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Abstract

In this paper, we proposea summarizationsystem
which automatically classifiestype of document set
and summarizesa documentsetwith its appropriate
summarizationmechanism.Thissystemwill classifya
documentsetinto threetypes: (a) Onetopic type, (b)
multi-topic type, and (c) others. Thesetypeswill be
identified using informationof high frequencynouns
and NamedEntity. In our multi-documentsumma-
rization system,unnecessaryparts are deletedafter
summarizingeach documentandthenmulti-document
summaryis generated. In type(a), unnecessaryparts
are similar part betweensummarizeddocumentsby
singledocument summarization.In type (b), unnec-
essarypartsareunsimilarpartsin documents.In type
(c),unnecessarypartsare identifiedbyscoresusedfor
singledocumentsummarization.

1 Intr oduction

We have participatedText Summarization Chal-
lenge2 (TSC2) [3] of NTCIR Workshop3 and had
evaluation on single document summarization (Task
A) and multi-documentsummarization (Task B)[1].
Our systemappliedvery simple strategy to generate
a summary, that is, TF/IDF basedsentenceextraction
for singledocument summarization anduseof single
documentsummarizationfor multi-document summa-
rization. In singledocumentsummarization, our sys-
temperformancewasabit higher thantheaveragebut
in multi-documentsummarization our systemperfor-
mance wasin thelowergroup.

In our multi-document summarization,we usesin-
gle document summarization for eachdocumentof a
documentsetandremovedsimilarpartsbetweensum-
marized documents for generation of a target sum-
mary. This mechanismis basedon our assumption
that all documentsin a document set describe a se-
riesof events. The following documentsdescribe ad-
ditional informationof thepreviouseventswith acita-
tion of thepreviousevents. That is, in thesubsequent

documents,someinformationis repeatedonethathas
alreadymentioned in thepreviousdocuments.There-
fore, deletionof similar description will be effective
for document summarization of this kind of a docu-
ment set. However, according to TSC2 evaluation,
our assumption could be applied to somedocument
setsbut thereweredifferent typesof multi-document
setswhich our approachcouldnot. In theTSC-2test
set, thereweremany typesof documentsets. Some
of themaredescribedabout a seriesof events,that is,
thefollowing documentdescribessubsequentevent or
further informationof its previousdocument.Theoth-
ersareaboutthesamekind of events suchasa setof
new productinformation.

In this paper, we proposea summarization system
which automatically classifiestype of document set
and summarizes a document set with its appropriate
summarization mechanism. This systemwill classify
a documentset into threetypes: a seriesof events, a
setof the sameevents andrelatedevents. In the first
type,theseconddocumentshows additional informa-
tion or subsequentevent of thefirst document,andso
onfor thefollowing documents.Thesecondtypedoc-
uments describethe sameevent type suchasa setof
traffic accidentsor new product announcements. The
third type of documentsis relatedeachotherbut not
classifiedinto thefirst two types. We have submitted
our systemfor TSC3andhave provisional resultsof
evaluationuntil now.

2 Documentsettype

According to theanalysisof TSC-2multi-document
test set, we have classifieddocument set into three
typesasfollows:

(a) Onetopic type

(b) Multi-topic type

(c) Others

In the first type (a), the first document described
an event concerning a topic and the following docu-
mentsdescribe the event of the first documentagain
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and additional information or relatedmattersof the
first event. In this case,importantelementsof thefirst
documentswill bequotedin thefollowing document.
Theseimportantelementswould includepropernouns
suchas personnames,location namesand company
namesbecausetheseseriesof documentsdescribeone
event which includethesepropernouns.

In thesecondtype(b), asetof documentsdescribed
thesameevent type. For example, thefirst document
is newsof anew digital cameraof somecompany and
the next is also news of a new digital camera of the
other company. Multi-document set of this type in-
cludesinformationonthesamekindsof elementssuch
new productsbut differentinstances.In thiscase,there
arethe sameproduct typesandorganizationtype but
they aredifferentconcretename.

The third type of documentsis relatedeachother
but not classifiedinto thefirst two types.We assumed
a setof documentscollectedfor the purposeof sum-
marization will beco-relatedin someaspect.In TSC2
test set of multi-document summarization, thereare
someclassifiedin this type. We canguessthis setof
documentsis collectedwith somekey words.

3 Singledocument summarization

In multi-document summarization, eachdocument
of a document setwill be summarized usingTF/IDF
basedsentenceextraction. In the following, we
will first describesingledocumentsummarization and
multi-document summarizationmethod.

3.1 Sentence extraction

In our summarization system,sentenceextraction
from a document is basedon TF/IDF, sentenceposi-
tion in a documentandweighingusingintentiontype
of asentence.Weightsonsentencesof adocumentare
calculatedusing TF/IDF scoreof eachnoun of sen-
tences.Also, informationof sentencepositionsuchas
the number of paragraphandthe number of the sen-
tencein a paragraph is usedassentenceweight. At
first, eachsentenceis morphologically analyzedusing
Chasen[4], andthenTF/IDF valuesof nounsof adoc-
ument arecalculated. Weight valueof a sentence

���
is obtained from the average number of TF/IDF val-
uesof all nounsof the sentence

�����
. Weight of sen-

tenceposition
�����

is calculatedusingthenumber of
paragraph
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�
andthenumberof sentence� ��
��

as
follow:������������ ���������� �� ������!#"
For example,positionweight

��� �
of thefirst sentence

of thesecondparagraphwill be0.562.
In newspaper editorials,intentionsuchaswriter’s

opinion is expressedin a document and handling of
suchintentionis important to generatea summary of

thistypeof documents[2]. In oursystem,if asentence
hasweekintention typesuchas“inferential”, its sen-
tencescorewill have a half of theoriginal score.If a
sentencehasstrongintention type suchas“request”,
“obligation” and “necessity”, its sentencescorewill
have 50% additional scoreof the original sentence
score.In Japanese,suchintentionis expressedastail
expressionof asentence.Examplesof tail expressions
arepresentedin Table1.
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3.2 Itemization of extractedsentences

In TF/IDF basedsentenceextraction, sentences in
a summaryarenot coherently arranged, that is, sen-
tencesthat have higher scoreare extractedindepen-
dently. In orderto make this summarymorereadable
one,sentencesin asummaryareitemizedby eliminat-
ing apartof tail expressionof sentences.

In the current status,we aredealingwith the fol-
lowing patterns.

^ noun + R=S?7`_
^ noun + a 7`_
^ noun + 2 E _

In the above pattern,underlinedpartsareeliminated,
when their neighboring nouns satisfiedsomecondi-
tions,for example,POScodeof noun is 17or 31(“sa-
hen”verbtype).

Moreover, conjunction andconjunctive phrasesare
alsoeliminatedfrom extractedsentences.Whensen-
tencesare itemizedin a summary, suchconjunctions
arenot necessaryto relatesentencesthatareindepen-
dentlyextracted.Conjunctionsareusedto expressre-
lationships to the previous or former sentencesthat
might not beextractedin a summary.



3.3 Eliminating unnecessary parts of sen-
tences

In orderto condensemoreinformation into a lim-
ited sizeof summary, our systemeliminatesunneces-
sary partsfrom sentences.SomeJapaneselettersin
parenthesesareeliminatedfrom a summary. They are
Japanesereading of difficult Kanji lettersor somead-
ditional informationof thepreviousphrases.

3.4 Singledocumentsummarization

Text summarization of a single document is con-
ductedin thefollowing procedures.

1. TF/IDF scoresof all sentencesin a documentare
calculatedusinginformationof nouns in a docu-
ment.

2. Sentence position in a paragraph and its para-
graph position are usedfor calculationof sen-
tencepositionscore.

3. Weighton sentenceintentionis calculatedbased
on tail expressionof the sentence, and all sen-
tencescoresin a documentarecalculated.

4. Tail expressionof sentencesandtop conjunctive
expressionsareeliminatedusingsomepatterns.

5. Unnecessarypartsof sentencesareremoved.

6. Sentencesareextractedfrom a document in the
order of higher sentenceweightuntil thesumof
letters of extractedsentences will reachto the
limited numberof intendedsummary.

7. Extractedsentencesaresortedin theoriginal or-
der in a documentand then thesesentencesbe-
comea summary of thedocument.

4 Documentsettype classification

We will classifydocumentsetinto threetypes: (a)
one topic (b) multi-topic (c) others. Firstly, we will
calculatedocument similarity betweendocumentsto
identify documentset(a). Then,we will identify doc-
ument settype(b) for thedocumentsetnotclassifiedto
type(a). To identify documentsettype(b),wewill use
NamedEntity informationof documents.Finally, we
will identify documentset(c) asdocumentnot classi-
fied into type(a)and(b).

We will extract animportantsentencefrom a docu-
mentto classifydocumentsettype. To extractan im-
portant sentence,we useinformation of nouns which
appear in most of documentsof a document set and
NamedEntity information using NExT system. Im-
portantsentenceis recognizedasa sentencewhich in-
cludesuchnounsandNamedEntity elements.

In orderto identify documentsettype,we will use
information of NamedEntity of important sentences
of documentsin adocumentset.Basically, if two sen-
tencesinclude the sameNamedEntity type andele-
mentsof suchNamedEntity, thesetwo documentsare
recognizedas type (a). If two sentencesinclude the
sameNamedEntity typebut elementsof suchNamed
Entity are different, thesetwo documentsare recog-
nized as type (b). The other caseis type(c). Then,
highestnumberof documentsettypesin possiblecom-
bination of two documentsin a document setwill be
thetypeof documentset.

5 Multi-document summarization

In our multi-document summarization system,the
technique of the single document summarization is
usedfor eachdocument. After summarizing all doc-
uments, unnecessaryparts in the summarizeddocu-
mentsaredeletedandthenmulti-document summary
is generated.

Recognitionof Unnecessarypartsare different in
eachdocumentsettype. In type(a),unnecessaryparts
are similar part betweensummarized documents by
singledocument summarization. In type (b), unnec-
essarypartsareunsimilarpartsin documents.In type
(c), unnecessarypartsareidentifiedby scoresusedfor
singledocumentsummarization.

5.1 Summarization of eachdocument

Input documentsareco-relatedandsubsequentdoc-
uments areabout subsequent events of thefirst docu-
ment.In thesubsequentdocuments,someinformation
is repeatedonethathasalready mentioned in thepre-
vious documents. Therefore, our approachto multi-
documentsummarization is to summarizethefirst doc-
ument in requiredsummarization ratioandthefollow-
ing documentsaresummarizedin higherratioof sum-
marization. In thecurrent system,the following doc-
uments aresummarizedin theratio of 10%morethen
thefirst one. For example,if thefirst documentis sum-
marizedin 40%andthenthefollowingsarein 50%.

5.2 Deletion of unnecessary parts between
documents

In order to detectunnecessarypartsbetweendoc-
uments, sentencesin documentsare segmented into
clauses and similarity values between segmented
clausesare calculated. Sentencesare segmentedby
usinginformationof Japanesecommaandconjugation
form of verbphrases.If the endof a clause(just be-
fore Japanesecomma)is verbphraseandits conjuga-
tion type is “renyou” type, the sentenceis segmented
into two clausesat thepoint of thecomma.



In order to calculatesimilarity valuesof clausesin
a document,eachclausein subsequent documentsis
comparedwith all theclausesin all theprevious doc-
uments. During this comparison, the highestsimilar-
ity valueswill be the similarity value of the clause.
Similarity betweenclausesis calculatedusing infor-
mationof thesamenouns,adjectives andverbsin the
clausesto detectsimilar parts betweensummarized
documents. Similarity value �cbed of the clausef of
document gih is calculatedin the following formula.
The clausef have the highestsimilarity valuewith a
clausein document g � .

�cb d � thenumberof sharedwordsbetweeng � and g�h
thenumberof wordsin g h

In type (a), unnecessaryparts are clauseswhich
have higher similarity value. Then, clausesare re-
movedin theorderof highersimilarity value. In type
(b), unnecessarypartsare clauseswhich have lower
similarity value. Then,clausesareremovedin theor-
derof lowersimilarity value.In type(c),

5.3 Summarization method

Text summarization of a multi-document is con-
ductedin thefollowing procedures.

1. Thefirst documentis summarizedin therequired
summarizationratio.

2. Thefollowing documentsaresummarized in the
required summarizationratioplus10%.

3. All the sentencesin all the summarized docu-
mentsaresegmentedinto clauses.

4. Similarity valuesbetweenclausesarecalculated
andthehighestsimilarity valuewill be thescore
of theclause.

5. Remove the clausewhich hasthe highest score
until thesumof lettersof extractedsentenceswill
reachto thelimitednumber of intendedsummary.
If a clausehassubordinateclausein the original
sentence, suchclausewill not beremove.

6. The restof the clausesaresortedin the original
order in a document and then theseclausesbe-
comea summary of thedocument.

6 Evaluation results

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

Most of documentsetsusedfor TSC3wererecog-
nizedasdocument settype (a) in our type classifica-
tion. However, our method of documentsettypeclas-
sification,four setsarerecognizedastype(a), twenty
aretype(b), andthreearetype(c). Our mechanismof
documentsetclassificationdoesnotwork well. This is

Table 2. Results of Extract (shor t)

topic.length coverage precision
0310.6 0.000 0.000
0320.8 0.562 0.571
0340.10 0.350 1.000
0350.10 0.283 0.667
0360.7 0.119 0.750
0370.8 0.125 0.091
0380.13 0.269 0.429
0400.4 0.750 0.286
0410.13 0.064 0.333
0420.8 0.250 0.500
0440.7 0.286 0.667
0450.9 0.056 0.167
0460.5 0.000 0.000
0470.6 0.472 0.400
0480.8 0.125 0.200
0500.5 0.600 0.750
0510.9 0.333 0.400
0520.4 0.500 0.400
0530.12 0.208 0.556
0540.9 0.278 1.000
0550.12 0.153 0.429
0560.10 0.250 0.273
0570.9 0.222 0.750
0580.12 0.292 0.600
0590.7 0.214 0.750
0600.7 0.357 0.800
0610.5 0.000 0.000
0630.16 0.156 0.444
0640.11 0.076 0.667
0650.9 0.167 0.400

average: 0.251 0.476



Table 3. Results of Extract (long)

topic.length coverage precision
0310.11 0.273 0.400
0320.14 0.405 0.833
0340.17 0.294 0.818
0350.14 0.214 0.600
0360.16 0.120 0.778
0370.12 0.333 0.250
0380.20 0.300 0.462
0400.10 0.500 0.700
0410.15 0.144 0.400
0420.15 0.233 0.500
0440.11 0.318 0.714
0450.15 0.111 0.500
0460.11 0.136 0.375
0470.16 0.208 0.438
0480.15 0.133 0.400
0500.8 0.625 0.500
0510.16 0.281 0.462
0520.9 0.389 0.444
0530.22 0.273 0.588
0540.20 0.125 0.615
0550.24 0.139 0.583
0560.19 0.289 0.389
0570.16 0.365 0.727
0580.20 0.183 0.353
0590.14 0.143 1.000
0600.15 0.333 0.889
0610.12 0.000 0.000
0630.32 0.156 0.524
0640.21 0.111 0.700
0650.16 0.281 0.455
average: 0.247 0.547

becauseour current implementationhassomesystem
bugsin classificationmechanism. So, it is necessary
to evaluateour method afterimproving oursystem.

Although our classificationmethoddoesnot work
well, theresultsof shortandlongextractionswerenot
too bad. Also, correctly classifiedsetsand not cor-
rectly classifiedsetshave lessdifferencein their re-
sults. In our summarizationmethod, all documentsin
documentsetarepreliminary summarizedandunnec-
essarypartsareremovedfrom pre-summarizeddocu-
ments.Themargin for removing unnecessarypartsis
only 10%,so it maybenecessaryto expand this pre-
summarizationratio to higherone.

7 Conclusion

In this paper, we proposea summarization system
which automatically classifiestype of document set
and summarizes a document set with its appropriate
summarization mechanism. This systemwill classify
adocumentsetinto threetypes:(a)Onetopictype,(b)
multi-topic type, and(c) others. Thesetypeswill be
identifiedusinginformationof high frequency nouns
and NamedEntity. In our multi-document summa-
rization system,unnecessaryparts are deletedafter
summarizing eachdocumentandthenmulti-document
summary is generated. In type (a), unnecessaryparts
are similar part betweensummarized documents by
singledocument summarization. In type (b), unnec-
essarypartsareunsimilarpartsin documents.In type
(c), unnecessarypartsareidentifiedby scoresusedfor
singledocumentsummarization.

In the evaluation, our mechanism of document set
classificationdoesnot work well. This is because
our current implementation hassomesystembugsin
classificationmechanism. Although our classification
method doesnot work well, the resultsof short and
long extractions werenot too bad. It is necessaryto
evaluateour mechanism after fixing systembugsand
improvement of oursystem.
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