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Abstract

In this paper we describethe overviev of Text
SummarizatiorChallenge3 (TSC3herreafter), sequel
testsummarizatiorevaluationconductecasoneof the
tasksat the NTCIRWorkshop4.

We havedefinedtwo kinds of taskin TSC3; extract-
ing importantsentenceandabstracting frommultiple
documents\We haveprepaed 30 documensetswhich
concernedwith certain topic and conductedFormal
run evaluationwith nine participants.
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1 Intr oduction

Automatictext summarizatiorhasattractedalot of
attentionrecently and there have beenmary studies
in this field. Thereis a particularneedto establish
methodsfor the automaticsummarizatiorof multiple
documentsatherthansingledocuments.

Therehave beenseveral evaluationworkshopson
text summarization. In 1998, TIPSTER SUMMAC
[3] took placeandthe DocumentUnderstandingcon-
ference(DUC)! hasbeenheld annuallysince 2001.
DUC hasincludedmultiple documentsummarization
amongits taskssincethe first conference. The Text
SummarizatiorChallengg TSCY hasbeenheldonce
in one and a half yearsas part of the NTCIR (NII-
NACSISTestCollectionfor IR Systemsprojectsince
2001.Multiple documensummarizationwasincluded
for thefirst time asoneof thetasksat TSC2(in 2002)
[5]. Multiple documentsummarizatioris now a cen-
tral issuefor text summarizatiomesearch.

! http://duc.nist.gov
2 http://wwwIr.pi.titech.ac.jp/tsc
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In TSC3, we have definedtwo kinds of task; ex-
tractingimportantsentenceandabstractingrom mul-
tiple documentsWe have prepared30 documentsets
whichconcernedvith certaintopicandconducted-or-
mal run evaluationwith nine participants.

2 Task Definition

We briefly explain the taskdefinitionof TSC3.The
tasksare similar to the TSC2 Task B. The first task
is extraction, i.e., the systemextractsimportantsen-
tencesfrom given documentsets. The secondis ab-
straction,i.e., the systemgeneratesummariesvhose
numberof charactersvaslessthana fixed number

We give the participantgollowings:

e documensets(30 sets),

o titles of documensets,

¢ lengthof extractandabstrac{2 kinds).

As the target documents,we use both Mainichi
andYomiuri newspaperpublishedbetweernl998and
19909.

We believe that multiple documentsummarization
systemneedfollowing:

importantsentencextraction,
redundansentenceeduction,

rewrite the resultof extractionto reducethe size of
the summaryto the specifiedhumberof charac-
tersor less.

Theextractiontaskevaluatesentencextractionand
reductionandthe abstractiortaskevaluatetechniques
to reducethe summarysize.



Table 1. Impor tant Sentence Data.

SentencedD of Abstract | Setof Correspondingentences
1 {s1}. {510,511}
2 {53,55,56}
3 {s20, 521,523}, {s1,530,560}

3 Evaluation Methods

We employboth intrinsic andextrinsic evaluation.
For extraction,we define“Precision”and“Coveragé.
For abstraction,we use subjectvity evaluation and
pseudaquestion-answering.

3.1 Intrinsic Metrics for Extraction

3.1.1 Number of SentencesSystem Should Ex-
tract

Precisionand Recallaregenerallyusedasevaluation
matricesfor sentencextraction,andwe usedthe PR
BreakingPoint(Precision= Recall)for the evaluation
of extractsin TSC1[1]. This meansthatwe evaluate
systemswvhenthe numberof sentencei the correct
extractis given. Moreover, in TSC3we assumethat
the numberof sentenceto be extractedis known and
we evaluatethe systemoutputthat hasthe samenum-
berof sentences.

However, it is not aseasyto decidethe numberof
sentenceso be extractedin TSC3asin TSC1. We
assumethat thereare correspondencelsetweensen-
tencesin original documentsand their abstractasin
Table 1. An ASCII space,”_”, is the delimiter for
the setsof correspondingsentencesn the table. As
shavn in the table, we often seeseveral setsof sen-
tencesthat correspondo a sentencén theabstracin
multiple documensummarization.

An ‘extract’ here is a set of sentencesmeeded
to produce the abstract. For instance, we can
obtain ‘extracts’ such as “s1,s3,s5,56,530,560", and
“810,811,83,85,86,520,521,523" from Table 1 3, Of-
tenthereareseveral ‘extracts’andwe mustdetermine
which of theseis the best. In suchcaseswe define
the‘correctextract’ asthe setwith theleastnumberof
sentenceseededo producethe abstrachbecausét is
desirableto convey the maximumamountof informa-
tion with the leasthumberof sentences.

Finding the minimum set of sentenceso produce
theabstracimountdo solvingtheconstraintsatisfac-
tion problem. In the examplein Table 1, we obtain
thefollowing constraintdrom eachsentencén theab-
stract:

o 1 =51V (510 As11),

o 02283/\85/\86,

3 In fact, it is possibleto producethe abstracivith othersentence
combinations.

[ ] 03 = (820 A S91 A 823) V (81 A 530 /\860)

With theseconditions,we now find the minimum
set that 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, 83, 85, S6, S30, Se0 },» andsothe systemshouldex-
tractsix sentences.

In TSC3, we computedthe numberof sentences
thatthe systemshouldextract andthen evaluatedthe
systemoutputs,which musthave the samenumberof
sentencesyith the following precisionandcoverage.

3.1.2 Precision

Precisionis theratio of how mary sentences thesys-
temoutputareincludedin thesetof thecorresponding
sentenceslt is definedby thefollowing equation.

Precision= %, 1)

whereh is the leastnumberof sentenceseededto

producetheabstracby solvingthe constrainsatisfac-
tion problemand m is the numberof ‘correct’ sen-
tencesin the systemoutput,i.e.,, the sentencethatare
includedin the setof correspondingentences-or ex-

ample,the sentencefistedin Table1 are‘correct. If

the systemoutputis “siq, s11, S5, S17, S60, S61”» then
the Precisionis asfollows:

Precision= % = 0.667. 2)

for “s1, s10, 511, 3. S5, Sg0”, the Precisionis asfol-
lows:

Precision= g =1. 3)

3.1.3 Coverage

Coverageis an evaluation metric for measuringhow
closethe systemoutputis to the abstracttaking into
accountthe redundang foundin the setof sentences
in the output.

The set of sentencesn the original documents
that correspondscorrectly to the i-th sentenceof
the human-producedabstractis denoted here as
A1, Aja, -+, Ay, -+, Ay In this case,we have
¢ setsof correspondingsentences.Here, 4; ; indi-
catesa setof elementseachof which corresponddo
the sentencenumberin the original documentsde-
notedasAiyj = {9¢7j,1, eiyj’g, sy Hiyj,k, .. } For in-
stancefrom Tablel, Ay 2 = 61 2,1,601,20andf; 5 1 =
510, 91,2,2 = S11-

Then,we definethe evaluationscoree(i) for thei-
th sentencén the abstractasequation(1).
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wherev(«) is definedby thefollowing equation.

| 1 if thesystemoutputsc
v(e) _{ 0 otherwise ®)

Functione returns1 (one)whenary A, ; is out-
putedcompletely Otherwiseit returnsa partial score
accordingto thenumberof sentencegA,|.

Givenfunctione andthenumberof sentences the
abstracth, Coverageis definedasfollows:

D e(d)

Coverage= = (6)

If thesysterr‘e(tracts“slo,sn 1S5,517,5601561 » €<Z)
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
¥ $1,5101511+53,55,560 s thentheCwerageis 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 employsubjectvity evaluationfor both content
informationandreadabilityof summaries.

3.2.1 Content Evaluation

Humanjudgesmatchsummarieshey producedwith
systemresultsat sentencdevel, and evaluatethe re-
sults basedon the degree of the matching(how well
they match). The sentencesn the human-produced
summariehave valuesthatshav thedegreeof impor-
tance,andthesevaluesaretakeninto accountn com-
ing up with final evaluation.

3.2.2 Readability Evaluation

We use“Quality QuestiongQQ)” for readabilityeval-
uation. We modified DUC’s QQ for Japaneséext.
Therearesixteenguestionsasfollowing:

g00 How mary redundantor unnecessargentences
arethere?

g01 How mary placesare there where (zero) pro-
nounsor referringexpressiongo beused?

g02 How mary pronounsaretherewhoseantecedents
aremissing?

g03 How mary propernounswhich appearedn the
unsuitablepositionarethere?

g04 How mary expressionswvhich have samemean-
ings but differenttermarethere?

g05 How mary of thesentencearemissingimportant
constituents?

g06 How mary placesaretherewhereconjunctions
should be suppliedor conjunctionsshould be
deleted?

g07 How mary unnecessaryords (adverbs, adjec-
tives,etc.) arethere?

g08 Doesthe summaryhaswrong chronologicalor-
dering?

g09 How mary sentencewhich shouldunify writing
style (polite style or ordinaly style) arethere?

g10 How mary redundanterbsarethere?

g1l How mary sentencesvhich haswrong concord
expressiorarethere?

gl2 How mary sentencebave incorrectword order?

g13 How mary incorrectinflectionwordsarethere?

g14 How mary complex sentencesretherethathad
betterbe divided?

g1l5 How mary sentencesretherethathadbetterbe
unified?

3.3 extrinsic Metrics for Abstraction

Sometimesquestion-answeringdQA) by human
subjectsis usedfor evaluation[4, 2]. Thatis, human
subjectgudgewhethempredefinedjuestioncanbean-
swereddy readingonly amachinegeneratedummary
However, the costof this evaluationis huge. There-
fore, we employa pseudoquestion-answeringvalu-
ation, i.e., whethera summaryhasan ‘answer’to the
guestionor not. The backgroundo this evaluationis
inspiredby TIPSTERSUMMAC's QA track|[3].

3.3.1 PseudoQuestion-Answering

For eachdocumentet,thereare aboutfive questions
for a shortsummaryandaboutten questionsfor long

summary Note that the questiondor the shortsum-
mary areincludedin the questiongor the long sum-
mary Examplesof questionsfor the topic “Release
of SONY’s AIBO” are as follows: “How much is

AIBO?", “When wasAIBO sold?”, and“How mary

AIBO aresold?”.

Now, we evaluatethe summaryfrom the ‘exact
match’ and ‘edit distance’for eachquestion. ‘Exact
match’is a scoringfunctionthatreturnsonewhenthe
summaryincludesthe answerto the question. ‘Edit
distance’measuresvhetherthe systems summaryhas
stringsthataresimilar to theansweistrings. Thescore



Table 2. System-ID

SYS-ID organizationname

SOUKEN | TheGraduateJniversityfor AdvancedStudies

CRLNYU | Communication&kesearctiaboratory New York University
smlab ToyohashiUniversity of Technology

MOGS The University of Tokyo

forest YokohamaNationalUniversity

KLEIR PohangUniversity of Science& Technology

DBLAB HokkaidoUniversity

UEC The University of Electro-Communicatios

uYDI RitsumeikanUniversity

Table 3. Task Participation.

ID abstraction extraction
SOUKEN Kok
CRLNYU
smlab
MOGS
forest
KLEIR
DBLAB
UEC
UYDI

3k
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Seq basedon the edit distances normalizedwith the
lengthof thesentencandtheanswerstringsothatthe
rangeof thescoreis [0,1]:

lengthof thesentence- edit distance
lengthof theanswerstrings ~ ~

Sed = )

The scorefor a summaryis the maximumvalue of
thescoredor sentenced thesummary Thescoreis 1
if the summaryhasa sentencéhatincludesthewhole
answerstring.

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

4 TaskParticipants

In TSC3,therewerenineparticipants.Table2 shav
thesystem-idandtheorganizatiomame.Table3 shov
the task participation. The symbol“x” indicatesthat
the participantsubmittedone resultto the task. The
two symbolsdenotegwo kindsof submittedresults.

5 Evaluation Results
5.1 Resultson extraction
Table4 show theresultsof extraction. The scoreis

the averagescoresor 30 documensets."LEAD” de-
noteshebaselinesystembasednlead-basedhethod.

Table 4. Evaluation Results (Extraction)

Short Long
ID 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
uUYDI 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

All methodshave lower Coveragescoresthan Preci-
sion scores. This meansthat the extractedsentences
include redundantones. In addition, we know that
“Lead” is a goodextractionmethodfor nevspaperar
ticles; however, this is nottruefor the TSC3corpus.

5.2 Resultson abstraction

5.2.1 Content Metrics

Table5 shaw the resultson contentevaluationby hu-
man subject. “HUMAN" indicateshuman-produced
summarieghataredifferentfrom modelsummaries.
5.2.2 Readability Metrics

Table6 shav theresultson readabilityevaluationus-
ing “Quality Questions.

5.2.3 PseudoQuestion-AnsweringMetrics

Table 7 shov the results on pseudo question-
answering.



Table 6. Results on Readability Evaluation.

Short

ID q00 q01 q02 q03 q04 q05 q06 q07 q08 q09 ql0 qll ql2 ql3 ql4 ql5

SOUKEN | 0.333 1.033 0.600 0.333 2.333 0900 0.633 0.933 —-0.567 0500 1767 0.100 0.000 0.000 0.100 0.133
CRLNYU | 0.033 0.567 0.700 0.667 1567 1.400 0.500 0.267 —0.500 0.100 0.367 0.033 0.000 0.033 0.000 0.100
smlab 0.200 1.333 0.533 0.333 3.067 0.467 0.733 1.067 0.000 0.033 2467 0.000 0.000 0.033 0.067 0.233
MOGS 0.067 0.700 0.433 0.300 2433 0.933 0933 0500 —0.133 0.100 1.267 0.000 0.000 0.033 0.067 0.100
forest 0.700 0.633 1.200 0.600 2.367 1.267 0.767 0567 —0.300 0.200 0.967 0.067 0.000 0.000 0.067 0.100
KLEIR 0.100 1.067 0.433 0.400 2433 0.500 0.567 0.867 0.200 0.267 1.633 0.100 0.000 0.000 0.067 0.100
DBLAB 0.167 1.100 0.133 0.300 1433 0.667 0.667 0.867 0.133 0.033 1.867 0.000 0.000 0.033 0.033 0.133
UEC 1967 0.200 1767 0.400 0.633 3.800 1.333 0.167 —0.600 0.233 0.000 0.200 0.033 0.000 0.000 0.133
uYDI 0.167 1.233 0.767 0.267 2567 2.800 0.600 0.667 —0.600 0567 1.833 0.000 0.000 0.067 0.033 0.233
LEAD 1500 1.267 0.267 0.267 1.667 0.067 0.767 1.533 0.267 0.067 1.667 0.000 0.000 0.033 0.033 0.200
HUMAN 0.033 0.267 0.000 0.000 0.433 0.400 0.400 0.000 0.933 0.500 0.033 0.000 0.000 0.0833 0.033 0.033

Long

ID q00 q01 q02 q03 q04 q05 q06 q07 q08 q09 ql10 qll ql2 ql3 qla ql5

SOUKEN | 0.200 1.600 1.133 0.433 5533 2100 1.000 1900 —0.833 0.733 2967 0.500 0.000 0.000 0.067 0.300
CRLNYU | 0.300 0.500 2.100 0.333 2.667 3.600 1500 0.467 —0.900 0.133 0.233 0.000 0.067 0.000 0.033 0.233
smlab 0433 1700 0.933 0.100 5.133 1.300 1.100 1.800 —0.500 0.167 3.900 0.033 0.033 0.033 0.033 0.333
MOGS 0.167 1.367 0.833 0.400 4.200 1.100 1100 1.300 —0.533 0.133 3.000 0.133 0.000 0.033 0.100 0.200
forest 1.100 1.200 1.367 0.633 4.667 1.233 1.133 1.233 —0.633 0.167 3.067 0.033 0.000 0.033 0.033 0.300
KLEIR 0.333 1567 1.067 0533 4567 1.000 0933 1967 —0.133 0.200 3.300 0.000 0.000 0.000 0.033 0.100
DBLAB 0.367 1500 0.600 0.467 2.833 2033 0967 1567 —0.267 0.067 3.533 0.100 0.000 0.067 0.033 0.233
UEC 2367 0.133 2500 0.500 2567 4667 1833 0.333 —-0.733 0.333 0.300 0.233 0.067 0.067 0.000 0.233
uYDI 0.700 1.433 1.400 0.400 5.133 4500 0.767 1967 —0.933 0933 4.367 0.067 0.033 0.033 0.033 0.400
LEAD 2833 2100 0.633 0.367 4.300 0.300 1.033 4.333 —0.333 0.067 5.133 0.000 0.000 0.000 0.067 0.433
HUMAN 0.033 0.167 0.100 0.000 1.133 0.467 0.433 0.067 0.800 0.567 0.000 0.033 0.000 0.000 0.033 0.100

[2] T.Hirao,Y. SasakiandH. Isozaki. An Extrinsic Eval-
uationfor Question-Biasedext Summarizatioron QA

Table 7. Results for Pseudo Question- tasks. In Proc. of the NAACL 2001 Wbrkshopon Auto-

Answering. matic Summarizationpage$1-68,2001.
Short Long [3] I. Mani, G. Klein, D. House,L. Hirschman,T. Firman,
ID exact edit exact edit and B. Sundheim. SUMMAC: a text summarization
SOUKEN | 0.394 0.677| 0.399 0.706 evaluation.Natural LanguagéEngineering 8(1):43-68,
CRLNYU | 0.257 0.556| 0.266 0.602 2002.
smlab 0.367 0.653| 0.356 0.677 [4] A. H. Morris, G. M. Kasper andD. Adams. The Ef-

fects and Limitations of Automatic Text Condensing

MOGS 0.342 0.614) 0.327 0.630 on ReadingComprehension.Information SystenRe-

forest 0.439 0.710| 0.442 0.751 search, 3(1):17-351992.

KLEIR 0.321 0.601| 0.313 0.611 [5] M. Okumura,T. FukusimaandH. Nanba.Text Summa-
DBLAB 0.390 0.684| 0.356 0.633 rizationChallenge2, Text SummarizatiorEvaluationat
UEC 0.133 0.427| 0.201 0.549 NTCIR Workshop3. In Proc. of the HLT/NAACL 2003
uYDI 0.304 0.579| 0.308 0.628 Text Summarizatiombrkshop pages49-56,2003.

LEAD 0.300 0.589| 0.275 0.602
HUMAN | 0.461 0.716| 0.426 0.721

6 Conclusion

We describedheoutline of TSC3. We definedtwo
kinds of taskusingMainichi and Yomiuri nevspapers
publishedbetween1998 and 1999. We reportedthe
resultsof two tasks.
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