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Abstract

We reporton researchin multi-documentsummarizatiorand on evaluationof summarizatiorin the framework
of cross-linguainformationretrieval. This work was carriedout duringa summerworkshopon LanguageEn-
gineeringheld at JohnsHopkins University by a teamof nine researcherffom sesen universities. The goalsof
theresearchwereasfollows: (1) to developatoolkit for evaluationof single-documerandmulti-documensum-
marizers,(2) to develop a modularmulti-documentsummarizercalled MEAD, thatworksin both Englishand
Chineseand(3) to performa meta-@aluationof four automaticsummarizersincluding MEAD, usingseveral
typesof evaluationmeasuressomecurrentlyusedoy summarizatiomesearcherandacoupleof noveltechniques.

Centralto the experimentsn this workshopwasthe cross-linguakxperimentalsetupbasedon a large-scale
Chineseand English parallel corpus. An extensie setof humanjudgmentswere specificallypreparedby the
Linguistic DataConsortiumfor our research.Thesehumanjudgmentsinclude a) which documentsrerelevant
to a certainqueryandb) which sentence# the relevant documentsare mostrelevantto the queryand which
thereforeconstitutea good summaryof the cluster Thesejudgmentswere usedto constructvariable-length
multi- andsingledocumentsummariesas modelsummaries.Sinceone of the novel evaluationmetricsthat we
used,ReleranceCorrelation, is basedon the premisethatgood summariegpresere queryrelevanceboth within
alanguageandacrosdanguagesywe madeuseof a cross-lingualnformationRetrieval (IR) engine.

We evaluatedthe quality of the automaticsummariesusing co-selectiorand content-basedvaluation two
establishedechniquesA relatively new metric,relativeutility, wasalsoextensiely tested Part of thenew scien-
tific contributionis the measurementf relevancecorrelation,which we introducedandsystematicallyexamined
in thisworkshop.Relevancecorrelationmeasurethe quality of summariesn comparisorio theentiredocuments
asafunctionof how muchdocumentelevancedropsif summariesareindexedinsteadof documentsOur results
show thatthis measures sensiblejn thatit correlatesvith moreestablishe@valuationmeasures.

Anothercontributionis the cross-linguaketupwhich allows usto automaticallytranslateEnglishqueriesinto
Chinese perform ChineselR with or without summarization.This allows usto calculaterelevancecorrelation
for Englishandfor Chinesen parallel(i.e., for the samequeries)andto take directcross-linguatomparison®f
evaluations. Additionally, an alternatve way of constructingChinesemodelsummariefrom Englishoneswas
implementedvhich relieson the sentencalignmentof EnglishandChinesedocuments.

Theresultsof our large-scaleneta-&aluationarenumerousbut someof the highlightsarethefollowing: (1)
All evaluationmeasuresankhumansummariedirst, which is anappropriateandexpectedoropertyof suchmea-
sures(2) Bothrelevancecorrelationandthe content-basetheasureplaceleadingsentencextractsaheadf the
moresophisticatedummarizers(3) Relative utility ranksour systemMEAD, asthebestsummarizefor shorter
summariesalthoughfor longer summariesjead-basedsummariesoutperformMEAD, (4) Co-selectionrmea-
surementshowv overall low agreemenamongsthumans(above chance) whereagelative utility reportshigher
numbersonthe samedata(but doesnot normalizefor chance).

Thedeliverableresourcesindsoftwareinclude: (1) aturn-key extractive multi-documensummarizefMEAD,
which allows usergto addtheir own featuresdbasedn singlesentencesr pairsof sentenceg) alarge corpusof
summariegproducedby several automaticmethods,ncluding baselineandrandomsummaries(3) a collection
of manualsummariegproducedby the Linguistic DataConsortium(LDC), (4) a batteryof evaluationroutines,
(5) acollectionof IR queriesin Englishand Chineseandthe correspondingelevancejudgmentsfrom the Hong
Kong news collection,(6) SMART relevanceoutputsfor bothfull documentandsummaries(7) XML toolsfor
processingf documentandsummaries.
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Chapter 1

Intr oduction

Giventhe enormousamountof textual informationon the Internet,oneworthy goal of researchin NaturalLan-
guageProcessingndinformationRetrieval is to developtechniquesor automatidext summarizationA teamof
researchergatherecat JohnsHopkinsUniversityin Summer2001to addresghefollowing goals:(1) to develop
a modularmulti-documentsummarizethat achieves state-of-theart performancen both Englishand Chinese,
(2) to developatoolkit for evaluationof both single-documenandmulti-documensummarizersand(3) to per
form ameta-&aluationof six summarizersisingfour classe®f evaluationmeasuresco-selectioncontent-based,
relative utility, andrelevancecorrelation. All threegoalswere successfullymet. The currentdistribution of the
MEAD systemincludes(1) a turn-key extractive multi-documentsummarizer(2) a large corpusof summaries
produceddy differentmethodsjncluding baselineandrandomsummaries(3) a collectionof manualsummaries
(producedby LDC, the Linguistic DataConsortium),(4) a batteryof evaluationroutines,(5) a collectionof IR
gueriesin Englishand Chineseandthe correspondingelevancejudgmentsfrom the Hong Kong news collec-
tion, (6) SMART relevanceoutputsfor bothfull documentsandsummaries(7) XML tools for manipulationof
documentaindsummaries.

In this reportwe describethe MEAD projectin detailandspecifically the summarizeitself, the corpusthat
we preparecandannotatedaswell asa new evaluationmetric for summaryevaluation,RelevanceCorrelation
We presentacomparisorof MEAD with severalothersummarizeraswell asameta-&aluationcomparingeight
evaluationmetrics: Precision/RecallPercentAgreement,Kappa, Relative Utility, RelevanceCorrelation,and
threetypesof content-basetheasuregcosine longestcommonsubsequencandword overlap).

1.1 The JohnsHopkins workshop

The Summerworkshopon Languageand Speechprocessinghasbeenheld at JohnsHopkins University since
1996. Eachyear, a numberof projects(usuallyfour) areselectedrom a numberof proposals.Otherprojectsin
recentyearshave includedStatisticalMachineTranslation Novelty Detection,andGraphicalModelsfor Speech
Processing.

1.2 Reseach hypotheses

We tried to addresshefollowing researcthypotheses:

1. Goodsummariegpresere relevance:in otherwords,if aninformationretrieval systemis usedto rankfor
relevanceto a given query (a) a setof documentsand (b) a setof the correspondingummarieof these
documentstherankingswill bequitesimilar. We call suchanevaluationrelevancecorrelation

2. Goodquerytranslationpreseresrelevance:if documentsrefirst translatednto a differentlanguageand

thensummarizedtherewill still be a correlationbetweenthe relevancerankingsfor the documentsn the
two languages.
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3.

4.

Humansagreeon sentencauitility: we askhumanjudgesto specifyhow centrala sentencés to a clusterof
relateddocumentsye call this type of relevancesentencauitility. Our hypothesids thatthe utility givento
asentencdy differentjudgeswill besimilar.

Relevancecorrelationcorrelateswith establisheanethodsfor summaryevaluation

1.3 Technicalobjectives

At the bgginning of the workshop we setthe following technicalobjecties:

1.

2.

3.

To developa summarizatiorevaluationtoolkit allowing for meta-@aluation:extractive andnon-extractive

To develop a summarizatiortoolkit including a modular state-of-the-arsummarizer:single/multidocu-
ment,generic/query-baseénglish/Chinese

To produceanannotateaorpusfor furtherresearchin text summarization

After completionof thesetasks,our planis for usersto be ableto performthefollowing actiities:

1

2

3

4.

5

Evaluateanexisting summarizer
Build asummarizefrom scratch.
Testa summarizatiorfeature.
Testa new evaluationmetric.

Testa querytranslationsystem.

Researclin text summarizations traditionally constrainedy the following problems:limited resourcesor
training, lack of standardestbedshatcanbe usedto comparalifferentsummarizersandno clearunderstanding
of the correlationbetweerdifferentsummarizatioomethods.

1.4 Participants

Thework presentedh thisreportwascarriedoutmainly atthe JohnsHopkinssummemvorkshopin 2001although
a large portion wasdoneboth beforeand after the workshopitself. The workshopteamincludesthe following
people:

e DragomirRader received his PhDin ComputerSciencefrom ColumbiaUniversity He workedat IBM’s

TJ WatsonResearchCenterin Hawthorne,NY before comingto the University of Michigan where he
is currently AssistantProfessorof Information, of Electrical Engineeringand ComputerScienceand of
Linguistics. He is mainly interestedn naturallanguageprocessingandinformationretrieval. He heads
the Computationalinguistics And Information Retrieval group (CLAIR) at Michigan. His mostrecent
projectsareon multi-documensummarizationgross-documergtructuretheory andquestionanswering.

SimoneTeufel receved her PhD from Edinburgh University in 1999, and her first degreein Computer
Scienceand ComputationaLinguisticsfrom the University of Stuttgartin 1994. Until 1995, sheworked
on POS-Rggingof German Jexicon building and syntacticannotationschemesHer graduatethesisis a
summarizatiorsystem basedon a multidisciplinary study of the summarizatiorof scientificarticles,and
on the exploitation of particularspeechactsfound in scientific articles. As a postdoctorakesearcheat
ColumbiaUniversity betweer2000and2001,sheworked on termidentification,IR andsummarizationn

themedicaldomain.Sheis now alecturerin the ComputerLaboratory CambridgeUniversity, UK.
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1.5

Wai Lam receved a Ph.D.in ComputerSciencefrom the University of Waterloo,Canadan 1994. He
worked as a visiting ResearchAssociateat IndianaUniversity PurdueUniversity Indianapolisand as a
PostdoctoraFellow in University of lowa. He joined the Departmenbf SystemsEngineeringand Engi-
neeringManagemenin the ChineseUniversity of Hong Kongin 1996 as AssistantProfessar In August
2001, he becameAssociateProfessar His currentinterestsincludeintelligentinformationretrieval, text
mining, machindearning,reasoninginderuncertaintyanddigital libraries.

Horacio Saggionreceved his PhD from Universi€ de Montréal, Canadajn 2000,and his Masterdegree
from the University of CampinaslUNICAMP, Brazil, in 1995. He studiedComputerSciencen the Com-
puterScienceDepartmentt Universidadde BuenosAires, Argentina.He worked mary yearsasteaching
assistanandresearchassistanat the ComputerScienceDepartmentand as SystemProgrammefor the
industry He is currentlyresearctassistanin the NaturalLanguageProcessingroupat the Departmenbf

ComputerScienceUniversity of Shefield, UK, whereheis involvedin two projectson Information Ex-

tractionandMultimediaSummarizationtThe Multimedialndexing andSearchindgernvironment”and“The

Sceneof Crime Information Systeni. He is mainly involvedin the useof symbolictechniquedor NLP,

nevertheles$e believesthatrobustandpracticalsolutionsto mary problemsin NLP shouldbe developed
with awise combinationof statisticalandsymbolicknowledgeandtechniquesHis maininterestsn NLP

aretext summarizationshallov naturallanguageprocessingtext structure discoursanterpretation,and
naturallanguagegeneration.

JohnBlitzer is a seniorat Cornell University, Ithaca,NY. In Fall 2002, he will be a PhD studentat the
University of Pennsyhania.

Arda Celebiis a seniorat BilkentUniversity, Ankara, Turkey. In Fall 2002,hewill bea PhD studentatthe
Universityof SouthernCalifornia’s InformationSciencednstitute.

Elliott Drabekis a PhD studentat JohnsHopkinsUniversity.
Danyu Liu is aPhD studentat the University of Alabama.
HongQi is aPhD studentat the University of Michigan,Ann Arbor.

Plan of the report

This reportincludesseven sectionsand one appendix. The next chapterdescribeghe frameawork in which the
experimentavereperformed.Chapters3 and4 presentanoverview of the methodausedfor informationretrieval
andfor summarizationyespectiely. The following chapter(Chapter5) describeghe techniquesusedto com-
parethe differentsummarizers Chapter6 presentour results,groupedby evaluationmethod,while Chapter7
concludeghereport. The userdocumentatiomssociateavith the MEAD summarizeis includedin AppendixA.
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Chapter 2

Experimental Framework

2.1 Overview

2.1.1 Reseach questions

As motivatedin the previouschapterwe setoutto answetthe following questions:

o Which summarizerout of a setof automaticsummarizersgreatesxtractsthataremostsimilar to extracts
ahumanwould have created?

e How doesthis summaryperformanceelateto certainwell-known baselines?

Thesequestionsanbeansweredn the mono-lingualcase assoonasareasonabl@eumberof humanextracts
areavailable. We answerthesequestionsjut our setupis more sophisticated Becausewve operatein a cross-
lingual IR frameawork, we alsoaskthe following questions:

o How well doesthelR enginework for thelanguagen which thequeriesarewritten (in our case English)?

o How well doesit performif the queriesaretranslatechutomaticallyinto the parallellanguaggin our case,
Chinese)?

e How muchworseis this comparedo the casewherethetranslations donemanually?

Dueto theuniquesetupcreatedn thisworkshopwherewe have atourdisposaklarge-scaleparallelEnglish—
Chinesenewspapercorpuswith IR relevancejudgementsand judgementsaabouthow relevant single sentences
containedn thedocumentsreto a query we canalsoanswemorecomplicatedjuestionsuchas:

e How muchdoesIR performancealecreaséf we index summariesnsteadof the entiredocument?In this
casewe restricttheinformationavailableto the IR engineto the supposedlynore“important” partsof the
documentvhich the summarisersave identifiedfor us.

e How doesthis new measurementyhich we call relevancecorrelation, relateto the moreestablishedum-
mary quality metricsof similarity mentionedabove?

It is alsoa featureof our researchihatwe addresdoth multi-documentndsingle-documensummarization.
Onelastpointwe addresss the differenceof extractsandmanualsummariesi.e. summariesvritten by a human
from scratch.We obtainedmanualsummariesvritten by 3 humanjudgesfrom the LDC, who summarizedetsof
10 documentsn 50, 100,and200words. We believe thatsucharesourcas very valuable asthe highest-quality
automaticsummarieof the futurewill probablymirror moreandmorehumansummariesandmove away from
sentencextracts. Thefinal researclguestionwe addresss:

e Usingthe evaluationmetricsavailableto comparenon-verbatimtext, how similar are humanextractsand
humansummariesand how similar are automaticextractsto either of these(humanextractsand sum-
maries)?
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Thesesetsof questiondeadto theexciting, new experimentaketupfor ameta-&aluationwhichwe performed
in the workshop. This chapterexplainsthe entire meta-@aluationframewvork we employed: the datawe used,
the humanannotationcollected,the corpusprocessingand automaticsummarizatiorused,andthe definition of
baselines.

2.1.2 Overview of setup

Theprojectsetupincludesa multilingual IR systemandseveralsentencextractorsfor the single-documentase.
We compareheoutputof anIR systemwith theoutputof thehumarrelevancgudgementOur setupalsoincludes
a sentencextraction step, performedby differentsummarizers.The IR systemoutput, usinganindex created
from the summarieswascomparedo systenperformancevhenindexing took placeon the entiredocumentIR
performancevasmeasuredby comparisorto the relevancejudgements.

Similarity of extractsto humanextractswasmeasuredn parallel,usinga differentsetof judgementsreated
by our judges,which we called’sentencgudgements’. Thesewere createdby askingthe judgeshow relevant
eachsentencén 10 of therelevantdocumentsvasto thequery

Thesetupin the cross-linguataseassumeshatthe corpusis parallel,i.e. thateachEnglishdocumentanbe
alignedwith a Chinesedocumentwhich is a translationof the document.This is givenin our case.As we did
not have Chinesgudgementsat our disposalwho could have performedChineserelevanceand sentencgudge-
ments(andin orderto keepannotationcostdown), we operateundercertainassumptionso duplicateChinese
“judgements’from the Englishones:

¢ If anEnglishdocuments relevantto a query sois its translationinto Chinese.

¢ If anEnglishsentences relevantto aquery sois its translationinto Chinese.

Notethatthe last steprequiresusto find alignmentsof Englishand Chinesesentencesthis is a well-known
alignmentproblemwhich we implementedn the courseof theworkshop.

Our sentenceextractorsrun on Chineseand on Englishtext. This fact createsinterestingpossibilitiesfor
evaluation,asChineseextractsby alignmentcanthenbe comparedo the Chineseextractsgeneratedy running
the sentencextractorsdirectly on Chineseext.

2.2 Corpusand automatic corpus processing

We usea parallelcorpusof Englishand Chinesg(Cantonese)exts which aretranslationsor neartranslationsof
eachother The corpusconsistsof 18,146documentpairs covering 1997—2000. The corpus,calledthe Hong
KongNewspaperCorpus(corpusnumberLDC2000T46),is providedby the Linguistic DataConsortium(LDC).
Thetexts arenot typical news articles. The Hong Kong Newspapemainly publishesannouncementsf thelocal
administrationand descriptionsof municipal events,suchasan anniversaryof the fire departmentpr seasonal
festials.

The averagesizein wordsfor a documents 347.8for Englishand325.2for Chinesejn sentenceg is 16.2
and15.5,respectiely.

Eachdocumentin the corpuswas further automaticallyprocessedn orderto add structuraland linguistic
information, cf. the overview in figure 2.2. The annotationfor eachdocumentincludesinformationaboutthe
documentidentity, its languageandits translation.Plaintext in Englishand Chinesewasprocessedn orderto
identify the maintitle andthe text of the news article. For the purposeof our researchwe alsoneededo split
the corpusinto sentencesndwords. Englishdocumentsvere annotatedvith partsof speechand morphologic
information.Both ChineseandEnglishtext wasannotateavith NamedEntity tags,andanalgorithmfor alignment
of EnglishandChinesesentences/asimplemented.

We usedthefollowing namingcorvention: File namesareof theform yyyymmdd_nnn.[ce]  whereyyyy
is theyear mmis themonth,dd is theday, andnnn is asequentiahumber

All corpusinformationis encodedn XML, andanumberof DTDs (documentypedescriptionsyverewritten
to describethe structureof the documentaftereachprocessingtep.DTDs give thelogical structureof an XML
file in Backus-Nauform. The DTDs createdor this projectaregivenin AppendixA.
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<?xml version="1.0’ encoding="UTF-8"?>

<IDOCTYPE 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 WP Wong accepts ATV’'s apol-
ogy </S></HEADLINE>

<TEXT>

<S PAR='2" RSNT='l" SNO='2'>The Secretary for Education and Manpower, Mr
Joseph WP 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>

<ITEXT>

</BODY>

</DOCSENT>

Figure2.1: Documentl9980303004.eannotatedvith sentencdoundaries.

ENGLISH CHINESE
TEXT TEXT

STRUCTURH STRUCTURH

ANALYSIS ANALYSIS
DOCUMENT DOCUMENT
SEGMENTOR SEGMENTOR

ENGLISH CHINESE
NE TAGGER DOCSENT DOCSENT NE TAGGER
ENGLISH CHINESE
NAMED ENTITIES Lgﬁa;ﬁgﬁ% NAMED ENTITIES

DOCPOS

Figure2.2: Linguistic Processin@f the HK corpus

Using XML proved a software engineeringadvantagein the project,asmary moduleshadto be interfaced
by several programmers XML validationmadeit very easyto checkfor errorsin the input and outputof each
modulein the pipeline.

2.2.1 Linguistic processing English)

Thefirstline is considered headlineandall thelinesfrom the secondo theendof thefile areconsideredhetext
of thearticle. We removed”end/” statementandothernon-textual entitiesoccurringin the corpus.The outputof
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this processs storedin files conformingthedocumenDTD specification(cf. AppendixA).

In orderto further processEnglishtexts in documenformat, we usea pipelinedimplementationbasedon
LTG'sTTT (Text TokenizationTool (Groveretal.,1999)),amodularpackagevhichincludesasymbolictokenizer
written in a regular language a statisticalsentenceseggmenter(Mikheev, 2000) and a statisticalpart-of-speech
(POS)taggerdistributedwith TTT. The POStagsusedarethosefrom the PennTagset. Thetaggercomesrained
on4 million wordsof theWall StreetJournal.Semi-automaticorrectionf sentencéoundariehiadto bemade
in thosesetsof documentsvherehumansentencesegmentationvasavailable,astherecould notbeary conflicts
in sentencdoundariedetweerour automaticsentencextractorsandthe humantargetsummaries.

The outputof the statisticalsentencesegmenteris storedin files conformingthe docsentDTD specification,
cf. figure2.1. Thetext in this formatis usedby all summarizatioralgorithms.

We usedthelemmatisedevelopedatthe Universityof Shefield (Humphre/setal.,2000)andusedn different
naturallanguageprocessingsystems. The lemmatiserproducesa lemmaform for all nounsand verbsin the
document.The work is accomplishedy usinga setof regularexpressionsanda list of exceptionsare usedfor
analysis:for examplethe form “expressesmatcheghe regularpattern‘ANY+ DOUBLE “ES™, producingthe
root “express”’andthe affix “s”. Thelist of exceptionswasderived from WordNet (Fellbaum,1998)and other
corporamakingthe moduledomainindependentTheinputto thelemmatiseiis ataggedist of nounsandverbs,
the output consistsof a lemmaand sufiix (possiblynull) for eachunit. Additionally, all lemmasare storedin
lowercaseln Figure2.2.1we shav a sentencdrom the corpusafterlemmatisationThe outputof preprocessing
is storedin files conformingthe docposdtd specification.Theinformationin thesefiles is usedduringevaluation
of contentbasedsimilarity measures.

<SPAR='3" RSNT="2" SNO="4'"><W C='DT’ L="these>These</W><W C="JJ’ L="foreign’ >foreign</W><W
C='NN’ L="currengy’ >curr ency</W><W C='NNS’ L="asset>asset/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="8">'s</W><W C='JJS’ L="largest>larges/W><W C='JJ’" L="such>such</W><W C='NN’
L="holding’>holdings</W><W C=""" L="">.</W></S>

Figure2.3: Sentencaftertokenization tagging,andlemmatization

2.2.2 Linguistic processingChinese)

Sentencesggmentationin Chineseis basedon punctuation. Unlike English, where punctuationcan be part of
words (cf. “Dr ), thisis not the casein Chinese. We constructeda list of punctuationsymbolsthat usually
indicatethe endof sentencesThenwe useda greedysearcho find thelongestmatchof thesepunctuations.

Anotherprocessingequiredfor Chinesetexts is word sggmentation.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 matchthe longestpossibleword in thelexicon. The codefor word segmentationwasoriginally obtainedfrom
a Perlpackagdocatedat (http://www.mandarintools.com/ggnenterhtml). We adaptedhis packagdrom GB to
BIG5 encodingin orderto processChinese.In Figure2.4, we shav a small Chinesedocumentannotatedvith
sentencdoundaries.

2.2.3 Namedentity detectionin English and Chinese

It hasbeenshowvn that the performanceof text summarizatiorsystemscanbe improved by NamedEntity De-
tection(Aone et al., 1999),so we decidedto includethis informationinto our summarizer NamedEntity (NE)
Detectionis the procesof identifying andcateyorisingnamesdn texts. For instancejn the MessagaJnderstand-
ing Conference$MUC) (GrishmanandSundheim1996),the NE detectiontaskconsistedf theidentificationof
seventypesof NE: PERSONORGANIZATION, LOCATION, DATE, TIME, MONEY andPERCENT

We useldentiFinder(BBN, 2000),a probabilisticnaturallanguagesoftwaretool thatscandext to locateNEs.
Thetool analyzedrainingdata,countsandcompilesstatisticsaboutthetraining data,convertthosestatisticsinto
probabilisticmodels,appliesthosemodelsto the NE taskand outputsthe sametext with SGM marked-uptext.
The softwareis availablein both EnglishandChinesewe usedit usedwith the pre-trainednodels.An example
of the NE detectiontaskin Englishis shavn in Figure2.5.
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<?xml version="1.0"?>

<IDOCTYPE DOCSENT SYSTEM "/export/wsOlsumm/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"> FEakSE =4 B8

P B IEWRR </S>

</HEADLINE>

<TEXT>

<S PAR="2"RSNT="1"SNO="2"> ¥ & sfi= =~ =&
FE&FE SH ( BHI— ) FEox . b 2 4 BR
P ET|R FJER 237 3 H 2 B EHI— ( —=H
=—+= 8 ) F % 2 % FF 0 &#H 3#3% a9y s
sm P OPEHD AY ERK . A ¥ Sk F=E 0
B FEiE o </s>

</TEXT>

</BODY>

</DOCSENT>

Figure2.4: Chinesedocumentl9980303004.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 quartek/TIMEX>.</S> <S PAR="3' RSNT="1' SNO="3'">These
are shavn in the preliminary estimatesof the expenditure-base@DP for the <TIMEX TYPE="DATE">second
quarter of 199%&/TIMEX> and revised estimates for earlier periods released today
(TIMEX TYPE="DATE">Monday/TIMEX>) by the <ENAMEX TYPE="ORGANIZATION">Censusand
StatisticsDepartment/ENAMEX >.</S>

Figure2.5: NEsin the EnglishCorpus

2.2.4 English-Chinesesentencealignment

We identified correspondencdsetweenEnglishsentencesndthe translationsof the sentence@ the respectie
Chinesedocument.This problemis nottrivial, asthe correspondencis notalways1:1. Translationis nottrivial:
sentencemightbe droppedpr two shortsentencesight betranslatedy onelong one.

We useChurchand Gale’s (1990) algorithmfor alignment. It is basedon a very simple statisticalmodel
of charactedengths. The basicassumptioris thatlongersentenceén onelanguagetendto be translatednto
longersentence the otherlanguageandthat shortersentencesendto be translatednto shortersentencesA
probabilisticscoreis assignedo eachpair of proposedsentencepairs, basedon the ratio of lengthsof the two
sentencefin charactersandthevarianceof thisratio. The probabilisticscoreis usedin a dynamicprogramming
frameawork in orderto find the maximumlik elihoodalignmentof sentence.

The correspondencese modelis 0:1,1:0,1:1,1:2,2:1 and2:2. The distribution of eachkind of correspon-
dences shavn in figure 2.6.

Theinformationaboutsentencealignmentis keptin tablesandis usedin the cross-linguakvaluation.
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Alignment Type | No of Pairs  (Percent)
0=>1 357  (0.13%)
1=0 751 (0.28%)
1=1 215,296 (81.65%)
1=2 17,412 (6.60%)
2=>1 29,056 (11.04%)
2=2 801  (0.30%)
| Total | 312,544 |

Figure2.6: Alignmentfigures

Queriesl-10
Group125 | NarcoticsRehabilitation
Group241 | Fire safety building managememntoncerns
Group323 | Battleagainstiscpiracy
Group551 | Naturaldisastewictimsaided
Groupll12 | Autumnandsportscarnivals
Group199 | IntellectualPropertyRights
Group398 | Fluresultsin HealthControls
Group883 | Publichealthconcernsausdood-businesglosings
Groupl1014 | Traffic SafetyEnforcement
Groupl1197 | Museums:exhibits/hours
Queriesl1-20
Group447 | Housing(AmendmentRBill BringsAssortedmprovements
Group827 | Healtheducatiorfor youngsters
Group885 | Customscombatscontraband/dutiableigaretteoperations

Group?2 Meetingswith foreignleaders
Group46 Improving EmploymentOpportunities
Group54 lllegalimmigrants

Group60 Customsstaf doinggoodjob.
Group61 Permitsfor charitablefund raising
Group62 Y2K readiness

Groupl1018 | Flowershaws

Figure2.7: 20 queriesproducedy the LDC (developmentorpus)

2.3 Human annotation

2.3.1 Queriesand Clusters

LDC annotatorgleveloped40 queriesthat cover a variety of subjectssuchas“narcoticsrehabilitation”(the first
20 are shown in figure 2.7). Using an in-houseinformation retrieval engineand humanrevision, the judges
obtaineddocumentsighly relevantto the queries. The 10 mostrelevant (accordingto humanassessorsyere
usedto construct‘clusters”. These40 clustersof documentsvere usedduring the workshopfor training and
somespecificevaluations.

In our workshop,Chinesetranslationsof eachquerywere producedby native spealers (workshoppartici-
pants).

Figure2.8 shavs how we represena query Figure2.9 shavs the contentsof clusterl25. ThedocumeniDs
correspondo the HKNews corpusandindicatethe year, month,day, andstory numberfor eachdocument.
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<IELEMENT QUERY(TITLE,DESCRIPTION?,NARRATIVE?)>
<IATTLIST QUERY

QID CDATA#REQUIRED

QNO CDATA#REQUIRED

LANG (CHIN|ENG) "ENG"

TRANSLATED(YES|NO) "NO"

ORIGLANG (CHINJENG) "CHIN"

TRANS-METHOD(AUTO|MAN) "AUTO">

<l-- 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
)l
TRANS-METHOD: Automatically translated or manually? -->
<IELEMENT TITLE (#PCDATA)>
<IELEMENT DESCRIPTION (#PCDATA)>
<IELEMENT 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 Sentencgudgements

We alsoasledthe humanjudgesto producesentenceelevancejudgements Threehumanannotatorgrom LDC
judgedeachsentencevithin the 10 relevantdocumentsn eachclusterfor relevanceto the query They assigned
eachsentence scoreon a scalefrom 0 to 10, expressingheimportanceof this sentencén the summary(Rade

etal., 2000). This type of annotatioris called“utility judgement”.

All sentenceitility scoreggivenby thejudgesfor a givenclusterarerepresenteth adocumentomplyingto

thesentjudg DTD, anexampleof whichis shavn in Figure2.10.

2.3.3 Targetsummaries

The sentencgudgementsannotationdiscussedn the previous sectionallows us to compile human-generated
'ideal’ summariestdifferentcompressiomates whichis onegold-standarave usefor our differentmeasuresf
sentence-basetjyreementyothbetweerthehumanagreemenandbetweerthe systemandthehumanannotators.

We call this gold standardhumanextracts”.
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DOC:SENT JUDGEL1 | 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: Sentjudgesentencaeitilities asassignedy thejudges- cluster125
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Figure2.11: Creationof targetsummariegrom sentencgudgements

For eachcompressiomate(5, 10,20, 30,and40%),thetopn% ranksof utility judgementsveretakento make
up thetargetsummaryasfigure 2.11showvs. Becausef limited time, we wereonly ableto evaluatesummaries
producedat the low lengthsof 5, 10, 20, 30, and 40%. For the purposesof evaluationand meta-@aluation
discussedh this paperthesdengthsweremorethanadequatebut futurework mayinvolve summarie®f higher
length.

Summary length and summarization policy

We measuredhe lengthof a summaryin two differentways: by wordsandby sentencesWhenmeasuringhe
lengthof summaryby sentencedpr adocumenbf n sentenceatarateof p%, we producea summaryof [ 752
sentences.

Considerfigure 2.10 again. The total numberof sentencesn cluster125is 232. By corvention,a 10%
summarnywill contain24 sentencef23.2roundedup).

Whenmeasuringgummanyjengthin words,we couldnt expecttheexactresultsgivento usby sentence-based
compressionandsincedifferentsummarizerextractedsentencesf very differentlengths,we decidedon the
following algorithm:

For adocumenbf n wordsatalengthof p%, let $ideal summary = [1557.

while # of words in summary < S$idealsummary{
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Add a sentence to the summary;

}

if (# of words in summary > $idealsummary + S$idealsummary * 0.1)1
subtract the last sentence from the summary;
if (# of words in summary < $idealsummary - S$idealsummary * 0.1)
add the last sentence to the summary if $random > 0.5;
}
}

2.4 Experimental setup

2.4.1 Single-documentcase

Figure2.12shows partof the evaluationssetup for singledocumentextracts. Theinputto the procesds a query
andthe corpus,i.e. the entire collectionof documents.The IR engineSMART then outputsa ranked list of
documents.

Thefirst IR evaluationmeasurdgs measuredy comparingthis list to the lists createdby humansmentioned
earlier (“IR results”). To evaluatethe quality of a certainsummarizemwe comparethe IR outputachievedthis
way to the IR outputachiezedonthefull documentsThisis the new measuréntroducedn thisworkshop called
RelevanceCorrelation(cf. “Correlation” in Figure2.12).

Single-document situation

SMART b_>Ranked IR results

document

Correlation

— Summary

comparison

Basdalines 1. Co-selection
2. Similarity

Figure2.12: Single-documenpipeline

Thenext setof experimentds multi-lingual. Our IR enginecanrun Chinesequeriesonthe Chinesepartof the
corpus— providedwe have translatedhe (originally English)queriesinto Chinese.Thetranslationcanbe done
automaticallyor manually As the corpuscontainssetsof paralleldocumentswith identicalmeaning this setup
allows to compareEnglishIR performanceo ChinesdR performanceNext, Chinesesummarieganbe created
usingthe Chinesesummarizersandthe samestepasdescribedelov (indexing of Chinesesummariesanbe
performed.

We also usethe 400 extracts provided by the LDC judges(40 queriesX 10 documentseach). For each
documentthreedifferenthumanscreateextractsfor it independently This meanghatwe first have to compare
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thesesummariesvith eachother, in orderto establishin how farhumansagreewhenthey extract“mostrelevant”
sentences.This is signifiedin on the right handside of figure 2.12 as“summary comparison”. As we will
motivate later, there are several differentways how this summarycomparisoncan be performed,for instance
usingco-selectioror content-basedimilarity.

The summarizersalsocreateextractsfor the 400 documentsandtheseextractsare comparedo the human
extractsin the sameway (by co-selectioror content-based).

We useddifferentsummarizerMEAD andWebSumm)andwe alsoconsideitwo differentbaselinesystems,
randomextractedsentencesindlead-basedentencesThesearetreatedlik e summariserand comparedo the
humanjudgements.

2.4.2 Multi-document case

Figure2.13shawvsthesituationfor multi-documensummariesFor clustersof 10document®gach for 40queries,
our judgescreatetwo typesof summariesextracts(by assigningsentenceelevantgradedo eachsentencén the
documentseffectively extractingsentencesgndhand-writtensummarieof threedifferentlengths(50, 100and
200words).

Multi-document situation

gﬁf;g:ent / LDC Judges \\’ %
Manual sum.
s g

— Summary

comparison

Basdalines ‘ / 1. Co-selection

2. Similarity

Figure2.13: Multi-documentpipeline

Our setupallows to comparehumanandmachine-createchulti-documentextractsby co-selectiorcompari-
son. Moreover, similarity-basecdcomparisorcanbe run on both extractsandsummaries However, in the multi-
documenscenariat makesno sensdo compilerelevancecorrelation,asthereis no appropriatdist of documents
to comparethe ranksto. In the single-documentase,the ranksof full documentsprovided this appropriate
comparisonbut here thisis not possible.

Figure 2.14 presentseven different 10% multi-documentextractsproducedfrom the samecluster(Cluster
125). Notethatorderwithin a columnis not relevant. Onesentenceavith high saliencds sentence from article
19980306007, which is chosenby several judgesand seseral automaticsystems.Later chapterswill describe
exactly how the comparisonareperformed.
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MEAD LEAD RANDOM JUDGE1 JUDGE?2 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 | 199908292012:5 19990927011:10 | 19990729008:8 19990829012:6
19990729008:8 19990829012:2 | 19990927011:14 | 199908292012:6 19990927011:11 | 19990802006:13 | 19990829012:13
19990729008:13 | 19990927011:1 | 19990927011:18 | 19990829012:12 | 19990927011:12 | 19990822012:2 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%extractsproducedrom the samecluster

2.5 Manual summariesin the framework of the workshop

In this workshop,we do not produceautomaticnon-extractive summaries Neverthelesshumansummariesan
beanextremelyusefulresourcdor comparisorof manualextractsandautomaticextractsin a content-basediay.
Theseevaluationmeasureglive, in our opinion,a betterunderstandingf the quality of extracts.

The LDC judgesalsowrote multi-documensummariedor eachclusterat 50, 100,and200 words(indepen-
dently of the sizeof thedocuments) As humansummarywriting by trainedprofessionalss very expensve, we
decidedagainstsingle-documensummaries.lt would not have beenpossibleto provide summarieof all 400
documentdby severaljudges(andseveralcompressiomates).However, our judgesfoundwriting multi-document
summariego be a naturaltask. They followed our slight variationof the DUC guidelines(DUC2000,2000),cf.
next section),to do so. Thesetexts provide a differentgold standardor multi-documentsummariesn someof
our experimentswe call them“humansummaries” Humansummariesreonly availablein English.

2.5.1 The DocumentUnderstanding Conference

The DocumentUnderstandingConferencg DUC) also employs humansummariesas gold standards.Its first
competitive conferencéSpring/SummeR001)wassetup asafirstinformationgatheringorocessandpilot study
of multi-documensummarization.

Sixteensitesparticipatedn the evaluation.Thetraining dataconsistof 30 clustersof 8 - 16 documentgach
from the TREC collection, ie., newstoriesfrom differentnewspaperor news agenciesuchasthe Wall Street
Journal,the SanJoseMercury, and AssociatedPress. The clusterscenteraroundone “event” andits follow-up
events,wherebythe definition of aneventdifferedbetween:

e Oneeventhappeningtonetime andplace,e.g.the eruptionof Mount Pinatubo.
e Several(moreor lessconnectedgventscenteredaroundonepersong.g.thecareerf Alan Greenspan

e Several unrelatedeventsof the sametype, e.g. reportsof differentfires on cruiseshipsor reportsof sun
eclipses.

¢ News items even more looselyrelated,e.g. nens and book reportsaboutthe Antarctica, rangingfrom
political decisiongo expeditionsto scientificprojectson Antarctica.

Theseclustersweredistributedwith human-writtersummariegonejudgepertask):

e Onesingle-documensummaryperindividual documentpf 50 wordslength;
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e Fourmulti-documensummariegpercluster of 400,200,100and50 wordslength.

After participantsreceved the training data,the actualtestwas performedin July 2001, whereanother30
clusterspreviously unseenweredownloadedandsummarizedocally. Eachparticipanthensenttheirsummaries
to NIST, wherethe evaluationwasperformedby comparisorio the human-writtersummaries.

Evaluationwas doneby cutting the human-writtensummary(or model summary)into model units (MU),
which could be a clauseor a sentenceand by comparingthesemanuallyto the systemsummariegor peer
summaries)Peersummariesvereautomaticallyseparatedto peerunits (PU). For comparisonthe judge,who
is thepersorastheonewho wrotethesummariesysedatool calledSEE ,written by Chin-Yew Lin, which allows
to displaymodelandsystemsummaryin parallelandrecordthe evaluationdecisionby thejudge.

Thejudgedecidedor eachMU if therearePUscoveringit, eitherpartially or totally. For non-coreredPUs,
the judgesdecidewhetheror not they shouldhave beenin the modelsummary Final resultsare reportedin
precisionandrecall,which canbestrict (full coverageonly) or lenient(partial coveragetoo).

We designedour resourceof manualsummariesas closeto the DUC dataas possible,so thatthey canbe
usefulto thecommunityasadditionalmaterialfor the studyof humanandautomaticsummarization.

2.5.2 Guidelinesfor manual summariesin the workshop

The protocolwe askedthe summarywritersto follow is asfollows:

e Write a200word summary(+/- 5 words)
e Cutit downto a100word summary(+/- 5 words)

e Cutit furtherdown to a 50 word summary(+/- 5 words)

The reasorwhy we did not ask our judgesto write 400 word summariess that our texts are substantially
shorterthanthe DUC texts andalsoof a differentgenre(administratve announcementsf a municipalnevspaper
ratherthanpropernews texts). Therefore we suspectedhatit would be too difficult for the judgesto produce
summarieg@slong as400words. Thiswasconfirmedby thejudgesafterhaving readthetexts: they felt thatthere
washot enoughmaterialto producesummariesaslong as400wordslength.

In onerespectour datais moreinformative thanthe DUC manualsummaries:in the DUC setuptherewas
someoverlapbetweernjudgeswriting summariegi.e. it is not the casethattherewasalwaysonly onesummary
per text), but the overlapwasonly in somepart of the material. Our resourceusedthreejudgesfor eachtext,
which providesmorematerialfor interannotatoagreement- evenif it is not guaranteedhateachjudgecovered
the entiredata(therewere morethanthreejudgesinvolvedin our setup. Eachof thesejudgeswrote summaries
for asubsectiorof theentireset).

We encouragedhe judges,asthe DUC guidelineshad done,to reformulatesentencesManual summaries
were producedafter the extractsandrelevancejudgementsvere created.Anecdotally we heardfrom LDC that
the judgesfound the taskof writing summariedrom scratcheasierandmore naturalthanthe previous sentence
extractiontask.
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Chapter 3

Information Retrieval of Documentsand
Summaries

Informationretrieval (IR) aimsat searchingor usefulor relevantdocumentsn responseo userqueries.An IR
modelshouldbe ableto returna setof documentsleemedelevantto the queryandpossiblyrank the returned
documentsccordingto the estimatedelevance.

Automaticsummarizatiorhasbeendevelopedto alleviate the informationoverloadproblem. An interesting
guestionis to seehow usefulsummariesrefor theinformationretrieval task. Specifically automatedgummaries
can be usedfor documentsurrogatedor indexing. We wish to investigateand comparethe IR performance
usingthe automatedsummariesaswell asentiredocuments.To this end,we introducea new extrinsic measure
for summarizatiorcalled relevancecorrelation asdiscussedn subsequenthapters. The outputof a retrieval
run facilitatesthe computationof relevancecorrelation. Apart from mono-lingualretrieval, we alsoinvestigate
cross-linguatetrieval of automatedummarieslueto the availability of aparallelcorpus.

In this chapter we will introducea backgroundon informationretrieval modelsand a vectorspacetext re-
trieval engineSMART (Buckley, 1985)and XSMART. We will describea cross-linguaketrieval techniqueem-
ploying phrasakranslationandtermdisambiguation.

3.1 Information Retrieval Models

An informationretrieval (IR) modelis characterizetly aquadrupldD, Q, F, R(g;, d;)] (Baeza-¥itesandRibeiro-
Neto,1999)where

D is asetcomposedf logical views (or representationgpr thedocuments

@ is asetcomposeaf logical views (or representationdpr the userinformationneedqqueries).

F is aframavork for modelingdocumentepresentationgjueries andtheir relationships.

R(qg;,d;) is a ranking function which associates real numberwith a queryg; € () anda document
representatiod; € D.

Samplequeriesareshawn in Figure3.5. In anIR model,we needto designdocument@andqueryrepresenta-
tions. Differentmodelshave beenproposecandsomecommononesareBooleanmodel,vectorbasednodel,and
probabilisticmodel. Typically eachdocumenis representedly a setof index termscharacterizinghe contentof
thedocumentindex termscanbewordsor phrasegxtractedor derivedfrom the content.

The Booleanmodelis a simpleandintuitive retrieval model. In this model,index termsare collectedfrom
the documentandqueriesarespecifiedasBooleanexpressionsDespitethis modelhasbeenusedin mary early
retrieval systemgdueto its simplicity, therearesereraldisadwantagesThefirst dravbackis thatthe outputof the
retrieval resultis a binarydecisionwithout any degreeof relevanceor partialmatch.The seconddravbackis that
someinformationneedscannoteasilyberepresentetty Booleanqueries.
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To addresghe problemof binaryrelevancein Booleanmodels,vectorbasedand probabilisticmodelsmake
useof real-valuedweightsfor index terms. The resultof a retrieval processs a ranked list of documentsn
decreasin@rderof relevanceto thequery

IR modelswere developedoriginally in mono-lingualsettingswhere the languageof the query and the
documentsarethe same. For example,one canconductretrieval on Englishdocumentsusing Englishqueries.
Likewise, one can conductretrieval on Chinesedocumentsusing Chinesequeries. In our project, the corpus
containsboth Englishand Chinesedocuments Clearly, we needan IR enginethat canhandleboth Englishand
Chinese.

The original SMART could only processEnglish documents. We madesomeenhancementt it so that
it canindex andretrieve both Englishand Chinesedocuments.More detaileddescriptionof SMART and our
enhancementaregivenin the next section.

IR engine
(English/Chinese)
documents/ indexing document
summaries T module representation
(index)
query retrieval ranked list
(English) module | [ ——= of documents/
summaries

Figure3.1: InformationRetrieval Engine

Figure 3.1 illustratesthe majortasksinvolvedin our project. We madeuseof a collectionof documentgor
summaries)Thefirst stepwasto index the collection. The outputof this stepwasanindex andrelatedfiles. The
outputof theretrieval processvasa rankedlist of relevantdocumentge.g.,Figures3.2).

Recently therehasbeena sumge of interestin developingcross-lingualretrieval techniques.In additionto
mono-lingualretrieval, our projectalsoinvestigatedross-linguaretrieval in which we retrieved Chinesedocu-
mentsbasedon Englishqueries.

In additionto mono-linguaketrieval, we alsoinvestigateatross-linguatetrieval. OurapproacHirst conducted
guery translationso that the translatedquery was expressedn the samelanguageas the document/summary
collection. Thenwe performedretrieval in a similar fashionasthe mono-lingualone.

The querytranslationprocessmainly consistsof two componentsThefirst components phrasaktranslation
andthe secondcomponenis term disambiguation. Thesetwo componentsill be describedn moredetailsin
latersections.

3.2 SMART and ChineseSMART (XSMART)

SMART is avectorbasedext retrieval engineoriginally developedby SaltonandMcGill (1983)andmaintained
by Buckley (1985). The framework of the vectorbasedmodel consistsof vectorsand operationson vectors.
PreciselyeachdocumentD; is representeds:

Dz' = (dil,diz, - ,d,k)
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whereeachelementd;; denotesghe weightof theindex term T in thedocumentD;. Similarly, a query@,, is
representeds:

Qm = (leaqu; .. -;qu:)

whereeachelementy,,; denotesheweightof theindex termTj in thedocumeniQ),,.

Therearea variety of methodgor determiningthe weightsof the elementsn thevectors.A simplemethod
is justto usethe term frequeny asthe weight. Termfrequeng, f; for theterm T} is definedasthe numberof
occurrenceof this termin a certaindocument. Anothermethodis to considerthe inversedocumentrequeny
(IDF) statisticsin additionto termfrequeng. The basicform of inversedocumenfrequeng of atermT; canbe
computedas:

N
log( nj)
wheren; is the documentfrequeng of the term 7 in the documentcollectionand NV is the total numberof
documentsn thecollection.In SMART, userscanspecifydifferentvariantsof weightingstratgjiesbasednterm
frequeng andinversedocumenfrequeng. In our project,we madeuseof thefollowing weightingscheme:

0.5f;.,, N

wheremax;y is the maximumtermfrequeng of a particulardocument.

The vectorswerenormalizedfor subsequenprocessingA commonnormalizationschemeknown ascosine
normalizationrwasused.For example,supposéheweightafterconsideringermfrequengy andinversedocument
frequeng of atermin documentD; wasw;;. Thenthefinal weightafter cosinenormalizatiorwas:

Wij

\/Zj wzgj

Theweightg,,; in thequerywascalculatedn a similarway.
During theretrieval processa similarity scorewascomputecbetweeneachdocumentD; andthe query@,,,
asfollows:

Score = D; X Qun,

Theoutputwasarankedlist of documentsortedby decreasingrderof similarity.

The original SMART supportsall the above representatiomndmodel. However, it canonly handleEnglish
documents.We hadto make an enhancemernto the way it readsa token so thatit candealwith double-byte
ChinesecharactersWe referthe enhancedersionof SMART with bilingual featuresasXSMART

Anotherissueis the Chineseword segmentatiorproblem. This problemarisesdueto thelack of word bound-
ariesin Chinesetexts. Our word sggmentationprogramwasderived from the programwritten by Petersorob-
tainedfrom http://www.mandarintools.conmlheoriginal programonly handlesChinesetexts encodedn GB. We
modifiedit sothatit canhandletexts encodedn BIG5.

A sampleretrieval resultsfor full-length documentss givenbelow:

<?xml version="1.0"?>

<IDOCTYPE 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-basedummary(5%) is givenbelow:
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<?xml version="1.0"?>

<IDOCTYPE 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 Phrasaltranslation

Phrasatranslatioris thefirst componenin ourquerytranslatiorapproachRecallthatthequeryisin English.The
ideais to attemptto locateEnglishphrasesn the queryandconducttranslationon the phrasesasfar aspossible.
A basicresourcewne usedin the phrasaltranslationprocesss a combinedphrasal/verd bilingual lexicon. After
sucha lexiconwasconstructedit wasusedfor conductingtranslation.

We madeuseof two resourcego constructthe combinedphrasal/verd bilingual lexicon. Thefirst resource
wasa Chinese-Englishilingual dictionaryv 2.0obtainedrom LDC. Thislexiconis in Mandarindialectencoded
in GB andcontainsabout128,000entries. Eachentryin this lexicon containsa numberof Englishtranslations
for a particularChineseword/term.The Englishtranslationsarein wordsor phrasesTherewasanotherEnglish-
Chinesebilingual dictionary preparedby LDC. This dictionary containsChinesetranslationsfor a particular
Englishword. Sincethe Chinese-Englistbilingual dictionary containsEnglish phrasesthis dictionaryis more
suitablefor our purposeof Englishquerytranslation.Therefore we decidedto usethis dictionaryinsteadof the
otherone. We conductedsomeprocessingn this dictionaryto producethe desiredbilingual lexicon. Basically
we extractedall the Englishwords and phrasesrom the dictionary and produceda new lexicon sortedby the
extractedEnglishterms.Eachentryin thelexicon consistof anEnglishword or phrasesogethemvith its Chinese
translations. The secondresourcewas a bilingual term lexicon derived from the Chinese-Englisiranslation
Assistancg CETA) dictionaries.We memedthesetwo lexiconsand producedhe final English-Chineséexicon
consistingof about210,000entries.

Given an Englishquery we looked for phraseghat matchthe bilingual lexicon asfar aspossible. The al-
gorithm processegachtext sgmentseparatedy punctuationone by one. It startswith the beginning of the
segment. It attemptsto matchthe phrasesn the lexicon startingwith thefirst word in the query If oneor more
phrasesarematchedjt selectghelongestphraseor translation.If no phraseas matchedwith thelexicon, thenit
looksup alist of translationgor the single Englishword. Termdisambiguatiorwill be conductedo selectone
or a few goodtranslationdrom thelist. The next stepis to repeatthe sameprocessingstartingfrom the next
availableEnglishword.

3.4 Term disambiguation

GivenanEnglishphraseor aword obtainedby the phrasaldetectionalgorithmdescribedabove, the querytrans-
lation componentiooks up the correspondingentry in the combinedbilingual lexicon. Normally, a numberof
Chinesdranslatiortermsexist in thelexicon. Thenumberangedrom 1 to 70. The next problemis to selectone
or afew goodtranslationsThis is the mainobjectve of termdisambiguatioriask.

We tackle this problemby consideringthe neighboringcontext of the term as showvn in Figure 3.2. We
first introducesomenotations. Let E; be the Englishtermto be considerecandits setof Chinesetranslations
in thelexiconbe {C;1,...,Cir }. Likewise, let E;; bethe Englishtermjust after E; in the query; the set
of Chinesetranslationsfor E;;1 be {Cit1,1,--.,Cit1,r;,4, }- FOr eachpossiblecombinationof the Chinese
translation(C; ., Ciy1,y), We computeda scorewhich relatesto the co-occurrencef thesetwo Chineseterms
in a sentence Specifically the co-occurrencestatisticsis calculatedasthe numberof sentencein which these
two termsco-occurdivided by the total numberof sentencef the training corpus. We usedthe whole Chinese
documentcollection of the Hong Kong News Corpusasthe training corpus. The highestk pairsof translation
termsareextractedandbecomeheoutputof thetranslatedjuery After thetranslatedjueryis obtainedjt canbe
usedfor conductingretrieval of thetargetlanguagevhich is Chinesen our experiments.

The outputof aretrieval run facilitatesthe computationof relevancecorrelationwhich is a new measurdor
summarizatiorguality. Theretrieval performancecanbe measuredy traditionalrecalland precision. Both the
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E i+l:ci+l,l,ci+l,2 PR

Figure3.4: TermDisambiguation

Sample English Query

<?xml version="1.0'?>

<IDOCTYPE 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'?>

<IDOCTYPE QUERY SYSTEM "dtd/query.dtd">

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

Bk Zi KNE B

<[TITLE>

</QUERY>

Figure3.5: SampleQueries
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relevancecorrelationandtraditionalretrieval performancaneasuresvill bediscussedn subsequenthapters.
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Chapter 4

Extracti ve Summarization

As a humanactiity, the productionof summariess directly associatedvith the processesf languageunder
standingand production: a sourcetext is readand understoodo recognizeits contentwhich is then compiled
in a concisetext. In orderto explain this processseveraltheorieshave beenproposedandtestedin text linguis-
tics, cognitive scienceandartificial intelligenceincludingmacrostructuregKintschandvanDijk, 1975;vanDijk,
1979),historygrammargRumelhart1975),plot units(Lehnert,1981)andconcept/coherenagelationsg(Alterman
andBookman,1990). Severalmethodsandtheorieshave beenappliedto automatictext summarizatiomesearch
including the useof statisticalmeasuressentenceosition,cueandtitle words(Luhn, 1958; Edmundson1969;
Kupiecet al., 1995; Brandav et al., 1995); partial understandingising conceptualstructures(DeJong,1982;
Tait, 1982); bottom-upunderstandingtop-davn parsingandautomaticlinguistic acquisition(Rauet al., 1989);
recognitionof thematictext structure{Hahn,1990);cohesve propertiesof texts (Benbrahimand Ahmad,1995;
Barzilay andElhadad,1997)or rhetoricalstructuretheory (Ono et al., 1994; Marcu, 1997). In this chapterwe
briefly describesomeapproacheto text summarizatiomesearchandthe summarizatiorsystemsandalgorithms
usedduringthis research.

4.1 Literatur e Review

We will now present brief overview of prior work in text summarizatioothsingleandmulti-documentWhile
thereview is incompletewe will try to cover mostof theimportantwork beingcarriedoutin thearea.

4.1.1 SurfacelLevel Approaches

Classicalapproacheso text summarizatiorincludethe useof surfacelevel indicatorsof informationrelevance
andcorpusstatisticsthatcanbe appliedto unrestrictedext, herewe review featuresusuallyemployed.

Luhn (1958) developedthe first sentencextractionalgorithmwhich usesterm frequenciego measuresen-
tencerelevance.Theideabeenthatwhenwriting abouta giventopic awriter will repeatcertainwordsasthetext
is developed. So,termrelevanceis consideregbroportionalto its in-documenfrequeng. Luhn’salgorithmfilters
termsusingusinga stop-listandcomputegermfrequenciedy aggreatingtermstogethebasedn orthographic
similarity. Thesetermfrequenciesrelaterusedto scoreandselectsentencefor the summary

In generalwhencomputingterm relevance,function wordslik e determinantsand conjunctionsthatareal-
ways highly frequentin any documentare omitted. Whendealingwith a text collectionin a certainfield (e.qg.,
ComputerSciencelit is likely thatall documentsharecommontermsin thatfield (e.g.,computer algorithm)
while othersarelessfrequentin thewhole collection(e.g.,distributedsystem).In thesecasesthe relevanceof a
termin the documents alsoinverselyproportionalto the numberof documentsn the collectioncontainingthe
term (Salton,1988). The normalizedformulafor termrelevanceis givenby ¢ f; * idf;, wheret f; is thefrequeny
of term in the documentandidyf; is the inverteddocumentrequeng (that canbe computedby log(N/dt f;)
whereNN is the numberof documentsn the collectionanddt f; is the numberof documentgontainingterms).
Relevanttermsarethosewhosescoreareabove a giventhreshold.Giventermrelevance sentencescorescanbe
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computedn a numberof waysincluding the computationof a scorebasedon the numberof relevanttermsthe
sentenceontains or the sumof scoresf therelevanttermsin the sentencer the numberof clustersof relevant
termsthe sentenceontains.As an alternatve to measuringerm relevance,conceptrelevancecanbe measured
usingWordNet(Lin andHovy, 1997;Hovy andLin, 1999)(anoccurrencef the conceptfruit’ is countedwhen
theword “fruit” is found aswell aswhenan hyperrymy of “fruit” is found). Termdistribution hasbeenshown
lessusefulfor sentenceelectionthanothersurfacelevel features.

Therelative positionof a sentencen the documenthasbeenshavn to be a goodindicatorof sentenceele-
vance ,Baxendale(1958)shaved thatfirst andlast sentencesf paragraphsireusuallyjudgedashighly content
bearing:in a corpusof 200 paragraph& wasfoundthatin 85% of the paragraphshe topical sentenceccurred
in first positionandin 7% of the paragraphghe topical sentenceoccurredin last position. Recently Lin and
Hovy (1997)have developedalgorithmsfor theautomatiadentificationof positionlik ely to yield goodsummary
sentencesthe OptimalPositionPolicy, alist thatindicatesn whatordinalpositionsin thetext high-topic-bearing
sentencesccur Not only the physicalpositionof the sentencéout alsothe'logical’ positionof a sentencesa
memberof a particular’conceptual’sectionis importantfor sentencextraction. Saggion(2000) hasshown that
in acorpusof abstractsvritten by professionabbstractorsnorethan70% of theinformationfor abstractzomes
from introduction,conclusionmaintitle andsectionheadingf the sourcedocument.

Thepresencef certaincue-wordsis alsoasurfacelevel indicatorof sentenceelevance.Onecanconsidethat
wordslik e “important” and“relevant” pointto a priori importantinformationin sentenceandsotheir presence
canbe usedasa cluefor sentenceelevance.Heresomecue-wordsareclassifiedas“positive” (suchas“impor-
tant”) while othersareclassifiedas“negative” (suchas"believe”), thelattercanbe usedfor sentenceleletion.In
scientifictexts, cuewordsor phrasedik e “in thispaper”,“in conclusion”“the results” etc. have beenextensiely
usedto locatesentencefor abstract§Edmundson]1969;Paice,1981; TeufelandMoens,1999;Saggion,1999),
thesekind of constructgenerallycalled’indicative phrasessignalinformationcentralto the scientifictext. Sen-
tencescontainingthoseindicatorsenrichedwith adjacensentencebave beenusedasindicative abstractsWhile
thetaskof constructingelevantlists of cue-wordsis time consumingandhighly dependenvnthedomain, Teufel
(1998)hasshavn how theidentificationof cue-phasesanbeaccomplishedn a semiautomaticfashion.

Edmundson(1969) studiedhow combinationof different linguistic and structuralfeaturesaffect the co-
selectiorratioshetweerautomaticabstractandideal abstractsThe work investigateshe presencef pragmatic
words(cuemethod) title andheadingwords(title method),andstructuralindicators(locationmethod),asaddi-
tional featuresfor sentencavorthiness.Edmundsordemonstratethat a combinationof cue,title, andlocation
methodgroduceghehighestmeanco-selectiorscore.

4.1.2 Trainable Summarization

Kupiecetal. (1995)implementech Bayesiarclassifierthat computeghe probability thata sentenceén a source
documenshouldbeincludedin a summary In orderto train the classifierthey useda corpusof of 188 pairsof
full documents/summaridgaritten by professionahbstractorsjrom scientificfields. The featureqall discrete)
usedin orderto represensentencesvere: sentencéength(trueif sentencéengthgreaterthatthreshold)phrase
structure(true if the sentencecontainsparticularcue-words), paragraph(paragraphinitial, paragraphfinal or
paragraphmedial),thematicword (sentenceare scoredaccordingto the frequencieof their contentwordsand
high scoredsentenceseceive atruevaluefor thisfeature) uppercasavord (sameasbeforebut only for noninitial
uppercaseavords). The probabilitythata sentenceshouldbe selecteds:

P(s € E)x P(t,...,tx|s € E)

P(s € Elty, ..., ty) = P(t1, . ty)

(4.1)

where:
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P(s € E|ty,...,t;) probability that sentences is containedin the extract
giventhefeaturesy, ..., &y

P(s € E) probabilitythats is selected

P(t1,...,ty|s € E) probabilityof thesetof featureg;, ..., ¢ in theextract

P(t1, ..., tx) probability of the setof featuredy, ..., t; in thetext

The estimationof parametergassumingndependencea} asfollows:

P(ty,....ty|s € Elz =1L, P(ti|s € E)
P(tb "'atk) = Hi:l P(tz)

Using this probabilisticapproachthey found that location-basedeaturesgivesthe bestperformanceanda
combinationof location,cue-word, andsentencdéengthgive the highestco-selectiormean.

4.1.3 Cohesion-basedummarization

The main dravbackof extractive methodsis thatthey usuallyfail to capturethe relationsbetweerthe concepts
in texts. Anaphoricexpressiongpronounsanddefinitenounphrases)thatareusedto refer backto eventsand
entitiesin the text needtheir antecedents orderto be understood Whensentencesontaininganaphoridinks
are extractedwithout the previous context the resultingsummarybecomeunintelligible. Text cohesion(Hally-
day, M.A.K. andHasanRugaia,1996)involvesrelationsbetweenwvords,word sensesor referringexpressions,
which determinehow tightly connecteda text is. Cohesie propertiesof the text have beenexploredby different
approachefo text summarizationn orderto copewith the above problems.

BarzilayandElhadad(1997)computelexical chainsasthe basisfor text summarizationThis approactwith
be describedn Section4.3.4. Mani and Bloedorn (2000) also explore the use of cohesionrelationsbetween
propernames.to constructuserfocusedsummariesor multiple articles. Their approachwill be describedn
Sectiorn4.3.2

Tele-pattar(BenbrahimandAhmad,1995)is a text summarizatiorsystembasedon the notion of lexical co-
hesion.An analysisof lexical cohesionby countingrepetitions synoryms,superordinatetermsandparaphrases,
leadsto the establishmenof a network of sentencessometightly bondedto eachother, while othershave weak
bondsor notbondsat all. The densityof bondsin the network andthe distribution of the bondsis usedto decide
which sentenceof the text arethemeopening,or closingor marginal. Summariesanbe generatedhat open,
continueandclosea giventopic.

4.1.4 Rhetoric-basedsummarization

Rhetorical StructureTheory is a descriptie theory abouttext organization. The theory consistsof a number
of rhetoricalrelationsthattie togethertext spans,anda numberof recursve schemaspecifyinghow texts are
structurallycomposedn a tree-like representationMost relationsare binary andasymmetric:they tie together
a nucleus(centralto the writer’'s goal) anda satellite(lesscentralmaterial). Ono et al. (1994)andMarcu (1997)
madeuseof RSTasthebasisfor text summarizationTheapproactconsistontheconstructiorof arhetoricaltree
basedon the presencef explicit discoursemarkersandthe useof heuristicrulesto decidefor the bestrhetorical
treefor a giventext. In the caseof Marcu the minimal unit of analysisis the clausewhile in Onoetal’sis the
sentence.After the treeis obtainedtext units have to be extractedfor the summary In Ono et al’s approach
sentencearepenalizedaccordingto theirrhetoricalrole in thetree. A weightof 1 is givento satelliteunitsanda
weightof 0 is givento nucleiunits. Thefinal scoreof asentencés givenby the sumof weightfrom theroot of the
treeto thesentenceSentencesanbeorderedn ascendingrderof scoresandusedasthe basisfor constructing
the summariesIn Marcu’s approachgachparentnodeidentifiesits nuclearchildrenassalient,promotingtheir
childrento theirlevel. Theprocesss recursve down thetree. The saliencescoreof a clauseis givenby thelevel
it obtainedafter promotion. The scoresareusedto producea rankedlist of clauseghatcanbe usedasthe basis
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for summarization.

In the context of the scientificarticle, Rino andScott(1994)have addressethe problemof coherenselection
for text summarizatiorusingsomeaspect®f RST, but they dependbn theavailability of acomplex meaningep-
resentatiorwhichin practiceis difficult to obtainfrom theraw text. Relevantwork in rhetoricalclassificatiorfor
scientificarticles,whichis thefirst steptowardsthe productionof scientificabstractsis dueto TeufelandMoens
(1997),who usedstatisticalapproacheborrovedfrom Kupiecetal. (1995). TeufelandMoenshave developeda
programableto instantiatea rhetoricalschemewith the following componentsbackgroundtopic, relatedwork,
purpose solution, resultand conclusion. The instantiateschemecontainsenoughrhetoricalinformationto de-
terminethe rhetoricalcontribution of all andonly the abstract-warthy sentencef the text. In additionto basic
featuressuchaslocation,word distribution, etc.,they compileda list of cuephraseshatwereassembledhto five
classedasedon occurrencdrequenciesn idealsummariesThe authorshave shovn thatsuperficialfeaturesof
thetext canbe effectively usedin rhetoricalclassification.

4.1.5 Knowledgelntensive Approaches

Knowledgeintensie approachesre basedon the extensive encodingof world knowledgeaboutspecificsitu-
ations. Thesemethodsbasethe selectionof informationnot on the surfacelevel propertiesof the text, but on
expectedinformationabouta well known situation. They are characterizedor including text generatiortech-
niguesthatallow the productionof compactcohesve andcoherentexts.

FRUMP (DeJong,1982) usessketchy-scriptdasedon scripts(Shankand Abelson,1977),rich knowledge
representatioformalismsusedto modelstereotypicakituationsin a domain(e.g.,’earthquale’, 'kidnapping’).
Sketchy-scriptscontainonly the '’key’ informationto be expectedin a situation. Script activationis basedon
a numberof indexing word sensesssociatedo the script, inferencesaremadeon the basisof expectationsand
subsequennatchingagainstheinputtext. Instantiatedlotsareusedio generatsummarie$n severallanguages.
Themainproblemwith this approachs thedifficulty to adaptscriptsto completelynen domainsandthefactthat
the scriptsarenot ableto dealwith “unexpected’information.

4.1.6 Information Extraction and Summarization

InformationExtractionis the procesof mappingnaturallanguagento predefinedstructuredepresentationshat
wheninstantiatedepresenthekey informationfrom theoriginal sourcg(Gaizauskastal., 1997).Concept-based
abstracting CBA) (JonesandPaice,1992;PaiceandJones;1993)is an Information Extractionapproacho text
summarization.CBA is usedto produceabstractf technicalarticlesin specificdomains,for example,in the
domainof agriculture.Semanticolessuchasspeciescultivar, highlevel property low level property etc. arefirst
identifiedby the manualanalysisof a corpus,andthenpatternsarespecifiedthataccountfor stylistic regularities
of expressionof the semanticrolesin texts. Thesepatternsare usedin an information extraction processthat
instantiateghe semantiaoles. CBA usesa fixed cannedemplatefor generation.The methodwasmainly used
to produceindicative abstractsthoughsomeinformative contentis includedin the form of extractedsentences
containingresultsandconclusiongPaiceandOakes,1999).

4.1.7 Summarization by Generation

While sentencextractionis a currentlywide-spreadusefultechniquemoreresearchn summarizatiomow is
moving towardssummarizatiorby generation.Jing and McKeown (2000) and Jing (2000) proposea cut-and-
pastestrat@yy asa computationalprocessof automaticabstractingand a sentenceeductionstratey in order
to produceconcisesentencesThey have identified six “editing” operationgn humanabstracting:(i) sentence
reduction;(ii) sentencecombination;(iii) syntactictransformationyiv) lexical paraphrasing(v) generalization
andspecificationand(vi) reordering.Their algorithmfor sentenceeductiontakesinto accountifferentsources
of informationto decidewhetheror not to remove a componentrom a sentence.The decisionis taken based
on: (i) therelationof the componento its contet; (ii) the probability of deletingsucha componentestimated

38



JHU 2001 Summermworkshopfinal report Evaluationof Text Summarization

from a corpusof reducedsentences)and(iii) linguistic knowledgeaboutthe essentialityof the componentn the
syntacticstructure.SaggionandLapalme(2000a)producedl00 tablescontainingprofessionabbstractaligned
(on the sentencdevel) with sourcedocuments.Thesealignmentswere usedto identify on one hand,concepts,
relationsandtypesof informationusuallycorveyedin abstractsandon the otherhand,valid transformationsn
thesourcein orderto producea compaciandcoherentext. Thetransformationénclude: (i) verbtransformation;
(ii) conceptdeletion; (iii) conceptreformulation;(iv) structuraldeletion;(v) parentheticabeletion;(vi) clause
deletion; (vii) acrorym expansion;(viii) abbreiation; (ix) merge; and (x) split. In their corpusof alignments,
89% of the sentencefrom the professionahbstractincludedat leastonetransformation Basedon their corpus
studythey have developedatext summarizatiorsystenthatproducesndicative-informativeabstract$or technical
articles. Their approacho text summarizations basedon a superficialanalysisof the sourcedocumentandon
theimplementatiorof sometext re-generatiotechniquesTheanalysisof thetext consistoon theinstantiationof
anumberof indicative andinformative templatesdy a patternmatchingprocessTheir generatioralgorithmuses
re-generatioschemadasedn theinstantiatedemplates.

4.1.8 Multi-document Summarization

Automatic multi-documentsummarizatioMDS) refersto the problemof producingan abbreviated versiona
setof “related” documents.Theterm “related” canmeandifferentthingsin differentsituations. For example,
documentanbe relatedbecausdhey describethe sameevent (e.g.,“the World TradeCenterterroristattack”)
andthereis a needto producea single pieceof text thatwill reduceredundang andwill bring the information
uniqueto eachsource.Documentsanalsoberelated,for example,becausehey areresearctarticlesreferring
to differentproposedsolutionsto the sameproblem(“statistic methodsfor multi-documentsummarization'vs
“symbolic methodsfor multi-documentsummarization”),andin that case,a multi-documentsummaryshould
containinformationaboutwhat solutionseachtext propose andtheir differencesn, for example,effectiveness
of the antagonistolutions. Nowadays,the availability of on-line documentseferringto the sameinformation
malkesmulti-documensummarizatiora problemworth to solve. A MDS systemshouldbe ableto copewith the
problemsof redundang acrossdocumentsaswell aswith the problemof identifying new andrelevantinforma-
tion acrossdocumentsin the context of non-extractive MDS, the systemshouldbe ableto combineinformation
from differentsourcesn avery compactext. Somecharacteristicsiniqueto MDS: (i) highercompressiomate
thanfor singledocumentsummarization{ii) needto dealwith redundang?; (i) needto fusethe information,
(iv) needto re-expressheinformationprobablyusingnaturallanguagegeneratiortechniques.

We follow Mani (2001)in the classificationof approachedo MDS: (i) morphologicalapproachearebased
on measure®f vocahulary overlapto identify similarities acrosssources;(ii) syntacticmethodsusesentence
structureto identify syntacticparaphraseand (iii) semantionethodsrely on a conceptuatepresentationf the
text, wheredifferencesn expressioraremappednto the samemeaning.

Mor phological Approaches

Rolustapproachesomemainly from informationretrieval, cosinesimilarity is awell known measuréo compute
how similardocumentepresentatiorare. Cosinesimilarity canbecomputedisingthefollowing formula(Salton,
1988):

_ > Tixys
COS(X;Y) - V2($1)2*\/E(y1)2

WhereX andY aretext representationsasedon avectorspace.Saltonet al. (1994)have usedcosinesimi-
larity to identify passageselatedto uniquetopicsbut for singledocuments Methodsbasedonly on vocalulary
overlapfall off whenrelatedtexts usedifferentvocatulary (synoryms)andwhensystemsdo not solve corefer
ence.LatentSemanticAnalysis(Deerwesteet al., 1990)is a techniquethatreducethe vectorspacein orderto
map“related” terms(or co-occurringtermsin a collection)into the samedimension.This methodwasusedfor
multi-documensummarizatior{Ando et al., 2000). We explore the useof similarity measure$or the purposeof
evaluation(seenext chapter).

1In long, scientificarticlesredundang is usedto male clearwhat the article is about: “In this paperwe study X” whenopeningthe
researclarticleand“In this papemwe have studiedX” whenclosing.
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Rade etal. (2000)developedanearlierversionof MEAD which, givenaneventclusterof relateddocuments,
from a topic detectionandtracking system,producessummariesn the form of sentencextracts. MEAD use
the clustercentroid,a setof wordsthatare centralto all the articlesin the cluster asa key featurefor sentence
selection MEAD decidesvhich sentencemcludein theextractbasednthefollowing featuresthe similarity of
thesentencavith thecentroid,the similarity of the sentencavith thefirst sentencén the documentandthe posi-
tion of thesentencén thedocumentwherethesimilarity is computediusingthecosinebetweertwo text elements.

Maximal Marginal Relevance(Carbonelland Goldstein,1998) is a methodto measurérelevant” novelty.
Supposea typical text retrieval enginethat ranksdocumentaccordingto their relevanceto a userquery It is
probablethatdocumentsn thetop of thelist arequiterelevantto the queryandwell relatedamongthem,while
documentslown in thelist, while still relevantto the query arequitedifferentfrom thedocument®ntop. MMR
usesfeedbackirom the user(in theform of documentalreadyexamined)to re-rankandpossiblebringingto the
top of thelist documentghatmaximizingthedissimilaritywith the previously seenarestill relevantto thequery
Theformulausedto compute‘relevantnovelty” is thefollowing:

MMR(Q7 R, S) = argmamD,’GR\S{)‘(Siml (D'n Q)) - (1 - A)Tna’xDjER(l)h DJ)}

where( is thequery R is the setof retrieveddocumentsS is the setof documentscannedy theuser and
R\S is the setdifferencebetweenk andS. A is a parametethat,whenequalsl, givespreferencdo documents
that aremaximally relevantto the queryand,whenO, givespreferenceo documentsyivespreferencedo docu-
mentsthat diverge from the alreadyscannedy the user Whenusedin the context of MDS (Goldsteinet al.,
2000),text is sggmentednto passagege.g.,sentencegparagraphschunks,etc.),andthe following featuresare
usedin theformulathe similarity betweerthe passagandthe query the coverageof the passagéhow important
the passagés), linguistic featuresof the passagésuchaspresencef namedentitiesandposition),andtemporal
information(documentevel). In orderto reduceredundang thefeaturesusedare: cosinesimilarity with already
selectegpassagegpassagethatcomefrom clusteralreadypresenin thesummaryanddocumentsvith passages
alreadyin the summary The questionof how to estimatethe parametei\, howeverremains.

Mani and Bloedorn(1999) explore cohesionrelationshipsto constructuserfocusedsummaries.They rely
on agraphrepresentationf the text wherethe nodesaretermsandthe edgesarecohesiorrelationshipsuchas
repetition,synorymy, hyperrymy, and coreference Coreferences only limited to the caseof propernames.A
spreadingactivationmechanisnusesthe querytermsto activateregionsof the graphby first matchingthe query
termsto the nodesandthenpropagatingveightsthroughpathsin the graph,in this way othertermsarescored
basedon their relationwith query-relatederms. The activatedregionsof the graphsarecomparedor common
anduniqueterms.Sentenceareextractedbasedn anscoringmechanisnthatuseshetermweights.Depending
ontheneedto avoid redundang uniqueor commontermscanbefavored.

Syntactic Approaches

Sentencestructurecanhelp in identifying syntacticparaphrasend thus similar information acrossdocuments.
McKeown et al. (1999)describea MDS systemthat identifiesgroupsof paragraphsvhich all corvey approx-
imately the sameinformation. They usea numberof linguistic featuresto measuresimilarity including: word
co-occurrencenounphrasematching;synorymy matching;andverbsemantianarching.Thesefeaturesareused
to training a machinelearningalgorithmthat identifieswhethertwo paragraphsre similar. Basedon a parser
thatproducesa’dependengtree’ encodinggrammaticalelationsbetweensentence&eomponentspn eachtheme
they comparedependengtreesusingatreematchingalgorithmin orderto identify intersectiongsamemainverb
andthe samearguments) Theauthorsdid not mentionco-referenceesolutionthatis essentiato identify identity
betweernarguments.Intersectionareusedto feeda generatiorcomponentvherethe input alreadycontainsthe
lexical itemsto be used,neverthelessvhensentencesomefrom differentsourceghe choiceof appropriatevo-
cahulary canbearealchallenge While fluengy is amatterof text, theauthorsreportgoodperformancen fluengy
whenevaluatingonly isolatedsentences.
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SemanticApproaches

Semanticallymotivatedapproachesisesomekind of meaningrepresentatioof thetext. In the caseof template
basednulti-documensummarizationkey piecesof informationarerepresentethroughtemplatesautomatically
filled by aninformationextractionsystemtunedto a specificdomain. The problemof producinga summaryis

re-statedasthe problemof generatinga singletext from a setof templateshat containinformation aboutthe

sameevent. Radey andMcKeown (1998)have developedSUMMONS, a knowledge-basedulti-documensum-
marizerthatoperate®n a setof templatesontainingthe key informationextractedfrom texts on terrorism.The

novelty of their approachconsistson the developmentof a numberof summaryoperatordor contentplanning.
Theseoperatorareusedto combineinformationfrom two differenttemplatesandaccountor a variety of situa-
tionsthatmay occurwhenthe sameeventis describedy differentsourcesThe operatorsncludeamongothers:
changeof perspectie, contradiction,agreementetc. For sentenceealization the systemusesa setof summa-
rizationphrasesollectedfrom corpora.

4.1.9 Research on non-extractive summarization

In this workshop we createsummariedy sentencextraction. But therearenon-extractive summarizatioometh-
ods,ie. thosethat createa summaryfrom sentencéragmentsratherthanextractingsentencesinsteadof repro-
ducingfull sentenceserbatimfrom thetext, thesemethodseithercompresghe sentence¢Grefenstette1998c;
JingandMcKeown, 2000;Knight andMarcu, 2000),0r re-generat@en sentencefrom scratch(Barzilayetal.,
1999; McKeawn et al., 1999). It is plausiblethat summariesproducedthis way resemblethe humansumma-
rization processnorethanextractiondoes;however, if large quantitiesof text needto be summarizedsentence
extractionis amoreefficientmethod,andit is robusttowardsall kindsof input, evenslightly ungrammaticabne.
Someof the non-etractive methodsrely on successfuparsesasa preconditionto producingsummaries.Some
approachesequire extensie linguistic resourcesand othersneedto solve complex problemslike coreference
resolution.

4.2 The MEAD summarizer

MEAD is a centroid-basednulti-documentsummarizerthat was first introducedin Rader et al. (2000). The
versionof MEAD thatwe built from scratchduring the workshopis modularizedasthreeseparateomponents:
A featureextractorcalculatesa valuefor userdefinedfeatureof eachsentencea sentencacorergivessentences
valuesaccordingo alinearcombinatiorof theirfeaturesanda sentencee-ranlerchangeshescoref sentences
accordingo cross-sentenaelationshipsThesummarizeandall of thefeaturesve usedin theworkshopoperate
in bothEnglishandBIG5 encodedChinese.

4.2.1 Architecture of MEAD
Feature Extractor

MEAD’s modularizedfeatureextractionallows featuresto be calculatedand storedseparatelyfrom the summa-
rization process.This offerstwo advantageslUserscanwrite featurecalculationscriptswithout having to worry
aboutthe restof the MEAD architectureand computationallyexpensve featuresneedonly be computedonce.
They canthenbe storedandreusedasmary timesasneeded.The featureswe usedto performthe experiments
describedn this paperareasfollows:

e Position:If asentencés then™ sentencén the documentposition= \/%

e Centroid: A centroidvectoris a setof termstogetherwith their frequenciesn a documentcluster A
centroidvectoris calculatedor adocumentlusterasfollows:

1. All of thetermswith ¢ f x idf valuegreaterthan3 areaddedo the centroid.

2. If thetotalnumberof termsin thecentroidis still lessthan10, thenthetermswith the highestt f * idf
valuesareaddeduntil thecentroidhas10terms.
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For asentenceonsistingof termsty, o, . . . , tn, let cen(t;) bethevaluefor t; storedin the centroidvector
for the cluster Thenif “Centroid” is the value of the Centroidfeature,Centroid = cen(t;) * idf (t1) +

cen(ts) * idf (t2) + ... + cen(t,) = idf (t,). Becausdhe Centroidfeaturefor sentencesanvary widely

acrosgdlocumentlusterswe normalizethe Centroidfeaturevalueby dividing by the valueof the highest-
valuedsentencén thecluster

e Cosine(weightedtf*idf) with Query(usedonly in Query-basedummarization)Wheret; indicatesaterm
in boththe sentenceandthe query, t; indicatesatermin the query andt, indicatesatermin thesentence,
the Cosinesimilarity with the queryis

> (IDF; x Q;) x (IDF; x S;))
V(2 IDF; xQ;)?) * (T (IDFe + 55)?)

e Length:Lengthis thenumberof termsin the sentence.

SentenceScorer

With the exceptionof length, MEAD scoressentencessingalinearcombinationof their featurevalues:

score(s) = wy x f1(s) + wa x fo(s8) + ... + wy * fn(s)

The Lengthfeatureis usedto give sentences scoreof 0 if they aretoo short. For the experimentsof the
workshop,a sentenceeceveda scoreof 0 if its lengthwaslessthan9. Sincethe othertwo featuresusedin the
workshophadvaluesof lessthanone,the weightsin the linear combinationdecidedtheirimportancerelative to
oneanother Theformulawe usedfor genericsummariesn theworkshopthenbecame:

score(s) = Centroid(s) + Position(s) length >9
~ 10 length < 9

Differentvariationsof this which includedthe query-basedimilarity featurewereusedfor query-basedum-
maries.

SentenceRe-ranker

After orderingsentenceaccordingo their scorestheMEAD re-ranleraddssentence® thesummanyiteratively,
beginning with the highest-scoringentenceAt eachiteration,it calculateghe cosinesimilarity of the sentence
to beaddedwith eachof the sentencealreadyin the summary If the similarity is higherthana giventhreshold,
it discardsthe sentenceand moveson to the next one, continuinguntil it hasaddedthe numberof sentences
correspondingo thesummarylength.

For each sentence s i untli # 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: The MEAD rerankingprocedure
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4.2.2 The Centroid Feature

A MEAD clusterCentroidis a bag-of-wordsvectorrepresentationf theimportantconceptsn acluster Given
a clusteyf MEAD decidesfor eachtermin the clusterwhetheror not to includeit baseduponits ¢ f = idf score.
MEAD usesa 2-stepiterative algorithm, addingthe termsfor eachdocumento the clusterat the beginning of
eachiteration,anddeletingthe low-scoringtermsfor eachdocumentrom the clusterat the end. This processds
illustratedin Figure4.2.

For each document d,
For each term t in d,
if ti has not occurred in the centroid,
add ti to the centroid

else,
increment  count(t_i) in the centroid
End
For each term tj in the centroid
if  tfidf(t_j) is below threshold,
throw out t j
else,
keep t j
End

End

Figure4.2: CentroidComputatiorin MEAD

4.3 Other summarization methodsusedin the workshop

4.3.1 Baselines

Two baselinesummarizersareusedin orderto producea n% extract:

¢ Lead-basedummarizern% sentencearepickedup from the beginningof thetext;

e Randomsummarizern% sentencearepickedup atrandont

4.3.2 Websumm

Websumm(Mani andBloedorn,2000)is a singleandmulti-documensummarizedevelopedatMITRE. It canbe
usedto producegenericandquery-basedummariesWebsummnusesa graph-connectity model. Thebasicidea
of representingexts in termsof graphsis thatthe topologyof the graphwill revealsomethingnterestingabout
the salienceof informationin the text. In particular a commonGraphConnectvity Assumptionis that nodes
which are connectedo lots of othernodesarelikely to carry salientinformation. In Websumm the nodesare
occurrencesf wordsor phrasesandthelinks arerelationsof repetition,synorymy, andcoreferenceGivensuch
a graphrepresentatiofior a documentthe summarizatioralgorithmtakesa topic (a users query)andproduces
topic-focusedextractsby finding occurrencesf querytermsin the graph.A spreadingactivationalgorithmthen
exploresnodegrelatedto querynodesn thegraph.As theactivationspreadsdifferenttermpositionsin thegraph
getdifferentweights,creatinga saliencecontourfor thetext. Sentencearethenextractedup to thecompression
basedon the weight of termsin them. In the caseof a genericsummary the spreadingactivation searchisn’t
carriedout; instead,the systemfunctionsas a term frequeny basedsummarizerby using the weightsin the
original graph.

2Theperl packageRandonis used.
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4.3.3 Summarist

SummaristHovy andLin, 1999)is atext summarizatiorsystemdevelopedat the Information Sciencelnstitute
of the University of SouthernCalifornia. Its goalis to producesummariesof multilingual input texts in both
genericand query-basedorms. It canprocessEnglishand ChineseamongotherlanguagegLin, 1999). The
systemis structuredn threemainmodules:topic identification topic interpretationandgenerationBeforetopic
identification the systemidentifieswords,appliespart-of-speectagginganda morphologicaknalysisjdentifies
multi-wordsphrasesindcomputedermfrequeny andt f  idf weights.

The topic identificationmodulefilters the input text to retainthe mostimportanttopics. It usesa numberof
modulesto associatean scoreto eachsentenceincluding a Optimal PositionPolicy (OPP)moduleto identify
sentencgositionsmostlikely to yield goodsummarysentenceg¢lin andHovy, 1997),a CuePhrasemoduleto
identify sentencesontainingcuewords,anda high-frequeng indicatorphrasesnodule.Topicinterpretatiorand
generatiorhave not beencompleted.

4.3.4 Lexical Chains

Lexical chainsareameansf representingexical cohesioramongsequencesf words. An algorithmfor text sum-
marizationusinglexical chainsastext representatiomasintroducedby BarzilayandElhadad(1997). They used
theWordNetdatabasé¢Fellbaum,1998)for determiningcohesie relations(i.e., repetition,synorymy, antorymy;,
hyperorymy, andholorymy) betweemounsandnouncompoundsdentifiedby the processesf POStaggingand
shallav parsing.Lexical chainsareconstructedn sggmentsidentifiedby a segmentatiorprocessandchainsare
mergedacrossementswheneer they containthe sametermwith the samesense Scoredor lexical chainsare
determinecbnthebasisof thenumberandtype of relationsin the chain. The strongestexical chainsareselected
in orderto constructhe summary Sentencesareselectedrom the text basedon a numberof heuristicssuchas
identifying sentencewherethestrongesthainsarehighly concentratedin ourresearchye usedthemorerecent
implementatiorof thelexical implementedy SilberandMcCoy (2000).

etrainees
Somesamplesummariesareshovnin 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 Job SearchSkills Courseto sharetheir experiencein
joining theretrainingprogrammeandin seekingobsin HongKong.

LEAD
New arrival retraineeshareexperiencewith DHA

The Director of Home Affairs, Mrs Shelley Lau, today (Friday) visited a group of new arrival
retraineesfrom the mainland who were taking a Job SearchSkills Courseto sharetheir
experiencen joining theretrainingprogrammeandin seekingobsin HongKong.

MEAD

The Director of Home Affairs, Mrs Shelley Lau, today (Friday) visited a group of new arrival

retraineesfrom the mainland who were taking a Job SearchSkills Courseto sharetheir

experiencein joining the retrainingprogrammeandin seekingjobsin Hong Kong. Speaking
afterhervisit to the Hong Kong College of Technologys RetrainingResourceCentre Mrs Lau

saidshewasmostdelightedto seethatnew arrivalsarenow eligible to apply for any retraining
courseor programmeéundedby the EmployeesRetrainingBoard.

RANDOM
New arrival retraineeshareexperiencewith DHA

She was briefed by the Executive Director of the EmployeesRetraining Board, Mr Chow
Tung-shanandthe Principal (Designatef the Hong Kong College of Technology Mr Chan
Cheuk-hayontherangeof servicegrovidedattheretrainingcentre.

WEBSUMM

Speakingafterhervisit to the HongKong College of Technologys RetrainingResourceCentre,
Mrs Lau saidshewasmostdelightedto seethat new arrivalsarenow eligible to apply for ary
retrainingcourseor programmedundedby the EmployeesRetrainingBoard."Thus, the Govern-
menthasextendedhe EmployeesRetrainingSchemeo cover new arrivalsfrom January31 this
year

Figure4.3: Samplesummaries
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Chapter 5

Evaluation Methods

The evaluationof text summarizatiorsystemss an emegentanddifficult researchopic, but the distinctionbe-
tweenintrinsic andextrinsic methodsasdefinedby SparkJonesandGalliers(1995)hasbeengenerallyaccepted.
Whereasxtrinsic evaluationsmeasurefiow helpful summariesarein the completionof a given task, intrinsic
evaluationmeasureshe quality of thesummanyitself, e.g. by comparinghe summarywith the sourcedocument,
by measurinchow mary “main” ideasof the sourcedocumentare coveredby the abstractor by comparingthe
contentof theautomaticsummarywith anidealabstrac{gold standardproducedy a human(Cole,1995).Sub-
typesof intrinsic evaluationare: contentevaluation(which assessei$ automaticsystemsareableto identify the
intended‘topics” of the sourcedocument) andtext quality evaluation(which assessethe readability grammar
andcoherencef automaticsummaries).
In actualresearchthefollowing practicalevaluationsolutionsaredominant:

1. Comparisorto idealsummary(intrinsic)
2. Subjectve evaluationon a scale(intrinsic),and

3. Task-basedvaluation(extrinsic)

For sentencextracts,comparisorto anideal extractis often performedby measuringo-selectionwhatpro-
portionof sentencearein boththe extractandtheideal sentencesThe mainevaluationmetricsusedin intrinsic
evaluationsareprecision recallandF-score(Firmin and Chrzanaevski, 1999),which have beenextensiely used
in thepastto evaluatetext summarizatiorsystemgEdmundson]1969;Brandav etal., 1995;Marcu,1997;Barzi-
lay andElhadad;1997).Precision(P) is thenumberof correctanswergjivenby the systenmdivided by thenumber
of answerdhe systemproducesRecall(R) is the numberof correctanswergivenby the systemdivided by the
numberof correctanswers.F-scoreis a compositemeasurahat combinesprecisionandrecallin the following
formula:

(8>+1)PR
BZP+R >
whereg is aweightingfactorthatfavorsprecisionwheng > 1 andfavorsrecallwheng < 1.

In this work, we comparepercentagreemenbf co-selection(also calledaccurag), precisionandrecall of
co-selectedentencegglative utility, andKappabetweerselectiondecisionsasco-selectiormeasures.

Co-selectiorevaluationmethodshave somerestrictions.For instancethey only work for extractve summa-
rizers,asthey compareentiresentenceandonly countasa matchthe exactsamesentencesThisignoresthefact
thattwo summariegan containthe sameinformation, but containdifferentsentencesvhich expressthis infor-
mationdifferently Content-basehetricsapply differentnotionsof similarity to comparethe actualwordsin a
sentenceratherthanthe entiresentencesa string.

Oneadwantageof similarity metricsis thatthey cancompareboth humanandautomaticextractswith human
abstacts i.e. coherentnewly written summarie®f the documentsatherthansentencextracts. To our knowl-
edge ho systemati@xperimentsaboutagreemenon thetaskof summarywriting have beenperformecdbefore.In
our experimentsthe similarity measuresreappliedto 3 humansummariegpertopic. They answerthe question
of how muchhumansagreewhensummarizing.The samesimilarity measuregre appliedto 3 humanextracts
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pertopic, which answerghe questionof how muchthey agreewhenextracting. We alsoapply the measurese-
tweenhumanextractsandsummarieswhich answerghe questionf humanextractsaremoresimilarto automatic
extractsor to humansummaries.

Relevancecorrelationis our contribution asa new measureof summaryquality. It shows the relative perfor
manceof asummary:how muchdoesthe performancef informationretrieval decreasén comparisorio thefull
texts.

Task-basedvaluations(Mani et al., 1999a;Tombroset al., 1998; DUC2000,2000) measuréhumanperfor
manceusingthe summariedor a certaintask (after the summariesare created). Although they canbe a very
effective way of measuringsummaryquality, task-basedwvaluationsare expensve exercisesrequiring human
subjectsduring the actualevaluation. As this was not possibledue to the setupof the workshop,we do not
considettask-base@valuationhere.However, dueto somesimilaritieswith our work, we discusst here.

While our new measureelevancecorrelationis an extrinsic measurgastask-basedvaluationis), thereare
differencesdetweernthetwo in otherrespectslLet usfirst describeatypical IR-basedask-basedummaryevalu-
ationscenario.

In atypical task-baseavaluationsuchasin Tombroset al. (1998)or Mani et al. (1999a),humanshave the
taskto decidehow relevanta documents to a certainquery Their performances measure@ndcomparedn two
casespnewhenthey areshavn summariesthe other whenthey areshavn the full documeniceiling condition)
or a baseline(e.g. randomor first sentences).Their performances quantifiedin precisionandrecallandin
readingtime.

In Tombrosetal. (1998)humansvereaskedto identify asmary relevantdocumentsspossiblein afixedtime
frame,on 50 randomlychosenTREC queries.Their resultsshoved that query-basedxtractsallow usersto see
moredocumentg23 insteadof 20) with higherprecision(55%vs. 44%)andrecall (66%Vs. 50%)thanbaseline
does;additionally humansaskfor full documentsn lesscaseg1%vs. 24%).

SUMMAC (Mani etal., 1999a)is alarge-scaleTIPSTERsponsoredomparatie task-base@valuationusing
16 participatingsystems.Apart from a cateyorizationand an experimentalquestion-and-answeask, the main
focuswasonthe IR task(calledadhoctask)with 20 TREC-queries.

Eachsite submitsa fixed lengthsummary(S1) anda variablelengthsummary(S2) for eachtext, which are
comparedhgainstbaselinesummariegB) andfull-text (F). 1000documentsarejudgedper subject(20 F, 20 B,
48051, 480 S2), andthe measured/ariablesaretime and F-score. The experimentshaved that summarieof
17% lengthresultin sameF-scoreaccurag asfull texts, in abouthalf the decisiontime (33 sec. per decision
vs. 59 sec.) The F-scoreof the full textswas.67, of the baseline42. However, the resultscould not distinguish
betweenparticipanttechnologies.Humanagreemenis reportedas: pairwise69%, threeway 54%, unanimous
(14judges)17%. Kappawas.38.

Extrinsicmethoddor theevaluationof summariesarebasednthe premisethatsummariesreproducedvith
acertaintaskin mind. Thattaskcouldbequestionansweringgclassificationgtc. Relevancecorrelationis another
suchmetric.

The reasonwhy we did not usetask-basedvaluationis that we do not have judgesavailable during the
workshop,i.e. we cannotelicit directjudgmentson the summariesasthe summariesre createdafter whichever
judgmentswe needare created. Therefore,we cannot,as Tombroset al. andMani etal. did, shav themthe
summariecreatedby the summarizatiorsystemsandaskthemto performa taskon the basisof the information
containedn thesummariesinsteadwe have to usesomerelevanceudgmentsvhichwerecreatedndependently
of thesummariesandthereforewe chosethe evaluationsetupdescribedn section2.

5.1 Sentenceco-selection

We compiledutility judgmentsnto lists of binarydecisiongpersentenceaskingwhetheror notagivensentencés
includedin asummaryatacertaintargetlength. We usetherates5%, 10%,20%,30%,40%for mostexperiments.
For someexperimentswe alsoconsidersummarieof 50%, 60%, 70%, 80% and 90% of the original length of
thedocumentgFigure2.11).

5.1.1 Percentagreement

PercentagreemengFigure5.1) measuretiow mary of thejudges’decisionsaresharedetweentwo judges.
Percentagagreemenbetweerntwo judgesis definedasfollows:
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JudgeJi
Sentence in | Sentencenot
Extract in Extract
Sentence in | A B A+ B
Extract
JudgeJ2  Sentencenot | C D C+ D
in Extract
A+C B+ D N = A+
B+C+D

Figure5.1: Contingeng tableon binarydecisions

A+ D
AL =4 v cTD

In the numbersfor systemsthe averageA,.,(SY ST EM) is computedasfollows (assuminghreehuman
judges):

SYSTEM, J;)
3

3
Agg(SYSTEM) = 2z Al
In thefiguresfor humansthe averageA(H) is computedasfollows:
A(J1,J2) + A(J2,J3) + A(J1,J3)
3

Percentagagreements problematicasit overestimateshe influenceof the irrelevant sentencesywhich are
in mostcaseghelargerpartof thedocumen{particularlyfor very shortsummariesvhich interestusmosthere).
Precisionandrecallremedythis shortcoming.

Aavg (H ) =

5.1.2 Precisionand recall

PrecisiomandRecallaredefinedas

A
Py (J1) = A+ 0

A
RJQ(J].) == m

In our case,eachsetof documentswhich is comparedhasthe samenumberof sentencesxtracted;thus
precisionandrecallhave the samenumericalvalue.
TheaverageP,,,(H) andP,,,(SY ST EM) arecalculatedasfollows:

% Py(SYSTEM)
3

Py, (SYSTEM) =

_ Pyy(J1) + Py3(J2) + Pj1(J3)

Pavy (H) :

TheaveragesR,,4(H) andR,,,(SY ST EM) arecalculateccorrespondingly

However, both precisionandrecall (andalsopercentagreementjio not take chanceagreemeninto account.
The amountof agreemenbnewould expecttwo judgesto reachby chancedependsn the numberandrelative
proportionsof the cateyoriesusedby the coders.The next section for instance shavs thatchanceagreemenis
very highin ourdataset.
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5.1.3 Kappa

Kappa(Siegel and Castellan,1988)is a statisticalmeasurevhich addressethe problemof randomagreement.
It is increasinglyusedin NLP annotatiorwork (Krippendorf, 1980; Carletta,1996). Kappahasthe following
adwantages:

¢ [t factorsout randomagreementRandomagreemenis definedasthelevel of agreementhich would be
reachedy randomannotatiorusingthe samedistribution of categoriesastherealannotators.

¢ It allowsfor comparisondetweerarbitrarynumbersf annotatoranditems.

o It treatslessfrequentcateyoriesasmoreimportant(in our case:selectedsentences)imilarly to precision
andrecallbut it alsoconsidergwith a smallerweight) morefrequentcateyoriesaswell.

TheKappacoeficientcontrolsagreemenf(A) by takinginto accountagreemenby chanceP(E) :

P(A) - P(E)
1- P(E)

No matterhow mary itemsor annotatorspr how the cateyoriesare distributed, K = 0 whenthereis no
agreementtherthanwhatwould beexpectedoy chanceand K = 1 whenagreemenis perfect.If two annotators
agredessthanexpectedy chanceKappacanalsobe negative.

Kappais stricterthanpercentagreementits valueis alwayslower thanor equalto percentagreemenP(A);
it is equalin the caseof a uniform distribution and lower for skewed distributions. We alreadyknow that our
catgyory distribution is very skewed for low compressiorrates. Therefore,we expectchanceagreemento be
quitehighin ourdata.

We reportKappabetweerthreeannotatorsn the caseof humanagreementandbetweerthreehumansanda
system(i.e. four judges)in alattersection.

K =

5.2 Content-basedmethods

5.2.1 Restrictions of co-selectionevaluation methods

Two summarieswritten by two humansummarizersfor instance,do not in generalshareidentical sentences.
In the following example, it is obvious that both sentencesS; and Ss, carry the samemeaning. An extractive
summaryshouldberewardedin someway for the selectionof sentencess.

S1 “The visit of the presidenbf the United Statedo China”

S3 “The US presidentisited China”

Whereaso-selectiormeasuregannotdo this, content-basedimilarity measuregan. Recentresearchas
shavn how content-baseedvaluationcanbe carriedout in automaticor semi-automatiéashion(Donawvay et al.,
2000; Saggionand Lapalme,2000b;Jonesand Paice, 1992; Paice and Oakes, 1999). The similarity measures
we considerin this work areword overlap,longestcommonsubsequenceandcosinesimilarity. Content-based
similarity measurefiave beenusedin the pastto assessnachinetranslationquality Papineniet al. (2001). We
have specifiedandimplementeda numberof content-basedimilarity measureshat take into accountdifferent
propertiesof thetext:

5.2.2 Cosinesimilarity

Cosinesimilarity is computedusingthe following formula(Salton,1988):

X,Y) = 2l
COS( ) ) \/2(131)2*\/2(:1/;)2,

whereX andY aretext representationsasedon avectorspace.
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5.2.3 Unit Overlap

Unit overlapis computedusingthefollowing formula:

_ | XNY]|
overlap(X,Y) = TXTFIY = XAYT

whereX andY” aretext representationBasedn sets.Here||S|| is thesizeof setS.

5.2.4 LongestCommon Subsequence

LongestCommonSubsequencis computedusingtheformula:
2xles(X,Y) = length(X) + length(Y) — edit4;(X,Y)

WhereX andY arerepresentationgasedn sequenceandwherelcs(X,Y") is thelengthof thelongestcom-
monsubsequenceetweenX andY’, length(X) is thelengthof thestring X, andeditq;(X,Y") is theminimum
numberof deletionandinsertionsneededo transformX into Y (CrochemoraandRytter, 1994).

Whenwe have to comparedo texts usingthelcs we applythefollowing formula:

Let Set; andSet, bethetwo setsto compare(thesearesetsof sentencesvhereeachsentencés a sequence
of unigramg(wordsor lemmasin our case)):
_ > e eset; MATspeSetalcs(51,82)+3 0, cgep, MATs eSetyIcs(51,52)
les(Sety, Sety) = 1 1 S eesen, length(5)+zsiset;length(s)
Wherelcs(Sety, Sets) is apairwiselcs averageof thetwo texts.

5.2.5 Text Representation

We have consideredhe following featuresto representhe contentof targetand automaticsummariesecause
eachmeasuresvorkson a differentstructures:

e Sentencétructure:set,vector, or sequence;
e Granularity:unigramor bigramfor Englishandword or charactefor Chinese;
e Unit: wordsor lemmas;

e Partof Speechmainverbs,nouns,or all partof speech.

Differentrepresentationare obtainedcombiningthe featuresand valueshereidentified. So, for example,
the text “The presidentvisited China” will be representedvith a set{presidentchina} if we decidedto use
the features:set, unigrams,Jemmas,and nouns,andwill be representedavith the sequencéthe presidentvisit
china”if we decidedto usethefeatures:sequenceynigramsemmasandall partof speechln the caseof texts
in Chinesewe don't rely on partsof speech(becausehey were unavailable during the workshop),but we do
explore wordsand Chinesecharactersaspossibilities,becausave have developedalgorithmsto dealwith these
two text representationsln the caseof vectorof terms,we usetwo possibleweightingschemedor the terms:
presence/absenoéthetermin thetext or ¢ f x idf computedusingcorpusandwithin text termdistribution.

Cosinesimilarity usesthe vectorspacewith words or lemmasastext representationtnit overlapusessets

of wordsor lemmasastext representatiorandunigramsor bigrams;andlongestcommonsubsequencesesse-
guence®f wordsor lemmasastext representation.
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5.3 Relative Utility

We will now discussRelative Utility (RU), amethodfor evaluatingextractive summarizershothsingle-document
andmulti-documentWe will addressomeadvantage®f RU overexisting co-selectiormetricssuchasprecision,
recall, percentagreementand Kappa. We will presentsomeexperimentsperformedon a large text corpusto
discusshow RU is affectedby interjudgeagreementcompressiomate (or summarylength),andsummarization
method.

The main problemwith Precision,Recall,and PercentAgreementfor evaluatingextractive summarizerss
thathumanjudgesoftendisagreavhatarethe top n% mostimportantsentences adocumenbr clusterandyet,
thereappearso beanimplicit saliencevaluefor all sentenceghichis judge-independent.

5.3.1 Therelative utility evaluation method

Using metricssuchasprecisionandrecall (P&R) or percentagreemen{PA) (Jing et al., 1998; Goldsteinet al.,
1999)to evaluatesummariesreateghe possibility thattwo equallygoodextractsarejudgedvery differently.

Supposéhata manualsummarycontainssentencegl 2] from a document.Supposelsothattwo systems,
A andB, producesummariesonsistingof sentencel 2] and[1 3], respectiely. Using P&R or PA, systemA
will beranked muchhigherthansystemB. It is quite possible however that for the purposeof summarization,
sentence® and3 areequallyimportant,in which casethe two systemshouldgetthe samescore.

Therelative utility (RU) method(Rade etal., 2000)allowsidealsummariego consistof sentencewith vari-
ablemembeship. With RU, theidealsummaryrepresentall sentencesf theinputdocument(syvith confidence
valuesfor theirinclusionin thesummary

For example,adocumentwith five sentencefl 2 3 4 5] is representeds[1/10 2/9 3/9 4/2 5/4]. Thesecond
numberin eachpair indicatesthe degreeto which the given sentenceshouldbe part of the summaryaccording
to a humanjudge. We call this numberthe utility of the sentence Utility dependsn the input documentsthe
summanyjength,andthe judge.In the example the systenthatselectssentencegl 2] will notgetahigherscore
thana systemthatchoosesentenceg§l 3] giventhatbothsummarie§1 2] and[1 3] carry the samenumberof
utility points(10+9). Giventhatno othercombinationof two sentencesarriesa higherutility, bothsystemg1 2]
and[1 3] produceoptimalextracts.

5.3.2 An example

In relative utility experimentsjudgesareaskedto assignnumericalscorego individual sentencefrom a single
documenbr a clusterof relateddocumentsA scoreof 10 indicatesthata sentenceés centralto the topic of the
clusterwhile a scoreof 0 marksatotally irrelevantsentence.

Thefollowing exampleillustratesanadvantagehat Relative Utility hasover Precision/RecallThetwo sum-
mariesshavnin Figuress.2and5.3are5-sentencextractive summarie$rom thesamedocumenby two different
judges.Becauseachsummaryis composedntirelyof differentsentencegheinterjudgeagreemenasmeasured
by Precision/Recalk 0, despitethefactthatbotharereasonablsummariesBoth extractive summariesrebased
ondocumenD-19971207-00From cluster398.

S# | Text Jy util (0f 10) | Jo util (of 10)
2 Thepreliminaryinvestigationshavedthatat this stage human-to-human 9 8
transmissiorof the H5N1influenzaA virus hasnotbeenprovenand
furtherinvestigationswill be madeto studythis possibility, the Special
Working Groupon H5N1 announcedoday(Sunday)

3 Theinitial findingsalsoshovedthatthe four H5 casedlid notsharea 7 4
commonsource por wasthevirus transmittedrom onecaseto the others.

7 However, thereis no causefor panicasavailableevidencedoesnot 7 6
suggesthatthediseasés widespread.

9 The WHO hasbeenasledto alertvaccineproductioncentresn theworld 7 7

in the caseinvestigationto follow developmenterewith aview
to preparingthe necessaryaccines.

14 | Hesaidthe Departmentvould disseminatéo doctors,medical 8 8
professionals;ollegesandhealthcareworkersavailableinformation
aboutthe H5 virus throughlettersandthe Departmenbf Health’s
homepagen the Internet(http:/www.info.gov.hk/dh/).

Figure5.2: A 5-sentencextractve summaryby LDC Judge
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S# | Text Ji util (of 10) | Jo util (of 10)
11 | Tofurtherenhancesuneillancein HongKong,Dr Saw said,the Department 8 10
of Healthwould extendsurweillancecoverageto all GeneralOut-patient
Clinics.
12 | TheHospitalAuthority would alsosetup suneillancein public hospitals. 4 10
13 | InthemeantimeDr Sawv said,the AgricultureandFisheriesDepartmenhad 6 10
alsoincreaseduneillancein poultry in collaborationwith The University
of HongKong.
19 | Dr Saw advisedmemberf the public thatthe bestway to combat 7 10
influenzainfectionwasto build up bodyresistancdy having a properdiet
with adequatexerciseandrest.
20 | Goodventilationshouldbe maintainedo avoid the spreadof respiratory 8 10
tractinfection.

Figure5.3: A 5-sentencextractve summaryby LDC Judgel,

Note that both judgesgave eachothers sentencesairly high utility scoreshowever. In fact,theinterjudge
agreemenasmeasuredy Relative Utility for this exampleis 0.76. This scoreis alsomarkedly higherthanthe
lowestpossiblescorea summarizercould receve. Although not depictedabove, a summarizercould have an
agreementvith judgeJ; aslow as0.14andanagreementvith judgeJ, aslow as0.38.

5.3.3 Defining Relative Utility

In thissectionwe will formally definerelative utility. To computerelative utility, anumberof judges,N (N > 1),
areasledto assignutility scoesto all n sentence# a clusterof documentgwhich canconsistof oneor more
documents).The top e sentencesiccordingto utility scorearethen calleda sentencextract of sizee (in the
caseof ties, somearbitrary but consistenimechanismnis usedto decidewhich sentenceshouldbe includedin
the summary).The formulasbelov assumehatn is the numberof sentence# a clusterof documentse is the
numberof sentence thedesiredextract,and NV is the numberof humanjudgesproviding utility scores.

We canthendefinethefollowing metrics:

&

{Ui,la U325 -y ui,n}
sentencaeiltility scoredor judges

Ul = {0i1-1i1,0i2 U2,y 0ip - Uin}
extractive utility scoredor judgei:

In the formulafor Ifz’ d;,; is the summarycharacteristidunctionfor judge: andsentencg. It is equalto 1
for thee highest-utilitysentencefor agivenjudge.Notethatzg‘:1 dij =e.

1 sentencg is includedin the extract
0i; = judgei ata givensummarylengthe
0 otherwise

We cannow definesomeadditionalquantities:
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n
Ui = Y ui
=1

= total self-utility for judge:

n
! — L. ..
U, = § :5LJ Ui, j
=1

= total extractive self-utility for judge:
(computedbver all n sentences)

n
Ur = E di,j - Uk,
i=1

= total extractive cross-utilityfor judgesi andk (i # k)

N
Ui,avg = 1/(N — 1) . Z Ui,k for s 7é k
k=1
= (non-symmetricjudgeutility for judges.

N
J = Ua/ug = ]-/N ' ZUi,avg
i=1

= interjudgeperformance
= averageextractive cross-utilityof all judges.

n N
U= 30> ui
j=11i=1
= total extractive utility for all judges.

n N
I P ) ..
U = E £j E U, j
j=1 i=1

= totalutility for all judges

In theformulafor U’, ¢; is 1 for thetop e sentenceaccordingto the sumof utility scoresrom all judges.U’
is themaximumutility thatary systemcanachieve ata givensummarylengthe.

Notethatzg‘:1 €;,; = e. Notealsothat N = 1 impliesU’ = Uj (singlejudgecase).

A summarizeproducingan extractof lengthe canbethoughtof asanadditionaljudge. Its performancewill
be computedastheratio of the sumof its cross-utilitywith the totality of humanjudgesto the maximumutility
U' achivableat a givensummarylengthe. As aresult,a summarycanbejudgedbasedonits utility relativeto
themaximumpossibleagainsthe setof judges hencethe nameof the methodRelativeUtility .

N
S _ Z?:l 537j ) Z’i:l uzy]
= i
= systemperformanced, ; is equalto 1 for the
top e sentencesxtractedby the system).

In theformulafor S, Efil u;,; is theutility assignedy thetotality of judgesto a givensentenceg extracted
by the summarizer

()
R = 1/ (:) Z St
t=1
= randomperformancgcomputecbverall (7)
possibleextractsof lengthe).
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R is practically a lower boundon S while J is the correspondingipperbound. In orderto factorin the
difficulty of a givencluster onecannormalizethe systenmperformanceS between/ and R:

S—R

J—R

= normalizedrelative utility
(normalizedsystemperformance).

AssumingR # J (whichis areasonabl@assumption)D = 1 only whenS = J (systemis asgoodasthe
interjudgeagreementandD = 0 whenS = R (systemis no betterthanrandom).

Whenvaluesfor R and.J aregivenascomparisonreportings is sufficient. However, D shouldbeusedwhen
R andJ areignored.

GiventhatRelative Utility S valuesaregenerallyhigherthanKappavalues,onemightincorrectlythink that
systemperformances quite high. AlthoughRU doesindeedtake into accountvariableagreementoneshouldbe
awarethatnormalizedRelative Utility (D) ratherthan$S takesrandomandinterjudgeagreemeninto account.lt
is alsoimportantto notethateven D valuesarenot directly comparablevith Kappa.Furtherwork is requiredto
establisimoresolid statisticalpropertiesof RU.

5.3.4 Comparing Relative Utility with P/R

To understandhis sectionbetter pleasereferto Figure2.14.

Givenanideal extract F; consistingof e; sentencesgnecanmeasurénow similar anotherextract £, includ-
ing e2 sentences toit. Precision(P) is theratio of sentencemcludedin E, whicharealsoincludedin E; while
Recall(R) is theratio of sentencefcludedin E; to thetotal numbere; of sentences E;. It canbetrivially
shavn thatif e; = e; = e andthetwo extractshave a sentencem common,P = R = a/e.

Percentagreemen(PA) measuresionv mary of thejudges’decisionsaresharedamongstwo judges.If d is
the numberof sentence# the input document(or cluster)thatwerenot extractedby eitherjudgeandtheinput
hasn sentenceshenPA is definedas(a + d) /n.

For example,supposehattwo judgesproducel0% extractsfrom a documentontaining50 sentenceslf 4
sentenceareextractedby bothjudgesthenP = R = 4/5 = 80%; PA = (4 + 44) /50 = 96%. P A is known
to significantlyoverestimateagreementor bothvery shortandvery long extractswhile P and R underestimate
agreement.

We cannow comparehe RU valueswith thesefor PrecisiorandRecall. Let'sfirst look atjudgesl and2. Out
of 24 sentenceynly 4 overlapbetweerthetwo judges(19980306007:2,19990802006:8,19990802006:9,and
19990829012:2),0r in otherwords,P = R = 4/24 = .17. (Notethatwhenthe two extractsare of the same
length, Precisiontrivially equalsRecall). Let's now look at judgesl1 and 3. They overlapon only 3 sentences
(P = R = .13). Similarly, P = R = .13 for judges2 and3.

Let's now turnto the performancef MEAD. MEAD hasP = R = 2/24 = .08 with judgel. Thevaluesfor
PandR are.13and.17whencomparingMEAD with judge2 andjudge3, respectiely.

Suchlow numberscould indicatethat it is impossibleto reachconsensusn extractve summaries. The
numbersabove arefor multi-documentextracts,althoughsimilar numbershold for single-documenéxtractsas
well. For example,the averageinterjudgeP/R for 10% extractsof eachof the ten singledocumentsomprising
cluster125is .22for judgesl and?2, .33 for judges2 and3, and.26 for judges3 and1.

Pastwork on evaluatingextractve summarieqJing et al., 1998; Goldsteinet al., 1999) hasindicatedsuch
low agreementor single-documengxtracts. We claim thatRelative Utility is a bettermetricthanP/Rbecausét
doesnt underestimatagreemenin the casewheremultiple sentencearealmostequallygoodto beincludedin
anextract.

Relative Utility hassereraladditionaladvantagesver P/R/FA.

First,in away similarto Kappa(Siegel andCastellan,1988),it takesinto accounthe difficulty of a problem
by factoringin randomandinterjudgeperformance.

Secondandunlike Kappa),it canbe usedfor evaluationat multiple compressiomates(summarylengths).In
onepassjudgesassignsaliencescorego all sentences acluster(or in asingledocument)lt is thenpossibleto
simulateextractionatafixedcompressiomateby rankingsentencdy utility. As aresult,RU is amoreinformative
measuref sentencealience.
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Third, RU canbe extendedo dealwith informationalsubsumptiorby introducingconditionalsentencaeitility
values(Rader et al., 2000) which dependon the presenceof other sentencesn the summary Informational
subsumptiordealswith thefactthatthe utility of asentencenaydependonthe utility of othersentencealready
includedin a summary For example,two sentencesnay be almostidenticalin contentandgetthe sameutility
scoresrom ajudgeandyetthey shouldnotbeincludedin thesummaryatthesametime. In thisreport,we arenot
presentingary resultsrelatedto subsumptioralthoughwe obtainedsubsumptiordatafor the 20-clustercorpus.
We intendto usethis raw datafor future experiments.

Fourth,the RU methodcanbefurtherexpandedo allow sentencesr paragraphso exertnegative reinforce-
menton oneanotherthatis, allow for casesn which theinclusionof a givensentencenakesanotheredundant
anda systemthatincludesbothwill be penalizednorethana systemwhich only includesoneof thetwo “equiv-
alent” sentenceandanotheyperhapdessinformative sentence.

5.3.5 Extracts

An extractcontainsa list of sentenceshatwill be usedin the summary Sentencegresortedin the orderthey
appear

We usedMEAD to producea large numberof automaticextracts (at 10 target lengthsusing a numberof
algorithmsof all 20 clustersandof all 18,146documentsn the corpus).

Figure 2.14 presentsseven different 10% extracts producedfrom the samecluster(Cluster125). As one
can see,when all judgesare taken into account,one sentencewith high salienceis sentence? from article
19980306007 with a total utility scoreof 24. Giventhat MEAD includesthat sentencen its 10% extract, it
will getthe maximumpossibleutility for this sentenceOn the otherhand,notall sentencesxtractedby MEAD
have this high a utility. For example,sentence8 from 19990802006 which was also picked by MEAD only
carriesautility of 15. If MEAD hadpickedadifferentsentencénsteade.g.,sentenc& from 20000408011 with
autility of 28), its relative utility would be higher

In this example thetotal self-utility U; for judgel is 1218. Thetotal self-utilitiesfor judges2 and3 are1380
and 1130, respectrely. The valuesfor extractive total utility U] for eachof the threejudgesare 237,218, and
224, respectiely.

Figure5.4 shavs the valuesfor extractive cross-judgeutility. The average,0.73, is equalto the interjudge
agreemeny.

Judgel | Judge? | Judge3 | Average
Judgel | 1.00 0.74 0.74 0.74
Judge? | 0.64 1.00 0.74 0.69
Judge3 | 0.72 0.81 1.00 0.77

Figure5.4: Cross-judgeutilities

Usingtheformulasin the previoussectiononecancomputethevaluefor randomperformancewhichis 0.57.
The performanceof MEAD is 0.70 (comparedo random= 0.57 andinterjudgeagreement 0.73). When
normalized MEAD’ s performances 0.80onascalefrom 0 to 1.

5.4 IR Evaluation Measures

Relevancecorrelationwhichwill beintroducedn moredetailin thefollowing sectionrequiresa measuremeruf
IR performancesits backdrop.We will discussheresereral IR techniqueknown in theliterature.
Traditionally, evaluationof retrieval performances measuredy recall andprecision Considera particular
gueryanda setof known relevantdocumentggold standard) Suppose retrieval systenmreturnsa setof system-
determinedelevantdocumentsin generalyetrieval effectivenescanbedepictedn thefollowing table:

Truth
Relevant | Non-relevant
Retrieved A B A+ B
Non-retrieved | C D C+D
A+C B+ D N=A+B+C+D

56



JHU 2001 Summermworkshopfinal report Evaluationof Text Summarization

Recallandprecisioncanbe easilycomputedusingthis table. Specifically recallis definedasthe fraction of
therelevantdocumentsvhich hasbeenretrieved. It canbe expresseas:

Recall= A/(A+ C)

Precisionis definedasthe fraction of theretrieveddocumentsvhich is relevant. It canbe expresseds:
Precision = A/(A + B)

Sometimesa systemreturnsa ranked list of documentssortedby degreeof relevanceinsteadof just a set
of relevantdocuments We canthenexaminethis ranked list startingfrom the top. The precisionandrecallare
computedafter eachrelevantdocumenencounteredh thelist. This canproducea recall-precisiorgraphwhich
plots precisionas a function of recall. This graphalso depictsthe behaior of a retrieval run over the entire
recall spectrum.Normally precisionandrecalltendto be inverselyrelated.Non-interpolateddverage Precision
is definedasthe averageof the precisionobtainedat variousrecall levels obtained. The graphcan also allow
usto computell-pointAverage Precision 11-pointAveragePrecisionis definedasthe averageof the precision
obtainedat 11 standardecall levels which are 0%, 10%, ... , 100%. Interpolationprocedures appliedon the
recall-precisiorcurvein orderto obtainthe precisionof thesestandardecalllevels.

In theabove discussionthe evaluationis performedon a singlequery In orderto geta morereliableevalua-
tion, a numberof testqueriesareused.Basically we first calculatethe measuresliscussedbove of eachquery
andtake the meanover all testqueries.Hence Mean(non-interpolated)Average Precisionfor arunis themean
of the AveragePrecisionof eachquery

Thereare othermeasuresvhich attemptto computeaverageprecisionat given documentutof values. For
example P(10)is theaverageprecisionafterthefirst 10 documentsareretrieved. Lik ewise,R(1000)is theaverage
recallafterthefirst 1000documentsareretrieved.

Thetrec _eval programwritten by NIST produceshe evaluationmeasuresliscusseéborve. This program
canbeobtainedfrom the TREC Web site (http://trec.nist.gu).

5.5 Evaluation Framework for ChineseSummaries

The experimentalframawork for evaluationof the Chinesesummarieds basedon the novel idea of usingthe
alignedcorpusasa sourcefor obtainingtargetabstractn Chinese.The framawork is shovn in Figure5.5. The
stepsinvolvedin the evaluationare:

(1) LDC providedsentencaeitility judgmentdetweer0 and10for eachEnglishdocumenin theclusters.Each
documentvasjudgesby threedifferentassessors;

(2) theutility-basedsummarizemwasrun on eachdocumenfor differentcompressiomates;
(3) theutility-basedsummariesveremappednto Chinesausingthetableof sentencalignments;

(4) Differentsummarizersvereusedto producesingleandmulti documensummariesn Chineseat different
compressiomates;

(5) Content-basetlunctionswereusedto computethe similarity betweerthetexts.

5.6 RelevanceCorrelation

Relevancecorrelationis anew measurdor assessintherelative decreasén retrieval performancevhenmoving
from full documentdo extracts. To our knowledge, this measurementasnever beenexploredin detail, and
certainlyneveron suchalargedatasetasours. Relevancecorrelationtakesthe absoluteretrieval resultsreported
in section6.4 andturnstheminto a relativemeasuref summaryperformance Theideabehindit is asfollows:
if a summarycaptureghe main pointsof a documentthenanIR machineindexed on a setof suchsummaries
(insteacbf asetof thefull documents$houldproducgalmost)asgoodaresult. Moreover, thedifferencebetween
how well thesummarieslo andhow well thefull documentslo shouldsene asapossiblemeasurdor thequality
of summaries.
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Figure5.5: EvaluationFramevork (Chinese)

Brandav et al. (1995) suggesta similar evaluation measuregto measurethe relative effectivenessof their
summarize ANES in comparisorto leading-text summariesln their experiment, 12 Booleanqueriesarerun on
atestcorpusof roughly21,000documentsRelevancejudgementsverecollectedandcomparedor all retrieved
documents.In threeconditions,the documentsvhich areindexed areeitherfull documentsANES extracts,or
leadextracts.

In their results,leadingtext outperformedfull text, andleadingtext also outperformedANES extractsin
precision(47%vs. 45%vs. 37%). Recallhoweveris 100% on full documentsand 56% (ANES) vs. 58%
(leading). In their future work section,they notethatit would be importantto repeattheseexperimentswith a
non-Boolearsearctengine.

Ourwork doesjustthat,andit measuresetrieval performancevith moremeasuremen@ndmoreconditions,
on alargersetof queries.Ourresultsarethusmoregeneral.

Supposéhatgivena queryQ anda corpusof documentsD;, a searchengineranksall documentsn D; ac-
cordingto theirrelevanceto the queryQ. If insteadof the corpusD;, the respectre summarief all documents
aresubstitutedor the full documentsandthe resultingcorpusof summariesS; is ranked by the sameretrieval
enginefor relevanceto the query a differentrankingwill be obtained.If the summariesaregoodsurrogategor
thefull documentsthenit canbeexpectedhatrankingwill besimilar. Thereexist severalmethodsor measuring
the similarity of rankings. One suchmethodis Kendall’s tau andanotheris Spearmars rank correlation. Both
methodsarequite appropriatefor the taskthatwe wantto perform,however, sincesearchenginesproducerele-
vancescoredn additionto rankings,we canusea strongersimilarity test,linearcorrelation.Whentwo identical
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rankingsare comparedtheir correlationis 1. Two completelyindependentankingsresultin a scoreof 0 while
two rankingsthatarereverseversionsof oneanothethave a scoreof -1.

Relevancecorrelationr is definedasthelinear correlationof the relevancescoreqz andy) assignedy two
differentIR algorithmsonthesamesetof document®r by thesamdR algorithmon differentdatasets.Relevance
scoresareobtainedusingeachof the 20 queriesdescribedn 2.7.

_ >ilzi —7)(yi —7)
V2ilzi —2)2/ 3 (yi — 7)?

A standardrectorspacenodel(SaltonandMcGill, 1983)is employedasourretrieval method.Eachsummary
is representedsa k-dimensionalectorwhereeachelemenin thevectordenotegheweightof thecorresponding
term. Likewise,a queryis representeth vectorform. For Englishsummarieswe apply stemmingandstop-word
removal to extracttermsfrom the summariedor indexing. For Chinesesummarieswefirst procesghetexts by a
word sggmentatiorstepto detectword boundariesn a similar way asthe full-length Chinesedocuments.

All EnglishandChinesesummariesn thewholecorpusareindexed,thenretrieval is performed.

After theretrieval processgachsummaryis associateavith a scoreindicatingthe relevanceof the summary
to the query Therelevancescoreis actuallycalculatedasa crossproductbetweerthe summaryvectorandthe
gueryvector Basedontherelevancescorewe canproduceafull rankingof all thesummariesn thecorpus.This
rankingof summariess storedin an XML file calledthedocjudge file in descendingrderof relevancescore.
Differentsetsof docjudge files aregeneratedor differentsetsof summaries.A separatesetof docjudge
filesis producedor theoriginal corpusof thefull-length documents.

In contrasto Brandaw etal. (1995)whorun12Booleanqueriesonacorpusof 21,000documentandcompare
threetypesof documentgfull documentsleadextracts,and ANES extracts),we measureetrieval performance
undermorethan300 conditions(by languagesummarylength,retrieval policy for 8 summarizer®r baselines).
Ourresultsarethusmoregeneral.

r
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Chapter 6

Results

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

6.1 Co-selectionresults

Co-selectioragreements reportedusingthe threeevaluationmeasuresliscussedn Section5.1: percentagree-
ment,precisionandrecall,andkappa.

An overview of theresults(averagedover the 20 developmentclusters)is givenin Figures6.2,6.4 and6.7.
The tablesassumehumanperformancas the upperbound,the next two rows treatMEAD andWebSumm the
two systemsconsideredandthe lower two lines considerthe baselines.

6.1.1 Percentagreement

Thefirst row in figure 6.2 andthe graphshav agreemenamongsthe humanannotatorsf measuredn percent
agreementThesefiguresaregivenfor anaverageof 20 developmentclusters(detailedresultsby clustercanbe
foundin theappendix).

Numbersfor humansshov a comparisorof threeextracts. Numbersfor all other“systems”,i.e. random,
lead-basedMEAD andWebSummshov agreemenbf the systemagainstthe threeannotatorsj.e. insteadof
comparingthreeextracts,we compareour.

Noticethatthevaluesarehigherin the extremecompressionandlower in the mid-rangecompressionsThis
is dueto thefactthat percentagreements a very crudemeasurehat doesnot take into accountthe distribution
of the classification.Particularlyin the lower andhighercompressionghe distribution is very skewed, asmost
of the sentencedn a documentare eitherirrelevant, or they arerelevantin thesetwo situations. But percent
agreementloesnot take the skewednessof the distribution into account;eachsentenceas consideredequally
important,whetherit is relevantor not. As discussecarlier, this undesirableeffectis dueto theinsensitvity of
theevaluationmeasureéo randomagreement.

It is alsothe casethatpercentagreemenis not robusttowardsnumberof annotatorslf we plot theagreement
of severalsummarizatiorstratgyies(randomJead-basedlEAD andWebSummp) with all threehumansumma-
rizers(cf. figures6.11,6.12,6.13and6.14),we notethatthe numbersarelower thanthoseof thethreehumans
comparedo eachothet

Randomagreements the lowestbaselinewhich is metby all systemsandthe humans.But the comparison
of threehumansdoesnot achieve the highestagreemenin this dataset:leadsummarieseemto performbetter
thanthe moresophisticatedummarizersandthey alsoseento be more“similar” to thehumanghanthehumans
areamongsthemseles! While this resultmight seemcounterintuitve, the obsened effect could be explained
by a scenarian which humanjudgeschoosdlifferent,but earlyoccurringsentencesAll threehumangepresent
threedifferentpointsin the solution-spacef the extractionproblem. It is thenpossiblethatonesolution(beit a

10nly summariegor compressiomatesup to 40%wereavailable.
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TargetLength
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 | ./57 | .884

Figure6.1: Resultsn percentagreementor all systemsaveragedver 20 queries

Humans:. Percent Agreement (20-
cluster average) and compression

Figure6.2: Resultsn percentagreementor humansaveragedover 20 queries

TargetLength
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=recalfor all systemsaveragedver 20 queries

Humans: precision/recall (cluster
average) and compression

Figure6.4: Resultsn precision=recalfor humansaveragecver 20 queries
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TargetLength
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: Resultsn kappafor all systemsaveragedover 20 queries

Kappa, different systemsin
annotator pool, avg, 20%

0.25+

O3

0.2 044

0.1+

Random Websum  MEAD  Humans Lead

Figure6.6: Averagesn kappafor all systemsatcompressiorof 20%

Humans. Kappa and compression

Figure6.7: Resultsn kappafor humansaveragedver 20 queries
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baselineor asystemor asin our caselead-basedummariespositionsitself betweerthehumansWhile humans
donotnecessarilyagreewith eachother, they seento agreeon thestrat@y of choosingsentencesccurringearly
in thedocument.

When comparingthe differentsystemsWebsummachievesbetterresultsin the extremehigh-tagetlength
casethanMEAD, but all othercompressionshov anadwantagefor MEAD.

6.1.2 Precisionandrecall

A clearepictureof systenmperformancemepgesfrom Figure6.4,asprecisionandrecalltreatonly relevantitems.
Pleasenotethat the extractswe comparehave exactly the samenumberof sentencesTherefore precisionand
recallarenumericallyequal;we only presenbnevaluefor both of them.

We obsenethe effect of adependencef the numericalresultsonthelength,whichis awell-known factfrom
informationretrieval evaluations We alsoseethatrandomagreemenstill hasa negative effectonthenumbers.

Figure6.15shaws precision/recalvaluesfor thethreehumanannotatorsTheeffectof adentin themid-range,
whichwe obsenedwith percentagreementhasdisappearedsaluesincreasesteadilywith compression.

With respecto comparingsystemsyWebsummagainhasanadwantageover MEAD for longersummariesut
notfor 20%or less.Humansonly catchup with lead-basedummariesn lengthsof 50%or more.

6.1.3 Kappa

Kappais asuperiormeasureo both precisionandrecallandto percentagreemenasit factorsrandomagreement
out. Figure 6.7 summarizeresultsfor all compressiorratesand systemsaveragedover clusters. Again, more
detailedtables(by cluster)canbefoundin theappendix.

The numericalfiguresin Kappaarelower thanpercentagreementwhich is a side-efect of arandomagree-
mentlargerthan0. Theratherlarge numericaldifferencebetweerthe numbersn Figures6.2 and6.7 show that
randomagreemenis ratherhighin our dataset.

Onebaselinds not shovn here,but is built into the definition of Kappato be zero: comparionof onehuman
with arandomprocessvherebythe distribution is followedis zeroon average.We have empirically confirmed
with experimentgnotshavn here)thatrandomagreementloesachiese K=0 if we compareherandomprocessor
againstahuman(or any otherprocess).

The interpretationof Kappavaluesis possibleaccordingto two scales. On Krippendorf’s (1980) scale,
agreemenbf K=.8 or above is consideredasreliable,agreementf .67—.8asmaminally reliableandagreement
of K<.67 asunreliable. On Landisand Koch’s (1977) moreforgiving scale,agreementf .0-.2is considered
asshawing “slight” correlation,.21—-.4as"“fair”, .41-.6as"moderate”,.61-0.8as"substantial’,and.81-1.0as
“almostperfect”.

Ourresultswhile very differentfrom random,do not shav high agreemenamongstiumansn our case.The
relatively low agreementanbe dueto a numberof reasons.Firstly, the literaturehaslong notedlow human
agreemenin thetaskof sentencextraction. It simply doesnot seemto be a problemthatis intuitive to humans,
giventhevaguenessf relevancein general.Secondlyif ataskis notintrinsically intuitive, onecanstill achieve
highagreemenby traininghumansandby cyclically improving theguidelineswhich aretheguardof theseman-
tics of eachdecision.In our case we hadgiventhe annotator®nly vagueguidelinesiwe hadno way of making
thoseguidelinesmorestringentafter measuringhe first results,like onewould normally do, andwe hadin fact
no secondchanceof trainingthe annotatoragain.In thelight of theserestrictionsandconsideringhatsentence
extractionis alow-agreementask,the agreemenéchieved canbe consideredeasonable.

Thenumberseverthelesshav thefollowing trends:

e Thenumbersalsoshow aratherlow agreemenbetweerhumansandall systemsandbaselinesHowever,
theautomaticsystemseattherandombaselineby far.

e MEAD outperform3Mebsumnfor all but the 5% targetlength.
e Leadsummarieperformbestbelon 20%,whereashumanagreemenis higherafterthat.

e Thereis aratherlargedifferencebetweerthetwo summarizerandthe humangexceptfor the 5% casefor
Websumm).This numericaldifferenceis relatively higherthanfor any otherco-selectiormeasurdreated
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
Randonvs. Humans 125 | .356 | .211 | .247 | .089 | .200 | .294 | .169 | .500 .270

Figure6.8: Totals,humansss. randommultidocumenextraction,kappa,10 clusters

Multi-document summaries of length
50 words, kappa on 10 clusters

Figure6.9: Multi-documentresults(50 words,kappa,10 clusters)

e Agreemenimproveswith summarylength.

We alsohave someresultson multi-documensummariegnotethatall resultsquotedaborve concernedingle-
documentsummaries).Figure 6.8 and figure 6.9 shav theseresultsfor the first 10 clusters. Similarly to the
single-documentesults,theseresultsshav large differencesbetweenclusters. We reportthe multidocument
resultsin kappaonly, askappahasthe bestpropertiesof all co-selectiormeasuresonsidered.

Oneof our conclusionanustbe that co-selectioris not one of the mostsensitve metricsfor summarization
systemperformancealthoughit is commonlyusedin thefield. As thenext sectionwill shaw, similarity measures
area muchbettermetric of similarity betweeridealsummaryandsystemsummary
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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
Humans: Percent Agreement
(low compressions)

1

0.8

% Agr gi

1014

Humans: Percent Agreement
(high compressions)

1014

Figure6.10: Agreemenbetweer8 humanannotatorspercentagagreement
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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: Agreemenbf randomsummarywith 3 humanannotatorspercentagreement

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: Agreemenbf lead-baseds. 3 humanannotatorspercentagreement
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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: Agreemenbf MEAD vs. 3 humanannotatorspercentagreement
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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: Agreemenbf WEBSUMM with 3 humanannotatorspercentagreement

6.2 Content-basedresults

We have evaluatedsummariedor a setof 10 clusterscontaining10 documentsach. We presentthe average
resultsoverthe setof 1000documentslt is worth mentioningthatall content-basesdimilarity measurearemore
sensitve thanco-selectiormetrics.

6.2.1 Simple CosineSimilarity

Theresultsobtainedwith thesemeasure$or all therepresentationshosercanbeseerin Figures6.25,6.26,6.27,
and6.28. Usingthis measureMEAD obtainresultscloseto the humanextractsin mostof the compressiomates.
6.2.2 tf xidf CosineSimilarity

Theresultsobtainedwith thesemeasurefor all therepresentationshosercanbeseenn Figures6.29,6.30,6.31,
and6.32. Using this measurel.eadbasedobtainresultscloseto the humanextractsin mostof the compression
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

Precision and recall, human
agreement

Figure6.15: Agreemenbetweer3 humanannotatorsn 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: Agreemenbf randomsummarywith 3 humanannotatorsin 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: Agreemenof leadwith 3 humanannotatorsn 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: Agreemenbf MEAD vs. 3 humanannotatorsin 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: Agreemenbf Websumwith 3 humanannotatorsn 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- 127 | 157 | 1194 | 225 | .274 | .302 | .323 337 .354 .324
ters)

Kappa, human agreement

Figure6.20: Agreemenbetweer3 humanannotatorsn 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- .064 | .081 | .097 | .116 | .137 | .145 | .169 | .171 | .175 .156
ters)

Figure6.21: Agreemenbf randomsummariesvith 3 humanannotatorsn 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 A17 | 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 (20clus- | .180 | .198 | .213 | .220 | .261 | .284 | .287 | .304 | .316| .300
ters)

Figure6.22: Agreemenbf Lead-basedavith 3 humanannotators
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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 (20clus- | .109 | .136 | .168 | .192 | .230| .252 | .274 | .290 | .290 | .253
ters)

Figure6.23: Agreemenof MEAD with 3 humanannotators$n 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 (20clus- | .138 | .128 | .146 | .159 | .192
ters)

Figure6.24: Agreemenbf Websumwith 3 humanannotatorsn 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(0/1). Averageover 10 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| 053] 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(0/1). Averageover 10 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(0/1). Averageover 10 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(0/1). Averageover 10 ClustersLemmasandnounsastext 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(tf = idf). Averageover 10 Clusters.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 f * idf). Averageover 10 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(tf = idf). Averageover 10 ClustersLemmasandall 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 f  idf). Averageover 10 ClustersLemmasandnounsastext 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. Averageover 10 Clusters Wordsandall POSastext representation

Method 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%
LeadBased 0.42| 0.47| 048] 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. Averageover 10 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. Averageover 10 ClustersLemmasandall POSastext representation

6.2.3 Unigram Overlap Similarity

Theresultsobtainedwith thesemeasurefor all therepresentationshosercanbeseenn Figures6.33,6.34,6.35,

and6.36. Using this measurel.ead Basedobtainresultscloseto the humanextractsin mostof the compression
rateswhile MEAD is rankedsecond.

6.2.4 Bigram Overlap Similarity

Theresultsobtainedwith thesemeasurefor all therepresentationshosercanbeseerin Figures6.37,6.38,6.39,

and6.40. Using this measurel.ead Basedobtainresultscloseto the humanextractsin mostof the compression
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| 047| 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.Averageover 10 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.Averageover 10 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: Bigram Overlap. Averageover 10 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.Averageover 10 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: Bigram Overlap.Averageover 10 Clusters.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: LongestCommonSubsequencéverageover 10 Clusters 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: LongestCommonSubsequencéverageover 10 Clusters Wordsandnounsastext representation

6.2.5 LongestCommon Subsequence&imilarity

Theresultsobtainedwith thesemeasurefor all therepresentationshosercanbeseerin Figures6.41,6.42,6.43,
and6.44.Usingthis measureno systemobtainbetterresultsin the majority of the cases.

6.3 Relative Utility results

We ranfour experimentsto computerelative utility valuesfor a numberof summarizersttensummarylengths.
We alsoproducedrelative utility valuesfor afew baselines lead-basedndrandomsummaries.

6.3.1 Single-documentl/R values

In the experimentsbelow, Jis the upperbound. R is the lower boundon the performancenf an extractive sum-
marizer Reasonablsummarizerare expectedto have relative utility Sin therangebetweerR 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: LongestCommonSubsequenceéiverageover 10 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:LongestCommonSubsequencéverageover 10 Clusters Lemmasandnounsastext representation

Relative utiity (upper and lower bounds), Q125, 5%

Figure 6.45: Interjudgeagreemen{J) and randomperformanceg(R) for cluster125, per document,5% target
length

occasionallyonaparticularinputandata particularsummarylength)a summarizecanscoreworsethanrandom
or betterthanJ. However, whenaveragingover anumberof clusterstheseoutlierscancelout.
Figures6.45and6.46shav how single-documeni andR vary by documentwithin a cluster Thefirst figure

is for 5% extractsandthe secondone— for 20% extracts. The areabetweerthe two linesis whereareasonable
summarizess performancdies.

6.3.2 Single-documentRU evaluation

We computed/ (interjudgeagreement)R (randomperformance)S (systemperformance)and D (normalized
systemperformancepver all 20 clusterg(total = 200documents)Theresultsarepresentedn Figure6.48.

We shouldnotethe conceptof a randomsummaryproducedby picking randomsentencegivena summary
lengthis differentfrom the idea of R asdescribedabore. To produceR, we averageover all possible(’;)
combinationsof e sentencesut of n wherethe randomsummarymethodproducesonly onesuchcombination.

It shouldbe expected over alarge sample thatRANDOM extractsperformaspoorly as R andour experiments
shaw thatsuchis indeedthe case.
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Relative utiity (upper and lower bounds), Q125, 20%
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Figure6.46: Relatve utility - interjudgeagreementl) andrandomperformancéR) for clusterl125,perdocument,
20%targetlength

Relative utility (upper and lower bounds), Q125, 40%
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Figure6.47: Relatve utility - upperandlower boundsfor clusterl25,perdocument40%targetlength
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Thesingle-documentesultstablescompareMEAD with WEBSUMM andthetwo baseline)RANDOM and
LEAD.

Severalinterestingobsenationscanbe madelooking at the datain Figure 6.48. First, randomperformance
is quite high althoughcertainlybeatableasshavn in Figures6.45and6.46. Second boththe lower bound(J)
andthe upperbound(R) increasewith summarylength. Third, even thoughthe performance®f MEAD and
WEBSUMM (S) also increasewith summarylength, MEAD’s normalizedversion(D) decreaseslowly with
summanengthuntil thetwo summarizerscoreaboutthe sameon both S andD for longersummariesFourth,
for summarylengthsof 80% and above, R getsreally closeto J shawving that reasonablesummarizatiorthat
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 | 083 071|079 | 068 | 0.71 | 0.01 | 0.77 | 0.52 | 0.76 | 0.43
30 | 085 | 0.74| 081 | 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 | 089 | 0.79| 0.85| 0.61| 0.79 | 0.01 | 0.86 | 0.63 | 0.85| 0.55
60 | 092| 083|088 | 059| 083 | 002 | 0.89 | 0.63| 0.87| 0.42
70 | 094 | 0.86 | 091 | 0.58 | 0.87 | 0.08 | 0.92 | 0.69 | 0.90 | 0.48
80 | 096 | 091 | 093 | 0.45| 091 | 0.05 | 0.94 | 0.66 | 0.93 | 0.36
90 | 098 | 096 | 0.97 | 0.37| 0.96 | 0.04 | 0.98 | 0.68 | 0.97 | 0.53

Figure6.48: Single-documenRelative Utility

6.3.3 Multi-doc RU evaluation

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

As onecanseefrom thetable,multi-documenRU is slightly lowerthansingle-documenRU. We believe that
this canbe explainedby the factthatthe distribution of scoresby the samejudgeacrosdifferentarticlesin the
sameclusteris notuniform. Somedocumentgontainonly asmallnumberof high-utility sentenceandcontribute
to theincreasean RU for single-documents. multi-document.In additionto RU, the lower bound(R) andthe
uppedbound(J) arealsoslightly lower for multi-documenextracts.As aresult,the normalizedpoerformancegD)
is almostexactly the samein bothcasesp

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 | 081 069| 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| 082 | 058 | 0.79 | 0.11 | 0.84 | 0.70
60 | 0.88| 0.80| 0.84 | 052 | 0.81| 0.00 | 0.86 | 0.66
70 | 091| 082| 0.86| 049 | 0.85| 0.06 | 0.88 | 0.59
80 | 092| 084 | 0.88| 0.45| 0.89 | 0.03 | 0.90 | 0.55
90 | 093 | 0.86| 0.89 | 0.36| 0.93 | -0.04| 0.91 | 0.52

Figure6.49: Multi-DocumentRelative Utility

Figures6.50 and 6.51 summarizethe resultsobtainedthroughthe (non-normalizedyelative utility method.
As thefiguresindicate ,randomperformances quite high althoughall non-randommethodsoutperformit signif-
icantly. Further in boththe single-andmulti-documentase MEAD outperformsLEAD for shortersummaries
(5-30%). The lower bound(R) representshe averageperformanceof all extractsat the given summarylength
while theupperbound(J) is theinterjudgeagreemenamongthethreejudges.
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Single-doc relative utility (RU) per summary method and extract length

uuuuu

Figure6.50: RU persummarizeandtargetlength(Single-document)

Multi-doc relative utlity (RU) per summary method and extract length

Figure6.51: RU persummarizeandtargetlength(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 persummarizeandsummarylength(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 persummarizeandsummarylength(Multi-document)
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6.4 IR results

Figure6.54: Averageperformancef retrieving varioussummariegor queriesl—20

Figure6.54depictstherecall-precisiorgraphsof theaverageperformancef retrieving varioussummariesor
20 queries.Thesummarieshave 30% sentence-basddngth. This plot alsoshaws the performanceof retrieving
thefull-length documentsAs showvn in the plot, precisionandrecalltendto beinverselyrelatedasexpected We
canobsene thatthe retrieval resultsare generallyclosefor differentkinds of summariesaswell asfull-length
documentdor therecallregionlessthan0.1. In therecallregion betweer0.1and0.4,MEAD summaryperforms
betterthanotherkinds of summariesandslightly betterthanfull-length documentsFor therecallregion greater
than0.5, theretrieval resultof full-length documentsachievesa higherprecisionthansummariesin this region,
the lead-basedummaryperformsslightly betteramongother summariesalbeit small difference. Finally, the
randomsummaryconsistentlyobtainsinferior performanceverthewholerecallspectrum.
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Figure6.55: Mono-lingualretrieval of Englishfull-length documentgor queriesl — 10

Figures6.55and6.56 depictthe recall-precisiorgraphsof mono-lingualretrieval of Englishfull-length doc-
umentsfor thefirst 10 andthe next 10 queriesrespectiely. As for typical behaior, precisionandrecalltendto
beinverselyrelated.

Figures6.57and6.58depicttherecall-precisiorgraphsof mono-lingualretrieval of Chinesdull-length doc-
umentsfor thefirst 10 andthe next 10 queriesrespectiely. In general Chinesemono-lingualretrieval is slightly
lesseffective thanthatof Englishmono-lingualretrieval.

Figures6.59and6.60depictthe recall-precisiorgraphsof cross-linguaretrieval of Chinesefull-length doc-
umentsusingEnglishqueriesfor thefirst 10 andthe next 10 queriesrespectiely. Both Englishcross-linguale-
trievalandChinesemono-linguaketrieval involveretrieving Chinesedocumentsin general Englishcross-lingual
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Figure6.56: Mono-lingualretrieval of Englishfull-length documentgor queriesl1-20
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Figure6.57: Mono-lingualretrieval of Chinesdull-length documentgor queriesl-10
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Figure6.58: Mono-lingualretrieval of Chinesefull-length documentgor queriesl1-20
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Precision

Figure6.59: Cross-linguatetrieval of Chinesdull-length documentgor queriesl-10
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Figure6.60: Cross-linguatetrieval of Chinesdull-length documentgor queries11-20
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retrieval is lesseffective thanthat of Chinesemono-lingualretrieval. Neverthelessthe averageperformancas
quite satishctoryascomparedvith therecentcross-linguatrackin TREC-9evaluation.
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Figure6.61: Averageperformancef retrieving full-length documentgor queries1—20

Figures6.61depictstherecall-precisiomgraphsof theaverageperformancef retrieving full-lengthdocuments
for Englishmono-lingual,Chinesemono-lingual andEnglishcross-linguatetrieval.

6.5 Relevancecorrelation results

We presenteveralresultsusingRelevanceCorrelation.Figures6.62and6.63shov how RC changeslepending
on the summarizermandthe languageused. In thesefigures,an RC valueof 1 is obtainedwhenfull documents
(FD) arecomparedo themseles. All surrogategor the setof full documentgyetlower scores.Onecannotice

thatevenrandomextractsgetarelatively high RC score.lt is alsoworth observingthat Chinesesummariescore
lower thantheir correspondindenglishsummaries.

Relevance Correlation (RU) per summarizer (English, 20%)
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mciz
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lmcazs

Figure6.62: Relevancecorrelationpersummarize(English20%)

Figure6.64shaws the effectsof summarylengthandsummarizeren RC.
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Relevance Correlation (RC) per summarizer (Chinese, 20%)

BAVG(10Q)
mci12
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Dcsst
mcizs
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lmcazs 1 066 084 059 058 06
locsst 1 001 075 072 075 07
lmcizs 1 087 075 072 071 075
[oc2ar 1 093 085 083 083 085

Figure6.63: Relevancecorrelationper summarize{Chinese 20%)

Relevance Correlation (RC) per compression rate and summarizer (English)

Compression rate

) MEAD WEBS LEAD SUMM RAND
EED 1 0124 073 066 0522 0554
m10% 1 0834 0804 073 071 0708
[020% 1 0916 0876 082 082 0518
lo30%. 1 0946 0912 088 0848 0884
[ma0% 1 0962 0936 0906 0.862 0.922

Figure6.64: Relevancecorrelationpersummarylengthandsummarizer

Relevance Preservation Value (RPV) as a function of compression rate (RANDOM)
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Figure6.65: Relevancecorrelationasa function of compressiomate(RANDOM)
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different

(English, 20%)
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Figure6.66: Relevancecorrelationfor differentsummarizer¢english,20%)
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(Chinese, 20%)
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Figure6.67: Relevancecorrelationfor differentsummarizerg¢Chinese20%)

Relevance Preservation Value (RPV) per compression rate and summarizer (English, 5 queries)
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Figure6.68: RelevancecorrelationpercompressiomateandsummarizefEnglish,5 queries)
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rate and policy (RANDOM, English, 5
queries)
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Figure6.69: Relevancecorrelationpercompressiomateandcompressiompolicy (RANDOM, English,5 queries)

Value (RPV) per rate and policy (MEADORIG, English,

5 queries)
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Figure 6.70: Relevancecorrelationper compressiorrate and compressiorpolicy (MEADORIG, English, 5
queries)
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Figure6.71: Relevancecorrelationpercompressiomateandcompressiomolicy (MEADORIG, English,5 query
average)
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Relevance Preservation Value (RPV) with and without cutoff (English, 5%)
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Figure6.72

:Relevancecorrelationwith andwithout cutoff (English,5%)

Relevance Preservation Value (RPV) with and without cutoff (English, 10%)
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Figure6.73: Relevancecorrelationwith andwithout cutoff (English,10%)
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Figure6.74: Relevancecorrelationwith andwithout cutoff (English,20%)
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Relevance Preservation Value (RPV) per MEAD policy (5 queries)
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Figure6.75: Relevancecorrelationfor differentMEAD parameters
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Chapter 7

Conclusion

We presentedvhatwe believe is the largestcollaboratie effort ever to build an annotatedcorpusfor text sum-
marizationalongwith a batteryof methodsfor producingextractive summarizersand running comparison®f
multiple summarizershoth single-documenandmulti-document.

We madeseveralinterestingcontributionsto text summarization:

First, we obsened that different metrics rank summariesdifferently, althoughmost of them shaved that
“intelligent” summarizersutperformead-basedummariesvhichis encouragingyiventhatpreviousresultshad
castdoubton theability of summarizerso do betterthansimplebaselines.

Secondwe introduceda new evaluationmetric, RelevzanceCorrelation,which canbe usedto performlarge-
scalesummaryevaluationsover large corpora.

Third, we also performeda numberof experimentswhich will be describedn detail elsavhere- namely
comparisorof manualextractsand manualsummariescross-lingualsummarizatiorusing sentencealignment,
andevaluationof cross-linguasummaries.

Fourth,we developeda summarizationoolkit includingamodularstate-of-thert summarizersingle-document,
multi-documentgeneric,query-based.

Fifth, we developeda summarizatiorevaluationtoolkit allowing comparisondetweenextractive and non-
extractive summaries.

Sixth, we performedthefirst ever large-scalesvalatuationof summarizatiorusingRelative Utility andRele-
vanceCorrelation,comparinghemto moreestablishe@valuationmeasures.

Seventh, we confirmedthat the differentmetricshave differentpropertieswrt. scalability applicability to
multi-documensummariesability to includehumanagreementetc. Figure7.1is a metaevaluationof all evalu-
ationmetricsthatwe used.

[ Property [[ Prec,recall [ Kappa | NormalizedRU | Word overlap, cosine,LCS | RelevanceCorrelation ]
Agreemenbetweerhumanextracts X X X X X
Agreemenhumanextractsandautomatioextracts X X X X X
Agreemenhumansummarieshgracts X
Non-binarydecisions X X
Takesrandomagreemeninto accountby design X X
Full documentys. extracts X X
Systemawith differentsentencesegmentation X X
Multi-documentextracts X X X X
Full corpuscoverage X X

Figure7.1: Propertief evaluationmetricsusedin this project

Finally, we producedvhatwe believe is the largestandmostcompleteannotatedtorpusfor furtherresearch
in text summarization.

7.1 Main contributions

Therearefour mainresearctareasn text summarizationHereareour contributionsto eachof them:

¢ Relevancecorrelation:comparedo establisheavaluationmetrics
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¢ Relatve utility: large-scalesvaluation

e Comparisorof query-baseéndgenericsummarization
e Comparisorof manualextractsandmanualsummaries
e Cross-linguasummarizatiorusingalignment

e Evaluationof cross-linguasummaries

7.2 Technicalaccomplishments

e Developasummarizatiortoolkit includinga modularstate-of-the-arsummarizersingle-documeniulti-
documentgenericandquery-based

e Develop a summarizatiorevaluationtoolkit allowing comparisondetweenextractve and non-etractive
summaries

e Produceaverylargescaleannotatedorpusfor furtherresearchn text summarization

7.3 Futurework

¢ Analysisof humandatafor subsumption
e Evaluatetrainableframenork

e Fact-baseavaluation

e Task-base@valuation

e Determineoptimalcompressiomate

We will investigatethe connectiorbetweerRU, subsumptiorandthe taxonomyof cross-documenelation-
ships(suchas paraphrasefollow-up, elaboration,etc.) setforth in Cross-DocumenStructureTheory (CST)
(Rader, 2000;Zhangetal., 2002).

Perhapghe mostinterestingand challengingaspectof multi-documentsummarizationis relatedto the fact
thattechniquesreneededo effectively computespecificrelationsthathold acrosdifferentsources.

Oneof suchrelationshipss, for example,crossdocumento-referencewherethe systermeeddo identify if
linguistic expressiondrom differentsourcegefer to the sameentity in the world. For example,the expression
(1) “British PrimeMinister”, and(2) “Tony Blair”, in two differentdocumentxanreferto the sameentity in the
world giventhat (1) refersto the Prime Minister of Britain in the year2001. This is not trivial, becausehe ex-
pressiortBritish PrimeMinister” couldreferto differententitiesat differenttimes. Not only entity co-reference
is neededbut alsoevent co-referencewherethe systemshouldbe ableto establishfor example,that “today’s
tragicevents”and“the Sept.11 terroristattacks referindeedto the sameterroristattackson the Twin Towers.

As MDS systemaeedto addresghe problemof identifying redundang anddifferencesacrossdocuments,
it is usefulto take a look at somepreliminary characterizationsf thesetwo notions. Following Mani (2001),
redundang acrossdocumentanbe characterizedisingthe following criteria:

e two text elementsare semanticallyequivalentwhenthey have the samemeaning. This is the linguistic
notionof paraphrase;

o twotext elementsarestring-identicalvhenthey arethesamestring(stringidenticaldoesnotentailsemantic
equialenceremembethe“Prime Minister” example);

e two text elementsareinformationally equivalentif they containthe sameinformation: one canbe used
insteadof the otherwithout or with minimumloseof information;
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e onetext elementA subsumes text elementB if theinformationin B is containedn A (A containsaddi-
tionalinformation);

Differencescanbe characterizedn termsof informationalequivalenceand information subsumption.One
pieceof informationin one documentthat cover a pieceof informationin anothercanbe seenasdifferentin
the level of detail or perspeciie. Differencesacrossdocumentss still an openresearchtopic. Rader (2000)
hasidentifieda setof 24 relationsacrossdocumentssomerelatedto the problemof detectingdifferenceqe.g.,
elaborationcontradictionrefinementgetc.).

Finally, we needto mentionthatthe useof relative utility is notlimited to the evaluationof sentencextracts.
We will investigatats applicabilityto otherevaluationtasks suchasad-hocretrieval andword sensalisambigua-
tion.
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Appendix A

Userdocumentation

A.1 Intr oduction

A.1.1 What is automatic text summarization

Accordingto Mani (2001),"the goalof automaticsummarizatiorns to take aninformationsource gxtractcontent
from it, andpresenthe mostimportantcontentto the userin a condensedorm andin a mannersensitve to the
usersor applicationsneed”.

A.1.2 Sentenceextraction

Extractve summarizations the mostrobustmethodfor text summarizationlt involvesassigningsaliencescores
to someunits (e.g.,sentencesr paragraphspf a documentor a setof documentsandextractingthesewith the
highestscores.

A.1.3 MEAD

MEAD is a publicly availabletoolkit for multi-lingual summarizatiorand evaluation. The toolkit implements
multiple summarizatioralgorithms(at arbitrarycompressiomates)suchasposition-based] F*IDF, largestcom-
monsubsequencandkeywords. Themethoddor evaluatingthe quality of thesummariesrebothintrinsic (such
asperceniagreementprecision/recallandrelative utility) andextrinsic (documentank).

MEAD is written in Perlandrequiresa numberof externalpackagego run. A full list of suchpackagess
includedin the DownloadingandInstallationSections.

Thecurrentrelease3.04betaincludessupportfor EnglishandMandarinin a Solariservironment.We believe
thatportingto Linux is fairly straightforvard. Pleasecontactthe mailing list (seebelow) if you areinterestedn
portingMEAD to Linux.

Adding new (human)languageshouldbe equallyeasy Pleasecontactthe mailing list if you areinterested.

A.1.4 MEAD functionality

MEAD canperformmary differentsummarizatiortasks.

Extractive single-documensummarization

Extractive multi-documensummarization

Baselinesummarization

— Lead-based
— Random

Monolingualsummarizationn differentlanguages
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— English

— Chinese
e Query-basedummarization
e Evaluation

TheMEAD evaluationtoolkit allows severalwaysof performingcomparisons.

— human-humarmgreement
— computerhumanagreement
— computercomputeragreement

Four evaluationmethodsarecurrentlyavailable:

— Co-selectionprecision/recallKappa
— Content-based

— Relate utility

— Relevancecorrelation

A.1.5 Samplescenarios

MEAD canbeusedby mary typesof users.Hereareafew scenariosn which MEAD cancomein handy

Evaluateanexisting summarizer

Build asummarizefrom scratch

Testasummarizatiorfeature

Testa new evaluationmetric

Testa short-querymachinetranslationsystem

A.2 Downloading

A.2.1 Internal software

Internal softwareis the software thatis directly developedby the MEAD team. All internal software canbe
downloadedrom thejhu website.theurl is:

http://wwwi.clsp.jhu.edu/ws2001fgups/asmd

To getstarted, only MEAD306.tar.gzis needed.

¢ MEAD306.targz
— TheMEAD summarizeitself.
e LEAD & RANDOM Extractor
— Lead-base@ndRandomSummarizers Includedin the MEAD306 distribution.

A.2.2 External software

Externalsoftwareis the softwarethatis usedwith MEAD, but wasnot developedby the MEAD team. You will
needexpat, XML::Parser XML::Writer, anda few othermoduleg(seebelow for afull list) to getstarted.
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We have includedthe essentiapackage®f externalsoftwarewith the MEAD distribution, but if you wish to
downloadthemandotherusefulpackagegyourself,we includetheseandotherpackages$ere.

e Perl 5.50r above

— http://lwww.perl.com
e expat—needed

— http://sourcefoge.net/projectsigpat/
e XML::P arser - needed

— http:/lwww.cpan.og/authors/id/C/CO/COOPERCL/XMLdser2.30.tar.gz
e XML::Writer - needed

— http://lwww.cpan.og/authors/id/DMEGG/XML-Writer-0.4 tar.gz
e XML::T reehuilder - optional

— http://lwww.cpan.og/authors/id/S/SB/SBRKE/XML-T reeBuilcer-3.08.targz
e HTML:: T agSet- optional

— http://lwww.cpan.og/authors/id/S/SB/SBRKE/HTML-Tagset-303.targz
e HTML::T ree- optional

— http://www.cpan.og/authors/id/S/SB/SBRKE/HTML-Tree3.11.targz
e HTML::Element - optional

— includedin HTML::Tree
e Support Vector Machines(SVM) : for trainable summarization only

— http://ais.gmd.de/"thorsten/sviight/
e SMART: for evaluation by RelevanceCorr elation only

— ftp://ftp.cs.cornell.edu/pub/smart/
e LT-XML - optional

— http://lwww.ltg.ed.ac.uk/softare/xml/index.html

A.3 Architecture

A.3.1 ConceptualDirectories
e MEAD _TEST= directoryto storetestfiles.
e MEAD _DIR = basedirectoryto install MEAD under

— PROGRAM_DIR = $MEAD_DIR/programs
x SCRIPTDIR = $PROGRAM_DIR/scripts
— LIBRARY _DIR = $MEAD _DIR/libraries
— DATA_DIR = $MEAD_DIR/doc
— DATA_DIR = $SMEAD _DIR/data
x COLLECTIONSDIR = $DATA _DIR/collections
— DTD_DIR = $MEAD _DIR/dtd
— EXT_DIR - $MEAD _DIR/extensions
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A.3.2 Main Objects
The DTDs describinghe XML objectsusedin MEAD arelisted atthe endof this document.

Cluster

A clusterobjectlists the namesof the documentshatwill be summarized.

<?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 docjudgeobjectdescribegheretrieval rankingobtainedfrom the searchengine(Smart)givena query

<?xml version="1.0"?>
<IDOCTYPE DOC-JUDGE SYSTEM"/export/wsO01summ/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 adocumeniwvith Part of Speechrags.
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<?xml version="1.0’ encoding="UTF-8'?>

<IDOCTYPE 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='l’" 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='1l" 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> <wW
C='NNP’>Wales</W> <W C='CC’>and</W> <W

C='DT’>the</W>  <W C='NNP’>President</W> <W C='IN">of</W> <wW
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="3J>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 documentontainghetext thatis goingto be summarized

<?xml version="1.0'?>

Length 9" RUN=" COMP
RESSION="20" QID="D-19970701_001.e"/><BODY>
<TEXT>

countries and international organisations, and about

Chee Hwa, the Chief Executive of the Hong Kong Special
Region (HKSAR) of the PRC. This was followed at the

Administrative Region (HKSAR) within  the first minute

and Hong Kong Flags

Administrative Region Flags Departure of Flag Parties
President  of the People’s Republic of China, Mr Jiang
of Officiating Parties

Departure  of Guards of Honour

</TEXT>

</BODY>

</DOCUMENT>

<IDOCTYPE DOCUMENTBYSTEM afs-clairfMEAD3/dtd/document.dtd’>
<DOCUMENDID='D-19970701_001.e’ DOCNO="1" LANG='ENG’ >
<EXTRACTION-INFO SYSTEM="./hkmead.pl =~ Centroid 1 Position 1

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

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

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
(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

Chinese National ~Anthem Raising of Chinese and Hong Kong Special

400 of the

Administrative
stroke  of

of the new day

Speech by
Zemin Departure

FigureA.4: Documenibject

Extract

An Extractcontainsa list of sentenceshatwill be usedin the summary Sentencesresortedin the orderthey

appear

Query

A queryobjectdescribeghetext of aretrieval query(in Englishor Chinese).

Sentalign

A Sentalignobjectdescribeshe sentencenappingsbetweertwo translationof the samedocument.

Sentjudge

A sentjudgebjectis usedio describesentenceitility scoregivenby judgestoindividual sentences adocument

or cluster

Summary

The Summaryis thefinal outputfrom the summarizatiorprocess.
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<QUERYQID="Q-551-E"

QNO="551" TRANSLATED="NO">

<?xml version="1.0" encoding="UTF-8"?>
<IDOCTYPE EXTRACT SYSTEM"/afs-clairfMEAD3/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"?>
<IDOCTYPE QUERYSYSTEM"../../../dtd/query.dtd" >

<TITLE>

Natural  disaster victims  aided

</TITLE>

</QUERY>

FigureA.6: Queryobject

<?xml version="1.0" encoding="UTF-8"?>
<IDOCTYPE SENTALIGN SYSTEM"/export/wsO1lsumm/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: Sentjudgenbject
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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 Aprii 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 driverprogramrequiresaconfiguratiorfile which specifiedor it all of theprogramsanddatait needs.
Seeanexamplein FigureA.10.

<MEAD-CONFIGLANG="ENG" CLUSTER-PATH="/afs-clairfMEAD3/data/" \\
TARGET="Group_551 DATA-DIRECTORY=/afs-clair/MEAD3/data/">

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

SCRIPT="/afs-clairMEAD3/programs/scripts/Centroi d.pl HK-WORD-enidf ENG"/>
<FEATURE NAME="Position"

SCRIPT="/afs-clairfMEAD3/programs/scripts/Positio n.pl"/>
<FEATURE NAME="Length"

SCRIPT="/afs-clairMEAD3/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: MeadConfigobject

<MEAD-CONFIG >
LANG: ENGor CHIN
CLUSTER-RATH: Pathto the.clusterfile youwantto summarize.
DATA-DIRECTORY: Pathwherethe sourcedocumentsn docsenformatarelocated.
TARGET: Thenameof theclusterfile (withoutthe.cluster)

<FEATURE-SET>
BASE-DIRECTORY: PathwhereMEAD will producefeatures.

<FEATURE> NAME: The nameof thefeatureto use
SCRIPT Thefull-path pointerto (includingoptions)the scriptwhichwill be usedto generatehis featureshould
it notexistin BASE-DIRECTORY above

<CLASSIFIER >
COMMAND-LINE: Shouldpointto hkmead.p(whereeerit is).

<RERANKER >
COMMAND-LINE: Shouldpointto default-reranler.pl (whereverit is).

<COMPRESSION>

BASIS: sentencesr words
PERCENT Whatpercentagef thefull documentengthshouldthe summarydocumentengthbe?

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 Perlinstalled. The Englishexamplesreferredto in this documentatiohave beentested
on Perl5.6.00n Solaris5.7 and Linux (kernel2.2 and 2.4). The Chineseexampleshave beentestedon
Linux (kernel2.2)with perl5.6.0.

2. UnpackMEAD 306.targz. Fromnow onthedirectoryin which you have installedthe MEAD fileswill be
referredto asMEADBASE.

3. fromMEADBASE,run“perl Install.PL ". If thereareinstallation-relategroblemsn runningMEAD
later, referto this script’s outputwhenemailingthe MEAD team.

A.4.3 Running MEAD onthe English Example
1. cd MEADBASE/bin/program
2. cat mead.config | driver.pl \

> English.extract

This configfile is built for you automatically SeesectionA.3.2 for instructionson configuratiorfiles.

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

A.4.4 Running MEAD onthe ChineseExample
Preliminary Notes

We have provided routinesfor corverting clustersof plain text Chinesedocumentsnto MEAD compatible
data.Theonly stipulationswe placeon documenformattingareasfollows:

1. Youshouldknow the encodingof the documents/ou areworking with. If you're not sure,a goodrule of
thumbis asfollows:

SimplifiedChinese:GB2312
TraditionalChinese BIG5

2. All of the documentsn the clustershouldbe encodedusingthe samestandardi.e. don’t mix BIG5 and
GB2312documents).

3. Thedocumentshouldbeword-sggmentedNote: We usedthesegmenterathttp://www. mandarintools.com
to sgmentthe example.This segmentetis quite old, andwe advisefinding anotheronefor bestresults.

List Format

If youwish MEAD to summarizeyour documentsasa multidocumentluster you shouldprovide to us afile in
thefollowing format:

<pointer-to-file1>
<pointer-to-file2>

<pointer-to-filen>
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GB18030Compatability

As of the writing of this documentthe glibc implementationof iconv, a library which corvertsamongdif-
ferentencodingss NOT fully compatiblewith the latestencodingstandardof the Peoples Republicof China
(GB18030).This meanghatmary documentg! find about1/4 on xin huawang)from up-to-dateChineseweb-
siteswill crashthe corversionroutines.

NOTE: GB18030is backwardscompatible(all GB2312encodinganapto the samecharacters)so mary doc-
umentsthat areactuallyencodedn GB18030arelabeledas GB2312documents.f thesedocumentsontaina
charactewhichis undefinedn GB2312 they will crashthe corversionscripts.

SystemCompatibility
1. Linux: Fully compatiblewith GB2312.Compatiblewith SOME partsof GB18030.

2. Solaris7 andbelow: | have NOT gottentheseto work on GB2312. This will be addresse@®SAP. To test
yoursystemtry “ iconv  -f gb2312 -t BIG5".

3. Solaris8 andabove: | haven't hada chanceo testthese.SunclaimsthatSolaris8 (02/02patch)andabove
arefully compatiblewith GB18030.

Running The Example

This exampleis a two-article clusterfrom xin huawang (The websiteof China’s largestnewns ageng). It
discusseJaiwan’s decisionto use”"Commonpinyin”. It is encodedn GB2312.

1. Runthecorversionscript.

<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 gh2312
$cd ../program

2. Editthemeadconfigfile

<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 plo\
../../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 oductionto MEAD Features

MEAD extractive summariescoresentenceaccordingto certainfeaturesthesesentencedave. The default
classifiefHKMEAD) usesPosition,Centroid,andLength,but MEAD featuresanpotentiallyreferto ary feature
that a sentencenas(how mary nhamedentitiesor anaphordt contains,for instance). The only stipulationthat
MEAD placeson its featuresis that they be real-valued. The MEAD distribution containsalso the FirstSim
featurewhich computeghe cosinesimilarity betweera sentencendthefirst sentencén the document.

In orderto facilitate the easycreationand integration of new features MEAD provides an interfaceto the
featuresusingtheinterfacelibrary Feature Extractorpm. This sectiondescribeghe useof this library.

A.5.2 The Feature Extractor Interface
Sent-FeatureFiles

Sent-Featuréles containthe valuesof featuredor eachsentenceThesearethe outputof all FeatureCalcula-
tion scripts.Below is aDTD for sent-featurdiles:

<I[ELEMENT SENT-FEATURE(S)*>

<IELEMENT S (FEATURE)*>
<IATTLIST S
DID CDATA#REQUIRED
SNO CDATA#REQUIRED>

<IELEMENT FEATUREEMPTY>
<IATTLIST FEATURE
N CDATA#REQUIRED
UTIL CDATA#REQUIRED>

FigureA.11: Sentfeature.dtd

A featurescriptthatusesFeature Extractordoesnot needto explicitly write Sent-Featuréles, however. The
library will do thisfor you.

Thr ee-RassFeature Calculation

FeatureCalculationis donein threestages:Clustef DocumentandSentence A FeatureScriptmust usethe
Sentencestage. The othertwo stagesare optional. In orderto implementthe processingnecessaryor a stage,
write a subroutinesub-xwhich correspondso the stageand passa hashwith a key of "stage”anda valueof a
referenceo sub-xinto the Feature Extractorlibrary functionDo. A simpleexamplefollows:
Notethatthe’'Sentence’string mustappeatwerbatim(case-sensite) asthe key of the hashentrywhosevalueis
thereferenceo the 'Sentence’subroutine.A call which specifiesall stagedollows (againthe string keys must
matchexactly andarecase-sensie):

Do(\{'Cluster'=>\&cluster, 'Document’=>\&document, 'Sentence’ =>\&sentence}));
The $datadirvariablepointsto the directory containingthe docsenfiles whosesentencegou wantto calculate
thefeaturedor.

The Cluster Stage

Clusterroutinesarepassed clusterandcando whatprocessinghey 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 afeatureduringthe Sentencé&tage

e Clustersarereferences$o hashesvhosekeys areDIDs (strings)andwhosevaluesarereferenceso Docu-
ments

e Documentsarearraysof Sentences

¢ Sentencesarehashesvhosekeys arefeatureqstrings)andwhosevaluesarethe valuesof thosefeatures.
Theimportantfeaturedollow:

"TEXT” (string) Thetext of thesentence
"DID” (string) TheDID of thedocumento which the sentencéelongs

"SNO” (string) The numberof the sentencen its document

The DocumentStage

Documentoutinesarepassed Documentandcando whatprocessinghey needto with thatDocument.They
arecalledoncefor eachdocumenin thecluster

e Documentsarearraysof Sentence¢Seeabove for a descriptionof a Sentence)

The SentenceStage

Sentencegoutinesare passedwo variables: A Sentenceanda referenceo a feature vector Sentencearede-
scribedin the "Cluster Stage”sectionabove. Feature vectorsare hashesvhosekeys arethe namesof features
(strings)andwhosevaluesarethereal valuesof thefeaturesnamedby thosestrings.For example:

{'Centroid’'=>0.2, 'Position’ =>1}

After theSentenceoutinehasbeencalledfor everysentencén everydocumentn thecluster theFeature extractor
library writesto standarabuta Sent-Featuréle containingthevaluesfor thefeaturespecifiedn thefeature vector
for eachsentence.

A Skeleton Feature Extraction Routine

Includedwith the MEAD distributionis MEAD-B ASE/programs/scripts/Sleleton.pl, whichis aroutinethat
providesa minimal featurecalculationand can be usedas a jumping-off point to write your own features. If
Feature Extractoris installedcorrectly thenthe following commandshouldproducea sent-featurdile identical
to GA3.skeleton.sentfeatue (alsoin MEAD-B ASE/programs/scripts):

echo 'MEAD_BASE/data/GAS3.cluster’ | Skeleton.pl
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A.6 Adding newfeaturesto the classifier
Theranker computescoredor eachsentence.

¢ Input: Thisis afeaturefile (usuallytheoutputof fcombine.pl).Everyfeaturefile specifiedor eachsentence
in acluster a setof featuresanda valuefor eachfeature(for thatsentence).

e Output: Thisis a sentjudgdile. It indicatesa real numberfor eachsentencen a cluster In the caseof a
classifier this realnumberindicatesa scorefor eachsentence.

A.6.1 commandline arguments

The COMMAND-LINE attribute of CLASSIFIER shouldread”hkmead.pl<Feature} vall ... <Featuren
valn”. Eachsentenceecevesa scorethatis a linearcombinationof the featuredisted (providedthey arein the
input featurefile) EXCEPTfor the "Length” feature. ThuseachFeatureshouldbe givenwith the coeficcientof
thatfeatures "dimension”in thelinearcombination.
"Length”, if it is given,is a cutoff feature.Any sentencevith alengthshorterthan’Length” is automatically
givenascoreof 0, regardles®f its otherfeatures’Length” is the only featurethathasthesesemantics.
Thus./hkmead.plCentroid2 Position0.5 Length12 hasthefollowing interpretation:

score(sentence) = { 2 - (Centroid) + 0.5 - (Position) : Length(s) > 12 }

0 : Length(s) <12

A.7 Adding newrelations(sentence eranker)

The reranler is usedto reassignscoresto sentencedasedon relationshipsbetweenpairs of sentences.For
example,it canbe usedto give lower scoresto repeatedsentence®r higherscoresto sentenceshatarein an
anaphoriaelationshipwith anothersentence.

e Input: Thisis areranler-info file (thedtdis in the”dtd/” directory). A reranler-info file hasthreecompo-
nents:

1. Compressiofinformation—> PERCENTspecifieghe percentageompressiortie 20=20%compres-
sion),BASIS specifieghe % granularityatwhichto measureompressionlt shouldbeeither"words”
or "sentences”

2. Clusterinformation—> Thisis a”.cluster” file
3. Sentjudgeanformation—> Thisis a”.sentjudge’file

e Output: Thereranler, like the classifier outputsa sentjudgdfile. Thisway you can(if youwant) have no
reranleratall.

A.7.1 commandline arguments

The COMMAND-LINE attributeof RERANKERSshouldread’default-reranler.pl < Similarity-Function> < Threshold-
Value>".

<Similarity Functior>: The SimRoutinedibrary specifiesa haswith stringsaskeys andreferenceso func-
tionsasvalues.This argumentis sucha string (key in this hash).Thereranlerwill useit to calculatea similarity
valuefor two sentences.

<Thresholdvalue>: If sentenceareorderedl, 2, ...., n by scorefor asentence;, if the similarity valueis
lessthanthis thresholdfor all s;,0 < ¢ < j, thereranlerwill add1000to the scoreof j. Otherwise,it will do
nothing (effectively rankingthe sentencedast). Thusthe commandine "default-reranler.pl MEAD-cosine0.7”
says:

When comparingsentencedn the above fashion,usethe MEAD-cosinesimilarity routine. If this routine
returnsavaluegreaterthan0.7 for a pair of sentencegjo notadd1000to thelowerscoringsentence.
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A.8 SVM Documentation

This sectiondescribeshe dataformat and instructionsfor training and evaluationfor sentenceextractionin
MEAD usingSupportVectorMachines(SVM).

A.8.1 Data Format

The formatof training, tuning (development) andtestingdataaresimilar. Theformatis alsosimilar to the data
formatexpectedby the SVM package.Eachdatafile containscasesor samples.Eachsamplecorrespondso a
sentencandits featurevalues.Eachsamples describedyy oneline of recordwith syntaxasfollows:

<class> <feature-idt>:<feature-alue> <feature-id2-:<feature-alue2> ...

<class> canbe 1 or -1 representinghe correspondingsentences includedor not includedin the sample
summary

<feature-idx> is anintegerrepresenting featureid.
<feature-aluex> is arealnumberepresenting featurevalue.
Thereforegachrecordcontainghosefeaturesandtheir correspondingaluesfor a particularsentencelt also

containsvhetheror notthe sentencés includedin the samplesummary
Notethatthefeaturevaluesshouldbe normalizedsothatthevaluesfall betweerD and1.

A.8.2 Instructions for Porting, Training and Evaluation
Porting

e Makeadirectory e.g.trainablemeadwhichwill containall thedatafilesandSVM package.

DownloadSVM package

Copy svm_ classifyc to replacethe original svm.classifyc (save a backupof the original svm classifyc as
advised)

Compilethe SVM package

Prepardhetraining,tuning(derelopment) andtestingdata. Follow the dataformatdescribedabove. (Note
thatthefeaturevaluesshouldbe normalized.)

Training

%SVM/svm_learn -j <cost-parameter> <training .data> <learned-modeb>

where:

<cost-parameteris a parameteby which training errorson positive examplesoutweighterrorson negative ex-
ampleg(default1)

<training.data> is thetrainingdataset
<learned-modet is the outputlearnedmodel

e.g.

%SVM/svm_learn -j 5 training .data learned-model-j5

Theabove commandnvoke thetraining processisingthetraining data(training.data)wittcostparameteb.
Theoutputof thelearnedmodelis storedin thefile learned-model-j5This learned-modelill beusedin the
tuningandevaluationstages
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Tuning (Development)

% SVM/svm_classify <train.dev.data> <learned-modeb>

where:

<train.dev.data> is thetuning (developmentdataset
<learned-modet is thelearnedmodelobtainedfrom thetrainingstage

e.g.
% SVM/svm_classifytrain.dev.datalearned-model-j5

This commandnvokesthe classificatiorprocesn the tuningdata- train.dev.datausingthe learnedmodel-
learned-model-j5The linear weightsof eachfeaturearedisplayed. The accurag, precision,andrecall metrics
arealsoshown.

Typically, onewill conducttrainingusingdifferentparametersuchasdifferentcostfactors.Theninvoke the
classificatiorprocesdor eachlearnedmnodel. Onecanchoosehedesirednodelbasedn aparticularmetricsuch
asrecall.

Testing

% SVM/svm_classify <testing.data> <learned-model>
where:
<testing.data is thetestingdata<learned-mode} is the selectedearnedmodelaftertuning

e.g.
% SVM/svm_classifytesting.data learned-model-j5
This commandnvokesthe classificatiorproceson thetestingdata- testing.data

A.9 Miscellaneoustools
A numberof toolscomeswith the MEAD distribution. They canbefoundit the "extensions’directory

A.9.1 mkconfig

extensions/mkconfig.pl

A.9.2 Randomand Lead-basedsingle-documentsummarizers

extensions/lead-based @ttensions/random-based.pl

A.9.3 Random and Lead-basedmulti-document summarizers

extensions/clusterandom-atracta.pl

A.10 Evaluation

The MEAD evaluationtoolkit (which implementsprecision,recall, kappa,cosine,unigramandbigramoverlap,
andrelative utility) is availableathttp://perun.si.umich.edu/clair/meaal

A.11 Project Website

The MEAD projecthasa Web pageat JohnsHopkinsUniversity.

FigureA.13: Websitefor the MEAD projects
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A.12 Frequently Asked Questions

A.12.1 DoesMEAD only work onthe HK NewsCorpus?

No. Theexampleabove in Sectioninstallationshavs how to usea differentcorpus.

A.12.2 Can/| contribute to MEAD?

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

A.12.3 How canl gethelp?
Pleaseeferto the MEAD homepagéor help.

http://www.clsp.jhu.edu/ws2001fgups/asmd

A.12.4 Dol needalicenseto useMEAD

Not for themoment.Oncewe arebeyondthe betastage we will look into thisissue.

A.13 Demos

e WWWw.nensinessence.com

e perun.si.umich.edu/clair/meddno

A.14 Creditsfor MEAD
e DragomirRader - MEAD 1.0(2000),
e Sashalair-Goldensohn MEAD 2.0(Spring2001),

e JohnBlitzer, Elliott Drabek,ArdaCelebi,HongQi, DragomirRades, SimoneTeufel, HoracioSaggion\Wai
Lam,Daryu Liu, Sanje& Khudanpur MEAD 3.0 (the currentversion,SummerandFall 2001),

¢ InderjeetMani, Chin-Yew Lin - projectaffiliates,

e MichaelTopper- documentationdemosandporting,
e AdamWinkel - demos,

e Arda Celebi- Websiteanddistribution,

e FredJelinek,Bill Byrne,Sanje® KhudanpurLauraGrahamJacoh aderman hostsof the summemwork-
shopat JohnsHopkinswhereMEAD 3.0wasdeveloped,

e StephaniestrasselChrisCieri, David Graff (all from LDC) - corpuscreationandannotation,

¢ RalphWeischedelReginaBarzilay, David Day, Greg Silber, Dan Melamed,SeanBoisen- miscellaneous
adviceandresourcesandfinally,

e The MEAD betatestersgespeciallyJohnMurdie
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A.15 XML DTDs

A.15.1 clusterdtd

<IATTLIST CLUSTER
LANG (CHIN|ENG)

<IATTLIST D

<IELEMENT CLUSTER (D)*>

<I[ELEMENT D EMPTY>

DID ID #REQUIRED
ORDERCDATA #IMPLIED>

A.15.2 docjudge.dtd

<IELEMENT DOC-JUDGE (D)*>
<IATTLIST DOC-JUDGE
QID  CDATA#REQUIRED
SYSTEMCDATA #REQUIRED
LANG (CHINJENG) "ENG">

However, the original language
different.
Look this up in QID. -->

<I[ELEMENT D EMPTY>

<IATTLIST D
DID ID #REQUIRED
RANK CDATA #IMPLIED
CORR-DOCCDATA #IMPLIED
SCORECDATA #REQUIRED>

<l-- LANG refers to the language of the
Thus, it is the language of the documents.
of the query might be

retrieval process.
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A.15.3 docpos.dtd

<I-- DTD for

POS tagged -->

text

<IELEMENT DOCPOS(EXTRACTION-INFO?,

<IATTLIST DOCPOS
DID CDATA

DOCNOCDATA #IMPLIED
LANG (CHIN|JENG) "ENG"

CORR-DOCCDATA  #IMPLIED>

<l-- DID : documentid
LANG: language

B

#REQUIRED

>

<IELEMENT EXTRACTION-INFO EMPTY>

<IATTLIST EXTRACTION-INFO
SYSTEM CDATA #REQUIRED
RUN CDATA #IMPLIED
COMPRESSIONCDATA #REQUIRED
QID CDATA #REQUIRED>

<IELEMENT BODY (HEADLINE? ,TEXT)>

<I[ELEMENT HEADLINE (S)*>
<I[ELEMENT TEXT (S)*>

<IELEMENT S (W)*>
<IATTLIST S
PAR CDATA#REQUIRED
RSNT CDATA#REQUIRED
SNO CDATA#REQUIRED>
<l-- PAR: paragraph no
RSNT: relative sentence
SNO: absolute sentence no -->
<IELEMENT W (#PCDATA)>
<IATTLIST W
C CDATA#REQUIRED
L CDATA #IMPLIED>
<l-- Cis L is

the POS category. the

no (within

oDY)>

paragraph)

lemma -->
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A.15.4 docsent.dtd

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

<IELEMENT DOCSENT(EXTRACTION-INFO?, BODY)>
<IATTLIST DOCSENT

DID CDATA #REQUIRED

DOCNOCDATA #IMPLIED

LANG (CHIN|IENG) "ENG"

CORR-DOCCDATA  #IMPLIED>

<l--  DID : documentid

LANG: language -->

<IELEMENT EXTRACTION-INFO EMPTY>

<IATTLIST EXTRACTION-INFO
SYSTEM CDATA #REQUIRED
RUN CDATA #IMPLIED
COMPRESSIONCDATA #REQUIRED
QID CDATA #REQUIRED>

<IELEMENT BODY (HEADLINE? ,TEXT)>

<I[ELEMENT HEADLINE (S)*>
<IELEMENT TEXT (S)*>

<IELEMENT S (#PCDATA)>
<IATTLIST S
PAR CDATA#REQUIRED
RSNT CDATA#REQUIRED
SNO CDATA#REQUIRED>
<l-- PAR: paragraph no
RSNT: relative sentence no (within paragraph)
SNO: absolute sentence no -->
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A.15.5 document.dtd

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

<I[ELEMENT DOCUMENTEXTRACTION-INFO?, BODY)>
<IATTLIST DOCUMENT

DID CDATA #REQUIRED

DOCNO CDATA #IMPLIED

LANG (CHINIENG) "ENG"

CORR-DOCCDATA  #IMPLIED>

<l-- DID : documentid

LANG: language -->

<IELEMENT EXTRACTION-INFO EMPTY>

<IATTLIST EXTRACTION-INFO
SYSTEM CDATA #REQUIRED
RUN CDATA #IMPLIED
COMPRESSIONCDATA #REQUIRED
QID CDATA #REQUIRED>

<I[ELEMENT BODY (HEADLINE?,TEXT)>

<IELEMENT HEADLINE (#PCDATA)>
<IELEMENT TEXT (#PCDATA)>

A.15.6 extract.dtd

<IELEMENT EXTRACT (S)*>
<IATTLIST EXTRACT

QID CDATA#REQUIRED
COMPRESSIONCDATA #REQUIRED
SYSTEM CDATA #REQUIRED
JUDGE CDATA#IMPLIED
JUDGENO CDATA #IMPLIED
RUN CDATA#IMPLIED

SENTS_TOTALCDATA #IMPLIED
WORDS_TOTAICDATA #IMPLIED

LANG CDATA #REQUIRED>
<IELEMENT S EMPTY>
<IATTLIST 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

<IATTLIST QUERY

TRANSLATED(YES|NO)
ORIGLANG (CHIN|ENG)

LANG: of query
TRANSLATED: is it

one, of course

<IELEMENT QUERY(TITLE,DESCRIPTION?,NARRATIVE?)>

QID CDATA#REQUIRED
QNO CDATA#REQUIRED
LANG (CHINJENG) "ENG"

TRANS-METHOOAUTO|MAN) "AUTO">

<l--  QID: unique query no, 125-CA or

QNO: LDC query no for

not?
language (from the other

an original

ORIGLANG: If translated, from which

TRANS-METHOD: Automatically

<IELEMENT TITLE (#PCDATA)>
<I[ELEMENT DESCRIPTION (#PCDATA)>
<I[ELEMENT NARRATIVE (#PCDATA)>

manually?  -->
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A.15.8 reranker-info.dtd

<l--  DTD for input to rerankers  -->
<IELEMENT RERANKER-INFO(COMPRESSION, CLUSTER, SENT-JUDGE)

<IELEMENT COMPRESSIONEMPTY>
<IATTLIST COMPRESSION
PERCENTCDATA#REQUIRED
BASIS CDATA #REQUIRED
>

<IELEMENT CLUSTER (D)*>
<IATTLIST CLUSTER
LANG (CHINJENG) "ENG">

<IELEMENT D EMPTY>
<IATTLIST D
DID ID #REQUIRED
ORDERCDATA #IMPLIED>

<IELEMENT SENT-JUDGE (S)*>
<IATTLIST SENT-JUDGE
QID CDATA #REQUIRED>

<IELEMENT S (JUDGE)*>
<IATTLIST S
DID CDATA#REQUIRED
PAR CDATA#REQUIRED
RSNT CDATA #REQUIRED
SNO CDATA#REQUIRED>

<IELEMENT JUDGE EMPTY>
<IATTLIST JUDGE
N CDATA#REQUIRED
UTIL CDATA#REQUIRED>
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A.15.9 sentalign.dtd

ENG
CHI
LANG

<I[ELEMENT SENTALIGN (SENT+)>
<IATTLIST SENTALIGN

CDATA#REQUIRED
CDATA#REQUIRED
CDATA #REQUIRED>

<IELEMENT SENT EMPTY>
<IATTLIST SENT

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

<l--  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

<IELEMENT SENT-JUDGE (S)*>
<IATTLIST SENT-JUDGE
QID CDATA #REQUIRED>

<IELEMENT S (JUDGE)*>
<IATTLIST S
DID CDATA#REQUIRED
PAR CDATA#REQUIRED
RSNT CDATA #REQUIRED
SNO CDATA#REQUIRED>

<IELEMENT JUDGE EMPTY>
<IATTLIST JUDGE
N CDATA #REQUIRED
UTIL CDATA#REQUIRED>
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A.15.11 the-worm-config.dtd

<I[ELEMENT THE-WORM-CONFIGQFEATURE-SET, CLASSIFIER, RERANKER
COMPRESSION)>
<IATTLIST THE-WORM-CONFIG

LANG CDATA #REQUIRED

CLUSTER-PATH CDATA #IMPLIED

DATA-DIRECTORY CDATA #IMPLIED

TARGET CDATA#IMPLIED >

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

<I[ELEMENT FEATUREEMPTY >
<IATTLIST FEATURE
FEATURE CDATA #REQUIRED >

<IELEMENT CLASSIFIER EMPTY >
<IATTLIST CLASSIFIER
COMMAND-LINECDATA #REQUIRED
SYSTEMCDATA #IMPLIED
RUN CDATA#IMPLIED >

<I[ELEMENT RERANKEREMPTY >

<IATTLIST RERANKER
COMMANIZDATA #REQUIRED
BASIS (sentences|words) #REQUIRED
PERCENTCDATA #REQUIRED >
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