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Abstract

This paper proposesa statistical methodof ac-
quiring knowledgeabout the abbreviation possibil-
ity of someof multiple phrasesmodifying the same
verb/noun. Our methodcalculatesweight valuesof
multiple phrasesby mutual informationbasedon the
strength of relation betweenthe phrasesamongthe
multiple phrasesand modifiedverbs/nouns.Among
phrasesmodifyingthe sameverb/noun,thosehaving
relatively low weight valueare deleted. Theevalua-
tion of our methodby experimentsshowsthat thepre-
cisionattainsabout74.0%andtherecallattainsabout
43.0%.

Keywords: abbreviation of multiple phrases,cor-
pus,summarization.

1 Intr oduction

Recentrapid progressof computerandcommuni-
cation technologiesenabledus to accessenormous
amountof machine-readableinformationeasily. This,
however, hascausedso called the informationover-
load problem. Underthesecircumstances,the neces-
sity for automaticsummarizationhasbeenincreasing
andhasbeenintensively studiedrecently(seee.g,[6]).
No all-purposeautomaticsummarizationmethodfor
summarizingany typeof documentsappropriatelyex-
ists, thus, in many cases,we must combineseveral
summarizationmethodsascomponentswhenwe de-
velop an automaticsummarizationsystem. Deletion
of someunnecessarypartsfrom a sentenceis among
suchimportantsummarizationmethods[12][3].

In this paper, we proposea statistical learning
method which acquiresknowledge about the dele-
tion possibility of someof multiple phrasesmodify-
ing thesameverb/nounin orderto summarizea doc-
umentby deletingunimportantsegmentsfrom a sen-
tencein thedocument.As amethodof summarization
which deletesunimportantsegmentsfrom a sentence,

Ohtakeet al.[7][8] proposesa methodwhich deletes
oneof two phrasesmodifying the samenounby us-
ing manuallyconstructedrules. Knight et al.[5] and
Jing[2] andTakeuchietal.[11]proposemethodswhich
extract rules for reducing a sentencefrom aligned
corpusof human-madesummariesand their original
manuscripts. As for suchapplicationof supervised
learningusingalignedcorpus,Katohetal.[4] proposes
a methodwhich acquiresknowledgeaboutparaphras-
ing byusinganalignedcorpusof manuscriptsfor char-
acterbroadcasting(i.e.,a kind of summaries)andcor-
respondingoriginal TV news manuscripts.

However, thesepreviously proposedmethodshave
thefollowing drawbacksfor practicaluse.

� To makeacompletelist of rulesmanuallyin or-
der to deleteunimportantsegmentsfrom a sen-
tenceis a hardtask.

� Aligned corpus betweenoriginal manuscripts
and summariesis useful. But it is not neces-
sarily available. Moreover, constructingsum-
mariesmanuallyfor obtainingsuchalignedcor-
pusis a time-consumingandcostlytask.

By thesereasons,we proposea statistical learning
methodwhichacquiresknowledgefrom ageneralcor-
pus(e.g.,news paperarticles),aboutthedeletionpos-
sibility of someof multiple phrasesmodifying the
sameverb/nounto summarizeby deletingunimportant
segmentsfrom a sentence.Notethatmultiple phrases
denotesomephrasesmodifying the sameverb/noun
and a phrasedenotesone of the multiple phrases
throughoutthis paperunlessspecifiedotherwise.An
exampleis shown as follows. In this example,three
phrasesmodify averb“wasurereu(

�����
:forget)”;

Example 1: watasitatiha kessite 1 � 17wo wasureteha-
naranai ( �	��

���������������
����� �"!#�#�$&%�$
'

: Wemustnever forget“1 � 17”.),
phrase1: watasitatiha( �#�	

� : We),
phrase2: kessite( ���(� : never),
phrase3: 1 � 17wo( �)��� �
���*� : “1 � 17”),
modified verb: wasureru ( �+!&, : forget),
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-

Sakai et al.[9][10] propose statistical methods
which acquireknowledgefrom ageneralcorpusabout
thedeletionpossibilityof adnominalverbphrasesand
phrasesmodifying a verb, respectively. The method
proposedin [9] acquiresknowledgeaboutthedeletion
possibility of adnominalverb phrases. The method
proposedin [10] acquiresknowledgeaboutthe dele-
tion possibility of phrasesmodifying a verb. How-
ever, themethod[9] is appliedonly to the adnominal
verbphrasesandthemethod[10] is appliedonly to the
phrasesmodifying a verb, themethodto be proposed
in this paperappliesto all phrasesamongthemultiple
phrases.

Themethodproposedby Ohtakeetal.[7][8] deletes
oneof two phrasesmodifying the samenounby us-
ing manually-constructedrulesandthe systemYEL-
LOW which implementedthemethodexhibits a good
performanceat TSC1taskB in NTCIR Workshop2.
However, themethodcanonly beappliedto sentences
having structuresmatchingthe rulesandconstructing
suchrules manuallyis a hard task. In contrast,our
methoddeletessomeof multiplephraseshaving unim-
portant contentsby using statisticalinformation ob-
tainedfrom a singlecorpus.Consequently, moreflex-
ibility in deletionof someof multiple phrasesis at-
tained. Moreover our methodcan be appliedto not
only multiple phrasesmodifying the samenoun but
alsomultiplephrasesmodifyingthesameverb. In gen-
eral,themultiplephrasesmodifyingthesameverbap-
pearmore frequentlythan thosemodifying the same
noun(aswill beseenin Table2).

Our methodextractsknowledgeaboutdeletionof
someof multiple phrasesfrom a singlecorpus,e.g.,
news paperarticles provided as a machine-readable
form, documentsobtainedfrom WWW whichareeas-
ily available.

Weparticipatein theTSC2taskA in NTCIR Work-
shop3 to evaluateour methodandshow resultsof this
task in this paper. Moreover, we also evaluateour
methodby recallandprecisionin additionto theeval-
uationby TSC2.

We introduceour methodin Sec. 2 and its im-
plementationandexperimentsfor evaluationareillus-
tratedin Secs.3 and4, respectively. We show results
of theTSC2taskA in Sec.5. We analyzethe results
of the experimentsin Sec. 6. Sec. 7 concludesthis
paper.

2 Proposedmethod

Our method is basedon the intuition that some
phrasesamongthe multiple phraseswhich areeasily
associatedwith by modifiedverb/nouncanbedeleted.
For example,in “Example1”, phrase“kessite( .0/21 :

never) is easilyassociatedwith by modifiedverb“wa-
suresu(

�&���
: forget)”.

To reflect the intuition, we calculatethe weight
value assignedto the strength of the relation be-
tweenaphraseamongmultiplephrasesandamodified
verb/nounby thephrase,andphraseshaving relatively
small weight value comparing with other phrases
amongthemultiplephrasesaredeleted.And,a phrase
having the largestweight value amongthe multiple
phrasesis not deleted. The weight valueassignedto
the strengthof the relationis calculatedby a formula
basedon mutual informationandit hassmall weight
valueif themutualinformationhasa largevalue.That
is, the combinationof the phraseamongthe multiple
phrasesandthemodifiedverb/noun,whichhasa large
mutualinformationvalue,is frequentlycontainedin a
corpus.Consequently, suchphrasesareeasilyassoci-
atedwith by theverb/noun.

Weintroduceadeletionmethodof someof multiple
phrasesmodifying thesameverb in Sec2.1 anddele-
tion of someof multiple phrasesmodifying the same
nounin Sec2.2.

2.1 Deletionof someof multiple phrasesmod-
ifying the sameverb

Weintroduceour deletionmethodof someof mul-
tiple phrasesmodifying thesameverb. An exampleof
multiple phrasesmodifying thesameverbis shown as
follows.

Example 2: watasitatiha kessite 1 � 17 wo wasureteha-
naranai ( �	��

���������������
����� �"!#�#�$&%�$
'

: Wemustnever forget“1 � 17”.),

phrase1: watasitatiha( �#�	

� : We),

phrase2: kessite( ���(� : never),

phrase3: 1 � 17 wo ( �3���4�5�6��� : 1 � 17),

modified verb: wasureru ( �+!&, : forget),

-

Thisexampleshowsthatverb“wasureru (
�#�7�

: for-
get)” is modifiedby threephrases,whicharewatasitati
ha ( 8:9<;>= : we),kessite( .?/21 : never) and1 @ 17
wo ( ACB
@�B#DFEHG : 1 @ 17). Wedefinesuchastructure
of asentenceasthemultiplephrasesanddenoteoneof
themultiplephrasesas IKJML:NPOQNSRKT ,
where,

IKJML:NPOQNSRKT : thephrasecontainingword L andmod-
ified verb R by relationoperatorO ,

L : a word containedin the phraseIKJML:NPOQNSU�T and
modifying verb R ,

O : the relation operator showing relation between
word L andverb R ,
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where, L is a word modifying verb R . The part of
speechof L is either of a noun, a verb, an adjec-
tive, an adverb, or a demonstrative. However, an an-
cillary wordsareexcluded(for examplesuffixesand
post-positionalparticles.,etc.). For example,whena
phraseis 1 @ 17wo( AVBW@2B�D�E�G : 1 @ 17), L is the
word 1 @ 17. If word L is a noun, L is the seman-
tic code(feature)of the noun,where,we employthe
“ X�Y�ZW[ (Tangotaikei: vocabulary system)”in the
thesaurus“ \^]�YWY�_:`W[ (Nihongogoi taikei)”[1]
asadictionaryof semanticcodes(features).However,
if word L is a nounwhich doesnot have a semantic
code(feature), L is the noun. Moreover, if noun U
is a compoundnoun,noun U is replacedwith a noun
containedat the endof the compoundnoun. For ex-
ample, U is “Tougou( a�b : unification)”, whennounU is “Shijo Tougou( c>d�a�b : marketunification)”.
(The“ShijoTougou( c*d&a�b : marketunification)” is
a compoundnoun composedof a noun:“Shijo( cHd :
market)”anda noun:“Tougou( a	b : unification)”).

O shows therelationbetweenword L andverb R .
Wedefine O asa relationoperator. For example,when
a phraseis 1 @ 17 wo( AeBf@gB�DhEiG : 1 @ 17), O is
shown as“ j"k (wo kaku: wo-case)”,becausea case
post-positionalparticleis “ j"k (wo kaku: wo-case)”
in thisphrase.Somerelationoperatorsareexemplified
in Table4, where,thesymbolof relationoperatorO is
basedon theresultsanalyzedby KNP l version2.0b6
which we employasa parser.

2.1.1 Algorithm for deleting some of multiple
phrasesmodifying the sameverb

Basedon theabove observations,ourmethodof delet-
ing someof multiplephrasesmodifyingthesameverb
is formally describedasfollows:

Algorithm for deleting some of multiple phrases
modifying the sameverb

[Step1:] Weightvalue mnJMIKJoLpNqOqNPRKTrT of oneof mul-
tiple phraseIKJMLpNqOQNSRKT is calculatedby thefollowing
formula:

mnJMIKJML:NPOQNPRsTtTvu
w JoLnT�xHysJoIKJML:NPOQNSRKTrTz JML:NPOQNPR
T {|

}q~)� J��VJML:NPOQNSR2TrT N (1)

��JML:NPOQNSRKTvu�������JM� {
z JML:NPOQNSRKTz JML:NPOPT {

z JMOQNSR2T ToN (2)

wherez JoLpNqOqNPR
T : frequency of phraseswhichincludewordL andmodify verb R by relationoperatorO in
thecorpus,�

http://www-lab25.kuee.kyoto-u.ac.jp/nl-resource/knp.html

z JMLpNqOPT : frequency of phraseswhichincludeword L
andmodify verbsby relation operator O in the
corpus,

z JMOQNSR2T : frequency of phraseswhich modify verb R
by relationoperatorO in a corpus,

� : frequency of all multiple phrasesin thecorpus,

w JoLnT : frequency of partof speechof L in thecor-
pus, the part of speechof L is eithera noun,
a verb, an adjective, a conjunction,an adverb,
or a demonstrative pronoun. However, if the
part of speechof L is a noun,

w JoLnT is set to
be
w JML�T /2, becausethe frequency of part of

speechof nounis too high comparingto those
of otherpartsof speech.

yKJMIKJoLpNqOqNPRKTrT : the numberof clausescontainedin
phraseIKJML:NPOQNSRKT .

[Step 2:] m���JoI�JML:NPOr��NSRKTrT is calculatedby the fol-
lowing formula:

m���JMI�JML#��NSOr�PNSRKTrT
u mnJMI�JML*��NSOr�PNPRKTrT�2� ~ �M� l�� ����� ��� � � mnJMIKJML � NPO � NSRKTrT N (3)

here,verb R is modifiedby � phrases,that is, verb R
is modifiedby IKJML l NSO l NSRKTMNP�S�P��NSIKJML � NPO � NSRKT .
[Step 3:] DeletephraseIKJML#��NSOr�PNSRKT having weight
value m���JoI�JML*��NPO��qNSRKTrT smaller than a threshold
valuepredeterminedby trial anderror. �

2.1.2 Explanation of the Algorithm to delete
phrasesmodifying the verb

Wecalculatetheweightvalueassignedto thestrength
of the relation betweena phrase among multiple
phrasesand the modified noun in Step 1. The rela-
tive valuesto a phrasein themultiple phrasesarecal-
culatedin Step 2. And, thephraseshaving relatively
smallweightvaluecomparingto thoseof otherphrases
are deletedin Step 3. Hence,the phrasehaving the
largestweightvalueis not deletedamongthemultiple
phrases.��JMLpNqOQNSRKT is the mutual information between
phrase IKJML:NPOQNSRKT containing word L and verbR modified by relation operator O . If the mu-
tual information hasa large value, the weight valuem���JMI�JML:NPOQNSR2TrT is small, andasa result,the phraseIKJML:NPOQNSRKT tendsto be deleted.The combinationof
phraseIKJMLpNqOQNSRKT andthemodifiedverb R having a
largemutualinformationvalueis frequentlycontained
in the corpusand sucha phraseis easily associated
with by verb R .
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Table 1. Some relation operator s (multiple phrases modifying the same verb)
partof speechof L relationoperators
noun  #k (gakaku: ga-case)¡�j2k (wo kaku: wo-case)
noun ¢>k (dekaku: de-case)¡<£	k (ni kaku: ni-case)
verb ¤�b&¥&¦�§ (hukugouzirenyou: verbphrases)
adjective ¨>¦�§ (zyakurenyou: adjective phrases)

Table 2. Frequency of par t of speech of L
partof speechof L phrasesmodifyingverbs phrasesmodifyingnouns
noun 1277730 77754
verb 178203 22217
adjective 53918 12709
adverb 70479 2243
demonstrative pronoun 15763 4086
conjunction 19088 108� 1615181 119117

w JML�T is the frequency of the part of speechofL modifying verb R in corpus. Thus, it is diffi-
cult to deletephrasescontainingword L with largew JoLnT value (for example, the part of speechof L
is a nounor a verb). But, it is easyto deletephrases
containingword L with small

w JoLnT value (for ex-
ample, the part of speechof L is an adjective or a
conjunctionor an adverb). Moreover, the value ofw JoLnT changeswith phrasesmodifying thesameverb
or phrasesmodifying the samenoun. Thus, degree
of deleting someof multiple phraseschangeswith
phrasesmodifying nounsor phrasesmodifying verbs.
Table2 shows

w JoLnT whenwe use66686documents
from Nikkei newspaperarticles from January1, to
June31, 1993, as a corpus. yKJMIKJML:NPOQNSRKTrT is the
numberof clausescontainedin phrase IsJoLpNqOqNPRKT .
For example, when phraseIsJoLpNqOqNPRKT is kessite( ./g1 : never), yKJMI�JMLpNqOQNSRhTrTpu |

. If the phraseIKJML:NPOQNSRKT has a large yKJMIKJML:NPOQNPRsTtT value, the
phraseIKJML:NPOQNSRKT is hard to deletebecauseits dele-
tion causesseriousinformation loss. Consequently,
phraseswith yKJMIKJoLpNqOqNPRhTrTs©?ª arenot deletedby
our method.

In addition, phrasesmodifying verbs “suru( « � :
do), naru( ¬ � : be), aru( ­ � : be)” are not deleted
by our method,because,the phrasesmodifying their
verbs are hardly associatedwith by them. Next,
phrasesmodifying verbsby relationoperatorsshown
in Table3 arenot deletedby our method.This is be-
causethe phrasescontainingtheir relation operators
area subjective caseor oftenhave importantcontents,
thendeletioncausesseriousinformationloss.

Table 3. Relation operator s which un-
deleted phrases modify verbs by #k (ga kaku: ga-case) j2k (wo kaku: wo-case)£	k (ni kaku: to-case) ®¯k (to kaku: to-case)° k (mi kaku: null-case) ±n² ( ± to: to)

2.2 Deletionof someof multiple phrasesmod-
ifying the samenoun

We introducea deletionmethodof someof multi-
ple phrasesmodifying thesamenoun.An exampleof
multiplephrasesmodifyingthesamenounis shown as
follows.

Example 3: seikenwo obiyakasuyuuryokuna raibaru ga
sonnzaisinai ( ³"´���µH¶2·"¸5¹ $Hºh»5¼5½*¾K¿"À� $"' : Thereis no strongrival who threatensthe
administrationexists.),

phrase1: seikeinwoobiyakasu( ³K´#��µ5¶ · : whothreat-
enstheadministration),

phrase2: yuuryokuna ( ¸5¹ $ : strong),

modified noun: raibaru (
º »"¼5½

: rival), -

Thisexampleshowsthatnoun“ raibaru ( ÁsÂ>Ã�Ä : ri-
val)” is modifiedby two phrases,which areseikenwo
obiyakasu( Å<Æ�G*ÇiÈ&« : threateningthe adminis-
tration) andyuuryokuna( ÉWÊi¬ : strong). We define
sucha structureof a sentenceasthemultiple phrases,
anddenotethemultiple phrasesas IKJMLpNqOQNSU�T ,
where,



Proceedings of the Third NTCIR Workshop 

 

IKJML:NPOQNSU�T : thephrasecontainingword L andmod-
ifying noun U by “relation operator” O ,

L : a word containedin the phraseIKJMLpNqOQNSU�T and
modifyingnoun U ,

O : the “relation operator” showing relation between
word L andnoun U ,

O showsrelationbetweenword L andnoun U . For
example,whenthe phraseis seikenwo obiyakasu( ÅÆ�G#ÇpÈ#« : threateningthe administration),the O is
shown as“ Ë&ÌW¦:Z (doushirentai: adnominalverb
phrase)”, becausethe phraseis an adnominalverb
phrase.Somerelationoperatorsareexemplifiedin Ta-
ble4.

2.2.1 Algorithm for deleting some of multiple
phrasesmodifying the samenoun

Basedon theabove observations,ourmethodof delet-
ing someof multiplephrasesmodifyingthesamenoun
is formally describedasfollows:

Algorithm for deleting some of multiple phrases
modifying the samenoun
[Step 1:] Weight value mnJMIKJoLpNqOqNPU�TrT of one of
multiple phrasesIKJMLpNqOQNSU�T is calculatedby the fol-
lowing formula:

mnJoIKJML:NPOQNSU�TrTvu
w JoLnT { ysJoIKJML:NPOQNSU�TrTz JML:NPOQNPU>T

{
|

}q~)� J��VJML:NPOQNSU�TrT N (4)

��JMLpNqOQNSU�Tvu��Í���ÎJM� {
z JoLpNqOqNPU�Tz JMLpNqOPT {

z JMOQNPU�T T (5)

where

z JoLpNqOqNPU�T : frequency of phrases which include
word L andmodify noun U by relationoper-
ator O in thecorpus,

z JoLpNqOST : frequency of phraseswhichincludeword L
andmodify verbsby relation operatorO in the
corpus,

z JoOQNSU�T : frequency of phraseswhich include words
andmodify noun U by relationoperatorO in the
corpus,

� : frequency of all multiple phrasesin acorpus.

w JoLnT : frequency of the part of speechof L in the
corpus.However, if thepartof speechof L is a
noun,

w JML�T is setto be
w JML�T /2.

yKJMIKJML:NPOQNPU>TtT : the numberof clausesconstructing
phraseIKJMLpNqOQNSU�T .

Table 5. Relation operator s which un-
deleted phrases modify nouns by #k (ga kaku: ga-case) j2k (wo kaku: wo-case)®¯k (to kaku: to-case) Ï
k (no kaku: no-case)° k (mi kaku: null-case) ÐgÑ (rensetu: adjoin)±n² ( ± to: to)

[Step 2:] m���JMIhJMLpNqO � NSU�TrT is calculatedby the fol-
lowing formula:

m���JMI�JML � NPO � NSU�TrT
u mnJMIKJoL*��NSOr�PNPU>TtT�2� ~ �M� l�� ����� ��� � � mnJoIKJML*��NPO��qNSU�TrT N (6)

here,noun U is modifiedby � phrases,that is, nounU is modifiedby IKJML l NPO l NPU>ToNS�P�S�MN�IKJML � NSO � NSU�T .
[Step 3:] DeletephraseIsJoL*��NSOr�PNPU>T having weight
value m���JMI�JML#��NSOr�PNSU�TrT smaller than a threshold
valuepredeterminedby trial anderror. �

In addition, phrasesmodifying nouns“koto( Ò<² :
thing), mono( Ó�Ô : thing)” are not deletedby our
method. Next, phrasesmodifying verbsby relation
operatorsshown in Table 5 are not deletedby our
method.

3 Implementation

We implementedour methodfor participatingin
TSC2taskA. WeuseÕ | Õ�ÖØ× documentsfrom Mainichi
newspaperarticlesfrom January1, to June31, 1998,
asa documentset. Because,our methodis appliedto
thesystemdevelopedfor participatingin TSC2taskA
andtheMainichi newspaperarticlesareemployedas
a corpusin TSC2taskA. We employJUMAN� ver-
sion 3.5 as a morphologicalanalyzer, andKNP ver-
sion 2.0b6as a parser. Our methodacquiresknowl-
edgeaboutthedeletionpossibilityof someof multiple
phrases,anddeletessomeof multiplephrasesby using
the acquiredknowledge. The phrasesdeletedby our
methodareexemplifiedasfollows. Notethatthemul-
tiple phrasesdeletedby ourmethodareunderlined.

Example 4: watasitatiha kessite 1.17 wo wasureteha
naranai ( ���g

�f�i��� �����4�5�6�*�K�s!	�H�$&%�$
'

: Wemustnotnever forget“1 � 17”.)

Example 5: tokuni konngo kyouwakokou ga ni-
giru afurikahyouwo naniganandemokakuhosuruto
tikatta ( ÙgÚ�Û ÜgÝHÞhßgà>á ¾sâ ,sã#äWå�æ5ç��$ Û ¾H$
è"é>ê ë#ì ·:,>Ù^í>î2� : In particular,
he promisedthat the Africa vote which Republicof
Congohaswassurelysecured.)ï

http://www-lab25.kuee.kyoto-u.ac.jp/nl-resource/juman.html
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Table 4. Some relation operator s (multiple phrases modifying the same noun)
partof speechof L relationoperators
noun Ï
k (no kaku: no-case)
noun ®¯k (to kaku: to-case)
verb Ë>Ì�¦�Z (dousirentai: adnominalverbphrase)
adjective ð�ñ&¦�Z (keihanrentai: adnominaladjective phrase)

Example 6: chuugokudeno hatuno gorin kaisai ni syu-
unennwo miserupekinnnado...( ò2á é+ó ô*ó2õ2ö÷�ø Û�ù+ú&�2û2ü<,�ý"þ $�ÿ ...: ..., including Bei-
jing which shows a deepattachmentto hold thefirst
OlympicGamesin China.)

4 Evaluation by TSC2 in NTCIR Work-
shop3

We participatein TSC2in NTCIR Workshop3 for
evaluationof our methodandanalyzeresultsof this
taskin this paper. Table6 shows theresultsof TSC2
taskA by the summarizationsystem,which usesour
methodasan elementconstructingit. The systemis
constructedby anextractionmethodof importantsen-
tencesandour deletionmethodof unnecessaryparts
from a sentence.We employ the extraction method
implementedin a systemYELLOW[7][8], which ex-
hibiteda goodperformanceat TSCtaskA in NTCIR
Workshop2. Table6 alsoshows the resultsof TSC2
by thesystemYELLOW to comparewith ourmethod.

5 Experiments for evaluation

We evaluateour methodby precisionandrecall in
additionto the evaluationby TSC2in NTCIR Work-
shop3. For thispurpose,weimplementourmethodby
employing Õ�Õ�Õ���Õ documentsfrom Nikkei newspaper
articlesfrom January1, to June31, 1993,asa corpus
andwe choosedocumentsfor deletingsomeof multi-
ple phrasesby our method.We manuallymakea cor-
rectdatasetwhichshowsmultiplephrasesappropriate
to bedeletedamongthechosendocuments.Notethat
theprecisionandtherecallaredefinedasfollows.

��� O����	� � u z�
 ��� J w T�
 z�
 ��� J��KTMN
y 
 � O��Q�������#y u z�
 ��� J w T�
 z�
 ��� JoLnTMN

where,

fr eq(A): thefrequency of thesamephrasesshown by
thecorrectdatasetwith phrasesdeletedby our
method,

fr eq(C): the frequency of phrasesshown by the cor-
rectdataset,

fr eq(M): the frequency of phrasesdeleted by our
method.

Table 7. Result of comparing our method
with YELLOW

Method Precision(%) Recall(%) Deleted
Our method 71.2 49.1 73
Yellow 65.8 48.6 79

5.1 Evaluation of our method of deleting
someof multiple phrasesmodifying the
samenoun

Themethodproposedby Ohtakeetal.[7][8] deletes
oneof the two phrasesmodifying the samenounby
using 36 manually-constructedrules and the system
by usingthemethodexhibiteda goodperformanceat
TSC1 task B in NTCIR Workshop2. We compare
our methodwith the methodproposedby Ohtakeet
al[7][8], and call the methodYELLOW. We choose
��� documentsfrom Õ�Õ�Õ���Õ articlesof Nikkei newspa-
per from January1, to June31, 1993. And we man-
ually makea correctdataset which shows multiple
phrasesmodifying the samenoun appropriateto be
deletedamongthe85 documents.Thereare135mul-
tiple phrasesmodifying thesamenounin the157doc-
uments. Table7 shows the resultsof comparingour
methodwith YELLOW. The thresholdvaluesof our
methodareadjustedso that the recall of our method
coincideswith thatof YELLOW. Next, Table8 shows
a partof the resultsof precisionandrecall which are
calculatedfor thresholdvalueschangedfrom �Î� |�� to
�Î� Ö � onour method.

5.2 Evaluation of our method of deleting
someof multiple phrasesmodifying the
sameverb

We choose12 documentsfrom 66686articlesof
Nikkei newspaperfrom January1, to June31, 1993.
And wemanuallymakeacorrectdatasetwhichshows
multiple phrasesappropriateto be deletedamongthe
12 documents.Thereare199 multiple phrasesmod-
ifying the sameverb in the 12 documents. Table 9
exemplifiedapartof theresultsof precisionandrecall
calculatedfor thresholdvalueschangedfrom �Î� |�� to
�Î� Ö � onour method.
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Table 6. The results of TSC2 in NTCIR Workshop 3
System C 20% R 20% C 40% R 40%

Systemby usingourmethod 2.53 2.87 2.60 2.77
SystemYellow 2.67 2.97 2.50 2.77

Systemby usingtf 3.30 3.30 3.20 3.10
manuallysummarization 2.33 2.20 2.10 2.03

Table 8. Result of recall and precision
at multiple phrases modifying the same
noun

Threshold Precision(%) Recall(%) Deleted
0.12 75.4 40.6 57
0.14 76.7 43.4 60
0.16 76.7 43.4 60
0.18 74.6 44.3 63
0.2 75.0 45.3 64
0.22 73.1 46.2 67
0.24 72.5 47.2 69
0.26 70.4 47.2 71
0.28 70.8 48.1 72
0.3 70.8 48.1 72
0.32 71.2 49.1 73
Average 73.4 45.7 66.2

6 Discussion

As shown in Table 7, the precisionand the recall
of the deletionof someof multiple phrasesby our
methodattain about ×�ªÎ� � % and ª�ÖÎ� � %, respectively.
Moreover, Table 7 shows that the precision of our
methodis superiorto thatby themethodof YELLOW
whentherecallof our methodis adjustedto coincide
with thatof YELLOW. Thusour methodis promising
as a componentto deletesomeof multiple phrases.
We considerthat the reasonwhy our methodoutper-
formsYELLOW is that36deletionrulesof YELLOW
do not cover all typesof multiple phrasesmodifying
nouns,asthey aremanuallyconstructed.In contrast,
our methodusestheimportancefor any phraseamong
multiple phrasesin the documents.Note that the im-
portanceis increasedwhentheweightvalueassigned
to thestrengthof therelationbetweena phraseamong
multiple phrasesanda modifiedverb/nounhasa large
value. However, YELLOW doesnot usesuchkind of
information.

7 Conclusion

We proposeda statisticallearning methodwhich
acquiresknowledgeaboutthe deletionpossibility of
someof multiple phrasesfrom a news papercorpus

Table 9. Result of recall and precision
at multiple phrases modifying the same
verb

Threshold Precision(%) Recall(%) Deleted
0.12 75.0 39.0 72
0.14 76.0 41.2 75
0.16 75.0 41.2 76
0.18 75.3 41.9 77
0.2 75.6 42.6 78
0.22 74.7 42.6 79
0.24 75.3 44.0 81
0.26 73.5 44.0 83
0.28 73.5 44.0 83
0.3 74.1 45.5 85
0.32 74.1 45.5 85
Average 74.7 42.9 79.5

providedin a machine-readableform in orderto sum-
marizeby deletingunimportantsegmentsfrom a sen-
tence.Actually, our methoddeletessomeof multiple
phraseswhich areeasilyassociatedwith. Weevaluate
our method,andwe concludethatour methodis able
to deletesomeof multiple phrasesappropriately, be-
causethe precisionandthe recall attainabout74.0%
and 43.0%, respectively. Experimentalresultsshow
thatourmethodis usefulfor deletingsomeof multiple
phrases.
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