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Abstract

In this paper we proposea summarizatiorsystem
which automdically classifiestype of documenh set
and summarizes® docunentsetwith its appropriate
summarizatioimedanism. Thissystenwill classifya
doaumentsetinto threetypes: (a) Onetopic type (b)
multi-topic type and (c) others. Thesetypeswill be
identified using information of high frequencynouns
and NamedEntity. In our multi-documentsumma-
rization system,unne@ssaryparts are deletedafter
summarizinggat documentandthenmulti-document
summaryis geneated. In type(a), unrecessaryparts
are similar part betweensummarizeddocumentsby
single documat summarization.In type (b), unnec-
essarypartsare unsimilarpartsin doauments.in type
(c), unnecessarpartsare identifiedby scoresusedfor
singledocumentsummarization.

1 Intr oduction

We have participated Text Summaization Chal-
lenge2 (TSC2)[3] of NTCIR Workshop3 and had
evaluation on single document summarizéion (Task
A) and multi-documentsummaization (Task B)[1].
Our systemappliedvery simple stratgy to geneate
asummay, thatis, TF/IDF basedsentencextraction
for single docunent summaization and useof single
doaumentsummaizationfor multi-documen summa-
rization In singledoawmentsummarizatia, our sys-
temperfomancewasabit higher thanthe average but
in multi-documentsummarizatio our systemperfar-
mane wasin the lower group.

In our multi-documen summariation, we usesin-
gle docunent summaization for eachdocumentof a
doaumentsetandremovedsimilar partsbetweersum-
marized docunentsfor generatio of a targe sum-
mary. This mectanismis basedon our assumptia
that all documentsin a document set descrile a se-
riesof everts. Thefollowing docunentsdescrile ad-
ditional informationof the previouseventswith acita-
tion of the previous everts. Thatis, in the subseqgant
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docunents,someinformationis repeatednethathas
alreadymentiored in the previous docurrents. There
fore, deletionof similar descrigion will be effective
for docunent summarizatia of this kind of a docu
ment set. However, accordng to TSC2 evaluation,
our assumptia could be appliedto somedocument
setsbut therewere different typesof multi-documaent
setswhich our appioachcould not. In the TSC-2test
set, therewere mary typesof documentsets. Some
of themaredescribedabaut a seriesof events,thatis,
thefollowing documentdescrikessubseqantevert or
furtherinformationof its previousdocument. Theoth-
ersareaboutthe samekind of everts suchasa setof
new productinformation.

In this paper we proposea summarizéon system
which autamatically classifiestype of doawment set
and summaizes a document set with its apprqriate
summaization mechaism. This systemwill classify
a documentsetinto threetypes: a seriesof everts, a
setof the sameevents andrelatedevents. In the first
type, the seconddocumentshows additional informa-
tion or subsegantevent of thefirst document,andso
onfor thefollowing docunents.Thesecondypedoc
umerts describethe sameevent type suchasa setof
traffic accidentsor new product annauncemats. The
third type of documentsis relatedeachother but not
classifiedinto the first two types. We have subnitted
our systemfor TSC3and have provisional resultsof
evaluationuntil now.

2 Documentsettype

According totheanalysioof TSC-2multi-document
test set, we have classifieddocunent setinto three
typesasfollows:

(a) Onetopictype
(b) Multi-topic type
(c) Others

In the first type (a), the first docunent described
an evert concening a topic andthe following docu
mentsdescrile the evert of the first documentagan



and additioral information or relatedmattersof the
first evert. In this casejmportantelementsf thefirst
doaumentswill be quotedin the following document.
Thesemportantelementsvouldinclude proper nouns
suchas personnames,location namesand compary
names becauseheseseriesof docunentsdescribeone
event whichincludetheseproper nours.

In thesecondype(b), asetof documentsdescrited
the sameevert type. For examge, thefirst docunent
is news of a new digital cameraof somecompary and
the next is alsonews of a new digital camea of the
other compary. Multi-document set of this type in-
cludesinformationonthesamekindsof elementsuch
new prodwctsbut differentinstancesin thiscasethere
arethe sameproduct typesand organizationtype but
they aredifferentconaetename

The third type of doaumentsis relatedeachother
but not classifiedinto thefirst two types.We assumed
a setof docunentscollectedfor the purposeof sum-
marizdion will be co-rdatedin someaspectin TSC2
test set of multi-documen summarizatia, thereare
someclassifiedin this type. We canguessthis setof
doaumentsis collectedwith somekey words.

3 Singledocumert summarization

In multi-documen summaization, eachdocunent
of a docunentsetwill be summaized using TF/IDF
based sentenceextradion. In the following, we
will first describesingledocumentsummarizatia and
multi-document summaizationmethod

3.1 Sentene extraction

In our summaization system,sentenceextraction
from a docunentis basedon TF/IDF, sentenceposi-
tion in a doaumentandweighingusingintentiontype
of asentenceWeightson sentencesf adocumentare
calculatedusing TF/IDF scoreof eachnoun of sen-
tences Also, information of sentenceositionsuchas
the numker of paragaphandthe numker of the sen-
tencein a paragaphis usedas sentencaveight. At
first, eachsentenceés morptologically analyzedusing
Chasen4], andthenTF/IDF valuesof nours of adoc-
umern arecalculated Weight valueof a sentencéV;
is obtainal from the average numkber of TF/IDF val-
uesof all nowns of the sentencéV't;. Weight of sen-
tenceposition Wp; is calculatedusingthe numbe of
paragraphpnum andthenumter of sentencenum as
follow:

Wpi = %(pn:vbm + sn:lll,m)Q
For examge, positionweight W p; of thefirst sentence
of the secondparagaphwill be0.562.

In newspager editorials,intention suchaswriter’s
opinion is expressedin a docunent and handing of
suchintentionis importantto generatea summay of

thistypeof docunentg2]. In oursystem|f asentence
hasweekintention type suchas‘“inferential”, its sen-
tencescorewill have a half of the original score.If a
sentencénasstrongintentiontype suchas “request”,
“obligation” and “necessity”, its sentencescorewill
have 50% additioral score of the original sentence
score. In Japanesesuchintentionis expressedastail
expressionof asentenceExampesof tail expressions
arepresentedh Tablel.

Table 1. Examples of Japanese tail ex-
pressions

o, &nd 257, LW,
weak | A65Nb, KO LWR b,
2595, b Lhiaun,
7z, 1FLv, REE,
strong | 2R SRV, KEITH S,
INEETE

WeightW; of asentencés calculatedn thefollow-
ing formula.

Wi = (Wtz' + Wpl) * Winti

1.5 if sentence hasstrongintention
Wint; = { 0.5 if sentenceé hasweakintention
1.0 others

3.2 Itemization of extracted senten@s

In TF/IDF basedsentencesxtraction sentenesin
a summaryare not coterently arrarged, that is, sen-
tencesthat have higher scoreare extractedindepen-
dently In orderto make this summarymorereadale
one,sentenced asummaryareitemizedby eliminat-
ing a partof tail expressionof sentences.

In the currert status,we are dealingwith the fol-
lowing patterns.

e NON+ TH5,
e non+ 95,
e NON+ L7z,

In the above pattern,underlined partsare eliminated
when their neighboring nours satisfiedsome cond-
tions,for exanple, POScodeof nownis 17 or 31 (“sa-
hen”verbtype).

Moreover, conjurction andconjunctive phrasesare
alsoeliminatedfrom extractedsentencesWhensen-
tencesareitemizedin a summary suchconjunctions
arenot necessaryo relatesentenceghatareindepen-
dently extracted.Conjunctims areusedto expressre-
lationshis to the previous or former sentenceghat
might notbeextractedin asummary



3.3 Eliminating unnecessay parts of sen
tences

In orderto condensemoreinformationinto a lim-
ited size of summaryour systemeliminatesunreces-
sary partsfrom sentences.SomeJapanesdettersin
pareithesesreeliminatedfrom a summay. They are
Japansereadng of difficult Kaniji lettersor somead-
ditional informationof the previous phrases.

3.4 Singledocumentsummarization

Text summaization of a single docunentis con-
dudedin thefollowing procedures.

1. TF/IDF scoresof all sentences adocunentare
calculatedusinginformationof nours in adocu
ment.

2. Sentene position in a paragaph and its para-
graph position are usedfor calculationof sen-
tencepositionscore.

3. Weighton sentenceéntentionis calculatedbased
on tail expressionof the sentenceand all sen-
tencescoresn adocunentarecalculated.

4. Tail expressionof sentencesndtop conjunctive
expressionsareeliminatedusingsomepatterrs.

5. Unnecessarypartsof sentenceareremaved.

6. Sentenesare extractedfrom a documentin the
order of higher sentencaveight until the sumof
letters of extracted sentence will reachto the
limited numberof intenced summay.

7. Extractedsentencesresortedin the origind or-
derin a docunentandthenthesesentencede-
comeasummay of thedocument.

4 Documentsettype classification

We will classifydocunentsetinto threetypes: (a)
onetopic (b) multi-topic (c) others. Firstly, we will
calculatedocunent similarity betweendocumentsto
identify doaumentset(a). Then,we will identify doc-
umert settype(b) for thedocunentsetnotclassifiedo
type(a). Toidentify documentsettype (b), wewill use
NamedEntity informationof docunents. Finally, we
will identify docunentset(c) asdocumentnot classi-
fiedinto type(a) and(b).

We will extrad animportantsentencérom adocu
mentto classifydocunentsettype. To extractanim-
portant sentencewe useinformation of nouns which
appearin mostof doaumentsof a docunent setand
NamedEntity information using NEXT system. Im-
portantsentencés recoquizedasa sentencevhichin-
cludesuchnours andNamedEntity elements.

In orderto identify documentsettype, we will use
information of NamedEntity of important sentences
of docunentsin adocumentset.Basically if two sen-
tencesinclude the sameNamedEntity type and ele-
mentsof suchNamedEntity, thesetwo docunentsare
recoquized astype (a). If two sentencednclude the
sameNamedEntity type but elementf suchNamed
Entity are different, thesetwo docunentsare recog
nized astype (b). The othercaseis type(9. Then
highestnumter of docunentsettypesin possiblecom-
bination of two docunentsin a docunent setwill be
thetypeof documentset.

5 Multi-document summarization

In our multi-documen summaization system,the
techniqie of the single document summarizatia is
usedfor eachdocument. After summaizing all doc
umens, unrecessanpartsin the summarizeddocu
mentsare deletedand thenmulti-document summary
is geneated.

Recognitionof Unnecasarypartsare different in
eachdocunentsettype. In type(a), unnecessarparts
are similar part betweensummaized docurnents by
single docurent summarizéion. In type (b), unnee
essarypartsareunsimilarpartsin docunents. In type
(c), unrecessaryartsareidentifiedby scoresusedfor
singledocumentsummarizéon.

5.1 Summarization of eachdocumert

Input doaumentsareco-relatedandsubsegantdoc
umernts areabou subsegant everts of thefirst docu
ment.In thesubsegantdocunents someinformation
is repeatednethathasalreagy mentioredin the pre-
vious doauments. Therebre, our apgoachto multi-
docunentsummarizatia is to summaize thefirst doc
umen in requirrdsummarizatia ratio andthefollow-
ing documentsaresummarizedn higherratio of sum-
marizatian. In the currert system the following doc
umernts aresummarizedn theratio of 10% morethen
thefirst one For exanple,if thefirstdocumentis sum-
marizedin 40%andthenthefollowingsarein 50%.

5.2 Deletion of unnecessay parts betwee
documerts

In orderto detectunnecessarypartsbetweendoc
umens, sentencesn docunentsare segmeried into
clausesand similarity values between segmented
clausesare calculated Sentencesre segmentedby
usinginformationof Japansecomnaandconjugation
form of verb phrases.If the endof a clause(just be-
fore Japaneseommayis verb phraseandits conjuga-
tion typeis “renyou” type, the sentences segmented
into two clausesatthe point of thecomma.



In order to calculatesimilarity valuesof clausesn
a document, eachclausein subsegant docunentsis
comparedwith all the clausesn all the previous doc-
umerts. During this compaison, the highestsimilar
ity valueswill be the similarity value of the clause.
Similarity betweenclausesis calculatedusing infor-
mationof the samenouwns, adjectives andverbsin the
clausesto detectsimilar parts betweensummarized
doauments. Similarity value sv,, of the clausex of
doamentd; is calculatedin the following formula.
The clausex have the highestsimilarity valuewith a
clausein docunentd;.

_ thenumber of sharedwvords betweernd; andd; Table 2. Results of Extract (shor 1)

80z = the numberof wordsin d; topic.lergth | coverage | precisio
In type (a), unnecessaryparts are clauseswhich 0310.6 0.00 0.000
have highe similarity value Then clausesare re- 0320.8 0.5& 0.571
movedin the orderof highersimilarity value. In type 034Q10 0.3% 1.000
(b), unrecessarypartsare clauseswhich have lower 035Q10 0.283 0.667
similarity value. Then,clausesareremovedin the or- 0360.7 0.119 0.750
derof lower similarity value.In type(c), 0370.8 0.15 0.091
038013 0.2 0.429
5.3 Summarization method 040.4 0.7% 0.286
041013 0.064 0.333
Text summarizatio of a multi-documentis con- 0420.8 0.29 0.500
dudedin thefollowing procedures. 0440.7 0.28% 0.667
: i ) ) 0450.9 0.0% 0.167
1. Thefirstdocumentis summarizedn therequired 04605 0.0 0.000
summaizationratio. 0470.6 0.47 0.400

0480.8 0.1%5 0.200
050.5 0.6 0.750
0510.9 0.33 0.400

2. Thefollowing docunentsaresummarizd in the
requred summaizationratio plus 10%.

3. All the sentencesn all the summaized docu 0520.4 0.5 0.400
mentsareseggmertedinto clauses. 053012 0.2(8 0.556
o 0540.9 0.278 1.000

4, S|m|Iar|ty vaIues_bgtwgemlause_sarecalculated 055012 0.15 0.429
andthe highestsimilarity valuewill bethe score 056010 0.25) 0.273

of theclause. 0509 | 022 | 0.750

5. Remore the clausewhich hasthe highest score 058012 0.2% 0.600
until thesumof lettersof extractedsentencewiill 059.7 0.214 0.750
reachto thelimited numbe of intendedsummary 0600.7 0.35/ 0.800

If aclausehassubodinateclausein the original 0610.5 0.00 0.000
sentencesuchclausewill notberemove. 063016 0.1% 0.444
064011 0.07 0.667

6. Therestof the clausesare sortedin the original 0650.9 0.167 0.400
order in a docunent andthentheseclausesbe- average: 0.251 0.476

comeasummay of thedocument.

6 Evaluation results

Theresultsof Extract(short)A is shovnin Table2
andtheresultsof Extract(long) B is shavn in Table3.

Most of documentsetsusedfor TSC3wererecog
nizedasdocunentsettype (a) in our type classifica-
tion. However, our methal of docunentsettype clas-
sification,four setsarerecogrized astype (a), twenty
aretype (b), andthreearetype (c). Our mectanismof
doaumentsetclassificatiordoesnotwork well. Thisis



Table 3. Results of Extract (long)

topiclength | coverage| precision
0310.11 0.273 0.4
0320.14 0.4 0.833
0340.17 0.2% 0.818
0390.14 0.214 0.600
0360.16 0.120 0.778
0370.12 0.33 0.2%
0380.20 0.300 0.4
0400.10 0.500 0.700
0410.15 0.14 0.4
0420.15 0.233 0.5
0440.11 0.318 0.714
0490.15 0.111 0.500
0460.11 0.1% 0.3%
0470.16 0.28 0.43
0480.15 0.1 0.4
0500.8 0.65 0.5
0510.16 0.281 0.4&
0520.9 0.3 0.44
0530.22 0.273 0.58
0540.20 0.15 0.6155
0590.24 0.13¥ 0.58
0560.19 0.28 0.3
0570.16 0.36 0.7Z
0580.20 0.18 0.353
059.14 0.143 1.00
0600.15 0.33 0.88
0610.12 0.000 0.000
0630.32 0.1% 0.5
0640.21 0.11 0.700
0690.16 0.281 0.4%
averag: 0.247 0.547

becawseour current implementationhassomesystem
bugsin classificationmechaiism. So, it is necessary
to evaluateour methal afterimproving our system.
Although our classificationmethoddoesnot work
well, theresultsof shortandlong extractionswerenot
too bad. Also, correctly classifiedsetsand not cor-
rectly classifiedsetshave lessdifferencein their re-
sults. In our summaization method all documentsin
documentsetarepreliminay summarizecandunnee
essarypartsareremoved from pre-sunmarizeddocu
ments. The maigin for removing unne@ssarypartsis
only 10%, soit may be necessaryo expard this pre-
summaizationratio to higherone.

7 Conclusion

In this paper we proposea summarizéon system
which autamatically classifiestype of doawment set
and summaizes a document set with its apprriate
summaization mechaism. This systemwill classify
adocumentsetinto threetypes:(a) Onetopictype,(b)
multi-topic type, and (c) othes. Thesetypeswill be
identified using information of high frequeng/ nouns
and NamedEntity. In our multi-document summa
rization system,unnecasary parts are deletedafter
summaizing eachdocunentandthenmulti-document
summay is generated In type (a), unnecssaryparts
are similar part betweensummaized docurnents by
single docurment summarizéion. In type (b), unnee
essarypartsareunsimilarpartsin docunents. In type
(c), unrecessaryartsareidentifiedby scoresusedfor
singledocumentsummarizéon.

In the evaluation, our mechaism of docunent set
classificationdoesnot work well. This is because
our current implementéion hassomesystembugsin
classificatiormechaism. Although our classification
methal doesnot work well, the resultsof shortand
long extractions werenot too bad It is necessaryo
evaluate our mecharsm after fixing systembugsand
improvement of our system.

Referenaes

[1] J. Fukumoto. Text summarizatiorbasedon itemized
sentencesand similar parts detectionbetweendocu-
ments. In Working Notesof the Third NTCIR Work-
shopMeetingPart V: Text SummarizatiorChalleng 2
(TSC2) pagesr—12 2002.

[2] H.WatanabeA methodfor abstractingnenspaerarti-
clesby usingsurfececlues.In Proc.of the16thinterna-
tional Confeenceon Computatioml Linguistics pages
974-979,1996.

[3] TSChttp://oku-gwpi.titech.ac.jp/tsc/.

[4] ChaserlJRL http://chasen.aist-nara.ac.jp/.



