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Abstract

In this paper, we describethe overview of Text
Summarization Challenge 3 (TSC3hereafter),sequel
testsummarizationevaluation conductedasoneof the
tasksat theNTCIRWorkshop4.
We havedefined two kinds of task in TSC3; extract-
ing importantsentencesandabstracting frommultiple
documents.Wehaveprepared30documentsetswhich
concernedwith certain topic and conductedFormal
run evaluation with nineparticipants.
keywords Automatic Summarization, Summarization
Evaluation, extrinsic evaluation, intrinsic evaluation

1 Intr oduction

Automatictext summarizationhasattracteda lot of
attentionrecently and therehave beenmany studies
in this field. There is a particular needto establish
methods for the automatic summarizationof multiple
documentsratherthansingledocuments.

Therehave beenseveral evaluation workshopson
text summarization. In 1998, TIPSTERSUMMAC
[4] took placeandtheDocument UnderstandingCon-
ference (DUC)

�
hasbeenheld annually since2001.

DUC hasincluded multiple documentsummarization
among its taskssincethe first conference. The Text
SummarizationChallenge(TSC)

�
hasbeenheldonce

in one and a half yearsas part of the NTCIR (NII-
NACSISTestCollectionfor IR Systems)project since
2001. Multiple documentsummarizationwasincluded
for thefirst time asoneof thetasksat TSC2(in 2002)
[7]. Multiple document summarization is now a cen-
tral issuefor text summarization research.

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

In TSC3, we have definedtwo kinds of task; ex-
tractingimportantsentencesandabstractingfrom mul-
tiple documents.We have prepared30 documentsets
whichconcernedwith certaintopicandconductedFor-
mal run evaluationwith nineparticipants.

2 Task Definition

We briefly explain thetaskdefinitionof TSC3.The
tasksare similar to the TSC2 Task B. The first task
is extraction, i.e., the systemextractsimportant sen-
tencesfrom given document sets. The secondis ab-
straction,i.e., the systemgenerate summaries whose
numberof characterswaslessthana fixednumber.

We give theparticipants followings:

� documentsets(30sets),

� titles of documentsets,

� lengthof extractandabstract(2 kinds).

As the target documents, we use both Mainichi
andYomiuri newspapers publishedbetween1998and
1999.

We believe that multiple document summarization
systemneedfollowing:

important sentenceextraction,

redundantsentencereduction,

rewrite the resultof extraction to reduce the sizeof
thesummaryto thespecifiednumber of charac-
tersor less.

Theextractiontaskevaluatesentenceextraction and
reduction andtheabstractiontaskevaluatetechniques
to reducethesummarysize.
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3 Evaluation Methods

We employ both intrinsic andextrinsic evaluation.
For extraction, wedefine“Precision”and“Coverage.”
For abstraction, we use subjectivity evaluation and
pseudo question-answering.

3.1 Intrinsic Metrics for Extraction

Multiple document summarization from multiple
sources, i.e., several newspapersconcernedwith the
sametopic but with differentpublishers,is morediffi-
cult thansingledocumentsummarization sinceit must
dealwith more text (in termsof numbers of charac-
tersandsentences).Moreover, it is peculiarto mul-
tiple documentsummarizationthatthesummarization
systemmustdecidehow muchredundantinformation
should bedeleted

�
.

In a singledocument, therewill be few sentences
with the samecontent. In contrast, in multiple docu-
mentswith multiple sources, therewill be many sen-
tencesthat convey the samecontent with different
words andphrases,or evenidenticalsentences.Thus,
a text summarization systemneedsto recognize such
redundant sentencesandreduce theredundancy in the
output summary.

However, we have no way of measuring the effec-
tivenessof suchredundancy in the corpora for DUC
andTSC2. Key datain TSC2wasgiven asabstracts
(freesummaries)whosenumberof characterswasless
thana fixednumber and,thus,it is difficult to usefor
repeatedor automatic evaluation, and for the extrac-
tion of importantsentences.Moreover, in DUC,where
mostof thekey datawereabstractswhosenumberof
words waslessthana fixednumber, thesituationwas
the sameas TSC2. At DUC 2002, extracts(impor-
tantsentences)wereused,andthis allowedusto eval-
uatesentenceextraction. However, it is notpossibleto
measure the effectivenessof redundant sentencesre-
duction sincethe corpus was not annotatedto show
sentencewith samecontent. In addition, this is the
sameevenif weusetheSummBank corpus[9].

In any case,becausemany of the current summa-
rizationsystemsfor multiple documentsarebasedon
sentenceextraction,webelievethesecorporato beun-
suitableassetsof documentsfor evaluation.

Onthisbasis,in TSC3,weassumedthattheprocess
of multiple document summarization consistsof the
following threesteps,andweproduceacorpus for the
evaluationof thesystemateachof thethreesteps

�
.

�
It is truethatweneedotherimportanttechniquessuchasthose

for maintaining the consistency of wordsandphrasesthat refer to
thesameobject, andfor makingtheresultsmorereadable;however,
they arenot includedhere.�

This is based ongeneral ideasof asummarization systemandis
not intendedto imposeany conditionsonasummarization system.

Step1 Extract important sentencesfrom a given set
of documents

Step2 Minimize redundantsentencesfrom theresult
of Step1

Step3 Rewrite theresultof Step2 to reduce thesize
of thesummary to thespecifiednumberof char-
actersor less.

Wehaveannotatednotonly theimportantsentences
in the documentset,but also thoseamongthemthat
havethesamecontent. Thesearethecorpora for steps
1 and2. Wehavepreparedhuman-producedfreesum-
maries(abstracts)for step3.

3.1.1 Number of SentencesSystem Should Ex-
tract

We begin with guidelines for annotating important
sentences(extracts).We think thattherearetwo kinds
of extract.

1. A setof sentencesthathuman annotatorsjudge
asbeingimportant in a documentset[1, 11, 8].

2. A setof sentencesthat aresuitableasa source
for producinganabstract,i.e., asetof sentences
in theoriginal documentsthatcorrespondto the
sentencesin theabstracts[?, 10, 5, 3].

Whenwe considerhow summariesareproduced,it
seemsmorenatural to identify important segments in
thedocumentsetandthenproducesummariesbycom-
bining andrephrasingsuchinformationthanto select
important sentencesand revise them as summaries.
Therefore, we believe that secondtype of extract is
superior andthuswepreparedtheextractsin thatway.

However, as statedin the previous section,with
multipledocumentsummarization,theremaybemore
thanonesentencewith thesamecontent,andthuswe
mayhave more thanonesetof sentencesin theorigi-
nal document that correspondsto a given sentencein
theabstract;thatis to say, theremaybemorethanone
key datumfor a given sentencein theabstract

	
.

we have two setsof sentencesthat correspondto
sentence
 in theabstract.

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


This meansthat � � aloneis ableto produce 
 , and
 canalsobeproducedby combining � � and � � .
We marked all the sentencesin the original doc-

uments that were suitablesources for producing the
sentencesof theabstract,andthis madeit possiblefor
us to determine whetheror not a summarization sys-
temdeletedredundantsentencescorrectlyatStep2. If�

Weuse‘setof sentences’sinceweoftenfind thatmorethan one
sentencecorrespondsto asentencein theabstract.



Table 1. Impor tant Sentence Data.
SentenceID of Abstract Setof CorrespondingSentences

1 ��� ��� ��� ����� � �����
2 ��� � � � � � ��� �
3 ��� ��� � � ��� � � ��� � ��� � � � ��� � ��� � �

thesystemoutputs thesentencesin theoriginal docu-
mentsthatareannotatedascorrespondingto thesame
sentencein the abstract,it hasredundancy. If not, it
hasno redundancy. Returning to the above example,
if thesystemoutputs � � , � � ,and � � , they all correspond
to sentence
 in theabstract,andthusit is redundant.

3.1.2 Precision

Precisionis theratioof how many sentencesin thesys-
temoutput areincludedin thesetof thecorresponding
sentences. It is definedby thefollowing equation.

Precision��� �! (1)

where " is the leastnumber of sentencesneededto
producetheabstractby solvingtheconstraintsatisfac-
tion problem and # is the number of ‘correct’ sen-
tencesin thesystemoutput, i.e., thesentencesthatare
includedin thesetof corresponding sentences. For ex-
ample, thesentenceslisted in Table1 are‘correct.’ If
the systemoutput is “ � ��$&% � ���'% � 	(% � ��)(% ��* $(% �+* � ”, then
thePrecisionis asfollows:

Precision� , - �/.10 -2-�3 0 (2)

for “ � �4% � ��$(% � ���4% � �(% � 	&% �+* $ ”, the Precisionis as fol-
lows:

Precision� -- �6520 (3)

3.1.3 Coverage

Coverageis an evaluationmetric for measuringhow
closethe systemoutput is to the abstracttaking into
account the redundancy found in the setof sentences
in theoutput.

The set of sentences in the original documents
that corresponds correctly to the 7 -th sentenceof
the human-produced abstract is denoted here as8:9�; �4% 8<9�; �=%�>?>�>'% 8:9�; @ %�>?>�>'% 8:9�; A . In this case,we haveB

setsof corresponding sentences.Here,
8 9�; @

indi-
catesa setof elementseachof which correspondsto
the sentencenumber in the original documents,de-
notedas

8 9�; @DCFE(G49�; @+; � % G49�; @�; � %�>?>�>4% G'9�; @�; H %�>?>�>JI . For in-
stance,from Table1,

8 � ; � C�G � ; � ; � % G � ; � ; � and
G � ; � ; � C

� ��$ % G � ; � ; � C � �K� .
Then,we definetheevaluation scoreLNMO7�P for the 7 -

th sentencein theabstractasequation (1).

Q(RTSKU �WVYX[Z��\=]K\_^
` a1bdc e'`f+g �ih RTjNkdl ] l f Um n kdl ] m  (4)

whereopM[qrP is definedby thefollowing equation.

h RTsrU � 5 if thesystemoutputss. otherwise
(5)

Function L returns 1 (one) when any
8:9�; @

is out-
putedcompletely. Otherwiseit returnsa partial score
according to thenumber of sentencest 8:9J@ t .

Givenfunction L andthenumberof sentencesin the
abstractu , Coverageis definedasfollows:

Coverage�
vk g � Q(RTSKUw 0 (6)

If thesystemextracts“ � �d$ , � �K� , � 	 , � ��) , � * $ , � * � ”, LxMT7�P
is computedasfollows:

Q(R 5 U � maxR .1 K5 U � 5Q(R�y2U � maxR .10{z2z U � .|0}z�zQ(R z U � maxR .1 �.|0{z2z U � .|0}z�z

and its Coverage is 0.553. If the systemextracts
“ � � , � �d$ , � �K� , � � , � 	 , � * $ ”, thentheCoverageis 0.780.

Q(R 5 U � maxR 52 +5 U �~5Q(R�y2U � maxR .10 -23 U �/.10 -�3Q(R z U � maxR .1 �.|0 -23 U ��.10 -23

3.2 Intrinsic Metrics for Abstraction

We employ subjectivity evaluationfor bothcontent
informationandreadability of summaries.

3.2.1 Content Evaluation

Humanjudgesmatchsummariesthey producedwith
systemresultsat sentencelevel, andevaluatethe re-
sultsbasedon the degreeof the matching(how well
they match). The sentencesin the human-produced
summarieshavevaluesthatshow thedegreeof impor-
tance,andthesevalues aretakeninto account in com-
ing upwith final evaluation.

3.2.2 Readability Evaluation

Weuse“Quality Questions (QQ)” for readabilityeval-
uation. We modified DUC’s QQ for Japanesetext.
Therearesixteenquestionsasfollowing:

q00 How many redundantor unnecessarysentences
arethere?



q01 How many placesare there where (zero) pro-
nounsor referring expressionsto beused?

q02 How many pronounsaretherewhoseantecedents
aremissing?

q03 How many propernouns which appearedin the
unsuitable positionarethere?

q04 How many expressions which have samemean-
ingsbut different termarethere?

q05 How many of thesentencesaremissingimportant
constituents?

q06 How many placesare therewhereconjunctions
should be suppliedor conjunctions should be
deleted?

q07 How many unnecessarywords (adverbs, adjec-
tives,etc.)arethere?

q08 Doesthe summary haswrong chronological or-
dering?

q09 How many sentenceswhich shouldunify writing
style(polite styleor ordinaly style)arethere?

q10 How many redundantverbsarethere?
q11 How many sentenceswhich haswrong concord

expressionarethere?
q12 How many sentenceshave incorrectwordorder?
q13 How many incorrect inflectionwordsarethere?
q14 How many complex sentencesaretherethathad

betterbedivided?
q15 How many sentencesaretherethathadbetterbe

unified?

3.3 extrinsic Metrics for Abstraction

Sometimesquestion-answering (QA) by human
subjectsis usedfor evaluation [6, 2]. That is, human
subjectsjudgewhetherpredefinedquestionscanbean-
sweredby reading only amachinegenerated summary.
However, the costof this evaluation is huge. There-
fore, we employ a pseudoquestion-answeringevalu-
ation, i.e., whethera summaryhasan ‘answer’ to the
question or not. The background to this evaluation is
inspiredby TIPSTERSUMMAC’sQA track[4].

3.3.1 PseudoQuestion-Answering

Sometimesquestion-answering(QA) by humansub-
jectsis usedfor evaluation[6, 2]. That is, humansub-
jects judge whetherpredefined questions can be an-
sweredby reading only amachinegenerated summary.
However, the costof this evaluation is huge. There-
fore, we employ a pseudoquestion-answeringevalu-
ation, i.e., whethera summaryhasan ‘answer’ to the
question or not. The background to this evaluation is
inspiredby TIPSTERSUMMAC’sQA track[4].

For eachdocumentset, thereare about five ques-
tionsfor a shortsummary andabout tenquestionsfor
long summary. Note that the questionsfor the short
summary are included in the questions for the long
summary. Examplesof questionsfor the topic “Re-
leaseof SONY’s AIBO” areasfollows: “How much

Table 2. System-ID

SYS-ID organizationname
SOUKEN TheGraduateUniversityfor AdvancedStudies
CRLNYU CommunicationsResearchLaboratory/ New York University
smlab ToyohashiUniversityof Technology
MOGS TheUniversityof Tokyo
forest YokohamaNationalUniversity
KLEIR PohangUniversityof Science& Technology
DBLAB HokkaidoUniversity
UEC TheUniversityof Electro-Communications
UYDI RitsumeikanUniversity

Table 3. Task Participation.
ID abstraction extraction
SOUKEN � �(�
CRLNYU � �(�
smlab � �
MOGS � �
forest � �
KLEIR � �
DBLAB � �
UEC � �
UYDI � �

is AIBO?”, “WhenwasAIBO sold?”,and“How many
AIBO aresold?”.

Now, we evaluate the summary from the ‘exact
match’ and ‘edit distance’for eachquestion. ‘Exact
match’ is a scoringfunction thatreturnsonewhenthe
summary includesthe answerto the question. ‘Edit
distance’measureswhetherthesystem’ssummary has
stringsthataresimilar to theanswerstrings.Thescore�

e� basedon theedit distanceis normalized with the
lengthof thesentenceandtheanswerstringsothatthe
range of thescoreis [0,1]:

Sed � lengthof thesentence� edit distance
lengthof theanswerstrings

0 (7)

Thescorefor a summaryis themaximum valueof
thescoresfor sentencesin thesummary. Thescoreis 1
if thesummaryhasa sentencethat includesthewhole
answerstring.

It should be noted that the presenceof answer
stringsin the summarydoesnot meanthat a human
subjectcannecessarilyanswerthequestion.

4 Task Participants

In TSC3,therewerenineparticipants. Table2 show
thesystem-idandtheorganizationname.Table3 show
the taskparticipation. The symbol“ � ” indicatesthat
the participant submittedoneresult to the task. The
two symbolsdenotestwo kindsof submittedresults.



Table 4. Evaluation Results (Extraction)

ID
Short Long

Cov. Prec. Cov. Prec.
SOUKEN(a) 0.315 0.494 0.355 0.554
SOUKEN(b) 0.372 0.591 0.363 0.587
CRLNYU(a) 0.222 0.314 0.313 0.432
CRLNYU(b) 0.293 0.378 0.295 0.416
smlab 0.328 0.496 0.327 0.535
MOGS 0.283 0.406 0.341 0.528
forest 0.329 0.567 0.391 0.680
DBLAB 0.308 0.505 0.339 0.585
UEC 0.181 0.275 0.218 0.421
UYDI 0.251 0.476 0.247 0.547
LEAD 0.212 0.426 0.259 0.539

Table 5. Results on Content Evaluation.
ID Short Long
SOUKEN 0.228 0.214
CRLNYU 0.188 0.240
smlab 0.247 0.258
MOGS 0.230 0.248
forest 0.291 0.323
KLEIR 0.222 0.210
DBLAB 0.207 0.247
UEC 0.131 0.233
UYDI 0.197 0.221
LEAD 0.160 0.159
HUMAN 0.385 0.402

5 Evaluation Results

5.1 Resultson extraction

Table4 show theresultsof extraction. Thescoreis
theaveragescoresfor 30 documentsets.“LEAD” de-
notesthebaselinesystembasedonlead-basedmethod.
All methods have lower CoveragescoresthanPreci-
sion scores.This meansthat the extracted sentences
include redundant ones. In addition, we know that
“Lead” is a good extraction methodfor newspaperar-
ticles;however, this is not truefor theTSC3corpus.

5.2 Resultson abstraction

5.2.1 Content Metrics

Table5 show theresultson content evaluation by hu-
man subject. “HUMAN” indicateshuman-produced
summariesthataredifferent from modelsummaries.

Table 7. Results for Pseudo Question-
Ans wering.

ID
Short Long

exact edit exact edit
SOUKEN 0.394 0.677 0.399 0.706
CRLNYU 0.257 0.556 0.266 0.602
smlab 0.367 0.653 0.356 0.677
MOGS 0.342 0.614 0.327 0.630
forest 0.439 0.710 0.442 0.751
KLEIR 0.321 0.601 0.313 0.611
DBLAB 0.390 0.684 0.356 0.633
UEC 0.133 0.427 0.201 0.549
UYDI 0.304 0.579 0.308 0.628
LEAD 0.300 0.589 0.275 0.602
HUMAN 0.461 0.716 0.426 0.721

5.2.2 Readability Metrics

Table6 show the resultson readability evaluation us-
ing “Quality Questions.”

5.2.3 PseudoQuestion-AnsweringMetrics

Table 7 show the results on pseudo question-
answering.

6 Conclusion

We describedtheoutlineof TSC3.We definedtwo
kinds of taskusingMainichi andYomiuri newspapers
published between1998 and 1999. We reported the
resultsof two tasks.
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