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Abstract

We have introducedinformationextractiontechniquesuchasnamedentity taggingandpatterndiscovery to a summarizationsystem
basedon sentenceextractiontechnique,andevaluatedtheperformancein theDocumentUnderstandingConference2001(DUC-2001).
We participatedin the Single DocumentSummarizationtask in DUC-2001and achieved one of the bestperformancein subjective
evaluationof summarizationresults.

1. Introduction
Our aim in this researchis to useinformationextrac-

tion (IE) technologiesfor summarization.TheNE taskis
thelowestlevel of IE task,definedin theMessageUnder-
standingConference(MUC). An NE taggertries to iden-
tify propernameslike person,organization,locationand
numeralexpressionssuchastemporalor monetaryexpres-
sions.ExcellentNE taggersin Englishnewspaperarticles
have theperformancecomparableto humanability (DAR,
1998)andwe think NEsareusefulto find key expressions
for summarization.

We also usedautomaticpatterndiscovery procedure,
whichis currentlyahottopicin informationextraction(IE)
research((Riloff, 1996),(Yangarberet al., 2000),(Sudoet
al., 2001)). Patternsheremeantypical phraseswhich ex-
pressspecificeventsin a givendomain.A methodof pat-
tern matchinghasbeenusedin mostof IE systems.For
example,in executive successiondomain,thesystemtries
to find theeventsin givendocumentsusingphrasepatterns
like “Organizationhiresperson”. Automaticpatterndis-
covery meansanunsupervisedmethodto find suchphrase
patternswhich is useful for IE. We think phrasepatterns
arealsousefulto summarizedocumentswhenthedomain
is specified.

We usedthosetwo IE methodscombining with the
standardsummarizationtechnologies.Our summarization
systemis basedon a sentenceextractiontechnique,which
is one of the commontechnuqueusedin automatictext
summarization.Variousclueshave beenusedfor sentence
extraction. The lead-basedmethod,which is simple but
still effective, usesthe sentencelocation in a given doc-
ument. Statisticalinformation, like word frequency and
documentfrequency, hasalso beenusedto estimatethe
significanceof sentences.Linguistic clues that indicate
the structureof a documentarealsouseful for extracting
importantsentences.

Edmundson(Edmundson,1969)proposedamethodof
integratingseveralcluesto extractsentences.Hemanually
assignedparametervaluesto integrateevidencefor esti-

mating the significancescoreof sentences.On the other
hand,machinelearningmethodscanbeapplicableto inte-
grateclues.Aoneetal. (Aoneetal.,1998)useBayes’rule,
andLin (Lin, 1999)andNomoto& Matsumoto(Nomoto
andMatsumoto,1997)generatea decisiontree(Quinlan,
1993)for sentenceextractionfrom trainingdata.

We integrated IE techniqueinto our summarization
systembasedonsentenceextraction,whichhasperformed
one of the bestresultsin the Text SummarizationChal-
lenge(TSC), the evaluationworkshopfor Japanesesum-
marization (TSC, 2001). We participatedin the Sin-
gle DocumentSummarizationin DocumentUnderstand-
ing Conferencein 2001(DUC-2001)to evaluatethe per-
formanceof our system.

Theorganizersof DUC-2001provided30setsof docu-
ments,eachsetcontainingabout10 documentsastraining
databeforeevaluation. Sincesummariesfor eachdocu-
mentwerealsocreatedby handandprovided,we usedthe
trainingdatato tuneweightsfor scoringfunctions. In the
evaluation,another30setsof documentswereprovidedas
testdata.

In the following sections,we explain our summariza-
tion systemandshow theevaluationresultsin DUC-2001.

2. System overview
We usedfive componentsin our sentenceextraction

system.For eachsentence,eachcomponentoutputascore.
The systemcombinestheseindependentscoresby inter-
polation. Theweightsandfunctiontypesto beusedwere
decidedby optimizing the performanceof the systemon
trainingdata.We explain eachfunctionandshow thecon-
tribution of eachcomponentin thefollowing sections.

2.1. Sentence position
Wepreparedthreefunctionsfor sentenceposition.The

first functionreturns1 if thepositionof thesentencewithin
a giventhreshold� from thebeginning,andreturns0 oth-
erwise:

P1.Scorepst�	��
	�
��������������� ��� if ��� � �



� ��� otherwise�
The threshold � is decidedby the numberof words for
thesummary. Thefirst scoringfunctionwasselectedin a
trainingstage.

Thesecondfunctionis a reciprocalfunctionto thepo-
sition of thesentence,by which thefirst sentencereceives
thehighestscoreandgraduallydecreaseandgoto themin-
imumat thefinal sentence.

P2.Scorepst�	��
�� � ��
Thethird functionis themaximumof thereciprocalto

thepositionfrom thebeginningor theendof thedocument.

P3.Scorepst�!� 
 � � "$#&%'� ��)(
�

�+*,�'-.� �
This functionwastheoptimalfunctionin summarizing

theeditorialsin theTSCevaluationworkshopfor Japanese
summarization.Weobtainedthetopscorein the10%sum-
maryof theTSCproject,subjective judgmentin theeval-
uation.

2.2. Sentence length

Thesecondscoringfunctionusessentencelengthto set
the significanceof sentences.The lengthheremeansthe
numberof words in the sentence.The first methodonly
returnsthelengthof eachsentence�0/�
	� :

L1. Scorelen �!�)
	��� /�

Thesecondmethodsetsthescoreto a negative valueasa
penaltywhenthesentenceis shorterthana certainlength

�	1�� , like:

L2. Scorelen �	� 
 � � � � if / 
32 1��
/ 
 *41 � otherwise�

Sinceweset 1 to 10in thefollowingevaluation,asentence
with 10or lesswordsreceivedapenaltyscore.Thescoring
functionwith penaltywasselectedin a trainingstage.

2.3. tf*idf

The third scoringfunction is basedon termfrequency
(tf) anddocumentfrequency (df). The hypothesishereis
thatthemorewordsthatarespecificto a transcriptionthat
exist in asentence,themoreimportantthesentenceis.

Thescoreof asentence( �)
 ) is theaverageof thetf*idf
scoresof eachword ( 5 ) in thesentence:

Scoretf*idf �	� 
 ��� �6 ��
 6879;:=<?> tf*idf � 5 �

We have threescoringfunctionsfor tf*idf, whereterm
frequencieswerecalculateddifferently. Thefirst oneused
the raw term frequencies,andthe othersaretwo waysof
normalizingthefigure:

T1. tf*idf � 5 ��� tf(w) @BADC DN
df(w)

T2. tf*idf � 5 ��� tf(w)-1
tf(w)
@EA=C DN

df(w)

T3. tf*idf � 5 ��� tf(w)
tf(w)+1

@BADC DN
df(w)

whereDN is thenumberof givendocuments.We usedall
the articles in the Wall StreetJournalin 1994 and 1995
to countdocumentfrequencies.Thescoringfunctionwith
theraw termfrequency wasselectedin a trainingstage.

2.4. Headline

We usedthe similarity measureof the sentenceto the
headline.Thebasicideais thatthemorewordsin thesen-
tenceoverlapwith thewordsin theheadline,themoreim-
portantthe sentenceis. This function estimatesthe rele-
vancebetweenaheadline(F ) andasentence(� 
 ) usingthe
tf*idf valuesof words(5 ) exceptstopwords in the head-
line:

H1. Scorehl �	� 
 ���
79;:DGIHJ<?>

tf(w)
tf(w)+1

@EA=C DN
df(w)

79;:DG
tf(w)

tf(w)+1
@EA=C DN

df(w)

We also evaluatedthis scoring function using only
namedentities(NEs) insteadof thenouns.For NEs,only
the term frequency wasusedbecausewe judgedthat the
documentfrequency for entities(K ) wasusuallyquitesmall
therebymakingthedifferencebetweenentitiesnegligible:

H2. Scorehl �!� 
 ���
7LM:DGIHJ< >

tf(e)
tf(e)+1

7LM:DG
tf(e)

tf(e)+1

Fromthetrainingdata,we foundthatthescoringfunction
usingNEsalonewasbetterthanthatusingall words.

2.5. Patterns

In this section,we explain a scoringfunction that in-
troducesthe other IE technologyin our system. The as-
sumptionof the IE patterndiscovery is that patternsthat
appearsoftenin thedomainis important.For example,in
theearthquakereportdomain,wemayfind alot of patterns
like “Therewasanearthquake in LOCATION atTIME on
DATE”. Thenit is regardedasan importantpatternin the
domain.

We usedthe given documentsetprovided by DUC to
extract patterns. There were 30 setsof documentsand
about10 documentsperset.We assumedeachsetof doc-
umentsas a domain, and extractedpatternsat eachset.
In the patterninstances,eachtype of namedentitieswas
treatedasa classratherthanthe literal words. The intro-
ducedprocedureof patterndiscovery follows theoneused
for JapaneseIE (Sudoet al., 2001). A Basicprocedureof
patterndiscoveryhasthefollowing processes,asshown in
Figure1.



1. Analyzesentences
The systemanalyzesall the sentencesin the domain
documents,suchasnamedentity tagginganddepen-
dency analysis.

2. Extractsub-trees
Thesystemextractsall sub-treesfromthedependency
treesin thedomain.

3. Scoresub-trees
The systemscoressub-treesis setby the multiplica-
tion of the frequency of the tree and the idf values
averageamongthewordsin thetree.Scoretreeswith
highscoreareregardedasimportantpatterns.

Extractedpatternsare storedwith the scoresprior to
summarization. In the summarizationstage,the system
appliesnamedentity tagginganddependency analysisto
eachsentence( � 
 ) so that it canbecomparedwith stored
patterns.If a storedpattern( N)O ) matchesthesentence,the
scoreof the patternis accumulated,andthe logarithmof
the accumulatedpatternscoresis setasthe scorefor the
sentence:

Scorepat�!��
	��� @BADC � PatScore�	��
!��-.�P�
PatScore�!��
	��� 7 ORQ;S&T

U 9;: S T @EA=C
DN

df(w)6 N)O 6
(if N)O matches� 
 )

� � (otherwise)

where Q;S&T is the frequency of the pattern N O in a given
domain,

6 N O 6 is thenumberof wordsin N O .
2.6. Optimal weight

Our systemsetweightsateachscoringfunctionto cal-
culatethe total scoreof a sentence.The total scoreof a
sentence( �)
 ) is setusingscoringfunctions(ScoreO �!� ) and
weights( V O ) asfollows:

TotalScore�!� 
 ��� 7 O V)O ScoreO �!� 
 �
Weapproximatedtheoptimalvaluesof theseweightswith
training data. After the rangeof eachweight was set
manually, the systemchangedthe valuesof the weights
within therangeandperformeda summarizationon train-
ing data. Eachscorewas recordedwhenever the weight
werechanged,andthe weight having the bestscorewere
stored.

Table 1 shows the contribution of eachcomponent,
which is multiplication of the optimizedweight and the
standarddeviationof thescore.Theselectedfunctiontype
in the training stageis also shown in the table. We can
seethat the biggestcontribution is the sentenceposition
andthe secondis the tf*idf. Contribution from the other
featuresis relatively small.

3. Experimental results
Table2 showstheresultof subjectiveevaluationin sin-

gle documentsummarization.Subjective evaluationwas

Features Type Contribution
Position P1 277
Length L2 8
tf*idf T1 96
Headline H2 18
Pattern - 2

Table1: Contributionof eachfeature

NYU/CRL Lead Avg.
Grammaticality 3.711(5) 3.236 3.580
Cohesion 3.054(1) 2.926 2.676
Organization 3.215(1) 3.081 2.870
Total 9.980(1) 9.243 9.126

Table2: Evaluationresultsin singledocumentsummariza-
tion

performedby 10assessors,whogaveascoreeachsystem’s
outputsonazero-to-fourscale(four is thebest),compared
to human-madesummaries.The figuresare the average
scoresoverall documents.The‘NYU/CRL’ columnshows
theperformanceof oursystemwith therankamong12sys-
temsthatparticipatedin SingleDocumentSummarization.
The‘Lead’ columnshows theperformanceof thebaseline
systemthatalwaysoutputsthe first 100 wordsof a given
document,andthe‘Avg.’ columnshows theaverageof all
systems.Our systemscoresthe5th in grammaticalityand
thetop for theothermeasurementsincludingtotal.

3.1. Examples of acquired patterns

The following exampleswere the patternsacquired
from documentsets in the test corpus. Thesepatterns
seemmoreuseful thanword n-gramsto handlesemanti-
cally similar expressions.The patternsaresub-treesof a
dependency treefor onesentence,andmatchexpressions
that have the samesub-treein the dependency structure.
An arrow( W ) shows a directionof a dependency between
a modifieranda modificand.

Topic: policemisconduct
of W brutality W police freq.16
allegationsof policebrutality
Allegationsof policeracismandbrutality

Topic: guncontrolandthesecondamendment
right W bear W arms freq.10
theright to beararms
theright to keepandbeararms
theright of thepeopleto keepandbeararms
theindividual right to beararms

Thethird patternexpressesapairof averbandanounasan
object.Matchedphraseswerenotequivalent,but typical in
thedocumentset.

Topic: BenJohnson- sprinter
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Figure1: Processesof patterndiscovery

set W record W a freq.5
heseta world sprintrecord
heseta 9.83-secondworld record
Lewis seta U.S.record of 9.92second
Johnson,who seta world record of 9.79seconds
I canseta new world record

Thesepatternsexpresstypical phraseswhich often ap-
pearedat eacharticleset,andcanbeusedto find key ex-
pressionsin documents.

To increasethenumberof suchusefulpatterns,wecon-
siderto enhancethesizeof eachdocumentsetusingInfor-
mationRetrieval (IR) technique.In otherwords,sincewe
haveonly usedabout10documentsfor acquiringpatterns,
acquiredpatternswere not sufficient to cover the whole
key expressionsateachdomain.With a largersetof docu-
ments,thecoverageof acquiredpatternswill beincreased.

We arealsoworking on extendingour summarization
systemso that it can utilize thesesyntacticpatternsfor
multi documentsummarization.In multi documentsum-
marization,similar expressionsareoftenappearedamong
documents,andgatheringthesimilar expressionsis more
importantthanin singledocumentsummarization.Since
syntacticpatternsareuseful for gatheringsimilar expres-
sions,wewould liketo seetheeffectivenessof thepatterns
in multi documentsummarization.

4. Concluding remarks
We have introducedinformationextraction technique

suchasnamedentity extractionandpatterndiscovery to
our summarizationsystemwhich is basedon sentenceex-
traction. The performanceof our systemwasbetterthan
thatof a baselinesystemandtheaverageof all systemsin
every subjective evaluationof SingleDocumentSumma-
rization task in DUC-2001. Our systemwas the best in
‘Cohesion’,‘Organization’aswell asin total.

As a futurework, we considerto extractpatternsfrom
largersetsof similar documentsusingIR techniques,We
would alsolike to utilize moreinformationof nameden-
tities, sinceour namedentity taggingtool with extended
classdefinitionis now developing.
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