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Abstract

In this paper we introducea large-scaldestcollec-
tion for multiple documensummarizationthe Text
SummarizationChallenge3 (TSC3) corpus. We
detail the corpusconstructionand evaluationmea-
sures.Thesignificantfeatureof the corpusis thatit
annotatesot only theimportantsentences adoc-
umentset, but alsothoseamongthemthathave the
samecontent.Moreover, we definenew evaluation
metricstaking redundang into accountanddiscuss
the effectivenessof redundang minimization.

1 Introduction

It hasbeensaid that we have too muchinforma-
tion on our handsforcing usto readthroughagreat
numberof documentsandextractrelevantinforma-
tion from them.With aview to copingwith this situ-
ation,researclon automatidext summarizatiornas
attracteda lot of attentionrecentlyandtherehave
beenmary studiesn thisfield. Thereis aparticular
needto establishmethodsfor the automaticsum-
marizationof multiple documentsatherthansingle
documents.

There have been several evaluation workshops
on text summarization.ln 1998, TIPSTER SUM-
MAC (Mani et al., 2002)took placeandthe Doc-
umentUnderstandingonferencéDUC)! hasbeen
held annuallysince2001. DUC hasincludedmulti-
ple documentsummarizatioramongits taskssince
thefirst conferenceThe Text SummarizatiorChal-
lenge(TSCY hasbeenheld oncein oneanda half
yearsaspartof the NTCIR (NII-NACSISTestCol-
lectionfor IR Systemsprojectsince2001.Multiple
documentsummarizatiorwasincludedfor the first
timeasoneof thetasksat TSC2(in 2002)(Okumura
etal., 2003). Multiple documentsummarizations

now acentralissuefor text summarizatiomesearch.

Yhitp://duc.nist.go
2http:/wwwr.pi titech.ac.jp/tsc

In this paper we detail the corpusconstruction
and evaluationmeasuresisedat the Text Summa-
rizationChallenge3 (TSC3hereafter)wheremulti-
ple documensummarizations the mainissue.We
alsoreportthe resultsof a preliminary experiment
on simple multiple documentsummarizationsys-
tems.

2 TSC3Corpus
2.1 Guiddinesfor CorpusConstruction

Multiple documentsummarizationfrom multiple
sourcesi.e., severalnevspapergoncernedvith the
sameopicbutwith differentpublishersjs moredif-
ficult thansingledocumentsummarizatiorsinceit
mustdeal with moretext (in termsof numbersof
character&nd sentences)Moreover, it is peculiar
to multiple documentsummarizatiorthat the sum-
marizationsystemmust decide how much redun-
dantinformationshouldbe deleted.

In asingledocumenttherewill befew sentences
with the samecontent.In contrastjn multiple doc-
umentswith multiple sourcestherewill be mary
sentencethatconvey the samecontentwith differ-
entwordsandphrasespr evenidenticalsentences.
Thus,a text summarizatiorsystemneedsto recog-
nizesuchredundansentenceandreducetheredun-
dang in the outputsummary

However, we have no way of measuringhe ef-
fectivenessof suchredundang in the corporafor
DUC and TSC2. Key datain TSC2wasgiven as
abstractqfree summarieswhosenumberof char
acterswas lessthan a fixed numberand, thus, it
is difficult to usefor repeatedor automaticevalu-
ation,andfor the extractionof importantsentences.
Moreover, in DUC, wheremostof thekey datawere
abstractavhosenumberof words was lessthan a

31t is true that we needotherimportanttechniquessuchas
thosefor maintainingthe consisteng of wordsandphraseshat
referto the sameobject,andfor makingtheresultsmoreread-
able;however, they arenotincludedhere.



fixed numbey the situationwasthe sameas TSC2.
At DUC 2002, extracts(importantsentencesyere
used,andthis allowed us to evaluatesentencesx-
traction. However, it is not possibleto measureghe
effectivenes®f redundansentencereductionsince
the corpuswasnotannotatedo shav sentencavith
samecontent. In addition, this is the sameeven if
we usethe SummBanlkcorpus(Rade etal., 2003).

In ary casepecausenary of thecurrentsumma-
rization systemgor multiple documentsare based
on sentencextraction, we believe thesecorporato
be unsuitableassetsof documentgor evaluation.

Onthisbasis,in TSC3,we assumedhatthe pro-
cessof multiple documentsummarizatiorconsists
of thefollowing threesteps,andwe producea cor
pusfor the evaluationof the systemat eachof the
threestep$.

Step 1 Extractimportantsentencefom agivenset
of documents

Step 2 Minimize redundansentence$rom there-
sultof Stepl

Step 3 Rewrite the result of Step2 to reducethe
sizeof the summaryto the specifiechumberof
charactersr less.

We have annotatedhot only the importantsen-
tencesin the documentset, but alsothoseamong
themthathave the samecontent.Thesearethe cor-
porafor stepsl and2. We have preparechuman-
producedree summariegabstractsjor step3.

In TSC3, sincewe have key data(a setof cor
rectimportantsentencesior stepsl and2, we con-
ducted automaticevaluation using a scoring pro-
gram.We adoptedanintrinsic evaluationby human
judgesfor step 3, which is currently underevalu-
ation. We provide detailsof the extractsprepared
for stepsl and2 andtheir evaluationmeasuresn
thefollowing sections We do not reportthe overall
evaluationresultsfor TSC3.

2.2 Data Preparation for Sentence Extraction

We begin with guidelinesfor annotatingmportant
sentencegextracts). We think that there are two
kindsof extract.

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

“This is basedon generalideasof a summarizatiorsystem
andis notintendedto imposeary conditionson a summariza-
tion system.
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Figurel: An exampleof anabstracandits sources.

2. A setof sentencethataresuitableasasource
for producingan abstract,i.e., a setof sen-
tencesin the original documentsthat corre-
spondto the sentencef the abstracts(Kipiec
etal., 1995; TeufelandMoens,1997; Marcu,
1999;JingandMcKeown, 1999).

Whenwe considethow summariesareproduced,
it seemsmore natural to identify important seg-
mentsin the documentsetand then producesum-
mariesby combiningandrephrasingsuchinforma-
tion thanto selectimportantsentencesnd revise
themassummariesThereforewe believe thatsec-
ondtypeof extractis superiorandthuswe prepared
theextractsin thatway.

However, asstatedin the previous section,with
multiple documentsummarization,there may be
morethanonesentenceavith the samecontent,and
thuswe may have morethan one setof sentences
in theoriginal documenthatcorrespondo agiven
sentencén the abstractthatis to say theremaybe
morethanonekey datumfor agivensentencen the
abstract.

we have two setsof sentenceghat correspondo
sentence in theabstract.

(1) s1 of documentz, or
(2) acombinatiorof s, andss of documenty

Thismeanghats; aloneis ableto produces, and
a canalsobeproducedy combinings, andss (Fig-
urel).

We markedall the sentence# the original doc-
umentghatweresuitablesourcedor producingthe
sentencesf the abstractandthis madeit possible
for us to determinewhetheror not a summariza-
tion systemdeletedredundantsentencegorrectly
at Step2. If the systemoutputsthe sentencesn
the original documentsthat are annotatedas cor-
respondingo the samesentencen the abstract,it

SWe use‘set of sentencessincewe often find that more
thanonesentenceorrespond$o a sentencén theabstract.



Tablel: ImportantSentencdata.

SentencéD of Abstract | Setof Correspondingentences
1 {s1}_ {510,511}
2 {83,55,86}
3 {s20, 821,823 },_.{51,530,560}

hasredundang. If not, it hasno redundang. Re-
turningto the above example,if the systemoutputs
s1,89,andss, they all correspondo sentence in the
abstractandthusit is redundant.

3 Evaluation Metrics

We usebothintrinsic andextrinsic evaluation. The
intrinsic metricsare “Precision”, “Coverage” and
“Weighted Coverag€. The extrinsic metric is
“PseudoQuestion-Answering.

3.1 Intrinsic Metrics

3.1.1 Number of Sentences System Should
Extract

Precisionand Recall are generallyusedas evalua-
tion matricesfor sentencextraction, andwe used
the PR BreakingPoint (Precision= Recall)for the
evaluationof extractsin TSC1(FukusimaandOKku-
mura,2001). This meansthat we evaluatesystems
when the numberof sentencesn the correctex-
tractis given. Moreover, in TSC3we assumehat
the numberof sentenceso be extractedis known
andwe evaluatethe systemoutputthathasthe same
numberof sentences.

However, it is notaseasyto decidethe numberof
sentence$o be extractedin TSC3asin TSC1. We
assumehattherearecorrespondencdmetweersen-
tencesn original documentandtheir abstracasin
Table 1. An ASCII space; ", is thedelimiterfor
the setsof correspondingentences thetable. As
shavn in thetable,we oftenseeseveral setsof sen-
tenceghat correspondo a sentenceén the abstract
in multiple documensummarization.

An ‘extract’ hereis a set of sentencesieeded
to producethe abstract. For instance we can ob-
tain ‘extracts’ such as “si,s3,55,56,830,560", and
“810,811,83,85,85,820,821,823" from Tablel1 6. Often
thereare several ‘extracts’ andwe mustdetermine
which of theseis the best. In suchcaseswe define
the‘correctextract’ asthe setwith theleastnumber
of sentenceaeededo producetheabstracbecause
it is desirableto corvey the maximumamountof
informationwith theleastnumberof sentences.

Findingthe minimumsetof sentence® produce
the abstractamountsto solving the constraintsat-

8In fact, it is possibleto producetheabstracwith othersen-
tencecombinations.

isfaction problem. In the examplein Table 1, we
obtainthefollowing constraintdrom eachsentence
in theabstract:

o (1 =51V (510 A s11),
o (Cy = 53 A\ s5 A s,
o (3= (820 N 891 N\ 823) V (81 N 839 N\ 860)

With theseconditions we now find theminimum
setthat makesall the conjunctionstrue. We need
to find the minimum set that makesC; A Cy A
C3 = true. In this case,the minimum cover is
{s1, $3, 85, S6, S30, S60}, and so the systemshould
extractsix sentences.

In TSC3,we computedthe numberof sentences
thatthesystenmshouldextractandthenevaluatedhe
systemoutputs,which musthave the samenumber
of sentencesyith the following precisionandcov-
erage.

3.1.2 Precision

Precisionis the ratio of how mary sentence the
systemoutputareincludedin the setof the corre-
spondingsentenceslt is definedby the following
equation.

Precision= %, 1)

where h is the leastnumberof sentenceseeded
to producethe abstractby solving the constraint
satisfactionproblemandm is the numberof ‘cor-

rect’ sentencedn the systemoutput,i.e., the sen-
tencesthat are includedin the set of correspond-
ing sentences.For example, the sentencedisted

in Table 1 are ‘correct. If the systemoutputis

“510, 811, S5, 817+ 8605 S61 thenthe Precisionis as
follows:

- 4
Precision= 5= 0.667. (2

for “s1, s10, 11, S3, S5, Se0”, thePrecisions asfol-
lows:

. 6
Precision= 6= 1. 3

3.1.3 Coverage

Coverages anevaluationmetricfor measurindghow
closethesystemoutputis to theabstractakinginto
accountheredundang foundin thesetof sentences
in the output.

The set of sentencesn the original documents
that correspondsorrectly to the i-th sentenceof
the human-producedbstractis denotedhere as
A1, Ao, -+, Agj, -+ -, Ao Inthis case we have



¢ setsof correspondingentencesHere, 4; ; indi-
catesa setof elementsachof which correspondso
the sentencenumberin the original documentsde-
notedas Ai7j = {Qi,j,la 91'7]'72, sy 9i,j,k; . } For
instance,from Table 1, Al,g = 917271,917272 and
91,2,1 = 10, 91,2,2 = S11-

Then,we definethe evaluationscoree(i) for the
i-th sentenceén theabstractasequation(1).

|4i] .
e(i) = max <M> ; 4)

i<yt | Ai 5
wherev(«) is definedby thefollowing equation.

| 1 if thesystemoutputsa
U(O‘)_{ 0 otherwise (5)

Functione returnsl (one)whenary A; ; is out-
puted completely Otherwiseit returnsa partial
scoreaccordingto thenumberof sentence$A; ;.

Givenfunctione andthe numberof sentencef
theabstract, Coverageis definedasfollows:
Z?:l e(i)

n

Coverage=

(6)

If the system extracts “810,811,85,817,860,861",
e(i) is computedasfollows:

e(l)= max0,1)= 1
e(2)= max0.33) = 0.33
e(3) = max0,0.33) = 0.33

and its Coverageis 0.553. If the systemextracts
“81,810,811,83,85,860", thentheCwerageis 0.780.

max1,1) =1
max(0.67) = 0.67
max0,0.67) = 0.67

3.1.4 Weighted Coverage

Now we define ‘Weighted Coverage’ since each
sentenceén TSC3is rankedA, B or C, where“A” is
thebest.Thisis similarto “Relative Utility” (Rade
et al., 2003). We only usethreeranksin orderto
limit the rankingcost. Thedefinitionis obtainedby
modifying equation(6).

Dimy w(r(i) x e(i)
w(A)n(A) + w(B)n(B) + w(C)n(C)’

W.C.= (7)

wherer(i) denoteghe rankingof thei-th sentence
of theabstracandw(r (7)) is its weight. n(rank) is
the numberof sentencesvhoserankingis rank in
theabstractSupposehefirst sentencés rankedA,
the secondB, andthe third C in Table 1, andtheir
weightsaregivenasw(A) = 1,w(B) = 0.5 and
w(C)=0.3".
As before, if the

*5101511,55,517,560,561",  then
Coveragels computedasfollows:

system extracts
the Weighted

_ 1x1+0.5x%x0.334+0.3 x0.33

W.C.= = 0.689.
C I1x14+05x1+4+03x1

(8)

3.2 Extrinsic Metrics

3.21 Pseudo Question-Answering
Sometimesquestion-answeringdQA) by human
subjectss usedfor evaluation(Morris etal., 1992;
Hirao et al., 2001). Thatis, humansubjectgudge
whetherpredefinedquestionscan be answeredoy
readingonly a machinegeneratedsummary How-
ever, the costof this evaluationis huge. Therefore,
weemploya pseudauestion-answeringvaluation,
i.e, whetherasummaryhasan‘answer’to theques-
tion or not. The backgroundo this evaluationis in-
spiredby TIPSTERSUMMAC’s QA track(Mani et
al.,2002).

For eachdocumenset,thereareaboutfive ques-
tions for a shortsummaryand aboutten questions
for long summary Note that the questionsor the
shortsummaryareincludedin the questiondor the
long summary Examplesof questiondor the topic
“Releaseof SONY's AIBO” areasfollows: “How
much is AIBO?”, “When was AIBO sold?”, and
“How mary AIBO aresold?".

Now, we evaluatethe summaryfrom the ‘exact
match’ and ‘edit distance’for eachquestion. ‘Ex-
act match’ is a scoring function that returnsone
whenthe summaryincludestheanswerto the ques-
tion. ‘Edit distance’'measuresvhetherthe systems
summaryhasstringsthat are similar to the answer
strings. The scoreSg; basedon the edit distances
normalizedwith the lengthof the sentenceandthe
answerstringsothatthe rangeof the scoreis [0,1]:

lengthof thesentence- editdistance
lengthof theanswerstrings

(9)

Sed =

The scorefor a summaryis the maximumvalue
of the scoresfor sentencesn the summary The

"w(r(i)) may be computeddifferently. It is 1/rank (one
dividedby rank)here.



Table2: Descriptionof TSC3Corpus.

# of doc. sets 30

# of articles(TheMainichi) | 175
# of articles(The Yomiuri) | 177
Total 352
# of Sentences 3587

scoreis 1 if the summaryhasa sentencehat in-
cludesthewhole answerstring.

It shouldbe notedthat the presenceof answer
stringsin the summarydoesnot meanthata human
subjectcannecessarilyanswerthe question.

4 Preliminary Experiment

In orderto examinewhetherour corpusis suitable
for summarizatiorevaluation,our evaluationmea-
suressignificant information and redundanciesn
thesystemsummaries.

Below we provide the detailsof the corpus,eval-
uationresultsandeffectivenessof the minimization
of redundansentences.

4.1 Description of Corpus

According to the guidelinesdescribedin section
two, we constructedxtractsandabstractof thirty
setsof documentsdravn 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 charactersn
thedocumentet),thenproducedextractsusingthe
abstractsTable2 shavs the statistics.

One documentset consistsof about 10 articles
on average andthe almostsamenumberof articles
were takenfrom the Mainichi newspaperand the
Yomiuri nevspaperMostof thetopicsareclassified
into a single-eentaccordingto McKeawn (2001).

Thefollowing list containsall thetopics.

0310 Two-and-half-million-yearold newv hominid species
foundin Ethiopia.

0320 Acquisitionof IDC by NTT (andC&W).

0340 Remarketingof gamesoftwarejudgedlegal by Tokyo
District Court.

0350 Night landing practiceof carrierbasedaircrafts of the
Independence

0360 Simultaneouvombingof theUS Embassietn Tanzania
andKerya.

0370 Resignatiorof PresidenSuharto.

0380 Nominationof Mr. PutinasRussiarprime minister

0400 Osamabin Ladenprovided shelterby Talibanregimein
Afghanistan.

0410 Transferof Nakatato A.C. Perugia.

0420 Releasef Dreamcast.

0440 Existenceof Japanesetterconfirmed.

0450 KyoceraCorporatiormakesMita Co. Ltd. its subsidiary

0460 Five-story pagodaat Muroji Temple damagedby ty-
phoon.

0470 Retiremenbf aircraftYS-11.

0480 Test obsenation of astronomicaltelescope'Subaru’
started.

0500 Dolly theclonedsheep.

0510 Massof neutrinos.

0520 HumanGenomeProjectfinishesdecodingof the 22nd
chromosome.

0530 Peacdalksin Northernlrelandatthe endof 1999.

0540 Delut of new modelof bullet train (700 family).

0550 Mr. Yukio Aoshimadecidesnotto run for gubernatorial
election.

0560 Mistakesin entranceexaminationof KansaiUniversity.

0570 SpaceshuttleEndeaour, from its launchto return.

0580 40 million-yearold fossil of nev monkey speciefound
by researclgroupat Kyoto University.

0590 Deadbodyof GeogeMallory foundon Mt. Everest.

0600 Releasef SONY’sAIBO.

0610 e-onelook-alikeof iMac.

0630 Researclon Kitora tombresumes.

0640 Tidal wave damagegeneratedoy earthquaken Papua
New Guinea.

0650 Mistakenbombingof the Chineseembassyy NATO.

4.2 Compared Extraction Methods

We usedthe lead-basednethod,the TF-IDF-based
method(Zechner 1996)andthe sequentiapattern-
basedmethod(Hirao et al., 2003), and compared
performanceof thesesummarizationmethodson

theTSC3corpus.

L ead-based M ethod

Thedocumentsn atestsetwere sortedin chrono-
logical andascendingorder Then,we extracteda
sentencatatime from the beginning of eachdocu-
mentandcollectedthemto form asummary

TF-IDF-based M ethod

Thescoreof asentences the sumof the significant
scoresof eachcontentword in the sentence. We
thereforeextractedsentences descendingrderof
importancescore. The sentencescoreSfigs (si) is
definedby thefollowing.

Stigf(si) = Y _ w(t, DS), (10)
tes;
wherew(t, DS) is definedasfollows:
w(t, DS) = tf(t. DS) -log ZEL (1)

df(t)”

tf(t, DS) is the frequeny of word ¢ in the docu-
mentset,df (t) is thedocumenfrequeng of ¢, and
| D B| is thetotaln umberof documentsn theset.In
fact, we computedtheseusingall the articlespub-
lishedin the Mainichi and Yomiuri nevspaperdor
theyears1998and1999.

Sequential Pattern-based M ethod

The scoreof a sentencds the sum of the signifi-

cantscoresof eachsequentialpatternin the sen-
tence. The patternsusedfor scoringwere decided



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

Method | Length | Prec. Cov. W.C.
Short | 426 212 .326
Lead | 1ong | 539 259 .369
Short | 497 292 397
TRIDF | |ong | 604 325 .434
Short | .613 .305 .403
Pattern | 1 ong | 665 .298 .418

Table 4: Evaluationresultsfor “PseudoQuestion-

Answering’
Method | Length | Exact Edit
Short | .300  .589
Lead | 1ong | 275 .602
Short .375 .643
TRIDF | 1ong | 393  .659
Short .390 .644
Pattern | | gng .370  .640

by usinga statisticalsignificanceestsuchasthe x>
metrictestandusing1,000patterns.This is an ex-
tensionof Lin’smethod(Lin andHovy, 2000). The
sentencescoreSpat(s;) is definedby thefollowing.

Spat(si) = Y _ w(p), (12)
pESs;
wherew(p) is definedasfollows:
log(f(p, DS log(F25
w(p) = og(f(p. DS) +1) Og(f(p,AS))- (13)

len(p)

f(p, DS) is the sentencdrequeng of patternp in

the documentetand f(p, AS) is the sentencdre-

queng of patternp in all topics.| AS| isthenumber
of sentencedn all topicsandlen(p) is the pattern
length.

4.3 Evaluation Result

Table 3 shaws the intrinsic evaluationresult. All

methodshave lower Coverageand WeightedCov-
eragescoreghanPrecisionscores.This meanghat
the extractedsentenceincluderedundanbnes. In
particular the differencebetween“Precision” and
“Coverage’is largein “Pattern

Although both “Pattern” and “TF-IDF” outper
form “Lead; thedifferencebetweerthemis small.
In addition,we know that“Lead” is a goodextrac-
tion methodfor newspapearticles;however, thisis
nottruefor the TSC3corpus.

Table 4 shows the extrinsic evaluation results.
Again, both “Pattern” and “TF-IDF” outperform
“Lead”, but the differencebetweenthemis small.
We foundacorrelationbetweertheintrinsic andex-
trinsic measures.

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

Method | Length | Prec. Cov. W.C.
Short 430 297 .377
TFIDF | ong | 533 .345 455
Short | 531 289 .390
Pattern | 1ong | 620 .338 .456

Table 6: Effects of clustering (PseudoQuestion-

Answering).
Method | Length | Exact Edit
Short 401 .650
TFIDF | \ong | .377 .648
Short | .392 650
Pattern | 1 ong | .380  .655

4.4 Effect of Redundant Sentence
Minimization
The experimentdescribedin the previous section
shaws thata groupof sentencesxtractedin a sim-
ple way includesmary redundantsentences. To
examinethe effectivenessof minimizing redundant
sentencesye comparghe Maximal Marginal Rele-
vance(MMR) basedpproaciCarbonelandGold-
stein, 1998) with the clusteringapproachiNomoto
andMatsumoto,2001). We use‘cosine similarity’
with a bag-of-wordsrepresentatioffor the similar-
ity measurdetweersentences.

Clustering-based Approach

After computingimportancescoresusingequations
(10) and(12), we conductechierarchicalclustering
using Ward’s methoduntil we reachedh (seeSec-
tion 3.1.1)clustersfor thefirst 3k sentencesThen,
we extractedthe sentencewith the highestscore
from eachcluster

Table 5 shows the resultsof theintrinsic evalu-
ation and Table 6 shaws the resultsof the extrin-
sic evaluation. By comparisonwith Table 3, the
clustering-base@pproachresultedin TF-IDF and
Patternscoringlow in Precision,but high in Cov-
erage. WhencomparingTable 4 with Table 6, the
scoreis improved in mostcases.Theseresultsim-
ply that redundang minimization is effective for
improving thequality of summaries.

MM R-based Approach

After computingimportancescoreausingequations
(10)and(12),were-rankedhefirst 3k sentenceby
MMR andextractedthefirst 4 sentences.

Table 7 and 8 shaw the intrinsic and extrinsic
evaluationresults,respectiely. We canseethe ef-
fectivenessof redundang minimizationby MMR.
Notably in mostcasesthereis alargeimprovement
in boththeintrinsic andextrinsic evaluationresults
ascomparedavith clustering.



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

Method | Length | Prec. Cov. W.C.
Short | 469 306 403
TFIDF | 1ong | 565 .376 .475
Short | 469 332 429
Pattern | 1 ong | 577 377 500
Table 8: Effects of MMR (Pseudo Question-
Answering).
Method | Length | Exact Edit
Short .386 .647
TFIDF Long 405 .667
Short 417 .663
Pattern | |ong | .390  .656

Theseresultsshav thatredundang minimization
hasa significanteffect on multiple documentsum-
marization.

5 Conclusion

We describedhedetailsof a corpusconstructedor
TSC3andmeasuredor its evaluation,focusingon
sentencextraction. We think thata corpusin which
importantsentenceandthosewith thesamecontent
areannotatedor multiple documentss a new and
significantfeaturefor summarizatiorcorpora.

It is plannedto makethe TSC3corpusavailable
(evenif therecipientis not a TSC3participant)by
exchangingmemorandawith the Nationallnstitute
of Informaticsin JapanWe sincerelyhopethatthis
corpuswill be usefulto researchers/ho areinter-
estedin text summarizatiorand sene to facilitate
furtherprogressn thisfield.

References

J. Carbonelland J. Goldstein. 1998. The Use of
MMR, Diversity-BasedRerankingfor Reorder
ing Documentsand Producing Summaries. In
Proc. of the 21th ACM-SGIR, pages335-336.

T. FukusimaandM. Okumura.2001. Text Summa-
rization Challenge:Text SummarizatiorEvalua-
tionin Japan.In Proc. of the NAACL 2001 Work-
shop on Automatic summarization, pages51-59.

T. Hirao, Y. Sasaki,and H. Isozaki. 2001. An
Extrinsic Evaluation for Question-Biasedlext
Summarizationon QA tasks. In Proc. of the
NAACL 2001 Workshop on Automatic Summa-
rization, pages61-68.

T. Hirao, J. Suzuki, H. Isozaki, and E. Maeda.
2003. Multiple DocumentSummarizatiorusing
SequentiaPatternMining (in Japanese)ln The
Foecial Interest Group Notes of 1PSJ (NL-158-6),
pages31-38.

H. Jing and K. McKeown. 1999. The Decom-
positionof Human-WrittenSummarySentences.
Proc. of the 22nd ACM-SGIR, pagesl29-136.

J. Kupiec,J PetersenandF. Chen. 1995. A Train-
ableDocumentSummarizerin Proc. of the 18th
SGIR, pages8-73.

C-Y. Lin andE. H. Hovy. 2000. The Automated
Acquisition of Topic Signaturesfor Text Sum-
marization.In Proc. of the 16th COLING, pages
495-501.

I. Mani, G. Klein, D. House,L. Hirschman,T. Fir-
man,andB. Sundheim.2002. SUMMAC: a text
summarizationevaluation. Natural Language
Engineering, 8(1):43-68.

D. Marcu. 1999. The Automatic Construction
of Large-scaleCorporafor SummarizationRe-
search. Proc. of the 22nd ACM-SGIR, pages
137-144.

K. McKeown, R. Barzilay D. Evans,V. Hatzvas-
silogou,M. Y. Kan, B. Schifman,andS. Teufel.
2001. Columbia Multi-Document Summariza-
tion: Approachand Evaluation. In Proc. of the
Document Understanding Conference 2001.

A. H. Morris, G. M. Kasper and D.A. Adams.
1992. The EffectsandLimitations of Automatic
Text Condensingon Reading Comprehension.
Information System Research, 3(1):17-35.

T. Nomotoand M. Matsumoto.2001. A New Ap-
proachto Unsupervised ext SummarizationlIn
Proc. of the 24th ACM-SGIR, pages26-34.

M. Okumura,T. Fukusima,and H. Nanba. 2003.
Text SummarizationChallenge2, Text Summa-
rization Evaluationat NTCIR Workshop 3. In
Proc. of the HLT/NAACL 2003 Text Summariza-
tion Workshop, pagesA9-56.

C. Paice. 1990. ConstructingLiterature Abstracts
by Computer: Techniquesand Prospects I nfor-
mation Processing and Management, 26(1):171—
186.

D. R. Rade, S. Teufel, H. Saggion, W. Lam,
J. Blitzer, H. Qi, A. Celebi, D. Liu, and
E. Drabek.2003. Evaluationchallengesn large-
scaledocumentsummarization.In Proc. of the
41st ACL, pages375—382.

S. Teufeland M. Moens. 1997. SentenceExtrac-
tion asa ClassificationTask. In Proc. of the ACL
Workshop on Intelligent Scalable Text Summa-
rization, pagess8-65.

K. Zechner 1996. Fast Generationof Abstracts
from GeneralDomain Text Corporaby Extract-
ing Relevant Sentences.In Proc. of the 16th
COLING, pages986-989.



