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Abstract

In thispaper, we introducea large-scaletestcollec-
tion for multipledocumentsummarization,theText
SummarizationChallenge3 (TSC3) corpus. We
detail the corpusconstructionandevaluationmea-
sures.Thesignificantfeatureof thecorpusis thatit
annotatesnotonly theimportantsentencesin adoc-
umentset,but alsothoseamongthemthathave the
samecontent.Moreover, we definenew evaluation
metricstakingredundancy into accountanddiscuss
theeffectivenessof redundancy minimization.

1 Introduction

It hasbeensaid that we have too much informa-
tion onourhands,forcingusto readthroughagreat
numberof documentsandextractrelevantinforma-
tion fromthem.With aview tocopingwith thissitu-
ation,researchonautomatictext summarizationhas
attracteda lot of attentionrecentlyandtherehave
beenmany studiesin thisfield. Thereis aparticular
needto establishmethodsfor the automaticsum-
marizationof multipledocumentsratherthansingle
documents.

There have beenseveral evaluation workshops
on text summarization.In 1998,TIPSTERSUM-
MAC (Mani et al., 2002)took placeandthe Doc-
umentUnderstandingConference(DUC)1 hasbeen
heldannuallysince2001.DUC hasincludedmulti-
ple documentsummarizationamongits taskssince
thefirst conference.TheText SummarizationChal-
lenge(TSC)2 hasbeenheldoncein oneanda half
yearsaspartof theNTCIR (NII-NACSISTestCol-
lectionfor IR Systems)projectsince2001.Multiple
documentsummarizationwasincludedfor thefirst
timeasoneof thetasksatTSC2(in 2002)(Okumura
et al., 2003). Multiple documentsummarizationis
now acentralissuefor text summarizationresearch.

1http://duc.nist.gov
2http://www.lr.pi.titech.ac.jp/tsc

In this paper, we detail the corpusconstruction
andevaluationmeasuresusedat the Text Summa-
rizationChallenge3 (TSC3hereafter),wheremulti-
ple documentsummarizationis themainissue.We
alsoreport the resultsof a preliminaryexperiment
on simple multiple documentsummarizationsys-
tems.

2 TSC3 Corpus
2.1 Guidelines for Corpus Construction
Multiple documentsummarizationfrom multiple
sources,i.e., severalnewspapersconcernedwith the
sametopicbut with differentpublishers,ismoredif-
ficult thansingledocumentsummarizationsinceit
mustdealwith more text (in termsof numbersof
charactersandsentences).Moreover, it is peculiar
to multiple documentsummarizationthat the sum-
marizationsystemmust decidehow much redun-
dantinformationshouldbedeleted3.

In asingledocument,therewill befew sentences
with thesamecontent.In contrast,in multiple doc-
umentswith multiple sources,therewill be many
sentencesthatconvey thesamecontentwith differ-
entwordsandphrases,or even identicalsentences.
Thus,a text summarizationsystemneedsto recog-
nizesuchredundantsentencesandreducetheredun-
dancy in theoutputsummary.

However, we have no way of measuringthe ef-
fectivenessof suchredundancy in the corporafor
DUC andTSC2. Key datain TSC2wasgiven as
abstracts(free summaries)whosenumberof char-
acterswas less than a fixed numberand, thus, it
is difficult to usefor repeatedor automaticevalu-
ation,andfor theextractionof importantsentences.
Moreover, in DUC,wheremostof thekey datawere
abstractswhosenumberof words was lessthan a

3It is true that we needotherimportanttechniquessuchas
thosefor maintainingtheconsistency of wordsandphrasesthat
referto thesameobject,andfor makingtheresultsmoreread-
able;however, they arenot includedhere.



fixed number, the situationwasthe sameasTSC2.
At DUC 2002,extracts(importantsentences)were
used,and this allowed us to evaluatesentenceex-
traction. However, it is not possibleto measurethe
effectivenessof redundantsentencesreductionsince
thecorpuswasnotannotatedto show sentencewith
samecontent. In addition,this is the sameeven if
weusetheSummBankcorpus(Radev etal., 2003).

In any case,becausemany of thecurrentsumma-
rization systemsfor multiple documentsarebased
on sentenceextraction,we believe thesecorporato
beunsuitableassetsof documentsfor evaluation.

On thisbasis,in TSC3,we assumedthatthepro-
cessof multiple documentsummarizationconsists
of thefollowing threesteps,andwe producea cor-
pusfor the evaluationof the systemat eachof the
threesteps4.

Step 1 Extractimportantsentencesfrom agivenset
of documents

Step 2 Minimize redundantsentencesfrom there-
sult of Step1

Step 3 Rewrite the result of Step2 to reducethe
sizeof thesummaryto thespecifiednumberof
charactersor less.

We have annotatednot only the importantsen-
tencesin the documentset, but also thoseamong
themthathave thesamecontent.Thesearethecor-
porafor steps1 and2. We have preparedhuman-
producedfreesummaries(abstracts)for step3.

In TSC3, sincewe have key data(a set of cor-
rect importantsentences)for steps1 and2, we con-
ductedautomaticevaluation using a scoring pro-
gram.Weadoptedanintrinsic evaluationby human
judgesfor step3, which is currently underevalu-
ation. We provide detailsof the extractsprepared
for steps1 and2 andtheir evaluationmeasuresin
thefollowing sections.We do not reporttheoverall
evaluationresultsfor TSC3.

2.2 Data Preparation for Sentence Extraction

We begin with guidelinesfor annotatingimportant
sentences(extracts). We think that thereare two
kindsof extract.

1. A set of sentencesthat human annotators
judge as being important in a documentset
(Fukusima and Okumura, 2001; Zechner,
1996;Paice,1990).

4This is basedon generalideasof a summarizationsystem
andis not intendedto imposeany conditionson a summariza-
tion system.
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Figure1: An exampleof anabstractandits sources.

2. A setof sentencesthataresuitableasa source
for producingan abstract,i.e., a set of sen-
tencesin the original documentsthat corre-
spondto thesentencesin theabstracts(Kupiec
et al., 1995;TeufelandMoens,1997;Marcu,
1999;JingandMcKeown, 1999).

Whenweconsiderhow summariesareproduced,
it seemsmore natural to identify important seg-
mentsin the documentsetand thenproducesum-
mariesby combiningandrephrasingsuchinforma-
tion than to selectimportantsentencesand revise
themassummaries.Therefore,we believe thatsec-
ondtypeof extractis superiorandthusweprepared
theextractsin thatway.

However, asstatedin the previous section,with
multiple documentsummarization,there may be
morethanonesentencewith thesamecontent,and
thuswe may have more than oneset of sentences
in theoriginaldocumentthatcorrespondsto agiven
sentencein theabstract;that is to say, theremaybe
morethanonekey datumfor agivensentencein the
abstract5.

we have two setsof sentencesthatcorrespondto
sentence� in theabstract.

(1) ��� of document� , or
(2) a combinationof ��� and ��� of document	

Thismeansthat ��� aloneis ableto produce� , and� canalsobeproducedbycombining� � and� � (Fig-
ure1).

We markedall the sentencesin theoriginal doc-
umentsthatweresuitablesourcesfor producingthe
sentencesof theabstract,andthis madeit possible
for us to determinewhetheror not a summariza-
tion systemdeletedredundantsentencescorrectly
at Step2. If the systemoutputsthe sentencesin
the original documentsthat are annotatedas cor-
respondingto the samesentencein the abstract,it

5We use‘set of sentences’sincewe often find that more
thanonesentencecorrespondsto a sentencein theabstract.



Table1: ImportantSentenceData.

SentenceID of Abstract Setof CorrespondingSentences
1 
���
�� 
���
�������
�
��
2 
������������������
3 
�������������
�� ��� � � 
���
���� � ����� � ���

hasredundancy. If not, it hasno redundancy. Re-
turningto theabove example,if thesystemoutputs� � , ��� ,and ��� , they all correspondto sentence� in the
abstract,andthusit is redundant.

3 Evaluation Metrics
We useboth intrinsic andextrinsic evaluation.The
intrinsic metricsare “Precision”, “Coverage” and
“Weighted Coverage.” The extrinsic metric is
“PseudoQuestion-Answering.”

3.1 Intrinsic Metrics

3.1.1 Number of Sentences System Should
Extract

PrecisionandRecallaregenerallyusedasevalua-
tion matricesfor sentenceextraction,andwe used
the PR BreakingPoint (Precision= Recall) for the
evaluationof extractsin TSC1(FukusimaandOku-
mura,2001). This meansthatwe evaluatesystems
when the numberof sentencesin the correct ex-
tract is given. Moreover, in TSC3we assumethat
the numberof sentencesto be extractedis known
andweevaluatethesystemoutputthathasthesame
numberof sentences.

However, it is notaseasyto decidethenumberof
sentencesto be extractedin TSC3asin TSC1. We
assumethattherearecorrespondencesbetweensen-
tencesin originaldocumentsandtheirabstractasin
Table 1. An ASCII space,” ”, is thedelimiter for
thesetsof correspondingsentencesin thetable.As
shown in thetable,weoftenseeseveralsetsof sen-
tencesthat correspondto a sentencein theabstract
in multiple documentsummarization.

An ‘extract’ here is a set of sentencesneeded
to producethe abstract. For instance,we can ob-
tain ‘extracts’ such as “ � � , ��� , ��! , ��" , ����# , ��"�# ”, and
“ � �$# , �%��� , ��� , ��! , ��" , ����# , ��� � , ����� ” from Table1 6. Often
thereareseveral ‘extracts’ andwe mustdetermine
which of theseis thebest. In suchcases,we define
the‘correctextract’ asthesetwith theleastnumber
of sentencesneededto producetheabstractbecause
it is desirableto convey the maximumamountof
informationwith theleastnumberof sentences.

Findingtheminimumsetof sentencesto produce
the abstractamountsto solving the constraintsat-

6In fact, it is possibleto producetheabstractwith othersen-
tencecombinations.

isfactionproblem. In the examplein Table 1, we
obtainthefollowing constraintsfrom eachsentence
in theabstract:

&(' �*)+���-,/.�����#*0/� ����1 ,&(' �2)+���30/��!304��" ,&(' �2)+.�����#504���%�604�����718,4.����-04����#504��"�#71
With theseconditions,wenow find theminimum

set that makesall the conjunctionstrue. We need
to find the minimum set that makes ' �90 ' �/0' �:)<;�= >-? @ In this case,the minimum cover isA ����B ���CB%��!7B%��"CB%����#DB%��"�#CE , and so the systemshould
extractsix sentences.

In TSC3,we computedthenumberof sentences
thatthesystemshouldextractandthenevaluatedthe
systemoutputs,which musthave thesamenumber
of sentences,with the following precisionandcov-
erage.

3.1.2 Precision
Precisionis the ratio of how many sentencesin the
systemoutputare includedin the setof the corre-
spondingsentences.It is definedby the following
equation.

PrecisionFHG IKJ (1)

where L is the least numberof sentencesneeded
to producethe abstractby solving the constraint
satisfactionproblemand M is the numberof ‘cor-
rect’ sentencesin the systemoutput, i.e., the sen-
tencesthat are included in the set of correspond-
ing sentences.For example, the sentenceslisted
in Table 1 are ‘correct.’ If the systemoutput is
“ � ��#CB � ����B%��!�B � ��N�B%��"�#DB%��" � ”, then the Precisionis as
follows:

PrecisionFPOQRFRSUT Q%QWV T (2)

for “ � �XB � ��#DB%������B ���CB%��!�B ��"�# ”, thePrecisionis asfol-
lows:

PrecisionF QQ FZY[T (3)

3.1.3 Coverage
Coverageis anevaluationmetricfor measuringhow
closethesystemoutputis to theabstracttakinginto
accounttheredundancy foundin thesetof sentences
in theoutput.

The set of sentencesin the original documents
that correspondscorrectly to the \ -th sentenceof
the human-producedabstract is denotedhere as]_^a` ��B ]b^a` �CB%c%c c�B ]_^a` d B%c%c c�B ]_^a` e . In this case,we have



f
setsof correspondingsentences.Here,

]_^a` d
indi-

catesasetof elementseachof whichcorrespondsto
thesentencenumberin theoriginal documents,de-
notedas

]_^a` d ) A7g ^�` d�` ��B g ^a` d�` �7B%c c%c�B g ^�` d�` h B c%c c E . For
instance,from Table 1,

] � ` �i) g � ` � ` �XB g � ` � ` � andg � ` � ` �3)+� �$#CB g � ` � ` �j)+� ��� .
Then,we definetheevaluationscore? .$\�1 for the\ -th sentencein theabstractasequation(1).

k[lnm�o F:prqtsu�vxw�vUy
z {}|�~ ��z��� u�� la���a� w � � o��� ��� w � J (4)

where��.���1 is definedby thefollowing equation.

� la��o F Y if thesystemoutputs�S otherwise (5)

Function ? returns1 (one)whenany
]b^a` d

is out-
puted completely. Otherwiseit returns a partial
scoreaccordingto thenumberof sentences� ]_^nd � .

Given function ? andthenumberof sentencesin
theabstract� , Coverageis definedasfollows:

CoverageF
�� � u k[lnm�o� T (6)

If the system extracts “ � �$# , � ��� , ��! , �%��N , ��"�# , ��" � ”,? .�\�1 is computedasfollows:

k[l Y o F maxl SUJ[Y o F Yk[l��Wo F maxl SUT �t� o F SUT �%�k[l � o F maxl SUJ�SUT �%� o F SUT �%�
and its Coverageis 0.553. If the systemextracts
“ � � , �%�$# , �%��� , ��� , ��! , ��"�# ”, thentheCoverageis 0.780.

ktl Y o F maxl Y[JXY o FZYktl��xo F maxl SUT QWV o F�SUT QWVktl � o F maxl SUJ�SUT QWV o FRSUT QWV

3.1.4 Weighted Coverage
Now we define ‘Weighted Coverage’ since each
sentencein TSC3is rankedA, B or C, where“A” is
thebest.This is similar to “RelativeUtility” (Radev
et al., 2003). We only usethreeranksin order to
limit therankingcost.Thedefinitionis obtainedby
modifying equation(6).

W.C. F
�� � u�� ln�xlnm�o�o���k[lnm�o

� l � on��l � o�� � l�� on��l�� o�� � la¡5on��la¡5o J (7)

where=�.�\�1 denotesthe rankingof the \ -th sentence
of theabstractand¢£.$=�.$\�1�1 is its weight. �¤.$= � �¤¥�1 is
thenumberof sentenceswhoserankingis = � �¦¥ in
theabstract.Supposethefirst sentenceis rankedA,
thesecondB, andthe third C in Table1, andtheir
weightsaregiven as ¢9. ] 1�)¨§ ,¢£.�©ª1«)¨¬7@®­ and¢9. ' 16)+¬7@®¯ 7.

As before, if the system extracts
“ � ��# , � ��� , � ! , � ��N , � "�# , � " � ”, then the Weighted
Coverageis computedasfollows:

W.C. F Y � Y � S7T ° � SUT �%� � SUT � � SUT �%�Y � Y � SUT ° � Y � SUT � � Y F/SUT Q%±%² T
(8)

3.2 Extrinsic Metrics
3.2.1 Pseudo Question-Answering
Sometimesquestion-answering(QA) by human
subjectsis usedfor evaluation(Morris et al., 1992;
Hirao et al., 2001). That is, humansubjectsjudge
whetherpredefinedquestionscan be answeredby
readingonly a machinegeneratedsummary. How-
ever, thecostof this evaluationis huge.Therefore,
weemployapseudoquestion-answeringevaluation,
i.e., whetherasummaryhasan‘answer’to theques-
tion or not. Thebackgroundto thisevaluationis in-
spiredby TIPSTERSUMMAC’sQA track(Mani et
al.,2002).

For eachdocumentset,thereareaboutfive ques-
tions for a shortsummaryandaboutten questions
for long summary. Note that the questionsfor the
shortsummaryareincludedin thequestionsfor the
long summary. Examplesof questionsfor thetopic
“Releaseof SONY’s AIBO” areasfollows: “How
much is AIBO?”, “When was AIBO sold?”, and
“How many AIBO aresold?”.

Now, we evaluatethe summaryfrom the ‘exact
match’ and ‘edit distance’for eachquestion. ‘Ex-
act match’ is a scoring function that returnsone
whenthesummaryincludestheanswerto theques-
tion. ‘Edit distance’measureswhetherthesystem’s
summaryhasstringsthat aresimilar to the answer
strings.Thescore³ é basedon theedit distanceis
normalizedwith the lengthof thesentenceandthe
answerstringsothattherangeof thescoreis [0,1]:

Sed F lengthof thesentenceµ editdistance
lengthof theanswerstrings

T (9)

The scorefor a summaryis the maximumvalue
of the scoresfor sentencesin the summary. The

7¶¸·º¹ ·n»�¼�¼ may be computeddifferently. It is 1/rank (one
dividedby rank)here.



Table2: Descriptionof TSC3Corpus.
# of doc.sets 30
# of articles(TheMainichi) 175
# of articles(TheYomiuri) 177
Total 352
# of Sentences 3587

scoreis 1 if the summaryhasa sentencethat in-
cludesthewholeanswerstring.

It shouldbe notedthat the presenceof answer
stringsin thesummarydoesnotmeanthata human
subjectcannecessarilyanswerthequestion.

4 Preliminary Experiment
In order to examinewhetherour corpusis suitable
for summarizationevaluation,our evaluationmea-
suressignificant information and redundanciesin
thesystemsummaries.

Below we provide thedetailsof thecorpus,eval-
uationresultsandeffectivenessof theminimization
of redundantsentences.

4.1 Description of Corpus
According to the guidelinesdescribedin section
two, we constructedextractsandabstractsof thirty
setsof documentsdrawn from the Mainichi and
Yomiuri newspaperspublished between1998 to
1999,eachof which wasrelatedto a certaintopic.
First, we preparedabstracts(their sizeswere 5%
and 10% of the total numberof the charactersin
thedocumentset),thenproducedextractsusingthe
abstracts.Table2 shows thestatistics.

One documentset consistsof about10 articles
on average,andthealmostsamenumberof articles
were takenfrom the Mainichi newspaperand the
Yomiuri newspaper. Mostof thetopicsareclassified
into a single-eventaccordingto McKeown (2001).

Thefollowing list containsall thetopics.

0310 Two-and-half-million-year old new hominid species
foundin Ethiopia.

0320 Acquisitionof IDC by NTT (andC&W).
0340 Remarketingof gamesoftwarejudgedlegal by Tokyo

District Court.
0350 Night landing practiceof carrier-basedaircraftsof the

Independence.
0360 Simultaneousbombingof theUSEmbassiesin Tanzania

andKenya.
0370 Resignationof PresidentSuharto.
0380 Nominationof Mr. PutinasRussianprimeminister.
0400 Osamabin Ladenprovidedshelterby Talibanregimein

Afghanistan.
0410 Transferof Nakatato A.C. Perugia.
0420 Releaseof Dreamcast.
0440 Existenceof Japaneseotterconfirmed.
0450 KyoceraCorporationmakesMita Co. Ltd. its subsidiary.
0460 Five-story pagodaat Muroji Temple damagedby ty-

phoon.
0470 Retirementof aircraftYS-11.

0480 Test observation of astronomical telescope‘Subaru’
started.

0500 Dolly theclonedsheep.
0510 Massof neutrinos.
0520 HumanGenomeProjectfinishesdecodingof the 22nd

chromosome.
0530 Peacetalksin NorthernIrelandat theendof 1999.
0540 Debut of new modelof bullet train (700family).
0550 Mr. Yukio Aoshimadecidesnot to run for gubernatorial

election.
0560 Mistakesin entranceexaminationof KansaiUniversity.
0570 SpaceshuttleEndeavour, from its launchto return.
0580 40 million-year-old fossil of new monkey speciesfound

by researchgroupat Kyoto University.
0590 Deadbodyof GeorgeMallory foundon Mt. Everest.
0600 Releaseof SONY’sAIBO.
0610 e-one,look-alikeof iMac.
0630 Researchon Kitora tombresumes.
0640 Tidal wave damagegeneratedby earthquakein Papua

New Guinea.
0650 Mistakenbombingof theChineseembassyby NATO.

4.2 Compared Extraction Methods
We usedthe lead-basedmethod,theTFc IDF-based
method(Zechner, 1996)andthesequentialpattern-
basedmethod(Hirao et al., 2003), and compared
performanceof thesesummarizationmethodson
theTSC3corpus.

Lead-based Method
Thedocumentsin a testsetweresortedin chrono-
logical andascendingorder. Then,we extracteda
sentenceata time from thebeginningof eachdocu-
mentandcollectedthemto form asummary.

TF c IDF-based Method
Thescoreof asentenceis thesumof thesignificant
scoresof eachcontentword in the sentence.We
thereforeextractedsentencesin descendingorderof
importancescore. The sentencescoreStfidf .�� ^ 1 is
definedby thefollowing.

Stfidf
la½ � o F ¾�¿[À | � lºÁ J�ÂjÃ o J (10)

where¢9.�;XB Ä�³_1 is definedasfollows:

� lnÁ J�ÂÅÃ o F Á�ÆÇlnÁ J�ÂÅÃ o}È�ÉºÊ%Ë
� Â � �Ì ÆÍlºÁ�o T (11)

;[ÎÏ.$;XB%Ä«³b1 is the frequency of word ; in the docu-
mentset, Ð�Î�.$;X1 is thedocumentfrequency of ; , and� Ä�©4� is thetotalnumberof documentsin theset.In
fact, we computedtheseusingall the articlespub-
lishedin theMainichi andYomiuri newspapersfor
theyears1998and1999.

Sequential Pattern-based Method
The scoreof a sentenceis the sum of the signifi-
cant scoresof eachsequentialpatternin the sen-
tence. The patternsusedfor scoringweredecided



Table3: Evaluationresultsfor “Precision”,“Cover-
age”and“WeightedCoverage.”

Method Length Prec. Cov. W.C.

Lead
Short .426 .212 .326
Long .539 .259 .369

TF Ñ IDF
Short .497 .292 .397
Long .604 .325 .434

Pattern
Short .613 .305 .403
Long .665 .298 .418

Table4: Evaluationresultsfor “PseudoQuestion-
Answering.”

Method Length Exact Edit

Lead
Short .300 .589
Long .275 .602

TF Ñ IDF
Short .375 .643
Long .393 .659

Pattern
Short .390 .644
Long .370 .640

by usingastatisticalsignificancetestsuchasthe Ò �
metric testandusing1,000patterns.This is anex-
tensionof Lin’smethod(Lin andHovy, 2000).The
sentencescoreSpat.�� ^ 1 is definedby thefollowing.

Spat
la½ � o F ÓX¿[À | � lnÔÍo J (12)

where¢£.$ÕÏ1 is definedasfollows:

� lºÔÍo F É�Ê%ËWlaÆ�lnÔ J�ÂÅÃ o}� Y oÇÈ�É�Ê%ËWl z {ÍÖÇz× Ø Ó � {ÍÖ Ù oÚ k���lºÔÍo T (13)

Î�.�ÕÏB�Ä�³_1 is the sentencefrequency of patternÕ in
thedocumentsetand Î�.�ÕÏB ] ³b1 is thesentencefre-
quency of patternÕ in all topics. � ] ³r� is thenumber
of sentencesin all topicsand Û$?��¦.�ÕÏ1 is the pattern
length.

4.3 Evaluation Result

Table 3 shows the intrinsic evaluationresult. All
methodshave lower CoverageandWeightedCov-
eragescoresthanPrecisionscores.This meansthat
the extractedsentencesincluderedundantones. In
particular, the differencebetween“Precision” and
“Coverage”is largein “Pattern.”

Although both “Pattern” and “TF c IDF” outper-
form “Lead,” thedifferencebetweenthemis small.
In addition,we know that “Lead” is a goodextrac-
tion methodfor newspaperarticles;however, this is
not truefor theTSC3corpus.

Table 4 shows the extrinsic evaluation results.
Again, both “Pattern” and “TF c IDF” outperform
“Lead”, but the differencebetweenthem is small.
Wefoundacorrelationbetweentheintrinsic andex-
trinsic measures.

Table5: Effectsof clustering(“Precision”,“Cover-
age”,“WeightedCoverage”).

Method Length Prec. Cov. W.C.

TF Ñ IDF
Short .430 .297 .377
Long .533 .345 .455

Pattern
Short .531 .289 .390
Long .620 .338 .456

Table 6: Effects of clustering(PseudoQuestion-
Answering).

Method Length Exact Edit

TF Ñ IDF
Short .401 .650
Long .377 .648

Pattern
Short .392 .650
Long .380 .655

4.4 Effect of Redundant Sentence
Minimization

The experimentdescribedin the previous section
shows thata groupof sentencesextractedin a sim-
ple way includesmany redundantsentences.To
examinetheeffectivenessof minimizing redundant
sentences,wecomparetheMaximalMarginalRele-
vance(MMR) basedapproach(CarbonellandGold-
stein,1998)with the clusteringapproach(Nomoto
andMatsumoto,2001). We use‘cosinesimilarity’
with a bag-of-wordsrepresentationfor the similar-
ity measurebetweensentences.

Clustering-based Approach
After computingimportancescoresusingequations
(10) and(12), we conductedhierarchicalclustering
usingWard’s methoduntil we reachedL (seeSec-
tion 3.1.1)clustersfor thefirst ¯7L sentences.Then,
we extractedthe sentencewith the highestscore
from eachcluster.

Table5 shows the resultsof the intrinsic evalu-
ation and Table 6 shows the resultsof the extrin-
sic evaluation. By comparisonwith Table 3, the
clustering-basedapproachresultedin TFc IDF and
Patternscoringlow in Precision,but high in Cov-
erage.WhencomparingTable4 with Table6, the
scoreis improved in mostcases.Theseresultsim-
ply that redundancy minimization is effective for
improving thequality of summaries.

MMR-based Approach
After computingimportancescoresusingequations
(10)and(12),were-rankedthefirst ¯DL sentencesby
MMR andextractedthefirst L sentences.

Table 7 and 8 show the intrinsic and extrinsic
evaluationresults,respectively. We canseethe ef-
fectivenessof redundancy minimizationby MMR.
Notably, in mostcases,thereis alargeimprovement
in both the intrinsic andextrinsic evaluationresults
ascomparedwith clustering.



Table7: Effectsof MMR (“Precision”,“Coverage”,
“WeightedCoverage”).

Method Length Prec. Cov. W.C.

TF Ñ IDF
Short .469 .306 .403
Long .565 .376 .475

Pattern
Short .469 .332 .429
Long .577 .377 .500

Table 8: Effects of MMR (Pseudo Question-
Answering).

Method Length Exact Edit

TF Ñ IDF
Short .386 .647
Long .405 .667

Pattern
Short .417 .663
Long .390 .656

Theseresultsshow thatredundancy minimization
hasa significanteffect on multiple documentsum-
marization.

5 Conclusion

Wedescribedthedetailsof acorpusconstructedfor
TSC3andmeasuresfor its evaluation,focusingon
sentenceextraction.Wethink thatacorpusin which
importantsentencesandthosewith thesamecontent
areannotatedfor multiple documentsis a new and
significantfeaturefor summarizationcorpora.

It is plannedto maketheTSC3corpusavailable
(even if the recipientis not a TSC3participant)by
exchangingmemorandawith the NationalInstitute
of Informaticsin Japan.We sincerelyhopethatthis
corpuswill be useful to researcherswho are inter-
estedin text summarizationandserve to facilitate
furtherprogressin thisfield.
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