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Abstract
We have introducedinformation extraction techniquesuchas namedentity taggingand patterndiscovery to a summarizatiorsystem
basedon sentencextractiontechnigueandevaluatedthe performancen the DocumentUnderstandingonference2001(DUC-2001).
We participatedin the Single DocumentSummarizatiortask in DUC-2001and achiezed one of the bestperformancen subjectie

evaluationof summarizatiomesults.

1. Introduction

Our aim in this researchis to useinformation extrac-
tion (IE) technologiedor summarization.The NE taskis
thelowestlevel of IE task,definedin the MessagdJnder
standingConferencgMUC). An NE taggertriesto iden-
tify propernameslike person,organization,locationand
numeralexpressionsuchastemporalor monetaryexpres-
sions. ExcellentNE taggersn Englishnewvspaperarticles
have the performanceomparabléo humanability (DAR,
1998)andwe think NEsareusefulto find key expressions
for summarization.

We also usedautomaticpatterndiscovery procedure,
whichis currentlyahottopicin informationextraction(IE)
researcl{(Riloff, 1996),(Yangarbeetal., 2000),(Sudoet
al., 2001)). Patternsheremeantypical phrasesvhich ex-
pressspecificeventsin a givendomain. A methodof pat-
tern matchinghasbeenusedin mostof IE systems.For
example,in executive successiolomain,the systemtries
to find theeventsin givendocumentsisingphrasepatterns
like “Organizationhires person”. Automatic patterndis-
covery meansanunsupervisednethodto find suchphrase
patternswhich is usefulfor IE. We think phrasepatterns
arealsousefulto summarizedocumentsvhenthedomain
is specified.

We usedthosetwo IE methodscombining with the
standardsummarizatiortechnologiesOur summarization
systemis basedon a sentencextractiontechniquewhich
is one of the commontechnuqueusedin automatictext
summarizationVariousclueshave beenusedfor sentence
extraction. The lead-basednethod,which is simple but
still effective, usesthe sentencdocationin a given doc-
ument. Statisticalinformation, like word frequeng and
documentfrequeny, hasalso beenusedto estimatethe
significanceof sentences.Linguistic cluesthat indicate
the structureof a documentare also usefulfor extracting
importantsentences.

Edmundsor{Edmundson1969)proposed methodof
integratingseveralcluesto extractsentenced-de manually
assignedparametewvaluesto integrate evidencefor esti-
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mating the significancescoreof sentencesOn the other
hand,machindearningmethodscanbe applicableto inte-
grateclues.Aoneetal. (Aoneetal.,1998)useBayes’rule,
andLin (Lin, 1999)andNomoto& Matsumoto(Nomoto
and Matsumoto,1997) generatea decisiontree (Quinlan,
1993)for sentencextractionfrom trainingdata.

We integrated IE techniqueinto our summarization
systembasedn sentencextraction,which hasperformed
one of the bestresultsin the Text SummarizationChal-
lenge(TSC), the evaluationworkshopfor Japanessum-
marization (TSC, 2001). We participatedin the Sin-
gle DocumentSummarizationin DocumentUnderstand-
ing Conferenceén 2001 (DUC-2001)to evaluatethe per
formanceof our system.

Theorganizersof DUC-2001provided 30 setsof docu-
ments,eachsetcontainingabout10 documentsstraining
databeforeevaluation. Since summariedor eachdocu-
mentwerealsocreatedby handandprovided,we usedthe
training datato tuneweightsfor scoringfunctions. In the
evaluation,another30 setsof documentsvereprovidedas
testdata.

In the following sectionswe explain our summariza-
tion systemandshaw the evaluationresultsin DUC-2001.

2. System overview

We usedfive componentsn our sentencextraction
system.For eachsentencegachcomponenbutputascore.
The systemcombinestheseindependenscoresby inter
polation. The weightsandfunctiontypesto be usedwere
decidedby optimizing the performanceof the systemon
trainingdata.We explain eachfunctionandshav the con-
tribution of eachcomponentn thefollowing sections.

2.1. Sentence position

We preparedhreefunctionsfor sentencgosition. The
firstfunctionreturnsl if thepositionof thesentencevithin
agiventhresholdI” from the beginning,andreturns0 oth-
erwise:

P1.Scoeps(Si)(1 <i<n) = 1(if i<T)



= 0(otherwisé

The thresholdT is decidedby the numberof words for
the summary Thefirst scoringfunctionwasselectedn a
trainingstage.

The secondunctionis areciprocalfunctionto the po-
sition of the sentenceby which thefirst sentenceeceves
thehighestscoreandgraduallydecreasandgoto themin-
imum atthefinal sentence.

P2.Scoepst(Si) =

Thethird functionis the maximumof thereciprocalto
thepositionfrom thebeginningor theendof thedocument.

1 1
P3.Sco Si) = - —
epstS:) = max(z, ——)

This functionwasthe optimalfunctionin summarizing
theeditorialsin the TSCevaluationworkshopfor Japanese
summarizationWe obtainedhetop scorein the10%sum-
mary of the TSC project,subjectve judgmentin the eval-
uation.

2.2. Sentencelength

Thesecondscoringfunctionusessentencéengthto set
the significanceof sentencesThe length heremeansthe
numberof wordsin the sentence.The first methodonly
returnsthelengthof eachsentencéL;):

L1. Scogen(Si) = L;

The secondmnethodsetsthe scoreto a negative valueasa
penaltywhenthe sentencas shorterthana certainlength
(@), like:

L2. Scogen(Si) = 0 (if
Li-C

L; > C)
(otherwise

SincewesetC'to 10in thefollowing evaluation,asentence
with 10orlesswordsreceveda penaltyscore.Thescoring
functionwith penaltywasselectedn atrainingstage.

2.3, tf*idf

The third scoringfunctionis basedon termfrequeny
(tf) anddocumentfrequeny (df). The hypothesishereis
thatthe morewordsthatarespecificto a transcriptionthat
existin asentencethe moreimportantthe sentencés.

Thescoreof asentencgsS;) is theaverageof thetf*idf
scoresof eachword (w) in the sentence:

> thidf (w)

wES;

1
SCOBfigf (S:) m

We have threescoringfunctionsfor tf*idf, whereterm
frequenciesverecalculatedifferently. Thefirst oneused
the raw term frequenciesandthe othersaretwo ways of
normalizingthefigure:

tf(w)log DN

T1. thidf (w) = Tow)
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tiw)-1. DN

. f
T3. tfidf (w) = tfzv(vv)vzl og %

whereDN is the numberof givendocumentsWe usedall
the articlesin the Wall StreetJournalin 1994 and 1995
to countdocumenfrequenciesThe scoringfunctionwith
theraw termfrequeny wasselectedn atrainingstage.

2.4. Headline

We usedthe similarity measureof the sentenceo the
headline.Thebasicideais thatthe morewordsin thesen-
tenceoverlapwith thewordsin the headline the moreim-
portantthe sentencas. This function estimateghe rele-
vancebetweera headlinefl ) anda sentencef;) usingthe
tf*idf valuesof wordsfw) exceptstopwordsin the head-
line:

tf(w) DN
2 tHw)+L 8 df(w)
weHNS;
Tw) DN
> tw)rL 8 df(w)

weH

H1. Scoep(Si) =

We also evaluatedthis scoring function using only
namedentities(NESs) insteadof the nouns.For NEs, only
the term frequeny was usedbecauseve judgedthat the
documenftrequeng for entitiesg) wasusuallyquitesmall
therebymakingthe differencebetweerentitiesnegligible:

tf(e)
eGHZﬂSi tf(e)+ 1

tf(e)
>

Zetfe)l

H2. Scoey(S;) =

Fromthetraining data,we foundthatthe scoringfunction
usingNEsalonewasbetterthanthatusingall words.

2.5. Patterns

In this section,we explain a scoringfunction thatin-
troducesthe otherIE technologyin our system. The as-
sumptionof the IE patterndiscovery is that patternsthat
appearftenin thedomainis important. For example,in
theearthquak reportdomain,we mayfind alot of patterns
like “Therewasanearthquakin LOCATION at TIME on
DATE”. Thenit is regardedasanimportantpatternin the
domain.

We usedthe given documentsetprovided by DUC to
extract patterns. There were 30 setsof documentsand
about10 documentgper set. We assumeceachsetof doc-
umentsas a domain, and extractedpatternsat eachset.
In the patterninstancesgachtype of namedentitieswas
treatedasa classratherthanthe literal words. The intro-
ducedprocedureof patterndiscovery follows the oneused
for JapaneséE (Sudoetal., 2001). A Basicprocedureof
patterndiscovery hasthefollowing processesasshovn in
Figurel.



1. Analyzesentences
The systemanalyzesll the sentence# the domain
documentssuchasnamedentity tagginganddepen-
deng analysis.

2. Extractsub-trees
Thesystenextractsall sub-treegromthedependeng
treesin thedomain.

3. Scoresub-trees
The systemscoressub-treegs setby the multiplica-
tion of the frequeng of the tree and the idf values
averageamongthewordsin thetree. Scoretreeswith
high scoreareregardedasimportantpatterns.

Extractedpatternsare storedwith the scoresprior to
summarization. In the summarizatiorstage,the system
appliesnamedentity taggingand dependeng analysisto
eachsentencd.S;) sothatit canbe comparedvith stored
patterns|f a storedpattern(P;) matcheghe sentencethe
scoreof the patternis accumulatedandthe logarithm of
the accumulategatternscoresis setasthe scorefor the
sentence:

Scoepat(Si) = log(PatScoe(S;) + 1)
DN
> wep, l0g
PatScoe(S;) = ZFPJ-GPJ'T dfw)
: J
J

(if P; matchesS;)
0 (otherwise)

where F'p, is the frequeng of the patternP; in a given
domain,| P;| is thenumberof wordsin P;.

2.6. Optimal weight

Our systemsetweightsat eachscoringfunctionto cal-
culatethe total scoreof a sentence.The total scoreof a
sentencésS;) is setusingscoringfunctions(Scoe;()) and
weights(c;) asfollows:

TotalScoréS;) = > a;Scoe;(S;)
i

We approximatedhe optimalvaluesof theseweightswith
training data. After the range of eachweight was set
manually the systemchangedthe valuesof the weights
within therangeandperformeda summarizatioron train-
ing data. Eachscorewas recordedwheneer the weight
were changedandthe weight having the bestscorewere
stored.

Table 1 shaws the contribution of each component,
which is multiplication of the optimized weight and the
standardieviation of the score.The selectedunctiontype
in the training stageis also shown in the table. We can
seethat the biggestcontritution is the sentenceposition
andthe secondis the tf*idf. Contritution from the other
featuresds relatively small.

3. Experimental results

Table2 shawvstheresultof subjectve evaluationin sin-
gle documentsummarization. Subjectve evaluationwas

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

Tablel: Contrikution of 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 singledocumensummariza-
tion

performedby 10 assessorsyhogave ascoreeachsystems
outputson azero-to-fourscale(four is the best),compared
to human-madesummaries. The figuresare the average
scoresverall documentsThe'NYU/CRL' columnshavs
theperformancef our systemwith therankamongl2 sys-
temsthatparticipatedn SingleDocumentSummarization.
The‘Lead’ columnshawsthe performancef the baseline
systemthat always outputsthe first 100 wordsof a given
documentandthe‘Avg. columnshaows the averageof all
systems.Our systemscoreghe 5thin grammaticalityand
thetop for the othermeasurementscludingtotal.

3.1. Examplesof acquired patterns

The following exampleswere the patternsacquired
from documentsetsin the test corpus. Thesepatterns
seemmore usefulthanword n-gramsto handlesemanti-
cally similar expressions.The patternsare sub-treeof a
dependengtreefor one sentenceand matchexpressions
that have the samesub-treein the dependeng structure.
An arrov(+) shaws a directionof a dependengbetween
amodifieranda modificand.

Topic: policemisconduct
of «+ brutality < police freq.16
allegationsof police brutality
Allegationsof police racismandbrutality

Topic: guncontrolandthe secondamendment
right « bear« arms freq.10
theright to beararms
theright to keepandbeararms
theright of the peopleto keepandbeararms
theindividual right to beararms

Thethird patternexpresseapairof averbandanounasan
object.Matchedphrasesverenotequialent,but typicalin
thedocumenset.

Topic: BenJohnson sprinter
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Figurel: Processesf patterndiscovery

set« record« a freq.5

he seta world sprintrecod

heseta 9.83-secondavorld recod

Lewis seta U.S.recod of 9.92second
Johnsonwho seta world recod of 9.79seconds|
| canseta new world recod

Thesepatternsexpresstypical phraseswhich often ap-
pearedat eacharticle set,andcanbe usedto find key ex-
pressionsn documents.

Toincreasehenumberof suchusefulpatternswe con-
siderto enhancehesizeof eachdocumensetusinginfor-
mationRetrieval (IR) technique.ln otherwords,sincewe
have only usedabout10 documentgor acquiringpatterns,
acquiredpatternswere not sufiicient to cover the whole
key expressionateachdomain.With alargersetof docu-
ments the coverageof acquiredoatternawill beincreased.

We arealsoworking on extendingour summarization
systemso that it can utilize thesesyntacticpatternsfor
multi documentsummarization.In multi documentsum-
marization,similar expressionareoften appearecamong
documentsandgatheringthe similar expressionss more
importantthanin single documentsummarization.Since
syntacticpatternsare usefulfor gatheringsimilar expres-
sions,we wouldlik e to seethe effectivenesof thepatterns
in multi documensummarization.

4. Concluding remarks

We have introducedinformation extraction technique
suchas namedentity extraction and patterndiscovery to
our summarizatiorsystemwhich is basedn sentencex-
traction. The performanceof our systemwas betterthan
thatof a baselinesystemandthe averageof all systemsn
every subjectve evaluationof Single DocumentSumma-
rization taskin DUC-2001. Our systemwas the bestin
‘Cohesion’,'Organization’aswell asin total.

As a future work, we considerto extract patterndrom
larger setsof similar documentausingIR techniques\We
would alsolike to utilize moreinformation of nameden-
tities, sinceour namedentity taggingtool with extended
classdefinitionis now developing.
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