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Abstract

In this paper, we describethe overviav of Text
Sumnarization Challenge 3 (TSC3hereafter), sequel
testsummarizatiorevaluation conductedasoneof the
tasksat the NTCIRWbrkshop4.

We havedefired two kinds of taskin TSCS3; extract-
ing importantsentenceandabstracing frommultiple
doaumentsWe haveprepared30 doaumentsetswhich
corcernedwith certain topic and condicted Formal
run evaluation with nine participarts.
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1 Intr oduction

Automatictext summaization hasattracteda lot of
attentionrecertly and therehave beenmary studies
in this field. Thereis a particdar needto establish
methals for the autorratic summaization of multiple
doaumentsratherthansingledocunents.

Therehave beenseveral evaluation workshopson
text summarizatio. In 1998 TIPSTER SUMMAC
[4] took placeandthe Document UndesstandingCon-
fererce (DUC)! hasbeenheld annually since2001
DUC hasincluded multiple docunentsummarizatio
amory its taskssincethe first conference. The Text
SummnarizationChallengs (TSCY hasbeenheldonce
in one and a half yearsas part of the NTCIR (NII-
NACSISTestCollectionfor IR Systemsprojed since
200L. Multiple docurrentsummaizationwasincluded
for thefirst time asoneof thetasksat TSC2(in 2002
[7]. Multiple docunmentsummaizationis now a cen-
tral issuefor text summarizatia research

L https/ducnist.gor
2 http7/www.Ir.pi.titech.agp/tsc
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In TSC3, we have definedtwo kinds of task; ex-
tractingimportantsentenceandabstractingrom mul-
tiple docurrents. We have premred30 docunent sets
whichconcerredwith certaintopicandcondictedFor-
mal run evaluationwith nine participars.

2 TaskDefinition

We briefly explain the taskdefinitionof TSC3.The
tasksare similar to the TSC2 Task B. The first task
is extraction, i.e., the systemextractsimportant sen-
tencesfrom given docunent sets. The secondis ab-
straction,i.e., the systemgeneate summaies whose
nunberof charactes waslessthana fixed number.

We givethe participarns followings:

e docunentsets(30 sets),

e titles of docunentsets,

¢ lengthof extractandabstrac{2 kinds).

As the target docurrents, we use both Mainichi

andYomiuri newspapes publishedoetweenl998and
199.

We believe that multiple docurmrent summaization
systemneedfollowing:

importart sentencextraction,
redurdantsentenceedLction,

rewrite the resultof extraction to redue the size of
the summaryto the specifiednumbe of charae
tersor less.

Theextractiontaskevaluatesentencextraction and
redwction andthe abstractiortaskevaluatetechniqies
to reducethe summarysize.



3 Evaluation Methods

We employ bothintrinsic and extrinsic evaluation
For extraction, we define“Precision”and“Coverage”
For abstraction we use subjectvity evaluation and
pseud question-answerig.

3.1 Intrinsic Metrics for Extraction

Multiple document summarizatia from multiple
sour@s, i.e., severd newspgersconernedwith the
sametopic but with differentpubishers,is morediffi-
cultthansingledocunentsummarizatia sinceit must
dealwith more text (in termsof numbes of chaac-
tersand sentences)Moreover, it is peculiarto mul-
tiple documentsummaizationthatthe summarizatia
systemmustdecidehow muchredwundantinformation
shoud bedeleted .

In a singledocunent, therewill be few sentences
with the sameconter. In contrast,in multiple docu
mentswith multiple sourcs, therewill be mary sen-
tencesthat corvey the samecortent with different
words andphrasesor evenidenticalsentencesThus,
atext summaization systemneedsto recoqize such
redundart sentenceandredue theredundangy in the
output sumnary.

However, we have no way of measurig the effec-
tiveressof suchredurdang in the corpaa for DUC
andTSC2. Key datain TSC2wasgiven asabstracts
(freesummariesyvhosenumker of characteswasless
thana fixed numbe and,thus,it is difficult to usefor
repatedor autonatic evaluation and for the extrac-
tion of importantsentencesMoreover, in DUC, where
mostof the key datawere abstractavhosenunber of
words waslessthana fixed numtler, the situationwas
the sameas TSC2. At DUC 2002, extracts (impor-
tantsentencesyereused,andthis allowedusto eval-
uatesentencextradion. However, it is notpossibleto
measue the effectivenessof redurdant sentencese-
dudion sincethe corpus was not anndatedto shav
sentencevith sameconten. In addition this is the
sameevenif we usethe SummBak corpus[9].

In ary case,becausemary of the current summa-
rization systemgor multiple docunentsare basedon
sentencextraction, we believe thesecorporato beun-
suitableassetsof documentsfor evaluation.

Onthisbasisjn TSC3,we assumedhattheprocess
of multiple docunent summarizatia consistsof the
following threestepsandwe prodwceacorpus for the
evaluation of the systemat eachof thethreesteps .

3 |t is true thatwe needotherimportanttecmiquessuchasthose
for maintaning the consiseng of wordsand phrasesthat referto
thesameobjed, andfor makingtheresuls morereadable;however,
they arenotincludedhere.

4 Thisis basel on geneal ideas of asummarizabn systemandis
notintendedto imposeary condiionson a summarizéon system.

Stepl Extractimportant sentence$rom a given set
of docunents

Step2 Minimize redurdantsentencefrom the result
of Stepl

Step3 Rewrite theresultof Step2 to redicethe size
of thesummay to thespecifiechunberof char
actersor less.

We have anndatednotonly theimportantsentences
in the documentset, but also thoseamongthem that
have thesameconten. Thesearethecorpaafor steps
1 and2. We have preparedhuman-poducedree sum-
maries(abstractsjor step3.

3.11 Number of SentencesSystem Should Ex-
tract

We beggin with guidelines for anndating important
sentencegextracts).We think thattherearetwo kinds
of extract.

1. A setof sentencethathuman anndatorsjudge
asbeingimportantin adocumentset[1, 11, 8].

2. A setof sentenceshat are suitableasa source
for producinganabstractj.e., a setof sentences
in the original docunentsthatcorrespondto the
sentence theabstracts?, 10, 5, 3].

Whenwe considethow summariesreproduced,it
seemgnore natual to identify importart sggmensin
thedoaumentsetandthenprodwcesummariedy com-
bining andrephmasingsuchinformationthanto select
important sentencesand revise them as summaies.
Therdore, we believe that secondtype of extractis
superio andthuswe preparedthe extractsin thatway.

However, as statedin the previous section, with
multiple docunentsummaization,theremaybemore
thanonesentencevith the samecortent,andthuswe
may have more thanone setof sentencef the origi-
nal docunent that correspndsto a given sentenceén
theabstractthatis to say theremaybe morethanone
key datumfor a given sentencén theabstract .

we have two setsof sentenceshat correspondto
sentence in theabstract.

(1) s; of documentz, or
(2) acomhnationof sy andss of documenty

This meanghat s; aloneis ableto producea, and
a canalsobe producedby conbining s, andss.

We marked all the sentencesn the original doc
umerts that were suitablesource for prodicing the
sentencesf theabstractandthis madeit possiblefor
usto deternine whetheror not a summaization sys-
temdeletedreduindantsentencesorrectly at Step2. If

5 We use'set of sentaices’sincewe oftenfind thatmorethan one
sentene correspondgo asentegein theabstrat.



Table 1. Impor tant Sentence Data.

SentewelD of Abstract | Setof Correspoding Sent&ices
1 {s1}_{s10,511}
2 {s3.55,56}
3 {520, 521,523 }..{51,530,560 }

the systemoutpus the sentence the origind docu
mentsthatareanrotatedascorrespadingto thesame
sentencen the abstractjt hasredundarcy. If not, it
hasno redurdang. Returnirg to the above examge,
if the systemoutputs s;,s2,andss, they all correspond
to sentence in theabstractandthusit is redurdant.

3.12 Predsion

Precisionis theratio of how mary sentences thesys-
temoutput areincludedin the setof thecorrespondiry
sentence. It is definedby thefollowing equation

Precision= %, (2)

whereh is the leastnumker of sentencesieededto
producetheabstracby solvingthe constraintsatishc-
tion prodem andm is the numter of ‘correct’ sen-
tencedn the systemoutput, i.e., the sentencethatare
includedin thesetof correspondig sentence. For ex-
ample the sentencetistedin Tablel are‘correct. If
the systemoutpu is “s1q, s11, S5, S17, S60, S61”» then
the Precisionis asfollows:

Precision= % = 0.667. 2)

for “sq, 810, 511, 3, S5, 860", the Precisionis asfol-
lows:

Precision= g =1. )

3.13 Coverage

Coverageis an evaluationmetric for measuringhow
closethe systemoutp is to the abstracttaking into
account theredunndang found in the setof sentences
in theoutpu.

The set of sentence in the original documents
that correspond correctly to the i-th sentenceof
the humanproduced abstractis dended here as
A1, Aio,-- A, -+, Aie. In this case,we have
¢ setsof correspnding sentences.Here, 4; ; indi-
catesa setof elementseachof which correspondgo
the sentencenumbe in the original docunents, de-
nOtedaSAiJ = {02'7_7‘71, 91‘7_]'72, ceey Hiyjyk, i } For in-
stancefrom Tablel, A1 2 =61 2.1,60122andf; 51 =
510, 91,2,2 = S11-

Then,we definethe evaluaion scoree(i) for thei-
th sentencén theabstractisequatian (1).

[Ag 51 v(6i 1)
N k=1 1,4,k
6(7’) - 1??%(2 ( |A17]‘ I (4)

wherev(«) is definedby the following equation

] 1 if thesystemoutputsc
v(a) _{ 0 otherwise ®)

Functione returrs 1 (ong whenary A;; is out-
putedcomgetely. Otherwiseit retums a partial score
accordng to thenumbe of sentencegd, ;|.

Givenfunctione andthe numkber of sentencem the
abstract, Coverageis definedasfollows:

S e

n

(6)

Coverage=

If the systemextracts”sig,511,55,517,560,561", €(7)
is computedasfollows:

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

and its Coverage is 0.553 If the systemextracts
*$1,5101511,53,55,560 thentheCO\/erageiS 0.780.

e(l) = max(1,1) =1
e(2) = max0.67) = 0.67
e(3) = max0,0.67) = 0.67

3.2 Intrinsic Metrics for Abstraction

We employ subjectvity evaluationfor both content
informationandreadallity of summaies.

3.21 Content Evaluation

Humanjudgesmatchsummarieghey producedwith

systemresultsat sentencdevel, and evaluatethe re-

sults basedon the degreeof the matching(how well

they match). The sentencesn the human-pioduced
summaies have valuesthatshowv thedegreeof impor-

tance andthesevalues aretakeninto accouthin com-
ing up with final evaluatian.

3.22 Readability Evaluation

We use“Quality Questios (QQ)” for readabilityeval-
uation We modified DUC’s QQ for Japaneséext.
Therearesixteenquestionsasfollowing:

g00 How mary reduindantor unrecessarysentences
arethere?



g01 How mary placesare there where (zero) pro-
nours or referiing expressionsto be used?

g02 How mary prorounsaretherewhoseanteceénts
aremissing?

g03 How mary propernowns which appearedn the
unsuitalle positionarethere?

04 How mary expressios which have samemean-
ingshbut differert termarethere?

g05 How mary of thesentencearemissingimportant
constituerts?

q06 How mary placesare therewherecorjunctions
should be suppliedor corjunctions should be
deleted?

q07 How mary unneessarywords (adwerbs, adjec-
tives,etc.) arethere?

q08 Doesthe summay haswrong chrorologicd or-
dering?

09 How mary sentencewhich shouldunify writing
style (pdlite styleor ordinaly style)arethere?

10 How mary redurdantverbs arethere?

g1l How mary sentencesvhich haswrong concod
expressionarethere?

g12 How mary sentencebaveincorectword order?

13 How mary incorrect inflectionwords arethere?

14 How mary comgex sentencearetherethathad
betterbedivided?

g1l5 How mary sentencesretherethathadbetterbe
unified?

3.3 extrinsic Metrics for Abstraction

Sometimesquestionanswering (QA) by human
subjectds usedfor evaluatian [6, 2]. Thatis, human
subjectgudgewhetter preddinedquestioncanbean-
sweredy readirg only amachne generatd summary
However, the costof this evaluation is huge. There-
fore, we employ a pseudoguestionansweringevalu-
ation, i.e., whethera summaryhasan ‘answer’ to the
question or not. The baclground to this evaluationis
inspiredby TIPSTERSUMMAC's QA track[4].

3.31 PseudoQuestion-Answering

Sometines questionanswering(QA) by humansub-
jectsis usedfor evaluation[6, 2]. Thatis, humansub-
jects judge whetherpredefired questios can be an-
sweredy readirg only amachne generatd summary
However, the costof this evaluation is huge. There-
fore, we employ a pseudoguestionansweringevalu-
ation, i.e., whethera summaryhasan ‘answer’ to the
question or not. The baclground to this evaluationis
inspiredby TIPSTERSUMMAC's QA track[4].

For eachdocument set, thereare abaut five ques-
tionsfor a shortsummay andabou tenquestionsor
long summay. Note that the questionsfor the short
summay areincludedin the questiors for the long
summay. Examplesof questionsfor the topic “Re-
leaseof SONY’s AIBO” areasfollows: “How much

Table 2. System-ID

SYS-ID organizatiomname

SOUKEN | TheGraduatdJniversityfor AdvancedStudies

CRLNYU | CommunicationfResearcliaboratory/ New York University
smlab ToyohashiUniversity of Technology

MOGS TheUniversity of Tokyo

forest YokohamaNationalUniversity

KLEIR PohangdJniversity of Science& Technology

DBLAB HokkaidoUniversity

UEC The University of Electro-Communications

uUYDI RitsumeikanUniversity

Table 3. Task Participation.

ID abstractin  extraction
SOUKEN
CRLNYU
smlab
MOGS
forest
KLEIR
DBLAB
UEC
uYDI

Fk
Fk

* Xk X X X X X X X
¥ % %

* *x X

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

Now, we evaluate the summay from the ‘exact
match’ and ‘edit distance’for eachquestion. ‘Exact
match’is a scoringfunction thatreturnsonewhenthe
summay includesthe answerto the question ‘Edit
distance'measuresvhetherthesystems summay has
stringsthataresimilarto theansweistrings.Thescore
Seq basedon the edit distances normalized with the
lengthof thesentencandtheanswerstringsothatthe
range of thescoreis [0,1]:

_lengthof thesentence- editdistance
Sed = lengthof theanswerstrings

@)

The scorefor a summaryis the maximum value of
thescoredor sentencem thesummary Thescoreis 1
if the summaryhasa sentencehatincludesthewhole
answerstring.

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

4 TaskParticipants

In TSC3,therewereninepatrticiparts. Table2 shav
thesystem-icandtheorganizatiomname.Table3 shav
the task participation. The symbol“x” indicatesthat
the participant submittedone resultto the task. The
two symbolsdendestwo kinds of submittedresults.



Table 4. Evaluation Results (Extraction)

Short Long
ID Cov. Prec. | Cov. Prec.
SOUKEN(a) | 0.315 0.494| 0.3% 0.554
SOUKEN(b) | 0.372 0.591| 0.363 0.587
CRLNYU(a) | 0.22 0.314| 0.313 0.432
CRLNYU(b) | 0.2 0.378| 0.2% 0.416
smlab 0.38 0.496| 0.32Z7 0.535
MOGS 0.28 0.406| 0.341 0.528
forest 0.30 0.567| 0.391 0.680
DBLAB 0.38B 0.505| 0.3® 0.585
UEC 0.18 0.275] 0.218 0.421
uYDI 0.251 0.476| 0.247 0.547
LEAD 0.212 0.426| 0.2 0.539

Table 5. Results on Content Evaluation.

ID Short Long
SOUKEN | 0.228 0.214
CRLNYU | 0.18 0.240
smlab 0.247 0.258
MOGS 0.230 0.248
forest 0.291 0.323
KLEIR 0.22 0.210
DBLAB 0.20r 0.247
UEC 0.131 0.233
uYDI 0.197 0.221
LEAD 0.1 0.159
HUMAN | 0.3& 0.402

5 Evaluation Results

5.1 Resultson extraction

Table4 show theresultsof extraction Thescoreis
theaveragescoredor 30 doaumentsets."LEAD” de-
noteghebaselinesystermbasedn lead-asednethod
All methals have lower Coveragescoresthan Preci-
sion scores. This meansthat the extractel sentences
include reduindantones. In addition we know that
“Lead’ is agoad extraction methodfor newspaperr
ticles; however, thisis nottruefor the TSC3corpts.

5.2 Resultson abstraction

5.21 Content Metrics

Table5 shav the resultson content evaluatian by hu-
man subject. “HUMAN" indicateshumanproduced
summaiesthataredifferert from modelsummaries.

Table 7. Results for Pseudo Question-
Answering.

Shot Long

ID exact edit exact edit

SOUKEN | 0.3% 0.677| 0.399 0.7
CRLNYU | 0.257 0.556| 0.266 0.6
smlab 0.367 0.653| 0.366 0.677
MOGS 0.32 0.614| 0.327 0.60
forest 0.43® 0.710| 0.442 0.751
KLEIR 0.321 0.601| 0.313 0.611
DBLAB 0.3 0.684| 0.366 0.6
UEC 0.1 0.427]| 0.201 0.58
uYDI 0.3 0.579| 0.308 0.68
LEAD 0.3 0.589| 0.275 0.6@
HUMAN | 0.461 0.716| 0.426 0.72

5.22 Readability Metrics

Table6 shav the resultson readallity evaluatian us-
ing “Quality Questions.

5.23 PseudoQuestion-AnsweringMetrics

Table 7 shov the results on pseudo question
answering

6 Conclusion

We descritedthe outline of TSC3. We definedtwo
kinds of taskusingMainichi and Yomiuri nevspagers
pubished between1998B and 199. We repated the
resultsof two tasks.
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