
contentof theautomaticsummarywith anidealabstract(goldstandard)producedby ahuman(Cole,1995).Sub-
typesof intrinsic evaluationare:contentevaluation(which assessesif automaticsystemsareableto identify the
intended“topics” of thesourcedocument),andtext quality evaluation(which assessesthe readability, grammar
andcoherenceof automaticsummaries).

In actualresearch,thefollowing practicalevaluationsolutionsaredominant:

1. Comparisonto idealsummary(intrinsic)

2. Subjectiveevaluationon ascale(intrinsic),and

3. Task-basedevaluation(extrinsic)

For sentenceextracts,comparisonto anidealextractis oftenperformedby measuringco-selection:whatpro-
portionof sentencesarein boththeextractandtheidealsentences.Themainevaluationmetricsusedin intrinsic
evaluationsareprecision,recallandF-score(Firmin andChrzanowski, 1999),which have beenextensively used
in thepastto evaluatetext summarizationsystems(Edmundson,1969;Brandow etal.,1995;Marcu,1997;Barzi-
lay andElhadad,1997).Precision(P) is thenumberof correctanswersgivenby thesystemdividedby thenumber
of answersthesystemproduces.Recall(R) is thenumberof correctanswersgivenby thesystemdividedby the
numberof correctanswers.F-scoreis a compositemeasurethatcombinesprecisionandrecall in the following
formula: Û � Ý ²ÓªtÜ"!Îí� Ý#!ï²ïí «
where$ is aweightingfactorthatfavorsprecisionwhen $%�Ñõ andfavorsrecallwhen $%�Ñõ .

In this work, we comparepercentagreementof co-selection(alsocalledaccuracy), precisionandrecall of
co-selectedsentences,relativeutility, andKappabetweenselectiondecisionsasco-selectionmeasures.

Co-selectionevaluationmethodshave somerestrictions.For instance,they only work for extractive summa-
rizers,asthey compareentiresentencesandonly countasamatchtheexactsamesentences.This ignoresthefact
that two summariescancontainthe sameinformation,but containdifferentsentenceswhich expressthis infor-
mationdifferently. Content-basedmetricsapplydifferentnotionsof similarity to comparetheactualwordsin a
sentence,ratherthantheentiresentenceasa string.

Oneadvantageof similarity metricsis thatthey cancomparebothhumanandautomaticextractswith human
abstracts, i.e. coherent,newly written summariesof thedocumentsratherthansentenceextracts.To our knowl-
edge,nosystematicexperimentsaboutagreementonthetaskof summarywriting havebeenperformedbefore.In
our experiments,thesimilarity measuresareappliedto 3 humansummariesper topic. They answerthequestion
of how muchhumansagreewhensummarizing.The samesimilarity measuresareappliedto 3 humanextracts
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per topic,which answersthequestionof how muchthey agreewhenextracting.We alsoapplythemeasuresbe-
tweenhumanextractsandsummaries,whichanswersthequestionif humanextractsaremoresimilar to automatic
extractsor to humansummaries.

Relevancecorrelationis our contribution asa new measureof summaryquality. It shows therelative perfor-
manceof asummary:how muchdoestheperformanceof informationretrieval decreasein comparisonto thefull
texts.

Task-basedevaluations(Mani et al., 1999a;Tombroset al., 1998;DUC2000,2000)measurehumanperfor-
manceusingthe summariesfor a certaintask(after the summariesarecreated).Although they canbe a very
effective way of measuringsummaryquality, task-basedevaluationsare expensive exercisesrequiring human
subjectsduring the actualevaluation. As this was not possibledue to the setupof the workshop,we do not
considertask-basedevaluationhere.However, dueto somesimilaritieswith our work, we discussit here.

While our new measurerelevancecorrelationis anextrinsic measure(astask-basedevaluationis), thereare
differencesbetweenthetwo in otherrespects.Let usfirst describea typical IR-basedtask-basedsummaryevalu-
ationscenario.

In a typical task-basedevaluationsuchasin Tombroset al. (1998)or Mani et al. (1999a),humanshave the
taskto decidehow relevantadocumentis to acertainquery. Theirperformanceis measuredandcomparedin two
cases:onewhenthey areshown summaries,theother, whenthey areshown thefull document(ceilingcondition)
or a baseline(e.g. randomor first sentences).Their performanceis quantifiedin precisionand recall and in
readingtime.

In Tombrosetal. (1998)humanswereaskedto identify asmany relevantdocumentsaspossiblein afixedtime
frame,on 50 randomlychosenTRECqueries.Their resultsshowedthatquery-basedextractsallow usersto see
moredocuments(23 insteadof 20) with higherprecision(55%vs. 44%)andrecall(66%vs. 50%)thanbaseline
does;additionally, humansaskfor full documentsin lesscases(1%vs. 24%).

SUMMAC (Mani etal.,1999a)is a large-scale,TIPSTERsponsoredcomparativetask-basedevaluationusing
16 participatingsystems.Apart from a categorizationandan experimentalquestion-and-answertask,the main
focuswason theIR task(calledadhoctask)with 20 TREC-queries.

Eachsitesubmitsa fixed lengthsummary(S1)anda variablelengthsummary(S2) for eachtext, which are
comparedagainstbaselinesummaries(B) andfull-text (F). 1000documentsarejudgedpersubject(20 F, 20 B,
480 S1, 480 S2), andthe measuredvariablesaretime andF-score.The experimentshowed that summariesof
17% lengthresult in sameF-scoreaccuracy asfull texts, in abouthalf the decisiontime (33 sec. per decision
vs. 59 sec.)TheF-scoreof thefull texts was.67,of thebaseline.42. However, theresultscouldnot distinguish
betweenparticipanttechnologies.Humanagreementis reportedas: pairwise69%, threeway 54%, unanimous
(14 judges)17%.Kappawas.38.

Extrinsicmethodsfor theevaluationof summariesarebasedonthepremisethatsummariesareproducedwith
acertaintaskin mind. Thattaskcouldbequestionanswering,classification,etc.Relevancecorrelationis another
suchmetric.

The reasonwhy we did not usetask-basedevaluationis that we do not have judgesavailable during the
workshop,i.e. we cannotelicit direct judgmentson thesummariesasthesummariesarecreatedafter whichever
judgmentswe needarecreated.Therefore,we cannot,asTombroset al. andMani et al. did, show themthe
summariescreatedby thesummarizationsystemsandaskthemto performa taskon thebasisof theinformation
containedin thesummaries.Instead,wehaveto usesomerelevancejudgmentswhichwerecreatedindependently
of thesummariesandtherefore,we chosetheevaluationsetupdescribedin section2.

5.1 Sentenceco-selection

Wecompiledutility judgmentsinto listsof binarydecisionspersentence,askingwhetheror notagivensentenceis
includedin asummaryatacertaintargetlength.Weusetherates5%,10%,20%,30%,40%for mostexperiments.
For someexperiments,we alsoconsidersummariesof 50%,60%,70%,80%and90%of theoriginal lengthof
thedocuments(Figure2.11).

5.1.1 Percent agreement

Percentagreement(Figure5.1)measureshow many of thejudges’decisionsaresharedbetweentwo judges.
Percentageagreementbetweentwo judgesis definedasfollows:
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JudgeJ1
Sentence in
Extract

Sentencenot
in Extract

Sentence in
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JudgeJ2 Sentencenot
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Figure5.1: Contingency tableon binarydecisions

0 ·21¢õS«3154S»�Ì 0 � ò0 ��67�7¦��*ò
In the numbersfor systems,the average

098;:=< ·¸ã¢×=ã?>±£ Þ » is computedasfollows (assumingthreehuman
judges): 098@:=< ·¸ã¢×=ã?>I£ Þ »¢Ì �BA¤�Ò³ª 0 ·¸ã¢×sã?>I£ Þ «@1A¤j»C

In thefiguresfor humans,theaverage
0 ·ED » is computedasfollows:098@:=< ·ED »�Ì 0 ·21¢õA«@154S»
� 0 ·�1
4D«@1 C »
� 0 ·�1¢õS«@1 C »C

Percentageagreementis problematicasit overestimatesthe influenceof the irrelevantsentences,which are
in mostcasesthelargerpartof thedocument(particularlyfor veryshortsummarieswhich interestusmosthere).
Precisionandrecallremedythis shortcoming.

5.1.2 Precisionand recall

PrecisionandRecallaredefinedas ÇGF � ·�1¢õX»�Ì 00 � ¦
à F �S·21¢õO» Ì 00 ��6

In our case,eachset of documentswhich is comparedhasthe samenumberof sentencesextracted; thus
precisionandrecallhavethesamenumericalvalue.

Theaverage
Ç 8;:=< ·�D » and

Ç 8;:=< ·jã¢×sã?>±£ Þ » arecalculatedasfollows:

Ç 8;:=< ·¸ã¢×=ã?>I£ Þ »¢Ì � A¤�Ò³ª Ç F ·jã¢×�ã?>±£ Þ »C
Ç 8;:=< ·�D�» Ì Ç F ��·21¢õX»�� Ç F A ·2154S»5� Ç F ªS·21 C »C

Theaverages
à 8;:=< ·ED » and

à 8;:=< ·jã�×sã?>±£ Þ » arecalculatedcorrespondingly.
However, bothprecisionandrecall (andalsopercentagreement)do not take chanceagreementinto account.

Theamountof agreementonewould expecttwo judgesto reachby chancedependson thenumberandrelative
proportionsof thecategoriesusedby thecoders.Thenext section,for instance,shows thatchanceagreementis
veryhigh in ourdataset.
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5.1.3 Kappa

Kappa(Siegel andCastellan,1988)is a statisticalmeasurewhich addressesthe problemof randomagreement.
It is increasinglyusedin NLP annotationwork (Krippendorff, 1980;Carletta,1996). Kappahasthe following
advantages:ú It factorsout randomagreement.Randomagreementis definedasthe level of agreementwhich would be

reachedby randomannotationusingthesamedistributionof categoriesastherealannotators.ú It allows for comparisonsbetweenarbitrarynumbersof annotatorsanditems.ú It treatslessfrequentcategoriesasmoreimportant(in our case:selectedsentences),similarly to precision
andrecallbut it alsoconsiders(with a smallerweight)morefrequentcategoriesaswell.

TheKappacoefficientcontrolsagreement
Ç · 0 » by takinginto accountagreementby chance

Ç ·j£=» :H Ì Ç · 0 »äó Ç ·j£=»õöó Ç ·j£=»
No matterhow many itemsor annotators,or how the categoriesaredistributed,

H Ì �
whenthereis no

agreementotherthanwhatwouldbeexpectedby chance,and
H Ì õ whenagreementis perfect.If two annotators

agreelessthanexpectedby chance,Kappacanalsobenegative.
Kappais stricterthanpercentagreement:its valueis alwayslower thanor equalto percentagreementP(A);

it is equalin the caseof a uniform distribution andlower for skewed distributions. We alreadyknow that our
category distribution is very skewed for low compressionrates. Therefore,we expectchanceagreementto be
quitehigh in ourdata.

We reportKappabetweenthreeannotatorsin thecaseof humanagreement,andbetweenthreehumansanda
system(i.e. four judges)in a lattersection.

5.2 Content-basedmethods

5.2.1 Restrictions of co-selectionevaluation methods

Two summarieswritten by two humansummarizers,for instance,do not in generalshareidenticalsentences.
In the following example,it is obvious that bothsentences,ã ª and ã A , carry the samemeaning.An extractive
summaryshouldberewardedin someway for theselectionof sentenceã A .ãÎª “The visit of thepresidentof theUnitedStatesto China”ã A “The US presidentvisitedChina”

Whereasco-selectionmeasurescannotdo this, content-basedsimilarity measurescan. Recentresearchhas
shown how content-basedevaluationcanbecarriedout in automaticor semi-automaticfashion(Donawayet al.,
2000;SaggionandLapalme,2000b;JonesandPaice,1992;PaiceandOakes,1999). The similarity measures
we considerin this work areword overlap,longestcommonsubsequence,andcosinesimilarity. Content-based
similarity measureshave beenusedin the pastto assessmachinetranslationquality Papineniet al. (2001). We
have specifiedandimplementeda numberof content-basedsimilarity measuresthat take into accountdifferent
propertiesof thetext:

5.2.2 Cosinesimilarity

Cosinesimilarity is computedusingthefollowing formula(Salton,1988):Ô�Õ È�·©Ö «[×s»�Ì Ø ¹F¯ Ù º­¯Ú ØÏÛ ¹ ¯ Ü Ý Ù Ú ØÏÛ º ¯ Ü Ý ,
whereÖ and × aretext representationsbasedona vectorspace.
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5.2.3 Unit Overlap

Unit overlapis computedusingthefollowing formula:Õ�I � çJ�jåLKÓ·©Öw«Q×=» Ì MONQPSRTMMUNVM ² M2RWM#XGMONYPSR�M ,

whereÖ and × aretext representationsbasedonsets.Here Z`ã[Z is thesizeof set ã .

5.2.4 LongestCommon Subsequence

LongestCommonSubsequenceis computedusingtheformula:4�¿W� Ô È�·©Öw«Q×Y» Ì�� � û è�½��³·©Ö�»\��� � û èH½��Î·j×Y»äó � ÁAÀ	½�]­¤�·©Ö «[×=»
WhereÖ and × arerepresentationsbasedonsequencesandwhere� Ô È�·~Öw«[×=» is thelengthof thelongestcom-

monsubsequencebetweenÖ and × , � � û èH½��³·©Ö�» is thelengthof thestring Ö , and � ÁSÀ	½�]­¤�·~Öw«[×s» is theminimum
numberof deletionandinsertionsneededto transformÖ into × (CrochemoreandRytter, 1994).

Whenwehave to compareto textsusingthe � Ô È we applythefollowing formula:

Let ã � ½ ª and ã � ½ � bethetwo setsto compare(thesearesetsof sentenceswhereeachsentenceis a sequence
of unigrams(wordsor lemmasin our case)):� Ô ÈA·¸ã � ½ ª «Qã � ½ � »�Ì Ø,^ ¶`_LaLb�c ¶ed 8 ¹ ^ Ý _La3bEc Ý@fhg2i Û i ¶ ¨ i Ý Ü©² Ø,^ Ý _LaLb�c Ý d 8 ¹ ^ ¶#_LaLb�c ¶ fhg2i Û i ¶ ¨ i Ý ÜØ ^ _La3bEc ¶ fhj þ <=k�l Û i Ü©² Ø ^ _La3bEc Ý fhj þ <=k�l Û i Ü

Where� Ô È�·jã � ½[ªX«­ã � ½��`» is a pairwise � Ô È averageof thetwo texts.

5.2.5 Text Representation

We have consideredthe following featuresto representthe contentof target andautomaticsummariesbecause
eachmeasuresworkson a differentstructures:ú SentenceStructure:set,vector, or sequence;ú Granularity:unigramor bigramfor Englishandword or characterfor Chinese;ú Unit: wordsor lemmas;ú Partof Speech:mainverbs,nouns,or all partof speech.

Different representationsareobtainedcombiningthe featuresandvalueshereidentified. So, for example,
the text “The presidentvisited China” will be representedwith a set ¥ president,china ° if we decidedto use
the features:set,unigrams,lemmas,andnouns,andwill be representedwith the sequence“the presidentvisit
china” if we decidedto usethefeatures:sequence,unigrams,lemmas,andall partof speech.In thecaseof texts
in Chinese,we don’t rely on partsof speech(becausethey wereunavailableduring the workshop),but we do
explorewordsandChinesecharactersaspossibilities,becausewe have developedalgorithmsto dealwith these
two text representations.In the caseof vectorof terms,we usetwo possibleweightingschemesfor the terms:
presence/absenceof thetermin thetext or ½�¾�¿�À�Á�¾ computedusingcorpusandwithin text termdistribution.

Cosinesimilarity usesthe vectorspacewith wordsor lemmasastext representation;unit overlapusessets
of wordsor lemmasastext representation,andunigramsor bigrams;andlongestcommonsubsequenceusesse-
quencesof wordsor lemmasastext representation.
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5.3 Relative Utility

Wewill now discussRelativeUtility (RU), amethodfor evaluatingextractivesummarizers,bothsingle-document
andmulti-document.Wewill addresssomeadvantagesof RU overexistingco-selectionmetricssuchasprecision,
recall, percentagreement,andKappa. We will presentsomeexperimentsperformedon a large text corpusto
discusshow RU is affectedby interjudgeagreement,compressionrate(or summarylength),andsummarization
method.

The main problemwith Precision,Recall,andPercentAgreementfor evaluatingextractive summarizersis
thathumanjudgesoftendisagreewhatarethetop n%mostimportantsentencesin a documentor clusterandyet,
thereappearsto beanimplicit saliencevaluefor all sentenceswhich is judge-independent.

5.3.1 The relative utility evaluation method

Usingmetricssuchasprecisionandrecall (P&R) or percentagreement(PA) (Jinget al., 1998;Goldsteinet al.,
1999)to evaluatesummariescreatesthepossibilitythattwo equallygoodextractsarejudgedverydifferently.

Supposethata manualsummarycontainssentences[1 2] from a document.Supposealsothat two systems,
A andB, producesummariesconsistingof sentences[1 2] and[1 3], respectively. UsingP&R or PA, systemA
will be rankedmuchhigherthansystemB. It is quitepossible,however that for the purposeof summarization,
sentences2 and3 areequallyimportant,in which casethetwo systemsshouldgetthesamescore.

Therelativeutility (RU) method(Radev etal.,2000)allowsidealsummariesto consistof sentenceswith vari-
ablemembership. With RU, theidealsummaryrepresentsall sentencesof theinputdocument(s)with confidence
valuesfor their inclusionin thesummary.

For example,a documentwith five sentences[1 2 3 4 5] is representedas[1/10 2/9 3/9 4/2 5/4]. Thesecond
numberin eachpair indicatesthe degreeto which the givensentenceshouldbe part of the summaryaccording
to a humanjudge. We call this numberthe utility of the sentence.Utility dependson the input documents,the
summarylength,andthejudge.In theexample,thesystemthatselectssentences[1 2] will not geta higherscore
thana systemthatchoosessentences[1 3] giventhatbothsummaries[1 2] and[1 3] carry thesamenumberof
utility points(10+9).Giventhatnoothercombinationof two sentencescarriesahigherutility, bothsystems[1 2]
and[1 3] produceoptimalextracts.

5.3.2 An example

In relative utility experiments,judgesareaskedto assignnumericalscoresto individual sentencesfrom a single
documentor a clusterof relateddocuments.A scoreof 10 indicatesthata sentenceis centralto thetopic of the
clusterwhile a scoreof 0 marksa totally irrelevantsentence.

Thefollowing exampleillustratesanadvantagethatRelative Utility hasoverPrecision/Recall.Thetwo sum-
mariesshown in Figures5.2and5.3are5-sentenceextractivesummariesfrom thesamedocumentby two different
judges.Becauseeachsummaryis composedentirelyof differentsentences,theinterjudgeagreementasmeasured
by Precision/Recallis 0, despitethefactthatbotharereasonablesummaries.Bothextractivesummariesarebased
on documentD-19971207-001from cluster398.

S# Text J¶ util (of 10) JÝ util (of 10)
2 Thepreliminaryinvestigationsshowedthatat this stage,human-to-human 9 8

transmissionof theH5N1 influenzaA virus hasnot beenprovenand
furtherinvestigationswill bemadeto studythis possibility, theSpecial
WorkingGroupon H5N1announcedtoday(Sunday)

3 Theinitial findingsalsoshowedthatthefour H5 casesdid not sharea 7 4
commonsource,norwasthevirus transmittedfrom onecaseto theothers.

7 However, thereis nocausefor panicasavailableevidencedoesnot 7 6
suggestthatthediseaseis widespread.

9 TheWHO hasbeenaskedto alertvaccineproductioncentresin theworld 7 7
in thecaseinvestigationto follow developmentsherewith aview
to preparingthenecessaryvaccines.

14 HesaidtheDepartmentwould disseminateto doctors,medical 8 8
professionals,collegesandhealthcareworkersavailableinformation
abouttheH5 virus throughlettersandtheDepartmentof Health’s
homepageon theInternet(http:/www.info.gov.hk/dh/).

Figure5.2: A 5-sentenceextractivesummaryby LDC JudgeJª
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S# Text J¶ util (of 10) JÝ util (of 10)
11 To furtherenhancesurveillancein HongKong,Dr Saw said,theDepartment 8 10

of Healthwould extendsurveillancecoverageto all GeneralOut-patient
Clinics.

12 TheHospitalAuthority would alsosetupsurveillancein public hospitals. 4 10
13 In themeantime,Dr Saw said,theAgricultureandFisheriesDepartmenthad 6 10

alsoincreasedsurveillancein poultry in collaborationwith TheUniversity
of HongKong.

19 Dr Saw advisedmembersof thepublic thatthebestway to combat 7 10
influenzainfectionwasto build upbodyresistanceby having aproperdiet
with adequateexerciseandrest.

20 Goodventilationshouldbemaintainedto avoid thespreadof respiratory 8 10
tractinfection.

Figure5.3: A 5-sentenceextractivesummaryby LDC JudgeJ�
Note thatboth judgesgave eachother’s sentencesfairly high utility scores,however. In fact, the interjudge

agreementasmeasuredby Relative Utility for this exampleis 0.76. This scoreis alsomarkedly higherthanthe
lowestpossiblescorea summarizercould receive. Although not depictedabove, a summarizercould have an
agreementwith judgeJª aslow as0.14andanagreementwith judgeJ� aslow as0.38.

5.3.3 Defining Relative Utility

In thissection,wewill formally definerelativeutility. To computerelativeutility, anumberof judges,Ä ( ÄnmÑõ ),
areaskedto assignutility scoresto all û sentencesin a clusterof documents(which canconsistof oneor more
documents).The top � sentencesaccordingto utility scoreare thencalleda sentenceextract of size � (in the
caseof ties, somearbitrarybut consistentmechanismis usedto decidewhich sentencesshouldbe includedin
thesummary).Theformulasbelow assumethat û is thenumberof sentencesin a clusterof documents,� is the
numberof sentencesin thedesiredextract,and Ä is thenumberof humanjudgesproviding utility scores.

We canthendefinethefollowing metrics:

op ¤ Ì ¥rq ¤~¨ ª «#q ¤~¨ � «F¬�¬E¬E«�q ¤©¨ þ °Ì sentenceutility scoresfor judge ÀopVs¤ Ì ¥�t ¤~¨ ªWu q ¤©¨ ª «#t ¤©¨ �Yu q ¤~¨ � «F¬�¬E¬�«`t ¤~¨ þ u q ¤©¨ þ °Ì extractiveutility scoresfor judge À
In theformula for

op s¤ , tF¤©¨ ø is thesummarycharacteristicfunctionfor judge À andsentencev . It is equalto 1
for the � highest-utilitysentencesfor a givenjudge.Notethat

� þø Ò³ª tF¤©¨ ø Ì � .

t ¤~¨ ø Ì wx y õ sentencev is includedin theextract
judge À at a givensummarylength ��
otherwise

We cannow definesomeadditionalquantities:
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p ¤ Ì þzø ÒÓª qm¤~¨ ø
Ì total self-utility for judge Àp s¤ Ì þzø ÒÓª t`¤~¨ ø u qm¤~¨ ø
Ì totalextractiveself-utility for judge À

(computedoverall û sentences)p ¤~¨ ® Ì þzø ÒÓª t`¤~¨ ø u q ®X¨ ø
Ì totalextractivecross-utilityfor judgesÀ and ¼ ( ÀY{Ìæ¼ )p ¤~¨ 8;:=< Ì õOÅD·~Ä�ó7õO» u}|z®´ÒÓª p ¤~¨ ® for À[{Ì ¼Ì (non-symmetric)judgeutility for judge À .1 Ì p 8@:=< Ìßõ�Å´Ä u |z ¤EÒ³ª p ¤~¨ 8;:=<
Ì interjudgeperformanceÌ averageextractivecross-utilityof all judges.p Ì þzø ÒÓª |z ¤�ÒÓª q ¤~¨ ø
Ì totalextractiveutility for all judges.p s Ì þzø ÒÓª�~ ø u�|z ¤�Ò³ª q ¤©¨ ø
Ì totalutility for all judges

In theformulafor
p s

, ~ ø is õ for thetop � sentencesaccordingto thesumof utility scoresfrom all judges.
p s

is themaximumutility thatany systemcanachieveat agivensummarylength � .
Notethat

� þø Ò³ª ~ ¤~¨ ø Ì � . Notealsothat Ä Ì õ implies
p s Ì p sª (singlejudgecase).

A summarizerproducinganextractof length � canbethoughtof asanadditionaljudge.Its performancewill
becomputedastheratio of thesumof its cross-utilitywith thetotality of humanjudgesto themaximumutilityp s

achievableat a givensummarylength � . As a result,a summarycanbejudgedbasedon its utility relativeto
themaximumpossibleagainstthesetof judges,hencethenameof themethodRelativeUtility .

ã Ì � þø Ò³ª t i ¨ ø u � |¤EÒ³ª q ¤~¨ øp sÌ systemperformance( t i ¨ ø is equalto 1 for the

top � sentencesextractedby thesystem).

In theformulafor S,
� |¤EÒ³ª qm¤~¨ ø is theutility assignedby thetotality of judgesto a givensentencev extracted

by thesummarizer.

à Ì õOÅ�� û ��� ·E� b »z k Ò³ª ã k
Ì randomperformance(computedoverall � þ jL�

possibleextractsof length � ).
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à
is practically a lower boundon ã while 1 is the correspondingupperbound. In order to factor in the

difficulty of a givencluster, onecannormalizethesystemperformanceã between1 and
à

:

ò Ì ã�ó à1Êó àÌ normalizedrelativeutility

(normalizedsystemperformance).

Assuming
à {Ì�1 (which is a reasonableassumption),òJÌ õ only when ãÑÌ�1 (systemis asgoodasthe

interjudgeagreement)and ò Ì �
when ã Ì à (systemis no betterthanrandom).

Whenvaluesfor
à

and 1 aregivenascomparison,reportingã is sufficient. However, ò shouldbeusedwhenà
and 1 areignored.
GiventhatRelative Utility ã valuesaregenerallyhigherthanKappavalues,onemight incorrectlythink that

systemperformanceis quitehigh. AlthoughRU doesindeedtake into accountvariableagreement,oneshouldbe
awarethatnormalizedRelative Utility ( ò ) ratherthan ã takesrandomandinterjudgeagreementinto account.It
is alsoimportantto notethateven ò valuesarenot directly comparablewith Kappa.Furtherwork is requiredto
establishmoresolidstatisticalpropertiesof RU.

5.3.4 Comparing Relative Utility with P/R

To understandthis sectionbetter, pleasereferto Figure2.14.
Givenan ideal extract £ ª consistingof � ª sentences,onecanmeasurehow similaranotherextract £ � includ-

ing � � sentencesis to it. Precision(
Ç

) is theratioof sentencesincludedin £ � whicharealsoincludedin £ ª while
Recall(

à
) is the ratio of sentencesincludedin £ � to the total number� ª of sentencesin £ ª . It canbe trivially

shown thatif � ª Ì � � Ì � andthetwo extractshave å sentencesin common,
Ç Ì à Ì åDÅ � .

Percentagreement(PA) measureshow many of the judges’decisionsaresharedamongsttwo judges.If Á is
thenumberof sentencesin the input document(or cluster)thatwerenot extractedby eitherjudgeandthe input
hasû sentences,thenPA is definedas ·jå�� Á�»QÅOû .

For example,supposethat two judgesproduce10%extractsfrom a documentcontaining50 sentences.If 4
sentencesareextractedby both judges,then

Ç Ì à Ì��HÅ���Ì�� ����� Ç 0 Ì ·"�������H»[Å�� � Ì���� �
.
Ç 0

is known
to significantlyoverestimateagreementfor bothvery shortandvery long extractswhile

Ç
and

à
underestimate

agreement.
Wecannow comparetheRU valueswith thesefor PrecisionandRecall.Let’sfirst look at judges1 and2. Out

of 24sentences,only 4 overlapbetweenthetwo judges(19980306007:2,19990802006:8,19990802006:9,and
19990829012:2),or in otherwords,

Ç Ì à Ì���Å�4J�ÍÌ ¬Eõ�� . (Note thatwhenthe two extractsareof the same
length,Precisiontrivially equalsRecall). Let’s now look at judges1 and3. They overlapon only 3 sentences
(
Ç Ì à Ì ¬�õ C ). Similarly,

Ç Ì à Ì ¬�õ C for judges2 and3.
Let’snow turn to theperformanceof MEAD. MEAD has

Ç Ì à Ì74AÅ�4��=Ìß¬ � � with judge1. Thevaluesfor
P andR are.13and.17whencomparingMEAD with judge2 andjudge3, respectively.

Suchlow numberscould indicatethat it is impossibleto reachconsensuson extractive summaries. The
numbersabove arefor multi-documentextracts,althoughsimilar numbershold for single-documentextractsas
well. For example,theaverageinterjudgeP/Rfor 10%extractsof eachof the tensingledocumentscomprising
cluster125is .22for judges1 and2, .33for judges2 and3, and.26for judges3 and1.

Pastwork on evaluatingextractive summaries(Jing et al., 1998;Goldsteinet al., 1999)hasindicatedsuch
low agreementfor single-documentextracts.We claim thatRelative Utility is a bettermetricthanP/Rbecauseit
doesn’t underestimateagreementin thecasewheremultiple sentencesarealmostequallygoodto beincludedin
anextract.

RelativeUtility hasseveraladditionaladvantagesoverP/R/PA.
First, in a way similar to Kappa(Siegel andCastellan,1988),it takesinto accountthedifficulty of a problem

by factoringin randomandinterjudgeperformance.
Second(andunlikeKappa),it canbeusedfor evaluationatmultiplecompressionrates(summarylengths).In

onepass,judgesassignsaliencescoresto all sentencesin acluster(or in asingledocument).It is thenpossibleto
simulateextractionatafixedcompressionrateby rankingsentencebyutility. As aresult,RU is amoreinformative
measureof sentencesalience.
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Third, RU canbeextendedto dealwith informationalsubsumptionby introducingconditionalsentenceutility
values(Radev et al., 2000) which dependon the presenceof other sentencesin the summary. Informational
subsumptiondealswith thefactthattheutility of a sentencemaydependon theutility of othersentencesalready
includedin a summary. For example,two sentencesmaybealmostidenticalin contentandget thesameutility
scoresfrom ajudgeandyetthey shouldnotbeincludedin thesummaryat thesametime. In thisreport,wearenot
presentingany resultsrelatedto subsumptionalthoughwe obtainedsubsumptiondatafor the20-clustercorpus.
We intendto usethis raw datafor futureexperiments.

Fourth,theRU methodcanbefurtherexpandedto allow sentencesor paragraphsto exertnegative reinforce-
menton oneanother, that is, allow for casesin which theinclusionof a givensentencemakesanotherredundant
anda systemthatincludesbothwill bepenalizedmorethana systemwhich only includesoneof thetwo “equiv-
alent” sentencesandanother, perhapslessinformativesentence.

5.3.5 Extracts

An extract containsa list of sentencesthatwill be usedin the summary. Sentencesaresortedin the orderthey
appear.

We usedMEAD to producea large numberof automaticextracts(at 10 target lengthsusinga numberof
algorithmsof all 20clustersandof all 18,146documentsin thecorpus).

Figure 2.14 presentsseven different 10% extractsproducedfrom the samecluster(Cluster125). As one
can see,when all judgesare taken into account,one sentencewith high salienceis sentence2 from article
19980306007 with a total utility scoreof 24. Given that MEAD includesthat sentencein its 10% extract, it
will getthemaximumpossibleutility for this sentence.On theotherhand,not all sentencesextractedby MEAD
have this high a utility. For example,sentence3 from 19990802006 which wasalso picked by MEAD only
carriesautility of 15. If MEAD hadpickedadifferentsentenceinstead(e.g.,sentence2 from 20000408011with
a utility of 28), its relativeutility wouldbehigher.

In thisexample,thetotalself-utility
p ª for judge1 is 1218.Thetotal self-utilitiesfor judges2 and3 are1380

and1130,respectively. The valuesfor extractive total utility
p s¤ for eachof the threejudgesare237,218,and

224,respectively.
Figure5.4 shows the valuesfor extractive cross-judgeutility. The average,

� ¬ � C
, is equalto the interjudge

agreement1 .

Judge1 Judge2 Judge3 Average
Judge1 1.00 0.74 0.74 0.74
Judge2 0.64 1.00 0.74 0.69
Judge3 0.72 0.81 1.00 0.77

Figure5.4: Cross-judgeutilities

Usingtheformulasin theprevioussection,onecancomputethevaluefor randomperformance,whichis 0.57.
The performanceof MEAD is 0.70 (comparedto random= 0.57andinterjudgeagreement= 0.73). When

normalized,MEAD’sperformanceis 0.80on ascalefrom 0 to 1.

5.4 IR Evaluation Measures

Relevancecorrelationwhichwill beintroducedin moredetail in thefollowing sectionrequiresameasurementof
IR performanceasits backdrop.We will discusshereseveralIR techniquesknown in theliterature.

Traditionally, evaluationof retrieval performanceis measuredby recall andprecision. Considera particular
queryanda setof known relevantdocuments(goldstandard).Supposea retrieval systemreturnsasetof system-
determinedrelevantdocuments.In general,retrieval effectivenesscanbedepictedin thefollowing table:

Truth
Relevant Non-relevant

Retrieved
0 6 0 ��6

Non-retrieved ¦ ò ¦��*ò0 �7¦ 67� ò Ä Ì 0 ��67�7¦�� ò
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Recallandprecisioncanbeeasilycomputedusingthis table. Specifically, recall is definedasthefractionof
therelevantdocumentswhichhasbeenretrieved. It canbeexpressedas:�Y�r�3� ÂEÂWÌ 0 Å�· 0 �7¦�»
Precisionis definedasthefractionof theretrieveddocumentswhich is relevant. It canbeexpressedas:� � �L�3�¡ #� ��¢ Ì 0 ÅD· 0 ��6s»

Sometimes,a systemreturnsa ranked list of documentssortedby degreeof relevanceinsteadof just a set
of relevantdocuments.We canthenexaminethis ranked list startingfrom the top. Theprecisionandrecallare
computedaftereachrelevantdocumentencounteredin the list. This canproducea recall-precisiongraphwhich
plots precisionas a function of recall. This graphalso depictsthe behavior of a retrieval run over the entire
recallspectrum.Normally precisionandrecall tendto beinverselyrelated.Non-interpolatedAverage Precision
is definedas the averageof the precisionobtainedat variousrecall levels obtained. The graphcanalsoallow
usto compute11-pointAverage Precision. 11-pointAveragePrecisionis definedastheaverageof theprecision
obtainedat 11 standardrecall levels which are0%, 10%, ... , 100%. Interpolationprocedureis appliedon the
recall-precisioncurve in orderto obtaintheprecisionof thesestandardrecall levels.

In theabovediscussion,theevaluationis performedon a singlequery. In orderto geta morereliableevalua-
tion, a numberof testqueriesareused.Basically, we first calculatethemeasuresdiscussedabove of eachquery
andtake themeanoverall testqueries.Hence,Mean(non-interpolated)Average Precisionfor a run is themean
of theAveragePrecisionof eachquery.

Thereareothermeasureswhich attemptto computeaverageprecisionat givendocumentcutoff values.For
example,P(10)is theaverageprecisionafterthefirst 10documentsareretrieved.Likewise,R(1000)is theaverage
recallafterthefirst 1000documentsareretrieved.

Thetrec eval programwrittenby NIST producestheevaluationmeasuresdiscussedabove. Thisprogram
canbeobtainedfrom theTRECWebsite(http://trec.nist.gov).

5.5 Evaluation Framework for ChineseSummaries

The experimentalframework for evaluationof the Chinesesummariesis basedon the novel ideaof using the
alignedcorpusasa sourcefor obtainingtargetabstractin Chinese.Theframework is shown in Figure5.5. The
stepsinvolvedin theevaluationare:

(1) LDC providedsentenceutility judgmentsbetween0 and10for eachEnglishdocumentin theclusters.Each
documentwasjudgesby threedifferentassessors;

(2) theutility-basedsummarizerwasrun on eachdocumentfor differentcompressionrates;

(3) theutility-basedsummariesweremappedinto Chineseusingthetableof sentencealignments;

(4) Differentsummarizerswereusedto producesingleandmulti documentsummariesin Chineseat different
compressionrates;

(5) Content-basedfunctionswereusedto computethesimilarity betweenthetexts.

5.6 RelevanceCorr elation

Relevancecorrelationis a new measurefor assessingtherelativedecreasein retrieval performancewhenmoving
from full documentsto extracts. To our knowledge,this measurementhasnever beenexplored in detail, and
certainlyneveron sucha largedatasetasours.Relevancecorrelationtakestheabsoluteretrieval resultsreported
in section6.4 andturnstheminto a relativemeasureof summaryperformance.Theideabehindit is asfollows:
if a summarycapturesthe mainpointsof a document,thenan IR machineindexedon a setof suchsummaries
(insteadof asetof thefull documents)shouldproduce(almost)asgoodaresult.Moreover, thedifferencebetween
how well thesummariesdoandhow well thefull documentsdoshouldserveasapossiblemeasurefor thequality
of summaries.
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Figure5.5: EvaluationFramework (Chinese)

Brandow et al. (1995) suggesta similar evaluationmeasureto measurethe relative effectivenessof their
summarizerANES in comparisonto leading-text summaries.In their experiment,12 Booleanqueriesarerun on
a testcorpusof roughly21,000documents.Relevancejudgementswerecollectedandcomparedfor all retrieved
documents.In threeconditions,thedocumentswhich areindexedareeitherfull documents,ANES extracts,or
leadextracts.

In their results,leadingtext outperformedfull text, and leadingtext also outperformedANES extractsin
precision(47% vs. 45% vs. 37%). Recall however is 100% on full documents,and56% (ANES) vs. 58%
(leading). In their future work section,they notethat it would be importantto repeattheseexperimentswith a
non-Booleansearchengine.

Ourwork doesjust that,andit measuresretrieval performancewith moremeasurementsandmoreconditions,
on a largersetof queries.Our resultsarethusmoregeneral.

Supposethatgivena queryQ anda corpusof documentsò�¤ , a searchengineranksall documentsin ò�¤ ac-
cordingto their relevanceto thequeryQ. If insteadof thecorpusò�¤ , therespectivesummariesof all documents
aresubstitutedfor the full documentsandthe resultingcorpusof summariesã ¤ is rankedby the sameretrieval
enginefor relevanceto thequery, a differentrankingwill beobtained.If thesummariesaregoodsurrogatesfor
thefull documents,thenit canbeexpectedthatrankingwill besimilar. Thereexist severalmethodsfor measuring
the similarity of rankings.Onesuchmethodis Kendall’s tau andanotheris Spearman’s rank correlation.Both
methodsarequiteappropriatefor thetaskthatwe want to perform,however, sincesearchenginesproducerele-
vancescoresin additionto rankings,we canusea strongersimilarity test,linearcorrelation.Whentwo identical
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rankingsarecompared,their correlationis 1. Two completelyindependentrankingsresultin a scoreof 0 while
two rankingsthatarereverseversionsof oneanotherhaveascoreof -1.

Relevancecorrelationç is definedasthelinearcorrelationof therelevancescores( ê and £ ) assignedby two
differentIR algorithmsonthesamesetof documentsor by thesameIR algorithmondifferentdatasets.Relevance
scoresareobtainedusingeachof the20queriesdescribedin 2.7.

çYÌ � ¤ ·©ê ¤ ó ê »`·"£ ¤ ó £D»¤ � ¤ ·©êm¤ ó êm» � ¤ � ¤ ·"£S¤ïó £D» �
A standardvector-spacemodel(SaltonandMcGill, 1983)is employedasourretrievalmethod.Eachsummary

is representedasa ¼ -dimensionalvectorwhereeachelementin thevectordenotestheweightof thecorresponding
term.Likewise,aqueryis representedin vectorform. For Englishsummaries,weapplystemmingandstop-word
removal to extracttermsfrom thesummariesfor indexing. For Chinesesummaries,wefirst processthetextsby a
word segmentationstepto detectwordboundariesin asimilar wayasthefull-lengthChinesedocuments.

All EnglishandChinesesummariesin thewholecorpusareindexed,thenretrieval is performed.
After theretrieval process,eachsummaryis associatedwith a scoreindicatingtherelevanceof thesummary

to thequery. The relevancescoreis actuallycalculatedasa crossproductbetweenthe summaryvectorandthe
queryvector. Basedontherelevancescore,wecanproduceafull rankingof all thesummariesin thecorpus.This
rankingof summariesis storedin anXML file calledthedocjudge file in descendingorderof relevancescore.
Differentsetsof docjudge files aregeneratedfor differentsetsof summaries.A separatesetof docjudge
files is producedfor theoriginal corpusof thefull-lengthdocuments.

In contrastto Brandow etal. (1995)whorun12Booleanqueriesonacorpusof 21,000documentsandcompare
threetypesof documents(full documents,leadextracts,andANES extracts),we measureretrieval performance
undermorethan300conditions(by language,summarylength,retrieval policy for 8 summarizersor baselines).
Our resultsarethusmoregeneral.
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Chapter 6

Results

In this chapter, we will presentour resultsobtainedusing the five typesof evaluationmeasuresintroducedin
Chapter3. The five typesof metricsare(1) co-selection,(2) content-based,(3) relative utility, (4) information
retrieval, and(5) relevancecorrelation.

6.1 Co-selectionresults

Co-selectionagreementis reportedusingthe threeevaluationmeasuresdiscussedin Section5.1: percentagree-
ment,precisionandrecall,andkappa.

An overview of the results(averagedover the 20 developmentclusters)is given in Figures6.2,6.4 and6.7.
The tablesassumehumanperformanceis the upperbound,the next two rows treatMEAD andWebSumm,the
two systemsconsidered,andthelower two linesconsiderthebaselines.

6.1.1 Percent agreement

Thefirst row in figure6.2 andthegraphshow agreementamongstthehumanannotatorsif measuredin percent
agreement.Thesefiguresaregivenfor anaverageof 20 developmentclusters(detailedresultsby clustercanbe
foundin theappendix).

Numbersfor humansshow a comparisonof threeextracts. Numbersfor all other “systems”,i.e. random,
lead-based,MEAD andWebSummshow agreementof the systemagainstthe threeannotators,i.e. insteadof
comparingthreeextracts,we comparefour.

Noticethatthevaluesarehigherin theextremecompressionsandlower in themid-rangecompressions.This
is dueto thefact thatpercentagreementis a very crudemeasurethatdoesnot take into accountthedistribution
of theclassification.Particularly in the lower andhighercompressions,thedistribution is very skewed,asmost
of the sentencesin a documentareeither irrelevant, or they are relevant in thesetwo situations. But percent
agreementdoesnot take the skewednessof the distribution into account;eachsentenceis consideredequally
important,whetherit is relevantor not. As discussedearlier, this undesirableeffect is dueto theinsensitivity of
theevaluationmeasureto randomagreement.

It is alsothecasethatpercentagreementis not robusttowardsnumberof annotators.If weplot theagreement
of severalsummarizationstrategies(random,lead-based,MEAD andWebSummn1) with all threehumansumma-
rizers(cf. figures6.11,6.12,6.13and6.14),we notethat thenumbersarelower thanthoseof thethreehumans
comparedto eachother.

Randomagreementis the lowestbaseline,which is metby all systemsandthehumans.But thecomparison
of threehumansdoesnot achieve thehighestagreementin this dataset:leadsummariesseemto performbetter
thanthemoresophisticatedsummarizers,andthey alsoseemto bemore“similar” to thehumansthanthehumans
areamongstthemselves! While this resultmight seemcounterintuitive, the observedeffect could be explained
by a scenarioin which humanjudgeschoosedifferent,but earlyoccurringsentences.All threehumansrepresent
threedifferentpointsin thesolution-spaceof theextractionproblem.It is thenpossiblethatonesolution(beit a

1Only summariesfor compressionratesup to 40%wereavailable.
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Target Length
5% 10% 20% 30% 40% 50% 60% 70% 80% 90%

Humans .883 .822 .723 .661 .646 .651 .682 .734 .810 .907

MEAD .880 .818 .714 .647 .625 .626 .658 .715 .791 .897
WebSumm .884 .816 .707 .633 .607

Lead .890 .831 .730 .659 .640 .642 .665 .721 .799 .903
Random .874 .806 .690 .614 .580 .572 .609 .668 .757 .884

Figure6.1: Resultsin percentagreementfor all systems,averagedover20 queries
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Figure6.2: Resultsin percentagreementfor humans,averagedover20queries

Target Length
5% 10% 20% 30% 40% 50% 60% 70% 80% 90%

Humans .187 .246 .379 .467 .579 .672 .773 .847 .906 .957

MEAD .160 .231 .351 .420 .519 .611 .723 .807 .871 .952
WebSumm .310 .305 .358 .439 .543

Lead .354 .387 .447 .483 .583 .652 .726 .818 .888 .954
Random .094 .113 .224 .357 .432 .518 .638 .734 .834 .939

Figure6.3: Resultsin precision=recallfor all systems,averagedover20 queries
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Figure6.4: Resultsin precision=recallfor humans,averagedover20 queries
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Target Length
5% 10% 20% 30% 40% 50% 60% 70% 80% 90%

Humans .127 .157 .194 .225 .274 .302 .323 .337 .354 .324

MEAD .109 .136 .168 .192 .230 .252 .274 .290 .290 .253
WebSumm .138 .128 .146 .159 .192

Lead .180 .198 .213 .220 .261 .284 .287 .304 .316 .300
Random .064 .081 .097 .116 .137 .145 .169 .171 .175 .156

Figure6.5: Resultsin kappafor all systems,averagedover20queries
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Figure6.6: Averagesin kappafor all systemsatcompressionof 20%
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Figure6.7: Resultsin kappafor humans,averagedover20 queries
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baselineor asystem,or asin ourcase,lead-basedsummaries)positionsitself betweenthehumans.While humans
donotnecessarilyagreewith eachother, they seemto agreeonthestrategy of choosingsentencesoccurringearly
in thedocument.

Whencomparingthe differentsystems,Websummachievesbetterresultsin the extremehigh-target length
casethanMEAD, but all othercompressionsshow anadvantagefor MEAD.

6.1.2 Precisionand recall

A clearerpictureof systemperformanceemergesfrom Figure6.4,asprecisionandrecalltreatonly relevantitems.
Pleasenotethat the extractswe comparehave exactly the samenumberof sentences.Therefore,precisionand
recallarenumericallyequal;we only presentonevaluefor bothof them.

Weobservetheeffectof adependenceof thenumericalresultsonthelength,which is awell-known factfrom
informationretrieval evaluations.We alsoseethatrandomagreementstill hasa negativeeffecton thenumbers.

Figure6.15showsprecision/recallvaluesfor thethreehumanannotators.Theeffectof adentin themid-range,
which weobservedwith percentagreement,hasdisappeared,valuesincreasesteadilywith compression.

With respectto comparingsystems,WebsummagainhasanadvantageoverMEAD for longersummariesbut
not for 20%or less.Humansonly catchup with lead-basedsummariesin lengthsof 50%or more.

6.1.3 Kappa

Kappais asuperiormeasureto bothprecisionandrecallandto percentagreementasit factorsrandomagreement
out. Figure6.7 summarizeresultsfor all compressionratesandsystems,averagedover clusters.Again, more
detailedtables(by cluster)canbefoundin theappendix.

Thenumericalfiguresin Kappaarelower thanpercentagreement,which is a side-effect of a randomagree-
mentlarger than0. Theratherlargenumericaldifferencebetweenthenumbersin Figures6.2 and6.7 show that
randomagreementis ratherhigh in our dataset.

Onebaselineis not shown here,but is built into thedefinitionof Kappato bezero:comparionof onehuman
with a randomprocesswherebythe distribution is followedis zeroon average.We have empiricallyconfirmed
with experiments(notshown here)thatrandomagreementdoesachieveK=0 if wecomparetherandomprocessor
againstahuman(or any otherprocess).

The interpretationof Kappavaluesis possibleaccordingto two scales. On Krippendorff ’s (1980) scale,
agreementof K=.8 or above is consideredasreliable,agreementof .67–.8asmarginally reliableandagreement
of K � .67 asunreliable. On LandisandKoch’s (1977)moreforgiving scale,agreementof .0–.2 is considered
asshowing “slight” correlation,.21–.4as“f air”, .41–.6as“moderate”,.61–0.8as“substantial”,and.81 –1.0as
“almostperfect”.

Our results,while verydifferentfrom random,donotshow highagreementamongsthumansin ourcase.The
relatively low agreementcanbe dueto a numberof reasons.Firstly, the literaturehaslong notedlow human
agreementin thetaskof sentenceextraction.It simply doesnot seemto bea problemthatis intuitive to humans,
giventhevaguenessof relevancein general.Secondly, if a taskis not intrinsically intuitive,onecanstill achieve
highagreementby traininghumansandby cyclically improving theguidelines,whicharetheguardof theseman-
tics of eachdecision.In our case,we hadgiventheannotatorsonly vagueguidelines;we hadno way of making
thoseguidelinesmorestringentaftermeasuringthefirst results,like onewould normallydo, andwe hadin fact
no secondchanceof trainingtheannotatorsagain.In thelight of theserestrictions,andconsideringthatsentence
extractionis a low-agreementtask,theagreementachievedcanbeconsideredreasonable.

Thenumbersneverthelessshow thefollowing trends:ú Thenumbersalsoshow a ratherlow agreementbetweenhumansandall systemsandbaselines.However,
theautomaticsystemsbeattherandombaselineby far.ú MEAD outperformsWebsummfor all but the5%targetlength.ú Leadsummariesperformbestbelow 20%,whereashumanagreementis higherafterthat.ú Thereis a ratherlargedifferencebetweenthetwo summarizersandthehumans(exceptfor the5%casefor
Websumm).This numericaldifferenceis relatively higherthanfor any otherco-selectionmeasuretreated
here.
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Cluster
Totals 112 125 199 241 323 398 551 883 1014 1197
Humans .197 .454 .232 .343 .033 .301 .389 .190 .667 0.395
Randomvs. Humans .125 .356 .211 .247 .089 .200 .294 .169 .500 .270

Figure6.8: Totals,humansvs. randommultidocumentextraction,kappa,10 clusters
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Figure6.9: Multi-documentresults(50 words,kappa,10 clusters)

ú Agreementimproveswith summarylength.

Wealsohavesomeresultsonmulti-documentsummaries(notethatall resultsquotedaboveconcernedsingle-
documentsummaries).Figure 6.8 andfigure 6.9 show theseresultsfor the first 10 clusters. Similarly to the
single-documentresults,theseresultsshow large differencesbetweenclusters. We report the multidocument
resultsin kappaonly, askappahasthebestpropertiesof all co-selectionmeasuresconsidered.

Oneof our conclusionsmustbe thatco-selectionis not oneof themostsensitive metricsfor summarization
systemperformance,althoughit is commonlyusedin thefield. As thenext sectionwill show, similarity measures
area muchbettermetricof similarity betweenidealsummaryandsystemsummary.
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Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .881 .801 .678 .617 .609 .632 .663 .751 .805 .927
46 .892 .818 .695 .623 .590 .594 .623 .687 .749 .848
54 .881 .860 .817 .788 .720 .732 .686 .737 .813 .911
60 .891 .828 .754 .719 .692 .696 .747 .747 .801 .914
61 .867 .822 .739 .756 .744 .711 .683 .756 .839 .961
62 .916 .836 .762 .695 .663 .665 .695 .735 .817 .898
112 .871 .803 .693 .614 .621 .598 .640 .701 .788 .902
125 .876 .830 .750 .718 .721 .727 .744 .739 .790 .902
199 .891 .833 .708 .630 .611 .627 .659 .714 .779 .891
323 .873 .766 .669 .608 .532 .517 .552 .634 .740 .868
398 .885 .809 .667 .598 .618 .651 .717 .759 .828 .885
447 .884 .810 .697 .653 .639 .629 .633 .697 .806 .925
551 .812 .812 .634 .531 .531 .700 .972 1.000 1.000 1.000
827 .868 .817 .740 .679 .720 .751 .781 .776 .873 .944
883 .863 .803 .716 .634 .585 .596 .590 .650 .798 .956
885 .865 .838 .710 .650 .569 .529 .562 .657 .798 .939
1014 .833 .833 .833 .667 .833 .833 .833 1.000 1.000 1.000
1197 .900 .848 .811 .748 .725 .680 .714 .777 .860 .923
241 .884 .802 .706 .648 .641 .672 .723 .798 .870 .897
1018 .876 .805 .700 .637 .607 .633 .667 .704 .787 .891
TOTAL .883 .822 .723 .661 .646 .651 .682 .734 .810 .907
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Figure6.10:Agreementbetween3 humanannotators,percentageagreement
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Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .883 .789 .667 .577 .557 .565 .609 .659 .749 .891
46 .890 .818 .692 .601 .558 .547 .568 .637 .721 .840
54 .860 .820 .724 .677 .630 .644 .631 .700 .744 .876
60 .879 .801 .712 .637 .602 .579 .657 .712 .747 .887
61 .833 .800 .672 .669 .622 .600 .603 .692 .783 .942
62 .903 .817 .724 .625 .580 .565 .603 .663 .750 .874
112 .873 .794 .674 .604 .555 .549 .591 .644 .750 .883
125 .879 .813 .693 .655 .615 .612 .629 .672 .753 .878
199 .888 .821 .682 .599 .560 .543 .611 .654 .734 .861
323 .865 .753 .659 .601 .534 .509 .555 .618 .733 .863
398 .882 .806 .664 .576 .557 .561 .599 .669 .764 .863
447 .869 .794 .679 .612 .570 .556 .580 .655 .738 .895
551 .770 .784 .629 .577 .535 .620 .775 .845 .859 1.000
827 .863 .786 .695 .599 .606 .644 .632 .674 .816 .920
883 .866 .798 .678 .590 .563 .546 .571 .623 .776 .926
885 .842 .815 .663 .616 .569 .529 .569 .623 .764 .919
1014 .800 .800 .708 .617 .642 .708 .738 .850 .887 1.000
1197 .886 .814 .738 .641 .634 .584 .637 .668 .788 .884
241 .875 .789 .690 .592 .580 .575 .601 .703 .777 .873
1018 .873 .790 .686 .608 .550 .579 .611 .662 .729 .875
TOTAL .874 .806 .690 .614 .580 .572 .609 .668 .757 .884

Figure6.11:Agreementof randomsummarywith 3 humanannotators,percentagreement

Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .875 .803 .690 .632 .621 .625 .651 .722 .789 .921
46 .910 .844 .726 .657 .632 .645 .670 .725 .782 .867
54 .896 .887 .826 .788 .738 .770 .737 .778 .844 .920
60 .887 .827 .727 .669 .639 .655 .717 .733 .803 .918
61 .850 .814 .706 .694 .692 .669 .694 .781 .836 .950
62 .907 .831 .745 .668 .633 .629 .649 .700 .784 .888
112 .869 .794 .678 .598 .610 .589 .617 .678 .786 .913
125 .886 .836 .741 .688 .695 .707 .713 .727 .796 .904
199 .890 .820 .695 .608 .588 .594 .624 .695 .768 .883
323 .898 .809 .728 .667 .593 .570 .580 .641 .746 .868
398 .900 .829 .690 .594 .577 .585 .614 .666 .749 .862
447 .874 .811 .728 .684 .660 .641 .641 .687 .786 .905
551 .859 .859 .723 .615 .620 .709 .972 1.000 1.000 1.000
827 .870 .789 .718 .637 .654 .677 .709 .735 .831 .930
883 .869 .822 .738 .667 .617 .607 .585 .653 .790 .929
885 .899 .879 .768 .697 .603 .566 .582 .653 .795 .939
1014 .875 .875 .875 .708 .875 .875 .792 1.000 1.000 1.000
1197 .913 .857 .788 .715 .677 .651 .681 .744 .820 .918
241 .885 .813 .685 .601 .585 .601 .637 .721 .815 .898
1018 .882 .803 .699 .651 .632 .661 .671 .705 .784 .900
TOTAL .890 .831 .730 .659 .640 .642 .665 .721 .799 .903

Figure6.12:Agreementof lead-basedvs. 3 humanannotators,percentagreement

67



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .881 .810 .682 .602 .600 .626 .663 .743 .812 .916
46 .900 .826 .705 .624 .589 .576 .594 .652 .734 .846
54 .858 .805 .730 .699 .661 .651 .637 .687 .772 .874
60 .887 .811 .717 .653 .620 .626 .674 .721 .786 .903
61 .892 .853 .739 .750 .689 .667 .678 .739 .808 .964
62 .908 .838 .745 .688 .646 .634 .677 .726 .810 .898
112 .877 .807 .699 .638 .631 .625 .670 .720 .777 .907
125 .875 .823 .731 .693 .672 .678 .688 .710 .774 .886
199 .892 .829 .717 .631 .604 .611 .649 .720 .783 .886
323 .865 .768 .677 .593 .532 .545 .590 .644 .733 .860
398 .884 .813 .679 .606 .606 .600 .644 .706 .793 .880
447 .874 .803 .701 .662 .650 .636 .645 .716 .801 .889
551 .808 .808 .587 .498 .502 .653 .836 .859 .859 1.000
827 .870 .804 .743 .681 .718 .753 .777 .751 .816 .917
883 .866 .803 .705 .615 .593 .585 .598 .669 .798 .923
885 .835 .808 .687 .646 .582 .562 .576 .633 .761 .919
1014 .825 .825 .833 .633 .750 .750 .800 1.000 1.000 1.000
1197 .884 .821 .757 .684 .647 .635 .681 .740 .824 .918
241 .885 .813 .714 .638 .621 .624 .672 .732 .824 .896
1018 .880 .801 .698 .630 .595 .608 .640 .693 .773 .876
TOTAL .880 .818 .714 .647 .625 .626 .658 .715 .791 .897

Figure6.13:Agreementof MEAD vs. 3 humanannotators,percentagreement
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Compression
Clusters 05 10 20 30 40
2 .872 .784 .657 .569 .531
46 .899 .822 .688 .599 .558
54 .881 .839 .788 .764 .711
60 .873 .789 .698 .626 .604
61 .847 .800 .689 .669 .647
62 .902 .815 .719 .633 .594
112 .875 .801 .676 .621 .593
125 .881 .825 .727 .677 .664
199 .889 .822 .694 .612 .572
323 .896 .774 .669 .595 .552
398 .889 .810 .680 .603 .582
447 .869 .794 .692 .639 .612
551 .831 .831 .714 .624 .624
827 .873 .802 .735 .667 .682
883 .874 .814 .713 .604 .546
885 .879 .859 .717 .633 .572
1014 .875 .875 .792 .667 .875
1197 .908 .845 .763 .681 .657
241 .884 .818 .721 .650 .625
1018 .878 .798 .673 .596 .563
TOTAL .884 .816 .707 .633 .607

Figure6.14:Agreementof WEBSUMM with 3 humanannotators,percentagreement

6.2 Content-basedresults

We have evaluatedsummariesfor a setof 10 clusterscontaining10 documentseach. We presentthe average
resultsoverthesetof 1000documents.It is worthmentioningthatall content-basedsimilarity measuresaremore
sensitive thanco-selectionmetrics.

6.2.1 Simple CosineSimilarity

Theresultsobtainedwith thesemeasuresfor all therepresentationschosencanbeseenin Figures6.25,6.26,6.27,
and6.28.Usingthismeasure,MEAD obtainresultscloseto thehumanextractsin mostof thecompressionrates.

6.2.2 ¥L¦�§}¨=©@¦ CosineSimilarity

Theresultsobtainedwith thesemeasuresfor all therepresentationschosencanbeseenin Figures6.29,6.30,6.31,
and6.32. Usingthis measure,Leadbasedobtainresultscloseto thehumanextractsin mostof thecompression
rateswhile MEAD is rankedin secondposition.
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Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .167 .178 .266 .399 .529 .642 .735 .836 .888 .962
46 .078 .154 .267 .397 .496 .596 .695 .784 .848 .919
54 .233 .378 .581 .656 .675 .740 .752 .837 .906 .959
60 .250 .354 .443 .603 .670 .735 .822 .837 .894 .962
61 .350 .339 .507 .638 .733 .740 .720 .839 .885 .992
62 .255 .228 .391 .481 .552 .632 .717 .791 .873 .939
112 .067 .161 .308 .394 .551 .617 .723 .804 .876 .950
125 .094 .252 .439 .561 .678 .747 .810 .825 .872 .946
199 .127 .268 .314 .413 .519 .616 .704 .790 .858 .932
241 .200 .186 .319 .462 .576 .672 .768 .856 .917 .945
323 .167 .233 .276 .418 .441 .525 .651 .756 .844 .929
398 .094 .153 .223 .357 .548 .671 .772 .825 .887 .932
447 .250 .244 .328 .450 .568 .626 .709 .798 .885 .967
551 .333 .333 .350 .443 .457 .733 .980 1.000 1.000 1.000
827 .133 .300 .400 .516 .679 .755 .825 .852 .930 .974
883 .167 .183 .344 .467 .528 .620 .685 .766 .886 .979
885 .333 .333 .367 .470 .508 .554 .664 .765 .881 .973
1014 .333 .333 .667 .557 .833 .833 .867 1.000 1.000 1.000
1018 .161 .288 .376 .443 .541 .653 .741 .808 .898 .964
1197 .283 .360 .551 .596 .663 .684 .768 .850 .919 .962
TOTAL .187 .246 .379 .467 .579 .672 .773 .847 .906 .957
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Figure6.15:Agreementbetween3 humanannotatorsin precision(= recall)
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Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .167 .094 .216 .278 .421 .499 .627 .705 .810 .919
46 .039 .159 .255 .328 .419 .503 .605 .706 .810 .908
54 .033 .144 .173 .304 .454 .549 .652 .781 .803 .915
60 .128 .173 .285 .305 .385 .456 .652 .782 .816 .928
61 .000 .119 .179 .390 .482 .523 .630 .782 .840 .985
62 .011 .067 .250 .282 .376 .477 .605 .720 .807 .921
112 .100 .089 .262 .376 .399 .506 .630 .722 .831 .930
125 .144 .115 .156 .367 .401 .508 .608 .728 .826 .922
199 .092 .174 .165 .289 .415 .471 .636 .718 .816 .912
241 .067 .066 .259 .287 .431 .495 .574 .728 .814 .926
323 .067 .150 .232 .390 .442 .507 .656 .736 .834 .923
398 .083 .123 .216 .293 .390 .502 .580 .702 .820 .912
447 .050 .121 .251 .349 .417 .488 .620 .742 .802 .930
551 .033 .133 .333 .556 .467 .592 .700 .783 .833 1.000
827 .067 .117 .202 .275 .420 .550 .567 .715 .852 .945
883 .200 .133 .191 .314 .471 .514 .638 .728 .859 .948
885 .100 .150 .178 .380 .493 .552 .677 .718 .846 .952
1014 .067 .067 .167 .422 .450 .583 .713 .798 .874 1.000
1018 .111 .104 .328 .371 .411 .533 .637 .725 .797 .926
1197 .083 .083 .254 .276 .452 .504 .643 .700 .831 .918
TOTAL .094 .113 .224 .357 .432 .518 .638 .734 .834 .939

Figure6.16:Agreementof randomsummarywith 3 humanannotators,in precision(= recall)

Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .033 .183 .316 .444 .553 .631 .718 .799 .863 .953
46 .378 .402 .412 .508 .608 .705 .774 .839 .887 .940
54 .450 .601 .641 .680 .705 .805 .830 .885 .937 .968
60 .189 .347 .309 .425 .531 .640 .775 .820 .896 .968
61 .183 .219 .330 .384 .544 .583 .751 .900 .926 .989
62 .083 .234 .360 .435 .513 .597 .680 .770 .851 .938
112 .017 .066 .240 .321 .506 .573 .680 .769 .868 .964
125 .255 .352 .415 .472 .603 .688 .742 .802 .881 .947
199 .121 .163 .264 .353 .477 .574 .681 .785 .861 .929
241 .233 .294 .249 .353 .476 .581 .673 .780 .867 .954
323 .500 .517 .534 .595 .590 .634 .696 .764 .850 .929
398 .344 .356 .343 .345 .431 .511 .589 .693 .795 .911
447 .100 .243 .457 .538 .611 .640 .714 .777 .855 .939
551 .667 .667 .667 .645 .664 .750 .980 1.000 1.000 1.000
827 .167 .133 .294 .378 .520 .611 .709 .797 .874 .957
883 .233 .333 .444 .562 .600 .643 .685 .776 .877 .949
885 .667 .667 .625 .618 .583 .619 .686 .754 .873 .970
1014 .667 .667 .833 .670 .917 .917 .800 1.000 1.000 1.000
1018 .194 .181 .328 .491 .589 .687 .718 .770 .850 .947
1197 .500 .458 .480 .516 .565 .646 .730 .811 .875 .958
TOTAL .354 .387 .447 .483 .583 .652 .726 .818 .888 .954

Figure6.17:Agreementof leadwith 3 humanannotatorsin precision(= recall)
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Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .133 .244 .261 .344 .492 .629 .730 .818 .896 .948
46 .188 .226 .317 .404 .498 .562 .647 .728 .825 .914
54 .000 .017 .203 .399 .558 .604 .677 .752 .839 .910
60 .211 .234 .293 .365 .467 .557 .694 .804 .865 .947
61 .617 .608 .500 .578 .530 .593 .745 .827 .856 .993
62 .089 .255 .338 .485 .534 .606 .700 .790 .879 .945
112 .133 .200 .350 .478 .592 .661 .771 .829 .861 .956
125 .094 .224 .362 .490 .569 .650 .710 .782 .855 .931
199 .174 .232 .357 .413 .492 .588 .700 .807 .872 .938
241 .200 .294 .372 .440 .508 .571 .678 .754 .858 .946
323 .067 .250 .309 .367 .440 .582 .711 .769 .834 .919
398 .111 .200 .290 .391 .505 .549 .637 .747 .842 .928
447 .083 .183 .349 .486 .587 .642 .727 .824 .881 .921
551 .300 .300 .183 .365 .393 .650 .787 .803 .833 1.000
827 .167 .250 .433 .529 .680 .770 .822 .823 .855 .942
883 .200 .217 .286 .387 .535 .586 .696 .790 .884 .943
885 .033 .050 .267 .459 .540 .615 .678 .728 .839 .952
1014 .267 .267 .667 .466 .667 .667 .813 1.000 1.000 1.000
1018 .233 .279 .375 .462 .539 .610 .713 .791 .859 .929
1197 .050 .130 .332 .408 .488 .610 .724 .794 .872 .958
TOTAL .160 .231 .351 .420 .519 .611 .723 .807 .871 .952

Figure6.18:Agreementof MEAD vs. 3 humanannotators,in precision(= recall)

Compression
Clusters 05 10 20 30 40
2 .000 .033 .165 .244 .334
46 .183 .190 .237 .321 .428
54 .300 .299 .451 .572 .604
60 .044 .073 .171 .267 .415
61 .167 .167 .296 .355 .508
62 .000 .033 .215 .304 .415
112 .117 .161 .236 .401 .490
125 .200 .221 .316 .417 .525
199 .081 .117 .227 .337 .417
241 .217 .322 .393 .473 .546
323 .467 .283 .276 .380 .491
398 .172 .174 .297 .380 .435
447 .033 .122 .311 .404 .497
551 .467 .467 .633 .670 .678
827 .200 .217 .380 .476 .600
883 .300 .300 .335 .351 .416
885 .467 .533 .433 .441 .530
1014 .667 .667 .500 .557 .917
1018 .172 .165 .225 .324 .439
1197 .417 .342 .365 .426 .511
TOTAL .310 .305 .358 .439 .543

Figure6.19:Agreementof Websumwith 3 humanannotatorsin precision(= recall)
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Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .075 .061 .057 .122 .194 .264 .288 .384 .364 .508
46 .017 .051 .075 .121 .152 .188 .207 .245 .182 .055
54 .217 .370 .473 .511 .425 .464 .330 .338 .362 .413
60 .223 .263 .289 .363 .368 .392 .459 .356 .313 .389
61 .259 .187 .288 .443 .482 .422 .318 .333 .420 .513
62 .200 .150 .278 .290 .301 .331 .357 .356 .403 .350
112 -.014 .063 .126 .110 .226 .197 .237 .236 .287 .225
125 .038 .176 .271 .352 .429 .454 .457 .345 .279 .281
199 .065 .164 .119 .136 .195 .253 .283 .307 .285 .348
323 .098 .095 .063 .122 .039 .033 .027 .047 .071 .062
398 .061 .054 .008 .066 .213 .301 .406 .409 .439 .270
447 .182 .144 .144 .205 .259 .258 .214 .233 .353 .471
551 .224 .224 .095 .038 .046 .389 .932 1.000 1.000 1.000
827 .062 .227 .247 .281 .431 .500 .533 .406 .527 .447
883 .092 .088 .176 .180 .151 .190 .111 .114 .231 .596
885 .258 .241 .188 .212 .123 .055 .054 .113 .255 .368
1014 .238 .238 .556 .289 .667 .667 .644 1.000 1.000 1.000
1197 .217 .283 .448 .423 .435 .359 .389 .445 .517 .458
241 .128 .047 .130 .195 .261 .343 .415 .507 .568 .319
1018 .087 .135 .164 .178 .195 .266 .290 .268 .293 .251
TOTAL (20 clus-
ters)

.127 .157 .194 .225 .274 .302 .323 .337 .354 .324

2 46 54 60 61 62 112 125 199 323 398 447 551 827 883 885 1014 1197 241 1018

5%

20%

40%

60%

80%
-0.2

0

0.2

0.4

0.6

0.8

1

K

cluster no.

5%

10%

20%

30%

40%

50%

60%

70%

80%

90%

Kappa,�human�agreement

Figure6.20:Agreementbetween3 humanannotatorsin kappa
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Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .090 .007 .024 .030 .088 .130 .175 .157 .184 .262
46 -.003 .051 .069 .071 .085 .094 .092 .124 .091 .006
54 .077 .188 .203 .257 .239 .288 .213 .247 .133 .196
60 .140 .146 .165 .177 .184 .158 .268 .266 .124 .195
61 .074 .086 .106 .247 .234 .199 .145 .159 .220 .270
62 .082 .047 .162 .126 .129 .130 .164 .181 .185 .192
112 .001 .018 .073 .088 .090 .098 .132 .090 .160 .076
125 .060 .092 .104 .206 .211 .224 .213 .180 .151 .101
199 .039 .107 .041 .065 .089 .086 .181 .159 .141 .169
323 .044 .046 .034 .105 .044 .017 .032 .007 .044 .026
398 .033 .037 .002 .015 .088 .121 .157 .190 .233 .132
447 .074 .075 .091 .111 .116 .112 .101 .125 .127 .254
551 .049 .108 .083 .134 .055 .227 .459 .617 .418 1.000
827 .026 .098 .114 .099 .198 .285 .216 .136 .321 .233
883 .110 .063 .065 .082 .106 .092 .070 .045 .148 .318
885 .129 .131 .056 .136 .123 .055 .069 .026 .130 .157
1014 .086 .086 .222 .182 .283 .417 .440 .600 .486 1.000
1197 .105 .120 .234 .177 .246 .167 .223 .175 .270 .187
241 .064- .005 .086 .070 .137 .150 .156 .274 .255 .142
1018 .060 .068 .126 .113 .079 .157 .171 .161 .099 .126
TOTAL (20 clus-
ters)

.064 .081 .097 .116 .137 .145 .169 .171 .175 .156

Figure6.21:Agreementof randomsummarieswith 3 humanannotatorsin kappa

Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .030 .070 .091 .157 .218 .249 .264 .313 .314 .469
46 .174 .190 .171 .202 .239 .290 .305 .337 .290 .171
54 .315 .494 .498 .511 .461 .539 .439 .444 .471 .485
60 .195 .255 .211 .248 .260 .310 .397 .321 .320 .417
61 .167 .149 .197 .304 .375 .338 .342 .401 .410 .374
62 .117 .124 .226 .227 .239 .259 .261 .272 .298 .287
112 -.028 .018 .083 .075 .202 .178 .189 .178 .281 .314
125 .116 .204 .246 .282 .376 .413 .390 .317 .299 .291
199 .059 .103 .080 .084 .146 .189 .210 .260 .250 .302
323 .278 .262 .229 .253 .164 .139 .088 .067 .090 .062
398 .183 .151 .077 .058 .128 .170 .188 .181 .185 .125
447 .110 .152 .231 .275 .301 .282 .232 .207 .285 .326
551 .418 .418 .316 .211 .227 .408 .932 1.000 1.000 1.000
827 .080 .109 .181 .185 .296 .352 .379 .298 .377 .331
883 .129 .177 .239 .253 .218 .212 .099 .121 .200 .343
885 .444 .431 .349 .318 .191 .129 .098 .105 .242 .368
1014 .429 .429 .667 .378 .750 .750 .556 1.000 1.000 1.000
1197 .318 .323 .381 .348 .335 .302 .318 .363 .378 .428
241 .141 .109 .071 .089 .147 .201 .232 .316 .381 .315
1018 .129 .126 .163 .210 .247 .322 .299 .268 .280 .297
TOTAL (20 clus-
ters)

.180 .198 .213 .220 .261 .284 .287 .304 .316 .300

Figure6.22:Agreementof Lead-basedwith 3 humanannotators

74



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

Compression
Clusters 05 10 20 30 40 50 60 70 80 90
2 .075 .106 .068 .087 .175 .252 .288 .366 .389 .430
46 .083 .092 .106 .123 .149 .153 .147 .160 .133 .042
54 .063 .121 .222 .305 .304 .301 .226 .215 .227 .183
60 .195 .188 .182 .212 .220 .251 .305 .291 .259 .306
61 .398 .327 .288 .430 .369 .333 .306 .288 .310 .548
62 .129 .156 .226 .273 .265 .269 .318 .335 .383 .350
112 .031 .081 .143 .166 .245 .250 .301 .284 .249 .270
125 .027 .141 .217 .292 .329 .356 .338 .274 .225 .164
199 .078 .149 .145 .140 .179 .221 .262 .322 .297 .316
323 .044 .105 .085 .087 .039 .089 .110 .073 .044 .008
398 .052 .071 .046 .085 .187 .200 .251 .280 .327 .241
447 .110 .114 .154 .224 .280 .272 .240 .280 .336 .218
551 .205 .205 -.021 -.029 -.012 .294 .606 .652 .418 1.000
827 .080 .173 .255 .282 .425 .505 .526 .338 .321 .209
883 .110 .088 .144 .137 .168 .169 .129 .162 .231 .293
885 .092 .099 .122 .205 .150 .122 .083 .052 .118 .157
1014 .200 .200 .556 .218 .500 .500 .573 1.000 1.000 1.000
1197 .094 .154 .289 .276 .273 .270 .318 .353 .393 .428
241 .141 .109 .156 .175 .221 .247 .307 .344 .415 .308
1018 .115 .118 .158 .164 .171 .215 .234 .240 .250 .147
TOTAL (20 clus-
ters)

.109 .136 .168 .192 .230 .252 .274 .290 .290 .253

Figure6.23:Agreementof MEAD with 3 humanannotatorsin kappa

Compression
Clusters 05 10 20 30 40
2 .001 -.020 -.004 .013 .033
46 .076 .070 .056 .066 .086
54 .217 .274 .387 .457 .405
60 .098 .096 .126 .150 .188
61 .151 .086 .151 .247 .285
62 .070 .040 .147 .146 .157
112 .016 .054 .078 .127 .167
125 .071 .148 .204 .256 .311
199 .052 .110 .078 .095 .114
323 .260 .125 .063 .093 .081
398 .089 .060 .049 .079 .138
447 .074 .075 .130 .173 .203
551 .302 .302 .292 .230 .237
827 .098 .163 .232 .244 .353
883 .165 .139 .168 .112 .073
885 .333 .336 .207 .174 .130
1014 .429 .429 .444 .289 .750
1197 .284 .269 .306 .269 .294
241 .128 .133 .177 .202 .228
1018 .101 .101 .090 .087 .106
TOTAL (20 clus-
ters)

.138 .128 .146 .159 .192

Figure6.24:Agreementof Websumwith 3 humanannotatorsin kappa

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.53 0.60 0.64 0.72 0.76 0.82 0.88 0.93 0.97
Lexical Chains 0.50 0.59 0.63
MEAD 0.46 0.59 0.65 0.73 0.77 0.84 0.89 0.92 0.97
Random 0.34 0.46 0.56 0.63 0.68 0.76 0.83 0.89 0.96
Summarist 0.32 0.45 0.47 0.50
Websumm 0.47 0.51 0.58 0.66 0.72 0.79 0.86 0.90 0.97

Figure6.25:Cosine( ª�«�¬ ). Averageover10 Clusters.Wordsandall POSastext representation
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Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.51 0.59 0.62 0.70 0.74 0.80 0.87 0.92 0.97
Lexical Chains 0.47 0.57 0.61
MEAD 0.42 0.55 0.63 0.71 0.75 0.82 0.87 0.91 0.97
Random 0.28 0.42 0.53 0.61 0.65 0.74 0.81 0.87 0.96
Websumm 0.45 0.50 0.57 0.65 0.70 0.77 0.84 0.89 0.97

Figure6.26:Cosine( ª�«S¬ ). Averageover10 Clusters.Wordsandnounsastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.54 0.62 0.65 0.73 0.77 0.82 0.88 0.93 0.97
Lexical Chains 0.51 0.60 0.64
MEAD 0.47 0.60 0.66 0.73 0.78 0.85 0.89 0.93 0.97
Random 0.35 0.48 0.58 0.64 0.68 0.77 0.83 0.89 0.97
Websumm 0.49 0.52 0.59 0.67 0.73 0.79 0.86 0.90 0.97

Figure6.27:Cosine( ª�«�¬ ). Averageover10 Clusters.Lemmasandall POSastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.52 0.60 0.62 0.71 0.75 0.81 0.87 0.92 0.97
Lexical Chains 0.48 0.57 0.62
MEAD 0.43 0.56 0.63 0.71 0.76 0.82 0.87 0.91 0.97
Random 0.29 0.43 0.54 0.61 0.65 0.74 0.81 0.87 0.96
Websumm 0.46 0.51 0.57 0.65 0.71 0.78 0.85 0.89 0.97

Figure6.28:Cosine( ª�«S¬ ). Averageover10 Clusters.Lemmasandnounsastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.55 0.65 0.70 0.79 0.84 0.89 0.94 0.97 0.99
Lexical Chains 0.53 0.63 0.69
MEAD 0.46 0.61 0.70 0.78 0.83 0.89 0.93 0.95 0.98
Random 0.31 0.47 0.60 0.69 0.75 0.84 0.89 0.93 0.98
Summarist 0.26 0.43 0.47 0.51
Websumm 0.52 0.60 0.68 0.77 0.82 0.87 0.92 0.95 0.99

Figure6.29:Cosine( ­�®,¯T°2±O® ). Averageover10Clusters.Wordsandall POSastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.57 0.68 0.73 0.81 0.86 0.90 0.95 0.97 0.99
Lexical Chains 0.56 0.66 0.71
MEAD 0.47 0.63 0.71 0.79 0.85 0.90 0.93 0.95 0.98
Random 0.34 0.51 0.63 0.73 0.77 0.85 0.89 0.94 0.98
Websumm 0.56 0.64 0.71 0.79 0.84 0.89 0.93 0.95 0.99

Figure6.30:Cosine( ­�®�¯T°2±2® ). Averageover10 Clusters.Wordsandnounsastext representation
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Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.56 0.66 0.71 0.80 0.85 0.89 0.94 0.97 0.99
Lexical Chains 0.54 0.64 0.70
MEAD 0.47 0.63 0.71 0.79 0.84 0.90 0.93 0.95 0.98
Random 0.32 0.48 0.62 0.71 0.76 0.84 0.89 0.93 0.98
Websumm 0.53 0.60 0.69 0.78 0.83 0.88 0.93 0.95 0.99

Figure6.31:Cosine( ­�®,¯T°O±2® ). Averageover10 Clusters.Lemmasandall POSastext representation
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Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.58 0.69 0.74 0.82 0.86 0.91 0.95 0.98 0.99
Lexical Chains 0.57 0.66 0.73
MEAD 0.49 0.64 0.72 0.80 0.85 0.90 0.93 0.95 0.98
Random 0.35 0.53 0.65 0.74 0.78 0.86 0.90 0.94 0.99
Websumm 0.57 0.65 0.72 0.80 0.85 0.89 0.94 0.96 0.99

Figure6.32:Cosine( ­�®}¯T°2±2® ). Averageover10 Clusters.Lemmasandnounsastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.43 0.47 0.50 0.59 0.63 0.71 0.79 0.88 0.95
Lexical Chains 0.38 0.45 0.48
MEAD 0.33 0.44 0.49 0.57 0.63 0.73 0.81 0.87 0.95
Random 0.22 0.31 0.41 0.47 0.52 0.62 0.71 0.80 0.93
Summarist 0.20 0.31 0.32 0.34
Websumm 0.35 0.36 0.41 0.51 0.58 0.66 0.75 0.82 0.94

Figure6.33:UnigramOverlap.Averageover10 Clusters.Wordsandall POSastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.42 0.47 0.48 0.57 0.61 0.69 0.78 0.86 0.94
Lexical Chains 0.37 0.43 0.45
MEAD 0.30 0.40 0.46 0.55 0.61 0.70 0.78 0.85 0.95
Random 0.18 0.29 0.38 0.45 0.50 0.59 0.68 0.78 0.93
Websumm 0.33 0.35 0.41 0.50 0.56 0.63 0.73 0.80 0.94

Figure6.34:UnigramOverlap.Averageover10 Clusters.Wordsandnounsastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.56 0.66 0.71 0.80 0.85 0.89 0.94 0.97 0.99
Lexical Chains 0.54 0.64 0.70
MEAD 0.47 0.63 0.71 0.79 0.84 0.90 0.93 0.95 0.98
Random 0.32 0.48 0.62 0.71 0.76 0.84 0.89 0.93 0.98
Websumm 0.53 0.60 0.69 0.78 0.83 0.88 0.93 0.95 0.99

Figure6.35:UnigramOverlap.Averageover10 Clusters.Lemmasandall POSastext representation

6.2.3 Unigram Overlap Similarity

Theresultsobtainedwith thesemeasuresfor all therepresentationschosencanbeseenin Figures6.33,6.34,6.35,
and6.36. Usingthis measure,LeadBasedobtainresultscloseto thehumanextractsin mostof thecompression
rateswhile MEAD is rankedsecond.

6.2.4 Bigram Overlap Similarity

Theresultsobtainedwith thesemeasuresfor all therepresentationschosencanbeseenin Figures6.37,6.38,6.39,
and6.40. Usingthis measure,LeadBasedobtainresultscloseto thehumanextractsin mostof thecompression
rateswhile MEAD is rankedsecond.
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Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.42 0.47 0.49 0.58 0.61 0.69 0.78 0.87 0.94
Lexical Chains 0.37 0.44 0.46
MEAD 0.31 0.41 0.47 0.56 0.61 0.70 0.78 0.84 0.95
Random 0.19 0.30 0.39 0.45 0.50 0.59 0.68 0.78 0.93
Websumm 0.34 0.36 0.41 0.50 0.56 0.64 0.73 0.80 0.94

Figure6.36:UnigramOverlap.Averageover10 Clusters.Lemmasandnounsastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.35 0.38 0.41 0.51 0.56 0.65 0.76 0.85 0.94
Lexical Chains 0.28 0.35 0.37
MEAD 0.23 0.33 0.39 0.49 0.57 0.69 0.78 0.85 0.94
Random 0.12 0.20 0.29 0.36 0.43 0.54 0.65 0.76 0.91
Summarist 0.11 0.20 0.22 0.24
Websumm 0.25 0.25 0.31 0.42 0.50 0.60 0.71 0.80 0.94

Figure6.37:BigramOverlap.Averageover10 Clusters.Wordsandall POSastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.35 0.38 0.40 0.50 0.54 0.63 0.74 0.84 0.92
Lexical Chains 0.28 0.34 0.36
MEAD 0.22 0.31 0.37 0.46 0.53 0.62 0.73 0.81 0.93
Random 0.11 0.18 0.27 0.33 0.39 0.49 0.60 0.71 0.90
Websumm 0.25 0.25 0.31 0.41 0.48 0.57 0.69 0.76 0.92

Figure6.38:BigramOverlap.Averageover10 Clusters.Wordsandnounsastext representation
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Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.35 0.38 0.41 0.51 0.56 0.65 0.76 0.86 0.94
Lexical Chains 0.28 0.35 0.37
MEAD 0.23 0.33 0.39 0.49 0.57 0.69 0.78 0.85 0.95
Random 0.12 0.20 0.30 0.36 0.43 0.54 0.65 0.77 0.92
Websumm 0.25 0.25 0.31 0.43 0.51 0.60 0.72 0.80 0.94

Figure6.39:BigramOverlap.Averageover10 Clusters.Lemmasandall POSastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.35 0.38 0.40 0.50 0.54 0.63 0.74 0.84 0.92
Lexical Chains 0.28 0.34 0.36
MEAD 0.22 0.31 0.37 0.46 0.53 0.63 0.73 0.81 0.93
Random 0.11 0.19 0.27 0.33 0.39 0.49 0.60 0.71 0.90
Websumm 0.25 0.25 0.31 0.41 0.48 0.57 0.69 0.76 0.93

Figure6.40:BigramOverlap.Averageover10Clusters.Lemmasandnounsastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.47 0.55 0.60 0.70 0.75 0.82 0.88 0.94 0.97
Lexical Chains 0.42 0.53 0.59
MEAD 0.37 0.52 0.61 0.70 0.76 0.84 0.89 0.93 0.97
Random 0.25 0.38 0.50 0.58 0.64 0.74 0.82 0.89 0.96
Summarist 0.25 0.42 0.45 0.49
Websumm 0.39 0.45 0.53 0.64 0.71 0.79 0.87 0.91 0.98

Figure6.41:LongestCommonSubsequence.Averageover10Clusters.Wordsandall POSastext representation

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.48 0.56 0.61 0.70 0.75 0.81 0.88 0.93 0.97
Lexical Chains 0.43 0.54 0.59
MEAD 0.36 0.51 0.60 0.69 0.75 0.82 0.88 0.92 0.97
Random 0.24 0.38 0.50 0.58 0.64 0.73 0.80 0.88 0.96
Websumm 0.42 0.48 0.56 0.65 0.72 0.79 0.87 0.91 0.98

Figure6.42:LongestCommonSubsequence.Averageover10 Clusters.Wordsandnounsastext representation

6.2.5 LongestCommon SubsequenceSimilarity

Theresultsobtainedwith thesemeasuresfor all therepresentationschosencanbeseenin Figures6.41,6.42,6.43,
and6.44.Usingthismeasure,no systemobtainbetterresultsin themajorityof thecases.

6.3 Relative Utility results

We ranfour experimentsto computerelative utility valuesfor a numberof summarizersat tensummarylengths.
We alsoproducedrelativeutility valuesfor a few baselines- lead-basedandrandomsummaries.

6.3.1 Single-documentJ/R values

In theexperimentsbelow, J is theupperbound. R is the lower boundon theperformanceof anextractive sum-
marizer. Reasonablesummarizersareexpectedto have relative utility S in therangebetweenR andJ.Notethat
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Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.47 0.56 0.61 0.70 0.75 0.82 0.88 0.94 0.98
Lexical Chains 0.42 0.53 0.59
MEAD 0.37 0.52 0.61 0.70 0.76 0.84 0.89 0.93 0.97
Random 0.26 0.39 0.51 0.59 0.65 0.74 0.82 0.89 0.97
Websumm 0.40 0.45 0.54 0.64 0.71 0.79 0.87 0.91 0.98

Figure6.43:LongestCommonSubsequence.Averageover10 Clusters.Lemmasandall POSastext representa-
tion

Method 10% 20% 30% 40% 50% 60% 70% 80% 90%
LeadBased 0.48 0.57 0.61 0.70 0.75 0.81 0.88 0.93 0.97
Lexical Chains 0.43 0.54 0.60
MEAD 0.36 0.51 0.60 0.69 0.75 0.82 0.88 0.92 0.97
Random 0.24 0.38 0.51 0.58 0.64 0.74 0.81 0.88 0.96
Websumm 0.42 0.48 0.56 0.66 0.72 0.80 0.87 0.91 0.98

Figure6.44:LongestCommonSubsequence.Averageover10Clusters.Lemmasandnounsastext representation
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R 0.648 0.65 0.652 0.465 0.626 0.727 0.509 0.497 0.644 0.566

J 0.715 0.666 0.859 0.726 0.876 0.944 0.909 0.776 0.71 0.869

A B C D E F G H I J

Figure 6.45: Interjudgeagreement(J) and randomperformance(R) for cluster125, per document,5% target
length

occasionally(onaparticularinputandataparticularsummarylength)asummarizercanscoreworsethanrandom
or betterthanJ.However, whenaveragingoveranumberof clusters,theseoutlierscancelout.

Figures6.45and6.46show how single-documentJ andR vary by documentwithin a cluster. Thefirst figure
is for 5% extractsandthesecondone– for 20%extracts.Theareabetweenthe two lines is wherea reasonable
summarizer’sperformancelies.

6.3.2 Single-documentRU evaluation

We computed² (interjudgeagreement),³ (randomperformance),́ (systemperformance),and µ (normalized
systemperformance)overall 20 clusters(total= 200documents).Theresultsarepresentedin Figure6.48.

We shouldnotetheconceptof a randomsummaryproducedby picking randomsentencesgivena summary
length is different from the idea of ³ as describedabove. To produce ³ , we averageover all possible ¶E· ¸@¹
combinationsof º sentencesout of » wherethe randomsummarymethodproducesonly onesuchcombination.
It shouldbeexpected,overa largesample,thatRANDOM extractsperformaspoorly as ³ andour experiments
show thatsuchis indeedthecase.
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Figure6.46:Relativeutility - interjudgeagreement(J)andrandomperformance(R) for cluster125,perdocument,
20%targetlength
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Figure6.47:Relative utility - upperandlowerboundsfor cluster125,perdocument,40%targetlength
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Thesingle-documentresultstablescompareMEAD with WEBSUMM andthetwo baselinesRANDOM and
LEAD.

Several interestingobservationscanbemadelooking at the datain Figure6.48. First, randomperformance
is quite high althoughcertainlybeatable,asshown in Figures6.45and6.46. Second,both the lower bound(J)
and the upperbound(R) increasewith summarylength. Third, even thoughthe performancesof MEAD and
WEBSUMM (S) also increasewith summarylength, MEAD’s normalizedversion(D) decreasesslowly with
summarylengthuntil thetwo summarizersscoreaboutthesameon bothS andD for longersummaries.Fourth,
for summarylengthsof 80% and above, R getsreally closeto J showing that reasonablesummarizationthat
significantly beatsrandomat suchsummarylengthsis quite difficult. Fifth, MEAD consistentlyoutperforms
LEAD acrossall summarylengths.

MEAD RANDOM LEAD WEBSUMM
PCT J R S D S D S D S D
05 0.80 0.66 0.78 0.88 0.67 0.05 0.72 0.41 0.72 0.44
10 0.81 0.68 0.79 0.84 0.67 -0.02 0.73 0.42 0.73 0.44
20 0.83 0.71 0.79 0.68 0.71 0.01 0.77 0.52 0.76 0.43
30 0.85 0.74 0.81 0.64 0.75 0.10 0.80 0.55 0.79 0.44
40 0.87 0.76 0.83 0.63 0.77 0.03 0.83 0.64 0.82 0.51
50 0.89 0.79 0.85 0.61 0.79 0.01 0.86 0.63 0.85 0.55
60 0.92 0.83 0.88 0.59 0.83 0.02 0.89 0.63 0.87 0.42
70 0.94 0.86 0.91 0.58 0.87 0.08 0.92 0.69 0.90 0.48
80 0.96 0.91 0.93 0.45 0.91 0.05 0.94 0.66 0.93 0.36
90 0.98 0.96 0.97 0.37 0.96 0.04 0.98 0.68 0.97 0.53

Figure6.48:Single-documentRelativeUtility

6.3.3 Multi-doc RU evaluation

In this section,we provide multi-documentRU results. Given that MEAD wasthe only multi-documentsum-
marizeravailableto us, in Figure6.49we only includeMEAD-specificresults,in additionto thetwo baselines:
RANDOM andLEAD.

As onecanseefrom thetable,multi-documentRU is slightly lower thansingle-documentRU. Webelievethat
this canbeexplainedby thefact that thedistribution of scoresby thesamejudgeacrossdifferentarticlesin the
sameclusteris notuniform. Somedocumentscontainonly asmallnumberof high-utility sentencesandcontribute
to the increasein RU for single-documentvs. multi-document.In additionto RU, the lower bound(R) andthe
uppedbound(J)arealsoslightly lower for multi-documentextracts.As a result,thenormalizedperformance(D)
is almostexactly thesamein bothcases.p

MEAD RANDOM LEAD
PCT J R S D S D S D
05 0.76 0.64 0.73 0.81 0.63 -0.08 0.71 0.62
10 0.78 0.66 0.75 0.76 0.65 -0.01 0.71 0.47
20 0.81 0.69 0.78 0.74 0.71 0.15 0.76 0.55
30 0.83 0.72 0.79 0.65 0.72 0.01 0.79 0.67
40 0.85 0.74 0.81 0.62 0.74 -0.06 0.82 0.72
50 0.87 0.77 0.82 0.58 0.79 0.11 0.84 0.70
60 0.88 0.80 0.84 0.52 0.81 0.00 0.86 0.66
70 0.91 0.82 0.86 0.49 0.85 0.06 0.88 0.59
80 0.92 0.84 0.88 0.45 0.89 0.03 0.90 0.55
90 0.93 0.86 0.89 0.36 0.93 -0.04 0.91 0.52

Figure6.49:Multi-DocumentRelativeUtility

Figures6.50and6.51summarizethe resultsobtainedthroughthe (non-normalized)relative utility method.
As thefiguresindicate,randomperformanceis quitehighalthoughall non-randommethodsoutperformit signif-
icantly. Further, in both thesingle-andmulti-documentcase,MEAD outperformsLEAD for shortersummaries
(5-30%). The lower bound(R) representsthe averageperformanceof all extractsat the givensummarylength
while theupperbound(J) is theinterjudgeagreementamongthethreejudges.
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Figure6.50:RU persummarizerandtargetlength(Single-document)
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Figure6.51:RU persummarizerandtargetlength(Multi-document)

5 10 20 30 40 50 60 70 80 90
R 0.66 0.68 0.71 0.74 0.76 0.79 0.83 0.86 0.91 0.96

Random 0.67 0.67 0.71 0.75 0.77 0.79 0.83 0.87 0.91 0.96
Websumm 0.72 0.73 0.76 0.79 0.82 0.85 0.87 0.90 0.93 0.97

Lead 0.72 0.73 0.77 0.80 0.83 0.86 0.89 0.92 0.94 0.98
MEAD 0.78 0.79 0.79 0.81 0.83 0.85 0.88 0.91 0.93 0.97

J 0.80 0.81 0.83 0.85 0.87 0.89 0.92 0.94 0.96 0.98

Figure6.52:RU persummarizerandsummarylength(Single-document)

5 10 20 30 40 50 60 70 80 90
R 0.64 0.66 0.69 0.72 0.74 0.77 0.80 0.82 0.84 0.86

Random 0.63 0.65 0.71 0.72 0.74 0.79 0.81 0.85 0.89 0.93
Lead 0.71 0.71 0.76 0.79 0.82 0.84 0.86 0.88 0.90 0.91

MEAD 0.73 0.75 0.78 0.79 0.81 0.82 0.84 0.86 0.88 0.89
J 0.76 0.78 0.81 0.83 0.85 0.87 0.88 0.91 0.92 0.93

Figure6.53:RU persummarizerandsummarylength(Multi-document)
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6.4 IR results
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Figure6.54:Averageperformanceof retrieving varioussummariesfor queries1–20

Figure6.54depictstherecall-precisiongraphsof theaverageperformanceof retrieving varioussummariesfor
20 queries.Thesummarieshave 30%sentence-basedlength.This plot alsoshows theperformanceof retrieving
thefull-lengthdocuments.As shown in theplot, precisionandrecalltendto beinverselyrelatedasexpected.We
canobserve that the retrieval resultsaregenerallyclosefor differentkinds of summariesaswell asfull-length
documentsfor therecallregion lessthan0.1. In therecallregionbetween0.1and0.4,MEAD summaryperforms
betterthanotherkindsof summariesandslightly betterthanfull-length documents.For therecallregion greater
than0.5, theretrieval resultof full-length documentsachievesa higherprecisionthansummaries.In this region,
the lead-basedsummaryperformsslightly betteramongothersummariesalbeit small difference. Finally, the
randomsummaryconsistentlyobtainsinferior performanceover thewholerecallspectrum.
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Figure6.55:Mono-lingualretrieval of Englishfull-lengthdocumentsfor queries1 – 10

Figures6.55and6.56depicttherecall-precisiongraphsof mono-lingualretrieval of Englishfull-length doc-
umentsfor thefirst 10 andthenext 10 queriesrespectively. As for typical behavior, precisionandrecall tendto
beinverselyrelated.

Figures6.57and6.58depicttherecall-precisiongraphsof mono-lingualretrieval of Chinesefull-lengthdoc-
umentsfor thefirst 10 andthenext 10 queriesrespectively. In general,Chinesemono-lingualretrieval is slightly
lesseffective thanthatof Englishmono-lingualretrieval.

Figures6.59and6.60depicttherecall-precisiongraphsof cross-lingualretrieval of Chinesefull-length doc-
umentsusingEnglishqueriesfor thefirst 10 andthenext 10 queriesrespectively. Both Englishcross-lingualre-
trievalandChinesemono-lingualretrieval involveretrievingChinesedocuments.In general,Englishcross-lingual
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Figure6.56:Mono-lingualretrieval of Englishfull-lengthdocumentsfor queries11–20
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Figure6.57:Mono-lingualretrieval of Chinesefull-length documentsfor queries1–10
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Figure6.58:Mono-lingualretrieval of Chinesefull-lengthdocumentsfor queries11–20
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Figure6.59:Cross-lingualretrieval of Chinesefull-lengthdocumentsfor queries1–10
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Figure6.60:Cross-lingualretrieval of Chinesefull-lengthdocumentsfor queries11–20
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retrieval is lesseffective thanthat of Chinesemono-lingualretrieval. Nevertheless,the averageperformanceis
quitesatisfactoryascomparedwith therecentcross-lingualtrackin TREC-9evaluation.
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Figure6.61:Averageperformanceof retrieving full-lengthdocumentsfor queries1–20

Figures6.61depictstherecall-precisiongraphsof theaverageperformanceof retrieving full-lengthdocuments
for Englishmono-lingual,Chinesemono-lingual,andEnglishcross-lingualretrieval.

6.5 Relevancecorrelation results

We presentseveralresultsusingRelevanceCorrelation.Figures6.62and6.63show how RC changesdepending
on the summarizerandthe languageused. In thesefigures,an RC valueof 1 is obtainedwhenfull documents
(FD) arecomparedto themselves. All surrogatesfor thesetof full documentsget lower scores.Onecannotice
thatevenrandomextractsgeta relatively highRCscore.It is alsoworthobservingthatChinesesummariesscore
lower thantheir correspondingEnglishsummaries.
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Figure6.64shows theeffectsof summarylengthandsummarizerson RC.
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Chapter 7

Conclusion

We presentedwhatwe believe is the largestcollaborative effort ever to build an annotatedcorpusfor text sum-
marizationalongwith a batteryof methodsfor producingextractive summarizersandrunningcomparisonsof
multiple summarizers,bothsingle-documentandmulti-document.

We madeseveralinterestingcontributionsto text summarization:
First, we observed that different metricsrank summariesdifferently, althoughmost of them showed that

“intelligent” summarizersoutperformlead-basedsummarieswhich is encouraginggiventhatpreviousresultshad
castdoubton theability of summarizersto do betterthansimplebaselines.

Second,we introduceda new evaluationmetric,RelevanceCorrelation,which canbeusedto performlarge-
scalesummaryevaluationsover largecorpora.

Third, we also performeda numberof experimentswhich will be describedin detail elsewhere- namely,
comparisonof manualextractsandmanualsummaries,cross-lingualsummarizationusingsentencealignment,
andevaluationof cross-lingualsummaries.

Fourth,wedevelopedasummarizationtoolkit includingamodularstate-of-theartsummarizer:single-document,
multi-document,generic,query-based.

Fifth, we developeda summarizationevaluationtoolkit allowing comparisonsbetweenextractive andnon-
extractivesummaries.

Sixth,we performedthefirst ever large-scaleevalatuationof summarizationusingRelative Utility andRele-
vanceCorrelation,comparingthemto moreestablishedevaluationmeasures.

Seventh,we confirmedthat the differentmetricshave differentpropertieswrt. scalability, applicability to
multi-documentsummaries,ability to includehumanagreement,etc.Figure7.1 is a metaevaluationof all evalu-
ationmetricsthatwe used.

Property Prec,recall Kappa Normalized RU Word overlap, cosine,LCS RelevanceCorr elation

Agreementbetweenhumanextracts X X X X X
Agreementhumanextractsandautomaticextracts X X X X X
Agreementhumansummaries/extracts X
Non-binarydecisions X X
Takesrandomagreementinto accountby design X X
Full documentsvs. extracts X X
Systemswith differentsentencesegmentation X X
Multi-documentextracts X X X X
Full corpuscoverage X X

Figure7.1: Propertiesof evaluationmetricsusedin this project

Finally, we producedwhatwe believe is thelargestandmostcompleteannotatedcorpusfor furtherresearch
in text summarization.

7.1 Main contributions

Therearefour mainresearchareasin text summarization.Hereareour contributionsto eachof them:¼ Relevancecorrelation:comparedto establishedevaluationmetrics
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JHU 2001Summerworkshopfinal report Evaluationof Text Summarization¼ Relativeutility: large-scaleevaluation¼ Comparisonof query-basedandgenericsummarization¼ Comparisonof manualextractsandmanualsummaries¼ Cross-lingualsummarizationusingalignment¼ Evaluationof cross-lingualsummaries

7.2 Technicalaccomplishments¼ Developasummarizationtoolkit includingamodularstate-of-the-artsummarizer:single-document,multi-
document,generic,andquery-based¼ Develop a summarizationevaluationtoolkit allowing comparisonsbetweenextractive andnon-extractive
summaries¼ Producea very largescaleannotatedcorpusfor furtherresearchin text summarization

7.3 Futur e work¼ Analysisof humandatafor subsumption¼ Evaluatetrainableframework¼ Fact-basedevaluation¼ Task-basedevaluation¼ Determineoptimalcompressionrate

We will investigatetheconnectionbetweenRU, subsumptionandthetaxonomyof cross-documentrelation-
ships(suchas paraphrase,follow-up, elaboration,etc.) set forth in Cross-DocumentStructureTheory (CST)
(Radev, 2000;Zhanget al., 2002).

Perhapsthe most interestingandchallengingaspectof multi-documentsummarizationis relatedto the fact
thattechniquesareneededto effectively computespecificrelationsthatholdacrossdifferentsources.

Oneof suchrelationshipsis, for example,crossdocumentco-reference,wherethesystemneedsto identify if
linguistic expressionsfrom differentsourcesrefer to the sameentity in the world. For example,the expression
(1) “British PrimeMinister”, and(2) “Tony Blair”, in two differentdocumentscanreferto thesameentity in the
world giventhat (1) refersto thePrimeMinister of Britain in theyear2001. This is not trivial, becausetheex-
pression“British PrimeMinister” couldreferto differententitiesat differenttimes.Not only entity co-reference
is neededbut alsoevent co-reference,wherethe systemshouldbe ableto establish,for example,that “today’s
tragicevents”and“the Sept.11 terroristattacks”referindeedto thesameterroristattackson theTwin Towers.

As MDS systemsneedto addresstheproblemof identifying redundancy anddifferencesacrossdocuments,
it is useful to take a look at somepreliminarycharacterizationsof thesetwo notions. Following Mani (2001),
redundancy acrossdocumentcanbecharacterizedusingthefollowing criteria:¼ two text elementsaresemanticallyequivalentwhen they have the samemeaning. This is the linguistic

notionof paraphrase;¼ two text elementsarestring-identicalwhenthey arethesamestring(stringidenticaldoesnotentailsemantic
equivalence,rememberthe“Prime Minister” example);¼ two text elementsare informationallyequivalent if they containthe sameinformation: onecanbe used
insteadof theotherwithoutor with minimumloseof information;
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JHU 2001Summerworkshopfinal report Evaluationof Text Summarization¼ onetext elementA subsumesa text elementB if the informationin B is containedin A (A containsaddi-
tional information);

Differencescanbe characterizedin termsof informationalequivalenceandinformationsubsumption.One
pieceof information in onedocumentthat cover a pieceof information in anothercanbe seenasdifferent in
the level of detail or perspective. Differencesacrossdocumentsis still an openresearchtopic. Radev (2000)
hasidentifieda setof 24 relationsacrossdocuments,somerelatedto theproblemof detectingdifferences(e.g.,
elaboration,contradiction,refinement,etc.).

Finally, we needto mentionthattheuseof relativeutility is not limited to theevaluationof sentenceextracts.
Wewill investigateits applicabilityto otherevaluationtasks,suchasad-hocretrieval andwordsensedisambigua-
tion.
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Appendix A

User documentation

A.1 Intr oduction

A.1.1 What is automatic text summarization

Accordingto Mani (2001),”the goalof automaticsummarizationis to takeaninformationsource,extractcontent
from it, andpresentthemostimportantcontentto theuserin a condensedform andin a mannersensitive to the
user’sor application’sneed”.

A.1.2 Sentenceextraction

Extractivesummarizationis themostrobustmethodfor text summarization.It involvesassigningsaliencescores
to someunits (e.g.,sentencesor paragraphs)of a documentor a setof documentsandextractingthesewith the
highestscores.

A.1.3 MEAD

MEAD is a publicly available toolkit for multi-lingual summarizationandevaluation. The toolkit implements
multiplesummarizationalgorithms(atarbitrarycompressionrates)suchasposition-based,TF*IDF, largestcom-
monsubsequence,andkeywords.Themethodsfor evaluatingthequalityof thesummariesarebothintrinsic(such
aspercentagreement,precision/recall,andrelativeutility) andextrinsic (documentrank).

MEAD is written in Perl andrequiresa numberof externalpackagesto run. A full list of suchpackagesis
includedin theDownloadingandInstallationSections.

Thecurrentrelease,3.04beta,includessupportfor EnglishandMandarinin aSolarisenvironment.Webelieve
thatportingto Linux is fairly straightforward. Pleasecontactthemailing list (seebelow) if you areinterestedin
portingMEAD to Linux.

Addingnew (human)languagesshouldbeequallyeasy. Pleasecontactthemailing list if youareinterested.

A.1.4 MEAD functionality

MEAD canperformmany differentsummarizationtasks.¼ Extractivesingle-documentsummarization¼ Extractivemulti-documentsummarization¼ Baselinesummarization

– Lead-based

– Random¼ Monolingualsummarizationin differentlanguages
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– English

– Chinese¼ Query-basedsummarization¼ Evaluation

TheMEAD evaluationtoolkit allowsseveralwaysof performingcomparisons.

– human-humanagreement

– computer-humanagreement

– computer-computeragreement

Fourevaluationmethodsarecurrentlyavailable:

– Co-selection:precision/recall,Kappa

– Content-based

– Relativeutility

– Relevancecorrelation

A.1.5 Samplescenarios

MEAD canbeusedby many typesof users.Herearea few scenariosin which MEAD cancomein handy.¼ Evaluateanexistingsummarizer¼ Build asummarizerfrom scratch¼ Testa summarizationfeature¼ Testa new evaluationmetric¼ Testa short-querymachinetranslationsystem

A.2 Downloading

A.2.1 Inter nal software

Internal software is the software that is directly developedby the MEAD team. All internal software can be
downloadedfrom thejhu website.theurl is:

http://www.clsp.jhu.edu/ws2001/groups/asmd/

To get started, only MEAD306.tar.gzis needed.¼ MEAD306.tar.gz

– TheMEAD summarizeritself.¼ LEAD & RANDOM Extractor

– Lead-basedandRandomSummarizers- Includedin theMEAD306 distribution.

A.2.2 External software

Externalsoftwareis thesoftwarethat is usedwith MEAD, but wasnot developedby theMEAD team.You will
needexpat,XML::Parser, XML::Writer, anda few othermodules(seebelow for a full list) to getstarted.
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We have includedtheessentialpackagesof externalsoftwarewith theMEAD distribution, but if you wish to
downloadthemandotherusefulpackagesyourself,we includetheseandotherpackageshere.¼ Perl 5.5or above

– http://www.perl.com¼ expat – needed

– http://sourceforge.net/projects/expat/¼ XML::P arser - needed

– http://www.cpan.org/authors/id/C/CO/COOPERCL/XML-Parser.2.30.tar.gz¼ XML::Writer - needed

– http://www.cpan.org/authors/id/DMEGG/XML-Writer-0.4.tar.gz¼ XML::T reebuilder - optional

– http://www.cpan.org/authors/id/S/SB/SBURKE/XML-TreeBuilder-3.08.tar.gz¼ HTML::T agSet- optional

– http://www.cpan.org/authors/id/S/SB/SBURKE/HTML-Tagset-3.03.tar.gz¼ HTML::T ree- optional

– http://www.cpan.org/authors/id/S/SB/SBURKE/HTML-Tree-3.11.tar.gz¼ HTML::Element - optional

– includedin HTML::Tree¼ Support Vector Machines(SVM) : for trainable summarization only

– http://ais.gmd.de/˜thorsten/svmlight/¼ SMART: for evaluation by RelevanceCorr elation only

– ftp://ftp.cs.cornell.edu/pub/smart/¼ LT-XML – optional

– http://www.ltg.ed.ac.uk/software/xml/index.html

A.3 Ar chitecture

A.3.1 ConceptualDir ectories¼ MEAD TEST= directoryto storetestfiles.¼ MEAD DIR = basedirectoryto install MEAD under.

– PROGRAM DIR = $MEAD DIR/programs½ SCRIPTDIR = $PROGRAM DIR/scripts

– LIBRARY DIR = $MEAD DIR/libraries

– DATA DIR = $MEAD DIR/doc

– DATA DIR = $MEAD DIR/data½ COLLECTIONS DIR = $DATA DIR/collections

– DTD DIR = $MEAD DIR/dtd

– EXT DIR - $MEAD DIR/extensions
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A.3.2 Main Objects

TheDTDs describingtheXML objectsusedin MEAD arelistedat theendof this document.

Cluster

A clusterobjectlists thenamesof thedocumentsthatwill besummarized.

<?xml version=’1.0’?>
<CLUSTER LANG="">

<D DID="D-19980902_007.e" />
<D DID="D-19980831_007.e" />
<D DID="D-19980819_012.e" />
<D DID="D-19981021_011.e" />
<D DID="D-19980923_017.e" />
<D DID="D-19981105_011.e" />
<D DID="D-19981013_007.e" />
<D DID="D-19980731_003.e" />
<D DID="D-19980804_012.e" />
<D DID="D-19980903_004.e" />

</CLUSTER>

FigureA.1: Clusterobject

Docjudge

A docjudgeobjectdescribestheretrieval rankingobtainedfrom thesearchengine(Smart)givena query.

<?xml version=’1.0’?>
<!DOCTYPE DOC-JUDGESYSTEM"/export/ws01summ/dtd/docjudge.dtd">
<DOC-JUDGEQID="Q-2-E" SYSTEM="SMART"LANG="ENG">

<D DID="D-19981007_018.e" RANK="1" SCORE="9.0000"
CORR-DOC="D-19981007_023.c"/>

<D DID="D-19980925_013.e" RANK="2" SCORE="8.0000"
CORR-DOC="D-19980925_015.c"/>

<D DID="D-20000308_013.e" RANK="3" SCORE="7.0000"
CORR-DOC="D-20000308_016.c"/>

<D DID="D-19990517_005.e" RANK="4" SCORE="6.0000"
CORR-DOC="D-19990517_004.c"/>

<D DID="D-19981017_015.e" RANK="4" SCORE="6.0000"
CORR-DOC="D-19981017_008.c"/>

<D DID="D-19990107_019.e" RANK="12" SCORE="5.0000"
CORR-DOC="D-19990107_021.c"/>

<D DID="D-19990713_010.e" RANK="12" SCORE="5.0000"
CORR-DOC="D-19990713_011.c"/>

<D DID="D-19991207_006.e" RANK="12" SCORE="5.0000"
CORR-DOC="D-19991207_007.c"/>

<D DID="D-19990913_001.e" RANK="20" SCORE="4.0000"
CORR-DOC="D-19990913_003.c"/>

<D DID="D-19980609_005.e" RANK="20" SCORE="4.0000"
CORR-DOC="D-19980609_004.c"/>

<D DID="D-19990825_018.e" RANK="1962" SCORE="0.0000"
CORR-DOC="D-19990825_018.c"/>

<D DID="D-19990924_047.e" RANK="1962" SCORE="0.0000"
CORR-DOC="D-19990924_050.c"/>
</DOC-JUDGE>

FigureA.2: Docjudgeobject

Docpos

A docposobjectis a documentwith Partof SpeechTags.
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<?xml version=’1.0’ encoding=’UTF-8’?>
<!DOCTYPE DOCPOSSYSTEM"../../../../../dtd/docpos.dtd" >
<DOCPOSDID=’D-19970701_001.e’ DOCNO=’1’ LANG=’ENG’
CORR-DOC=’D-19970701_001.c’>
<BODY>
<HEADLINE>
<S PAR=’1’ RSNT=’1’ SNO=’1’> <W C=’JJ’>Solemn</W> <W
C=’NN’>ceremony</W> <W C=’VBZ’>marks</W> <W
C=’NNP’>Handover</W> </S>
</HEADLINE>
<TEXT>
<S PAR=’2’ RSNT=’1’ SNO=’2’><W C=’DT’>A</W> <W
C=’JJ’>solemn</W><W C=’,’>,</W> <W C=’JJ’>historic</W> <W
C=’NN’>ceremony</W> <W C=’VBZ’>has</W> <W C=’VBN’>marked</W> <W
C=’DT’>the</W> <W C=’NN’>resumption</W>
<W C=’IN’>of</W> <W C=’DT’>the</W> <W C=’NN’>exercise</W> <W
C=’IN’>of</W> <W C=’NN’>sovereignty</W> <W
C=’IN’>over</W> <W C=’NNP’>Hong</W> <W C=’NNP’>Kong</W> <W
C=’IN’>by</W> <W C=’DT’>the</W> <W
C=’NNS’>People</W><W C=’POS’>’s</W> <W C=’NNP’>Republic</W> <W
C=’IN’>of</W> <W C=’NNP’>China</W><W
C=’.’>.</W></S>
<S PAR=’3’ RSNT=’1’ SNO=’3’><W C=’PRP$’>His</W> <W
C=’NNP’>Royal</W> <W C=’NNP’>Highness</W> <W
C=’NNP’>The</W> <W C=’NNP’>Prince</W> <W C=’IN’>of</W> <W
C=’NNP’>Wales</W> <W C=’CC’>and</W> <W
C=’DT’>the</W> <W C=’NNP’>President</W> <W C=’IN’>of</W> <W
C=’DT’>the</W> <W C=’NNS’>People</W><W
C=’POS’>’s</W> <W C=’NNP’>Republic</W> <W C=’IN’>of</W> <W
C=’NNP’>China</W> <W C=’(’>(</W><W
C=’NNP’>PRC</W><W C=’)’>)</W> <W C=’NNP’>HE</W> <W C=’NNP’>Mr</W>
<W C=’NNP’>Jiang</W> <W
C=’NNP’>Zemin</W> <W C=’DT’>both</W> <W C=’NN’>spoke</W> <W
C=’IN’>at</W> <W C=’DT’>the</W> <W
C=’NN’>ceremony</W><W C=’,’>,</W> <W C=’WDT’>which</W> <W
C=’VBD’>straddled</W> <W C=’NN’>midnight</W> <W
C=’IN’>of</W> <W C=’NNP’>June</W> <W C=’CD’>30</W> <W
C=’CC’>and</W> <W C=’NNP’>July</W> <W
C=’CD’>1</W><W C=’.’>.</W></S>
<S PAR=’4’ RSNT=’1’ SNO=’4’><W C=’DT’>The</W> <W
C=’NN’>ceremony</W> <W C=’VBD’>was</W> <W
C=’VBN’>telecast</W> <W C=’JJ’>live</W> <W C=’IN’>around</W> <W
C=’DT’>the</W> <W C=’NN’>world</W><W
C=’.’>.</W></S>
</TEXT>
</BODY>
</DOCPOS>

FigureA.3: Docposobject
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Document

A documentcontainsthetext thatis goingto besummarized

<?xml version=’1.0’?>
<!DOCTYPE DOCUMENTSYSTEM’/afs-clair/MEAD3/dtd/document.dtd’>
<DOCUMENTDID=’D-19970701_001.e’ DOCNO=’1’ LANG=’ENG’ >
<EXTRACTION-INFO SYSTEM="./hkmead.pl Centroid 1 Position 1
Length 9" RUN="" COMP
RESSION="20" QID="D-19970701_001.e"/><BODY>
<TEXT>

The ceremony took place in the Grand Hall of the Hong Kong Convention
and Exhibition Centre (HKCEC) Extension and was attended by some 4,000
guests, including foreign ministers and dignitaries from more than 40
countries and international organisations, and about 400 of the
world’s media. Representing China were Mr Jiang; HE Mr Li Peng,
Premier of the State Council of the PRC; HE Mr Qian Qichen, Vice
Premier of the State Council of the PRC; General Zhang Wannian, Vice
Chairman of the Central Military Commission of the PRC; and HE Mr Tung
Chee Hwa, the Chief Executive of the Hong Kong Special Administrative
Region (HKSAR) of the PRC. This was followed at the stroke of
midnight by the playing of the Chinese National Anthem and the raising
of the Chinese national flag and the flag of the Hong Kong Special
Administrative Region (HKSAR) within the first minute of the new day
(Tuesday). Entry of Guards of Honour Entry of Officiating Parties
Salute by Guards of Honour Speech by His Royal Highness The Prince of
Wales Entry of Flag Parties British National Anthem Lowering of Union
and Hong Kong Flags

Chinese National Anthem Raising of Chinese and Hong Kong Special
Administrative Region Flags Departure of Flag Parties Speech by
President of the People’s Republic of China, Mr Jiang Zemin Departure
of Officiating Parties

Departure of Guards of Honour
</TEXT>
</BODY>
</DOCUMENT>

FigureA.4: Documentobject

Extract

An Extractcontainsa list of sentencesthatwill beusedin thesummary. Sentencesaresortedin theorderthey
appear.

Query

A queryobjectdescribesthetext of a retrieval query(in Englishor Chinese).

Sentalign

A Sentalignobjectdescribesthesentencemappingsbetweentwo translationsof thesamedocument.

Sentjudge

A sentjudgeobjectis usedto describesentenceutility scoresgivenby judgesto individualsentencesin adocument
or cluster.

Summary

TheSummaryis thefinal outputfrom thesummarizationprocess.
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<?xml version="1.0" encoding="UTF-8"?>
<!DOCTYPE EXTRACT SYSTEM"/afs-clair/MEAD3/dtd/extract.dtd">

<EXTRACT QID="Group_551" COMPRESSION="20"
SYSTEM="./hkmead.pl Centroid 1 Position 1 Length 9" LANG="ENG">
<S ORDER="1" DID="D-19980731_003.e" SNO="2" />
<S ORDER="2" DID="D-19980731_003.e" SNO="3" />
<S ORDER="3" DID="D-19980804_012.e" SNO="2" />
<S ORDER="4" DID="D-19980819_012.e" SNO="2" />
<S ORDER="5" DID="D-19980819_012.e" SNO="5" />
<S ORDER="6" DID="D-19980831_007.e" SNO="5" />
<S ORDER="7" DID="D-19980902_007.e" SNO="2" />
<S ORDER="8" DID="D-19980903_004.e" SNO="2" />
<S ORDER="9" DID="D-19980903_004.e" SNO="3" />
<S ORDER="10" DID="D-19980923_017.e" SNO="4" />
<S ORDER="11" DID="D-19981021_011.e" SNO="3" />
<S ORDER="12" DID="D-19981021_011.e" SNO="4" />
<S ORDER="13" DID="D-19981105_011.e" SNO="2" />
<S ORDER="14" DID="D-19981105_011.e" SNO="3" />
<S ORDER="15" DID="D-19981105_011.e" SNO="7" />
</EXTRACT>

FigureA.5: Extractobject

<?xml version=’1.0’?>
<!DOCTYPE QUERYSYSTEM"../../../dtd/query.dtd" >
<QUERYQID="Q-551-E" QNO="551" TRANSLATED="NO">
<TITLE>
Natural disaster victims aided
</TITLE>
</QUERY>

FigureA.6: Queryobject

<?xml version="1.0" encoding="UTF-8"?>
<!DOCTYPE SENTALIGN SYSTEM"/export/ws01summ/dtd/sentalign.dtd">
<SENTALIGN ENG="20000119_002.e" CHI="20000119_002.c" LANG="english-chinese">
<SENT ORDER="1" EDID="D-20000119_002.e" ESNO="1" CDID="D-20000119_002.c"
CSNO="1" />
<SENT ORDER="2" EDID="D-20000119_002.e" ESNO="2" CDID="D-20000119_002.c"
CSNO="2" />
<SENT ORDER="3" EDID="D-20000119_002.e" ESNO="3" CDID="D-20000119_002.c"
CSNO="3" />
<SENT ORDER="4" EDID="D-20000119_002.e" ESNO="4" CDID="D-20000119_002.c"
CSNO="4" />
<SENT ORDER="5" EDID="D-20000119_002.e" ESNO="5" CDID="D-20000119_002.c"
CSNO="5" />
<SENT ORDER="6" EDID="D-20000119_002.e" ESNO="6" CDID="D-20000119_002.c"
CSNO="5" />
</SENTALIGN>

FigureA.7: Sentalignobject
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<?xml version=’1.0’?>
<SENT-JUDGE QID="551">
<S DID="D-19980731_003.e" PAR="1" RSNT="1" SNO="1">

<JUDGE N="smith" UTIL="10"/>
<JUDGE N="huang" UTIL="10"/>
<JUDGE N="moorthy" UTIL="6"/>

</S>
<S DID="D-19980731_003.e" PAR="2" RSNT="1" SNO="2">

<JUDGE N="smith" UTIL="6"/>
<JUDGE N="huang" UTIL="10"/>
<JUDGE N="moorthy" UTIL="10"/>

</S>
<S DID="D-19980731_003.e" PAR="3" RSNT="1" SNO="3">

<JUDGE N="smith" UTIL="6"/>
<JUDGE N="huang" UTIL="9"/>
<JUDGE N="moorthy" UTIL="10"/>

</S>

<S DID="D-19981105_011.e" PAR="5" RSNT="2" SNO="7">
<JUDGE N="smith" UTIL="2"/>
<JUDGE N="huang" UTIL="1"/>
<JUDGE N="moorthy" UTIL="4"/>

</S>
</SENT-JUDGE>

FigureA.8: Sentjudgeobject
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[1]The Disaster Relief Fund Advisory Committee has approved a
grant of $3 million to Hong Kong Red Cross for emergency relief
for flood victims in Jiangxi, Hunan and Hubei, the Mainland.
[2]Together with the earlier grant of $3 million to World Vision
Hong Kong, the Advisory Committee has so far approved $6 million from the
Disaster Relief Fund for relief projects to assist the victims
affected by the recent floods in the Mainland.
[3]The Disaster Relief Fund Advisory Committee has approved a
grant of $3 million to the Salvation Army for emergency relief
for flood victims in Hunan and Guangxi, the Mainland.
[4]The Disaster Relief Fund Advisory Committee has approved a
grant of $5.39 million to Medecins Sans Frontieres for emergency
relief for flood victims in Hunan, Sichuan and Yunnan, the Mainland.
[5]To ensure that the money will be used for the purpose
designated, the Government has required Medecins Sans Frontieres
to submit an evaluation report and audited accounts on the use of
the grant after the project has been completed.
[6]To ensure that the money will be used for the purpose
designated, the Government has required World Vision Hong Kong to
submit an evaluation report and audited accounts on the use of
the grant after the project has been completed.
[7]The Disaster Relief Fund Advisory Committee has approved a
grant of $3 million to the Hong Kong Committee for United Nations
Children’s Fund (UNICEF) for emergency relief for flood victims
in Hubei, Hunan, Anhui, Heilongjiang, Jilin and Inner Mongolia
Autonomous Region, the Mainland.
[8]The Disaster Relief Fund Advisory Committee has approved a
grant of $1 million to Oxfam Hong Kong for relief for flood
victims in Shaanxi, Guangxi and Yunnan, the Mainland.
[9]Together with the earlier grants of $7 million to World Vision
Hong Kong, $3 million to Hong Kong Red Cross, $3 million to the
Salvation Army, $5.39 million to Medecins Sans Frontieres and $3
million to Hong Kong Committee for United Nations Children’s
Fund, the Advisory Committee has now approved in
total $22.39 million from the Disaster Relief Fund for various
relief projects to assist the victims affected by the recent
floods in the Mainland.
[10]The Committee hopes that the grant can help to provide some
immediate relief to those affected.
[11]The Committee is concerned about the continuing hardship
brought about by floods and droughts in North Korea over the past
few years and hopes that the grant could help to provide some immediate
relief.
[12]Together with the earlier grants of $2.5 million to Medecins
Sans Frontieres Hong Kong in February 1998 and $1 million to
Cedar Fund Ltd. in April 1998, the Advisory Committee has
recently approved in total $5.5 million from the Disaster Relief
Fund for various relief programmes in North Korea.
[13]The Disaster Relief Fund Advisory Committee has approved a
grant of $1.5 million to World Vision Hong Kong for emergency
relief to flood victims in Bangladesh.

FigureA.9: Summaryobject
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Config

TheMEAD driverprogramrequiresaconfigurationfile whichspecifiesfor it all of theprogramsanddatait needs.
Seeanexamplein FigureA.10.

<MEAD-CONFIGLANG="ENG" CLUSTER-PATH="/afs-clair/MEAD3/data/" \\
TARGET="Group_551 DATA-DIRECTORY=/afs-clair/MEAD3/data/">

<FEATURE-SET BASE-DIRECTORY="/afs-clair/MEAD3/data/feature/">
<FEATURENAME="Centroid"

SCRIPT="/afs-clair/MEAD3/programs/scripts/Centroi d.pl HK-WORD-enidf ENG"/>
<FEATURENAME="Position"

SCRIPT="/afs-clair/MEAD3/programs/scripts/Positio n.pl"/>
<FEATURE NAME="Length"

SCRIPT="/afs-clair/MEAD3/programs/scripts/Length. pl"/>
</FEATURE-SET>

<CLASSIFIER COMMAND-LINE="./hkmead.pl Centroid 1 Position 1 Length 9"
SYSTEM="MEADORIG"RUN="09/24"/>

<RERANKERCOMMAND-LINE="./default-reranker.pl MEAD-cosine 0.7"/>

<COMPRESSIONBASIS="sentences" PERCENT="20"/>

</THE-WORM-CONFIG>

FigureA.10: MeadConfigobject¾ MEAD-CONFIG ¿
LANG: ENG or CHIN
CLUSTER-PATH: Pathto the.clusterfile youwantto summarize.
DATA-DIRECTORY: Pathwherethesourcedocumentsin docsentformatarelocated.
TARGET: Thenameof theclusterfile (without the.cluster)¾ FEATURE-SET ¿
BASE-DIRECTORY: PathwhereMEAD will producefeatures.¾ FEATURE ¿ NAME: Thenameof thefeatureto use
SCRIPT: Thefull-path pointerto (includingoptions)thescriptwhichwill beusedto generatethis featureshould
it not exist in BASE-DIRECTORY above¾ CLASSIFIER ¿
COMMAND-LINE: Shouldpoint to hkmead.pl(whereever it is).¾ RERANKER ¿
COMMAND-LINE: Shouldpoint to default-reranker.pl (wherever it is).¾ COMPRESSION ¿
BASIS: sentencesor words
PERCENT: Whatpercentageof thefull documentlengthshouldthesummarydocumentlengthbe?

A.4 Installation

A.4.1 Downloading MEAD

DownloadMEAD from theworkshopwebsite(seeabove).
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A.4.2 Installing MEAD

1. You needto have Perl installed.TheEnglishexamplesreferredto in this documentationhave beentested
on Perl 5.6.0on Solaris5.7 andLinux (kernel2.2 and2.4). The Chineseexampleshave beentestedon
Linux (kernel2.2)with perl 5.6.0.

2. UnpackMEAD 306.tar.gz.Fromnow on thedirectoryin which youhave installedtheMEAD fileswill be
referredto asMEADBASE.

3. fromMEADBASE,run“perl Install.PL ”. If thereareinstallation-relatedproblemsin runningMEAD
later, referto this script’soutputwhenemailingtheMEAD team.

A.4.3 Running MEAD on the English Example

1. cd MEADBASE/bin/program

2. cat mead.config | driver.pl \¿ English.extract

Thisconfigfile is built for youautomatically. SeesectionA.3.2 for instructionson configurationfiles.

3. ../extensions/extract_to_summary. pl \
../../data/cluster/GA3 ../../data/ English.extract

A.4.4 Running MEAD on the ChineseExample

Preliminary Notes

We have provided routinesfor converting clustersof plain text Chinesedocumentsinto MEAD compatible
data.Theonly stipulationsweplaceon documentformattingareasfollows:

1. You shouldknow theencodingof thedocumentsyou areworking with. If you’re not sure,a goodrule of
thumbis asfollows:

SimplifiedChinese:GB2312

TraditionalChinese:BIG5

2. All of the documentsin the clustershouldbe encodedusingthe samestandard(i.e. don’t mix BIG5 and
GB2312documents).

3. Thedocumentsshouldbeword-segmented.Note:Weusedthesegmenterathttp://www.mandarintools.com
to segmenttheexample.Thissegmenteris quiteold, andwe advisefindinganotheronefor bestresults.

List Format

If you wish MEAD to summarizeyour documentsasa multidocumentcluster, you shouldprovide to usa file in
thefollowing format:

<pointer-to-file1>
<pointer-to-file2>
...
<pointer-to-filen>
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GB18030Compatability

As of the writing of this document,the glibc implementationof iconv, a library which convertsamongdif-
ferentencodingsis NOT fully compatiblewith the latestencodingstandardof the People’s Republicof China
(GB18030).This meansthatmany documents(I find about1/4 on xin huawang)from up-to-dateChineseweb-
siteswill crashtheconversionroutines.
NOTE: GB18030is backwardscompatible(all GB2312encodingsmapto the samecharacters),so many doc-
umentsthatareactuallyencodedin GB18030arelabeledasGB2312documents.If thesedocumentscontaina
characterwhich is undefinedin GB2312,they will crashtheconversionscripts.

SystemCompatibility

1. Linux: Fully compatiblewith GB2312.Compatiblewith SOMEpartsof GB18030.

2. Solaris7 andbelow: I have NOT gottentheseto work on GB2312.This will beaddressedASAP. To test
yoursystemtry “ iconv -f gb2312 -t BIG5 ”.

3. Solaris8 andabove: I haven’t hada chanceto testthese.SunclaimsthatSolaris8 (02/02patch)andabove
arefully compatiblewith GB18030.

Running The Example

This exampleis a two-article clusterfrom xin huawang (The websiteof China’s largestnews agency). It
discussesTaiwan’sdecisionto use”Commonpinyin”. It is encodedin GB2312.

1. Runtheconversionscript.

<LINUX USERS>
$cd <MEAD_BASE>/bin/extensions
$make-CHIN-docsent chin-example/commonpy.list GB2312
$cd ../program

<SOLARIS USERS>
$cd <MEAD_BASE>/bin/extensions
$make-CHIN-docsent chin-example/commonpy.list gb2312
$cd ../program

2. Edit themeadconfigfile

<Change the cluster>
Replace target="GA3" with target="commonpy.list"

<Change the Language>
Replace Lang="ENG" with Lang="CHIN"
Replace "ENG" with CHIN" in the Centroid feature script

<Change the IDF database>
Replace "enidf" with "cnidf" in the "Centroid" feature script.
Replace "enidf" with "cnidf" in the "Reranker" command line.

3. Run

$cat mead.config | driver.pl > commonpy.extract
$../extensions/extract_to_summary .pl \
../../data/cluster/commonpy.list. clust er ../../data/docsent/ \
commonpy.extract >! commonpy.summary
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A.5 Creating new Feature Scripts

A.5.1 Intr oduction to MEAD Features

MEAD extractive summariesscoresentencesaccordingto certainfeaturesthesesentenceshave. Thedefault
classifier(HKMEAD) usesPosition,Centroid,andLength,but MEAD featurescanpotentiallyreferto any feature
that a sentencehas(how many namedentitiesor anaphorait contains,for instance).The only stipulationthat
MEAD placeson its featuresis that they be real-valued. The MEAD distribution containsalso the FirstSim
featurewhich computesthecosinesimilarity betweena sentenceandthefirst sentencein thedocument.

In order to facilitate the easycreationand integrationof new features,MEAD providesan interfaceto the
featuresusingtheinterfacelibrary Feature_Extractor.pm.This sectiondescribestheuseof this library.

A.5.2 The Feature Extractor Interface

Sent-FeatureFiles

Sent-Featurefiles containthevaluesof featuresfor eachsentence.Thesearetheoutputof all FeatureCalcula-
tion scripts.Below is aDTD for sent-featurefiles:

<!ELEMENT SENT-FEATURE(S)*>

<!ELEMENT S (FEATURE)*>
<!ATTLIST S

DID CDATA #REQUIRED
SNO CDATA #REQUIRED>

<!ELEMENT FEATUREEMPTY>
<!ATTLIST FEATURE

N CDATA #REQUIRED
UTIL CDATA #REQUIRED>

FigureA.11: Sentfeature.dtd

A featurescript thatusesFeature_Extractordoesnot needto explicitly write Sent-Featurefiles,however. The
library will do this for you.

Thr ee-PassFeatureCalculation

FeatureCalculationis donein threestages:Cluster, Document,andSentence.A FeatureScriptmust usethe
Sentencestage.The othertwo stagesareoptional. In orderto implementtheprocessingnecessaryfor a stage,
write a subroutinesub-xwhich correspondsto the stageandpassa hashwith a key of ”stage” anda valueof a
referenceto sub-xinto theFeature_Extractorlibrary functionDo. A simpleexamplefollows:
Notethat the’Sentence’stringmustappearverbatim(case-sensitive)asthekey of thehashentrywhosevalueis
the referenceto the ’Sentence’subroutine.A call which specifiesall stagesfollows (againthestring keys must
matchexactlyandarecase-sensitive):

Do(\{’Cluster’=>\&cluster, ’Document’=>\&document, ’Sentence’ =>\&sentence}\);
The$datadirvariablepointsto thedirectorycontainingthedocsentfiles whosesentencesyou want to calculate
thefeaturesfor.

The Cluster Stage

Clusterroutinesarepassedaclusterandcando whatprocessingthey needto with thatcluster. They arecalled
oncepercluster.
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use strict;

use Feature_Extractor;

my $datadir = shift;

Do($datadir, {’Sentence’ =>\&sentence});

sub sentence {}

FigureA.12: Sampleuseof a featureduringtheSentenceStage¼ Clustersarereferencesto hasheswhosekeys areDIDs (strings)andwhosevaluesarereferencesto Docu-
ments¼ Documentsarearraysof Sentences¼ Sentencesarehasheswhosekeys arefeatures(strings)andwhosevaluesarethe valuesof thosefeatures.
Theimportantfeaturesfollow:

”TEXT” (string)Thetext of thesentence

”DID” (string)TheDID of thedocumentto which thesentencebelongs

”SNO” (string)Thenumberof thesentencein its document

The DocumentStage

DocumentroutinesarepassedaDocumentandcandowhatprocessingthey needto with thatDocument.They
arecalledoncefor eachdocumentin thecluster.¼ Documentsarearraysof Sentences(Seeabovefor a descriptionof a Sentence)

The SentenceStage

Sentenceroutinesarepassedtwo variables:A Sentenceanda referenceto a feature_vector. Sentencesarede-
scribedin the ”ClusterStage”sectionabove. Feature_vectorsarehasheswhosekeys arethe namesof features
(strings)andwhosevaluesaretherealvaluesof thefeaturesnamedby thosestrings.For example:

{’Centroid’=>0.2, ’Position’ =>1}

After theSentenceroutinehasbeencalledfor everysentencein everydocumentin thecluster, theFeature_extractor
librarywritestostandardoutaSent-Featurefile containingthevaluesfor thefeaturesspecifiedin thefeature_vector
for eachsentence.

A SkeletonFeatureExtraction Routine

Includedwith theMEAD distribution is MEAD-B ASE/programs/scripts/Skeleton.pl, which is a routinethat
providesa minimal featurecalculationandcanbe usedasa jumping-off point to write your own features. If
Feature_Extractoris installedcorrectly, thenthefollowing commandshouldproducea sent-featurefile identical
to GA3.skeleton.sentfeature(alsoin MEAD-B ASE/programs/scripts/):

echo ’MEAD_BASE/data/GA3.cluster’ | Skeleton.pl
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A.6 Adding new featuresto the classifier

Therankercomputesscoresfor eachsentence.¼ Input: This is afeaturefile (usuallytheoutputof fcombine.pl).Everyfeaturefile specifiesfor eachsentence
in a cluster, a setof featuresandavaluefor eachfeature(for thatsentence).¼ Output: This is a sentjudgefile. It indicatesa realnumberfor eachsentencein a cluster. In thecaseof a
classifier, this realnumberindicatesa scorefor eachsentence.

A.6.1 commandline arguments

The COMMAND-LINE attribute of CLASSIFIER shouldread”hkmead.pl ¾ Feature1¿ val1 ... ¾ Featuren¿
valn”. Eachsentencereceivesa scorethat is a linearcombinationof thefeatureslisted(providedthey arein the
input featurefile) EXCEPTfor the”Length” feature.ThuseachFeatureshouldbegivenwith thecoeficcientof
thatfeature’s ”dimension”in thelinearcombination.

”Length”, if it is given,is a cutoff feature.Any sentencewith a lengthshorterthan”Length” is automatically
givena scoreof 0, regardlessof its otherfeatures.”Length” is theonly featurethathasthesesemantics.

Thus./hkmead.plCentroid2 Position0.5Length12 hasthefollowing interpretation:ÀLÁ3Â�Ã º�Ä À ºr»\Å�ºr» Á ºJÆ�ÇÉÈÉÊ�Ë ÄEÌVºr»\Å ÃJÂ�ÍOÎ Æ5Ï�ÐeÑÓÒ Ë Ä�Ô Â�ÀLÍ Å Í2Â »5ÆÖÕn×Øºr»ÚÙ�Å�Û5Ä À ÆØ¿ÝÜ ÊÐ Õn×Øºr»ÚÙ�Å�Û5Ä À Æ ¾ Ü Ê�Þ
A.7 Adding new relations(sentencereranker)

The reranker is usedto reassignscoresto sentencesbasedon relationshipsbetweenpairs of sentences.For
example,it canbe usedto give lower scoresto repeatedsentencesor higherscoresto sentencesthat are in an
anaphoricrelationshipwith anothersentence.¼ Input: This is a reranker-info file (thedtd is in the”dtd/” directory).A reranker-info file hasthreecompo-

nents:

1. Compressioninformation– ¿ PERCENTspecifiesthepercentagecompression(ie 20=20%compres-
sion),BASISspecifiesthe% granularityatwhichto measurecompression.It shouldbeeither”words”
or ”sentences”

2. Clusterinformation– ¿ This is a ”.cluster” file

3. Sentjudgeinformation– ¿ This is a ”.sentjudge”file¼ Output: Thereranker, like theclassifier, outputsa sentjudgefile. This way you can(if you want)have no
rerankerat all.

A.7.1 commandline arguments

TheCOMMAND-LINE attributeof RERANKERshouldread”default-reranker.pl ¾ Similarity-Function¿ ¾ Threshold-
Value¿ ”.¾ Similarity Function¿ : TheSimRoutineslibrary specifiesa haswith stringsaskeys andreferencesto func-
tionsasvalues.This argumentis sucha string(key in this hash).Thererankerwill useit to calculatea similarity
valuefor two sentences.¾ ThresholdValue¿ : If sentencesareordered1, 2, ...., n by score,for a sentenceÀ@ß , if thesimilarity valueis
lessthanthis thresholdfor all Àrà#á Ð ¾ Í ¾7â , the reranker will add1000to the scoreof j. Otherwise,it will do
nothing(effectively rankingthe sentencelast). Thusthe commandline ”default-reranker.pl MEAD-cosine0.7”
says:

Whencomparingsentencesin the above fashion,usethe MEAD-cosinesimilarity routine. If this routine
returnsa valuegreaterthan0.7 for a pair of sentences,do not add1000to thelower-scoringsentence.
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A.8 SVM Documentation

This sectiondescribesthe data format and instructionsfor training and evaluationfor sentenceextraction in
MEAD usingSupportVectorMachines(SVM).

A.8.1 Data Format

Theformatof training,tuning(development),andtestingdataaresimilar. Theformat is alsosimilar to thedata
formatexpectedby theSVM package.Eachdatafile containscasesor samples.Eachsamplecorrespondsto a
sentenceandits featurevalues.Eachsampleis describedby oneline of recordwith syntaxasfollows:¾ class¿ ¾ feature-id1¿ : ¾ feature-value1¿ ¾ feature-id2¿ : ¾ feature-value2 ¿ ...¾ class¿ canbe 1 or -1 representingthe correspondingsentenceis includedor not includedin the sample
summary.¾ feature-idx¿ is anintegerrepresentinga featureid.¾ feature-valuex ¿ is a realnumberrepresentinga featurevalue.

Therefore,eachrecordcontainsthosefeaturesandtheircorrespondingvaluesfor aparticularsentence.It also
containswhetheror not thesentenceis includedin thesamplesummary.

Notethatthefeaturevaluesshouldbenormalizedsothatthevaluesfall between0 and1.

A.8.2 Instructions for Porting, Training and Evaluation

Porting¼ Makeadirectory, e.g.trainablemeadwhichwill containall thedatafiles andSVM package.¼ DownloadSVM package¼ Copy svm classify.c to replacetheoriginal svm classify.c (save a backupof theoriginal svm classify.c as
advised)¼ CompiletheSVM package¼ Preparethetraining,tuning(development),andtestingdata.Follow thedataformatdescribedabove. (Note
thatthefeaturevaluesshouldbenormalized.)

Trainingã
SVM/svm learn -j ¾ cost-parameter¿ ¾ training .data ¿ ¾ learned-model¿

where:¾ cost-parameter¿ is a parameterby which trainingerrorson positive examplesoutweighterrorson negativeex-
amples(default1)¾ training.data¿ is thetrainingdataset¾ learned-model¿ is theoutputlearnedmodel
e.g.ã

SVM/svm learn -j 5 training .data learned-model-j5

Theabovecommandinvokethetrainingprocessusingthetrainingdata(training.data)withcostparameter5.
Theoutputof thelearnedmodelis storedin thefile learned-model-j5.This learned-modelwill beusedin the

tuningandevaluationstages

114



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

Tuning (Development)ã
SVM/svm classify ¾ train.dev.data ¿ ¾ learned-model¿

where:¾ train.dev.data¿ is thetuning(development)dataset¾ learned-model¿ is thelearnedmodelobtainedfrom thetrainingstage
e.g.ã

SVM/svm classifytrain.dev.data learned-model-j5

This commandinvokestheclassificationprocesson thetuningdata- train.dev.datausingthelearnedmodel-
learned-model-j5.The linearweightsof eachfeaturearedisplayed.Theaccuracy, precision,andrecall metrics
arealsoshown.

Typically, onewill conducttrainingusingdifferentparameterssuchasdifferentcostfactors.Theninvoke the
classificationprocessfor eachlearnedmodel.Onecanchoosethedesiredmodelbasedonaparticularmetricsuch
asrecall.

Testingã
SVM/svm classify ¾ testing.data ¿ ¾ learned-model¿

where:¾ testing.data¿ is thetestingdata ¾ learned-model¿ is theselectedlearnedmodelaftertuning
e.g.ã

SVM/svm classifytesting.data learned-model-j5
Thiscommandinvokestheclassificationprocesson thetestingdata- testing.data

A.9 Miscellaneoustools

A numberof toolscomeswith theMEAD distribution. They canbefoundit the”extensions”directory.

A.9.1 mkconfig

extensions/mkconfig.pl

A.9.2 Random and Lead-basedsingle-documentsummarizers

extensions/lead-based.plextensions/random-based.pl

A.9.3 Random and Lead-basedmulti-document summarizers

extensions/cluster-random-extractor.pl

A.10 Evaluation

TheMEAD evaluationtoolkit (which implementsprecision,recall,kappa,cosine,unigramandbigramoverlap,
andrelativeutility) is availableathttp://perun.si.umich.edu/clair/meadeval

A.11 Project Web site

TheMEAD projecthasaWebpageatJohnsHopkinsUniversity.

FigureA.13: Websitefor theMEAD projects
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A.12 Frequently Asked Questions

A.12.1 DoesMEAD only work on the HK NewsCorpus?

No. Theexampleabovein SectionInstallationshowshow to usea differentcorpus.

A.12.2 Can I contribute to MEAD?

Sure.Pleasesendmail to theMEAD mailing list: mead@majordomo.si.umich.edu

A.12.3 How can I get help?

Pleasereferto theMEAD homepagefor help.

http://www.clsp.jhu.edu/ws2001/groups/asmd

A.12.4 Do I needa licenseto useMEAD

Not for themoment.Oncewearebeyondthebetastage,wewill look into this issue.

A.13 Demos¼ www.newsinessence.com¼ perun.si.umich.edu/clair/meaddemo

A.14 Credits for MEAD¼ DragomirRadev - MEAD 1.0(2000),¼ SashaBlair-Goldensohn- MEAD 2.0(Spring2001),¼ JohnBlitzer, Elliott Drabek,ArdaÇelebi,HongQi, DragomirRadev, SimoneTeufel,HoracioSaggion,Wai
Lam,Danyu Liu, Sanjeev Khudanpur- MEAD 3.0(thecurrentversion,SummerandFall 2001),¼ InderjeetMani, Chin-Yew Lin - projectaffiliates,¼ MichaelTopper- documentation,demos,andporting,¼ AdamWinkel - demos,¼ ArdaÇelebi- Websiteanddistribution,¼ FredJelinek,Bill Byrne,Sanjeev Khudanpur, LauraGraham,JacobLaderman- hostsof thesummerwork-
shopat JohnsHopkinswhereMEAD 3.0wasdeveloped,¼ StephanieStrassel,ChrisCieri, David Graff (all from LDC) - corpuscreationandannotation,¼ RalphWeischedel,ReginaBarzilay, David Day, Greg Silber, DanMelamed,SeanBoisen- miscellaneous
adviceandresources,andfinally,¼ TheMEAD betatesters,especiallyJohnMurdie
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A.15 XML DTDs

A.15.1 cluster.dtd

<!ELEMENT CLUSTER(D)*>
<!ATTLIST CLUSTER

LANG (CHIN|ENG) "ENG">

<!ELEMENT D EMPTY>
<!ATTLIST D

DID ID #REQUIRED
ORDERCDATA #IMPLIED>

A.15.2 docjudge.dtd

<!ELEMENT DOC-JUDGE(D)*>
<!ATTLIST DOC-JUDGE

QID CDATA #REQUIRED
SYSTEMCDATA #REQUIRED
LANG (CHIN|ENG) "ENG">

<!-- LANG refers to the language of the retrieval process.
Thus, it is the language of the documents.
However, the original language of the query might be
different.
Look this up in QID. -->

<!ELEMENT D EMPTY>
<!ATTLIST D

DID ID #REQUIRED
RANK CDATA #IMPLIED
CORR-DOCCDATA #IMPLIED
SCORECDATA #REQUIRED>
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A.15.3 docpos.dtd

<!-- DTD for POS tagged text -->

<!ELEMENT DOCPOS(EXTRACTION-INFO?, BODY)>
<!ATTLIST DOCPOS

DID CDATA #REQUIRED
DOCNOCDATA #IMPLIED
LANG (CHIN|ENG) "ENG"
CORR-DOCCDATA #IMPLIED>
<!-- DID : documentid

LANG: language -->

<!ELEMENT EXTRACTION-INFO EMPTY>
<!ATTLIST EXTRACTION-INFO

SYSTEM CDATA #REQUIRED
RUN CDATA #IMPLIED
COMPRESSIONCDATA #REQUIRED
QID CDATA #REQUIRED>

<!ELEMENT BODY (HEADLINE?,TEXT)>

<!ELEMENT HEADLINE (S)*>
<!ELEMENT TEXT (S)*>

<!ELEMENT S (W)*>
<!ATTLIST S

PAR CDATA #REQUIRED
RSNT CDATA #REQUIRED
SNO CDATA #REQUIRED>
<!-- PAR: paragraph no

RSNT: relative sentence no (within paragraph)
SNO: absolute sentence no -->

<!ELEMENT W (#PCDATA)>
<!ATTLIST W

C CDATA #REQUIRED
L CDATA #IMPLIED>

<!-- C is the POS category. L is the lemma -->
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A.15.4 docsent.dtd

<!-- DTD for sentence-segmented text -->

<!ELEMENT DOCSENT(EXTRACTION-INFO?, BODY)>
<!ATTLIST DOCSENT

DID CDATA #REQUIRED
DOCNOCDATA #IMPLIED
LANG (CHIN|ENG) "ENG"
CORR-DOCCDATA #IMPLIED>
<!-- DID : documentid

LANG: language -->

<!ELEMENT EXTRACTION-INFO EMPTY>
<!ATTLIST EXTRACTION-INFO

SYSTEM CDATA #REQUIRED
RUN CDATA #IMPLIED
COMPRESSIONCDATA #REQUIRED
QID CDATA #REQUIRED>

<!ELEMENT BODY (HEADLINE?,TEXT)>

<!ELEMENT HEADLINE (S)*>
<!ELEMENT TEXT (S)*>

<!ELEMENT S (#PCDATA)>
<!ATTLIST S

PAR CDATA #REQUIRED
RSNT CDATA #REQUIRED
SNO CDATA #REQUIRED>
<!-- PAR: paragraph no

RSNT: relative sentence no (within paragraph)
SNO: absolute sentence no -->
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A.15.5 document.dtd

<!-- DTD for original, non-segmented text -->

<!ELEMENT DOCUMENT(EXTRACTION-INFO?, BODY)>
<!ATTLIST DOCUMENT

DID CDATA #REQUIRED
DOCNO CDATA #IMPLIED
LANG (CHIN|ENG) "ENG"
CORR-DOCCDATA #IMPLIED>
<!-- DID : documentid

LANG: language -->

<!ELEMENT EXTRACTION-INFO EMPTY>
<!ATTLIST EXTRACTION-INFO

SYSTEM CDATA #REQUIRED
RUN CDATA #IMPLIED
COMPRESSIONCDATA #REQUIRED
QID CDATA #REQUIRED>

<!ELEMENT BODY (HEADLINE?,TEXT)>

<!ELEMENT HEADLINE (#PCDATA)>
<!ELEMENT TEXT (#PCDATA)>

A.15.6 extract.dtd

<!ELEMENT EXTRACT (S)*>
<!ATTLIST EXTRACT

QID CDATA #REQUIRED
COMPRESSIONCDATA #REQUIRED
SYSTEM CDATA #REQUIRED
JUDGE CDATA #IMPLIED
JUDGENO CDATA #IMPLIED
RUN CDATA #IMPLIED
SENTS_TOTALCDATA #IMPLIED
WORDS_TOTALCDATA #IMPLIED
LANG CDATA #REQUIRED>

<!ELEMENT S EMPTY>
<!ATTLIST S

ORDER CDATA #REQUIRED
DID CDATA #REQUIRED
SNO CDATA #IMPLIED
PAR CDATA #IMPLIED
RSNT CDATA #IMPLIED
UTIL CDATA #IMPLIED>
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A.15.7 query.dtd

<!ELEMENT QUERY(TITLE,DESCRIPTION?,NARRATIVE?)>
<!ATTLIST QUERY

QID CDATA #REQUIRED
QNO CDATA #REQUIRED
LANG (CHIN|ENG) "ENG"
TRANSLATED(YES|NO) "NO"
ORIGLANG(CHIN|ENG) "CHIN"
TRANS-METHOD(AUTO|MAN) "AUTO">

<!-- QID: unique query no, eg. 125-CA or 125-E
QNO: LDC query no for content, eg. 125
LANG: of query
TRANSLATED: is it an original query or not?
ORIGLANG: If translated, from which language (from the other
one, of course

!)
TRANS-METHOD:Automatically translated or manually? -->

<!ELEMENT TITLE (#PCDATA)>
<!ELEMENT DESCRIPTION (#PCDATA)>
<!ELEMENT NARRATIVE (#PCDATA)>
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A.15.8 reranker-info.dtd

<!-- DTD for input to rerankers -->

<!ELEMENT RERANKER-INFO(COMPRESSION, CLUSTER, SENT-JUDGE)

<!ELEMENT COMPRESSIONEMPTY>
<!ATTLIST COMPRESSION

PERCENTCDATA #REQUIRED
BASIS CDATA #REQUIRED

>

<!ELEMENT CLUSTER(D)*>
<!ATTLIST CLUSTER

LANG (CHIN|ENG) "ENG">

<!ELEMENT D EMPTY>
<!ATTLIST D

DID ID #REQUIRED
ORDERCDATA #IMPLIED>

<!ELEMENT SENT-JUDGE (S)*>
<!ATTLIST SENT-JUDGE

QID CDATA #REQUIRED>

<!ELEMENT S (JUDGE)*>
<!ATTLIST S

DID CDATA #REQUIRED
PAR CDATA #REQUIRED
RSNT CDATA #REQUIRED
SNO CDATA #REQUIRED>

<!ELEMENT JUDGE EMPTY>
<!ATTLIST JUDGE

N CDATA #REQUIRED
UTIL CDATA #REQUIRED>
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A.15.9 sentalign.dtd

<!ELEMENT SENTALIGN (SENT+)>
<!ATTLIST SENTALIGN

ENG CDATA #REQUIRED
CHI CDATA #REQUIRED
LANG CDATA #REQUIRED>

<!ELEMENT SENT EMPTY>
<!ATTLIST SENT

ORDER CDATA #REQUIRED
EDID CDATA #REQUIRED
ESNO CDATA #REQUIRED
CDID CDATA #REQUIRED
CSNO CDATA #REQUIRED>

<!-- ORDER: the pairwise number
EDID: english document name
ESNO: english sentence number
CDID: chinese document name
CSNO: chinese sentence number -->

A.15.10 sentjudge.dtd

<!ELEMENT SENT-JUDGE (S)*>
<!ATTLIST SENT-JUDGE

QID CDATA #REQUIRED>

<!ELEMENT S (JUDGE)*>
<!ATTLIST S

DID CDATA #REQUIRED
PAR CDATA #REQUIRED
RSNT CDATA #REQUIRED
SNO CDATA #REQUIRED>

<!ELEMENT JUDGE EMPTY>
<!ATTLIST JUDGE

N CDATA #REQUIRED
UTIL CDATA #REQUIRED>
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A.15.11 the-worm-config.dtd

<!ELEMENT THE-WORM-CONFIG(FEATURE-SET, CLASSIFIER, RERANKER,
COMPRESSION)>
<!ATTLIST THE-WORM-CONFIG

LANG CDATA #REQUIRED
CLUSTER-PATHCDATA #IMPLIED
DATA-DIRECTORYCDATA #IMPLIED
TARGET CDATA #IMPLIED >

<!ELEMENT FEATURE-SET (FEATURE*) >
BASE-PATH CDATA #IMPLIED >

<!ELEMENT FEATUREEMPTY >
<!ATTLIST FEATURE

FEATURE CDATA #REQUIRED >

<!ELEMENT CLASSIFIER EMPTY >
<!ATTLIST CLASSIFIER

COMMAND-LINECDATA #REQUIRED
SYSTEMCDATA #IMPLIED
RUN CDATA #IMPLIED >

<!ELEMENT RERANKEREMPTY >
<!ATTLIST RERANKER

COMMANDCDATA #REQUIRED
BASIS (sentences|words) #REQUIRED
PERCENTCDATA #REQUIRED >
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UREF., 227–232.

Mitra, Mandar, Amit Singhal,andChrisBuckley. 1997.AutomaticText Summarizationby ParagraphExtraction.
In Proceedingsof theWorkshopon IntelligentScalableText Summarization, 39–46.Associationfor Computa-
tionalLinguistics,Madrid,Spain.

Morris,A., G.Kasper, andD. Adams.1992.”The effectsandlimitationsof automatedtext condensingonreading
comprehensionperformance.InformationSystemsResearch 3(1): 17–35.

Mostafa, J., andWai Lam. 2000. AutomaticClassificationUsing SupervisedLearningin a Medical Document
Filtering Application. InformationProcessingandManagement36(3): 415–444.

131



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

Mostafa,J.,S.Mukhopadhyay,Wai Lam,andM. Palakal.1997.A Multilevel Approachto IntelligentInformation
Filtering: Model,System,andEvaluation.ACM Transactionson InformationSystems15(4): 368–399.

Nakao,Yoshio.2000. An Algorithm for one-pagesummarizationof a Long Text Basedon ThematicHierarchy
Detection.In Proceedingsof the38thAnnualMeetingof theAssociationfor ComputationLinguistics, 302–309.

Nanba,H., andManabu Okumura.2000. ProducingMore ReadableExtractsby Revising Them. In Proceedings
of the18thInternationalConferenceon ComputationalLinguistics(COLING-2000), 1071–1075.

Nie, J.Y., Michel Simard,PierreIsabelle,andR. Durand.1999.Cross-LanguageInformationRetrieval Basedon
ParallelTextsandAutomaticMining of ParallelTexts from theWeb. In ACM SIGIR, 74–81.

Nomoto,Tadashi,andYuji Matsumoto.2001. A New Approachto UnsupervisedText Summarization.In Pro-
ceedingsof the24thannualinternationalACM SIGIRconferenceonResearch anddevelopmentin information
retrieval.

Oka,Mamiko, andYoshihiroUeda.2000.Evaluationof Phrase-representationSummarizationbasedon Informa-
tion Retrieval Task.In Proceedingsof theWorkshoponAutomaticSummarization,ANLP-NAACL2000. Seattle,
WA.

Okumura,Manabu,H. Mochizuki,andH. Nanba.1999.Query-biasedSummarizationBasedonLexical Chaining.
In Proceedingsof PACLING’99, 324–334.

Okurowski, Mary Ellen, HaroldWilson, JoacquinUrbina,Tony Taylor, RuthColvin Clark, andFrankKrapcho.
2000.A Text Summarizerin Use:LessonsLearnedfrom RealWorld DeploymentandEvaluation.In Proceed-
ingsof theWorkshopon AutomaticSummarization,ANLP-NAACL2000. Seattle,WA.

Ono, K., K. Sumita,and S. Miik e. 1994. AbstractGenerationBasedon RhetoricalStructureExtraction. In
Proceedingsof theInternationalConferenceon ComputationalLinguistics, 344–348.yoto,Japan.

Paice, C.D., andM.P. Oakes.1999. A Concept-BasedMethod for Automatic Abstracting. TechnicalReport
ResearchReport27,Library andInformationCommission.

Paice,Chris.1989. AutomaticGenerationandEvaluationof Back-ofBook Indexes. In Prospectsfor Intelligent
Retrieval.

Paice,Chris.1990. Constructingliteratureabstractsby computer:techniquesandprospects.InformationPro-
cessingandManagement26(1):171–186.

Paice, Chris, and P.A. Jones.1993. The Identificationof ImportantConceptsin Highly StructuredTechnical
Papers.In R. Korfhage,E. Rasmussen,andP. Willett, eds.,Proc.of the16thACM-SIGIRConference, 69–78.

Paice, Chris D. 1981. The Automatic Generationof Literary Abtracts: An Approachbasedon Identification
of Self-indicatingPhrases.In O.R. Norman,S.E.Robertson,C.J.van Rijsbergen,andP.W. Williams, eds.,
InformationRetrieval Research. London:Butterworth.

Palmer, Martha,andZhibiao Wu. 1995. Verb semanticsfor english-chinesetranslation. Machine Translation
Journal .

Papineni,Kishore,SalimRoukos,ToddWard,andW-J.Zhu.2001. BLEU: A Methodfor AutomaticEvaluation
of MachineTranslation.ResearchReportRC22176,IBM.

Pirkola, A. 1998. Theeffectsof querystructureanddictionarysetupsin dictionary-basedcross-languageinfor-
mationretrieval. In ACM SIGIR, 55–63.

Pollock, J., andA. Zamora.1975. AutomaticAbstractingResearchat ChemicalAbstractsService. Journal of
ChemicalInformationandComputerSciences15(4).

Preston,Keith,andSandraWilliams. 1994.Managingtheinformationoverload.Physicsin Business.

132



JHU 2001Summerworkshopfinal report Evaluationof Text Summarization

Radev, Dragomir. 2000.A CommonTheoryof InformationFusionfrom Multiple Text Sources,StepOne:Cross-
documentStructure.In Proceedings,1stACL SIGDIALWorkshopon DiscourseandDialogue. HongKong.

Radev, Dragomir, andWeiguoFan.2000. Automaticsummarizationof searchenginehit lists. In Proceedings,
ACL Workshopon RecentAdvancesin NLPandIR. HongKong.

Radev, DragomirR., SashaBlair-Goldensohn,Zhu Zhang,andRevathi SundaraRaghavan.2001a. Interactive,
Domain-IndependentIdentificationandSummarizationof Topically RelatedNews Articles. In 5th European
Conferenceon Research andAdvancedTechnologyfor Digital Libraries. Darmstadt,Germany.

Radev, Dragomir R., SashaBlair-Goldensohn,Zhu Zhang, and Revathi SundaraRaghavan. 2001b. NewsI-
nEssence:A Systemfor Domain-Independent,Real-Time News ClusteringandMulti-DocumentSummariza-
tion. In HumanLanguageTechnologyConference. SanDiego,CA.

Radev, DragomirR., WeiguoFan, andZhu Zhang.2001c. WebInEssence:A PersonalizedWeb-BasedMulti-
DocumentSummarizationandRecommendationSystem.In NAACL Workshopon AutomaticSummarization.
Pittsburgh,PA.

Radev, DragomirR., HongyanJing,andMalgorzataBudzikowska.2000.Centroid-basedsummarizationof mul-
tiple documents:sentenceextraction,utility-basedevaluation,anduserstudies.In ANLP/NAACL Workshopon
Summarization. Seattle,WA.

Radev, DragomirR., andKathleenR. McKeown. 1998.GeneratingNaturalLanguageSummariesfrom Multiple
On-LineSources.ComputationalLinguistics24(3):469–500.

Rath,G., A. Resnick,andR. Savage.1961. The formationof abstractsby the selectionof sentences:Part 1:
sentenceselectionby manandmachines.AmericanDocumentation12(2): 139–141.

Rau,Lisa F., andR. Brandow. 1993. Domain-IndependentSummarizationof News. DagstuhlSeminar, Summa-
rizing Text for IntelligentCommunication.

Rau,LisaF., PaulS.Jacobs,andU. Zernik.1989.InformationExtractionandText SummarizationusingLinguis-
tic KnowledgeAcquisition. InformationProcessing& Management25(4): 419–428.

Reiter, Ehud,andRobertDale.2000. Building Natural LanguageGeneration Systems. Cambridge,U.K.: Cam-
bridgeUniversityPress.

Rino, Lucia H.M., andDonia Scott.1994. AutomaticGenerationof Draft Summaries:Heuristicsfor Content
Selection.TechnicalReportITRI-94-8, InformationTechnologyResearchInstitute.

Rowley, Jennifer. 1982.AbstractingandIndexing. London,UK: Bingley.

Rumelhart,David E. 1975. Noteson a Schemafor Stories.In Language, Thought,andCulture. Advancesin the
Studyof Cognition. AcademicPress,Inc.

Saggion,Horacio.1999. Using Linguistic Knowledgein AutomaticAbstracting. In Proceedingsof the 37th
AnnualMeetingof theAssociationfor ComputationalLinguistics, 596–601.Maryland,USA.
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