
zmgao@ntu.edu.tw

(Hownet)
Wordnet

(domain)

(Hownet)
Wordnet

Fillmore
(Fillmore 1968) (case theory)

Wilks (Wilks 1968) Shank
(Shank 1975)
Sowa (Sowa 1984) conceptual graph John Sinclair (
Sinclair 1987) Collins Cobuild English
Dictionary

Longman Dictionary of Contemporary English(LDOCE) ( Boguraev and Briscoe
(eds) 1989) (http://www.natcorp.ox.ac.uk/)
(SARA, Xaira) Wordnet

(http://wordnet.princeton.edu/) (semantic concordancer) Wordnet

argument structure FrameNet VerbNet
PopNet Church

(mutual information) t-score ( Church and Hanks 1990) Church et al.
(1991) Church et al. (1994) Hearst (1992) Grefefenstette (1994)

Jones (2002) Turney (2006), Girju (2007)

257



(semantic web) (ontology) Tim Berners-Lee
(2000)

Wordnet (Hownet)

(domain)

(syntagmatic relation)
(paradigmatic relation) ( )

Chomsky
(

Pustejovsky 2000 )

(2001)

( )

Koenig (1999) (classificatory)
(morphological) bird birds
Koenig (Head-driven Phrase Structure Grammar, HPSG)
Type Underspecified Hierarchical Lexicon) (idiosyncrasy)

(productivity)
Chaffin and Herrmann (1988) network theory

(relation element theory)

(contrasts) (similars) (class inclusion) (case relation)
(part whole)

Calzolari (1988)
IS-A (lexical fields)

Melcuk Zholkvsky Apresyan
Explanatory Combinatorial Dictionary (ECD) (Melcuk 1988)
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(lexical functions) Magn [intensifier]
Magn(to condemn) = strongly

Byrd (1994) I.B.M. ComLex
(argument) adopt

(a child of other parents) (selectional
restrictions) (person)
Merriam Webster Dictionary, Longman Dictionary of Contemporary English (LDOCE)

Klavans (1994) Merriam Webster Dictionary
(semantic net)

Jackendoff Pustejovsky
Jackendoff (1983, 1990) (conceptual structure)

Pustejovksy (1995) (Generative Lexicon)
(argument structure) (event structure) (qualia structure)
(lexical inheritance structure) . (event

structure) (state) (process) (transition) (qualia
structure) formal( ) constitutive( ) telic (

) agentive( ) (lexical inheritance structure) type
coercion selective binding co-composition

enjoy a book enjoy a meal enjoy reading a book
enjoy eating a meal. Jackendoff Pustejovsky

(2001) (Dong
and Dong 2006) (Hownet) Hownet

Wordnet (http://wordnet.princeton.edu/)
Wordnet

Euro Wordnet
Wordnet

Ontosaurus (http://www.isi.edu/isd/ontosaurus.html)
Wordnet
Sumo Search Tool (http://sigma.ontologyportal.org:4010/sigma/WordNet.jsp)

Wordnet sense IEEE Suggested Merged Upper Ontology (SUMO) Wordnet
buffalo SUMO buffalo city

meat SUMO ontology SUMO
subclass disjoint SUMO Buffalo is a subclass of hoofed mammal
Buffalo is disjoint from DomesticAnimal
DOLCE SUMO ontology Wordnet

Wordnet Lexical
Freenet (http://www.cinfn.com/doc/)

Wordnet Taipei, Taiwan
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Taipei Taiwan China s
FramNet (http://framenet.icsi.berkeley.edu/)

frame (lexical element)
(semantic role) (grammatical function)

Wordnet SUMO ontology

A B C D E F G H
I J K L

(http://140.111.34.46/dict/)

Hownet (http://www.keenage.com)
( Dong and Dong (2006) Hownet

Hownet

(Hownet) ,
Wordnet

Hownet
Hownet2002 Hownet 2000

Hownet 2000 Hownet2002

{human| , #occupation| ,*cure| , medical| }
{human| :HostOf={Occupation| },domain={medical| },{doctor| :agent={~}}}

Hownet
Hownet

agent, experiencer Hownet

Hownet

AND OR
Hownet

AND OR
Hownet

(ontology)
LandVechicle|
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Hownet
{LandVehicle| eat| } Hownet
@ Hownet2000

Hownet 2002 {LandVehicle| :{eat| :location={~}}}

Hownet2002 doctor, surgeon, doctor
{human| :HostOf={Occupation| },domain={medical| },{doctor| :agent={~}}}

meta language,
{doctor| }

http://140.112.185.57/~denehs/compare.html

(doctor) (doctor) (doctor)
(doctor) agent
(doctor)

(nurse) {human| :HostOf={Occupation| },domain={medical| },{TakeCare|
:agent={~}},{doctor| :agent={~}}}

(doctor) (nurse) (doctor)
(doctor) agent
(nurse) agent

(physician) (nurse)
: {human|

:domain={medical| }}
:

{medical| }

(patient) {human| :domain={medical| },{SufferFrom|
:experiencer={~}},{doctor| :patient={~}}}

(doctor) (patient) (doctor)
(doctor) agent
(patient) patient

(physician) (patient)
: {human|

:domain={medical| }}
:

{medical| }

(hospital) {InstitutePlace| :domain={medical| },{doctor|
:content={disease| },location={~}}}

(doctor) (hospital) (doctor)
(doctor) agent
(hospital) location

(doctor) (hospital)
: :

{medical| }
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(Hownet) ,
Wordnet

Hownet

(prescription) {document| :domain={medical| },{order| :ResultEvent={prepare|
:content={medicine| }},instrument={~}}}

(prescribe) {write| :ContentProduct={document| :{order|
:ResultEvent={prepare| :content={medicine| }},instrument={~}}},domain={medical|
}}

Hownet Hownet
agent Hownet

{medical| }

Hownet

(certain chemicals) {chemical| }
(kill with poison) {kill| :instrument={physical| :modifier={poisonous| }}}
(medicine) {medicine| }

Hownet {medicine|
} {medicine| } instrument

Hownet Hownet

(sorrowful) {sorrowful| }
(pain) {experience| :CoEvent={unfortunate| }}
(agony) {unfortunate| }

Hownet Hownet

Hownet

Hownet meta language
meta language

Hownet

(boss) {human| :{employ| :agent={~}}}
(shopkeeper's wife) {human| :modifier={female| },{employ| :agent={~}}}

(boss) (proprietress) (employ)
(boss) agent

262



(proprietress) agent

(boss) (proprietress)
:

{human| }
: {employ|

:agent={~}

Hownet

(husband) {human| :belong={family| },modifier={male| }{spouse| }}
(man) {human| :modifier={male| }}
(wife) {human| :belong={family| },modifier={female| }{spouse| }}
(women) {human| :modifier={female| }}

(husband) (wife) : {human|
:belong={family| }}

: {family|
} {spouse| }

(man)
(women)

: {human| } : ( )

: {family| } {spouse| }
Hownet

Hownet
Hownet Hownet

HowNet
(buy) {buy| }
(betray) {betray| }
(sell) {sell| }

Hownet (Event Role Shift)
implication X Y (target) Y

(target) possessor

owe| (X) [implication] own| (Y);
target OF owe| =possessor OF own| ;
possession OF owe| =possession OF own| .

consequence agent
possessor.
take| obtain| [consequence];
agent OF take| =possessor OF obtain| ;
possession OF take| =possession OF obtain| .

hypernym
[implication] [consequence] [hypernym]
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owe| (X) [implication] own| (Y) imply steal| take|
[hypernym] Hownet

steal| take| [hypernym];
agent OF steal| =agent OF take| ;
possession OF steal| =possession OF take| ;
source OF steal| =source OF take| .

rob| take| [hypernym];
agent OF rob| =agent OF take| ;
possession OF rob| =possession OF take| ;
source OF rob| =source OF take| .

earn| take| [hypernym];
agent OF earn| =agent OF take| ;
possession OF earn| =possession OF take| ;
source OF earn| =source OF take| .

buy| take| [hypernym];
beneficiary OF buy| =agent OF take| ;
possession OF buy| =possession OF take| ;
source OF buy| =source OF take| .

acylic graph (http://en.wikipedia.org/wiki/Directed_acyclic_graph)
Prolog predicate calculus

Perl perl Prolog (Fandino 2006) perl
perl Prolog

Hownet
mutual precondition

Hownet whole part
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(tire) {part| :whole={part| :PartPosition={leg| },whole={LandVehicle| }}}

(automobile) {LandVehicle| }

Hownet
Hownet Howent

Wordnet (synset),
Wordnet ::QueryData Wordnet::Similarity Perl

Perl
,

= boy/dick/joe/man/buck/hombre/blighter/menfolk/husband
= jane/dame/women/judy/donah/wife/womenfolk/frow/hen/tomato/frau/woman/female
(woman) is (man)'s antonyms
(man) is (woman)'s antonyms
(wife) is (husband)'s antonyms
(husband) is (wife)'s antonyms

= auto/car/machine/motorcar/motor/autocar/automobile
= ambulance

(car) is (ambulance)'s hypernyms
(ambulance) is (car)'s hyponyms

Pedersen Wordnet::Similarity
Hownet

= auto/car/machine/motorcar/motor/autocar/automobile
= ambulance

WordNet::Similarity
auto#n#1 - ambulance#n#1 : 0.96
auto#n#1 -- motor_vehicle#n#1 -- car#n#1 -- ambulance#n#1

car#n#1 - ambulance#n#1 : 0.96
car#n#1 -- ambulance#n#1

car#n#2 - ambulance#n#1 : 0.782608695652174
car#n#2 -- wheeled_vehicle#n#1 -- self-propelled_vehicle#n#1 -- motor_vehicle#n#1 -- car#n#1 --
ambulance#n#1

car#n#3 - ambulance#n#1 : 0.5
car#n#3 -- compartment#n#2 -- room#n#1 -- area#n#4 -- structure#n#1 -- artifact#n#1 --
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instrumentality#n#3 -- container#n#1 -- wheeled_vehicle#n#1 -- self-propelled_vehicle#n#1 --
motor_vehicle#n#1 -- car#n#1 -- ambulance#n#1

Wordnet

= medic/aesculapius/physician/surgeon/hakeem/medico/doctor/housestaff
= in-patient/invalid/valetudinarian/patient/inpatient/case

No relationship

= staff/personnel
= hirer/employer/gaffer

No relationship

Wordnet

= auto/car/machine/motorcar/motor/autocar/automobile
= wheel
(machine) is (wheel)'s hypernyms
(wheel) is (machine)'s hyponyms

= auto/car/machine/motorcar/motor/autocar/automobile
= tire

No relationship

Wordnet

: , ,

: ,

: , :
:
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:

Hownet Wordnet
(http://nlp2.csie.org/~denehs/word_relation.html)

:
: Not found.
: Not found.

:
: Not found.
: Not found.

: , :

:
:

Hownet
V.S.

HowNet
(table) {furniture| :{put| :location={~}}}
(chair) {furniture| :{sit| :location={~}}}

Events
(No Event Match)

Relationship
(table) (chair) : {furniture| } : ( )

Wordnet
= desk/table
= chair

No relationship

:
: Not found.
: Not found.

:
: Not found.
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: Not found.

: , :

:
:

Hownet
V.S.

HowNet
(desk) {furniture| :{put| :location={~}}}
(furniture) {furniture| }

Events
(No Event Match)

Relationship

(desk) (furniture) : {furniture| } : ( )

Wordnet
= desk/table
= furniture/movable
(furniture) is (table)'s hypernyms
(table) is (furniture)'s hyponyms

:
: , , , , , ,
: , ,

:
: , ,
: ,

: , :
:
:

Hownet
HowNet

(commit a crime) {do| :content={fact| :modifier={guilty| }}}
(put in prison) {suffer| :cause={guilty| },content={detain|

},domain={police| }}
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Events
(No Event Match)

Relationship
(commit a

crime)
(put in

prison)
: :

( )

Wordnet
=

crime/malefaction/misdeed/sin/maleficent/commitment/misdoing/transgress/perpetration/delinquen
cy/guilt/guilty/wrongdoing/trespass

= be jailed
No relationship

14
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Berners-Lee, Tim. (2000) Weaving the Web : the original design and ultimate destiny of the World
Wide Web by its inventor. New York : HarperBusiness.

269



Boguraev, Branimir. and Briscoe, Ted. (1989) Computational Lexicography for Natural Language
Processing. Longman: Harlow.

Boguraev, Branimir and Pustejovsky, James (eds.) (1996) Corpus Processing for
Lexical Acquisition, MIT Press.

Chaffin, Roger and Illerrmann, Douglas. (1988) The Nature of Semantic Relations: a Comparisons
of Two Approaches. In Evens (eds) (1988), pp. 289-334.

-29.
arsing, Word Associations, and Typical

Predicate- Current Issues in Parsing
Technology, Kluwer.

S li (eds.) Computational Approaches to the
Lexicon, pp. 153- 177. Oxford, Oxford University Press.
Cruse, Allan. (1986) Lexical Semantics. Cambridge: Cambridge University Press.
Dong, Zhendong and Dong, Qiang. (2006) Hownet and the Computation of Meaning. World
Scientific.

Evens, Martha. (eds.) (1988) Relational Models of the Lexicon: Representing Knowledge in
Semantic Networks. Cambridge University Press.

Fillmore, Charles. (1968) The Case for Case. In E. Bach and R. T. Harms, eds., Universals in
Linguistic Theory, Holt, Riinehart and Winston, New York, 1-88.

Koenig, Jean-Pierre. (1999) Lexical Relations. CSLI , Stanford University.
Girju, R., Nakov, P., Nastase, V., Szpakowicz, S., Turney, P., and Yuret, D. (2007), SemEval-2007
Task 04: Classification of Semantic Relations between Nominals, Proceedings of the Fourth
International Workshop on Semantic Evaluations (SemEval 2007), Prague, Czech Republic, pp.
13-18.

Grefefenstette, Gregory. (1994) Explorations in Automatic Thesaurus Discovery.
Kluwer Academic Publishers.

Hearst, M.A. (1992). Automatic acquisition of hyponyms from large text corpora. In Proceedings of
the Fourteenth International Conference on Computational Linguistics, pages 539 545, Nantes,
France.

Jackendoff, Ray. (1983) Semantics and Cognition. Cambridge, Mass.: MIT Press.
Jackendoff, Ray. (1990) Semantic Structures. Cambridge, Mass.: MIT Press.
Jones, Stevens. (2002). Antonymy: A Corpus-based Perspective. London ; New York : Routledge,
2002

in (ed.) Lexical Semantics in Review,
Lexicon Project Working Papers 1, Center for Cognitive Science, MIT, pp. 1-62.

(1988), pp. 41 -
74.

Pedersen, Patwardhan, and Michelizzi (2004) WordNet::Similarity - Measuring the Relatedness of
Concepts - Appears in the Proceedings of the Nineteenth National Conference on Artificial
Intelligence (AAAI-04), pp. 1024-1025, July 25-29, 2004, San Jose, CA (Intelligent Systems
Demonstration)

331 - 358.
Pustevojsky, James. (1995)The Generative Lexicon. The MIT Press.
Pustevojsky, James. (2000) Syntagmatic Processes. in Handbook of Lexicology and Lexicography,
de Gruyter, 2000.

-based

270



-Based NLP
Techniques, American Association for Artificial Intelligence, pp. 109 - 113.

Schank, Roger. (1975) Conceptual Information Processing. Amsterdam: North-Holland.
Sinclair, John. (eds). (1987) Looking up. Glasglow: Collins.
Sowa, John F. (1984) Conceptual Structures: Information Processing in Mind and Machine.
Addison-Wesley.

Turney, P.D. (2006), Expressing implicit semantic relations without supervision, Proceedings of the
21st International Conference on Computational Linguistics and 44th Annual Meeting of the
Association for Computational Linguistics (Coling/ACL-06), Sydney, Australia, pp. 313-320.

Wilks, A. Yorick (1968) On-line Semantic Analysis of English Texts. Machine Translation, Vol. 11,
pp. 59-72.

( )(1998)

(2001)

( )(1984)

British National Corpus http://www.natcorp.ox.ac.uk/

DOLCE ontology http://www.loa-cnr.it/DOLCE.html

FrameNet

Hownet http://www.keenage.com/

Language::Prolog::Yaswi

http://search.cpan.org/~salva/Language-Prolog-Yaswi-0.14/Yaswi.pm
Lexical Freenet http://www.cinfn.com/doc/
Ontosaurus http://www.isi.edu/isd/ontosaurus.html
PopNet http://verbs.colorado.edu/~mpalmer/projects/ace.html

Sketch Engine http://www.sketchengine.co.uk/
Wordnet http://wordnet.princeton.edu/

VerbNet http://verbs.colorado.edu/~mpalmer/projects/verbnet.html
Wordnet::Similarity http://www.d.umn.edu/~tpederse/similarity.html
Wordnet ::QueryData http://people.csail.mit.edu/jrennie/WordNet/

Chinese Wordnet (CWN) http://cwn.ling.sinica.edu.tw/
http://140.111.34.46/dict/

271



խ֮ဲհᣉ৳ᑓڤઔߒ 

A Study on Prosodic Modeling for Isolated Mandarin Words 
 

ຫඔଅ  Chi-Feng Chen 
ഏٌمຏՕᖂሽॾՠ࿓ᖂߓ 

Department of Communication Engineering 
National Chiao Tung University 

linuxe.cm94g@nctu.edu.tw
 

 Chen-Yu Chiang  ڙۂ
ഏٌمຏՕᖂሽॾՠ࿓ᖂߓ 

Department of Communication Engineering 
National Chiao Tung University 

gene.cm91g@nctu.edu.tw
 

 Yih-Ru Wang  ڕၝ׆
ഏٌمຏՕᖂሽॾՠ࿓ᖂߓ 

Department of Communication Engineering 
National Chiao Tung University 

yrwang@cc.nctu.edu.tw

 

ຫॾݛ  Sin-Horng Chen 
ഏٌمຏՕᖂሽॾՠ࿓ᖂߓ 

Department of Communication Engineering 
National Chiao Tung University 

schen@mail.nctu.edu.tw,  
 

ኴ 
ऱഗ᙮૩ᇾ֗ଃᆏ९৫ऱᣉ৳ᑓۯءଃᆏഗאԱנ༽ଚኙխ֮ဲݺխΔ֮ءڇ

ীΖڇഗ᙮૩ᇾᑓীխΔݺଚەᐞԱᜢᓳΕଃᆏဲڇऱۯᆜ֗אছ৵ଃᆏຑଃऱԿጟᐙ

ైڂΔࠀຍࠄᐙڼైڂᗑمઌګิۖףଃᆏഗ᙮૩ᇾΖڇଃᆏ९৫ᑓীխΔ

ଚݺΔైڂছ৵ଃᆏຑଃऱጟᐙ֗אଃᆏءᆜΕഗۯऱဲڇᐞԱᜢᓳΕଃᆏەଚݺ

ԫଡܶشࠌଚݺΖࢤګףࠠمᗑڼైڂᐙࠄᑌຍٵ 107,936ଡဲऱԫՖ
ଃᆏ࠹۶ڕ։࣫ଃᆏ९৫ࠐᖫެشࠀଚݺயΔڶܡऄਢֱ༽ࢬေ۷ࠐृऱறࢤ

ଃైዌऱᐙΔՈެشᖫࠐ։࣫ଃᆏၴ pauseऱ९৫ࡉছ৵ଃᆏଃైዌऱᣂএΔ
ኔ᧭࣠᧩قಝᒭ৵ࠟڼᣉ৳ᑓীऱᐙైڂຟฤݺٽଚኙխ֮ᣉ৳ऱवᢝΖ 

 

Abstract 
In this paper, syllable-based prosody modelings of pitch contour and syllable duration for 
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isolated Mandarin words are proposed. In the syllable pitch contour model, three main 
affecting factors of tone, syllable position in word, and inter-syllable coarticulation are 
considered. These three affecting factors are assumed to be independent and additive. 
Similarly, in the syllable duration model, four affecting factors of tone, syllable position in 
word, base-syllable, and inter-syllable coarticulation are considered. We also assume that 
these affecting factors are independent and additive. A large single female-speaker speech 
database containing 107,936 words was used to evaluate the performance of the proposed 
methods. After well-training, the decision tree method was used to analyze the 411 affecting 
factors of base-syllable and to explore the relationship between inter-syllable pause duration 
and the nearby linguistic features. Experimental results showed that all these affecting factors 
conformed to our knowledge about Mandarin prosody. 

ᣂဲΚᣉ৳ᑓڤΔഗ᙮૩ᇾΔᐙైڂΔຑଃ 

Keywords: Prosody modeling, Pitch contour, Affecting factor, Coarticulation 
 

ԫΕፃᓵ 

֮᠏ଃߓอ౨ܓੌྥ۞נګٽऱଃΔᣂ࣍ڇᣉ৳ऱ᧢֏ਢܡ۞ྥႉዃΖᣉ৳

ऱ᧢֏ץਔଃᓳऱ܅ದٗΕଃၦऱൎஇΕ࿇ଃऱ९֗ೖቅऱழᖲΕ९৫Ζؾছᣉ

৳ऱֱګٽऄՕી։ঞऄ [1,2]Εᣊ壀ᆖጻሁ [3,4]ࡉอૠऄΖঞऄਢאߢᖂऱ
ֱऄΔូנԫࠄ࿇ଃऱঞΔشܓຍࠄঞࠐขګٽسଃऱᣉ৳Ζ܀ਢԳᣊᎅᇩऱ

ᑓᚵԳᆰऱಖᖋፖᖂࠐԫิᓤᠧऱጻሁشܓ༳༽Ζᣊ壀ᆖጻሁਢ࣐ᓤᠧΔլ୲֏᧢ڤֱ

פ౨ΔࠡᖂֱऄਢආشዬၞڤऱଥإᙑᎄፖޓᄅಖᖋऱֱڤΔᏁᆖط९ழၴऱᖂ

ಝᒭΔឈڶլᙑऱய࣠Δྤ܀ऄ։࣫ᐙᣉ৳ऱైڂΖא֮ءอૠऄऱֱڤΔױൕՕၦ

ऱଃᇷறխอૠנᣉ৳᧢֏Δەࢬشܓᐞᐙᣉ৳ऱ᜔ףైڂ৵Δ൳ࠫᣉ৳᧢֏Δࠀ

։࣫ٺଡᐙైڂኙᣉ৳ಛஒऱᐙ࿓৫Ζ 
Δ൶ಘଃᆏऱഗ᙮૩ᇾ֗९ߒऱઔڤխ֮ဲறഗ៕հᣉ৳ᑓא࣍ထૹ֮ء

৫ᑓڤΔەᐞ༓ଡऱᐙڂᑇΔݦඨ៶ڼԱᇞխ֮ဲऱଃᆏഗ᙮૩ᇾ֗९৫۶ڕ

᧢֏Δ܂אࠐآխ֮ଃߓګٽอขسᣉ৳ॾஒհشΔཚඨנګٽ۞ྥੌዃऱխ֮

ဲᜢଃΖءᓵ֮ڇ൷ՀࠐऱรԲຝٝᄎտฯݺଚנ༽ࢬऱᣉ৳ᑓীΔรԿຝٝտฯᑓী

ऱಝᒭֱऄΔኔ᧭࣠ڇรຝٝಘᓵΔ່৵࣍รնຝٝኙء࣍ઔߒղԫଡᓵΖ 
 

ԲΕᣉ৳ᑓڤ 

ᣉ৳ᑓאڤଃᆏۯΔڇղࡳऱߢᇷಛ৵Δࠌհቃྒྷଃᆏऱഗ᙮૩ᇾ֗९৫Δ

ᣉ৳ಛஒΔࠀ։࣫ଃᆏഗ᙮૩ᇾ֗९৫ٺڇଡైڂऱᐙ࿓৫Ζەᐞᐙైڂ

։ܑΚᜢᓳ(tone)Εଃᆏဲڇऱۯᆜ(word-position)Εഗءଃᆏ(base syllable)Εଃᆏၴ
ऱຑଃणኪ(inter-syllable coarticulation state)Ζ 

ΰԫαΕഗ᙮૩ᇾհᣉ৳ᑓীʳ

ڶࢬᐙףีشױైڂऱֱࠐڤ।قଃᆏऱഗ᙮૩ᇾΔڤڕ(1)Κ 

1 1, ,n n n n n n

r f b
n n t w c tp c tpsp sp p !!!!!!!!!!!!!!!!!!!(1) 

274



ࠡխ Ε Ε Ε ։ܑ pitchᑓীխร nଡଃᆏऱഗ᙮૩ᇾᑇٻၦΕഗ᙮૩
ᇾᑇٻၦྲྀ塒ଖ(residual)Εᜢᓳ֗ဲխۯᆜᐙైڂΙ طԫଃᆏഗ᙮૩ᇾ᠏

֏ଡٌإᑇ।قऱٻၦΔ᠏ངֱऄ[5] ߠΙ

nsp r
nsp

nt nw

nsp
{(2,1), (2, 2),..( , ),..(8,8)}nw j k ।ז

ଃᆏဲڇऱۯᆜΔࠡխ ।ז jဲڗխऱร kଡଃᆏΙ Ε ։ܑڇร n
ଡଃᆏፖร n+1ଡଃᆏၴऱຑଃणኪΕᜢᓳิٽ(tone pair)Δڇຍᇙଃᆏၴऱຑଃणኪ

।ଃᆏၴऱຑଃ࿓৫Δז Ε Ε ։ܑൎຑଃ(tight)Εൄإຑଃ
(normal)Εஇຑଃ(loose)Ι ร nଡଃᆏ࠹ร n+1ଡଃᆏऱ৵ٻᐙైڂ(backward 

affecting factor)Ι ร nଡଃᆏ࠹ร n-1ଡଃᆏऱছٻᐙైڂ(forward affecting 

factor)Ι

( , )j k nc +1=( , )n n ntp t t

{c1, c2, c3}nc c1 c2 c3

,n n

b
c tp

-1 -1,n n

f
c tp

pഗ᙮૩ᇾᑇऱᖞ᧯ؓ݁(global mean)Ζ 

ΰԲαΕଃᆏ९৫ᑓী 
ڶࢬᐙףีشױైڂऱֱࠐڤ।قଃᆏऱ९৫Δڤڕ(2)Κʳ

1 1n n n n n n n

d
, ,

r f b
n n t w sy c fi_in c fi_insd sd !!!!!!!!!!!!!!!!!!!!!!!!!!(2)!

ࠡխ Ε Εnsd
r
nsd nt

Ε
nw
Ε

nsy
։ܑ durationᑓীխร nଡଃᆏऱ९৫Ε९৫ྲྀ塒ଖΕ

ᜢᓳΕဲխۯᆜ֗ഗءଃᆏᐙైڂΙ Εnc _ nfi in ։ܑڇร n ଡଃᆏፖร n+1 ଡଃ
ᆏၴऱຑଃणኪ֗รnଡଃᆏᣉئᣊܑፖรn+1ଡଃᆏᜢئᣊܑհิٽ(final-initial class 
pair)Ι ร n ଡଃᆏ९৫࠹ร n+1 ଡଃᆏऱ৵ٻᐙైڂ(backward affecting 

factor)Ι ร n ଡଃᆏ९৫࠹ร n-1 ଡଃᆏऱছٻᐙైڂ(forward affecting 

factor)Ι

,n n

b
c fi_in

1 1,n n

f
c fi_in
dଃᆏ९৫ऱᖞ᧯ؓ݁(global mean)Ζଃᆏᣉ৳ፖᐙైڂऱᣂএقრቹא

pitchᑓীࠏΔڕቹԫΚ  

1t 1nt nt 1nt Nt

1w 1nw nw 1nw Nw

2 2,n n
f
c tp 1 1,n n

f
c tp ,n n

f
c tp 1 1,n n

f
c tp

1sp 1nsp nsp 1nsp Nsp

2 2,n n
b
c tp

1 1,n n
b
c tp ,n n

b
c tp 1 1,n n

b
c tp

 
ቹԫΕଃᆏഗ᙮૩ᇾᑇٻၦፖᐙైڂᣂএቹ 

 

ଚ։ܑݺ ֗ ܧ ֗ ऱཎ։܉ (Gaussian 
distribution)Δڼڂ ፖ  Κ(4)֗(3)ڤڕڤᑇᖂګق।ױ

r
nsp r

nsd ( ; ,r p
nN sp 0 R ) )

)

( ;0,r d
nN sd R

nsp nsd

1 11 1 , ,( | , , , , , ) ( ; ,
n n n n n n

f b p
n n n n n n n n t w c tp c tpP t w c c tp tp Nsp sp R p

)

!!!!!!!!(3) 

1 11 1 , ,( | , , , , , , ) ( ; ,
n n n n n n n

f b d
n n n n n n n n n t w sy c fi_in c fi_inP sd t w sy c c fi_in fi_in N sd Rd !!!!!!(4) 
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ԿΕᑓীऱಝᒭ 

Ա࠷ޣᣉ৳ᑓڤऱٺଡᑇΔݺଚආش sequential optimizationऱֱऄ່֗אՕઌۿ৫
ऄঞ(Maximum likelihood criterion)ऱයٙࠐಝᒭᑓীΔݺଚଈࡳ٣ᆠઌۿ৫ࠤᑇ
(likelihood function)ڕՀڤΚ 

1 1, ,
1
log ( ; , )

n n n n n n

N
P f b

n t w c tp c tp
n

L N sp Rp p

b d dR

                        (5) 

1 1, ,
1
log ( ; , )

n n n n n n n

N
d f

n t w sy c fi_in c fi_in
n

L N sd !!!!!!!!!!!!!!!!!(6) 

pitch֗א durationᑓীᗑمಝᒭٺ۞ऱᑇΔಝᒭֱऄᣊۿΔಝᒭऱመ࿓ױ։ࠟՕ
ຝ։Δรԫຝ։ᑇऱॣࡨ֏ΔรԲຝٝאᦤזऄऱ sequential optimizationΖאՀ
ಝᒭא pitchᑓীࠏΚ 

ΰԫαΕᑇऱॣࡨ֏(Initialization) 

(a) ऴ൷ؓ݁ڶࢬଃᆏऱ Δנޣᖞ᧯ pitchؓ݁(global pitch mean)nsp p  

(b) אՀ࠷ޣڤᜢᓳᐙైڂऱॣࡨଖΚ 

( - ) ( )
=   ,for 1,2..5

( )

p
n n

n
t

n
n

t t
t

t t

sp
                       (7) 

(c) אՀۯဲ࠷ޣڤᆜᐙైڂऱॣࡨଖΚ 

( - - ) ( )
=   ,for (2,1), (2, 2)..(8,8)

( )

n

p
n t n

n
w

n
n

w w
w

w w

sp
          (8) 

(d) אՀ٨ऱයٙΔᑑಖଃᆏၴऱຑଃणኪ  nc
I. ૉࠟଃᆏၴഗ᙮૩ᇾઌຑ൷Δ।ࠟقຑଃյઌᐙ࿓৫ൎΔຑଃणኪᑑಖ

ൎຑଃ c1Ζ 
II. ࠟଃᆏၴऱഗ᙮૩ᇾլઌຑ൷Δ܀ଃᆏၴऱၴሶၴփ່܅౨ၦለՕ(Օ

 ຑଃc2Ζൄإԫଡᜯଖ)Δຑଃणኪᑑಖ࣍
III. լየאߩՂයٙृΔঞຑଃणኪᑑಖஇຑଃ c3Ζ 

(e) ࠷ޣছ৵ଃᆏᐙైڂऱॣࡨଖΔڕՀڤΚ 

1 1 1
1 1

,

1 1 1
1 1

N N

n n n n n n
f n n
c tp N N

n n n n
n n

c c tp tp c c t j

c c tp tp c c t j

sp sp
           (9) 

1 1
,

1 1

N N

n n n n n n
b n n
c tp N N

n n n n
n n

c c tp tp c c t i

c c tp tp c c t i

sp sp
              (10) 
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For c = 1~3 and tp=( i,j ) 

ΰԲαΕאᦤזऄऱ ̆˸̄̈˸́̇˼˴˿ʳ̂̃̇˼̀˼̍˴̇˼̂́ʳ  

)ലᜢᓳݧࠉ৵֏ࡨॣైڂଡᐙٺ )Εword-position( )Ε࠹ছ৵ଃᆏᐙైڂ
(

t t

, , ,
f b
c tp c tp )֗ covariance matrix( )ऱᑇଖޓᄅΔྥ৵ޓشࠌᄅ৵ऱᑇଖΔጩנᖞଡ

ಝᒭறऱؾᑑࠤᑇଖΔԫऴૹޓᄅᑇଖ֗ؾᑑࠤᑇଖΔऴࠩܶᑇଖگᚹΔڕቹԲ

հੌ࿓ቹΚ 

pR

t w ,
f
c tp ,

b
c tp

pR

 
ቹԲΕಝᒭੌ࿓ቹ 

 
ۖ duration modelٺଡᑇޓᄅֱऄፖ pitch modelᣊۿΔۖᑇޓᄅऱႉݧᜢᓳ

( t )Εword-position( w )Εഗءଃᆏ( sy )Ε࠹ছ৵ଃᆏᐙైڂ( )֗

covariance matrix(
, ,, f b
c fi_in c fi_in

dR )Ζ 
 

Εኔ᧭࣠ፖ։࣫ 

ኔ᧭றհဲ࣍۞ࠐόNCTU֮։࣫ᕴύऱဲࠢᙇᖗۖࠐΔאᜢᓳؓᘝऱ
ᙇᖗයٙΔ᜔ڶ٥ 107936ଡဲΔ277218ଡڗΔࠡխဲ९່ԲဲڗΕ່९ԶဲڗΔ
ဲ९อૠڕ।ԫΔᜢᓳอૠڕ।ԲΔறਢطറᄐऱՖࢤᐖᐾԳܓੌאऱֱڤആנ

ᙕ፹ΔᙕଃࢬԫڜᙩၴࢪΖ 

।ԫΕဲ९ᑇၦհอૠ 
ဲ९ Բဲڗ Կဲڗ ဲڗ նဲڗ քဲڗ Ԯဲڗ Զဲڗ 
ᑇၦ 64872 26026 16062 797 124 49 6 

।ԲΕᜢᓳᑇၦհอૠ 
ᜢᓳ ԫᜢ Բᜢ Կᜢ ᜢ նᜢ 
ᑇၦ 62349 69278 48904 94786 1901 

൷Հݺࠐଚݧࠉ։࣫ഗ᙮૩ᇾΕଃᆏ९৫ᣉ৳ᑓী֗אቃྒྷ pause९৫Ζ 

ΰԫαΕഗ᙮૩ᇾᣉ৳ᑓী 

1Εᜢᓳᐙైڂ(Tone affecting factor)  t

ᜢᓳᐙైڂऱഗ᙮૩ᇾڕቹԿقࢬΔᨠኘवΔطᑓীࢬಝᒭࠐנऱᜢᓳᐙైڂฤ

 ᎁवऱᜢᓳഗ᙮૩ᇾΖࢬଚݺٽ

277



-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

Lo
g-
F0

(H
z)

tone 1 tone 2 tone 3 tone 4 tone 5  
ቹԿΕᜢᓳᐙైڂഗ᙮૩ᇾ 

2Εଃᆏဲڇऱۯᆜᐙైڂ(Word position affecting factor)  w

Word position affecting factorऱഗ᙮૩ᇾᐙڕՀቹقࢬΔ։ܑڶԲ۟ဲڗնۯဲڗᆜ
ᐙైڂ(ቹ~Ԯ)Δٵழലဲଈፖဲأऱഗ᙮૩ᇾᖞֺٽለ(ቹԶΕ)ΔױᨠኘΔଃ
ᆏဲڇऱۯᆜყ൷२ဲଈΔഗ᙮ყΔყ൷२ဲأყ܅ΔဲଈڶՂٛႨ(ቹԶ)Δڇ
ଚՈ࿇ࠩဲ९။९Δঞഗ᙮૩ᇾ᧢֏ऱ೯ኪᒤݺழٵპ༏ऱՂཆ(ቹ)Δڶ݁ݠဲ
ყՕΔڕԲဲڗऱ೯ኪᒤڇ 0.06 ~ -0.08Δۖնဲڗऱ೯ኪᒤڇ 0.15 ~ -0.17հၴΖ 

-0.1

-0.08

-0.06

-0.04

-0.02

0

0.02

0.04

0.06

0.08

Lo
g-
F0

(H
Z)

(2,1) (2,2)

ቹΕԲဲڗᐙైڂഗ᙮૩ᇾʳ

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

Lo
g-
F0

(H
Z)

(3,1) (3,2) (3,3)

ቹնΕԿဲڗᐙైڂഗ᙮૩ᇾ 

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

L
og

- F
0(

H
Z
)

(4,1) (4,2) (4,3) (4,4)

ቹքΕဲڗᐙైڂഗ᙮૩ᇾ 

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

L
og

- F
0(

H
Z
)

(5,1) (5,2) (5,3) (5,4) (5,5)

ቹԮΕնဲڗᐙైڂഗ᙮૩ᇾʳ
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0.05

0.1

0.15

0.2

0.25
Lo

g-
F0

(H
Z)

(2,1) (3,1) (4,1) (5,1) (6,1)

ቹԶΕᖞဲٽଈഗ᙮૩ᇾʳ

-0.25

-0.2

-0.15

-0.1

-0.05

0

L
og

- F
0(

H
Z
)

(2,2) (3,3) (4,4) (5,5) (6,6)

ቹΕᖞأဲٽഗ᙮૩ᇾʳ

  

3Ε࠹ছ৵ଃᆏᐙైڂ(forward and backward affecting factor) 

ቹԼնଡᜢᓳ࠹ছଃᆏխٺଡᜢᓳٺڇଡຑଃणኪᐙऱഗ᙮૩ᇾΖױᨠኘ c1ࣔ
᧩ֺ ֗ c3࠹࣐ᐙΖא c1ᨠኘኙွΔؾছଃᆏऱഗ᙮૩ᇾছጤ৫Δ࠹ছԫଡଃ
ᆏഗ᙮૩ᇾ৵ጤ৫ᐙΔૉছଃᆏഗ᙮૩ᇾ৵ጤֺ࠹ᐙऱছጤᜢᓳഗ᙮૩ᇾᝫΔ

ঞ࠹ᐙऱছጤഗ᙮૩ᇾᄎՂޏ᧢Δ֘հՀޏ᧢ΖቹԼԫ࠹৵ଃᆏऱᐙΔࠡᐙ

ᣊ࠹࣍ۿছଃᆏऱᐙڂ Δైױᨠኘ࠹৵ଃᆏለ࠹ছଃᆏऱഗ᙮૩ᇾᐙઌኙ

ለ՛Ζ 

c2

-0.5

0

0.5
j = 1

-0.5
0

0.5
2

-0.5
0

0.5
3

-0.5
0

0.5
4

-0.5
0

0.5

i = 1

5

2 3 4 5

Log-F0(Hz)

!

ቹԼΕForward affecting factor ,
f
c tpΔ {c1,c2,c3}c Δ Δࠡխរᒵ(�…)c1Εរ

ဠᒵ(--Θ) Εဠᒵ(--)  
=( , )tp i j

c2 c3
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-0.5

0

0.5
j = 1

-0.5
0

0.5
2

-0.5
0

0.5
3

-0.5
0

0.5
4

-0.5
0

0.5

i = 1

5

2 3 4 5

Log-F0(Hz)

!

ቹԼԫΕBackward affecting factor Δ,
b
c tp {c1,c2,c3}c Δ Δࠡխរᒵ(�…) Ε

រဠᒵ(--Θ)c2Εဠᒵ(--)c3 
=( , )tp j i c1

 
4ΕԲဲڗഗ᙮૩ᇾቃྒྷ 
ቹԼԲٺጟԲဲڗᜢᓳิٽ(tone pair)ऱቃྒྷ࣠ΔԲဲڗଃᆏഗ᙮૩ᇾઌຑ
ઌյᐙΔױᨠኘ ᐙΔۖ࠹࣐᧩ࣔ ছ৵ଃᆏᐙՀΔࠟଃᆏഗ᙮૩ᇾ࠹ڇ

ઌຑᥛؓᄶΖۖԿᜢ൷Կᜢ᧢Բᜢ൷ԿᜢऱߢࢤՈطױՀቹᢞኔΖ 
c1 c1

4.8
5

5.2
5.4
5.6

j = 1

4.8
5

5.2
5.4
5.6

2

4.8
5

5.2
5.4
5.6

3

4.8
5

5.25.4
5.6

4

4.8
5

5.25.4
5.6

i = 1

5

2 3 4 5

Log-F0(Hz)

!

ቹԼԲΕԲဲڗഗ᙮૩ᇾ᧢֏ቹΔࠡխរᒵ(Ξ) Εរဠᒵ(--Θ) Εဠᒵ(--) Δ

ࠡ jรԫଃᆏΔiรԲଡଃᆏ 
c1 c2 c3

 

5Εቃ۷հഗ᙮૩ᇾᒤࠏ 

ಝᒭᑓী৵Δpitchᑓীቃྒྷଃᆏഗ᙮૩ᇾ࣠ڕՀቹقࢬΔࠡխ႕ۥᒵ(ኔᒵ)ࡨଃ
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ᆏऱഗ᙮૩ᇾΔદۥᒵ(រᒵ) pitch ᑓীࢬቃྒྷऱഗ᙮૩ᇾΔױᨠኘΔլႛଡܑଃ
ᆏऱഗ᙮૩ᇾߨႨઌۿΔൎຑଃଃᆏഗ᙮૩ᇾՈቃྒྷऱլΖ 

!

ቹԼԿΕPitchᑓীቃྒྷഗ᙮૩ᇾ 
 

6ΕCovariance matrix ֺለ 

Covariance matrices ಝᒭছ(covariance matrices of the original syllable F0)ፖಝᒭ৵ڇ
(covariance matrices of the normalized syllable F0)։ܑ  ֗ Ζױᨠኘಝᒭ

ᑓী৵ covarianceࣔ᧩ڶრᆠՀ૾Ζ 

P
originalR pR

-5

-5

0.040124 0.0053695 -0.0020751 -0.00075677
0.0053695 0.018669 0.0020441 -0.0016243
-0.0020751 0.0020441 0.0037581 8.3657 10
-0.00075677 -0.0016243 8.3657 10 0.0011703

P
originalR  

-5

-5

0.011843 0.0021328 9.2796 10 -0.00035788
0.0021328 0.0052484 0.0011326 -0.00030867
9.2796 10 0.0011326 0.0022113 0.00033545
-0.00035788 -0.00030867 0.00033545 0.00090293

pR  

 

ΰԲαΕDurationᑓী 

1Εᜢᓳᐙైڂ(Tone affecting factor) 

ᜢᓳኙଃᆏ९৫ᐙ࿓৫ڕ।ԿΔᨠኘնᜢଃᆏ່ΔԲᜢଃᆏ່९Ζ 

।ԿΕᜢᓳኙଃᆏ९৫ᐙ 
ᜢᓳ ԫᜢ Բᜢ Կᜢ ᜢ նᜢ 
९৫ 6.9ms 35.0ms -22.5ms -17.2ms -82.2ms 

 

2Εဲऱۯᆜᐙైڂ(Word-position affecting factor) 
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ଃᆏဲڇऱۯᆜኙ९৫ᐙ࿓৫ڕቹԼΔױᨠኘဲڇऱۯأڗᆜଃᆏ९৫ለ९Δᨠኘ

նဲڗΕքױဲڗवဲყ९ყ୲࣐ขسለऱଃᆏΖ 

1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6
-100

-80

-60

-40

-20

0

20

40

60

80

100

syllable position in word

du
ra

tio
n

(ms)

2 character word
3 character word
4 character word
5 character word
6 character word

!
ቹԼΕဲऱۯᆜᐙైڂ 

 

3Εଃᆏᐙైڂ(syllable affecting factor) 

נᨠኘױᖫެطቹԼնΖڕኙଃᆏ९৫ᐙ࿓৫Δైڂᖫᨠኘଃᆏᐙެشࠌଚݺ

ᜢئ़ᜢئ(Q1)Ε{bΕdΕg}(Q2)ࢨᣉئᣊܑئଃ(Q8)ຍᣊଃᆏ९৫ለΔۖᏗ
ଃޔ(Q10)Ε{f,s,sh,x,h}(Q3)֗{c,ch,q}(Q5)ຍᣊᐰᚴଃऱଃᆏ९৫ᄎለ९Ζ 

 

ቹԼնΕެאᖫ։࣫ଃᆏᐙైڂ։ᣊ࣠ 
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4Εଃᆏ९৫ቃ۷հᒤࠏ 

Durationᑓীቃྒྷଃᆏ९৫ፖኔᎾ९৫ֺለΔڕቹԼքΕԼԮ։ܑԲ֗ဲڗԿΕڗ
ဲऱֺለቹΖࠡխ observedଃᆏኔᎾ९৫Δreconstructedଃᆏቃྒྷ९৫Δࠡޢᒵ
ԫဲΔՕીڶլᙑऱቃྒྷ࣠Ζ 
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ቹԼքΕԲဲڗଃᆏኔᎾ९৫ፖᑓীቃྒྷ९৫հֺለቹ 
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ቹԼԮΕԿဲڗ֗ဲڗଃᆏኔᎾ९৫ፖᑓীቃྒྷ९৫հֺለቹ 

5ΕVarianceֺለ 

ಝᒭᑓী৵Δאಝᒭছ variance 9304.5ፖಝᒭ৵ variance 2494.7Ζױᨠኘشࠌᑓ
ী৵᧢ฆၦࣔ᧩ڶრᆠՀ૾Ζ 
 

ΰԿαΕެאᖫቃྒྷ pause९৫ 

ᖫቃྒྷଃᆏၴऱຑଃणኪ֗ެشܓՀ૿՛ᆏխΔڇ pause९৫Δࠡᚨ࣍ش question set
խऱᜢئᣊܑࡉᣉئᣊܑ։ܑࠟଃᆏऱၴሶၴઌᔣऱᜢئᣊܑ֗ᣉئᣊܑΖ 
 

1Εቃྒྷଃᆏၴհຑଃणኪ 

طᑑΔؾຑଃणኪެᖫ։ᣊऱא c1ଖ 1Δc2ଖ 2Δc3ଖ 3Ζط։ᣊ
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࣠ᨠኘᜢئ NULL (Q1)֗{m,n,l,r}(Q4)։ܑ mean=1.1173֗ mean = 1.047Δრ
ਐ։܉ለႃխ࣍ c1Ιۖᜢئ{f,s,sh,x,h}(Q3)Δڼᣊ mean=2.1341Δਢਐ։܉ለႃխ࣍
Δࠡהᣊܑ c3ΖڕቹԼԶقࢬΖ c2

 
ቹԼԶΕެאᖫ։࣫றຑଃणኪऱ։ᣊ࣠ 

2Εቃྒྷଃᆏၴհ pause९৫ 

றխط pauseऱ९৫ီؾᑑଖΔࠡۯශઞ(ms)Ζ طቹԼᨠኘ Pause९৫
։ᣊࣔ᧩ፖ pauseઌᔣऱᜢئᣊܑڶᣂΖല Pause९৫ፖᜢئᣊܑᣂএᖞڕՀΚ 
ᡨధଃ_լಬ > ᡨధଃ_ಬ > Ⴞᚴଃ_լಬ > Ⴞᚴଃ_ಬ >ᐰᚴଃ_堚ଃ 
>m,n,l,r़֗ᜢئΖ 

ቃྒྷ pause९৫ױऴ൷شܓઌᔣऱᜢئᣊܑܒឰΔطቹԼױᨠኘ pause९
৫։ᣊऱ meanቃྒྷऱ pause९৫Δᖞ࣍।Δࠡխᜢئᣊܑ NULL֗{m,n,l,r}
ऱ mean 0.31028Δױ pause९৫ 0msΔየطߩቹԼԶቃྒྷڼጟᣊܑຑଃणኪ
່ࣔ᧩ऱ c1Ζ 

 
।Εpause९৫ᙇ࠷। 

ᣊܑ ᜢئ Pause९৫ 
1 ԃΕԇΕԈΕԒΕ़ᜢئ (Ꮧଃ_ᖼଃ) 0ms 
2 ԋΕԎΕԑΕԄΕԕ (ᐰᚴଃ_堚ଃ) 7ms 
3 ԁΕԅΕԉ (ᡨధଃ_լಬ) 46ms 
4 ԌΕԏΕԓ (Ⴞᚴଃ_լಬ) 28ms 
5 ԂΕԆΕԊ (ᡨధଃ_ಬ) 37ms 
6 ԍΕԐΕԔ (Ⴞᚴଃ_ಬ) 24ms 
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ቹԼΕެאᖫ։࣫ற pause९৫ऱ։ᣊ࣠ 
 

٦ቃྒྷ pause९৫ፖ pauseဲڇऱۯᆜڶઌᣂࢤΔشܓ pauseဲڇऱۯᆜެא
ᖫ։࣫ᖞ࣍।ն֗।քΚ 

 
।նΕԲဲڗรԫଡ pauseۯᆜऱ pause९৫ᙇ࠷। 

ᣊܑ 1 2 3 4 5 6 
(2,1) 0ms 8ms 56ms 34ms 44ms 29ms 

 
।քΕԿဲڗ۟ဲڗ pauseۯဲڇᆜऱ pause९৫ᙇ࠷।ࠡխ(ဲ९ , ဲխร༓

ଡ pause)Ζ 
 

ᣊܑהࠡ 3 2 1

(3,1) 0ms 5ms 36ms 23ms 
(3,2) 0ms 7ms 45ms 28ms 
(4,1) 0ms 6ms 33ms 20ms 
(4,2) 0ms 7ms 41ms 26ms 
(4,3) 0ms 8ms 47ms 28ms 

ᣊܑ 
 ᆜۯ

ᐙᨠኘױ।քط pause९৫ᜢئᣊܑڶ 1Ε2Ε3ᣊΔဲڇխለ৵૿ऱ
pauseڶለ९ऱೖቅழၴΖ 

 

նΕᓵ 

ኙᣉ৳ಛஒऱ։ైڂጟᐙٺጟᣉ৳ಛஒΔ֗ಘᓵٺቃྒྷࠐΔףઌైڂጟᐙٺشࠌ

࣫Δطኔ᧭࣠ᢞኔٺጟᐙైڂઌױঁףቃྒྷٺጟᣉ৳ಛஒΔࠡٺጟᐙైڂ։࣫Ո
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ฤٽߢࢤΖઌॾࠐآᚨ࣍شଃګٽΔࣔױ᧩۞ྥੌዃڍΖ່৵Δנ༽ࢬ֮ءऱ

ֱऄΔլڂߢլޏࢬڶۖٵ᧢Δױࠐآאࢬཛٻ৬مԫᖞٽഏΕΕড়ऱᣉ৳ข
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२༓ࠐڣΔੌٌࡾࠟ࣍ط᙮ΔࠟشࠌࡾऱဲნΔՈڼڂյઌᐙૹΔߢᖂኙ࣍

ዧဲნऱઔߒΔլᓵڇଃΕᆠࢨشՂऱ൶ಘΔ࿇ࠟࡾኙشࠌઌٵዧழऱဲ

ნฆڶထპࢤݎऱܑΖۖࠟࡾথԾऱᒔਢشࠌዧߓ᧯ڗऱᐊߓอΔݮڗڶՂڶ

ნဲشࠌࡾኙֺࠟࠐอऱঞՂΔߓڗ֮ٵ٥شࠌࡾࠟאڇ֮ءኙᚨΖࢤ৳ቃྒྷऱױ

ऱࢤፖွΔא൶ߒፖᆠኙᚨፖዝ᧢ઌᣂऱᤜᠲΖʳ

ଈ٣Δڇ Hong and Huang (2006) [1]ऱኙᚨՂΔ៶א֮WordNetֺኙᑑᄷΔ៶ֺط
ለࠇקՕᖂऱխ֮ᄗ࢚ࠢʻChinese Concept Dictionary (CCD)ʼፖխ؇ઔߒೃࢬߢऱ
խ֮ဲጻʻChinese Wordnet (CWN)ʼࠟଡ˪̂̅˷ˡ˸̇ խ֮ठشࠌࢬऱဲნΔ൶ಘࠟࡾኙ࣍ઌ
ڇऱဲნΔشࠌࢬࠢፖխ֮ဲጻ࢚խ֮ᄗشࠌޡԫၞ֮ءणउΖشࠌნऱဲ࢚ᄗٵ

Gigaword Corpusխ᧯றፖ១᧯றऱઌኙشࠌΔ൶ࡾࠟߒኙشࠌ࣍ઌဲٵნΔ
Ζʳݮൣ܉ნऱွፖ։ဲٵլشࠌࢨ

 
ᣂဲΚ 
CCD; CWN; WordNet; Gigaword Corpus; ࠟဲࡾნ; ဲᆠ; ᄗ࢚ 
 

ԫΕʳ ፃᓵ 

ऄᄮྤڍנܧ༉բᆖڰጟٌੌխΔٺऱاԳࡾছࠟؾڇნऱฆംᠲΔဲشࠌࡾࠟ

ຏΕᇞܺᣄΔࢨਢ്গޕᚮΔ।ሒլࡵٽऱᙑᎄ࿖ቼΖ൶ಘࠟဲشࠌࡾნऱฆࢤழΔ

լႛᨃՕၦဲشࠌნऱಖृଚΔტ֭ࠟࠩ࠹ऱฆ (ڕΚဎᆖᒮጻʳ [2]Εতࠇ֮ߢ
!ʳ׆ΚڕऱૹᓰᠲʻߒዧဲნᖂፖဲნᆠᖂՂઔګጻ![3]Εლ॰ֲ![4])Δٍڗ
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[5]ǵʳ ˮˉ˰Ε)Ζʳ
ࢬრࠩຍଡംᠲழΔႛ౨༉ࣹृ܂ՠڗ֮ࢨᖂᖂृߢΔլᓵߒຍଡᤜᠲऱઔ࣍ኙא

ᨠኘࠩဲࡳნऱݝຝኙᚨΔנ༽ࠐ։࣫ፖᇞᤩۖߓ٤૿อࢤऱઔߒΖ֮ءऱઔߒ

ֱऄΔรԫਢᥛ Hong and Huang [1]ǵੋ  [7]ऱઔֱߒऄΔא٣˪̂̅˷ˡ˸̇ ဲᆠᄗ
णउΙรشࠌऱဲნٵΕᆠઌٵઌ࢚ࠢፖխ֮ဲጻᇙΔᄗ࢚ᄷΔֺኙխ֮ᄗܒऱ࢚

ԲΕਢڶאՕၦࠟࡾኙֺறऱ Gigaword Corpus܂ኔᢞઔߒऱഗ៕Δ᧭ᢞխ֮ᄗ࢚
ࠢፖխ֮ဲጻኙ࣍ઌٵᄗ࢚ᆠऱဲნΔشࠌՂΔᒔኔࠡڶฆࢤऱڇژΖຍਢԫଡ

ΖʳߒઔٽऱᖞࢤΕᄗਔࢤΕ٤૿ࢤᖞݙڶࠠ

Ծ ˠ˼˿˿˸̅ ᎁהଚٵشࠌאױᆠဲႃࠐ।ဲნᄗࡉ࢚༴૪ဲნऱᆠփ୲Δהאࢬଚ

৬مԱWordNetΔ२ࠐڣΔՈڶլ֟ઔߒቸၷڇאWordNetנ࿇រऱլٵߢ
Ζ 
ଖԫ༼ऱਢΔٵ᥆࣍ዧဲნߓอऱ᧯խ֮ߓอፖ១᧯խ֮ߓอΔڇխ؇ઔߒೃ

ΔڼڂΔߒᤜᠲΔԱլ֟ઌᣂऱઔڼቸၷᇙΔՈಾኙߒऱઔࢬߢՕᖂૠጩࠇקፖࢬߢ

 णउΖشࠌ᧯խ֮ፖ១᧯խ֮ऱڇऱዧဲნᆠΔ࢚ᄗٵუ൶ಘऱਢΔઌ֮ء
אଚݺอऱኙᚨΔߓอፖ១᧯խ֮ߓ᧯խ֮࣍Δኙ؆ WordNet ᅝ܂ઔߒறऱഗ
៕ΔਢԱאױ৬مԫฤဲٽნवᢝঞࠀ౨ሎ࣍شխኙऱߓอΔڼڕԫࠐΔܛ

ΖʳࢤՂऱฆشࠌߢڇอΔߓଡխ֮ࠟנኙֺױ

 

ԲΕʳ ઔߒ೯ᖲፖؾऱ 

լ֟वᢝፖॾஒٌੌऱᎽڶอΔᒔߓጟऱዧٵ֮ٵ࣍᥆ء᙮հ৵Δֲੌٌࡾࠟ۞

ᡶΔທګຍᑌऱڂΔ๕መဲࡾࠟ࣍ნشࠌऱฆΖઌٵऱဲݮΔথז।լٵऱဲᆠΙ

၄ጐ֨৸Δृ܂ՠڗ֮ڍऱ।ሒဲნΖຍጟംᠲΔբᆖᨃٵጟլࠟڶऱᆠΔথٵઌࢨ

ᇢቹࠐᇞެຍᑌऱ࿖ቼΙۖߢᖂृኙ࣍ຍጟွΔՈᇢቹൕଃΕᆠΕشֱ૿

ထ֫Δݦඨൕٺጟፖߢઌᣂऱߡ৫Δࠐ൶ဲࡾࠟߒნऱฆΖʳ

ΔਢࠏՀ૪ࠟڕऱᆠΔٵ।ઌזࠐݮऱဲٵլאᙇᖗࡾᤜᠲՂΔ٠ਢᨠኘࠩࠟߒઔڇ

լജऱΖဲڇნᆠᖂઔߒՂΔݺଚؘႊၞԫޡಳߒΔຍࠄኙֺऱ೯ᖲΔߢऱဲნፖ

ဲᆠዝ᧢ऱ೯ԺਢܡઌᣂΔኙֺߓྤڶอࢤऱᇞᤩΖChinese GigaWord CorpusܶץԱ
։ܑࡾࠟ۞ࠐऱՕၦறΔץਔ 7Ꮩ塒ڗխ؇षᇷறΔ֗२ 4ᏙڗᄅဎषᇷறΔאױ
Gigaword Corpusऱ אΖ܉ნऱኔᎾणउፖ։ဲٵլشࠌ࢚ۖԫᄗٵ࣍Օຬኙࡉנ
றܧ/ ՕຬشࠌऱणउΔڕՀΚʳ
ʻ˄ʼʳ ऱψᅉʳ (155/ 65)ωΕՕຬऱψॺࠢʳ (354/ 33504)ωʳ

ΰψ˦˴̅̆ʳ ʻ˦˘˩˘˥˘ʳ ˔˖˨˧˘ʳ ˥˘˦ˣ˜˥˔˧ˢ˥ˬʳ ˦ˬˡ˗˥ˢˠ˘ʼωψᣤૹ৺ܮࡅࢤሐ

ጵٽωऱαʳ

ʻ˅ʼʳ ऱψૠ࿓߫ʳ ʻ22670/ 68ʼωΕՕຬऱψנ߫ʳ ʻ422/ 5935ʼωʳ
ʳ

ڇمΔؘۖႊ৬ࠏᔾ֟ᑇᨠኘࠩऱ೯ᖲፖᇞᤩᓵਮዌംᠲΔᅝྥլ౨ߒಳڕ

ᑇၦለՕऱறՂΔঁא٤૿Եऱ։࣫ΖאՂࠟଡኙֺࠏΔࠡૹڇՕຬፖ
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ऱறխΔຟڶઌᅝڍऱ᧢נࠏΖʳ

 

ԿΕʳ WordNetࡉխ֮ဲጻ(CWN) 

WordNetਢԫଡሽဲნऱᇷறΔਢૹறࠐᄭऱࠡխԫଡறᇷறΔWordNet
ऱૠᨋტᄭ۞࣍२֨זߢᖂࡉԳᣊဲნಖᖋऱૠጩᓵΔ༼ࠎઔڇृߒૠጩߢ

ᖂΔ֮ء։࣫ࡉڍڍઌᣂऱઔߒ(Miller et al. [8]ΕFellaum [9])ΖڇWordNetխΔټ
ဲΕ೯ဲΕݮ୲ဲΕ೫ဲΔຍଡլٵऱဲᣊΔ։ܑૠΕิٵګٽᆠဲႃ(synsets)ऱ
ڤΔܧ່נഗءऱဲნᄗ࢚ΔڇຍᅝխΔאլٵऱᆠᣂএຑٺጟլٵऱٵᆠဲ

ႃΔۭګԱWordNetऱᖞଡਮዌΔՈܧԱWordNetᖞଡ٤ᎎΖ 
۞ൕMiller et al.ࡉ Fellaum ࿇୶WordNetࠐאΔWordNet༉ᥛլឰޓچᄅठءΔؾছ
່ᄅऱठءਢWordNet 3.0ठΔຍࠄठၴءऱฆΔץਔԱٵᆠဲႃऱၦהࡉଚऱဲნ
ᆠΖྥࡳ ۖΔኙ࣍ஞWordNetࠐઔߒறऱᖂृΔڍᑇᝫਢאWordNet 1.6ठ່ڍΔ
ല२ڶWordNet 1.6ठᇙΔڇऱΖشࠌᖂᖂृߢૠጩڍছ່ؾਢءຍଡठڂ 100,000
ऱٵᆠဲႃΖ 
ՂԫऱڇᑌऱΔٵጟᏆဲნऱ࿇୶ΔٺଚݺףᏺאױଚवሐΔᠨᏆ։ᣊΔݺ

փ୲ΔݺଚՈ༼ࠩᣂא࣍WordNetഗ៕Δ࿇୶נ᧯խ֮ߓอʻChinese Wordnet, CWNʼ
ፖ១᧯խ֮ߓอऱኙΔݺଚشࠌᠨဲጻΔ܂ဲნवᢝᇷறࠐኔΕ֭ݺଚڇ

ဲნᄗ࢚ՂऱઔߒΖʳ

ኙխ֮ٽଚຟᄎղԿଡ່ᔞݺᆠဲႃΔٵԫଡ֮ऱޢխᠨဲጻխΔڇ

ΔۖຍࠄΔ࣠ڕլ᥆࣍టإऱٵᆠဲΔݺଚՈᄎᑑုהଚऱᆠᣂএ(Huang et al. 
[10])ΔԾຍࠄᠨဲጻΔՈڇխઔೃဲࢬߢጻ՛ิቸၷऱ࿇୶Δലޢԫଡٵᆠဲႃຟ
ፖ SUMO ᄗ࢚ᆏរຑΔၞۖၲ࿇נ Academia Sinica Bilingual Ontological Wordnet 
(Sinica BOW, Huang and Chang, [11])Ζᅝݺଚྤऄऴ൷࠷խઌኙᚨऱဲნΔݺଚڇ
ᠨဲጻऱᇷறᇙΔشܓאױຍࠄᆠᣂএΔၞۖ࿇୶ࠀቃྒྷᏆ։ᣊΖ 
 

Εʳ WordNetࡉխ֮ᄗ࢚ࠢ(CCD) 

CCDΔխ֮ᄗ࢚ࠢ(Chinese Concept Dictionary)ΔਢԫଡխᠨऱဲጻΔᖞଡਮዌ࿇
୶Ոਢ࣍۞ࠐWordNet [12]Ε[13]Ε[14]Ζڇ CCDऱ࿇୶֫םᇙಖሉΔઔߒቸၷ༴૪ຍ
ءధᡏאױᆠऱଈයٙΔਢլဲࠄ WordNet ኙٵ࣍ᆠဲႃࡳᆠᄗ࢚ፖࠡᆠᣂএ
ऱਮዌΖԫֱ૿ΔCCD ऱઔߒቸၷەၦࠩڇژאױڇڍխ֮ፖ֮ऱլٵ༴૪ਮ
ዌΔאࢬΔהଚլַ।ኙխ֮ဲნփොऱ।ሒΔՈ࿇୶Ախ֮ဲნᆠፖᄗ࢚ऱᣂএ

 ൎᓳխ֮ऱᔆΖ࣍ܓאΔࢤ
CCDऱઔߒቸၷറࣹڇᖞଡ CCDऱਮዌΔ༼ٵנԫᄗ࢚ऱٵᆠဲႃऱࡳᆠΔࠡܧࢬ
ऱᄗ࢚Εࡳᆠࡉᄗ࢚ጻऱՂՀۯᆠᣂএΔޢԫଡٵᆠဲႃຟࠡڶഗءᣂএΔڼհၴ

࣍Ζ۟ڇژᆠᣂএऱڶٍ CCDऱ᧤ᙀංዝঞڇᆠጻՂऱܧΔਢሎࠩشᑇᖂऱ
 Ζشࠌխ֮ᆠ։࣫ՂऱڇृߒઔܗᚥאױऱΔਢࠐۖڤݮ
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۞ൕ WordNetഗᄷΔઔאထ֫ࡨ༉բᆖၲࢬߒᖂઔߢՕᖂૠጩࠇקΔࡨ2000/09ၲ
ߒ CCDΔࠀ৬مԫଡխᠨऱဲጻΔԫଡٺࠎ༽אױጟլٵઔߒऱဲጻΔڕᖲᕴ
(MT)Δಛஒឯ࠷(IE)ΞΖ 
ഗ࣍ WordNet ֮ᄗ࢚ፖ CCD խ֮ᄗ࢚ਢ᥆ࠟ࣍ଡլٵवᢝહནΔՈڼڂ CCD խΔ
ኙΕګᠧऱਔԱՕၦץΔਢॺൄᓤᠧΕጅऱΖCCD࢚ଚࠟृၴऱઌյᣂএፖᄗה
ڶڍऱ՛ጻΔՕીՂΔլิګ 105ऱᄗ࢚ᆏរࡉ 106ऱิګ՛ጻऱᄗ࢚ᣂএΔה

ଚऱᣂএΔܧڕՀቹΚ 

 

 

 

 

 

 
ቹԫΕWordNet՛ጻխᓤᠧऱᣂএዌ 

 

նΕʳ ֮൶ಘ 

ኙဲࡾࠟ࣍ნኙֺऱ൶ಘΔመװऱઔߒΔתڍထૹڇߢᐛऱ Ζܑ٨ڕᜰଃֱ૿Ε

ဲნֱ૿ऱኙֺʻতࠇڗ֮ߢጻʳ ˮˆ˰ʼΙאࢨଃΕဲნΕऄ֗।ሒֱڤֱ૿ࠐ։

࣫ߢฆऱွʳ ʻڕΚ׆ʳˮˈ˰Εʳ ˮˉ˰Εʳ ˮ˄ˈ˰Εᚮʳ ˮ˄ˉ˰ʼΖʳ

२ࠐڣΔኙဲࡾࠟ࣍ნኙֺऱઔߒΔֺለᄅऱઔֱߒऄΔঞਢא WordNet ഗ៕Δ࠷
אࢨΚHong and Huang [1] ʼΙڕნऱኙֺʻဲࡾለΔၞۖ։ֺ࣫ࠟ܂றᇷறࡾࠟ
Gigaword Corpusഗ៕Δ൶ࠟࡾኙ࣍ዧဲნشࠌڇՂऱฆွΔڕࠏΚઌᣂ٥
ဲნ(collocation)ऱฆΕࢨՕຬᗑشऱฆΕࡳቼՀऱشऄऱฆΕ
شࠌߢክऱฆʻڕΚੋ  [7]ʼΖʳ
 

քΕʳ ઔֱߒऄ 

อऱխ֮ߓ១᧯խ֮֗אอऱխ֮ဲጻ(CWN)Εߓ֮ऱWordNetΕ᧯խ֮אߒઔء
ᄗ࢚ࠢ(CCD)ԿՕᇷறΔኙ࣍᧯խ֮ߓอऱխኙፖ១᧯խ֮ߓอऱ
խኙΔݺଚ٣ၞ۩ֺኙΔᇢቹֺڇኙխΔ༈ृࠟנބհၴऱܑፖشࠌ։܉Ζ 
ઌٵऱᄗ࢚Δូء᥆࣍ԫଡٵᆠဲႃΔဲڇࡾࠟڂ܀ნشࠌՂऱฆΔۖࢬڶլٵΔᕣ

ጥڼڕΔս៱ڶԫشࠌࡾࠟࠄઌٵऱဲნࠐ।ሒઌٵऱᄗ࢚ᆠΖ֮ءխലൕ᧯խ֮

ऱဲნشࠌࡾࠟڇᆠဲႃΔٵԫଡٵߒอऱխኙᇷறᇙΔႃխ൶ߓอፖ១᧯խ֮ߓ

ਢ٤ݙઌٵΕ٤ݙլٵऱणउΖྥ ৵Δ٦ലຍ٤ݙࠄઌٵΕ٤ݙլٵऱဲნΔא Gigaword 
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Corpusഗ៕Δ։࣫ຍဲࠄნڇຍଡறᇙΔܧࢬشࠌࡾࠟנऱणउΖ 
൷ထΔא٦֮ءறઔנߒ࿇រΔਢאપԼԫᏙڗऱ Chinese Gigaword Corpus
խ֮ဲნై༴ჼ༈றՠࠠʳאᄭΔࠐற ˮ˄ˊ˰Εˮ˄ˋ˰Εˮ˄ˌ˰ΖChinese Gigaword 
Corpus ؇խڗᄅဎषᇷறΔ֗ԮᏙ塒ڗਔ२ᏙץऱՕၦறΔࡾࠟ۞ࠐԱ։ܑܶץ
षᇷறΖڼڂΔဲࡾࠟࠎ༽אױნฆऱՕၦဲნᢞᖕΖʳ

ۖխ֮ဲნై༴ঞ༼ࠎԱறءΔဲნฆֺለऱՠࠠΖאױࡾࠟנኙٵ࣍ԫᄗ

ऱኔᎾறխΔࡾࠟڇԫᆠဲნٵנאױΔՈ܉ნऱኔᎾणउፖ։ဲٵլشࠌ࢚ۖ

 խ֮ဲნై༴խဲნై༴ฆʻword sketchشܓଚݺΖࢤរፖฆٵऱઌܧࢬ
differenceʼऱפ౨Ζဲნ༴ైฆऱኔᎾտ૿૿ڕቹԲΚʳ

 

ቹԲΕխ֮ဲნై༴ʳ ˘́˺˼́˸ Հऱဲნ༴ైኙֺʳ

ʳ

ଚലբᆖֺኙመݺ౨ՀΔפڼڇ CCD ፖ CWN ኙᚨլٵኙऱဲნΔၞԫޡ൶ဲࠟߒ
ნऱشࠌणउፖ։܉Ζ֮ءڇխΔਢֺאኙࠟဲࡾნဲ᙮Δଣૉڇ CCDፖ CWN
ऱኙᚨխΔᒔኔਢઌٵᆠΔথ٤ݙشࠌࡾࠟڇઌ٤ݙࢨٵլٵऱဲნΔ߷Ꮦࠡࠌ۞ٺ

ڇऱဲნΔش Gigaword Corpusᇙ᧯றፖ១᧯றٌՐֺኙ৵ࢬऱဲ᙮ΔՈᚨᅝ
ᄎڶ२ۿऱ։܉ွΔ៶ڼᑇᖕΔլאױ܀ᢞࣔ CCD ࡉ CWN խኙՂΔ᧯խڇ
।ሒઌࠐნဲٵլشࠌࡾࠟڶᢞࣔΔᒔኔאױܑऱΔՈڶอΔਢߓอፖ១᧯խ֮ߓ֮

ऱ։࣫Ζʳߒઔء۩ၞאნऱኔᎾွΔဲࡾऄΔၞۖԱᇞࠟشፖᆠऱ࢚ᄗٵ

 

ԮΕʳ ற։࣫ 

᧯խ֮ߓอऱխኙ(CWN)ፖ១᧯խ֮ߓอऱխኙ(CCD)ΔࠉլဲٵᣊΔ։
אኙֺΔ۩ၞࠐ೫ဲՕᣊࡉ୲ဲݮΕ೯ဲΕဲټΚګ WordNet Δᛀྒྷٵڇԫଡ
SynsetխΔ᧯խ֮ߓอऱኙဲნࡉ១᧯խ֮ߓอऱኙဲნΔྥ৵٦ၞ۩ֺኙΖ 
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ԫଡٵڇ堚ᄑवΔאױଚݺՕဲᣊխΔڇ Synset խΔ᧯խ֮ߓอΔױ౨ڍڶଡ
ઌኙᚨऱኙဲნΔٵᑌچΔ១᧯խ֮ߓอՈױ౨ڶଡઌኙᚨऱኙဲნΖڇຍࠄኙ

ဲნᇙΔԾױڶ౨ਢࠟᢰشࠌऱኙဲნ٤ݙԫᑌΔጠհψ٤ݙઌٵωΙ࣠ڕΔࠟᢰࠌ

ڶΔृࢨωΙٵլإωΔՈ༉ਢψటٵ٤լݙऱΔጠհψٵԫଡઌڶऱኙဲნΔش

ωٵψຝٝઌڇωΔۖٵՂኙဲნΔຍଡणउΔጠհψຝٝઌאԫଡࢨխԫଡࠡشࠌ

ऱኙဲნΔࠟ࣠ڕᢰऱኙဲნشࠌऱဲଈઌٵΔጠհψဲଈઌٵωΔ࣠ڕਢشࠌ

ࠩઌٵऱڗΔঞጠհψຝٝڗցઌٵωΔڕΚ 

 
।ԫΕCCD ࡉ CWNኙऱٺጟ։܉णउ 

 
ኙ࣍ CWNፖ CCDऱኙ Δ᜔ֺ ڶ٥ 70744ଡ SynsetਢኙઌٵऱΔ։᥆ݮ࣍୲ဲΕ

೫ဲΕࡉဲټ೯ဲຍଡဲᣊᅝխΔࠡխΔڇဲټא CWNፖ CCDऱ٤ݙઌٵኙխΔ
ڶΔ່ࠏֺ۾ࢬ 66.79%Ι֘հΔ೯ဲ܅່ࠏֺ۾ࢬΔႛڶ 4.05%Δࠡᇡาऱ։ൣ܉
उΔڕՀቹ᧩قΚ 

ᆠဲႃٵ

˃
˅˃
ˇ˃
ˉ˃
ˋ˃
˄˃˃

୲ဲݮ

˅ˇˁˈˌʸ

˄ˊˆˌˇ

೫ဲ

ˇˁˈˊʸ

ˆ˅ˆ˄

ဲټ

ˉˉˁˊˌʸ

ˇˊ˅ˈˆ

೯ဲ

ˇˁ˃ˈʸ

˅ˋˉˉ

ဲᣊፖ᙮

ʸ ᆠဲႃٵ

 

ቹԿΕ˖˖˗ࡉ ˖˪ˡࠉլဲٵᣊܧ٤ݙઌٵऱ։܉ʳ

ʳ

ۖ CWNፖ CCDΔ٤ݙشࠌլઌٵऱൣउΔဲٺࠉᣊऱ։ݮൣ܉ΔڕՀቹ᧩قΚ 
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।ԲΕCCD ࡉ CWNլٵऱ։܉णउ 

 
ଖԫ༼ऱਢΔڇ CCDࡉ CWNլٵऱ։܉णउᇙΔৰ堚ᄑࠩΔψ೯ဲωࠟڇ
ᆠࢨᣊ२ᆠဲٵאዧழΔൄᄎشࠌଚݺڇΔྥۖΔࢤᄕՕऱฆڶणउΔشࠌऱࡾ

ઌ२ઌᣂဲז࠷ࠐءऱဲნΔڼڇΔݺଚԾၞޓԫޡΔגޓาچ։࣫Δᇢቹലޢԫଡ

ဲᣊխΔڶຍᑌऱݮൣشࠌ։ᣊࠐנΔאࠩటشࠌࡾࠟإլဲٵნऱွΖ 
։࣫ࠐωΔຍԿՕᣊܑٵլإψటࡉωٵցઌڗωΕψຝٝٵψဲଈઌאଚݺ CCD ࡉ CWN
 Κق᧩Հ।ڕणउΔ܉ऱ։ٵԫଡဲᣊխΔլޢڇ

 
।ԿΕCCD ࡉ CWNޢڇଡဲᣊխΔլٵऱ։܉णउ 

 
ൕ।ԫࠩ।ԿΔݺଚאױ堚ᄑवሐኙޢ࣍ଡဲᣊΔCCD ࡉ CWNڇլٵऱဲნᇙΔ
սྥࠄڶጩਢᆠઌ२ऱઌᣂဲნΔڬೈຍࠄઌᣂဲნ৵ΔࠟဲࡾნشࠌڇՂऱటإլ

ٵլڍ່شࠌნխΔဲࡾψ೯ဲωਢࠟ࣍ᣂ֗༽ࢬΔՂ֮խΔ࣍Ζ۟ܧ堚ᄑױΔ༉ٵ

ऱणउΔݺଚൕ।Կऱ։࣫वΔڇ೯ဲऱشࠌՂΔڂለൄנٵᣊ२ᆠဲࢨᆠઌ

२ઌᣂဲז࠷ࠐءऱဲნऱणउΔאࢬψဲଈઌٵωࡉψઌڗٵցωຍࠟᣊ۾ԱৰՕ
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ऱైڂΔڇ 9261 ଡဲნᇙΔ༉ڶ 6586 ଡဲნΔՕપਢ 71.10%Δࠡటࡾࠟإኙ࣍೯ဲ
ऱլشࠌٵΔঞڶ 2676ଡဲნΔՕપਢ 28.90%Ζ 
ط៶ऱဲნΔٵլإऱဲნፖటٵ٤ઌݙشࠌ।ԿխΔଡဲᣊᇙΔࡉቹԿאଚലݺ

Gigaword Corpusࠐ։࣫ࠟࡾԳاኙဲ࣍ნشࠌऱኔᎾणउΖ 
 

ԶΕʳ ኔ᧭ૠፖ։࣫ 

อऱխኙᇷறΔᆖֺኙመ৵ΔૠԱԫଡᇬߓอፖ១᧯խ֮ߓല᧯խ֮ߒઔء

տ૿Δ࣍ܓאઌᣂઔߒᖂृΔኙဲࡾࠟ࣍ნऱኔᎾشࠌΔၞ۩ჼ༈Δຍଡჼ༈տ૿Δ

ਢא WordNet ऱ֮ٵᆠဲႃഗ៕Δᇬઌٵᄗ࢚Εઌٵᆠࡾࠟڇኙऱဲნ
ൣउΔࠡտ૿ଈܧڕՀቹΔ؆Δڇຍଡჼ༈տ૿խΔؾছګݙऱᇬפ౨ࠟڶ

 ΚقࢬՀቹնДቹԮڕΔٵፖຝٝઌٵ٤լઌݙΕٵ٤ઌݙࡾ

 
ቹΕאWordNetխ֨ऱࠟဲࡾნኙᇬտ૿ 

 

 
ቹնΕࠟࡾ٤ݙઌܧٵဲࡾࠟڇნኙᇬտ૿Ղ 
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ቹքΕࠟࡾ٤ݙլઌܧٵဲࡾࠟڇნኙᇬտ૿Ղʳ

 

 
ቹԮΕࠟࡾຝٝઌܧٵဲࡾࠟڇნኙᇬտ૿Ղ 

 
ᖕ CCDࡉ CWNאWordNetխ֨Δֺኙࠐנऱኙ٤ݙڶઌٵΕ٤ݙլٵፖຝٝ
ઌٵԿՕᣊΔڼڇΔءઔߒႛ༉ছࠟᣊऱᇷறΔא٦ Gigaword CorpusࠉᖕΔᛀྒྷ
ኔᎾறխܧࢬऱणउΖ 
ଈ٣Δݺଚဲشࠌࡾࠟ࠷٣ნψ٤ݙઌٵωऱᇷறΔᛀྒྷຍࠄᇷறڇ Gigaword Corpus
խΔ։᥆ڇ᧯խ֮ፖ១᧯խ֮ऱشࠌ᙮Δ٦ૠጩޢଡဲნऱ᙮ڇ᧯խ֮ᇷறፖ

១᧯խ֮ᇷறᇙ۾ࢬऱֺࠏΔڼڕΔױܛवሐޢԫଡဲნΔڇ᧯խ֮ፖ១᧯խ֮ᇙΔ

ऱൣउਢॺൄ൷२ऱΔࠡࠟشࠌࡾࠟڇԫଡဲნ࣠ڕΖუऱუऄΔݮऱൣشࠌࡉנ

ृဲ᙮ֺࠏऱ၏Δᚨᇠਢॺൄ՛ऱΖݺଚᇢထലٵԫဲნشࠌࡾࠟڇऱဲ᙮ֺࠏઌ

྇ΔঁאᛀྒྷຍشࠌࠄՂ٤ݙઌٵऱဲნΔԾࠡڂ၏ऱᑇଖመ՛Δݺאࢬଚ࣋אՕ

100000৵ऱᑇଖܧࠐΔࠡ։ݮൣ܉ΔڕՀቹقࢬΚ 

 
ቹԶΕࠟ٤ݙشࠌࡾઌဲٵნऱ։ൣ܉उ 
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ൕቹԶࠐΔڴᒵᦛڴऱছ৵ࠟጤΔז।ࠟृऱ၏ለՕΔᔾؐᢰऱᦛڴڴᒵຝٝΔਢ

ܧൎႨဲნऱွΔᔾ׳ᢰऱᦛڴڴᒵຝٝΔঞਢՕຬܧൎႨဲნऱွΖڇ

ڇଚԵ൶ಘऱᤜᠲΖݺฆࣔ᧩ऱறΔຍਢଖشࠌࠄڶნխΔսဲٵ٤ઌݙشࠌ

6637ࠟ٤ݙشࠌࡾઌဲٵნխΔڇ Gigaword Corpus խխ؇ष/ᄅဎषறխشࠌ։
ฆऱؓ݁ଖ܉ 0.0143%Ζشࠌฆ։ڇ܉ຍଡؓ݁ଖփऱဲნΔ٥ૠڶ 5880 Ζ
ངᇩᎅΔࠟ٤ݙشࠌࡾઌٵऱဲნᇙΔشࠌणउለઌ२ऱڶ 5880 Δشࠌणउለ
լઌٵऱսڶ 757Ζڇխ؇षፖᄅဎषறխ։ܑڶ 354ࡉ 403Ζຍ 757ᇷ
றਢψٵխڶฆωऱဲΔଖݺଚലၞࠐԫޡ։࣫Ζ 
ڇ 6637 ଡࠟ٤ݙشࠌࡾઌဲٵნխΔቹԶխឈྥ᧩ࠡق᙮၏༓ਢሿΖ܀ਢΔڕ
၏່՛ऱรطଚݺ࣠ 3076ଡ Δဲࠉছ৵࠷ٺ 30%ऱΰ༉ਢร 2153ଡဲნࠩ࠷ร 4144
ଡဲნαΔല၏࣋ڇՕܧڕቹΖൕቹխऱ၏ᑇଖ᧩قΔਢॺൄॺൄ՛ऱΖԫֱ

૿ᢞࣔࠟشࠌࡾຍဲࠄნऱൣݮΔਢॺൄॺൄ൷२ऱΖԫֱ૿Δᅝၴ၏࣋Օ৵Δݺଚ

ࠩฆ։ؓܧ܉ᄶऱ SڗীΔຍՈፖቃཚխ۞ྥற։܉ऱणउઌฤΖ 

 
ቹΕࠟ٤ݙشࠌࡾઌဲٵნխΔ၏່՛ऱ ˆ˃ʸऱ։ൣ܉उʳ

 

ဲნ ဲ᙮ ॵု 

 CNA (᧯խ֮) XIN (១᧯խ֮)  

ද 32 (0.157Ӵ) 20 (0.155Ӵ) شࠌणउॺൄ൷२ 

1380 ذ (6.78Ӵ) 96 (0.748Ӵ) شࠌणउڶฆ 

ᆺԸ ᠨՍ՛Ը 2 (0.00982Ӵ) 273 (2.13Ӵ) شࠌणउڶ᧩ထ

ฆ 

।Εࠟ٤ݙشࠌࡾઌဲٵნऱ։܉णउࠏقʳ
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൷ထΔݺଚאઌٵऱኔ᧭ֱऄፖޡᨏࠐᛀྒྷࠟ٤ݙشࠌࡾլٵऱဲნΔᛀྒྷຍࠄᇷறڇ

Gigaword Corpusխܧऱ։܉ΔڼڇΔ֮ءႛ࠷ᑇၦለՕऱࡉဲټ೯ဲࠐֺኙΔࠀ
றऱঞਢ࠷ឯ CCDऱဲشࠌნڇ XINऱဲ᙮Օ࣍ CNAऱဲ᙮Ι֘հΔCWNऱ
ڇნဲشࠌ CNAऱဲ᙮Օ࣍ XINऱဲ᙮Δࠡ։ݮൣ܉ΔڕՀቹقࢬΚ 

 
ቹԼΕࠟ٤ݙشࠌࡾլٵऱဲဲټნऱ։ൣ܉उ 

 
ڶნᇙΔ٥ૠဲဲټऱٵ٤լݙشࠌࡾࠟڇ 302ᇷறΔᔾ׳ᢰऱᦛڴڴᒵຝٝΔਢ
ܧൎႨဲნऱွΔᔾؐᢰऱᦛڴڴᒵຝٝΔঞਢՕຬܧൎႨဲნऱွΖݺଚ

ԫᑌආृࠟ࠷၏່՛ऱ ڶᛀྒྷΔࠡૠࠐ30% 91ᇷறΔൕቹԼԫऱ၏ᑇଖࠐΔ
ٵհΔߢΔངࢤणउऱᗑشࠌอᇙΔࠡߓߢ᥆ऱࢬڇऱဲნΔٵլࠄᢞࣔΔຍאױ

ԫଡဲნΔڇ᧯խ֮ߓอᇙΔشࠌऱ᙮ለΔڇ១᧯խ֮ߓอᇙΔشࠌऱ᙮ለ܅Δ

֘հٍྥΔۖܧઌኙհ։܉णኪΔຍᑌऱൣݮΔڇቹԼԫऱ၏ᑇଖࡉ।նࠏխ

ࠩ᧭ᢞΖ 

 
ቹԼԫΕࠟ٤ݙشࠌࡾլٵऱဲဲټნխΔ၏່՛ऱ ˆ˃ʸऱ։ൣ܉उ 
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ဲნ ဲ᙮ ॵု 

CCD CWN CCD CWN  

 XIN CNA CNA XIN  

ଅ༐ ᙰᆝ 10  

(0.0779Ӵ) 

2  

(0.0098Ӵ) 

101  

(0.4963Ӵ) 

37  

(0.2882Ӵ) 

णउشࠌ

ኙֺࣔᒔ 

ᠨֲٖ ၜ1383 أ 

(10.7736Ӵ) 

25  

(0.1228Ӵ) 

17194  

(84.4908Ӵ) 

6105  

(47.558Ӵ) 

ኙֺشࠌ

ለլࣔᒔ 

ৠኟ  

CRTৠ

ኟ 

ਠቝጥ 3086  

(24.04Ӵ) 

118  

(0.5798Ӵ) 

427  

(2.0983Ӵ) 

1  

(0.0078Ӵ) 

ኙֺشࠌ

ለլࣔᒔ 

।նΕࠟ٤ݙشࠌࡾլٵऱဲဲټნऱ։܉णउࠏقʳ

 
ڶऱ೯ဲဲნᇙΔ٥ૠٵ٤լݙشࠌࡾࠟڇ࣍۟ 461ᇷறΔᔾ׳ᢰऱᦛڴڴᒵຝٝΔ
ਢܧൎႨဲნऱွΔᔾؐᢰऱᦛڴڴᒵຝٝΔঞਢՕຬܧൎႨဲნऱွΖ

ᛀྒྷΔࠡ۩ၞࠐڤԫᑌऱֱ࠷ଚආݺ 30%ऱᇷறΔ٥ૠڶ 140ΔൕቹԼԲΕቹԼԿऱ
၏ᑇଖࠐΔᒔኔאױᢞࣔຍشࠌࠄլٵऱ೯ဲဲნΔڇ᧯խ֮ߓอፖ១᧯խ֮ߓ

อΔشࠌࠡڶणउऱኙֺࢤΖ 

 
ቹԼԲΕࠟ٤ݙشࠌࡾլٵऱ೯ဲဲნऱ։ൣ܉उʳ
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ቹԼԿΕࠟ٤ݙشࠌࡾլٵऱ೯ဲဲნխΔ၏່՛ऱ ˆ˃ʸऱ։ൣ܉उ 
 
ნऱؓ݁ଖਢဲٵ٤ઌݙشࠌࡾࠟ 0.0143%Δ߷ᏖΔᓵՂΔࠟ Δࠏნऱֺဲٵլشࠌࡾ

ᚨᇠՕ࣍ຍଡؓ݁ଖΔଣૉ՛࣍ຍଡؓ݁ଖΔঞױڶ౨ਢࠟشࠌࡾઌٵᄗဲ࢚ნழΔข

ڶΔ࿇ݧඈࠐࠏऱֺဲڶՕຬᗑאნխΔဲဲټऱٵլشࠌڇऱွΖشس 174
ᇷற՛࣍ຍଡؓ݁ଖΙאᗑဲڶऱֺࠐࠏඈݧΔঞڶ 168 ᇷற՛࣍ຍᏖؓ݁
ଖΙشࠌڇլٵऱ೯ဲဲნխΔאՕຬᗑဲڶऱֺࠐࠏඈݧΔ࿇ڶ 320ᇷற՛࣍ຍ
ଡؓ݁ଖΙאᗑဲڶऱֺࠐࠏඈݧΔঞڶ 348ᇷற՛࣍ຍᏖؓ݁ଖΖຍଡᑇᖕᢞ
ኔԱԫଡऴᤚऱᨠኘΔ༉ਢᎅࠟဲࡾნյઌᐙዶຘऱွֲ墿᧩ထΖؾאছऱᑇᖕ

ࠄխലኙຍء৵ऱठ່ڇଚݺऄᐙΖشՕຬऱ࣍࣍ऄᐙՕຬฃൎشΔऱࠐ

ઌյዶຘᐙऱဲნΔ༼נԵऱ։࣫ፖᇞᤩΖ 
 

Εʳ ᓵ 

ՀΔբᆖֲࣔ᧩Δݮ᙮ऱൣੌٌڇऱฆΔࠄࢨٵΕլٵՂऱઌشࠌڇნဲࡾࠟ

ዧဲნ࣍ଚኙݺףਮዌՀΔᏺࠡڇნऱଡܑᆠਮዌΔԾ౨ဲࡾ᠖堚ࠟࠀ۶։ڕ

ᆠߓอࢤዝ᧢౧ऱᇞΔਢݺଚൕࠃߢઔृߒऱլ୲ီ࢙ऱᤜᠲΖط៶֮ء

WordNetࢬ࿇୶נऱ᧯խ֮ߓอ CWNፖ១᧯խ֮ߓอ CCDΔၞ۩ࠟဲࡾნऱֺኙΔ
٦ലֺኙመ৵ऱဲნΔگאႃኔᎾՕၦறऱ Gigaword Corpusഗ៕Δᛀྒྷࠟဲڇࡾ
ნՂشࠌऱွፖ։܉णउΙٍطױ GigawordʳCorpusܧࢬऱणउΔᢞࣔ᧯խ֮ߓ
อ CWNፖ១᧯խ֮ߓอ CCDֺڇኙՂऱإᒔ৫ፖױᔾࢤΙՈᢞኔԱ CCDࡉ CWNല
Δۖܧ֏णउᔆشࠌნኙֺऱဲࡾࠟ GigawordʳCorpusঞਢאኔᎾறࠐ᧭ᢞࠟဲࡾ
ნኙֺऱشࠌणउၦ֏ܧΖݺଚၞޓԫޡ࿇Աࠟဲش٥ࡾნڶψٵխڶฆωऱွΔ

ۖኙֺဲნՈขسԱյઌዶຘᐙऱွΖଖޓԵ൶ಘઔߒΖʳ

ʳ

ʳ
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Abstract 
Voice Onset Time (VOT) is considered as one of the best methods for examining the timing 
of voicing in stop consonants and has been applied in the study of many languages. The 
present study is designed to examine VOT production for phonetically voiceless stops in 
Mandarin and English by native Chinese speakers. Thirty-six Taiwanese Chinese speakers 
recruited from National Cheng Kung University participated in this study.  The results 
indicate the following. 1) Based on the three universal categories proposed by Lisker and 
Abramson (1964), for phonetically voiceless stops, Mandarin and English occupy the same 
place along the VOT continuum. 2) The mean VOT value for the apical stop /t/ is slightly 
lower than the mean value for the labial stop /p/. This does not conform to the general 
consensus, which states that the further back the place of articulation the longer the VOT. 
Very similar findings were also observed in previous studies. 3) The difference between the 
mean VOT values of the English /p/ and /t/ produced by Chinese speakers was subtle, while it 
reached significance for native English speakers. This suggests that a first language could be 
a crucial factor in L2 production. Future studies might examine variations in L2 production 
both for the same persons over time and for different speakers.  
Keywords: voice onset time (VOT), voiceless stops, place of articulation 
 
1. Introduction 
Voicing contrast in stops has been discussed in phonetics and phonology for the past few 
decades.  Beginning with Lisker and Abramson (1964), in their well-known cross-language 
study, voice onset time (VOT) has been widely used to differentiate stop categories across 
languages.  Since then, VOT has come to be regarded as one of the best acoustic cues for 
discriminating three general stop categories, especially in word-initial position.  In contrast 
with the considerable number of studies investigating stop voicing contrast in a variety of 
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languages, only a few have examined Mandarin word-initial stops, not to mention comparing 
VOT patterns in Mandarin and English.  Therefore, the purpose of this present study is 
threefold.  First, it is intended to provide information for a general VOT pattern of Mandarin 
word-initial stops.  By analyzing VOTs in stop consonants, linguists have concluded that for 
most languages, VOT values get longer as the place of articulation moves backward (Lisker 
& Abramson, 1964; Cho & Ladefoged, 1999; Gósy, 2001). However, there are some 
exceptions, such as Mandarin, which does not follow the general rule (Lisker & Abramson, 
1964; Cho & Ladefoged, 1999; Chao, Khattab & Chen, 2006).  The second purpose is to 
explore the possible effects of this phenomenon.  Vowel context is also examined to 
determine whether there is a correlation between VOT and subsequent vowels.  Moreover, 
to date no study has focused on comparing the in-depth differences between Mandarin and 
English, except for Chao et al. (2006) who pinpoints the existence of subtle differences 
between the two languages.  Thus, the third aim is to compare VOT patterns of the two 
languages and observe L2 production (i.e. English production) by native Chinese speakers. 
 
2. Literature review 
2.1 Voice onset time 
Lisker and Abramson (1964) conducted a cross-language investigation of word-initial stops 
in 11 languages and define voice onset time as the temporal interval from the release burst of 
the stop consonant to the onset of the first formant (F1) frequency that reflects glottal 
vibration.  Following their study, VOT has been widely used to examine voicing contrast in 
stops in many languages (Keating, Linker, and Huffman, 1983; Rochet & Fei, 1991; Cho and 
Ladefoged, 1999; Gósy, 2000; Khattab, 2000; Zheng & Li, 2005; Riney, Takagi, Ota, and 
Uchida, 2006).  In addition to investigating phonetic characteristics of voiced and voiceless 
stops in various languages, some researchers have studied VOT with respect to place of 
articulation, speaking rate, bilingual language learners, and vowel environment (Kewley-Port, 
Pisoni, and Studdert-Kennedy, 1983; Port and Rotunno 1979; Kessinger and Blumstein 1997; 
Benkí, 2001; Kehoe, Lleó, and Rakow, 2004).  Thus, VOT is one of the main acoustic cues 
used to measure the timing of voicing in stops. 

Although VOT is now used across the world as a linguistic cue, some researchers, 
however, challenge its role and importance as a reliable measure for separating phonemic 
categories.  In their study examining voicing contrast among French-English bilinguals, 
Caramazza, Yeni-Komshian, Zurif, and Carbone (1973) argue that voice onset time is 
ineffective at differentiating stop categories.  Bohn and Flege (1993) also question its 
importance to the perception of stop voicing.  Docherty (1992) indicates that VOT narrowly 
concentrates on word-initial stops.  Moreover, Klatt (1975) even suggests five other acoustic 
cues that are equally important to voice onset time: that is, low frequency energy in 
subsequent vowels, burst loudness, fundamental frequency, pre-voicing, and segmental 
duration.  Even if VOT does have limitations, it is still regarded as one of the most 
important acoustic parameters for distinguishing voicing contrast, especially for word-initial 
stops. 

304



2.2 VOT category 
In Lisker and Abramson’s 1964 study, all stops are classified into three groups depending on 
the number of stop categories in each language.  VOT ranges for the three stop categories 
are -125 to -75ms, 0 to +25ms, and +60 to +100ms.  Cho and Ladefoged (1999) also provide 
VOT ranges for occlusives, particularly in voiceless aspirated and unaspirated stops.  Rather 
than three categories, they distinguish four: unaspirated, slightly aspirated, aspirated, and 
highly aspirated.  The approximate mean VOT values for each category are 30 ms, 50 ms, 
90 ms, and over 90 ms, respectively.  In agreement with Lisker and Abramson’s (1964) 
categorization, on the basis of Cho and Ladefoged’s (1999) categorization, stops in Mandarin 
and English are found to occupy the same place along the VOT continuum, whereas stops in 
the two languages do not belong to the same range along the continuum, especially for 
voiceless aspirated occlusives.  Chao, Khattab, and Chen’s (2006) findings confirm Cho and 
Ladefoge’s classification and reveal that for voiceless aspirated stops, Mandarin falls into the 
‘highly aspirated’ region while English belongs to ‘highly aspirated’ category.  A 
comparison of the different stop categories in Mandarin and English is given in section 2.4, 
below. 
 
2.3 Effect on VOT 
2.3.1 Place of articulation 
Some researchers have reported a significant link between place of articulation and voice 
onset time.  Cho & Ladefoged (1999) propose some possible relations including 1) the 
further back the closure, the longer the VOT; 2) the more extended the contact area, the 
longer the VOT; and 3) the faster the movement of the articulator, the shorter the VOT.  Of 
these three suggested links, the present study focuses on the first in connection with 
Mandarin.  In addition to this first principle, it may be stated that the velar stop /k/ has the 
longest VOT duration and bilabial stop /p/ the shortest, with the alveolar stop /t/ in between 
the two (Lisker & Abramson, 1964).  Factors used to explain why VOT is longer when 
articulation takes place nearer the back of the mouth include aerodynamics, articulatory 
movement velocity, and differences in the mass of the articulators (Cho & Ladefoged, 1999). 

The size of the supraglottal cavity behind the constricted points should be taken into 
consideration when considering the impact of aerodynamics.  The cavity behind the velar 
stop has a smaller volume than that behind the alveolar and bilabial stops. In other words, the 
velar stop is under greater pressure when airflow is released; therefore, it might take longer to 
produce a velar stop, and the VOT value for the velar stop might be longer than either the 
alveolar or the bilabial stop.  As for articulatory movement velocity, Cho and Ladefoged 
(1999) claim that the tip of the tongue and the lips move faster than the back of the tongue; 
moreover, the tongue tip moves faster than the lower lip.  This may explain why in many 
languages velar stops have longer VOT than labial and alveolar stops.  However, 
articulatory movement velocity does not affect alveolar and bilabial stops in this way in all 
languages, which implies that other factors are involved.  In reference to the extent of 
articulatory contact area, Cho and Ladefoged (1999: 211) claim that, “In general, stops with a 
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more extended articulatory contact have a longer VOT.”  In summary, it is indubitable that 
velar stops have longer VOT than the two other stops. However, no final conclusion may be 
reached in the case of labial and alveolar stops. 

Although there is general agreement that the further back the place of articulation, the 
longer the VOT, there are still some exceptions.  Lisker and Abramson’s (1964) study 
reports that unaspirated stops in Tamil and aspirated stops in Cantonese and Eastern 
Armenian do not follow this rule.  It is found that the VOT of alveolar /t/ is shorter than 
bilabial stop /p/, but the velar stop /k/ still has the longest VOT.  Studies by Rochet and Fei 
(1991) and Chao et al. (2006) arrive at similar results.  Investigating Mandarin Chinese, they 
conclude that the VOT duration for /t/ does not confirm the predictions; on the contrary, it is 
shorter than the VOT for /p/.  The cause of this phenomenon is still unknown.   
 
2.3.2 Vowel context 
How vowels influence the VOT of preceding stops is still an open question. Lisker and 
Abramson (1967) propose that following vowels have no significant influence on VOTs, 
while other researchers apply similar research methods, but more systematically, and find that 
VOTs are longer when followed by tense high vowels (Klatt, 1975; Weismer, 1979).  
Similar results are obtained in Port’s (1979) study, which analyzes VOT for English 
word-initial stops, and in Gósy’s research, which examines Hungarian voiceless plosives.  
Rochet & Fei (1991) also reach similar findings with respect to Mandarin stops, claiming that 
“the nature of the vowel had a significant effect on the VOT values of the preceding 
consonants” (p. 105).  In other words, word-initial stops have longer VOT values when 
followed by either of the high vowels /i/ or /u/ than when followed by the low vowel /a/.  
This accords with the results presented in Chao et al’s (2006) study which examines the 
Mandarin Chinese of Taiwanese speakers.  By contrast, however, Fant (1973) finds that for 
Swedish aspirated stops, VOTs are longer when stops are followed by /a/ than /i/ or /u/.  
Although the finer points of the issue are still undecided, a general conclusion that may be 
made is that vowel context does have some effects on voice onset time. 
 
2.4 Mandarin and English stops and VOT patterns 
In Lisker and Abramson’s (1964) study, VOT measurements occurring before the release 
burst are said to have negative values, called ‘voicing lead’, whereas ‘voicing lag’ refers to 
measurements occurring after the release burst and are assigned positive values.  Following 
these definitions, Keating (1984) subdivides the voicing lag dimension into ‘short lag’ 
(20–35ms) and ‘long lag’ (over 35ms).  On the basis of this classification, stops are divided 
into three phonetic categories: voiced, voiceless unaspirated, and voiceless aspirated.  
Mandarin and English are said to contain two stop categories; detailed descriptions of the 
stops in these two languages are elaborated in the following sections. 
 
2.4.1 English stops 
Although, as Keating (1984) mentions, English has a great deal of positional variation, in the 
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present study only syllable initial stops are discussed.  English is known to contrast voiced 
and voiceless phonemes in word-initial position, while voiced stops are said to have two 
possible phonetic realizations, voiced or voiceless unaspirated (Keating, Linker, & Huffman, 
1983; Keating, 1984; Docherty, 1992).  Lisker and Abramson (1964) provide two sets of 
VOT values for English voiced stops (/b, d, g/), one with a positive short lag, and the other 
with a negative voicing lead.  They further suggest that only a single type of phonetic 
representation is produced by each native speaker.  Klatt (1975) measures VOT values for 
English stops and reports positive values for both voiced /b, d, g/ and voiceless unaspirated 
stops /p, t, k/.  Keating (1984) also points out that English voiced stops are sometimes 
pronounced with some lead values but mainly with short lag and long lag.  Table 1 shows 
mean VOTs for English stops, as reported by Lisker and Abramson (1964), Klatt (1975), and 
Docherty (1992). 

Table 1. Mean VOTs for English stops 
Lisker & Abramson, 1964 (AE) Klatt, 1975 Docherty, 1992 (BE)  

Mean Mean Mean 
/p’/ 58 47 42 
/t’/ 70 65 64 
/k’/ 80 70 62 
/p/  12  
/t/  23  
/k/  30  
/b/ 1/-101 11 15 
/d/ 5/-102 17 21 
/g/ 21/-88 27 27 

(AE=American English; BE=British English.  All measurements are in milliseconds (ms). 
Note: /p’, t’, k’/ represents voiceless aspirated stops, while /p, t, k/ refers to voiceless 
unaspirated stops.  
 
2.4.2 Mandarin stops 
It is known that all Mandarin stops are phonetically voiceless and that aspiration is the only 
distinctive phonetic feature, differentiating two phonemic categories: voiceless unaspirated /p, 
t, k/ and voiceless aspirated /p’, t’, k’/.  Unlike in English, stops in Mandarin occur only in 
word-initial position.  Moreover, Mandarin stops fall into short lag versus long lag patterns. 

Table 2 juxtaposes mean Mandarin VOTs, as measured by different researchers.  As 
well as Rochet and Fei’s (1991) study of Mandarin Chinese, Liao (2005) and Chao et al. 
(2006) focus on Taiwanese Chinese accents.  Two points are of note.  First, as the table 
shows, VOT values for Mandarin /p’, t’, k’/ are obviously higher than their equivalents in 
English.  This may imply that for voiceless aspirated stops, especially for the velar /k’/, 
Mandarin and English may occupy different areas along the VOT continuum.  Secondly, all 
values for /t’/ production are close to, but slightly lower than, the values for /p’/.  It is 
interesting to note the possible effect of not conforming to the general pattern with respect to 
place of articulation. 
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Table 2. Mean VOTs in Mandarin 
Rochet & Fei, 1991 (MC) Liao, 2005 (TC) Chao et al., 2006 (TC) 

Mean  Mean Mean 
/p’/ 99.6 75.4 82 
/t’/ 98.7 71.4 81 
/k’/ 110.3 98.8 92 
/p/  17.9 14 
/t/  18.6 16 
/k/  28 27 

(MC=Mandarin Chinese; TC=Taiwanese Chinese accent.  All measurements are in 
milliseconds (ms). Note: Rochet & Fei only provide the mean VOT for voiceless aspirated /p’, 
t’, k’/. 
 
3. Methodology 
3.1 Aims of the experiment 
As mentioned above, some studies have examined VOT in Mandarin Chinese, but few have 
attempted to compare Mandarin and English VOT patterns, particularly with respect to 
voiceless aspirated stops.  To the best of our knowledge, so far only Chao et al. (2006) have 
compared VOT patterns in these two langauges, and they found that there are indeed subtle 
differences in VOT production between Mandarin and English.  Therefore, the aim of the 
present experiment is to compare Mandarin and English VOT patterns. 
 
3.2 Stimuli 
It is known that, in Mandarin, stops occur only in the word-initial position; moreover, all 
stops are phonetically voiceless and they are only distinguished by aspiration.  The present 
experiment examines only voiceless stops in the initial position.  Klatt (1975) finds that the 
differences in VOT values relate to the environment of the following vowel.  Therefore, in 
this experiment each of the stops is augmented by three peripheral vowels; that is, two high 
vowels, /i/ and /u/, and one low vowel, /a/.  The Mandarin word list consists of 16 words 
(excluding /k’i/ and /ki/, as no meaningful lexical items for /k’i/ and /ki/ exist in Chinese).  
Note that compound words (two or three characters side by side forming a ‘word’) are used 
rather than single characters because they are more complete and more sense to the subjects. 

Two procedures are used to create an English word list.  First, only voiceless aspirated 
stops /p’, t’, k’/ in the word-initial position are examined here due to the debatable 
implementation of English voiced stops; moreover, a CVCV sequence is used to ensure the 
target stop is stressed.  Velar /k’/ followed by the high vowel /i/ is not included, as no 
corresponding words are found in Mandarin.  Secondly, analogous to the Mandarin stimuli, 
disyllabic and not monosyllabic words are used to design the English word list. 
 
3.3 Subjects 
Thirty-six native speakers of Taiwanese Chinese were recruited from various departments at 
National Cheng Kung University in southern Taiwan.  Subjects include 21 staff (mean age= 
40 years) and fifteen students (mean age= 22 years), aged from 20 to 50 (mean age for all 
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subjects= 32 years).  All of the subjects were born and raised in Taiwan, have no marked 
regional accent, and reported no sophisticated knowledge of linguistics at the time of testing. 
 
3.4 Procedures 
Each subject was scheduled to record the word lists in a soundproof booth, using a 
high-quality microphone (AKG C1000S) and a professional 2-channel mobile digital recorder 
(MicroTrack 24/96).  The target words for both languages were randomised in order not to 
be predictable.  The recording was made when the subjects indicated they were ready.  The 
subjects were first asked to read each word on the Mandarin and English word lists at a 
normal speed and repeat the whole lists twice in a row.  All speakers were allowed to ask 
questions and practice words with which they were unfamiliar, but they were not informed of 
the purpose of the experiment.  After the recording, they were asked to fill in a short 
questionnaire relating to their linguistic background. 
 
3.5 Measurements and analyses 
Wavesurfer software was used to make acoustic measurements of the speech material.  
Spectrograms and waveforms are displayed on screen and a manually controlled cursor is 
used for durational measurements, as shown in figure 1.  VOT values were obtained by 
measuring the interval between the beginning of the release burst and the onset of the first 
formant visible in the frequency region.  Target sounds that were obviously mispronounced 
are not included in the final analysis.  Mean VOT values, standard deviations (SD), and 
graphical representation were made using EXCEL and SPSS.  ANOVA tests were used for 
all statistical analyses, including the comparison of results and calculation of significance.  
 

 

Figure 1: Spectrogram and waveform for the Mandarin word, “ti qiu” 
4. Results 
Mandarin VOT patterns for voiceless stops are discussed in section 4.1 below. Owing to the 
debatable phonetic implementations for English voiced stops, only voiceless aspirated stops 
(/p’, t’, k’/) in Mandarin and English are compared.  Vowel quality is also taken into 
consideration in section 4.1.2, below.   
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4.1 Mandarin VOT 
4.1.1 VOT means and distribution 
The mean VOT values for six Mandarin stops are shown in figure 2, and detailed 
measurements including standard deviation (SD) are presented in table 3.  Compared with 
the data reported by other researchers (Rochet & Fei, 1991; Liao, 2005; Chao et al., 2006), 
the VOT means for Mandarin stops presented in this study are relatively low, especially for 
the voiceless aspirated /k’/.  Overall, VOT values for velar stops /k’/ and /k/ are significantly 
higher than those for bilabial and alveolar stops [F (2, 835) = 15.917, p= .000< .05].  
Regarding the relation between place of articulation and VOT value, it is interesting to note 
that among voiceless aspirated stops, /t’/ has a higher value than /p’/, which does not conform 
to the general rule that VOT values rise as the place of articulation moves further back.  The 
AONOVA test shows that the difference between /p’/ and /t’/ does not reach significance [F 
(1,627) = 1.885, p= .170 > .05].  However, this finding is only relevant to the voiceless 
aspirated /p’, t’/, and not to the voiceless unaspirated /p, t/.  In addition, as table 3 indicates, , 
contrary to English VOT patterns, the mean VOTs for Chinese bilabial and alveolar stops are 
much closer to each other, both for aspirated and unaspirated stops.  The two main results of 
the present study are in accordance with studies by three other researchers (Rochet & Fei, 
1991; Liao, 2005; Chao et al., 2006).  The only difference is that for aspirated stops, Liao 
(2005) reports /p’/ with a significantly higher value than /t’/ [F (1, 19) = 7.464, p= .013< .05], 
while the two other studies showed no significant difference.   
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Figure 2. Mean VOT values for Mandarin stops 

 
Table 3. General VOT means (ms) and standard deviation (SD) for all Mandarin stops 

 /p’/ /t’/ /k’/ /p/ /t/ /k/ 
General means (in ms) 77.8 75.5 85.7 13.9 15.3 27.4 

Standard deviation (SD) 23.7 18.4 19.4 6.6 5.7 9.6 
 
Figures 3 and 4 show the VOT distribution for all Mandarin stops.  Looking first at the 
voiceless aspirated stops, it can be seen that VOT ranges for /p’, t’, k/ are centralized around 
63–90ms, 65–87ms, and 74–98ms, respectively.  The values of standard deviation (SD) 
presented in table 3 also imply that /p’/ (SD=23.7 ms) allows more variation than /t/ 
(SD=18.4 ms) and /k’/ (SD=19.4 ms).  As for voiceless unaspirated stops, the VOT ranges 
are centered around 10–18ms, 12–18ms, and 20–33ms, respectively.  Unlike voiceless 
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aspirated stops, the unaspirated /k/ (SD=9.6 ms) shows more variation than the two other 
stops and it may also be seen that the VOT range for /t/ is smaller than those for /p/ and /k/.  
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Figure 3. Boxplot for Mandarin voiceless aspirated stops 
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Figure 4. Boxplot for Mandarin voiceless unaspirated stops 

 
4.1.2 Vowel context 
Although there is an exception (Fant, 1973), it is widely accepted that word-initial stops have 
longer VOT values when followed by high vowels than by low vowels (Klatt, 1975; Weismer, 
1979; Port, 1979; Rochet & Fei, 1991; Chao et al., 2006).  In addition, Chao et al. (2006: 33) 
report that “all the stops, except /t/ which does not yield significance, have significantly 
longer VOTs when the following vowel is /i/ or /u/ than when it is /a/.”  Figures 5 and 6 
show VOTs for voiceless stops followed by one of the three vowels, /i, u, a/.  As the figures 
indicate, the VOTs for the unaspirated stops /p, t, k/ and the aspirated stops /p’, t’, k’/ are 
shorter when followed by the low vowel /a/ than by the high vowels /i/ and /u/.  When doing 
t-test, the result also reveals that vowels, high or low, have significant effect on the VOTs for 
stops [p< .05].   
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Figure 5: VOT for unaspirated stops followed by vowels /i/, /u/, /a/ 

 

 
Figure 6: VOT for aspirated stops followed by vowels /i/, /u/, /a/ 

 
4.2 Comparing Mandarin and English VOT  
As mentioned at the beginning of section 4, only phonetically voiceless aspirated stops are 
involved in the comparison of Mandarin and English VOT patterns.  Figure 5 presents the 
mean VOTs for /p’, t’, k’/ in the two languages.  The English mean VOTs are adopted from 
Lisker and Abramson’s (1964) influential cross-language study.  Visual inspection of the 
figure shows that Chinese speakers generally produce higher VOTs for /p’, t’, k’/ than 
English speakers.  It should be noted that the differences between Mandarin and English 
VOTs are not stark but subtle, which raises the question whether L2 learners are aware of the 
slight differences between the two languages and are capable of producing them with 
authentic L2 production.  This issue will be further discussed in section 5, below.   

Apart from the differences mentioned above, place of articulation is another point which 
is worth noting.  It is widely known that the further back the place of articulation, the longer 
the VOT, and there seems to be a general consensus on this.  However, as figure 7 indicates, 
the mean VOTs for English /p’, t’, k’/ follow this rule, whereas Mandarin /p’/ and /t’/ do not.  
Moreover, the VOT values for aspirated bilabial and alveolar stops are closer to each other in 
Mandarin than in English VOT patterns. 
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Figure 7. Mean VOTs for voiceless aspirated stops in Mandarin and English 

 
4.3 English VOT in native Mandarin speakers 
In section 4.2, it was mentioned that there are slight differences between VOT productions for 
voiceless aspirated stops in Mandarin and English.  Since the two languages share similar 
VOT patterns with only subtle differences, it is worth investigating how native Chinese 
speakers produce English voiceless aspirated /p’, t’, k’/.  Chao and Chen (2006) find that 
native Chinese speakers often produce English /p’, t’, k’/ with ‘compromise’ values.  Thus, 
it is interesting to observe the English VOT patterns of the L2 learners (i.e. Chinese learners 
of English) in this study. 
 
4.3.1 VOT means and distribution 
Figure 8 shows the mean VOT durations for English /p’, t’, k’/ produced by native Chinese 
speakers; detailed measurements including SD are presented in table 4.  As the figure shows, 
the velar /k’/ has a highly significantly longer VOT than the three voiceless aspirated stops [F 
(2,831) =106.450, p= .000< .05].  Nevertheless, VOT values for /p’/ and /t’/ still do not 
reach significance (p> .05).  This result is similar to that found for Mandarin VOT patterns 
that differ in place of articulation.  As mentioned above, the VOT values for Mandarin /p’, 
t’/ do not increase as the place of articulation moves further back. However, Chinese 
speakers’ L2 production accords with the general rule.   
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Figure 8. English VOT means for voiceless aspirated stops by Chinese speakers 
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Table 4. English VOT means (ms) produced by native Chinese speakers;  

standard deviation (SD) for voiceless aspirated stops 
 /p’/ /t’/ /k’/ 

General means (in ms) 68.7 70.2 93.4 
Standard deviation (SD) 21.8 19.2 20.5 

 
Figure 9 compares the mean VOTs for English productions by native Chinese speakers, 
native Mandarin productions, and native English productions.  Looking at the figure, it may 
be noted that native Chinese speakers produce intermediate VOT values only for English 
aspirated /p’/, by comparison with native speaker productions for either language.  One may 
also notice that in their production of aspirated velar /k’/, Chinese speakers produce far 
higher English VOTs than in their corresponding Chinese production and than the English 
mean produced by native speakers.  As for /t’/ production, it is interesting to observe that 
English mean VOTs for native speakers and Chinese subjects are almost the same (VOT= 
70ms for the former; VOT= 70.2ms for the latter).  Individual variations among Chinese 
native speakers should also be taken into account when forming comparisons. 
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Figure 9. Mean VOTs for voiceless aspirated stops in Mandarin, English produced by 
Chinese speakers, and English produced by native speakers 

 
5. Discussion 
Three important conclusions may be derived from the present study and will be discussed in 
detail below. 
 With respect to Mandarin VOT patterns, the VOT means obtained for the six Chinese 
stops are somewhat lower than the data reported in previous studies (Rochet & Fei, 1991; 
Liao, 2005; Chao et al., 2006), as shown in table 5, below.  The lowness of these values may 
be explained as follows.  First, disyllabic words were used in the present study, rather than 
the monosyllables which were examined in the study by Rochet & Fei (1991).  Using 
disyllables creates a more natural context for the subjects and likely obtains more accurate 
VOT values.  Methodological differences may be another reason for the lower values.  A 

314



third explanation is the number of subjects tested: the experiment for the present study used 
more subjects than the previous two studies (Liao, 2005; Chao et al., 2006), which means the 
values obtained are probably more reliable.   
 As for the comparison of English and Mandarin VOT patterns, the results indicate that 
for voiceless aspirated stops, both English and Mandarin belong to the long-lag category, 
contrary to previous findings.  Chao et al. (2006) claim that Mandarin /p’, t’, k’/ fall into the 
highly aspirated category and suggest that the aspirated category should not be considered as 
a single long continuum.  The VOT means reported by Rochet and Fei (1991) also imply 
that Mandarin and English occupy different regions of the VOT continuum.  Although both 
languages share similar stop category, there are still differences between them.  Comparing 
/p’/ productions first, it can be seen that Chinese speakers produce much longer VOT values 
than native English speakers.  Among the three voiceless aspirated stops in each language, 
only the alveolar /t’/ has a value close to the others.  This accords with the results presented 
by other researchers who examined Chinese voiceless stops (Rochet & Fei, 1991; Liao, 2005; 
Chao et al., 2006).  Place of articulation is another factor worth noting.  Although the 
general rule states that the further back the place of articulation, the longer the VOT, this is 
not the case for Mandarin voiceless aspirated stops.  The results indicate that the VOT for 
the aspirated alveolar stop /t’/ is shorter than that for the aspirated labial stop /p’/, except 
when they are followed by the low vowel /a/.  The results for stops followed by the low 
vowel /a/ are consonant with the results of Chen, Tsay, and Hong’s study (1998).  The cause 
of this result is complicated and requires further discussion.  In addition to Mandarin, Lisker 
and Abramson (1964) report that unaspirated stops in Tamil and aspirated stops in Cantonese 
and Eastern Armenian do not follow the general rule either.  Of these four languages, both 
Cantonese and Mandarin are tone languages.  Whether tone affects VOT values is still a 
controversial question. Some researchers have claimed that there is no significant influence 
(Chen et al. 1998; Ran, 2005), whereas in a study by Liu et al. (Article in Press) it is found 
that “VOT values associated with high-level and high-falling tones were shorter than those 
associated with mid-rising and falling-rising tones.”  The test stimuli used in the present 
study are not in the same tone; therefore, if tones do influence VOT values, it is possible that 
some of the results may be explained in this way. 
     

Table 5. Mean VOT values (ms) for Mandarin voiceless stops 
Rochet & Fei, 1991 

(monosyllables)  
Liao, 2005 

(disyllables) 
Chao et al., 2006

(disyllables)  
Present study 
(disyllables) 

 

Mean  Mean Mean Mean 
/p’/ 99.6 75.4 82 77.8 
/t’/ 98.7 71.4 81 75.5 
/k’/ 110.3 98.8 92 85.7 
/p/  17.9 14 13.9 
/t/  18.6 16 15.3 
/k/  28 27 27.4 
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As for vowel context, it is found that the VOTs for stops, both unaspirated and unaspirated, 
are longer when followed by the high vowels /i/ and /u/ than by the low vowel /a/.  This 
supports the findings of many studies (Port, 1979; Gósy, 2001; Rochet & Fei, 1991; Chao et 
al., 2006).  Although there are some exceptions (Lisker & Abramson, 1967; Fant, 1973), 
more and more studies support the view that high/low vowel quality influences the VOT 
value of preceding stops.  Front/back vowel quality has no significant influence on VOT. 

Since the differences between Mandarin and English VOTs are subtle, it is worth 
observing the English VOT performance of Chinese speakers.  Chao and Chen (2006) 
propose that native Chinese speakers often produce English /p’, t’, k’/ with ‘compromise’ 
VOT values.  Whether these speakers are able clearly to distinguish the subtle differences 
between the two languages, or whether their L2 productions are influenced by their first 
language (i.e. Mandarin), is an interesting issue for further discussion.  The present findings 
reveal that, except for /k’/, Chinese speakers’ L2 productions of /p’/ and /t’/ are either 
intermediate or close to English native speakers’ productions.  To understand the exception 
of /k’/ values, language proficiency could be taken into consideration.  Liao (2005) suggests 
that proficiency has a certain influence on interlanguage production of stop consonants.  
According to Liao (2005), L2 learners with a higher level of proficiency have greater 
accuracy than those with a lower level.  21 of the staff members observed in this study are 
classified as having a low level of proficiency, which may be one of the reasons for their 
striking /k’/ production.  It should also be noticed that the mean VOT values of English /p’/ 
and /t’/ by Chinese speakers are close to each other. Previous studies have examined this 
phenomenon and provided various suggestions for factors affecting L2 production.  On the 
one hand, it is suggested that first language (L1) effect on L2 plays a crucial part in L2 
learners’ VOT productions (Thompson, 1991; Flege et al., 1997).  On the other hand, Flege 
and Hammond (1982) also claim that speakers actually produce intermediate phonetic 
categories between their native language and a foreign language.  Variations in L2 
production both for the same persons over time and for different speakers could be examined 
further and taken into consideration in future studies. 
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ኴ 

ဲᆠᑑقறኙ۞ྥߢڶ۾ৰૹऱۯچΔ֠ ࠡ֘ਠڇಛஒᐛ֗۞ྥߢ

ᇞհઔߒՂΔؾ܀ছՕᑓհխ֮ဲᆠᑑقறথבհᠥڕΖ֮ءૠנԫଡ၌መ

11 ᆄဲऱՕᑓխ֮ဲᆠ٤֮ᑑقறႃΔאխઔೃؓᘝறᑑقኙွΔൕխኴ
ᙕ 56 ᒧݙᖞ֮ີΔشܓ N-Gram ፖჸᇷಛߢवᢝΔࠀٽᖲᕴᖂ֗א؏ݾᖲ
ᑓڤऱֱ܂ڤ۞೯ဲᆠᑑقऱছᆜ܂ᄐՠ܂Δ່৵ሒ壄ᒔ৫հய࣠Δ٦ല

۞೯ขسհᑑق࣠ᆖطԳՠீૡۖګΖ 
 

ᣂဲΚဲᆠᙃᢝΔဲᆠᑑಖறΔ۞ྥߢΔᎈᖄ܂ڤऄ 

Keywords: Word Sense Disambiguation, Sense Tagged Corpus, Natural Language Processing, 
Bootstrap Method 

 

ԫΕ១տ  

றኙ۞ྥߢઔڶ۾ߒઌᅝૹऱۯچΖ֠ࠡਢอૠڤૠጩߢΔൄᏁٛ

ᘸறࢬᤖ៲ऱ᠆༄ᇷᄭΔ܂ૠጩऱࠉᖕΖᙟထᑇ֮ۯհཏ֗Δறऱጟᣊ။

றࠄڶ။ՕΖܗऱᚥߒᖞऱறኙઔݙಛஒ။ق။᠆༄ΖᑑࠐΔփ୲Ո။ڍ။ࠐ

ऱࢤဲقছΔᑑؾᆠઌᣂᇷறΖဲࢨقᑑࢤՂဲףऱঞ٦ڶփ୲Δء֮ࡨܧ

றڶլ֟ΔڕࠏΚխֱ֮૿ڶխઔೃऱԫՏᆄဲؓᘝற[1]֗խ֮ԼᏙဲற
(Chinese Gigaword Corpus)[2]Δ۟࣍ᑑဲقᆠऱறլᓵխ֮ຟৰ֟Ζᑑဲقᆠ
(Sense)ࢨრ(Semantic)ऱறᇷᄭΔڇᓵߢᖂՂΔല༼ဲࠎნრᖂઔߒհ᠆༄
ΚWSDڕ܂ऱு֨ՠߢᖂՂΔലኙ۞ྥߢૠጩڇਮዌΙءறፖഗޗ ૹဲᆠڍ
ᙃ࣫ઔߒΕ۞ྥߢᇞΔຟലᄎڶᣂࢤऱડధΖ؆Δຍࠄᑑقறᆖอૠ

৵ࢬᛧհᇷಛΔױᚨ࣍شᇷಛᛀΕᇷಛឯ࠷Ε֮ٙኴΕ۞೯ംᤜᠲհઔߒΖ 
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 Օၦ壄ᒔऱဲᆠᑑقᇷறΔڍࠎ༽ױႈૠጩߢઌᣂઔߒऱ᠆༄ైޗΖ܀ਢΔխ֮

றဲᆠᑑಖऱ᙭ࠎߩ۞೯ᑑಖەऱᇷறΔۖԳՠᑑقᏁ࣓၆ګ

قኙՕᑓဲᆠᑑנق᧩ΔߒઔڍऱࠐڣऱᣄขΖ२܂რՠقறᑑګΔທء

றႃऱՕၦᏁޣΔຍࠄᇷᄭڇ৬ዌՂਢݙܡໂΔᄎᐙᖞଡઔ֗אٻֱ۩ၞߒઔߒ

࣠ऱإᒔࢤΖڇਬࠄߢՂΔբࠠڶለז।ࢤऱဲᆠᑑقறႃڇژΔڕࠏ֮ற

ႃ SemCor [3]֗א Senseval [4] ༼ࠎհڍഏߢऱ٤֮ᑑقறႃΔڕࠏ൸܌Ε๛ᥞ
ΔᆠՕ֮֗ܓ֮Ζ֘ᨠխ֮ΔؾছՕၦխ֮ᑑဲقᆠறႃথԫऴבհᠥڕΔڶ

֟ᑇ༓ଡᑓլՕऱխ֮ဲᆠᑑقறႃΔڕࠏ Senseval-2ऱխ֮ဲᆠᑑقறႃץਔ
15 ଡխ֮ဲნऱဲᆠᑑقΔSenseval-3 ऱխ֮ဲᆠᑑقறႃܶץ 20 ଡխ֮ဲΔࠡ
ᑓፖటኔऱߢᛩቼڇژઌᅝՕऱฆΖ፹܂Օᑓறࢬሖ່ࠩՕ᙭ءګΔ៶

قᑑאױথॺൄ࣓၆ΔۖءګقᏁऱဲᆠᑑࢬ܀ᒔΔإࠩאױឈྥقԳՠᑑط

ဲᆠऱറ୮ՈլߠڍΖԱڼࣚ܌ംᠲΔנ༽֮ءԫת۞೯ဲᆠᑑֱقऄΔ܂ᑑق

ဲᆠऱছᆜ܂ᄐΔ٦ᆖطറ॰ԳՓீૡΖற፹א܂խઔೃؓᘝறኙွΔൕխ

ኴᙕ֮ີΔࠀኙኴᙕנհ֮ີխհဲဲᆠᑑقऱ೯܂Δૠ፹נ܂ԫଡՕᑓऱխ֮

ဲᆠᑑقறႃࠎא۞ྥߢઔشࠌߒΖ 
 

ԲΕဲᆠ։ဲࠢ 

՛ิဲࢬߢΕࢬೃᇷಛߒऱဲᆠ։ဲࠢխ؇ઔشࠌࢬᑑಖխ֮ဲᆠற֮ء

ܶץΔ٥խ᙮ဲאऱόဲᆠᙃ՛ࠢύรԿठ[5]Δဲࠢऱփ୲܂፹ࢬ 5047ଡဲ
ဲᒤΔլ٨Եվشዧຏזאᙕऱဲය(entry)ΔگࢬΔ9400ଡဲᆠΖဲࠢݮ
բլشߔࢨشऱဲნΖۖگᙕऱխ֮ဲნයؾΔܶץဲڗΕᠨဲڗڍࡉဲڗΖဲࠢխ

փࠏΕᑑଃΰଃፖࣹଃαΕᆠႈΕဲᣊΕ(lemma)ؾය᠆༄ऱಛஒΔೈဲဲٺࠎ༽
୲؆Δᝫץਔဲٺڶᆠኙᚨ֮۟ဲጻ WordNet 2.0 (http://wordnet.princeton.edu/)հٵ
ᆠဲႃ֗ࠡᒳᇆΖቹԫဲნψግ߆ωࠢڗڇխऱಛஒΔࠟڶ٥ଡဲᆠΔࠡխรԫଡဲ

ᆠψݮ୲Գڂ壄壀ᙑ႖ۖᜰַൄ؈Ζωኙᚨဲ࣍ጻऱٵᆠဲႃ{crazy}ΔรԲଡဲᆠψݮ
୲۩ࠃࢨढྤᆏࠫΔ၌ൄؓऱ࿓৫Ζωኙᚨဲ࣍ጻऱٵᆠဲႃঞ{madly}Δψግ߆ω
ऱࠟଡဲᆠٺ۞ຟױԾา։ࠟଡᆠ૿Ζ 

 

ԿΕᑑقறࠐᄭ 

றᑑऱΖற܂ ዧؓᘝறύ (Sinica Corpus) [1]זೃߒόխ؇ઔشࠌ֮ء
խऱޢଡ֮ຟբဲࠉឰၲΔࠀᑑࢤဲقΖءઔߒޣ।ሒ֮נ౧ዌፖছ৵֮ᣂএ

ಛஒհݙᖞࢤΔᑑقறऱᙇᖗ٤֮אۯΖဲᆠऱᑑ٤֮אقᑑقঞΔءڂ܀

ᙕگறխऱဲნຟڇנଡޢॺࠀڼڂᒳᐷխΔڇছսؾࠢڗऱဲᆠ։شࠌࢬ֮

אױࢤΖᑑಖဲقᑑࢤဲࠡאଚݺᙕհဲნΔگآࡸࠢڗ࣍ᇙΔኙࠢڗᆠ։ဲڇ

 ษऱဲᆠᑑಖΖီױقऱᑑࢤဲڼڂᆠ৫Δݡᆠऱဲ܅૾

נᖕΔ٥ᙇࠉᙇᖗհ܂९৫ີ֮֗אփ୲խऱ።ີ֮࣍נნဲࠢڗࠉଚݺ 

56ᒧ֮ີΔ᜔९৫ 114,066ଡဲნΔ148,863ଡڗցΖறႃխऱ֮ີᠲ։܉อૠ
࣠ڕ।ԫΔີ֮אᑇؾૠጩΔ֮ᖂᣊ່ڶ٥ڍ 35 ᒧ, ૉີ֮א९৫ૠጩΔঞسא
ᣊऱڶ۾່Ζ 
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ግ߆ feng1 kuang2 Ԅԡ ԊԤԠԨ 

 ဲᆠ1Κμլ֗ढ೯ဲΔVHΙဲټΔnomνݮ୲Գڂ壄壀ᙑ႖ۖᜰַൄ؈Ζδcrazy, 00872382Aε

  ᆠ૿1Κμլ֗ढ೯ဲΔVHνݮ୲Գڂ壄壀ᙑ႖ۖᜰַൄ؈Ζ 

 υව֫ΔஞထঙԸΖ߆τግټΚׂխԫࠏ   

 υΖ߆ᎅਢτግڕፖࠡᎅਢಮॾΔլئ׀ூऱࡎ॰նفΚࠏ   

  ᆠ૿2ΚμဲټΔnomνݮ୲Գڂ壄壀ᙑ႖ۖᜰַൄ؈Ζ 

 ऱԫศጟતΜ߆ଚषᄎግݺਢإυΔࠡኔՈ߆ூऱτግࡎ॰նفΔڼڂΚࠏ   

 ဲᆠ2Κμլ֗ढ೯ဲΔVHΙဲټΔnomνݮ୲۩ࠃࢨढྤᆏࠫΔ၌ൄؓऱ࿓৫Ζຏൄ࣍شԳ

ऱൣტٙࠃࢨऱ࿓৫Ζδmadly, 00045197Rε 

  ᆠ૿1Κμլ֗ढ೯ဲΔVHνݮ୲۩ࠃࢨढྤᆏࠫΔ၌ൄؓऱ࿓৫Ζຏൄ࣍شԳऱൣტࠃࢨ

ٙऱ࿓৫Ζ 

 υऱფՂԫଡՖΖ߆τግהΚࠏ   

 υՕආΖ߆ଉཽτግլૠࠡᑇऱড়ছڶຟڣޢΚࠏ   

 ଚৄؑऱ՛ՈფؚཧΖݺυΔຑ߆ৰτግڇΚᅝழ֟ཧॹ֟ཧࠏ   

 ᆠ૿2ΚμဲټΔnomνݮ୲۩ࠃࢨढྤᆏࠫΔ၌ൄؓऱ࿓৫Ζຏൄ࣍شԳऱൣტٙࠃࢨऱ

࿓৫Ζ 

 υ৵ΔՕ୮ຟีԱΔଡଡຟ໗ထᣡ࿀Εᆬ࿀Ζ߆Κᆖመԫೄτግࠏ   

 Ζٙࠃυ߆ඒτግࡲऱڍყࠐԳუࠩყࠌඒூΔՈا塒ԳऱԳۍԱԮڽΚࠏ   

 υᜰ೯Ζ߆ಳऱτግ࠺ԫݲ֊ս܀ΔױڶᙰսྥՕڍ༏৫լ၌መΔঞΚࠏ   

ቹԫ ဲნψግ߆ωڇόဲᆠᙃ՛ࠢύဲࠢᒤࠏ 

।ԫΕறႃີ֮ܶࢬᠲ։܉ 

֮ີ९৫ʳᠲʳ ֮ີᒧᑇʳ

ဲნ ցڗ

ୃᖂʳ 4 1451 1976
षᄎʳ 5 27385 35918
ʳس 12 57605 74710
֮ᖂʳ 35 27625 36259
᜔ૠʳ 56 114066 148863

 

ᖞ᧯ۖݺߢଚᑑဲقᆠհؾᑑဲნΔאԫဲࢤ(ဲݮፖဲࢤհኙ)ۯอ
ૠΔگᙕࠢڗ࣍հᆠဲ٥ 863 ଡΔנ᙮ 12,124 ڶᆠဲڍΔڻ 650 ଡΔנ
᙮ طᆠဲဲᆠᑇၦڍ।ԲΖڕ܉։ࢤΔอૠࠡဲڻ23,521 2ΰڕΚ۞ྥ DΕഔ Nf ࡉ
 VK α۟ پΚڕ)27 VCαլΔؓ݁ဲᆠᑇ 2.97Ζࢤဲא։Δؓ݁ۖဲߢᆠ
ᑇ່ڍհဲࢤဲܗΔؓ݁ሒ 4.83 ଡဲᆠᑇΖဲᆠᑇ່֟հဲࢤტቮဲΔؓ݁
1.32 ଡဲᆠᑇΖૉਢݮဲאۯอૠΔլەᐞࠡဲࢤհฆΔءڇઔشࠌߒऱ 56
ᒧ֮ٙխڶ٥ 598ଡဲگݮᙕࠢဲ࣍խΔޢଡဲݮऱؓ݁ဲᆠᑇ 4.53Ζ 
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।ԲΕᑑقறႃဲࢤ։܉ʳ

ဲᣊʳ ဲნᑇʳ ᑇʳࠏဲ ᒤࠏʳ

լ֗ढ೯ဲʳ 231 3,317 ኙ ˩˛ʿʳ ၒ ˩˔ʿʳ ߨ ˩˔ʳ

տဲʳ 51 1,854 ڇ ˣʿʳ ᇿ ˣʿʳ ࠩ ˣʳ

֗ढ೯ဲʳ 373 5,733 ᎅ ˩˘ʿʳ ڶ ˩˝ʿʳ ࡨၲ ˩˟ʳ

ʳဲټ 321 5,070 Գ୮ ˡ˻ʿʳ ტᤚ ˡ˴ʿʳ Հ ˡ˶˷ʳ

୲ဲʳݮ 21 45 ԫ ˔ʿʳ  ˔ʿʳ ཚࡳ ˔ʳ

ʳဲࡳ 55 3,175 ߷ ˡ˸̃ʿʳ ছ ˡ˸̆ʿʳ ڍ ˡ˸̄˴ʳ

৵ᆜဲʳ 31 455 Ղ ˡ˺ʿʳ ᇙ ˡ˺ʿʳ ᅝխ ˡ˺ʳ

೫ဲʳ 287 8,892 ༉ ˗ʿʳ Ծ ˗ʿʳ ದࠐ ˗˼ʳ

ຑ൷ဲʳ 69 1,554 ༉ਢ ˖˵˵ʿʳ ۖ ˖˵˵ʿʳ ࢨ ˖˴˴ʳ

ၦဲʳ 81 976 ڃ ˡ˹ʿʳ ٝ ˡ˹ʿʳ ၴ ˡ˹ʳ

ဲܗʳ 47 4,574  ˧ʿʳ ໝ ˧ʿʳ র ˜ʳ

᜔ᑇʳ 1567 35,645 ʳ

 

Εဲᆠᑑقற 

றႃऱীኪقऱဲᆠᑑ܂ଚ፹ݺ XMLڤᚾΔشࠌࢬऱᑑ᧘ዌڕቹԲقࢬΔᑑ
᧘شࠌᎅࣔᓮߠ।ԿΖறփܶڍᒧ֮ٙΔޢᒧ֮ٙא<doc>ᑑ᧘ሶΔՈ༉ਢڇᑑ
᧘<doc>֗</doc>ᒤփ୲ٵԫᒧ֮ٙΖ֮ٙփ୲٦Հา։Δޢଡא
<sent>ᑑ᧘ሶΔփ୲ဲࠉნנႉܧݧΔࠡၴא<w>ᑑ᧘܂ဲნሶΔࠡփ
Ծ٦า։Կଡᑑ᧘Κword, pos, tag1։ܑܧဲნΕဲࢤΕဲ֗אᆠᑑقᇷಛΖ 

شΔආقᒘᑑזᣊܑ։ԿጟΔรԫጟဲᆠقᑑࠉຝ։Δقᆠᑑဲڇ Huang et al. 
[6]հࡳᆠΔۯᑇᖞᑇΔছࠟۯဲᆠݧᇆΔ।ࣔᑑဲقᆠנࠢڗڇխհဲᆠႉ
ቹԿαΖรԲጟᑑរฤᇆհΔኙڕᑑᒘΔรᒘᆠ૿ᒳᒘΰݮΖรԿᒘਢဲݧ

ࠡฤᇆࡳᒘऴ൷זଚലᑑរฤᇆऱဲᆠݺΔڼڂᆠΔլࠠრᆠΔဲقᑑរၞ۩ᑑ࣍

वآΔรԿጟਢಾኙ࣍Ζ۟ߪء ΰဲܶץࠢگآᙕΕဲڶآࡸᆠ։࣫հဲნαऱຝ։Δ

ΔறխᒳᇆࠏறᒤقΖቹਢຝ։ᑑقࠡဲᆠᑑ܂ࢤᇠဲნհဲאଚݺ

101664հ֮ີร 18փ୲ΔรԫଡဲόۊۊύΔਢآवဲΔᑑဲقᆠࠡဲࢤψNbωΖ
รԲଡ όဲᎅύऱဲᆠᑑقψ0111ωΔ।ڼڇقဲᆠψאՑտ֧૪ࢨຫ૪ಛஒΖω
ψᎅ 1ωऱร 01 ଡဲᆠऱร 1ଡᆠ૿Ζ؆Δร 3, 5, 8ଡဲਢᑑរฤᇆΔဲڼڂᆠ
 Ζߪءᒘฤᇆז

ᖞଡᑑقறڶ٥ܶ 114066ଡဲნΔݺଚࠉᑑقጟᣊ܂อૠΔࠡ࣠ڕ।Ζ
ࠡխᑑរฤᇆڶ 27530ଡΔפګᑑဲנقᆠזᒘհဲნᑇڶ٥ 35645ଡΔኙآ࣍वဲࢨ
ਢگآࡸࠢڗᒳհဲΔݺଚ܂ࢤဲאဲᆠᑑᒘऱঞڶ 50891ଡဲࠏΖݺଚၞԫޡ
։࣫࿇ຍຝ։ᇷறΔץਔڶΚ֮ີխࠄڶᑇࢨڗਢറټΔڕࠏΚΰԲαΕCPUΕ堚ဎ
ՕᖂΔݺڇଚऱᑑقறխڶ٥ 4258 ଡဲࠏΖ؆Δڂءઔشࠌࢬߒհဲᆠ
։ڇࡸࠢڗ৬ዌխΔဲࠄڶნؾছگآᙕݺ࣍ଚऱဲᆠࠢڗխΔຍຝ։ڶ٥ 4541 ଡဲ

Z39 50 is protocol for
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ნΔڇறխנ٥ Δໍ塒ऱ࣍Ζ۟ڻ31730 14903ଡဲࠏΔឈྥਢբگᙕࠢڗ࣍խհ
ဲნΔ܀ਢլڻءڇቤᑑಖᒤփΔࢤဲא٣ڼڂᑑಖΔףՂဲࢤᑑಖڍ܅૾ױᆠဲ

հݡᆠ৫Ζ 

 
।ԿΕறشࠌᑑ᧘ᎅࣔʳ

ᑑ᧘ټጠʳ փ୲ᎅࣔʳ ʳࠏ

<corpus> றದࡨʳ <corpus> 
<doc id=> ֮ٙದ֗ࡨᒳᇆʳ <doc id="100863"> 
<sent id=> ದ֗ࡨᒳᇆʳ <sent id="1"> 
<w id=> ဲნᇷற֗ᒳᇆʳ <w id="1"> 
  <word>  ဲნʳ   <word>Գ୮</word>  
  <pos>  ဲࢤʳ   <pos>Nh</pos>  
  <tag1>  ဲᆠᑑقʳ   <tag1>0122</tag1>  

 

।Εʳறႃᑑقጟᣊอૠʳ

ᑑقጟᣊʳ ဲნᑇʳ ᎅࣔʳ

ᑑរฤᇆʳ ˅ˊˈˆ˃ʳ ᑑរฤᇆྤᏁᑑဲقᆠʳ

ဲᆠזᒘʳ ˆˈˉˇˈʳ բဲګݙᆠᑑقʳ

ˇ˅ˈˋʳ լᏁᑑقΰᑇڗΕറټαʳ

ˆ˄ˊˆ˃ʳ ဲნʻˇˈˇ˄ ଡʼؾছگآᙕࠢڗ࣍խʳ

ʳقᑑࢤဲ ˈ˃ˋˌ˄ʳ

˄ˇˌ˃ˆʳ ʳآ

ʳࡉ᜔ ˄˄ˇ˃ˉˉʳ ʳ ʳ

 

նΕဲᆠᑑֱقऄ 

ᑑဲقᆠհՠ܂ᏁٛᘸՕၦऱԳԺΔڼڂΔԱᆏઊءګΔ֮ءૠנԫת۞೯ᑑق

ဲᆠհֱऄ[7]Δڼشܓ٣ᑑֱقऄኙறޡॣ܂ऱဲᆠᑑقΔ܂אԳՠᑑقհ
ছᆜ܂ᄐΖ 

قᐈᑑ࣋ޡऄΰbootstrapαດֱڤᎈᖄشᆠऱֱऄΔආဲق೯ᑑ۞תૠհࢬଚݺ
යٙΔࠐឩᏺᑑقறΔࠡߓอิ៣ቹڕቹնقࢬΖଈ٣፦ႃԫࠄբᑑقመဲᆠऱᇷ

ற܂ဲᆠᑑقՠ܂ऱጟಝᒭᇷறΖࠡࠐᄭࠟڶଡຝ։Δรԫଡຝ։ဲᆠ։

ဲࠢխհࠏΔรԲଡຝ։ࠢᒳᐷ՛ิΔڇჼ༈ᖞဲᆠመ࿓խࢬᑑقऱறຝ

։փ୲Ζૉࠐ۞ຍࠟຝ։ऱࠏᑇၦլߩழΔݺଚᄎᙟᖲ.ൕઔߒೃறխᙇנຝ։
֮ΔٌطԳՠᑑဲقᆠ৵ףԵګጟᑑقΖലՂ૪բᑑقᇷறٽಝᒭႃΔءא

֮ᙇࠐנऱ 56ᒧᑑقႃ֮ີΔঞ܂ྒྷᇢႃΖ 

۞೯ᑑဲقᆠऱรԫၸආش N-gramᑓڤΔലᑑဲנقᆠऱᇷறףԵಝᒭႃխΔ
شܓ֮ءรԲၸऱಝᒭறΖ܂א N-gramဲᆠᑑقਢഗ࣍Հ૿ऱΚڇژ
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ᑑဲნছ৵ؾץ N ଡဲნ٤ݙઌٵऱࠟଡΔݺଚංᓵ،ଚᚨᖑڶԫᑌऱဲᆠ
[8]Ζشࠌڼڇ N-gramࠟڶႈؾऱΔรԫਢឩՕಝᒭႃΔڂறխൄࠩߠױઌۿ
հΖรԲଡؾऱਢመៀಝᒭᇷறႃऱᠧಛΔڼאᛀ᧭ԳՠᑑقᇷறհլԫીࢤΖ 

 

 
ቹԲΕறႃᑑ᧘ዌ֗ᒤࠏ 

 

ǷǷǷǷǷǷ doc 
id=101664

corpus 

doc 
id=100863 

doc 
id=108556 

ǷǷǷǷǷ

sent 
id=1 

sent 
id=18 

sent 
id=21 

ǷǷǷǷǷǷ ǷǷǷǷ 

w 
id=1 

w 
id=10 

w 
id=11 

w 
id=15 

࡛ሶ 

ǷǷ ǷǷǷǷ 

word 

D 

pos 

0200

tag1 

Ξ 

word

D 

pos 

0200 

tag1 
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ቹԿΕဲᆠזᒘᒳᒘֱڤᎅࣔ 

 

 

 

<doc id="101664"> 
  <sent id="1"> 
      Ǻ 
      Ǻ 
  <sent id="18"> 
    <w id="1"> <word>ԪԪ</word> <pos>Nb</pos> <tag1> Nb </tag1> </w> 
    <w id="2"> <word>ᇥ</word> <pos>VE</pos> <tag1>0111</tag1> </w> 
    <w id="3"> <word>Ǻ</word> <pos>COLONCATEGORY</pos> <tag1>Ǻ</tag1> </w> 
    <w id="4"> <word>ққ</word> <pos> Nb </pos> <tag1> Nb </tag1> </w> 
    <w id="5"> <word>Ǵ</word> <pos>COMMACATEGORY</pos> <tag1>Ǵ</tag1> </w> 
    <w id="6"> <word>খখ</word> <pos>D</pos> <tag1>D</tag1> </w> 
    <w id="7"> <word>ـय़</word> <pos>VA</pos> <tag1>VA</tag1> </w> 
    <w id="8"> <word>Ǵ</word> <pos>COMMACATEGORY</pos> <tag1>Ǵ</tag1> </w> 
    <w id="9"> <word>գ</word> <pos>Nh</pos> <tag1>Nh</tag1> </w> 
    <w id="10"> <word>࡛ሶ</word> <pos>D</pos> <tag1>0200</tag1> </w> 
    <w id="11"> <word>Ξ</word> <pos>D</pos> <tag1>0200</tag1> </w> 
    <w id="12"> <word>ा</word> <pos>D</pos> <tag1>D</tag1> </w> 
    <w id="13"> <word>و</word> <pos>VA</pos> <tag1>0400</tag1> </w> 
    <w id="14"> <word>Α</word> <pos>Di</pos> <tag1>0110</tag1> </w> 
    <w id="15"> <word>ǻ</word> <pos>QUESTIONCATEGORY</pos> <tag1>ǻ</tag1> 
</w> 
  </sent> 
</doc> 

 

ቹΕXMLڤհᑑقறᒤࠏ 

 

 

X X X X 

ဲᆠᒳᇆ ဲݮᒳᇆ ᆠ૿ᒳᇆ 
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ቹնΕᑑဲقᆠߓอิ៣ቹ 

 

รԲଡၸݺଚشࠌჸᇷಛࠐᏺףᑑقႃᑇၦΔჸᇷಛਢԫጟৰൎऱߢᣂ

এΔ౨ެؾࡳᑑဲნհဲᆠ[9]Ζݺଚဲא٣᙮Εჸဲፖؾᑑဲნ၏ᠦ᧢ฆၦයٙ
ᑑဲნؾᛀ᧭ჸဲፖࠐᖕΔ່৵٦ᆖመઌյᇷಛMIૠጩࠉޡᙇᖗჸဲნհॣ܂
հၴऱઌᣂ࿓৫Ζ 

ᆖመ N-gram֗ჸᇷಛࠟଡၸऱՠ܂ΔݺଚലಝᒭறᑑقၦԱኔᔆឩ
ᏺΖ൷ထΔ٦ᆖመᖲᑓڤૠጩΔጐױ౨ലՕຝ։ဲნᑑՂဲᆠᇷಛΖ່৵ޣᑑق

றհ壄ᄷ৫Δݺଚലᆖط۞೯ᑑဲقᆠመ৵ऱᖞଡᑑقறΔط٦ٌࠢڗᒳᐷ

՛ิګၞ۩ԳՠீإΖ 

ᖞଡ۞೯ᑑقຝ։հኔ᧭࣠ݺଚ։ࠟຝ։ᎅ ΔࣔรԫຝٝဲᆠᑑဲאقᆠՀ٦

า։۟ᆠ૿ᄷΔ࣠ڕ।նقࢬΔᖞ᧯ऱإᒔ 57.47%Ζ۟࣍ΔรԲຝ։ݺଚല
ဲᆠᑑق۟ဲᆠַΔլ٦า։ᆠ૿Δ࣠ڕ।քقࢬΔᖞ᧯ऱإᒔױ༼֒۟ 
64.51%Ζ 

 

քΕᓵ 

ဲᆠᑑقறኙ۞ྥߢڶ۾ৰૹऱۯچΔ֠ࠡ֘ਠڇૠጩߢᖂઔߒՂΔൄ

Ꮑறࠎ༽ࢬऱ᠆༄ᇷಛ܂ࠐૠጩΔؾ܀ছڇژऱխ֮ဲᆠᑑقறႃऱᑇၦ֟հԾ

֟ΔڼڂΔݺଚૠנԫଡܶץપԼᆄဲՕᑓऱխ֮ဲᆠᑑقறႃΔࠎא۞ྥߢ

ઌᣂઔشࠌߒΖᑑဲقᆠհޡᨏشࠌ٣۞೯ဲᆠᑑ܂قԳՠဲᆠᑑقհছᆜՠ

طऱᇷಛΔᆖࠎ༽ᢰဲნࡌشܓऄֱقԳՠீૡΖ۞೯ဲᆠᑑطΔ٦ലٌ࣠܂

N-gramΔჸᇷಛ֗אᖲᑓڤૠጩױڶ່נ౨ऱဲᆠΖဲط៶ࠐآᆠ։ဲࠢऱዬ
ݙໂΔཚඨ౨ሒࠩኙխ؇ઔߒೃזዧؓᘝறնۍᆄဲ٤֮ᑑಖऱؾᑑΖ 

 

Ңᅿη

N-gram

མଛ 

ᜐຒ༼Ӆᐒڬ
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 ჴᡍ่݀ޑྗࣁϖ ຒကҢԿကय़߄
 

ຒ܄ ຒ༼

ኧ 
ຒٯኧ ຒٯ 

К 
҅ዴ 
ຒٯ 

ᒱᇤ 
ຒٯ 

҅ዴ% ᒱᇤ% 

A 6 22 0.10% 14 8 63.64% 36.36%
Caa 2 38 0.16% 37 1 97.37% 2.63%
Cbb 7 231 1.00% 37 194 16.02% 83.98%
D 64 3454 14.98% 2135 1319 61.81% 38.19%
Da 7 22 0.10% 21 1 95.45% 4.55%
Dfa 5 202 0.88% 200 2 99.01% 0.99%
Dfb 1 1 0.00% 1 0 100.00% 0.00%
Di 7 1146 4.97% 934 212 81.50% 18.50%
Dk 2 5 0.02% 5 0 100.00% 0.00%
I 15 693 3.00% 307 386 44.30% 55.70%
Na 98 648 2.81% 563 85 86.88% 13.12%
Nb 5 18 0.08% 18 0 100.00% 0.00%
Nc 8 29 0.13% 27 2 93.10% 6.90%
Ncd 13 283 1.23% 209 74 73.85% 26.15%
Nep 6 2227 9.66% 615 1612 27.62% 72.38%
Neqa 2 38 0.16% 32 6 84.21% 15.79%
Nes 6 128 0.56% 118 10 92.19% 7.81%
Neu 3 127 0.55% 114 13 89.76% 10.24%
Nf 40 228 0.99% 212 16 92.98% 7.02%
Ng 13 147 0.64% 102 45 69.39% 30.61%
Nh 8 1668 7.23% 140 1528 8.39% 91.61%
P 33 1659 7.19% 1136 523 68.48% 31.53%
T 13 2838 12.30% 1648 1190 58.07% 41.93%
VA 28 451 1.96% 328 123 72.73% 27.27%
VAC 1 4 0.02% 3 1 75.00% 25.00%
VB 9 14 0.06% 14 0 100.00% 0.00%
VC 76 1177 5.10% 1061 116 90.14% 9.86%
VCL 5 174 0.75% 103 71 59.20% 40.80%
VD 19 170 0.74% 128 42 75.29% 24.71%
VE 26 1703 7.38% 1370 333 80.45% 19.55%
VF 5 20 0.09% 11 9 55.00% 45.00%
VG 9 170 0.74% 103 67 60.59% 39.41%
VH 66 1940 8.41% 661 1279 34.07% 65.93%
VHC 2 13 0.06% 13 0 100.00% 0.00%
VI 3 4 0.02% 4 0 100.00% 0.00%
VJ 19 326 1.41% 206 120 63.19% 36.81%
VK 11 63 0.27% 55 8 87.30% 12.70%
VL 5 160 0.69% 140 20 87.50% 12.50%
V_2 1 823 3.57% 433 390 52.61% 47.39%
nom 1 1 0.00% 1 0 100.00% 0.00%
 650 23065 100.00% 13259 9806 57.47% 42.51%
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।քʳဲᆠᑑقႛ۟ဲᆠᄷऱኔ᧭࣠ʳ

ʳ

ʳࢤဲ ဲნᑇʳ ᑇʳࠏဲ ࠏဲ

ֺ

ᒔإ

ࠏဲ

ᙑᎄ

ࠏဲ

ᒔʸʳإ ᙑᎄʸ

A 6 22 0.10% 14 8 63.64% 36.36%
Caa 2 38 0.16% 37 1 97.37% 2.63%
Cbb 7 231 1.00% 37 194 16.02% 83.98%
D 64 3454 14.98% 2158 1296 62.48% 37.52%
Da 7 22 0.10% 21 1 95.45% 4.55%
Dfa 5 202 0.88% 200 2 99.01% 0.99%
Dfb 1 1 0.00% 1 0 100.00% 0.00%
Di 7 1146 4.97% 934 212 81.50% 18.50%
Dk 2 5 0.02% 5 0 100.00% 0.00%
I 15 693 3.00% 307 386 44.30% 55.70%
Na 98 648 2.81% 570 78 87.96% 12.04%
Nb 5 18 0.08% 18 0 100.00% 0.00%
Nc 8 29 0.13% 27 2 93.10% 6.90%
Ncd 13 283 1.23% 209 74 73.85% 26.15%
Nep 6 2227 9.66% 642 1585 28.83% 71.17%
Neqa 2 38 0.16% 32 6 84.21% 15.79%
Nes 6 128 0.56% 118 10 92.19% 7.81%
Neu 3 127 0.55% 114 13 89.76% 10.24%
Nf 40 228 0.99% 212 16 92.98% 7.02%
Ng 13 147 0.64% 102 45 69.39% 30.61%
Nh 8 1668 7.23% 1549 119 92.87% 7.13%
P 33 1659 7.19% 1143 516 68.90% 31.10%
T 13 2838 12.30% 1660 1178 58.49% 41.51%
VA 28 451 1.96% 347 104 76.94% 23.06%
VAC 1 4 0.02% 3 1 75.00% 25.00%
VB 9 14 0.06% 14 0 100.00% 0.00%
VC 76 1177 5.10% 1065 112 90.48% 9.52%
VCL 5 174 0.75% 107 67 61.49% 38.51%
VD 19 170 0.74% 128 42 75.29% 24.71%
VE 26 1703 7.38% 1475 228 86.61% 13.39%
VF 5 20 0.09% 11 9 55.00% 45.00%
VG 9 170 0.74% 103 67 60.59% 39.41%
VH 66 1940 8.41% 664 1276 34.23% 65.77%
VHC 2 13 0.06% 13 0 100.00% 0.00%
VI 3 4 0.02% 4 0 100.00% 0.00%
VJ 19 326 1.41% 206 120 63.19% 36.81%
VK 11 63 0.27% 55 8 87.30% 12.70%
VL 5 160 0.69% 140 20 87.50% 12.50%
V_2 1 823 3.57% 433 390 52.61% 47.39%
nom 1 1 0.00% 1 0 100.00% 0.00%
Total 650 23065 100.00% 14879 8186 64.51% 35.49%
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ኴ 
ैᏝऱይၓ᧢֏ਢ࣍طᢞࠦؑխฒڍլދٵᇷԳ֗ࠡދᇷެ৵ࢬขسऱ࣠Ζྥ

ۖΔᐙैᏝ᧢೯ऱైڂฒڍᓤᠧΔᄅፊՈ᥆ࠡ࣍խԫጟΔᄅፊٙࠃլ܀ਢދᇷԳش

ࠡޓ᧢ࢨࡳᇷԳެދழՈਢᐙٵտΔऱઌᣂᛜሎᇷಛऱवᇠैปՂؑֆࠐ

ैปދᇷฃऱైڂհԫΖءઔאנ༽ߒᄅፊ֮ٙैᏝይၓቃྒྷߓอऱഗ៕ਮ

ዌΔຘመ֮ڗ൶೮ݾ֗։ᣊݾࠐ৬ᆜנ౨ቃྒྷᅝֲଡैگᒌैᏝይၓႨհߓอΖ 

ࠀᑓীΔٽ֗אᑓীࡺᑓীΕk່२ᔣּߦ࣐Կጟ։ᣊᑓীΔ։ܑਢ១נ༽٥ߒઔء
ૠԱԿิኔ᧭Δ։ܑਢ։ᣊᕴய౨ऱֺለΕᄅፊᑌءᇷற৫ऱֺለΕ֗אᄅፊᑌء

ᇷறᐖ৫ऱֺለࠐᛀ᧭ߓอऱቃྒྷய౨Ζኔ᧭࣠᧩قΔءઔנ༽ࢬߒऱ։ᣊᑓীאױ

ଡᣊܑऱቃྒྷய౨থฆՕऱൣउΖۖٺ܀ᒔإ᧯խᖞߒઌᣂઔޏயڶ ኙ࣍ᐙ

ދᇷԳᛧܓፖܡऱᣂᣊܑ"ይ"֗ᣊܑ"ၓ"ऱؓ݁ቃྒྷய౨ՂΔءઔנ༽ࢬߒऱຍԿ
ጟ։ᣊᑓীٍٵழࠠړߜڶऱګயΔאױދᇷԳၞ۩ދᇷެழऱڶயࠉەᖕΖ 

Abstract 
Stocks' closing price levels can provide hints about investors' aggregate demands and 
aggregate supplies in the stock trading markets. If the level of a stock's closing price is higher 
than its previous closing price, it indicates that the aggregate demand is stronger than the 
aggregate supply in this trading day. Otherwise, the aggregate demand is weaker than the 
aggregate supply. It would be profitable if we can predict the individual stock's closing price 
level. For example, in case that one stock's current price is lower than its previous closing 
price. We can do the proper strategies(buy or sell) to gain profit if we can predict the stock's 
closing price level correctly in advance.  
In this paper, we propose and evaluate three models for predicting individual stock's closing 
price in the Taiwan stock market. These models include a naïve Bayes model, a k-nearest 
neighbors model, and a hybrid model. Experimental results show the proposed methods 
perform better than the NewsCATS system for the "UP" and "DOWN" categories. 

ᣂဲΚैᏝቃྒྷΔ១ּߦ࣐ᑓীΔk່२ᔣࡺᑓীΔٽᑓীΖ 

Keywords: Stock Price Prediction, naïve Bayesian models, kNN models, hybrid models. 
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ԫΕፃᓵ 

ैᏝይၓႨऱቃྒྷਢଡחԳტᘋᔊऱઔߒᤜᠲΔྥۖᐙैᏝ᧢೯ऱైڂฒڍᓤ

ᠧΖڍऱઌᣂઔݾشࠌߒ։࣫ࢨഗء։࣫ऄ[11]ࠐैᏝႨቃྒྷऱᐛႈؾᙇ
᧢Δۖኙཚऱᢞࠦؑऱ֏᧢ైڂ९ཚ૿ऱᆖᛎ࣍։࣫ऄထૹءΖഗ[12][8][6]ڤֱ࠷
೯ለլڇΖݾ։࣫ঞထૹ࣍ᢞࠦؑߪءऱ᧢֏Δਢຘመቹ।ݾࢨਐᑑऱᖵ

ᐞࠡە౨ऱႨ᧢֏ΙۖլױᏝैࠐآቃྒྷࠐڼ៶ࠀঞנބ։࣫Δൕխߒᇷற֗ઔ

�ᆖᛎΕਙएΕഏᎾൣႨڕΔైڂਬጟ࿓৫ᐙऱ؆ຝس౨ՈᄎኙैᏝขױה…ࠡٺה
ጟֱ૿ऱᑨڇᐙΖ 

ኙދᇷՕฒۖߢΔᄅፊਢֲൄسխॺൄ୲࣐൷ᤛࠩऱԫጟᇷಛࠐᄭΙᄅፊਢ᥆࣍ᄎᐙ

ैᏝ᧢֏ऱॺዌ֏ᇷறΔՈਢދᇷԳࠐشאױवᇠैปՂؑֆऱઌᣂᇷಛऱ

տհԫΖᄅፊٙࠃऱߪءՈਢᐙދᇷԳެैࠡޓ᧢ࢨࡳปދᇷฃऱࠡխԫጟە

ၦైڂΙދࠡࠌᇷฃطᔄֱ᧢၇ֱΔطࢨ၇ֱ᧢ᔄֱΔᖄીٌ࣐ؑխ၇ᔄᠨֱ

ऱԺၦ࿇س᧢֏ΔۖၞޓᐙैปᏝऱ᧢೯ΖڼڂΔᄅፊ֮ٙೈԱਢދᇷԳࠡࡳެڇ

ࢤ౨ױᐙैᏝ᧢֏ऱڶழՈឆ៲ထࠠٵᖕ؆Δࠉەᇷฃऱૹދ

[13][14][17][18][21]Ζ 

ኙ࣍ᄅፊ֮ٙຍጟ᥆࣍ॺዌ֏ऱᇷற[15]ΔݺଚᏁၞ۩ઌᣂݾऱթ౨ലհ᠏
ኙߒऱᇷಛΖྥۖΔઌᣂઔشڶנ࠷ឯޡዌ֏ᇷறΔՈթ౨ൕխၞԫࢨ֏ዌתګ֏

ထᕠለچᤜᠲՂথઌኙߒᄅፊፖैᏝቃྒྷऱઔٽ࣍ Δ֟ڇࠡቃྒྷऱګயՂٍૻࠡڶ

ࠫ[14][17][21]ΖڼڂΔءઔאנ༽ߒڗ֮ٽ൶೮ݾ֗։ᣊݾࠐಾኙॺዌ֏ऱᄅ
ፊၞٙࠃ۩։࣫Δ৬ᆜנԫଡ౨ቃྒྷଡैᅝֲگᒌैᏝይၓႨऱߓอΔٵױழޏઌ

ᣂઔߒխᖞ᧯إᒔٺ܀ଡᣊܑऱቃྒྷய౨থڼฆՕऱൣउ༼ޏנհሐΔࠀ

 ᖕΖࠉەயڶᇷެழऱދ۩ᇷԳၞދܗ᎖ױ

อ৬ᆜऱߓ֗ߒઔء܂ࠐ֏᧢ᒌैᏝऱይၓႨگቃྒྷଡैैปᅝֲאנ༽ߒઔء

ૹ֨ΙຘመᖞैٽᏝᇷறፖತᆖᄅፊٙࠃΔࠀڗ֮ٽ൶೮ݾ֗։ᣊݾࠐ৬ᆜנቃ

ྒྷैؑհଡैᅝֲگᒌैᏝይၓႨቃྒྷհߓอᑓীΔދࠎ༽אᇷԳैڇปٌ࣐ழ

ၴփၞ۩ދᇷެऱࠉەᖕΖ 

ּߦ࣐อΔ։ܑਢ១ߓഗ៕ऱैᏝቃྒྷٙࠃᄅፊאم৬ࠐ։ᣊᑓীٵԿጟլנ༽ଚݺ

ᑓীΕk່२ᔣࡺᑓী֗אٽᑓীΖߓڇอᑓীխΔᄅፊٙࠃऱᇷற։࣫֗ਢຘ
መ֮ڗ൶೮ݾၞࠐ۩Ιۖ։ᣊᕴঞਢࠐشᖞٽଡैैᏝᇷறፖଡैತᆖᄅፊٙࠃΔڇ

ԫᄅऱᄅፊٙࠃ࿇܉৵Δ։ᣊᕴאױ۞೯ലհ։ᣊၞࠀ۩ैᏝይၓႨऱቃྒྷΖݺଚ

ലᄅፊٙࠃᇷறႃ։໊ګಝᒭᇷற֗ྒྷᇢᇷறࠟՕᣊΔشܓಝᒭᇷறࠐಝᒭ։ᣊᕴΔࠀ

֮ٽࠀΔٙࠃᏝᇷறፖತᆖᄅፊैٽᡏΖຘመᖞړயګᢞᇠ։ᣊᕴऱ᧭ࠐᇢᇷறྒྷش

ᒌैᏝၞ۩ይၓگ৬ᆜԫଡኙᢞࠦؑխଡܑैปऱᅝֲࠐݾ֗։ᣊݾ൶೮ڗ

ႨቃྒྷհߓอᑓীΖ 

ழٵհԫΔైڂਢᐙैᏝይၓ᧢֏ऱߪءऱٙࠃᄅፊق᧩܀ऱኔ᧭࣠լߒઔء

Ո᧩ݺقଚנ༽ࢬऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗אٽᑓীڶאױயޏઌᣂઔ
ܓᇷԳᛧދᐙ࣍ଡᣊܑऱቃྒྷய౨থฆՕऱൣउΖۖኙٺ܀ᒔΔإ᧯խᖞߒ

ፖܡऱᣂᣊܑ"ይ"֗ᣊܑ"ၓ"ऱؓ݁ቃྒྷய౨ՂΔءઔנ༽ࢬߒऱຍԿጟ։ᣊᑓীٍ
 ᖕΖࠉەயڶᇷެழऱދ۩ᇷԳၞދאױயΔګऱړߜڶழࠠٵ

ᄅፊᇷறאΔ֗ݾઌᣂ֮ΔᎅࣔैᏝቃྒྷऱઌᣂڃچଚല១ݺรԲᆏխΔڇ
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อਮዌΖรᆏխঞߓऄֱ֗ߒଚऱઔݺΖรԿᆏխঞਢᎅࣔߒᄭऱैᏝቃྒྷઌᣂઔࠐ

ਢءઔߒऱኔ᧭֗ᓵΔݺଚലگࢬႃऱᑌءᇷறႃၞٽ۩ઌᣂኔ᧭ࠀ։࣫ኔ᧭࣠Δ

່৵༼ءנઔߒऱᓵΖ 

ԲΕ֮൶ಘ 

 Ζ֮ߒᄭऱैᏝይၓႨቃྒྷઌᣂઔࠐᇷறᄅፊאᆏᎅࣔີء

ΰԫαΕᄅፊኙैᏝਐᑇऱቃྒྷ 

Wuthrich Գ[21]ಾኙ٤նଡᢞٌ࣐ࠦؑऱैᏝਐᑇ(Dow Jones Industrial 
Average, Financial Times 100 Index, Nikkei225, Hang Seng Index, Straits Times Index)ၞࠐ
۩ᅝֲैᏝਐᑇይၓႨऱቃ Ιྒྷຘመگႃࠀ։࣫ᅝֲٌၲֲ࣐ᒌছऱઌᣂತᆖᄅፊጻ

Δലݾ൶೮ڗऱᣂဲิᇷற֮֗م৬ࢬറ୮شܓࠀऱ֮ີ֗ᄅፊփ୲Δ܉࿇ࢬీ

ᇠᣂဲิشܓᦞૹֱڤࠡࡳኙैᏝऱՂይࢨՀၓऱᑨڇᐙԺՕ՛ၞא۩ᢞࠦؑ

ैᏝਐᑇऱይၓႨቃྒྷΖᇠઔإאߒᒔ(Accuracy)ေ۷ࠡߓอய౨ऱਐᑑΔ
ኔ᧭࣠᧩ق Wuthrich Գऱߓอኙ٤նଡᢞٌ࣐ࠦؑैᏝਐᑇऱؓ݁ቃྒྷ
ᒔإ 43.6%Ιኔ᧭࣠ڇق᧩ࠀؑխऱٌءګ࣐ሿழΔնଡᢞٌ࣐ࠦ
ؑैᏝਐᑇऱؓ݁ሟ 5.9%Δۖ Wuthrich Գࢬ৬ᆜऱߓอհؓ݁ሟሒ
20.8%Ζ 

ΰԲαΕᄅፊኙଡܑैปैᏝऱቃྒྷ 

Gidófalvi[14]ঞਢ൶ಘᄅፊٙࠃ࿇܉৵ኙઌᣂैปܛழैᏝ᧢֏ऱᐙΔࠡઔߒऱഗء
ਢᎁٌ࣐ڇழၴփࢬ࿇܉ऱᄅፊٙࠃᄎࠡڇ࿇܉৵ऱਬԫழၴփኙઌᣂଡै

ऱैᏝࠠڶᐙԺ(window of influence)ΔۖᖄીैᏝऱ᧢೯Δנ༽ࠀᄅፊٙࠃኙैᏝ᧢
֏ऱᐙԺழၴၴሶᇠᄅፊ࿇܉ऱছ৵ 20։ᤪհփΖGidófalviܛٽழैᏝᇷற֗
ழၴ࣐ኙٌࠐ։ᣊᕴ(naïve Bayesian text classifier)ּ֮ٙߦ࣐ຘመ១ࠀழᄅፊᇷறΔܛ
փࢬ࿇܉ऱᄅऱԫᄅፊၞࠐ۩։ᣊΔࠀቃྒྷᇠᄅፊױ౨ኙैᏝ᧢֏ऱᐙΖGidófalvi
ലᄅፊٙࠃ࿇܉৵ኙैᏝऱᐙ։Կଡᣊܑ: ψՂይ(Up)ωΕψլ᧢(Unchanged)ωΕ֗
ψՀၓ(Down)ωΔࠀຘመຍԿଡᣊܑᑑ᧘ࠐ৬مᇠᄅፊٙࠃፖैᏝ᧢೯࿓৫հၴऱᣂ
এΖ 

ڇ Mittermayer[17]ઔߒխΔࠡנ༽ࢬऱ NewsCATS(News Categorization and Trading 
System)ਢԫଡאױኙᄅፊၞ۩۞೯֏ऱ։࣫ፖ։ᣊऱߓอΔᇠߓอאױࠀ೯༼ދנ
ᇷฃऱ৬ᤜΖኔ᧭࣠᧩ق NewsCATS ދ၇ᔄࡳެڤᙟᖲֱאֺڶᇷฃ৬ᤜࠠދ
ᇷฃړޓऱګயΔᙟᖲֱڤऱޢؓ݁ދᇷሟ 0%Δۖ NewsCATSऱޢؓ݁
ᇷሟঞދ 0.11%ΖMittermayer ᎁڇ NewsCATS խאᄅፊ։ᣊऱֱࠎ༽אױڤ
ֺᄅፊڍޓߪءऱᇷಛၞࠐ۩ैᏝႨऱቃྒྷΖ 

ΰԿαΕխ֮֮ٙছ 

խ֮ឰဲֱڤױ։ګՀ٨ࠟጟֱऄ[9]Κဲ ֺኙऄ(Dictionary-Based Approach)֗א
อૠ։࣫ऄ(Statistical Approach)Ζဲֺኙऄਢਐຘመ٣ࠃ৬مऱဲΔኙᙁԵ֮ٙխ
ऱဲნၞ۩ֺኙΔ٦ឯ֮ٙנ࠷խנऱဲნΔګݙឰဲ࿓ݧΖอૠ։࣫ऄঞਢຘመՕ

ၦ֮ٙ։࣫Δᆖط։࣫࣠࠷อૠᑇ৵Δឯנ࠷อૠᑇየߩਬࠄයٙऱဲΔຍࠄ

อૠᑇאױਢဲნ࿇سऱ᙮Δֱڼ܀ऄऱរ࣍ڇᅝᣂဲנऱ᙮ᄕ֟ழΔױ
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౨ྤऄឯࠐנ࠷Ζءઔߒኙխ֮ឰဲऱֱऄਢᙇᖗආဲشֺኙऄΙຘመطխ؇

ઔߒೃխ֮ဲवᢝ՛ิխ֮ဲၞࠐ۩ᄅፊ֮ٙڗऱխ֮ឰဲ࿓ݧΖ 

ԿΕઔֱߒऄ 

ᑓীΕkڤߦ࣐ऱ១נ༽ࢬߒઔء֗אอਮዌΔߓᨏΕޡᑑΕؾߒଚऱઔݺᆏᎅࣔີء
່२ᔣࡺᑓী֗אٽᑓীຍԿጟ։ᣊᕴΖ 

ΰԫαΕઔؾߒᑑ֗ߓอਮዌ 

ᒌैᏝይگԫଡ౨ቃྒྷैปᅝֲم৬ࠐݾ֗։ᣊݾ൶೮ڗ֮ٽᑑਢؾऱߒઔء

ၓႨհߓอᑓীΔދࠎ༽אᇷԳैڇปٌ࣐ழၴփၞ۩ދᇷެऱࠉەᖕΖᜰࠐࠏ

ᎅΔૉߓอቃྒྷᅝֲᇠैปऱگᒌैᏝᄎਢՂይழΔঞڇᅝֲٌ࣐ழၴփऱैᏝं೯ૉ

ᒌैᏝՈᒔኔਢگᇷԳ၇ၞΔଣૉᅝֲᇠैปऱދ৬ᤜױऱैᏝழΔঞֲ࣐ছԫٌ࣍܅

ՂይழΔঞދᇷԳലᄎۖڂᛧܓΙ֘հٍྥΖ 

ቹڕอᑓীਮዌߓऱנ༽ࢬߒઔء ࠃᄅፊאم৬ࠐ։ᣊᑓীٵԿጟլנ༽ଚݺΖقࢬ1
ٙഗ៕ऱैᏝቃྒྷߓอΖߓڇอᑓীխΔᄅፊٙࠃऱᇷற։࣫֗ਢຘመ֮ڗ൶೮

ԫᄅऱᄅڇΔٙࠃଡैैᏝᇷறፖଡैತᆖᄅፊٽᖞࠐشΙۖ։ᣊᕴঞਢ۩ၞࠐݾ

ፊٙࠃ࿇܉৵Δ։ᣊᕴאױ۞೯ലհ։ᣊၞࠀ۩ैᏝይၓႨऱቃྒྷΖݺଚലᄅፊٙࠃ

ᇷறႃ։໊ګಝᒭᇷற֗ྒྷᇢᇷறࠟՕᣊΔشܓಝᒭᇷறࠐಝᒭ։ᣊᕴΔྒྷشࠀᇢᇷற

ݾ൶೮ڗ֮ٽࠀΔٙࠃᏝᇷறፖತᆖᄅፊैٽᡏΖຘመᖞړயګᢞᇠ։ᣊᕴऱ᧭ࠐ

֗։ᣊݾࠐ৬ᆜԫଡኙᢞࠦؑխଡܑैปऱᅝֲگᒌैᏝၞ۩ይၓႨቃྒྷհߓ

อᑓীΖ 

!
!ঁިԏዬ

ၗ!

ཥᆪၗ
ᜢᗖຒ༼ၗၗϩ!

)૽ግҔ*

ཥᆪၗ! ૽ግϩᜪᏔ

)ෳ၂Ҕ*!

ިሽБӛ!ϩᜪᏔ!

ቹ  อਮዌߓ .1

ΰԲαΕ։ᣊᕴ 

։ᣊ(classification)[15][19]ਢਐຘመ։ᣊᕴലآवᣊܑऱᇷறࠉᖕࠡ᥆ࢤଖऱլݙࠐٵ
ᖂ։ᣊࠐऱಝᒭᇷறࠎ༽٣ࠃኙᇠᇷற։ᣊܑᑑ᧘ऱመ࿓Ζ։ᣊᕴᄎ٣ຘመګ

ঞΔ։ᣊᕴಝᒭݙฅ৵ঁױಾኙᄅऱԫآवᣊܑऱྒྷᇢᇷறၞ۩۞೯։ᣊࠀ৬مᇠ

ᇷறऱᣊܑᑑ᧘Ζڇ։ᣊᕴऱᙇᖗՂΔءڇઔߒխݺଚ٥ૠԿጟլٵऱ։ᣊᑓী

։ᣊᕴऱு֨Δ։ܑਢ១ּߦ࣐ᑓী(naïve Bayes models)[15][20]Εk່२ᔣࡺᑓী(kNN 
models)[15][20]֗אٽᑓী(hybrid models)ΔאՀ։ܑඖ૪հΖ 

350



1Ε១ּߦ࣐ᑓী 

១ּߦ࣐ᑓীਢࡳּߦאʻ˕˴̌˸̆ʺʳ ̇˻˸̂̅˸̀ʼഗ៕Δຘመٌངࠃছʻ̃̅˼̂̅ʳ ̃̅̂˵˴˵˼˿˼̇̌ʼΕࠃ

৵ᖲʻ̃̂̆̇˸̅˼̂̅ʳ ̃̅̂˵˴˵˼˿˼̇̌ʼऱֱࠐڤലآवᣊܑऱྒྷᇢᇷற։ࠩᣊܑᖲ່Օऱᣊ

ܑΖ១ּߦ࣐ᑓীᄎ٣ᖕಝᒭᇷறऱᑌࠐء৬ٺمᣊܑᖲ।Δኙ࣍հ৵ࢬղऱྒྷ

ᇢᇷறঞᄎࠡࠉऱ᥆ࢤଖૠጩࠡូ᥆ٺ࣍ଡᣊܑऱᖲଖΔࠀല່ࠠڶᖲଖऱᣊܑ

ՀΖʳڕᇠྒྷᇢᇷறऱᣊܑᑑ᧘Ζᎅࣔ܂

ؾছڇژਬԫଡᐛଖ̋Δڇᑌၴ़ءխױ౨נऱᣊ᜔ܑڶ٥˾ଡ

Δޢଡᣊܑ݁ၴڼյ؞Ζˣʻ˖kCCC ,�…,, 21 ˄ʼΕˣʻ˖˅ʼΕΞΕˣʻ˖˾ʼ։ܑࠡࠃছᖲΔঞ

ˣʻ̋ʼ।ڕقՀʻֆڤ ˄ʼΖʳ
k

i
iCxPxP

1
)()( ΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˄ʼʳ

යٙᖲʻ˶̂́˷˼̇˼̂́˴˿ʳ ̃̅̂˵˴˵˼˿˼̇̌ʼਢਐڇբवנਬԫᐛଖ̋ऱයٙՀΔਬଡᣊܑ˖˼࿇س

ऱᖲಖˣʻ˖˼̏̋ʼΔࠡૠጩֆڕڤՀʻֆڤ ˅ʼΖʳ

)(
)(

)|(
xP

xCP
xCP i

i ΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˅ʼʳ

ڤՀʻֆڕڤˣʻ˖˼̏̋ʼΔࠡֆقᣊܑ˖˼ऱᖲΔ।࣍ழΔ᥆נ৵ᖲਢਐᅝᇠᐛଖ̋ࠃ

ˆʼΖʳ

)(
)|()(

)(
)(

)|(
xP

CxPCP
xP

xCP
xCP iii

i ΞΞΞΞΞΞΞΞΞʻֆڤ ˆʼʳ

ؾڕছਢԫิڼյઌයٙᗑمऱᐛଖ ழΔঞᅝࡳਬଡᣊܑ˖),�…,,( 21 dxxx ˼ழΔ

ࠡයٙᖲאױ।ڕقՀʻֆڤ ˇʼΖʳ
d

j
ij CxPxxP

1
id21 )|()C|x,�…,,( ΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˇʼʳ

ࠩאױଚݺΔڤ༛Ղ૪ऱᑓࠉ ˾ଡᣊܑխΔܶץ ˷ଡᐛଖऱ១ڤߦ࣐։ᣊᕴᑓীΔ

ࠡֆڕڤՀʻֆڤ ˈʼΖʳ

k

i

d

j
iji

d

j
iji

di

CxPCP

CxPCP
xxxCP

1 1

1
21

)|()(

)|()(
),�…,,|( ΞΞΞΞΞΞʻֆڤ ˈʼʳ

ᇷಛᏺ墿ଖʻ˜˚ʿʳڶऱֱऄ࠷ᐛଖᙇڇ ˜́˹̂̅̀˴̇˼́ʳ ˚˴˼́ʼΕᇷಛᏺ墿ֺʻ˚˴˼́ʳ ˥˴̇˼̂ʼΕ

˚˼́˼ˀ˼́˷˸̋Ε၏ᠦ৫ၦʻ˗˼̆̇˴́˶˸ʳ ˠ˸˴̆̈̅˸ʼΕ˝ˀ̀˸˴̆̈̅˸Ε˚ อૠΕӾ˅ อૠΕ່՛༴૪९৫

ʻˠ˟ˣʼΕٌإऄʻˢ̅̇̂˺̂́˴˿˼̇̌ʳˠ˸˴̆̈̅˸ʼΕ˥˸˿˼˸˹ΞΔլٵऱ৫ၦֱऄڶլٵऱ։ᣊய࣠Δ

ܑਢኙ࣍৫։֭ऱᐛଖ᥆ࢤʻ˻˼˺˻˿̌ʳ˵̅˴́˶˻˼́˺ʳ˴̇̇̅˼˵̈̇˸̆ʼΖءڇኔ᧭խݺଚቫᇢאᇷ

ಛᏺ墿ଖࠐᐛଖᙇ࠷ऱֱऄΔݺࠐآڇଚᎁװאױቫᇢլٵऱᐛଖᙇֱ࠷

ऄΔאᙇޓנ࠷ᔞᅝऱᐛଖࠐᏺၞߓอऱ։ᣊய࣠ΖאՀਢॾஒᏺ墿ଖऱ១տฯΖr

ᇷಛᏺ墿ଖਢሎشⰶଖʻ˘́̇̅̂̃̌ʼऱᄗࠐ࢚᥆ࢤᙇᖗऱေ۷ࠉᖕΔᇷಛᏺ墿ଖऱ

ૠጩֱڤਢലآ։ᣊհছࢬᛧऱᇷಛၦ྇װ։ᣊ৵ऱᇷಛၦΔאࠀᏺ墿ଖऱՕ՛ࠐ

351



ᐛଖᙇ࠷ऱေ۷ࠉᖕˮ˄ˌ˰ˮ˅˃˰ΔࠡૠጩֆڕڤՀʻֆڤ ˉʼΖ˘̋ ਢࡨᑌءᇷறႃٽǴ

˛ʻ˘̋ʼਢࡨᣊܑऱⰶଖΔ˛ʻ˘̋̏˴ʼঞਢەᐞᐛଖ ˴৵ࠡլٵ᥆ࢤଖՀऱⰶଖ᜔ףΖʳ

)|()(),( aExHExHaExIG ΞΞΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˉʼʳ

ᑓীּ֗ߦ࣐១ڇΔڼڂ ˾່२ᔣࡺᑓীխऱᐛଖਢאലᄅፊᇷறႃၞٽ۩խ֮ឰဲ
৵࠷ࢬऱᣂဲΔ։ܑૠጩࠡᇷಛᏺ墿ଖ৵נ࠷ছ ˷ଡᣂဲࠐࠡᐛଖΖ

ۖኙ࣍ ˷ଖऱࡳՂݺଚਢຘመኙ࠷ᑌऱᄅፊᇷறႃޡॣ۩ၞٽኔ᧭ࡳެࠐΔݺଚٚრ

ᙇ࠷ ˆ ଡᑇၦֺࠐለࠡኙߓอய౨ऱฆΔ։ܑਢ ˅ˈΕˈ˃ ֗ ˄˃˃ ଡᐛଖᑇၦΔࠀൕ

խᙇנԫଡઌኙለړऱࠐ ˷ଖऱࡳΔאᜤሽᄅፊᇷறႃհԣࠏΔኔ᧭ᑑऱᜤ

ဎሽैٝૻڶֆΔᄅፊᇷறࠐᄭˬ˴˻̂̂ʴ࡛ᐰैؑᄅፊᇷறΔᇷற࠷ᑌཚၴ

اഏ ڣˈˌ ˅ ഏاִ۟ ڣˉˌ ˇ ִΔᇷறࠐᄭˬ˴˻̂̂ʴ࡛ᐰैؑᄅፊᇷறΔᇠᄅ

ፊᇷறႃᆖխ֮ឰဲ৵ڶ٥ ˅ˋˌ˃ ଡᣂဲΔຘመՂ૪ֱڤऱॣޡኔ᧭࣠᧩قΔ

ˈ˅ΔߢऱຍԿଡᐛଖᑇၦऱᖞ᧯ய౨ۖࡳଚٚრݺא ֗ ˈ˃ ਢฆլՕΔ˄˃˃ ঞઌ

ኙለԫࠄΔڼڂኙ࣍ᜤሽᄅፊᇷறႃհԣऱ ˷ ଖݺଚࡳ ˈ˃ ଡᐛଖΙኙء࣍ኔ

᧭ࠡ塒ิᄅፊ࠷ᑌཚၴለऱᄅፊᇷறႃٽऱ ˷ଖࡳঞ ˅ˈ ଡᐛଖΖʳ

ຍࠀʻ˙˴˿̆˸ʼΔנآࢨʻ˧̅̈˸ʼנጟΔࠟڶ౨ଖױԫଡᐛଖऱޢ࣍ኔ᧭խኙءڇ

ຘመᛀאױଚݺΔנܡਬԫᄅፊխਢڇਬଡᐛଖ࣍Ζኙمਢයٙᗑڼᐛଖࠄ

ڇᇠᄅፊ֮ٙխऱᇠᐛଖזࢬ।ऱᣂဲհဲ᙮ਢܡՕ࣍ ˃Δૉᇠᣂנ֟۟ڗ

ԫڻঞᇠᐛଖऱଖנΔܡঞڇᇠᄅፊ֮ٙխᇠᐛଖऱଖঞီנآΖڇ

ԿଡΔ։ܑਢᣊܑʵይʵΕᣊܑʵၓʵ֗ᣊܑʵؓʵΔຘመಝᒭᇷறڶխऱᣊܑᑇ٥ߒઔء

ࠀˣʻ˖ːʵይʵʼΕˣʻ˖ːʵၓʵʼ֗ˣʻ˖ːʵؓʵʼΙقऱᖲΔ।נଡᣊܑޢנૠጩאױଚݺ

נˣʻ̋˼ːقऱᖲΔ।נآ֗נբवᣊܑՀร˼ଡᐛଖʻ̋˼ʼڇנ։ܑૠጩאױ

̏˖ːʵይʵʼΕˣʻ̋˼ːנآ̏˖ːʵይʵʼΕˣʻ̋˼ːנ̏˖ːʵၓʵʼΕˣʻ̋˼ːנآ̏˖ːʵၓʵʼΕˣʻ̋˼ːנ̏˖ːʵ

ؓʵʼΕˣʻ̋˼ʳ ːנآ̏˖ːʵؓʵʼΖྥۖΔڇኔᎾՂױ౨ᄎ࿇ڇسբवᣊܑՀଡਬଡᐛ

ଖຟנآۖᖄીሿᖲऱွΔၞۖڇૠጩࠃ৵ᖲழʻֆڤ ˈʼᄎڂᇠᖲଖሿ

ۖᖄીྤᓵࠡ،ᖲଖڍՕຟᝫਢᄎࠌᖲઌଊऱ࣠ሿऱኙࡳܡ Δွݺڼڂଚ

ආ࠷ലਬଡᐛଖऱױڶࢬ౨ଖऱנڻᑇຟףՂ
ቻॶᕴኧ

1
ऱֱࠐڤᝩ܍ሿᖲऱ

ွˮ˅˃˰Ζʳ

ኙ࣍ԫآवᣊܑ܀բवᐛଖʻ̋˄ʿ̋˅ʿΞʿ̋˷ʼऱྒྷᇢᇷறழΔݺଚאױຘመֆڤ ˈ ૠጩࠐ

ˣʻ˖ːʵይʵ̏ʳق৵ᖲΔ।ࠃଡᣊܑऱޢ ̋˄ʿ̋˅ʿΞʿ̋˷ʼΕˣʻ˖ːʵၓʵ̏ʳ ̋˄ʿ̋˅ʿΞʿ̋˷ʼ֗ˣʻ˖ːʵؓʵ̏ʳ

̋˄ʿ̋˅ʿΞʿ̋˷ʼΔࠀലᇠآवᣊܑऱ։ᣊ່ࠠڶՕᖲଖऱᣊܑΔۖڇኔᎾૠጩՂΔط

 ΖױܛለࠡՕ՛ֺࠀႛૠጩ։אױଚݺڼڂऱΔٵຟਢઌئ։࣍

2Εk່२ᔣࡺᑓী 

˾ ່२ᔣࡺᑓীࢬᖕऱഗ៕ਢ ˾ ່२ᔣࡺ։ᣊऄʻ˾ˡˡʿʳ ˾ˀˡ˸˴̅˸̆̇ʳ ˡ˸˼˺˻˵̂̅ʳ
˔˿˺̂̅˼̇˻̀ʼˮ˅˃˰Ζ່२ᔣࡺ։ᣊऄਢਐઌٵԫᣊऱढٙڼᚨᇠᄎፋႃڇԫದΔࢬܛᘯऱ

ψढאᣊፋωΖૉٻאၦ़ၴխऱរࠐ।قΔঞኙٵ࣍ԫᣊܑढٙऱຍࠄរၴڼऱ၏

ᠦᚨᇠᄎֺለ൷२Ζאࢬኙ࣍ԫଡآवᣊܑऱྒྷᇢᇷறΔݺଚᏁڇಝᒭᇷறխנބ

वᣊܑऱྒྷᇢᇷறऱᣊܑآڼࡳܒࠐ։ᣊऄࡺ२ᔣ່אױᇷற່൷२ऱរΔ༉ڼࡉ

ᚨᇠ່ࠡࡉ൷२ऱរऱᣊܑਢઌٵऱΖྥۖΔڍڇᑇൣउՀૉ່شࠌڶ२ᔣࡳެࠐࡺ

ᣊܑױ౨ࠀլ৾ᅝΖڼڂΔൄߠऱऄਢ່࠷ޣ٣൷२ऱ ˾ଡᇷறរΔ٦ᖕኙᚨऱ ˾

352



ଡᣊܑᇷಛދ۩ၞࠐปΔ່ࡳެࠐ৵ऱᣊܑΔຍጟֱऄጠ ˾່२ᔣࡺ։ᣊऄΔՈ༉ਢ
א ˾ଡ່ᔾ२ऱᔣދࠐࡺปެࡳ۞աऱᣊ Δܑ۟ ऱړ່࣍ ˾ଖΔ٤ݙਢ࣍ެ࠷ᇷறۖࡳΖr

˾່२ᔣࡺᑓীਢᖕ ˾່२ᔣࡺ։ᣊऄڶࢬנބࠐऱಝᒭᇷறխࡉᇠྒྷᇢᇷற၏ᠦ
່२ऱ ˾ଡᔣࡺΔֺࠀለຍ ˾ଡᔣࡺऱᣊܑᑑ᧘۶ृᣊܑ່ڍᑇ৵Δലڼאᣊܑ
ᇠྒྷᇢᇷறऱᣊ Δܑڍאܛᑇެऱֱڤലᇠྒྷᇢᇷறូᣊ ˾ଡ່२ᔣࡺխࢬ᥆ऱ
ᣊܑխปᑇ່ऱᣊܑΖʳ ʳ

၏ᠦʻ˘̈˶˿˼˷˸˴́ʳߺᑛ༓شਢආڤ၏ᠦऱૠጩֱ࣍խኙߒઔء ˷˼̆̇˴́˶˸ʼˮ˅˃˰Δڇ ́ ፂ

ऱٻၦ़ၴխࠟڶଡរ Ε),...,( 21 npppP ),...,,( 21 nqqqQ Δঞᑛ༓ߺ၏ᠦऱૠጩֆ

ڤՀʻֆڕڤ ˊʼΖʳ

n

i
iiEuclidean qpD

1

2)( ΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˊʼʳ

ױխ֮ឰဲ֗˧˙˜˗˙৵۩ၞٽଚലᖞଡᄅፊᇷறႃݺᑓীመ࿓խΔࡺ৬ᆜ˾່२ᔣڇ
ఢೄီڼലױଚݺଡᣂဲΔঞ˷ڶᄅፊ֮ٙऱఢೄΔ٥࣍ԫଡᣂဲኙᚨم৬א

ԫଡ˷ፂऱٻၦ़ၴΔޢԫᄅፊ֮ٙז।ڼ˷ፂٻၦ़ၴխऱԫଡរΖڼڂΔኙ࣍ኙ

ԫಝᒭᇷޢࡉૠጩװଚᄎݺբवᐛଖʻ̋˄ʿ̋˅ʿΞʿ̋˷ʼऱྒྷᇢᇷறழΔ܀वᣊܑآԫ࣍
றऱ၏ᠦΔຘመֆڤ ˊ ᑇऱڍխ່ࠡאࠀΔࡺଡፖᇠྒྷᇢᇷற່२ऱᔣ˾נބאױଚݺ
ᣊܑᇠྒྷᇢᇷறऱᣊܑΖ 

3Εٽᑓী 

ᑓীּ֗ߦ࣐១ٽԫጟנ༽ழٵࠀଚݺ k່२ᔣࡺᑓীऱٽᑓীΔຘመࡳ॰ាଖ
ӭ ऱֱࠌڤٽᑓীࠀܑܒאױ։ԫᄅऱྒྷᇢᇷறࠩࠡࢬᔞٽऱ։ᣊᑓীխࠐ

ၞ۩։ᣊΖาᆏᎅࣔڕՀΖ 

ᅝԫྒྷᇢᇷறאٽᑓীࠡࡳެࠐᣊܑழΔݺଚᄎ٣։ܑૠጩᇠྒྷᇢᇷறڇ១ߦ࣐

ּᑓীխᣊܑᖲ່֗ڻऱᖲଖΔ։ܑאCi֗Cjז।հΖ൷ထΔٽᑓীᄎװᛀ

ᇠᣊܑᖲ່֗ڻऱᣊܑࠟृᖲଖ၏ऱֺࠏՕ՛ pਢܡՕ࣍ٽᑓীխࢬ
ऱ॰ាଖӭΔࡳ٣ࠃ pऱૠጩֆڕڤՀ(ֆڤ 8)Ζ 

},...,,{,  
)(

)()(
21 kji

i

ji CCCCC
CP

CPCP
P Ǵ �…�…�…�…�…�…�…(ֆڤ 8) 

ڇ p՛࣍ӭऱൣउՀΔז।ڇ១ּߦ࣐ᑓীխ່ࠠڶᖲଖऱᣊܑ(Ci)ڻࡉᖲଖ
ऱᣊܑ(Cj)ኙᇠྒྷᇢᇷறۖߢਢլઌՂՀऱΔՈ༉ਢᎅᇠྒྷᇢᇷறऱᣊܑլਢৰࣔ᧩
ڇΔڼڂCjᣊܑऱᖲՈլ՛Ζ࣍ᇠྒྷᇢᇷறូ᥆ڂᚨᇠ։ᣊCiΔچ p՛࣍ӭ
ऱൣउՀΔٽᑓীᄎᙇᖗאk່२ᔣࡺऱᑓࠐڤലᇠྒྷᇢᇷறၞ۩։ᣊΙۖڇ pՕ
ֆߠലᇠྒྷᇢᇷறၞ۩։ᣊΔࠐڤऱᑓּߦ࣐១אᑓী༉ᄎᙇᖗٽӭऱൣउՀΔ࣍

ڤ 9Ζ 

ന߈ᎃۚኳࠠǴ߾Ҕ!ऩ

Ǵ߾ҔᙁܰنМኳࠠ!ऩ
షӝኳࠠ

kP
P

   
   

�…�…�…�…�…(ֆڤ 9) 

ຘመຍጟᖲ Δࠫݺଚאױᝩڇ܍១ּߦ࣐ᑓীխ౨ലᄅፊऱᣊܑᑑ᧘։່ࠠڶ

ᖲऱᣊܑΔࠌܛਢ່ڇፖڻᣊܑऱᖲଖ၏პࠡპழΔൣڼउՀࢬឆܶऱრ

ᆠਢᇠᄅፊࠀॺאױࣔ᧩ូᣊ່ڶࠠ࣍ᖲऱᣊ Δܑۖ ᑓী༉ٽऱנ༽ࢬߒઔء
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 ᖕΖࠉԫଡড়ᨠऱֺለࠎ༽ጟൣउՀڼڇאױ

Εኔ᧭֗։࣫ 

 ኔ᧭ऱ࣠ፖ։࣫Ζ֗אᄭΕኔ᧭ૠΕေ۷ֱऄΔࠐऱኔ᧭ᇷறߒઔءᆏਢտฯີء

ΰԫαΕᇷறࠐᄭ֗ኔ᧭ૠ 

ᖄ᧯ᣊתଚಾኙሽᣊैխऱݺΔऱኔ᧭ᑑऱᢞࠦؑऱैปՂؑ឵ֆߒઔء

ै֗࿇٠Բᄕ᧯ᣊैխᙇנ୮ֆء۩ၞࠐઔߒઌᣂኔ᧭Δگࠀႃፖᇠֆઌᣂऱತ

ᆖᄅፊற֗ᇠଡैگᒌैᏝᇷறΔ᜔࠷٥ิᄅፊᇷறႃٽ(ᜤሽᄅፊᇷறႃΕ٠ᣪ
ᄅፊᇷறႃΕདྷሽᄅፊᇷறႃΕم֗א㠨ᄅፊᇷறႃ)Δ᜔ૠ 747 ತᆖᄅፊᇷறΖᄅ
ፊᇷறࠐᄭ Yahoo!࡛ᐰैؑᄅፊᇷற[1]Δᇷற࠷ᑌཚၴاഏ ڣ95 ا9ִ۟
ഏ 96 ڣ 4 ִΙଡैگᒌैᏝᇷறࠐᄭঞᢞٌࠦࢬ࣐ऱଡैֲگᒌᏝᇷற
[4][10]Ζ 

ऱᇷறᑌٵᑌᑑऱլ࠷ऱैปءᄅፊᑌ܀ᑌཚၴ࠷ऱٵऱኔ᧭ᑑऱঞਢಾኙઌߒઔء

אᑓীࡺᑓীΕk່२ᔣּߦ࣐ऱ១נ༽ࢬߒઔءለֺࠀ᧭ᛀࠐشऱঞਢؾ᧭ႃΔኔء
֗ٽᑓীਢߓ֒༽ڶࠠܡอᖞ᧯ቃྒྷய౨ऱ٥ຏࢤΔֺࠀለլٵᑌءᇷறႃٽኙ࣍լ

 Ր᧭ᢞ։࣫ऄ(3-foldٌڤމԿشଚආݺኔ᧭խΔڇอய౨ฆ࿓৫ΖߓปᑑऱՀऱैٵ
cross-validation)[20]ࠐኔ᧭ΔՈ༉ਢലگࢬႃऱᇷறᑌګ֊݁ؓءԿ։ΔࠡխԿ։
հԲऱᇷறᑌءಝᒭᇷறΔԿ։հԫऱᇷறᑌ܂ءྒྷᇢᇷறΔࠀ։ܑૠጩנᇠྒྷ

ᇢᇷறऱ壄ᒔ֗ڃ״Ιհ৵ലಝᒭΕྒྷᇢᇷறᔚੌኙངΔޡڼᨏ٥ച۩ Δऴࠩڻ3
ᨃޢԫᇷறຟᅝመԫྒྷڻᇢᇷறΔױڼڕࠩᖞ᧯ೣଖለ՛ড়ᨠऱᑇᖕΖ 

ΰԲαΕေ۷ֱऄ 

֗א(Recall)Εڃ״壄ᒔ(Precision)Εشኔ᧭ऱေ۷ֱऄਢආء F-measure ေࠐ
 ՀΚڕᆠࡳயऱਐᑑ[19]Ζฤᇆګอߓ۷

TPΚ֮ٙኔᎾᇠᣊܑΔۖߓอՈإᒔچല֮ٙ։ᣊᇠᣊܑհଡᑇ 
FPΚ֮ٙኔᎾॺ᥆ᇠᣊܑΔߓ܀อല֮ٙ։ᣊᇠᣊܑհଡᑇΖ 
TNΚ֮ٙኔᎾॺ᥆ᇠᣊܑΔߓอՈإᒔچല֮ٙ։ᣊګॺᇠᣊܑհଡᑇΖ 
FNΚ֮ٙኔᎾᇠᣊܑΔߓ܀อല֮ٙ։ᣊګॺ᥆ᇠᣊܑհଡᑇΖ 

壄ᒔਢૠጩ։ᣊߓอቃྒྷࠡਬԫᣊܑழΔߓอإᒔቃྒྷऱۍ։ֺΔࠡֆڕڤՀΖ 

FPTP
TPPrecision
Ѐ

Ј �…�…�…�…�…�…�…�…�…�…�…�…�…�…�…�…�…(ֆڤ 10) 

 ՀΖڕڤ։ֺΔࠡֆۍᒔ։ᣊऱإอᇖࠩߓਢૠጩ։ᣊڃ״

FNTP
TPRecall
Ѐ

Ј �…�…�…�…�…�…�…�…�…�…�…�…�…�…�…�…�…�…(ֆڤ 11) 

F-measure ਢࠉᖕ壄ᒔڃ״ࡉࠟଡਐᑑאףጵګۖٽऱေ۷ਐᑑΔࠡૠጩֆߠڤֆ
ڤ 12Δࠡխ ଖਢࠐشڇࡳ F-measureխ壄ᒔΕڃ״ૹ࿓৫܅ऱᓳᖞᑇΔ
ଚലݺխΔߒઔءڇ F-measureऱ ଖ 1ΔՈ༉ਢല壄ᒔ֗ڃ״ኙ࣍ F-measure
ᐙԺऱૹ࿓৫ီਢ݁ऱΖ 
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0Δ
RecallPrecision

RecallPrecision)1(measure-F �…�…�…�…�…�…(ֆڤ 12) 

ଖᠦཋ֏ࢤ᥆ٺࠐᣊܑؓ݁ω֗ψᣊܑ"ይ"Ε"ၓ"ؓ݁ωڶࢬψאࠀଚݺΔ؆ڼ
ၴՀऱᖞ᧯ؓ݁ய౨ေ۷ਐᑑΔ֗אψᣊܑᑑᄷωࠐֺለᣊܑၴڼฆ࿓৫ऱ

ေ۷ਐᑑ[5]Ζ 

ψڶࢬᣊܑؓ݁ωਢਐᣊܑ"ይ"Εᣊܑ"ၓ"Ε֗אᣊܑ"ؓ"ऱຍԿଡᣊܑऱᖞ᧯ؓ݁
壄ᒔΕᖞ᧯ؓ݁ڃ״֗ᖞ᧯ؓ݁ F-measureଖΔڼေ۷ਐᑑࠐشאױᘝၦߓอᖞ᧯
ऱቃྒྷய౨Δਐᑑଖ။ז।ߓอᖞ᧯ऱؓ݁ቃྒྷய౨။ࠋΔኙދ࣍ᇷԳދ۩ၞڇᇷެ

ழऱەᏝଖՈ။Δࠡֆڤ։ܑڕֆڤ 13Εֆڤ 14Εֆڤ  Ζقࢬ15

}"","","{"Δ
3

Precision
3

1 ຳѳᅍᜪձ܌Ԗᜪձѳ֡
ᜪձ

ᆒዴ ii
i

�…�…�…�…(ϦԄ 13) 

}"","","{"Δ
3

Recall
3

1 ຳѳᅍᜪձ܌Ԗᜪձѳ֡
ᜪձ

єӣ ii
i

�…�…�…�…�…(ϦԄ 14) 

}"","","{"Δ
3

measure-F
3

1
measure-F ຳѳᅍᜪձ܌Ԗᜪձѳ֡

ᜪձ

ii
i

�…�…(ϦԄ 15) 

ψᣊܑ"ይ"Ε"ၓ"ؓ݁ωঞਢਐᣊܑ"ይ"֗ᣊܑ"ၓ"ຍࠟଡᣊܑऱؓ݁壄ᒔΕؓ݁״
֗ؓ݁ڃ F-measureଖΔڼေ۷ਐᑑࠐشאױᘝၦߓอኙ࣍టإᄎᐙދᇷᛧܓፖܡ
ऱᣊܑ"ይ"֗ᣊܑ"ၓ"ຍࠟଡᣊܑऱؓ݁ቃྒྷய౨Δਐᑑଖ။ז।ߓอኙ࣍ᣊܑ"ይ"
֗ᣊܑ"ၓ"ຍࠟଡᣊܑऱؓ݁ቃྒྷய౨Ո။ࠋΔೈԱދࠎ༽ױᇷԳၞڇ۩၇ၞࢨᔄנழ
ऱދᇷެ᎖ܗ؆ΔޓਢᐙދᇷԳᛧܓፖܡऱᣂਐᑑΔࠡֆڤ։ܑڕֆڤ 16Εֆ
ڤ 17Εֆڤ  Ζقࢬ18

}{
2

Precision
2

1 ຳ##-ᅍ##Ǵᜪձѳ֡ຳ#ǵ#ᅍ#ᜪձ#
ᜪձ

ᆒዴ ii
i

�…�…�…(ϦԄ 16) 

}{
2

Recall
2

1 ຳ##-ᅍ##Ǵᜪձѳ֡ຳ#ǵ#ᅍ#ᜪձ#
ᜪձ

єӣ ii
i

�…�…�…�…(ϦԄ 17) 

}{
2

measure-F
2

1
measure-F ຳ##-ᅍ##Ǵᜪձѳ֡ຳ#ǵ#ᅍ#ᜪձ#

ᜪձ

ii
i

�…(ϦԄ 18) 

ψᣊܑᑑᄷωਢࠐشᘝၦٺᣊܑၴڼऱฆ࿓৫Օ՛ऱਐᑑΔᣊܑᑑᄷ။՛।ق

ᇠߓอኙٺ࣍ᣊܑऱቃྒྷய౨။ԫી֗ࡳΔ။౨༼ދࠎᇷԳၞ۩ދᇷެழऱڶய

ᣊܑऱቃྒྷய౨ᆵለՕΔለ୲ٺ࣍อኙߓ।ᇠזᖕΖ֘հΔૉᣊܑᑑᄷ။Օঞࠉە

ऱൣउ࿇܅౨ॺൄױԫଡऱቃྒྷய౨থኙ܀ਬԫଡᣊܑऱቃྒྷய౨ৰΔ࣍ኙس࿇࣐

ࠉەயڶᇷެழऱދ۩ᇷԳၞދࠎ༽լ౨ࠀอऱቃྒྷ࣠ߓउᄎᖄીᇠൣڼΔس

ᖕΖኙ࣍։ᣊᕴऱᖞ᧯ቃྒྷய౨ۖߢΔݺଚᄎݦඨࠡψᣊܑᑑᄷω။՛။ړΔז।ᇠ
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։ᣊᕴኙٺ࣍ᣊܑऱቃྒྷய౨ለױ֗ࡳᔾΖᣊܑᑑᄷऱૠጩֆڤ։ܑڕֆڤ

19Εֆڤ 20Εֆڤ  Ζقࢬ21

}"","","{"  
3

)PrecisionPrecision(
3

1=i
i

Precision ຳѳᅍǴᜪձ

.

ᜪձྗৡ
Ԗᜪձѳ֡ᜪձ܌

i

�…�…(ϦԄ 19) 

}"","","{"  
3

)RecallRecall(
3

1=i
i

Recall ຳѳᅍǴᜪձ

.

ᜪձྗৡ
Ԗᜪձѳ֡ᜪձ܌

i   

�…�…(ϦԄ 20) 

}"","","{"  
3

)measure-Fmeasure-F(
3

1=i
i

measure-F ຳѳᅍǴᜪձ

.

ᜪձྗৡ
Ԗᜪձѳ֡ᜪձ܌

i

�…�…(ϦԄ 21) 

ΰԿαΕᑓᚵ NewsCATSߓอ 

ᒌैᏝይၓႨቃگઌᣂଡैऱᅝֲ۩ၞࠐऱૹ֨ਢຘመ։ዌ֏ऱᄅፊᇷಛߒઔء

ྒྷऱઔߒΖྥۖΔݺڇଚؾছַࢬ౨ࠩބऱैᏝቃྒྷઌᣂઔߒխΔየٵߩᑌਢຘመ։

࣫ᄅፊᇷಛࠀಾኙઌᣂଡैၞ۩ैᏝይၓႨቃྒྷऱઔृࠫૻߒխΔႛא Mittermayer
ऱઔءࡉߒઔ່ߒ൷२Ζءڇڼڂઔߒխऱኔ᧭ֺለᑑऱ Mittermayer ऱנ༽ࢬ
NewsCATSߓอΖឈྥ NewsCATSऱᖞ᧯ቃྒྷய࣠ᚌฆΔኙ࣍ᣊܑ"ؓ"ऱؓ݁ቃྒྷ
壄ᒔሒ 98%Δ܀ኙ࣍ᣊܑ"ይ"Ε"ၓ"ऱؓ݁ቃྒྷ壄ᒔথ։ܑڶ 5%֗ 6%Δቃྒྷ
ய࣠ለᣊܑ"ؓ"၏ॺൄ᧩ထΖຍଡွ᧩ق NewsCATSऱߓอૻࠫਢႛ౨༼ދࠎᇷ
Գኙ࣍ᣊܑ"ؓ"ऱቃྒྷࠐࠡދᇷެऱࠉەᖕΔኙދ࣍ᇷԳޓૹီᐙࠡ
ᛧܓፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"ຍࠟଡᣊܑՂऱቃྒྷய࣠ΔNewsCATSߓอথլ౨༼ࠎ
 ᖕΖࠉەᔾऱቃྒྷױய֗ڶᇷԳދ

ഗ࣍ Mittermayer ऱઔءࡉߒઔߒսڶڍլٵհΔڕΚᄅፊᇷಛऱߢլٵΕᢞࠦ
ؑլٵΕᄅፊ࠷ᑌཚၴլٵ�…壆ڍฆរΖ࣍ૻ࠹ᣄ࠷א Mittermayer ᅝழऱ
ᑌءᇷற֗ࠡ։ᣊᕴऱૹ৬ழऱઌᣂࡳΔڼڂΔݺଚආ࠷ᑓᚵ NewsCATS ऱֱࠐڤ
ኔ᧭ऱֺለഗ៕Ζڇհ৵ၞ۩ઌᣂऱኔ᧭խΔءઔߒᄎאᑓᚵऱ NewCATSߓอࠐ
ཙኔᎾऱז NewsCATSߓอΔݺࡉࠀଚנ༽ࢬऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗א
ᑓᚵऱאଚᄎݺՀאอቃྒྷய౨ऱֺለΖߓڼ۩ၞࠐᑓীٽ NewsCATS ཙזאอߓ
ኔᎾऱ NewsCATSߓอࠐኔ᧭ֺለऱᑑऱΖ 

ΰαΕኔ᧭࣠֗։࣫ 

ڼอߓٵᄅፊᑑऱैปՀऱլٵլ࣍ᑌཚၴՀΔኙ࠷ઌ२ऱڇ൶ಘ࣍ڇኔ᧭ऱૹ֨ء

ၴऱᖞ᧯ய౨ฆ࿓৫۶Δၞࠀԫޡ൶ಘءઔڇߒլٵऱᇷறႃٽՀਢܡսࠠڶ༼֒

ଡΔ։ܑਢᜤሽᄅፊᇷறႃΕڶᇷறႃ٥ءኔ᧭ऱᑌءΖࢤشอᖞ᧯ቃྒྷய౨ऱᔞߓ

٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃΕم֗א㠨ᄅፊᇷறႃΖ 

। 1խ։ܑᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖم㠨ᄅፊᇷறႃڇ
৬ᆜ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓীፖٽᑓীழऱ່ᔞᑇࡳଖΖ 
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। 1. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃऱ່ᔞᑇࡳଖ 

ᄅፊᑌءᇷறႃٽ ່२ᔣࡺᑇ ॰ាଖࡳ ᇷற࠷ᑌཚၴ ᇷறᑇ 

ᜤሽᄅፊᇷறႃ k= 1 ӭ= 20% 4ଡִ 197 

٠ᣪᄅፊᇷறႃ k= 1 ӭ= 10% 5ଡִ 187 

དྷሽᄅፊᇷறႃ k= 1 ӭ= 90% 7ଡִ 291 

 㠨ᄅፊᇷறႃ k= 7 ӭ= 90% 5ଡִ 72م

㠨ᄅፊᇷறႃຍิمଚಾኙᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖݺ

อய౨ऱֺߓၴڼ۩ၞٽᇷறႃءᄅፊᑑऱैปऱᄅፊᑌٵಾኙլᑌཚၴઌ२࠷

ለፖ։࣫൶ಘΖڇຍิᄅፊᑌءᇷறႃٽխΔݺଚאψڶࢬᣊܑؓ݁ωΕψᣊܑ"ይ"Ε
"ၓ"ؓ݁ω֗ ψᣊܑᑑᄷωࠐေ۷ءڇઔנ༽ࢬߒऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓীΕ
ٽᑓীፖᑓᚵ NewCATS อᖞ᧯ऱߓנق᧩אױᣊܑؓ݁ωڶࢬอऱᖞ᧯ய౨Ιψߓ
ؓ݁ቃྒྷய౨Δψᣊܑ"ይ"Ε"ၓ"ؓ݁ωঞق᧩אױᐙދᇷԳᛧܓፖܡऱᣊܑ"ይ"֗ᣊ
ܑ"ၓ"ऱؓ݁ቃྒྷய౨Δۖψᣊܑᑑᄷωঞߓق᧩אױอփऱᣊܑၴڼቃྒྷய౨ऱ
ฆ࿓৫Ζ 

।ڇ 2Ε। 3֗। 4խΔ։ܑ᧩قᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃ
ፖم㠨ᄅፊᇷறႃڇ១ּߦ࣐ᑓীՀऱߓอቃྒྷ壄ᒔΕڃ״֗ F-measureଖΔࠡխ
ऱᑓᚵ NewsCATS ᑓᚵऱࢬอՀߓࠡڇᇷறႃՀءଡᄅፊᑌޢऱᑇଖਢലۯอ᥏ߓ
NewsCATS ᑓᚵऱؓ݁ࢬՀٽᇷறႃءຍิᄅፊᑌڇΔՈ༉ਢ᜔݁ؓףอ։ܑߓ
NewsCATSߓอய౨Ζ 

ኔ᧭࣠᧩قΔᅝאψڶࢬᣊܑؓ݁ωࠐߓอᖞ᧯ေ۷ਐᑑழΔೈԱདྷሽሽᄅፊᇷ

றႃڇ壄ᒔ֗ F-measureለᑓᚵ NewsCATSߓอ։ܑ܅ 2.66%֗ 0.61%؆Δࠡ塒ऱᄅ
ፊᑌءᇷறႃٽऱߓอᖞ᧯ؓ݁ቃྒྷய౨ຟਢֺᑓᚵ NewsCATSߓอΖ 

ۖኙ࣍ᐙދᇷԳᛧܓፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"ऱေ۷ਐᑑψᣊܑ"ይ"Ε"ၓ"ؓ݁ωΔ
ᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖم㠨ᄅፊᇷறႃຍิᄅፊᑌء

ᇷறႃٽऱߓอቃྒྷய౨ຟਢֺᑓᚵ NewsCATS อΙࠡխΔ壄ᒔֺᑓᚵߓ
NewsCATS อߓ 9.71%ࠩ 33.00%հၴΔڃ״ֺᑓᚵ NewsCATS อߓ 7.28%ࠩ
32.61%հၴΔF-measureଖֺᑓᚵ NewsCATSߓอ 17.45%ࠩ 27.36%հၴΖ 

ᅝאψᣊܑᑑᄷωࠐေ۷ڇຍิᄅፊᑌءᇷறႃٽՀऱ១ּߦ࣐ᑓীխऱᣊܑၴ

ᑓᚵق᧩ቃྒྷய౨ฆ࿓৫ழΔኔ᧭ᑇᖕڼ NewsCATS ऱᣊܑၴऱቃྒྷய౨ฆ࿓৫
່ՕΔ᧩قᇠߓอऱቃྒྷࠀլ౨ڶயދᇷԳၞ۩ދᇷެழऱࠉەᖕΖ 

। 2. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ១ּߦ࣐ᑓী壄ᒔֺለ 

壄ᒔ(%) ᜤሽᄅፊᇷ
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 49.24 73.81 53.03 24.07 80.41 

ᣊܑ"ၓ" 47.87 39.17 34.39 62.50 11.48 

ᣊܑ"ይ" 45.70 44.62 24.44 42.93 27.95 

 ᣊܑؓ݁ 47.60 52.53 37.29 43.17 39.95ڶࢬ

357



ᣊܑ"ይ"Ε"ၓ"ؓ݁ 46.79 41.89 29.42 52.71 19.71 

ᣊܑᑑᄷ 1.79 18.63 14.51 19.21 39.24 

। 3. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ១ּߦ࣐ᑓীڃ״ֺለ 

(%) ᜤሽᄅፊᇷڃ״
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 49.54 18.67 33.90 77.78 75.72 

ᣊܑ"ၓ" 55.35 16.85 62.13 18.52 20.94 

ᣊܑ"ይ" 36.51 91.72 25.94 39.39 22.43 

 ᣊܑؓ݁ 47.13 42.41 40.66 45.23 39.70ڶࢬ

ᣊܑ"ይ"Ε"ၓ"ؓ݁ 45.93 54.29 44.03 28.96 21.68 

ᣊܑᑑᄷ 9.65 42.71 19.02 30.06 40.33 

। 4. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ១ּߦ࣐ᑓী F-measureଖֺለ 

F-measure(%) ᜤሽᄅፊᇷ
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 49.39 29.80 41.36 36.77 77.70 

ᣊܑ"ၓ" 51.34 23.56 44.27 28.57 14.61 

ᣊܑ"ይ" 40.59 60.03 25.17 41.08 19.74 

 ᣊܑؓ݁ 47.37 46.93 38.90 44.17 39.51ڶࢬ

ᣊܑ"ይ"Ε"ၓ"ؓ݁ 46.35 47.29 35.27 37.38 19.93 

ᣊܑᑑᄷ 5.73 19.51 10.29 6.36 38.71 

।ڇ 5Ε। 6֗। 7խ։ܑ᧩قᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖ
ڇ㠨ᄅፊᇷறႃم k່२ᔣࡺᑓীՀऱߓอቃྒྷ壄ᒔΕڃ״֗ F-measureଖΖ 

ኔ᧭࣠᧩قΔᅝאψڶࢬᣊܑؓ݁ωࠐߓอᖞ᧯ေ۷ਐᑑழΔຍิᄅፊᑌءᇷ

றႃٽऱߓอቃྒྷய౨ຟਢֺᑓᚵ NewsCATSߓอΙࠡխΔ壄ᒔֺᑓᚵ NewsCATS
อߓ 2.62%ࠩ 10.81%հၴΔڃ״ֺᑓᚵ NewsCATSߓอ 1.04%ࠩ 11.56%հၴΔ
F-measureଖঞֺᑓᚵ NewsCATSߓอ 2.12%ࠩ 11.50%հၴΖۖኙ࣍ᐙދᇷԳᛧܓ
ፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"ऱေ۷ਐᑑψᣊܑ"ይ"Ε"ၓ"ؓ݁ωΔೈԱم㠨ᄅፊᇷறႃڇ
Ղለᑓᚵڃ״ NewsCATS ܅อߓ 2.24%؆Δࠡ塒ຟਢለᑓᚵ NewsCATS อऱቃྒྷߓ
ய౨Ζᅝאψᣊܑᑑᄷωࠐေ۷ڇຍิᄅፊᑌءᇷறႃٽՀऱ k່२ᔣࡺᑓীխ
ऱᣊܑၴڼቃྒྷய౨ฆ࿓৫ழΔኔ᧭ᑇᖕՈ᧩قᑓᚵ NewsCATS ऱᣊܑၴऱቃྒྷ
ய౨ฆ࿓৫່ՕΔ᧩قᇠߓอऱቃྒྷࠀլ౨ڶயދᇷԳၞ۩ދᇷެழऱࠉەᖕΖ 

। 5. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ k່२ᔣࡺᑓী壄ᒔֺለ 

壄ᒔ(%) ᜤሽᄅፊᇷ
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 46.04 57.39 56.12 16.59 80.41 
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ᣊܑ"ၓ" 46.52 33.54 44.52 61.11 11.48 

ᣊܑ"ይ" 52.63 61.36 40.99 50.00 27.95 

 ᣊܑؓ݁ 48.40 50.76 47.21 42.57 39.95ڶࢬ

ᣊܑ"ይ"Ε"ၓ"ؓ݁ 49.57 47.45 42.76 55.56 19.71 

ᣊܑᑑᄷ 3.67 15.05 7.92 23.17 39.24 

। 6 . ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ k່२ᔣࡺᑓীڃ״ֺለ 

(%) ᜤሽᄅፊᇷڃ״
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 48.00 57.33 43.03 83.33 75.72 

ᣊܑ"ၓ" 46.32 34.62 38.98 33.33 20.94 

ᣊܑ"ይ" 49.21 61.83 57.97 5.55 22.43 

 ᣊܑؓ݁ 47.84 51.26 46.66 40.74 39.70ڶࢬ

ᣊܑ"ይ"Ε"ၓ"ؓ݁ 47.76 48.23 48.47 19.44 21.68 

ᣊܑᑑᄷ 1.45 14.59 10.00 39.42 40.33 

। 7 . ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ k່२ᔣࡺᑓী F-measureଖֺለ 

F-measure(%) ᜤሽᄅፊᇷ
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 47.00 57.36 48.71 27.67 77.70 

ᣊܑ"ၓ" 46.42 34.07 41.57 43.13 14.61 

ᣊܑ"ይ" 50.86 61.59 48.03 10.00 19.74 

 ᣊܑؓ݁ 48.12 51.01 46.93 41.63 39.51ڶࢬ

ᣊܑ"ၓ"Ε"ይ"ؓ݁ 48.65 47.84 45.44 28.80 19.93 

ᣊܑᑑᄷ 2.42 14.82 3.94 16.58 38.71 

।ڇ 8Ε। 9 ֗। 10 խ։ܑ᧩قᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃ
ፖم㠨ᄅፊᇷறႃڇٽᑓীՀऱߓอቃྒྷ壄ᒔΕڃ״֗ F-measureଖΖ 

। 8 . ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհٽᑓী壄ᒔֺለ 

壄ᒔ(%) ᜤሽᄅፊᇷ
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 50.87 82.50 56.14 18.29 80.41 

ᣊܑ"ၓ" 54.45 43.89 44.46 56.67 11.48 

ᣊܑ"ይ" 47.99 46.91 40.99 55.56 27.95 

 ᣊܑؓ݁ 51.10 57.77 47.20 43.50 39.95ڶࢬ

ᣊܑ"ይ"Ε"ၓ"ؓ݁ 51.22 45.40 42.73 56.11 19.71 
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ᣊܑᑑᄷ 3.23 21.47 7.94 21.84 39.24 

। 9 . ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհٽᑓীڃ״ֺለ 

(%) ᜤሽᄅፊᇷڃ״
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 53.44 24.00 42.22 91.67 75.72 

ᣊܑ"ၓ" 50.26 19.41 40.17 25.92 20.94 

ᣊܑ"ይ" 42.86 93.11 57.97 11.36 22.43 

 ᣊܑؓ݁ 48.85 45.51 46.78 42.98 39.70ڶࢬ

ᣊܑ"ይ"Ε"ၓ"ؓ݁ 46.56 56.26 49.07 18.64 21.68 

ᣊܑᑑᄷ 5.43 41.29 9.74 42.78 40.33 

। 10 . ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհٽᑓী F-measureଖֺለ 

F-measure(%) ᜤሽᄅፊᇷ
றႃ 

٠ᣪᄅፊ
ᇷறႃ 

དྷሽᄅፊ
ᇷறႃ 

㠨ᄅፊم
ᇷறႃ 

ᑓᚵ
NewsCATS

ᣊܑ"ؓ" 52.12 37.18 48.19 30.50 77.70 

ᣊܑ"ၓ" 52.27 26.92 42.21 35.57 14.61 

ᣊܑ"ይ" 45.28 62.39 48.03 18.87 19.74 

 ᣊܑؓ݁ 49.95 50.91 46.99 43.24 39.51ڶࢬ

ᣊܑ"ይ"Ε"ၓ"ؓ݁ 48.78 50.25 45.68 27.99 19.93 

ᣊܑᑑᄷ 3.99 18.25 3.41 8.56 38.71 

㠨ᄅፊᇷمଚಾኙᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖݺኔ᧭խءڇ

றႃຍ࠷ิᑌཚၴઌ२܀ᄅፊ࠷ᑌᑑऱլैٵปၞ۩ၴڼᖞ᧯ய౨ฆ࿓৫ऱ

ֺለΔࡉࠀᑓᚵ NewsCATSߓอၞ۩ֺለΔ៶אᛀ᧭ڇኔ᧭ Aխኙء࣍ઔנ༽ࢬߒऱ
១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗ٽᑓীਢٵܡᑌᔞࠡ࣍ش،ऱᑌءᇷறႃٽΔٵ
ᑌ౨ࠠޏڶᑓᚵ NewsCATS ऱᄅፊऱᇷறٵΔլق᧩᧭ኔءอऱᖞ᧯ቃྒྷய౨Ζߓ
ႃٽឈྥڼऱቃྒྷய౨ࠀլᄎ٤ݙઌٵΔլመຘመ່ᔞᑇऱءڇࠡࠌאױࡳઔߒ

ለڶᑓীխࠠٽᑓী֗ࡺᑓীΕk່२ᔣּߦ࣐ऱ១נ༽ࢬ NewsCATSߓอࠋऱߓ
อቃྒྷய౨Ζ 

նΕᓵ 

ैᏝऱይၓ᧢֏ਢ࣍طᢞࠦؑխฒڍլދٵᇷԳ֗ࠡދᇷެ৵ࢬขسऱ࣠Ζྥ

ۖΔᐙैᏝ᧢೯ऱైڂฒڍᓤᠧΔᄅፊՈ᥆ࠡ࣍խԫጟΔᄅፊٙࠃլ܀ਢދᇷԳش

ࠡޓ᧢ࢨࡳᇷԳެދழՈਢᐙٵտΔऱઌᣂᛜሎᇷಛऱवᇠैปՂؑֆࠐ

ैปދᇷฃऱైڂհԫΖءઔאנ༽ߒᄅፊ֮ٙैᏝይၓቃྒྷߓอऱഗ៕ਮ

ዌΔຘመ֮ڗ൶೮ݾ֗։ᣊݾࠐ৬ᆜנ౨ቃྒྷᅝֲଡैگᒌैᏝይၓႨհߓอΖ

ຘመࠀᑓীຍԿጟ։ᣊᑓীΔٽ֗אᑓীࡺᑓীΕk່२ᔣּߦ࣐Ա១נ༽٥ߒઔء
ኔ᧭ࠐᛀ᧭ߓอऱቃྒྷய౨Ζ 
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ኔ᧭࣠᧩ءقઔנ༽ࢬߒऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗אٽᑓীຍԿጟ։ᣊ
ᑓীኙߓ࣍อऱᖞ᧯ؓ݁ቃྒྷய౨֗ኙ࣍ᐙދᇷԳᛧܓፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"
ऱؓ݁ቃྒྷய౨ຟਢֺઌᣂઔߒऱߓอቃྒྷய౨ࠋΔ᧩ءقઔנ༽ࢬߒऱ։ᣊᑓীױ

 ᔾऱቃྒྷᔆΖױ֗ࡳᇷԳ༽ࠎ༽א
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F1 KSE-ME ECI-ME
ECI-SVM F1

 

Macro-Precision 
 d 
 ECI-SVM ECI-ME KSE-ME 

macroP  0.00  0.01  0.05 0.00 0.01 0.05 0.00  0.01  0.05 
0.00 1.08% 1.09% 1.24% 1.11% 1.12% 1.21% 1.32% 1.32% 1.42% 
0.10  1.18% 3.12%  1.28% 2.77%  2.36% 9.05% 
0.20  1.34% 8.37%  1.74% 14.80%  4.93% 26.55%
0.30  1.82% 13.18%  3.04% 30.04%  10.09% 36.34%
0.40  3.50% 15.32%  5.98% 35.96%  17.62% 42.42%
0.50  6.87% 16.25%  12.98% 38.62%  22.82% 47.55%
0.60  9.45% 16.81%  20.91% 40.42%  30.08% 49.37%
0.70  12.68% 17.20%  23.85% 41.34%  33.96% 50.12%
0.80  14.69% 17.52%  24.95% 41.81%  35.31% 51.01%
0.90  16.86% 17.90%  24.38% 42.17%  35.52% 51.96%

s 

1.00  17.64% 17.93%  24.93% 42.40%  36.05% 52.72%

 

Micro-Precision 
 d 
 ECI-SVM ECI-ME KSE-ME 

microP  0.00  0.01  0.05 0.00 0.01 0.05 0.00  0.01  0.05 
0.00 1.08% 1.09% 1.23% 1.11% 1.12% 1.18% 1.29% 1.30% 1.40% 
0.10  1.18% 2.43%  1.28% 2.26%  1.75% 4.80% 
0.20  1.34% 6.34%  1.71% 9.82%  2.84% 18.52%
0.30  1.80% 9.86%  2.84% 23.47%  4.81% 29.10%
0.40  3.29% 11.33%  5.58% 30.47%  6.94% 35.71%
0.50  6.21% 12.24%  10.93% 34.10%  11.32% 39.81%
0.60  8.90% 12.87%  18.58% 37.24%  19.35% 40.81%
0.70  11.71% 13.46%  20.91% 38.79%  25.17% 41.34%
0.80  13.27% 13.95%  21.36% 39.32%  26.97% 41.97%
0.90  14.76% 14.26%  20.29% 39.67%  27.37% 42.41%

s 

1.00  15.27% 14.33%  20.33% 39.92%  28.13% 43.61%

 

Macro-Recall 
 d 
 ECI-SVM ECI-ME KSE-ME 

macroR  0.00  0.01  0.05 0.00 0.01 0.05 0.00  0.01  0.05 
0.00 94.66% 94.66% 88.48% 95.80% 96.05% 94.42% 97.43% 97.69% 97.69%
0.05  95.83% 94.31%  95.96% 92.09%  96.99% 94.80%
0.10  95.67% 92.44%  92.98% 85.16%  93.80% 89.98%
0.20  92.41% 86.91%  87.57% 79.65%  89.21% 83.12%
0.30  89.58% 83.66%  84.40% 76.92%  85.06% 81.02%
0.40  86.54% 81.54%  81.89% 76.40%  81.68% 78.32%
0.50  84.11% 80.12%  79.85% 75.54%  78.66% 76.99%
0.60  80.72% 79.28%  78.20% 74.87%  76.79% 76.46%
0.70  79.37% 78.53%  76.70% 74.35%  75.42% 76.12%
0.80  77.69% 77.89%  76.22% 73.49%  74.08% 76.07%
0.90  77.18% 77.82%  74.67% 72.94%  73.49% 76.00%

s 

1.00  76.56% 77.79%  73.22% 72.83%  73.31% 75.93%
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Micro-Recall 
 d 
 ECI-SVM ECI-ME KSE-ME 

microR  0.00  0.01  0.05 0.00 0.01 0.05 0.00  0.01  0.05 
0.00 94.76% 94.79% 87.91% 96.20% 96.44% 94.59% 97.26% 97.40% 97.60%
0.05  96.23% 95.14%  96.85% 94.35%  97.33% 96.27%
0.10  96.37% 93.63%  95.51% 90.00%  95.68% 92.36%
0.20  94.69% 89.69%  91.88% 85.41%  91.92% 86.06%
0.30  92.74% 87.39%  88.69% 82.46%  87.87% 83.59%
0.40  90.10% 85.58%  86.47% 82.01%  84.65% 81.02%
0.50  88.08% 84.52%  84.96% 80.92%  81.67% 79.86%
0.60  85.17% 83.66%  83.86% 80.40%  79.72% 79.48%
0.70  83.56% 82.91%  82.87% 79.82%  78.07% 79.10%
0.80  81.71% 82.19%  82.53% 79.24%  77.05% 79.07%
0.90  81.06% 82.05%  81.64% 78.66%  76.50% 78.93%

s 

1.00  80.54% 82.01%  79.38% 78.59%  76.26% 78.76%

Macro-F1 
 d 
 ECI-SVM ECI-ME KSE-ME 

macroF  0.00  0.01  0.05 0.00 0.01 0.05 0.00  0.01  0.05 
0.00 2.13% 2.15% 2.44% 2.19% 2.21% 2.38% 2.60% 2.61% 2.81% 
0.10  2.32% 5.92%  2.52% 5.27%  4.60% 16.44%
0.20  2.62% 14.59%  3.39% 23.59%  9.34% 40.24%
0.30  3.54% 21.99%  5.80% 41.84%  18.04% 50.17%
0.40  6.65% 24.85%  11.01% 47.65%  28.99% 55.03%
0.50  12.42% 25.99%  21.91% 50.03%  35.37% 58.79%
0.60  16.57% 26.66%  32.55% 51.53%  43.23% 60.00%
0.70  21.62% 27.14%  35.89% 52.26%  46.83% 60.44%
0.80  24.34% 27.52%  37.01% 52.48%  47.82% 61.07%
0.90  26.99% 28.00%  36.04% 52.67%  47.89% 61.72%

s 

1.00  27.81% 28.05%  36.36% 52.83%  48.34% 62.23%

Micro-F1 
 d 
 ECI-SVM ECI-ME KSE-ME 

microF  0.00  0.01  0.05 0.00 0.01 0.05 0.00  0.01  0.05 
0.00 2.14% 2.16% 2.43% 2.19% 2.22% 2.33% 2.54% 2.56% 2.77% 
0.10  2.33% 4.74%  2.53% 4.40%  3.44% 9.13% 
0.20  2.63% 11.85%  3.35% 17.61%  5.51% 30.48%
0.30  3.54% 17.72%  5.50% 36.54%  9.13% 43.17%
0.40  6.35% 20.01%  10.48% 44.43%  12.83% 49.57%
0.50  11.60% 21.38%  19.37% 47.98%  19.88% 53.13%
0.60  16.11% 22.31%  30.42% 50.90%  31.14% 53.93%
0.70  20.54% 23.16%  33.40% 52.21%  38.07% 54.30%
0.80  22.84% 23.86%  33.93% 52.56%  39.95% 54.83%
0.90  24.97% 24.30%  32.50% 52.74%  40.31% 55.17%

s 

1.00  25.67% 24.40%  32.37% 52.94%  41.10% 56.13%
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Abstract 

This paper is to compare two most common features representing a speech word for speech 
recognition on the basis of accuracy, computation time, complexity and cost.  The two 
features to represent a speech word are the linear predict coding cepstra (LPCC) and the 
Mel-frequency cepstrum coefficient (MFCC).  The MFCC was shown to be more accurate 
than the LPCC in speech recognition using the dynamic time warping method.  In this paper, 
the LPCC gives a recognition rate about 10% higher than the MFCC using the Bayes decision 
rule for classification and needs much less computational time to be extracted from speech 
signal waveform, i.e., the MFCC needs computational time 5.5 time as much as the LPCC 
does.  The algorithm to compute a LPCC from a speech signal much simpler than a MFCC, 
which has many parameters to be adjusted to smooth the spectrum, performing a processing 
that is similar to be adjusted to smooth the spectrum, performing a processing that is similar 
to that executed by the human ear, but the LPCC is easily obtained by the least squares 
method using a set of recursive formula. 

Key words: Bayes decision rule, linear predict coding, Mel-frequency cepstrum coefficient, 
signal processing, speech recognition. 

1. Introduction 

A speech recognition system basically contains extraction of features and classification 
of an utterance of an acoustical word. The measurements made on the speech waveform 
include energy, zero crossings, extrema count, formants, LPC cepstrum (LPCC) [1-4] and the 
Mel frequency cepstrum coefficient (MFCC) [5-8].  The LPC method provides a robust, 
reliable and accurate method for estimating the parameters that characterize the linear, 
time-varying system which is recently used to approximate the nonlinear, time-varying 
system of the speech waveform. The MFCC method uses the bank of filters scaled according 
to the Mel scale to smooth the spectrum, performing a processing that is similar to that 

  
379



executed by the human ear.  The filters with Mel scales spaced linearly at low frequencies 
and logarithmically at high frequencies are used to capture phonetically the characteristics of 
speech [8].  For recognition, Davis and Mermelstein [5] used the dynamic time warping 
algorithm to show that the performance of the MFCC was better than the LPCC.  

In this paper, we use a simple technique [9] for speech data compression of the 
sequence of MFCC vectors and the sequence of LPCC vectors to obtain a matrix of feature 
values respectively. For speech recognition, we simply use a simplified Bayes decision rule 
with weighted variance, where each step is a simple calculation and which has the minimum 
probability of misclassification. In our study, there are two speech recognition experiments.  
In the first experiment, since both LPCC and MFCC are said to be robust and reliable to noise 
and estimation errors, our speech experiment is implemented in a noisy environment to test 
which feature is better on speech recognition.  Pick up 9 female and 10 male students and 
each pronounces 10 digits once using a common (not high-quality) microphone. Some 
students pronounce mandarin syllables not very clearly, since we have several types of 
accents to pronounce the same mandarin syllables.  In the second experiment, there are 87 
students to pronounce the mandarin syllables in a quiet classroom, which are most commonly 
used in usual conversations.  Our speech experiment is done like natural talking. Hence our 
speech system can be commonly used for all peoples and in all environments. The 
recognition rate using LPCC is significantly better than the rate using MFCC and the LPCC 
needs much less computational time to be extracted from speech signal waveform. 

2. Bayes Decision Rules 

Let  be the input feature vector of a speech data, which belongs to 
one of  categories (syllables) c

) ..., ,( XXX
m mii  ..., ,1  ,

1 k

.  Consider the decision problem consisting 
of determining whether X  belongs to .  Let  be the conditional density 
function of 

ic )|( icxf
X  given category .  Let ic i  be the prior probability of c  such that 

 i.e., the 
i

 1 i
m
i i,1  is the probability for the category c  to occur.  Let  be a 

decision rule. A simple loss function 
i d

 )),(( mixcL , ..., ,1 , di  is used such that the loss 
 when  makes a wrong decision and the loss  when 

 makes a right decision. Let 
1))( ,( xdcL i ic)(  ,( dcL ixd 0))(x

icxd )( ) ..., ,( m1  and let ) , d(R  denote the risk 
function (the probability of misclassification) of . Let d mii  ,  ..., ,1 , be  regions 
separated by  in the -dimensional domain of 

m
d k X , i.e.,  decides c  when d i iX .  

Then 
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where  is the complement of   Let  be the family of all decision rules which i .i D
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separate  categories.  Let the minimum probability of misclassification be denoted by m

(2.2)                                                                      ),(inf)( dRR
Dd

d

!

A decision rule  which satisfies (2.2) is called the Bayes decision rule with respect to 
the prior distribution  and is given in (2.3) [10].  We state the Bayes decision rule in the 
following theorem. 

 is defined by Theorem 2.1. [10] The Bayes decision rule with respect to 

(2.3)                                )|()|(        )( jjiii cxfcxf   ifcxd !

for all ,i.e., ij )}|()|(|{ cxfcxfx jjiii ij for all . 

     Note that if m/1i , , the Bayes decision rule (2.3) become a ML 
classifier. 

mi  ..., ,1

3. Feature Extraction 

3.1 Preprocessing Speech Signal 

Since our speech recognition experiment is implemented in a noisy environment, the 
speech data must contain noise.  We propose two simple methods to eliminate noise. One 
way is to use the sample variance of a fixed number of sequential samples to detect the real 
speech signal, i.e., the samples with small variance does not contain speech signal.  
Another way is to compute the sum of the absolute values of difference of two consecutive 
samples in a fixed number of sequential speech samples, i.e., the speech data with small 
absolute value do not contain real speech signal.  In our speech recognition experiment, 
the latter provides slightly faster and more accurate speech recognition. 

3.2 Mel-Frequency Cepstrum Coefficient (MFCC) 

The MFCC is a representation defined as the real cepstrum of a windowed short-time 
signal derived from the fast Fourier transform of the speech signal. In the MFCC, a 
nonlinear frequency scale is used, which approximates the behavior of the auditory system. 
The discrete cosine transform of the real logarithm of the short-time energy spectrum 
expressed on this nonlinear frequency scale is called the MFCC. Davis and Mermelstein [5] 
showed the MFCC representation to be beneficial for speech recognition. We detail the 
MFCC as follows [8]: 
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Let  denote the  samples of a speech waveform.  The discrete Fourier 
transform (DFT) X[k] of the speech signal is defined by 
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) ..., ,1 MmM  filters (We define a filterbank with , where filter  is a triangular filter 
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which satisfies . 1 ..., 1, ,0  ,1],[ 1 NkkmHm

Let  and  be the lowest and highest frequencies of the filterbank in  and let 
 be the sampling frequency in . The boundary points  are uniformly spaced 

in the mel-scale: 
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where .  The log-energy is 
computed by  

)1(700)(  and  )700/1(1125)( ebBflnfB
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The MFCC is then the discrete cosine transform of the M filters outputs: 

0
)5.3(                   0         )/)5.0((][)(

m
MnMmncosmSnc  

For speech recognition, normally, the number M  of filters is from 10 to 20 and the 
MFCC produced from the first few filters are the most effective in recognition.  In our 
experiment, we use 12M  

3.3 Linear Predict Coding Cepstrum (LPCC) 

     The MFCC was proved to be better than the LPC cepstrum for recognition by using 
the dynamic time warping (DTW) method [5], but the computational complexity for the 
MFCC is much heavier than that of the LPC cepstrum.  The LPC coefficients can be 
easily obtained by Durbin's recursive procedure [11-13] and their cepstra can be quickly 
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found by another recursive equations [11-13] without computing the discrete Fourier 
transform (DFT) and the inverse DFT, which are computationally complex and time 
consuming. 

The LPC method can also provide a robust, reliable and accurate method for 
estimating the parameters that characterize the linear and time-varying system [3, 11-13].  
The following is a brief discussion of LPC method.  It is assumed [13] that the sampled 
speech waveform  can be linearly predicted from the past  samples of . Let )(ˆ ns p )(ns

p

p

)6.3(                                                                 )()(ˆ
1k

k knsans  

where  is the number of the past samples and let E  be the squared difference between 
 and  over  samples of , i.e., )(ns )(ˆ ns N )(ns

1N

pka  ..., ,1  ,

)7.3(                                                               .)](ˆ)([
0

2

n
nsnsE  

The unknown k , are called the LPC coefficients and can be solved by the 
least square method. The most efficient method known for obtaining the LPC coefficients 
is Durbin's recursive procedure [3, 11-13]. Here in our experiments, , because the 
cepstra in the last few elements are almost zeros. 

12p

)(ns

a pk  ..., ,1
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n

p

     Both LPCC and MFCC are the method to compress or simplify the huge speech data 
 of a syllable into a simple data without loss of speech information.  The LPCC is 

more or less like the sufficient statistics of a random samples in statistics [14]. The LPC 
coefficients , , are actually the least squares estimators of the regression 
coefficients, i.e., the minimum variance linear estimators  of the regression 
coefficients [14]. The huge data of a frame are well-represented by the LPC coefficients 
unless LPC coefficients are too small, i.e., the estimates  of the regression coefficients 
are not significant as compared with noise. On the other hand, to produce a MFCC, one 
has to obtain the DFT of a frame of the huge data and after the Mel filter banks smooth the 
spectrum, performs the inverse DFT on the logarithm of the magnitude of filter bank 
output. It seems to us that the formula in (3.1)-(3.5) to produce a MFCC are a little 
arbitrarily or artificially or experimentally adjusted for human ears.  There is no 
theoretical theory to support the MFCC to well represent a syllable without loss of 
information.  Hence in this paper, we create a huge database from common mandarin 
sentences to obtain the recognition rates using the LPCC and MFCC respectively. 

k

k

k

3.4 Feature Extraction [9] 

     Our method to extract the feature from LPCC (MFCC) is quite simple.  Let 
, be the LPCC (MFCC) vector of size  for the 

k-th frame of a speech waveform, where  is the length of the LPCC (MFCC) sequence 
and  is the number of LPC coefficients in each frame.  Normally, if a speaker does 
not intentionally elongate pronunciation, a mandarin syllable has 30-70 vectors of LPCC 
(MFCC). 

p1
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Since an utterance of a syllable is composed of two basic parts: stable part and 
feature part. In the feature parts, the vectors have a dramatic change between two 
consecutive vectors, representing the unique characteristics of the syllable utterance and in 
the stable parts, the vectors stay about the same.  Even if the same speaker utters the 
same syllable, the duration of stable parts of the sequence of LPCC (MFCC) vectors 
changes every time with nonlinear expansion and contraction and hence the duration of the 
portion of feature vectors and duration of stable parts are different every time. Therefore, 
the duration of stable parts is contracted such that the compressed speech waveform has 
about the same length of the sequence of the vectors. Li [9] proposed several simple 
compression techniques to contract the stable parts of the sequence of vectors.  We state a 
simple one with good recognition rate as follows: 

nkkxkxkx  ..., ,1  ),)( ..., ,)(()( p1     Let 

p

)(kD
)1(kx

p

)( ..., ,1  ),( nmkkx

, be the k-th vector of a LPCC (MFCC) 
sequence with n vectors, which represents a mandarin syllable.  Let the difference of two 
consecutive vectors be denoted by 

i
ii nkkxkxkD

1
(3.8)                              . ..., ,2     |,)1()(|)(  

In order to accurately identify the syllable utterance, a compression process must first be 
performed to remove the stable and flat portion in the sequence of vectors.  A LPCC 
(MFCC) vector is removed if its absolute difference  from the previous vector 

 is too small.  In this study, a squared difference criterion is also used to 
remove the stable and flat portion of the sequence.  The criterion is expressed as 
follows: 

i
ii nkkxkxkD

1

2 (3.9)                        . ..., ,2     ,])1()([)(  

Let , be the new sequence of LPCC (MFCC) vectors after 
deletion. We think that the first part (about first 40 vectors) of an utterance of a mandarin 
syllable contains main features which can most represent the syllable and the rest of the 
sequence contains the "tail" sound, which has a variable length.  If a speaker 
intentionally elongates pronunciation of a syllable, the speaker only increases the tail part 
of the sequence. The length of the feature part stays about the same. As in [9], we 
partition the feature part (first 40 vectors of the new sequence) into 8 equal segments and 
partition the tail part with variable length into two equal segments.  If the length of the 
new sequence of vectors representing a syllable is less than 40, we neglect the tail sound 
and partition the new sequence into 10 equal segments.  The average value of the LPCC 
(MFCC) in each segment is used as a feature value. Note that the average values of 
samples tend to have a normal distribution.  This compression produces 12ͪ10 feature 
values for each mandarin syllable. 

4. Experimental Results 

There are two speech recognitions implemented in our study.  One is the digit 
recognition in a noisy environment and the other is the speech recognition on the 
mandarin monosyllables which are most commonly used in general conversations. 
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The following is a flow chart to show the speech recognition on a syllable. 

In put sample of 
unknown syllable 

speech 
waveform 

Receiver A/D  
Converter 

Compute LPCC and MFCC 
of unknown syllable 

Compare LPCC and MFCC 
of unknown syllable with all 
known syllables 

Syllable 
identification 
by Bayes rule 

Figure 1. Flowchart of a syllable recognition 

Database containing 
means and variances of 
LPCC and MFCC of all 
known syllables 

Pre-Processing delete 
noise 

 

4.1 The Digit Recognition 

The digit recognition is implemented in a noisy environment, a classroom with 
windows open, which has noise from students inside classroom and from students and 
autos on the street outside classroom.  The database of 10 mandarin digits is created by 
19 persons (9 female and 10 male students) who pronounce 10 digits (0-9) once.  The 
speech signal of a mandarin monosyllable is sampled at 10 .  A Hamming window 
with a width of 25.6 ms is applied every 12.8 ms for our study. A 256 point Hamming 
window is used to select the data points to be analyzed. 

kHz

c c

In our experiments, we use this database to produce the LPCC (MFCC) and obtain 
a 12ͪ10 matrix for each digit sample.  On the average, the time to produce a MFCC 
using DFT and formula in Section 3.2 is 5.5 times as much as to produce a LPCC.  
Among 19 samples (pronounced by 19 students) of each mandarin digit, pick up one 
sample (from one student) for recognition and the rest of 18 samples (from the other 18 
students) of the digit is used for training, i.e., the rest of 18 samples of this digit is used to 
estimate the parameters which represent the digit. Hence each of 19 students has to be 
tested, i.e., there are 19 testing samples for each digit. 

Since the average value of samples tends to be normally distributed.  In order to 
reduce computation for classification, we assume that all elements in the 12ͪ10 matrix of 
feature values are stochastically independent.  It was proved [15] that using weighted 
variance in the Bayes decision rule for each class may increase the recognition rate.  
Hence, the conditional normal density given syllable  with weighted variance  can 
be represented as 

i
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where k=12ͪ10 and  is a weighted factor for the variance.  Taking 
logarithm on both sides of (4.1), the Bayes decision rule (2.3) with equal prior on each 
syllable becomes 
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The Bayes decision rule (4.2) decides a syllable  with the least  to which the 
feature matrix  belongs.  For the Bayes decision rule, 18 samples of the 
syllable  are used for estimating its mean 

ic )(cl
) ..., ,( xxx

i

1 k

ic il  and variance . The weighted factor 
 is selected from 0.8 to 1.3. 

2

c
il

     Note that in the Bayes decision rule, a matrix of feature values representing the 
testing digit pronounced by one student is compared with 10 matrices of means 
representing 10 digits' parameters. The means are computed from the feature values 
pronounced by the rest of 18 students.  Hence the feature values of the digits 
pronounced by the student to be tested are independent of the feature values of the digits 
pronounced by the other 18 students and in the training data to produce 10 matrices of 
means (each matrix represents one digit's parameters il 1012 ..., ,1, kl ), the 
feature values of 10 digits between any two persons of the other 18 students are mutually 
independent. Therefore, the Bayes rule uses simple normal distributions.  Table 4.1 
shows that the number of correct digits of 190 testing samples and the recognition rates 
are obtained using LPCC and MFCC features with absolute difference and squared 
difference criteria. 

Table 4.1  Correct digit recognition rates 

           absolute difference criterion squared difference criterion 

 LPCC MFCC LPCC MFCC 

total testing samples = 190 

181 178 182 179 19 students 
 
 (95.3%) (93.7%) (95.8%) (94.2%) 

total testing samples = 100 

100 96 100 96 10 students 
(pronounce most 
clearly) (100%) (96%) (100%) (96%) 

 

     Table 4.1 also shows the misclassified digits pronounced by the 10 students who 
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pronounce most clearly and distinctly.  Since all mandarin syllables are monosyllables, 
the speech wave for each monosyllable is short. If the monosyllables are not pronounced 
clearly, it is difficult to recognize by the human ear.  Hence, to test the recognition 
ability of the Bayes decision rule, which should not be damaged by the ambiguous 
pronunciation, we select 10 students (4 female and 6 male) among 19 students, who 
pronounce most clearly and distinctly.  As in the first speech experiment, 10 digits 
pronounced by each student are used for testing and 90 samples (9 samples for each digit) 
from the other 9 students are used for training the means and the variances of each digit. 
There are 10 testing samples for each digit.  From the classification in digits, the LPCC 
for speech recognition is lightly better than the MFCC for two criteria (absolute and 
squared differences).  After compression of a sequence of LPCC and MFCC vectors, the 
two compression criteria give about the same recognition rates, but the squared 
difference criterion takes less time to compute.  The same speech recognition 
experiment was implemented in a quiet environment [15] and gave the correct digit 
recognition rate 98.6%.  For the robustness to the noise, our results show that the LPCC 
gives a recognition rate no less than the MFCC.  This contradicts to the results obtained 
by Davis and Mermelstein [5] in a quiet environment. 

4.2 The Speech Recognition 

In this speech recognition experiment, 87 students participate in the experiment. 
Each pronounces loudly and clearly several sentences of mandarin syllables, which are 
commonly used in the usual conversation in our life.  We cut these sentences into single 
words (syllables). We select the syllables which have at least 9 samples, i.e., each 
syllable as a candidate for speech recognition should appear in the sentences at least 9 
times.  Hence there are 102 different syllables to be classified. The 102 syllables appear 
in the sentences from 9 to 45 times. There are totally 1644 samples for 102 syllables to be 
tested. This experiment is designed as in the digit recognition in the first experiment.  
Each of 1644 samples is tested and the other 1643 samples are used for training, i.e., the 
syllables with 9 samples have 8 samples for training and the syllable with 45 samples has 
44 samples for training.  To compress the speech wave of a syllable into a 12ͪ10 matrix 
of feature values, we only use the absolute difference criterion, since in the first 
experiment on digit recognition, there are no difference on recognition rates between the 
absolute difference and the squared difference criteria.  The simplified Bayes decision 
rule with and the weighted factor 102m 2.1c in (4.1) and (4.2) is used to classify 
102 different mandarin syllables. Table 4.2 shows the results. The table shows that the 
LPCC feature has the recognition rate 0.9057 better than the rate 0.8102 obtained by the 
MFCC feature. The total time needed to compute the MFCC of 1644 samples based on 
the formula in Section 3 is 5.5 times as much as that needed to compute the LPCC of the 
same 1644 samples. 

     Both recognition rates are not high enough, since some syllables having only 8 
samples for training have poor rates. Hence we increase the minimum number of samples 
for training to 10, i.e., we select the syllables from the sentences, which should have at 
least 11 samples (to appear at least 11 times in the sentences) as candidates for speech 
recognition. This restriction results in 91 different mandarin syllables with a total 1523 
samples to be tested in speech recognition, i.e., each of 1523 samples is used for testing 
and the remain of 1522 samples are used to train 91 different syllables.  The recognition 
rates are increased to 0.9140 for the LPCC and 0.8188 for the MFCC. The recognition 
results for 91 syllables are shown in Table 4.2. 
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     The above recognition rates all show that the LPCC features a little higher than the 
MFCC. Hence we make a statistical hypothesis testing in our study.  We adopt two 
nonparametric methods (McNemar test and Cochran Q-test) [16] to test if the LPCC is 
better than the MFCC.  The McNemar test is to compare two rates provided by the 
LPCC and MFCC individually.  We obtain the approximate standard normal z-value 
7.4593 for 102 syllables and 7.3899 for 91 syllables. Both are strongly significant at the 
level 0001.0 . 

The Cochran Q-test is to compare two features (MFCC and LPCC) if they are 
equally effective in classification.  We obtain the approximate Chi-square (df =1) Q 
value 55.6411 for 102 syllables and 54.6104 for 91 syllables, which are both strongly 
significant at the level 0001.0 .  Both tests show in Table 4.3. Obviously, the two 
nonparametric tests make a decision to favor the LPCC. 

Table 4.2 Correct syllable recognition rates pronounced by 87 students 
 

features LPCC MFCC 

total samples=1644 for 102 different syllables 

correct samples 1489 1332 

correct rates 90.57% 81.02% 

total samples=1523 for 91 different syllables 

correct samples 1392 1247 

correct rates 91.40% 81.88% 

 
 
Tables 4.3 Statistical testing hypotheses 
 

0.0001  level at the both testsfor  reject   :decision

syllables 91 and syllables 102both for  0.0001  
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Discussions and Conclusion 

In this paper, we have used two speech recognition experiments to test if the LPCC 
feature has a higher ability in classification of the mandarin monosyllables than the 
MFCC.  The speech waveform of a mandarin syllable is extracted into a sequence of 
LPCC (MFCC) vectors and the sequence of vectors is then compressed into a matrix of 
LPCC (MFCC) values, which tend to have a normal distribution.  Using the Bayes 
decision rule, we have found that in the first digit experiment, the mandarin digit 
recognition rate using LPCC feature is no less than the rate using the MFCC feature. In 
the second speech recognition experiment, we build a large amount of mandarin syllables, 
which are the most commonly used in usual conversations. From the nonparametric 
statistical analysis, the LPCC has a significant higher ability in classification than the 
MFCC.  Furthermore, the LPCC feature needs much less computational time to be 
extracted from speech signal waveform than the MFCC. 
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(Word Mismatch)ທګऱംᠲΖʳ
ʳ ᇬឩ୶(Query Expansion)ᇞެՂ૪ംᠲऱֱऄΔࠡഗءᄗ࢚ਢނԫࠄፖ
ᇬᠲઌᣂऱဲЁጠ܂ឩ୶ဲ(Expanded Words)ЁףԵࠩࡨᇬխΔឩ୶
ᇬऱᄗ࢚Δא༼ԫࠄآءᛀࠩऱ֮ٙᛀࠐנऱᖲΔࠌ

ᇬ࣠ޓ壄ᒔΖءڇᓵ֮խشࠌऱᇬឩ୶ֱऄਢݝຝᇬឩ୶(Localʳ
Expansion)[7Ε10Ε11Ε13Ε14Ε18]Δࠡᄗ࢚ਢ٣ኙࢬृشࠌՀሒऱᇬร
ԫڻऱᛀΔᗴᙇנඈټছ૿ऱ֮ٙၞ۩։࣫Δലຍ֮ٙࠄխૹࢤለऱဲ܂

ឩ୶ ΔဲࠩףᇬխΔ٦ၞ۩ᛀΖ࣍طឩ୶ဲᏺףԱᇬᄗ࢚ऱො።৫Δ

ᛀய౨Ζʳࣙ༽אױڼڂ

ʳ ʳ ྥۖΔݝຝᇬឩ୶ڶԫᑌஇរΔ༉ਢᅝรԫڻऱᛀ࣠լࠋழΔඈټ

ছ૿ऱ֮ٙխΔܶץઌᣂ֮ٙऱֺઌኙֺچለ܅Δ࣠ڕൕຍ֮ٙࠄᙇ࠷ឩ୶ Δဲ

ৰױ౨ᄎᙇנፖᇬᠲլઌᣂऱဲΔۖທګᇬऱೣฝ(Query Drift)ΖԱᚦ
ᇖݝຝᇬឩ୶ऱஇរΔ֮ٙشࠌאױૹඈݧ(Document Re-ranking)ऱݾ[7Ε9Ε
12Ε15Ε16Ε17Ε18Ε19Ε20]Δڇรԫڻᛀ࣠ᙁנ৵Δޓش壄ᒔऱዝጩऄ
ኙᙁנऱ֮ٙૹᄅඈݧΔᨃඈڇݧছ૿ऱ֮ٙխΔ౨ො።ለڍፖᇬઌᣂऱ֮ Δٙ

ឩ୶ဲऱᔆΔၞۖ༼֒ᛀऱய౨Ζʳၞޏא

Աנ༽ᓵ֮խڇຝᇬឩ୶Ζݝၞޏࠐݧૹඈ֮ٙشܓਢߒᓵ֮ऱઔء

Կጟ֮ٙૹඈݧዝጩऄΔ։ܑਢᄗ࢚ᇬऄΕ֮ٙ։ᆢऄፖݝຝᢸऄΖۖኔ᧭

࣠᧩قΔຍԿጟ֮ٙૹඈݧຟ౨ജڶயچ༼ࣙᛀய౨ΔۖࠡխԾݝאຝᢸ

ऄய່࣠ࠋΖ؆ΔشܓૹඈݧऄհၴऱյᇖאףۖࢤٽΔၞאױԫޡሒࠩޓ

ൕאױԿጟֱऄऱൣउՀΔؓ݁壄ᒔٽழٵڇऱய౨Ζړ ˃ˁˆˊ˅ˊ ༼֒۟

˃ˁˆˌˈˉΔছ ˄˃ ᒧ֮ٙ壄ᒔঞאױൕ ˃ˁˇˌ˅ˌ ༼֒۟ ˃ˁˈˈˌˈΖʳ

ʳ መៀऱֱऄΔലፖᇬለլط៶ඨݦଚՈ൶ಘឩ୶ဲऱመៀΔݺΔ؆ڼ

ઌᣂऱឩ୶ဲመៀൾΔא༼ࣙᛀய౨Ζኔ᧭࣠Ո᧩قԱឩ୶ဲऱመៀᒔኔኙ

ऱய墿Ζʳ૿إڶᛀய౨࣍

ᓵ֮ऱรԲີխኔ᧭றտฯፖഗ៕ᛀᑓীΖรԿີխലտฯԿጟ֮ء

ٙૹඈݧऱֱऄፖૹඈֱݧऄၴऱٽΖรີឩ୶ဲመៀֱऄΖรնີ

ᓵፖࠐآઔٻֱߒΖʳ

2. ઔֱߒऄʳ

2.1ኔ᧭றፖေ۷ᄷঞʳ

࿇۩ऱψCIRB030խ֮ࢬᖂᖂᄎߢഏૠጩاऱኔ᧭றխဎشࠌᓵ֮ء
ᇷಛᛀྒྷᇢႃω(NTCIR-3խ֮றຝٝ)Δྒྷڼᇢႃܶץ٥Կଡຝ։ΚംᠲႃΕ
֮ٙႃࡉூႃΖ֮ٙႃઃԫऱᄅፊ֮ٙΔܶץԱԮଡຝٝΔԫڶ٥ 381375
ᒧᄅፊ֮ٙΖംᠲႃԫܶץ٥Ա 42ଡᇬംᠲΖቹ 1ԫଡᇬऱᒤࠏΖءڇ
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ᓵ֮խऱኔ᧭݁ਢא<DESC>ᑑ᧘ऱփ୲܂ᇬΖڇூႃխ֮݁ٙٝޢᑑ
ಖԱࡉᇬംᠲऱઌᣂ৫Δ։ଡᐋ Κ్ॺൄઌᣂΕઌᣂΕຝ։ઌᣂፖլઌᣂΖ

ᛀᙁ֮ٙנऱڤֱܑܒ։ࠟጟΔԫጟᣤ᠃ઌᣂΰRigid RelevanceαΔՈ༉
ਢނψॺൄઌᣂωࡉψઌᣂωီ ઌᣂΔࠡ ،ီլઌᣂΙԫጟᐈᠾઌᣂΰRelax 
RelevanceαΔঞਢނψॺൄઌᣂωΕψઌᣂωࡉψຝ։ઌᣂω݁ီઌᣂΖءᓵ֮
խ݁אϘᐈᠾઌᣂϙ܂ܑܒᑑᄷΖʳ

ʳ

ቹ ˄ʳ˖˜˥˕˃ˆ˃ ംᠲႃհᒤࠏʳ

ʳ

شᓵ֮ආءေ۷ֱऄՂڇ ˧˥˘˖ ေࠐ[1] (TREC_EVAL)ڤऱᑑᄷေ۷࿓ࡳࢬ
۷ᛀய౨Δࠡشࠌխऱψؓ݁壄ᒔ(MAP)ωࡉψছ N ᒧ֮ٙऱ壄ᒔʳ
(Precision: At N docs)ω܂ய౨ਐᑑΔࠡࡳᆠڕՀΚʳ
Ԧؓ݁壄ᒔ(MAP)Κ٣ኙٺଡᇬംᠲΔૠጩᛀ֮ٙנऱؓ݁壄ᒔ(AP)Δ
٦ኙڶࢬᇬംᠲ݁ؓ܂ΖࠡૠጩֱऄڕՀֆڤΚʳ

=1

1=
( )

r

i

iAP
r Doc i ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˄ʼʳ

1

1 Q

j
j

MAP AP
Q ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˅ʼʳ

ʳ r ਢᛀߓอኙᇠᇬംᠲΔࢬᛀ֮ٙנխઌᣂ֮ٙऱᑇؾΔ ( )Doc i ঞʳ

ʳ ਢᛀࠐנऱร iᒧઌᣂ֮ٙऱඈټଖΖQਢᇬംᠲऱ᜔ᑇΖ jAP ਢร j ʳ
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ʳ ଡᇬംᠲऱؓ݁壄ᒔΖMAP।ڶࢬقᇬംᠲऱؓ݁壄ᒔऱؓ
݁Ζʳ

ԦPrecision: At N docsΚ।ڇقᛀנ Nᒧ֮ٙழऱ壄ᒔΖʳ
ኙڶࢬᇬംᠲऱছ Nᒧ֮ٙ壄ᒔૠጩڕՀڤΚʳ

1

1@
Q

j
j

P N p
Q ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˆʼʳ

ʳ ʳ jp ।قร jଡᇬംᠲऱছN ᒧ֮ٙ壄ᒔΖʳ

2.2ᛀߓอਮዌʳ

!

!

!

!

!

!

!

ʳ

ʳ

ʳ ʳ ʳ ʳ ʳ ቹ ˅ʳ ᛀߓอਮዌቹʳ

ʳ

ቹڕอਮዌߓᓵ֮ऱᛀء ऱၴ᧩ࣔڶࠀխ֮ऱဲፖဲհၴ࣍طΖقࢬ˅

ሶΔۖᛀߓอऱዝጩऄਢאψဲωഗ៕ۯΔڶࢬڼڂᛀ֮ٙࢨᇬຟ

ؘႊ٣ᆖመឰဲΖءኔ᧭խऱឰဲՠࠠਢආشխઔೃऱᒵՂឰဲߓอˮˋ˰Ζ

অఎ।ᄅፊ֮ٙၞ۩ឰဲ৵Δٝޢᄅፊ֮ٙխऱނଚݺ ˄խقࢬဲࡳᣊऱ

ဲΔࠀૠጩဲ᙮ʻ ,i jtf ʼ֮ٙࡉ᙮ʻ jdf ʼΔژԵ֧ᇷறխΖʳ

ᛀழΔᇬqᆖឰဲ৵אױࠩᇬဲႃʻ
jt ʼΔࡉ٦֧ᇷறխٺᒧ

א֮ٙ BM11ᑓীၞ۩ઌۿ৫ֺኙΔޡॣױᗴᙇࡉנᇬ່ઌᣂऱছˡᒧ֮

၌ѡ q !

!

ᔠኳࠠ)CN22*!

Ўҹख़௨ׇ!

!

DRD  

ᔠኳࠠ)CN22*!

jt  

| ,i jtf Δ jdf }!
Їၗ!

q

INID  

ֽ၌ᘉ!

(Rocchio Method) !
LED
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ٙʻ INID ʼΖ൷ထၞ۩֮ٙૹඈݧΔૹඈݧ৵ऱ֮ٙ( DRD )ਗᙇছ ˥ᒧݝ܂ຝᇬ

ឩ୶Δנބឩ୶ဲףԵᇬΔش٦ឩ୶৵ऱᇬq ၞ۩ᛀΔۖข່س

৵ऱ֮ٙऱඈݧʻ LED ʼΖʳ

ऱᛀᑓীشࠌࢬᓵ֮ء Robertson and Walker༼נऱ OKAPI BM11ᛀ
ᑓীˮ˅˰ΔࠡૠጩڕڤՀΚʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ,
1

11( , )
T

i j i j j
j

BM d q c tf idf ʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ
,

,

,

i j
i j

i
i j

tf
tf dltf

dl

ʳ

ʳ
0.5

log( )
0.5

j
j

j

n df
idf

df ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˇʼʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ jc ਢᣂဲ jڇᇬխנऱڻᑇΔnਢ᜔֮ٙᑇΔ idl ਢ֮ٙ id ऱʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ९৫Δdlਢ֮ٙڶࢬऱؓ݁९৫ΖՂڤऱ ,i jtf ࡉ jidf ਢ ˕ˠ˄˄ ᑓীኙဲʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ᙮֮ٙ֘ࡉ᙮ऱଥإΖʳ

ψRocchio Blind Feedbackω[3][4]Ζشᓵ֮ආءຝᇬឩ୶ऱֱऄՂΔݝڇ
˥̂˶˶˻˼̂ ዝጩऄխലᣂဲऱᦞૹࡳᆠڕՀΚʳ

ʳ ʳ ʳ ʳ ʳ ʳ , ,
1 1

1 1R S

j i j i j
i i

w tf tf
R S ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˈʼʳ

Rਐऱਢඈټছ Rᒧऱ֮ٙΔ S ঞਢࠡ塒ऱ֮ٙʳ ʻ S ːn ˀ R ʿnז।᜔ʳ

֮ٙᑇʼΔ ױᓳᖞऱᑇΖ࣠ڕร jଡᣂဲڇছ Rᒧ֮ٙխנʳ

᙮ࠡڇ塒֮ٙխנ᙮܅Δڼழ jw Δ।قຍଡᣂဲኙ࣍ʳ

ᛀנছ Rᒧ֮ٙࠠڶᦸܑԺΖڼڂΔᦞૹ jw ᣂဲᦸܑԺऱʳီױ

৫ၦΔݝຝᇬឩ୶ࠐ،شױܛਗᙇ່ࠠᦸܑԺऱဲ܂ឩ୶ဲΖʳ

ʳ

ཏຏဲټʳ Na 
റဲټڶʳ Nb 
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ʳဲֱچ Nc 
ழၴဲʳ Nd 
؆֮ᑑಖʳ FW 
೯܂լ֗ढ೯ဲʳ VA 
೯܂ᣊ֗ढ೯ဲʳ VB 
೯֗܂ढ೯ဲʳ VC 
೯܂൷ֱچᎏ೯ဲʳ VCL 
೯܂ᎏ೯ဲʳ VE 
णኪլ֗ढ೯ဲʳ VH 
णኪࠌ೯೯ဲʳ VHC 
णኪᣊ֗ढ೯ဲʳ VI 
णኪ֗ढ೯ဲʳ VJ 

। ˄ʳ ឰဲ৵অఎऱဲᣊᑑಖʳ

3. ֮ٙૹඈݧʳ

ऱֱऄΔ։ܑਢΚʳݧԱԿጟ֮ٙૹඈߒᓵ֮٥ઔء

˄ˁ ᄗ࢚ᇬऄΖʳ
˅ˁ ֮ٙ։ᆢऄΖʳ
ˆˁ ݝຝᢸऄΖʳ

Հ૿ີᆏലᇡาտฯڼԿጟֱऄΖʳ

3.1ᄗ࢚ᇬऄʳ

 ᄗ࢚ᇬऱֱऄˤ˼̈ˮˈ˰༼נΔ່ॣਢᚨ٤ڇشᇬឩ୶ՂΖࠡუऄਢΚլ

ᚨᇠലޢଡᇬᣂဲଡܑᗑچمৱΔۖ ᚨᇠނᖞଡᇬᅝګᖞ᧯ऱᇬᄗ

ቹڕΖ࢚ ˆऱຍଡࠏقࢬΔش࣠ڕᇬᣂဲψ႕ᖻࣔωࡉψሽᐙωଡܑװچ

ឩ୶Δࢬឩ୶נऱဲৰױڶ౨ᄎೣᠦᖞଡᇬऱᠲΖ܀ਢΔૉނᇬխऱࢬ

ᠲΖʳऱᣂဲ༉ᄎֺለ൷२ᇬנឩ୶ࢬΔ࢚ԫଡᇬᄗګࠓٽᣂဲڶ

 
ቹ ˆʳ ᄗ࢚ᇬឩ୶قრቹʳ

 
! ! ! ! ! ! ! ! !

ʳ ᒳᏣʳ

ʳ ᖄዝʳ

ʳ Գʳءֲ

ʳ

ʳ ॰سᢅ ʳ ʳ

ʳ ԮࣳՓʳ

ʳ ፰ဥԳ ʳ ʳ

ʳ ८ଶʳ

ʳ ႕ᖻࣔʳr ႕ᖻࣔЀሽᐙʳ ʳ ሽᐙʳ
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ࠐᣂဲࠄᣂᜤ৫ለऱԫ࢚ፖᇬᄗנᇬऱዝጩऄΔᗴᙇ࢚ᄗشଚᚨݺ

৬م೯ኪऱᣂᜤဲࠢΔڼشܓࠀᣂᜤဲࠢၞࠐ۩֮ٙૹඈݧΖޡᨏڕՀΚʳ

˄ˁ ኙॣޡᗴᙇऱছN ᒧ֮ٙխڶࢬऱဲΔ৬ٻဲمၦ jt ʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ

ʳ ʳ N ।قૹඈ֮ٙݧᑇΔ ,i jtf ।ဲق j֮ٙڇ iऱဲ᙮Δʳ ,max( )i ji
tf ।ʳ

ʳ ʳ ဲق jڼڇN ᒧ֮ٙխנመऱ່ՕڻᑇΔm।ڼڇقN ᒧ֮ٙխʳ

ʳ ʳ ऱဲऱ᜔ᑇΔ id ।֮ٙڇق iխઌฆဲऱᑇؾʻࠀॺဲऱ᜔ଡᑇʼΖʳ
˅ˁ ৬مψᄗ࢚ᇬٻၦωʻ˖̂́˶˸̃̇ʳˤ̈˸̅̌ʳ˩˸˶̇̂̅ʼΖʳ

ʳ
j

c j j
t q

q q t ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˊʼʳ

ʳ ʳ ʳ qᇬΔ jt ֆڤʻˉʼࡳࢬᆠऱဲٻၦΔ jq ᣂဲ jt ऱᦞʳ

ʳ ʳ ʳ ૹΔءڇኔ᧭խဲא᙮܂ᦞૹΖʳ

ˆˁ ૠጩψᄗ࢚ᇬٻၦωፖٺᣂဲٻၦऱᣂᜤ৫Ζʳ

( , )

j

T
c j

c j
j

t q

q t
r q t

q
ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˋʼʳ

ʳ ʳ ʳ ʳ jt ।قֆڤʻˉʼࡳࢬᆠऱဲٻၦΔ jq ᣂဲ jt ऱᦞૹΔ cq ֆڤʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˊʼࡳࢬᆠऱᄗڤ࢚ᇬٻၦΖʳ

ˇˁ ᙇנፖᇬᄗ࢚ᣂᜤ৫ለऱԫࠄᣂဲΔ৬م೯ኪᣂᜤဲࠢCΖᣂᜤဲࠢ

խؘႊಖᙕޢଡᣂᜤဲፖᇬᄗ࢚ऱᣂᜤ৫ ( , )c jr q t Ζʳ

ʳ

։ᑇΖʳݧඈإଥڤᖕՀױଚঁݺԱᣂᜤဲࠢ৵Δڶ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ
( )

(1 ) ( , )
j i

i i c j
t C d

s s r q t
ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˌʼʳ

ʳ is ।֮ٙق id ᛀࠩऱ։ᑇΔڻรԫڇ is ।ޓقᄅ৵ऱ֮ٙ id ʳ
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ऱ։ᑇΔʳ Cז।ᣂᜤဲࠢΔ
iC d ᣂᜤဲࠢCፖʳڇנழٵ।ז

֮ٙ id ऱᣂဲΖ ։ᑇݧඈࡨ।ז is ։ᑇݧૹඈڇ is խ۾ࢬʳ

ऱֺΔ0 1Ζʳ

3.2֮ٙ։ᆢऄʳ

ԫᆢႃխΔ٦ٵڇऱ֮ٙ։ۿփ୲ઌނ։ᆢऱ։ऄط៶ඨݦਢ࢚ऄऱᄗֱء

ቹڇ։ᑇˮ˅˃˰Ζݧඈإଥࠐᆢႃፖᇬऱᣂᜤ৫شܓ ˇ ऱᇬᒤࠏխΔݺଚ

֮ࠩٙ ˔ ᄎࠩለאࢬΕ֮ढΕՕ୶ϙຍԿଡᇬᣂဲΔזԱϘዧܶץڂ

ऱᛀ։ᑇΖ֮ۖٙ ˕ ឈྥದࠐਢઌᣂऱ֮ٙΔথܶץڶڂᇬխऱ

ᣂဲΔאી࣍ᛀ։ᑇ ˃ΖྥۖΔ֮ٙ˔֮ٙࡉ ˕ࠡኔઌᅝچᣊۿΔՈܶץ

ԫࠄઌٵऱᣂဲʻڕࠏΚࣟዧΕ್׆ഔʼΖ֮ٙشܓ։ᆢऱֱऄΔ֮ٙ˔֮ٙࡉ

ᇬऱᣂᜤ৫Δʳࡉᆢႃڼ࣠ڕԫᆢႃխΖٵڇ౨ᄎ։ױΔۿփ୲ઌڂ˕

֮ٙ ˕༉אױᔾထࢬ᥆ᆢႃऱᣂᜤ৫։ᑇۖ༼֒ࠡඈټΖʳ

̆́˴˸ˀ̀˞شኔ᧭ऱ։ᆢዝጩऄਢආء ։ᆢऄˮˉ˰ΔڇՕၦፂ৫ऱᇷறխΔބ

ऱࢤ।זڶࠠנ ˞ ଡᇷறរΔጠᆢխ֨ʻ˶˸́̇̅̂˼˷̆ʼΖհ৵֮ٙٝޢ༉אױૠጩ

ၦऱٻᇬࡉᇬऱᣂᜤ৫ʻᆢխ֨ࡉ᥆ᆢႃࢬࠡ ˶̂̆˼́˸ ʳݧඈإଥࠐشʼΔߡ݈

։ᑇΖʳ

ኔ᧭ዝጩऄڕՀΚʳ

˄ˁ ৬مᇬٻၦ qፖ֮ٙٝޢऱ֮ٙٻၦΖʳ

˅ˁ شܓ˞ˀ̀˸˴́̆ ዝጩऄΔૠጩٺנᆢႃऱᆢխ֨ٻၦ kc Ζ˞ˀ̀˸˴́̆ ዝጩऄ

ᨏΚʳޡ

˴ˁ ᙟᖲᙇ࠷˞ଡ֮ٙٻၦΔຍ˞ଡ֮ٙٻၦ༉ॣࡨऱᆢխ֨ٻၦΖʳ

˵ˁ ኙޢԫ֮ٙٻၦૠጩࠡፖ˞ଡᆢխ֨ٻၦऱ၏ᠦΔנބ၏ᠦ່൷
२ऱᆢխ֨Δࠀ։ᆢၞڼᆢႃխΖʳ

˶ˁ ٤ຝ֮ٙ։ᆢݙฅ৵ૹᄅૠጩٺᆢႃऱᆢխ֨ٻၦΖʳ

˷ˁ ૹᓤ ˵Ε˶ ೯ַΖʳ᧢ᆢႃփऱᇷறઃլ٦ڶࢬᨏऴࠩޡ
ʳ

ʳ

ʳ
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ʳ

ቹ ˇʳ ֮ٙᛀ։ᑇقრቹʻ˕ˠ˄˄ʼʳ

ʳ

ˆˁ ૠጩᇬፖᆢႃ kऱᣂᜤ৫Ζʳ

cos( , ) k
k

k

q cq c
q c ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˄˃ʼʳ

kc ।قร kᆢऱᆢխ֨ऱٻၦΖܑࣹრऱਢֆڤʻ˄˃ʼխΔ᥆ٵ࣍ԫᆢʳ

ႃऱ֮ٙΔࠀլଡܑૠጩࠡፖᇬऱᣂᜤ৫Δۖਢࢬش٥᥆ᆢႃऱᣂʳ

ᜤ৫Ζʳ

ˇˁ ޢᒧ֮ٙૹඈݧऱ։ᑇঞشאױඈݧ։ᑇࡉᆢႃᣂᜤ৫ࠟृףᦞࠩΔ
ΚʳڤՀֆڕ

(1 ) cos( , )i i ks s q c ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˄˄ʼʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ is Ε is Ε հࡳᆠࡉֆڤʻˌʼխઌٵΖ֮ٙ i᥆࣍ᆢႃ kΖʳ

ຝᢸऄʳݝ3.3

ڇ ˕ˠ˄˄ ऱᛀᑓীխΔ։࣫ᇬፖٺᒧ֮ٙऱᣂᜤழΔႛਢૠጩଡܑ

ᇬᣂဲኙ֮ٙ࣍ऱᦞૹ᜔ףࠀದࠐΖ܀ਢΔٺଡᣂဲհၴױ౨ڶრՂऱᣂ

ᜤࠫૻࢨΔૉ։ܑװૠጩᦞૹΔױ౨ᖄીܶץຝٝᇬᄗ࢚ऱ֮ٙࠡᣂᜤ৫֘

ۖᄎֺ٤ܶץຝᇬᄗ࢚ऱ֮ٙࠐΖڕࠏΚݺଚᇬψዧ֮זढՕ୶ωऱ

ઌᣂ֮ٙழΔױ౨ᄎڶψ߫Օ୶ωऱ֮ٙڂψՕ୶ωຍଡဲנৰۖڻڍඈټ

ለছ૿հൣݮΔທګᛀ壄ᒔऱՀ૾ΖԱଥإຍጟլٽऱွΔݺଚشܓ

Ўϯǵεǵំǵ

ଭЦ୴ǵࠄຫЦ 

 ܿᅇǵЎϯǵ 

ំǵଭЦ୴ 

ᅇжǵЎނǵε

 ၌ѡqBM11(A,q)>0 BM11(B,q)=0

 ᅇжǵܿ ᅇǵЎނǵ

Ўҹ˾Ўҹ˽ 
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ᇬဲհၴψݝຝᢸωऱอૠࠐଥإඈݧ։ᑇΖݝຝᢸऱอૠאᇬխઌ

ᔣऱࠟଡᣂဲګݮऱψᣂဲิωʻ˾˸̌̊̂̅˷ʳ̃˴˼̅ʼอૠऱۯΔڕࠏΔᇬ

ϘዧזΕ֮ ढΕՕ୶ϙ༉ױ։ϘዧזΕ֮ ढϙࡉϘ֮ढΕՕ୶ϙࠟଡဲิΖ

ۯऱנԫᒧ֮ٙխٵڇ࣠ڕ(ϙፖϘ֮ढϙזϘዧڕࠏ)ԫဲิխऱࠟଡဲޢ
ᆜߩജ൷२Δጠհԫଡݝຝᢸʻ˟̂˶˴˿ʳ˟˼́˾ʼΖຍࠟଡဲ֮ٙڇխऱ၏ᠦאၴ

ʻ˹̅˴̀˸ʼࠫૻࠐΔڕࠏΔၴᑇ ˈ˃ ༉।ٵقԫิփऱࠟଡဲ၏ᠦؘႊ՛࣍ ˈ˃ʳ

թጩਢԫଡݝຝᢸΖʳ

ʳ ኔ᧭ዝጩऄΚʳ

˄ˁ ኙᇬ ̄ խޢଡᣂဲิʻ ,j kt t Δ̓อૠ֮ࠡٙڇ ˼ խऱݝຝᢸᑇ ,i j kL

ຝᢸ֮ٙ᙮ݝ֗א ,j kdf Ζݝຝᢸᑇ ,i j kL ऱૠጩֱڤΔૉʻ ,j kt t ʼנ

֮ٙڇ ˼ խऱၴԫڻΔঞݝຝᢸᑇף ˄Ζݝຝᢸ֮ٙ᙮ ,j kdf ঞਢૠ

ጩʻ ,j kt t ʼհݝຝᢸ֮ٙ֟ڍڇ٥խנመΖʳ

˅ˁ ኙ֮ٙࡨ։ᑇף܂ᦞΖʳ

ʳ ʳ ʳ ʳ , ,
( , )

(1 ) ( )
j k

i i i j k j k
t t q

s s L idf ʳ

,
,

logj k
j k

nidf
df ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻֆڤ ˄˅ʼʳ

ʳ ʻ ,j kt t ʼ।قᇬխਬԫᣂဲิΖ n᜔֮ٙᑇΖʳ

ʳ is Ε is Ε հࡳᆠࡉֆڤʻˌʼխઌٵΖʳ

3.4֮ٙૹඈֱݧऄհٽʳ

ᇬᄗشᇬऄਢ٣࢚Κᄗ࢚ऱᄗٵԱլشऄሎֱݧᓵ֮ऱԿጟ֮ٙૹඈء

Ι֮ٙ։ᆢऄݧऱඈ֮ٙၞޏאૠጩࠡᣂᜤ৫ࠀᣂᜤဲʻॺᇬဲʼΔנسข࢚

ਢشܓψᆢႃऱᣂᜤ৫ω֮ٙၞޏࠐऱඈݧΙݝຝᢸऄঞਢشܓψᇬဲݝຝ

٥ωࢤΔᨃᇬრޓᄷᒔऱ֮ٙאױ༼֒ඈټΖছࠟጟֱऄૹڇᇬᄗ࢚

ऱψឩ୶ωΔലԫࠄઌᣂױ܀౨լܶץᇬဲऱ֮ٙڶᖲᄎছඈΔࠡฆਢឩ

୶ऱֱڤլٵΖรԿጟֱऄঞૹڇᇬრऱψᄷᒔωΔࢬᐙऱ֮ٙਢ߷ܶࠄ

ଚუၞԫݺΔٵլڶٺऱᒤش܂ࡉ࢚ऄऱૠֱࠄຍ࣍طᇬဲऱ֮ٙΖڶ

ڤऱֱٽऄֱݧଚലૹඈݺΖٽچᔞᅝࠀյᇖΔڼ౨ܡऄਢֱࠄ൶ಘຍޡ

ՀΚʳڕ
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ʳ ʳ

,1iR Ε ,2iR Ε ֮ٙ id ຝإࠩऱଥࢬऄֱݧጟ֮ٙૹඈࠟٚڇ

ٝ։ᑇʻֆڤ ˌΕ˄˄Ε˄˅ʼΖ ᦞૹᑇΖʳ

3.5ኔ᧭࣠ʳ

ଈ٣ኙ࣍ᛀߓอၞ۩ኔ᧭Δ࿇ݝڇຝᇬឩ୶խ࠷ছ ˄˃ ᒧ֮ٙᅝ܂ਢ

ઌᣂ֮ٙʻ˥ː˄˃ʼΔ࠷ࠀᦞૹඈټছ ˋ˃ ଡဲᅝ܂ឩ୶ဲףԵᇬʻ˘ːˋ˃ʼΔױሒࠩ

ቹەอਮዌቹߓΖኔ᧭հࡳڼאᆏኔ᧭ᑇᖕઃءऱᛀய౨Δਚࠋ່ ˅Ζʳ

ʳ

। ˅ʳ ֮ٙૹඈֱݧऄၴհֺለʻྤݝຝᇬឩ୶ʼʳ

ʳ ˠ˔ˣʳ ˣ˓˄˃ʳ ˣ˓˄˃˃ʳ

˕˴̆˸˿˼́˸ʻ˕ˠ˄˄ʳ̂́˿̌ʼʳ ˃ˁ˅ˇ˅ˌʳ ˃ˁˇˇˊˉʳ ˃ˁ˄ˌ˃ˊʳ

ʳ ᄗ࢚ᇬऄʳ ˃ˁ˅ˇ˅ˉʳ ˃ˁˇˉˇˆʳ ˃ˁ˄ˌˈ˃ʳ

֮ٙ։ᆢऄʳ ˃ˁ˅ˉ˃˃ʳ ˃ˁˇˉˇˆʳ ˃ˁ˅˄ˌˈʳ

ຝᢸऄʳݝ ˃ˁ˅ˈ˅˃ʳ ˃ˁˇˉˌ˃ʳ ˃ˁ˅˃ˇ˃ʳ

Կጟٽʳ ˃ˁ˅ˊ˅ˆʳ ˃ˁˇˊˋˉʳ ˃ˁ˅˄ˈ˃ʳ

ʳ

। ˆʳ ֮ٙૹඈֱݧऄၴհֺለʻݝڶຝᇬឩ୶ʼʳ

ʳ ˠ˔ˣʳ ˣ˓˄˃ʳ ˣ˓˄˃˃ʳ

˕ˠ˄˄ʳʾʳ˥̂˶˶˻˼̂ʳ ˃ˁˆˊ˅ˊʳ ˃ˁˇˌ˅ˌʳ ˃ˁ˅ˊˉˊʳ

ʳ ᄗ࢚ᇬऄʳ ˃ˁˆˋ˅˄ʳ ˃ˁˈ˅ˉ˅ʳ ˃ˁ˅ˋˆˋʳ

֮ٙ։ᆢऄʳ ˃ˁˆˋˆ˄ʳ ˃ˁˈ˅ˆˋʳ ˃ˁ˅ˊˌˈʳ

ຝᢸऄʳݝ ˃ˁˆˋˈˈʳ ˃ˁˈˇ˃ˈʳ ˃ˁ˅ˊˈˊʳ

Կጟٽʳ ˃ˁˆˌˈˉʳ ˃ˁˈˈˌˈʳ ˃ˁ˅ˊˉˊʳ

ʳ

। ˅ ऄၴհֺለΖኙֱݧԱ֮ٙૹඈق᧩ ˕˴̆˸˿˼́˸ ։ᆢऱૹ֮ٙشΔᚨߢۖ

ඈֱݧऄࠋ່ڶऱؓ݁壄ᒔΖۖᚨݝشຝᢸऱૹඈֱݧऄΔঞࠋ່ڶऱছ

˄˃ ᒧ֮ٙऱ壄ᒔΖᚨشᄗڤ࢚ᇬऱૹඈݧऄࡉ؆ࠟጟֱऄֺለದࠐঞઌ

ኙֺለΖ।ˆݝٽຝᇬឩ୶৵ΔԿጟ֮ٙૹඈݧऄऱؓ݁壄ᒔΔፖ˕˴̆˸˿˼́˸

ֺለದࠐΔຟڶլᙑऱ༼ࣙய࣠Δۖ༼֒ऱய౨ঞݝאຝᢸऱૹඈݧऄ່ࠋΖ

ኙ࣍ছ ˄˃ ᒧ֮ٙऱ壄ᒔࠐᎅΔݝຝᢸऱૹඈݧऄΔڶઌᅝࣔ᧩ऱ༼ࣙய࣠Δʳ

Կጟ֮ٙૹඈֱݧऄխ່ࠋऱΖʳ

ʳ ।ط ˅वΔ֮ ٙૹඈֱݧऄၴऱٽᒔኔ౨ജڶயऱ༼ࣙᛀؓ݁壄ᒔ

ࡉছ ˄˃ ᒧ֮ٙऱ壄ᒔΔٽऱֱऄᒔኔֺٚشԫጟ֮ٙૹඈݧऱֱऄ

Ե֮ٙף

ૹඈݧ 

Ե֮ٙף

ૹඈݧ 
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ሒࠩऱய࣠ࠐऱړΖ। ˆՈ᧩נقݝٽຝᇬឩ୶৵ޓ౨Օ༏༼ࣙᛀऱ壄

ᒔΔ٤ຝ֮ٙૹඈֱݧऄऱࢬٽ୶ऱᛀய౨ֺٚشԫጟ֮ٙૹඈݧ

ऄࢨਢٚࠟጟ֮ٙૹඈֱݧऄऱٽຟࠐऱړΔֱڶࢬऄխ່ࠋऱΔՈᢞࣔ

Ա֮ٙૹඈֱݧऄհၴᒔኔࠠڶյᇖऱய࣠Ζʳ

4. ឩ୶ဲመៀֱऄʳ

4.1ឩ୶ဲऱመៀʳ

˥̂˶˶˻˼̂ʳˠ˸̇˻̂˷ ऱឩ୶ဲᦞૹਢૠጩኙ࣍ছ ˥ᒧ֮ٙऱψᦸܑԺωΔەآࠀ

ၦຍဲࠄਢܡటऱፖᇬᠲઌᣂΔױ౨ۖڂឩ୶נԱፖᇬᠲլઌᣂऱဲΖ

ᗴᙇൾፖᇬࠐመៀऄط៶Δཚඨڤឩ୶ဲऱመៀֱߒઔچޡଚၞԫݺΔڼڂ

ᠲլઌᣂऱឩ୶ဲΔא༼֒ᛀய౨ΖݺଚࡳᆠԱឩ୶ဲࡉᇬऱઌᣂ৫Δመ

ៀൾઌᣂ৫ለ܅ऱឩ୶ဲΔ܅૾אᇬೣฝʻˤ̈˸̅̌ʳ˗̅˼˹̇ʼऱױ౨ࢤΔ༼ᛀऱய

౨ΖࠡዝጩऄڕՀΚʳ

˄ˁ ૠጩឩ୶ဲ je ፖᇬᣂဲ kq ऱઌᣂএᑇʻ˖̂̅̅˸˿˴̇˼̂́ʳ˖̂˸˹˹˼˶˼˸́̇ʼΖʳ

ʳ ʳ ʳ ʳ ʳ
,

, (1 ) (1 )
j k j k

j k

j j k k

e q e q
e q

e e q q

P P P
r

P P P P ʳ

ʳ , ,j k j ke q e qP df n ʳ

ʳ
j je eP df n ʳ

ʳ
k kq qP df n ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˄ˇʼʳ

ʳ ʳ ,j ke qP ।قឩ୶ဲ je ፖᇬᣂဲ kq ऱᖲΖנٵ٥ je
P Ε

kq
P ।قឩ୶ʳ

ʳ ʳ ʳ ʳ ʳ ဲ je Εᇬᣂဲ kq ऱᖲΖנխ֮ٙڶࢬڇ ,j ke qdf ।قឩ୶ဲ je ፖʳ

ʳ ʳ ʳ ʳ ʳ ᇬᣂဲ kq ऱ֮ٙᑇΖנٵ٥ je
df ।قឩ୶ဲ je ऱ֮ٙ᙮Ζ kq

df ।قʳ

ʳ ʳ ʳ ʳ ʳ ᇬᣂဲ kq ऱ֮ٙ᙮Ζn।᜔֮ٙقᑇΖʳ

˅ˁ ૠጩឩ୶ဲ je ኙᇬऱઌᣂ৫Ζʳ

ʳ ,j j k

k

e e q
q q

r r ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˄ˈʼʳ
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ˆˁ مԫ॰ាଖࠐመៀൾፖᇬઌᣂ৫ʻ je
r ʼለ܅ऱឩ୶ဲΖʳ

ʳ

4.2 ኔ᧭࣠ʳ

।ˉʳ شࠌˏ˗˘˦˖ˑᇬփ୲܂መៀኙ݁ؓ࣍壄ᒔʻˠ˔ˣʼ֗ছ˄˃ʳ ᒧ֮ٙ壄ᒔʳ

ʻˣ˓˄˃ʼऱᐙΖˡ̂ˀ˙˼˿̇˸̅ʳ ।آقലឩ୶ဲ܂መៀऱ೯܂Ζ˙˼˿̇˸̅ʳ ।ڶقലឩ୶ဲ

መៀΖط।խᑇᖕױवΔشˏ˗˘˦˖ˑऱᇬࠐመៀΔࢬࠩऱˠ˔ˣΕˣ˓˄˃ʳ

ʳࠄԫܶץˑխऱᇬለ९Δ˖˦˘˗ˏڂຍጟܑਢګΖທڍመៀழլ܂آࡉ

ፖᇬᠲլઌᣂऱဲΖʳ

।ˉʳ˗˘˦˖ʳ ᇬփ୲܂መៀኙ࣍ˠ˔ˣʳ ֗ˣ˓˄˃ʳ ऱᐙʳ

 
।ˊʳ شࠌˏ˧˜˧˟˘ˑᇬփ୲܂መៀኙ݁ؓ࣍壄ᒔ֗ছ˄˃ʳ ᒧ֮ٙ壄ᒔ

ऱᐙΖፖ˗˘˦˖ʳ ऱ࣠܂ଡኙᅃΔݺଚ࿇ឈྥ܂ឩ୶ဲመៀ৵Δࠀլ౨༼֒

ؓ݁壄ᒔΔ܀ਢኙ࣍ছ˄˃ʳ ᒧ֮ٙऱ壄ᒔথڶאױயچ༼֒Δݝאຝᢸ

ૹඈݧऄ֗Կጟૹඈݧऄၴऱ۶༼֒༏৫່ՕΖױڼطवءኔ᧭ऱឩ୶ဲመៀ

ֱऄڇᇬࢨဲ᠇ڶਢለ֟᠇ဲழΔኙ࣍ᛀய౨ऱ༼֒ᒔኔڶᚥܗΖʳ

।ˊʳ˧˜˧˟˘ʳ ᇬփ୲܂መៀኙ࣍ˠ˔ˣʳ ֗ˣ˓˄˃ʳ ऱᐙʳ

ʳ
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5. ᓵፖࠐآઔٻֱߒʳ

5.1ᓵ 

ऱዝጩऄലઌᣂ֮ݧૹඈط៶ඨݦऱֱऄΔݧԿጟ֮ٙૹඈߒઔᓵ֮ء

ᛀய౨Δۖኔ᧭࣠֒༽چޡຝᇬឩ୶ऱរΔၞԫݝߜޏאΔݧছඈٙ

ՈᢞࣔڼԿጟૹඈݧऄᒔኔኙ࣍ᛀய౨ࢬڶಥΖڇ ˆˁˇ ᆏխΔݺଚף൶ಘ

ຍԿጟૹඈݧऄհၴਢڶࠠܡյᇖऱࢤΔലૹඈݧऄհၴ܂ٽΔאཚඨ౨ޓ

ၞԫچޡ༼֒ᛀய౨Δۖኔ᧭࣠ՈᢞࣔૹඈݧऄၴᒔኔյᇖΔ౨ڶய༼֒ᛀ

ய౨Δലؓ݁壄ᒔൕ ˃ˁˆˊ˅ˊ ༼֒۟ ˃ˁˆˌˈˉΔছ ˄˃ ᒧ֮ٙ壄ᒔൕ ˃ˁˇˌ˅ˌ ༼

֒۟ ˃ˁˈˈˌˈΖʳ

መ܂Եऱ൶ಘΖኙឩ୶ဲףޓ܂ڤֱ࠷ឩ୶ဲऱᙇ࣍ଚኙݺรີխΔڇ

ៀऱֱऄΔኔ᧭࣠᧩ࠡقᒔኔኙ࣍ᛀய౨ࢬڶ༼֒Ζʳ

ʳٻֱߒઔࠐآ5.2

! ऄႛ൶ಘᇬխઌᔣऱࠟଡᇬဲհၴऱრݧຝᢸૹඈݝᓵ֮ऱء

ᣂএΔലܶץለڍრᢸऱ֮ٙছඈݧΔֱڼ܀ऄ୲࣐ലڶრᣂএऱࠟ

ଡᣂဲ܂ኙΔ૾܅ૹඈݧऱய౨Ζࠐآኔ᧭شܓױऄଳ࣫ʻˣ˴̅̆˼́˺ʼΔޓ壄

ᒔנ࠷ࢼچᇬრΔאቃཚ౨ሒࠩࠋޓऱய౨Ζʳ

Δૉ౨ૡ֏ࠋሒ່ࠩאᑇᓳᖞΔڤԳՠऱֱشܓਢڤऱֱٽᓵ֮ءۖ

Ζʳܗᚥڶޓലᄎၞޏอऱߓᛀ࣍Δኙڤԫ۞೯ऱᑇ۷ྒྷֱم

ʳ

֮ەʳ

[1]!ຫ٠ဎʻ˅˃˃ˇʼˁϘᇷಛᛀऱᜎயေ۷ϙˁʳ˅˃˃ˇڣזᇷಛิ៣ፖᛀઔಘᄎˁʳ
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༉ႨᓳྒྷګߛᠲհഏᎾᑇᖂፖઝᖂඒࡎᄎ(IEA)อԫࡡ༉ᓳګᖂߛഏᎾඒط
᧭(TIMSS)Δঁ࣍խ՛ᖂسਜྒྷፖᇞΔ֮֮ᇢᠲփ୲ᏁᆖመڍԳՠಘ
ᓵ֗ழၴΖԱᏺၞփ୲ԫીࠡ֗ࢤயΔݺଚૠԫฤྒྷٽ᧭ᇢᠲऱ᎖ܗ

ߓอΔലլٵڤऱᇢᠲ֮ٙΔᆖച۩ऄ։࣫ڤऱׂឯࠢڗࡉ࠷ᇬΔຘመࠌ

հᒵՂࣚشছൄؾࠎ༽֗אᓳᖞΔݧဲࡉᔞऱׂဲნᙇႈٽտ૿Δᙇᖗृش

೭ΕڃᣊۿΕဲ྇ף֗אნפ౨ΖԱ౨༼ࣙဲნऱᙇᖗإᒔࢤΔݺଚ

ಖᙕृᙇဲ೯܂Δᨃृ౨ڃመװམመऱᣊۿΔࠀਊᅃߓอ༼ࠎ

հᙇဲ᙮ᇷಛΕઝᖂᏆऱཚעறհဲ᙮อૠΔشܓ֗אอૠڤխဲნኙࡉ٨

ᖂઝ։్֗ڣᇢᠲኔ᧭ኙွΔਊװመאଚቫᇢݺΖݧᙇဲऱᚌ٣ႉޏޓᑓীΔߢ 6
ՕᇢᠲᣊܑΔჸ 4ጟᙇဲฃΔຘመ BLEU֗ NISTհေ۷ਐᑑֺለᒵՂߓ
อߓءࡉอΔኔ᧭࣠᧩ٺڇقኔ᧭ิऱေ۷Ղ݁ڶᚌ࣍ᒵՂߓอऱய࣠Ζ 

ᣂဲΚ۞ྥߢΔሽᆰ᎖ܗඒᖂΔૻ࠹ߢΔᇢᠲΔᖲᕴΔTIMSS 

ԫΕፃᓵ 

TIMSS(Trends in International Mathematics and Science Study) [16]Δطഏઝᄎࡡಜഏ
ഏխԲ్֗ڣՀጠஃՕઝඒխ֨αຂΔಾኙഏ՛אխ֨ΰߛஃᒤՕᖂઝᖂඒم

Κൕܶץ࿓ੌ܂ՠΖ܂ച۩ᑇᖂፖઝᖂᏆհᇢᠲ֗ྒྷ᧭ՠسᖂ్ڣ IEA ࠷
֮ᇢᠲփ୲ΔஃՕઝඒխ֨ެᤜၞ۩ՠ܂։Εխ֮ᇢᠲٌངᐉᒚீ֗إ

ംᠲಘᓵΔ່৵ലխ֮ᇢᠲࡳᒚΖࠡխګݙՂ૪ᎅࣔհՠੌ܂࿓Δࠉᅃ TIMSS ࡴ
ֱጻᖵڣอૠ۟֟ᏁԫଡִאՂऱᄷໂழ Ζၴ࣍ڇڂᇢᠲऱঞՂႊᝩ

ਢृࢨԵլᔞᅝဲნΔףΚࠠ᧯।ሒᠲრΔڕΰైڂᨠऱଡԳ࣍طመ࿓խڇ܍

ऱٵլࢨऱრαسլԫીۖขڤছ৵ֱີ֮ڇڂဲნխΔؾԫᠲٵ

ᠲრ।ሒՂऱᔆΖਚڇԵΔၴ൷ᐙᇢᠲנࢬڶփ୲ࠌऱᑑᄷٵլڂृ

Ա౨ജݙᖞ।૪լᐙᠲრऱإᒔࢤΔመދװԵԱլ֟ऱԳԺᇷᄭ֗ழၴءګΖڂ

Ղԫဲڗڇࠎ༽אױऱᇩΔೈԱ܂ՠܗ࠰อ[3]ߓܗ᎖ऱړԫଡڶΔૉڼ
ીࢤऱᑑᄷא؆Δشܓሽᆰ֗ᖲᕴऱݾז࠷Գՠᛀဲڗٍױڶ౨༼֒

ऱᄷᒔ֗யΖ 
ʳ ʳ ΔTIMSS؆ ᇢᠲڇփ୲ՂΔࠉᠲীጟᣊ։ᙇᖗᠲ֗ംᠲΔীዌתڍ
ᠲለԫ֮ࡉऄዌڼڂՂᎈᙇႈΔףംᠲऱᠲიΔګംዌࡉऴ૪א

ࣔᒔ១ΔٍլᏁەᐞ֜መᓤᠧऱଥֱڤΖ 
ߢᘯࢬڶᖲᕴऱᏆխڇΔࢤᇢᠲփ୲ለԫ֮ີዌ壄១ऱ࣍ᦹڶ

(sublanguage)ऱᣊীΖܛᏁ࣍ࠫૻޣਬԫࡳᏆՂΔ྇֟መ࿓ࢬ࿇سऱ
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ࣴᆠΕଥ堸֮ऄ֗ኔ܂ऱᓤᠧ৫Ζվऱઔڍߒආૻ࠹شߢ(controlled-language)ऱֱ
ԵԳף֗אΔࢤᓤᠧࡉऄዌऱᒤΔ྇֟ဲნࣴᆠ[4]ࡉറᄐᏆऱნࡳΔૻڤ
ᖲյ೯ڤऱᖲᕴᑓڤΖڼڂΔݺଚߓڇอૠૹ֨ՂΔא༈ބറဲټڶΔലᇢᠲփ

୲ᆖطឰဲ֮֗ऄ։ΔشܓᇬဲࠢΔ᎖אอૠڤᑓী[1]ױڶࢬנބ౨ᔞٽ
֮ဲნऱ࣠Δृشࠌࠎ༽ࠀտ૿ΔאԳՠᒳᙀתࢨ۞೯ऱֱڤΔຘመխ֮ীፖ

֮ীऱኙᚨٽࠩބऱဲݧᣂএΖ 

ԲΕTIMSSᇢᠲߓอ 

ഗ࣍ፃᓵऱխᇢᠲհംᠲࡳᆠ֗ߓอૠૹ֨ΔݺଚګݙऱᇢᠲߓอΔڇച

۩ऱੌ࿓։ 3ຝ։Ζ 
i. ല TIMSS֮ᇢᠲຘመ֮ٙ᠏ᚾ࿓ڤ᠏֮ٙګᚾ 
ii. ൕߓอᑓิᙇᖗᒵՂᑓڤΔࠢڗࢨᑓڤΔٽଥإᑓิขسխ֮
࣠ 

iii. ല࣠ᙁृشࠌ۟נտ૿ 
ଈ٣Δᇢᠲᇷறऱᚾூױڤ౨ొ֮ڗᚾΕMicrosoft Wordऱ DOCᚾࢨ Adobe 

Systemsࠫࡳऱ PDFᚾॺొ֮ڗᚾڤΔਚ౨إᒔᦰڗ֮࠷փ୲հছؘႊ٣ၞ۩᠏
ᚾ೯܂Ζݺଚࡅ JACOB PROJECT[13]ऱᚨش࿓ڤٙၞ۩ొ֮ڗᚾ᠏ᚾΔؾছΔܓ
ᅝ࣍ڇ᠏ᚾऱរش PDF ᚾऱփ୲խ֮փ୲Δ٣֮ᚾհژᚾֱڤਢאڗ
ীऱֱژڤᚾΰشܓڕ LaTeX֮ᒳᙀՠࠠࡳᆠհڗীαΔຍழխ֮ᚾூᄎ࣍طᒳᒘᝫ
ംᠲขس႖ᒘऱൣݮΔ֮ۖփ୲հᚾூঞྤڼംᠲΖ൷ထΔژԵᑉژᚾհ৵٦ᦰ࠷

૿ޏᙇᖗ֗ᄅᏺଥؾᠲ࣍ᙇؾᠲנᙁࠀᠲᇆΕᇢᠲփ୲֗ᎈᙇႈΔࠉփ୲Δڗ֮ࠡ

 ृᙇᖗհᇢᠲփ୲Ζࠎࣨ
อലߓ TIMSSᇢᠲᚾ᠏ངڗ֮ొګᚾ৵Δ൷ထီृᙇᖗױ֊ངᒵՂᑓڤ

 Ζڤᑓࠢڗ֗
i. ᒵՂᑓڤΚݺଚەᐞࠩؾছߣዚࢬංנऱ Google Translate[12]֗אႁॡᒵՂ
ߓอ[19]Δኔ܂ Http Connection Interface ΔᙁԵ৵ႚڃ֮ऱ html
ଳ࣫ΔലۭڗᚾΔᆖመڗ֮ html ऄװೈΔດ۩ᛀܒࠀឰᇠ۩ਢڶࠠڇژܡ
ۭ࣠ڗհؐ׳ઌᔣᢝܑ֮ڗΔૉฤٽঞ׳ؐנ࠷ઌᔣᢝܑ֮ڗխၴհ

ۭ࣠ڗΔ٦ຘመտ૿᧩ڕقቹԫհಛஒΔߓอᄎᆖृᒔᎁΔ۞೯ᑉژ

֮֮ࡉխ֮ऱ࣠Δৱ່৵ᚏژ೯ګݙ܂৵ژԵᚾூխΖ 

ቹԫΗᒵՂᑓڤտ૿ 
ii. ࠢڗᑓڤΚृਊᠲᇆᙇᖗࢬᏁփ୲৵Δߓอᄎᦰ࠷ᇠᠲؾΔ࠷ڇ
հ֮৵Δᄎܒ۩٣ឰؾছߓอᑓิऱᙇᖗΔૉृᙇᖗڗ

ࠢᑓڤΔঞᄎᆖࠢڗطᇬڗऱֱڤΔലڶࢬิဲࡉڗऱױڶࢬ౨ऱխ

֮Δᙁृشࠌ۟נտ૿Δᨃၞृشࠌ۩৵ᥛհᓳᖞဲࡉݧխ֮ᙇဲ
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೯܂ΔڕቹԲقࢬΖ 

ቹԲΗࠢڗᑓڤտ૿ 
ྥۖΔဲࡉݧխ֮ᙇဲऱ೯܂Δ༉ृࠐߪءᎅսྥᏁڍԳՠᛀ

ऱழၴΔڼڂΔᏺၞᙇဲࡉᓳᖞဲݧऱயΔݺଚᏁߩജڍऱխᇢᠲᇷಛΔ

Ζྥۖࢤऄዌऱᣂຑ֮ࡉڇխᇢᠲנބΔݾᖲᕴᖂऱشܓ IEA ޢሶڣ
ᜰ۩ԫڻ TIMSSྒྷ᧭ΔறࠐᄭՂΔݺଚؾছႛڶ ֗ڣ 1999 ᜰᙃऱࢬڣ 2003 TIMSS
խኙᅃྒྷ᧭ᠲؾΰڇհ৵ີᆏΔݺଚ։ܑא TIMSS1999 ֗ TIMSS2003 ق।ࠐ 1999
֗ڣ ࠉΔڤᖲอૠऱֱشܓ౨אߩլࠀᇢᠲᇷறຝ։ڇαΔؾᠲհྒྷ᧭ᠲנࢬڣ2003
ᅃቼᄷᒔᙇנᔞᅝ।ሒრऱխ֮ဲิΔࠀᝫխ֮ऱဲݧΖڼڂΔᏁຘመࠡ

ଚലᄎտฯݺรີΔࡉรԿີڇऱֱூΖזΔཙܗ᎖խறऱࢨຝᇷಛ؆ה

 ᓳᖞऱฃΖݧΔᇡาᎅࣔխ֮ဲิ֗ᙇဲႉࢤ۶ࠩऱԫીڕ

ԿΕऱԫીࢤ 

ԫᒧړऱխ֮փ୲Δ౨༳༽ছ৵ၴփ୲ऱԫીࢤΔݙܛᖞຫ૪֮ऱრ৸Δڇ

ნՂإشࠌᒔဲᆠ।ሒΔ।ሒऱ֮ऄڤݮՈ౨ࡉ֮ԫીΔੌࠀዃ࣐ᦰΖאTIMSS
ᇢᠲࠐᎅΔ౨إᒔנᇢᠲຫ૪ຝ։Δܶץփ୲נऱംׂΕറဲټڶΔࡉ༼

փڇ᧯Δം؆ڼᔹᦰᇢᠲփ୲Ζسەᔞ֊֧ᖄאნΔဲشழൄؾᠲڇسەق

୲ছ৵ٍլנױլٵऱ࣠Ζ 
ᝩ܍լٵृᄎڶլٵऱክΔृᆖൄᏁᛀಘᏁอԫऱဲ

ნΖسەق༽אऱൄဲشნࠐᎅΔڕ check one boxᄎอԫګϘ֍ᙇԫႈϙΕas shown 
belowอԫګϘڕՀقࢬϙΔਚಾኙՂ૪ွΔߓอٍᏁ༼ࠎृױᙟழ೯ኪᓳ
ᖞࠡխኙᅃঞհᐘࢤΖ 

հ࣠ຏൄறอૠխࠎ༽ࢬอߓᒵՂࢨอΔߓΔႚอᩡഇऱ؆

٤অᢞࠡݙᆠऱ֮փ୲Δլ౨ڍԫဲࢨᏆࡳ࣍ኙ܀౨ऱ࣠Δױڶ່

࣠հإᒔࢤΔृՈྤऄऴ൷ಾኙࡳᏆवᢝհ֮ဲნΔٚრଥࠡإ࣠Δ

ᨃߓอᆖመଥإ৵Δᙇᖗ່ړऱᇞᤩΖਚߓอृشࠌڇտ૿ऱૠՂΔ౨༼ࠎृ

ᙇᖗฤٽቼऱᙇႈ֗ٽऱဲݧᓳᖞֱڤΔڇࠀ൷࠹ृᓳᖞ৵Δ౨ജ

ᖕ٣ছऱᓳᖞΔ۞೯ଥإᣊۿհဲნΖ 
ՀᚾூΔᨃृ౨אᆠࡳΔิဲࢨऱဲნࢤመ࿓խಾኙᏁԫીڇอߓء

 ᆠဲิऱխঞΖࡳ۩۞

the original English item

select the translationspost-editing area
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i. ঞဲࠢᚾΚലᇢᠲ՛ิެࢬᤜհอԫဲิאԳՠऱֱڤ৬مխኙᅃဲ
ࠢᚾΖ 

ii. ׂীᚾΚൄشऱׂဲټΕ೯ဲׂ֗ݮ୲ဲׂဲิऱխኙᅃᚾΖ
ڕಖᙕऱဲิਢຑᥛऱဲิΔࢬऱਢΔঞဲࠢᚾٵঞဲࠢᚾլࡉ in order toΰ
Աαࢨ build upΰ৬مΔዌګαΔׂۖীᚾࢬಖᙕऱဲิঞॺຑᥛऱဲิΔڕ
place~ on~ΰཋ܉ਬढ࣍ਬαࢨ carry~awayΰሉߨਬढαΖ 
ڶբװᔞ֊࿓৫ऱழၴΔᨃृᛀመ֗ࢤᒔإऱڗΔԱ྇֟ಘᓵ؆

ऱփ୲Δݺଚ༼ڃࠎۿհפ౨Δലᛀऱ࣠אխ֮ڗኙᏘ

ΰconcordanceαऱֱܧڤृشࠌ࣍տ૿ΖאՀհᛀച۩ੌ࿓Ζ 
i. ൕխኙᅃဲิᚾ৬مଙ᠏ᚾΰinverted fileαΚᅝृشܓᛀီ࿗ᙁԵ֮ᛀ
ࢨڗຑᥛׂࢤΔߓอᄎൕመװऱଙ᠏ᚾփ୲Δބ༈ࡉڶࢬᛀׂࢨڗڶ

ᣂऱխኙᅃဲิᚾհۯ࣋ژᆜΔ٦ດԫჼ༈ᚾூհփ୲Δᛀᚾூփڶࢬխኙ

ᅃዌΔׂ֮ࠡڗਢࡉܡᛀဲઌٵΔૉઌٵΔঞലؾছֺኙۯᆜऱڶࢬխ

ኙᅃዌΕ֮֮֗խ֮࣠ᚏ࣍ژԫᒷᓢΰbufferαΖ 
ii. ขسխ֮ڗኙᏘΰconcordanceα࣠ΚൕᒷᓢᚏژऱխኙᅃዌΔנބᛀ
ဲऱխऱኙᅃዌΔ൷ထނ֮֮֗խ֮࣠Δאᛀဲऱխऱኙ

ᅃዌխ֨Δല֮֮֗խ֮࣠֊ࠟ׳ؐګຝ։Δ່৵ᖕृ

ᛀဲխ֮ڶࢬᛀ֗אΔؾᛀဲऱᑇٽᙁԵऱᇷறᑇΔᛀᒷᓢฤࢬ

Δല֮֮֗խ֮࣠Δࠉᅃઌٵխ່֮ڍऱႉݧছऱ

ඈڤֱݧΔᙁ۟נ࣠ီ࿗ΔڕቹԿقࢬΖ 

ቹԿ խ֮ڗኙᏘտ૿ 

Εխ֮ဲิ֗ᙇဲႉݧᓳᖞ 

ೈԱࡳ۩۞شܓᆠဲิऱխঞΔڃ֗אऱֱڤΔ༳༽ຝ։ဲิऱխ֮

հ؆Δݺଚᝫࡳᆠԫဲิ֗ଥੌإ࿓ΔאՀᇡาޡᨏΖ 
i. ဲࢤᑑಖ֗ stemming 

ᖕࠀԵᑑಖΔףᑑಖՠࠠല֮ࢤဲMXPOST[15]ࡅଚݺ Porterዝጩऄ[17]Δ
ኔ܂ᝫࢤဲٺΰဲټΕ೯ဲΕݮ୲ဲΕ೫ဲαऱဲი᧢֏ΰڕ~lyΕ~ingΕ~ed αΖ
ኙ࣍ਬࠄဲი᧢֏ऱڗΰڕ೯ဲ breakΔࠡመڤװ brokeΔ೯ڤ brokenΔא
شܓଚݺዝጩऄऱຝ։Δشאᓤᑇীኪαֺለᣄဲټ֗ WordNet[25]Δࠉᅃဲࢤ

Z39 50 is protocol for
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ࠢڗᚾჼ༈ࠩބ stemming৵ऱ࣠Ζ 
ii. ឰဲ֗ဲิ 

֮ຝ։ܶץڗΰwordαΕဲิΰtermα֗ᑑរΖࠡխΔဲิܛᑇଡڗ
ऱิٽΕׂΰphraseΔׂဲټڕΕ೯ဲׂΕݮ୲ဲׂαࢨᓤဲټٽΖ 

༴૪Ζૉࢨ।ሒ܂ᖞऱ೯ݙ౨༳༽ֺለऱნ।ሒ࿓৫ՂΔဲิิဲࡉڗڇ

ొشԫڗࡉڗհၴऱ़ػឰဲΔঁྤऄشܓឰࠐנऱิဲࡳެڗऱრ৸Ζ 
֗אრΔڗڗᖞኙᚨխ֮ऱݙრ౨ڗऱڗՂ౨֮ࠩڇඨݦଚݺΔڼڂ

ࠩဲิڤऱΔࠌ֮ऱრ౨ݙޓᖞΖۖรԫޡڶ٣ᙄऄឰإנᒔऱ

 ᒔऱխ֮ဲิΖإנބթ౨ࠐΔ൷Հဲڗ
ຍ܀Ζ܂ऱ೯ڗഗ៕ឰػհၴऱ़ڗࡉڗشܓឰဲֱऄՂΔଈ٣ല֮Δڇ

ழە٣ᐞᑑរฤᇆऱൣݮΔڂᑑរฤᇆڇ֮֮խຏൄਢຑڇֱ׳ڗΔ٣ڼڂ

ᛀ֮ڶᑑរฤᇆழ٦༺Ե़ڗػցΔػ़شܓ٦ឰဲΖ൷ՀၞࠐԵဲิឰဲຝ։Δ

ဲࢨ֮ଳ࣫ᕴMINIPAR[14]ׂ֗ীᚾឰဲֱऄΔല֮փׂشܓଚ։ܑݺ
ዧᠨᇞဲࠢ[29]ז੍ׄشࠌଚݺຝ։ࠢڗΔࠡխׂࠡנބࠢڗشΔ٦ࠩބิ
ΰConcise Oxford English DictionaryΔگᙕ 39429 ଡဲნαΖࠢڗڇᇬࠟݙጟ༈ׂބ
ऱဲิΔࠩބऄհ৵Δ൷ထၞԵ९ဲဲิᗴᙇၸΔଈ٣Δඈೈૹֱิဲࢨ

ऱٵΔׂ९৫լۿׂዌᣊנMINIPAR։ဲհխࢨᛀૉׂীᚾ։ဲࠐ٦
ൣउΔঞᙇᖗለ९ऱׂ࣠Δ່৵ᙁׂګݙנհΖ 

MINIPAR։ဲՂΔMINIPARאᇞ࣫ࠡऄᇞ࣫ዌΔឯנൄ່࠷հׂဲټΰܛ
NPࢨ NPLα֗೯ဲׂΰVPࢨ VP+PPα֗ݮ୲ဲׂΰADJPαΖ 

ׂীᚾឰဲֱऄՂΔݺଚאীֺኙऱֱڤΔೈԱਊᅃઌᔣׂჼ༈؆Δܓ

।ٚԫזϘ*ϙش wordΔϘ<>ϙז।ؐဲ׳ნૻࠫᒤփڶࢬհ wordΔຟشܓאױᇠ
ዝጩऄឯׂࠡ࠷Ζਚቝ࠷ތ Ϙpulse rateϙΕϘsuccess rateϙΕϘДrateϙᓤټٽ
ဲΔشܓױϘ* rateϙΔז।࠷ތ rateছԫଡ wordᅝᓤဲټٽΙૉᏁ࠷ތ Ϙas Д 
as possibleϙࢨϘas Д asϙীழΔشܓױϘas <> as possibleϙ֗Ϙas <> asϙհ༴
૪ֱڤΔ࠷ތࠐຍࠄᣊׂۿΖ൫ႊࣹრऱਢΔֺኙऱীૉڶઌۿዌ܀լٵ९৫ऱ

ীᚾփׂߩழየٵԫ֮ϘΞthe diagram shown belowΞϙΔڕΔڤᑌۭڗ
ऱ Ϙthe diagram shownϙࡉ Ϙthe diagram shown belowϙׂীΔঞݺଚᄎᙇᖗ९৫
ለ९ऱϘthe diagram shown belowϙۖլਢᙇᖗϘthe diagram shownϙףՂϘbelowϙ
։ဲऱ࣠Ζ 
iii. stop word filtering 
ʳ ʳ ച۩֮ழΔᄎڶਬࠄྤڂڗऄᗑڇژΔᏁჸࠡהנڗΔנۖڂ

լᏁྤࢨऄဲნհൣݮΖڕࠏগဲ theΕanΕaΔൄ࣍ףᑇဲټհছΔᅝլႊ
ܑൎᓳᑇழΔঁլᏁܑগဲΖտဲߓ forΕtoΕofΔᅝנ࣍ጊംဲհ৵Δ
հխΔׂࠡࢨ რᆠ।ሒܗ೯ဲڕ doΕdoesΔԱլᨃ৵ᥛ೯܂נՂ૪հဲნΔ
 ឰΖܒՀאנࠀಾኙ֮ࠀΔٽԫႃمნ৬ဲࠄଚലຍݺ
a) গဲຝ։Δtheऴ൷װೈΔaࡉ anঞܒឰנۯᆜਢܡଈΔࠀᛀ a৵૿ਢڶܡ
אΔঞղٽՂයٙઃլฤא౨ਢᒳᇆαΔૉױڶ।זរΔࢨਔᇆڕᑑរฤᇆΰהࠡ

 ೈΖװ
b) տဲߓຝ։ՕીঅఎΔ൫Ꮑܒឰছԫڗցਢܡ whatΕhowΕwhoΕwhenΕwhy 
ጊംဲΔૉයٙฤٽΔঞղװאೈΖ؆Δtoנ࣍ଈழٍղװאೈΖ 

c) ܗ೯ဲຝ։Δঞܒឰছԫڗցਢܡ whatΕhowΕwhoΕwhenΕwhyጊംဲΔٵտ

411



এဲܒឰֱڤΔૉฤٽঞղװאೈΖ 
iv. ࡉڗറဲټڶ 

ټڶറ֗ڗऱࠐԱׂऱխ֮ΔໍՀګݙଚݺឰဲׂ֗ၸΔڇ

ဲऱຝ։Δݺଚঞشܓڻ٦ᇬ֗ࠢڗଥإᑓิऱխኙᅃঞဲࠢᚾऱֱڤΔބ

Δಾኙ؆౨ऱխ֮࣠Δխ֮ᙇဲհᙇႈΖױڶࢬဲټڶറ֗ڗଡޢנ

ەଚݺຝ։Δټࡎխ֮ګ᠏ངټࡩ֮ 20000-NAMES.COM ጻీΔലጻ٨ࢬऱࢤߊ
ऱࠐנ։֊ࢬᚾΔ൷ထലৱऱ֮ڗ֮ګژ։ᣊΔ։ܑܑࢤਊټࡩ֮ࢤՖࡉ

ဲნΔ٣ࡉছᚏژऱڶࢬֺ֮אףټࡩኙΔנބઌټࡩٵ৵Δݺଚ٣ࠃشܓ৬ړمऱ

խ֮ټࡩΔਊڃܑࢤႚᔞᅝڗټΖڕࠏΔᅝ֮נဲټϘBobϙழΔ᥆ټࡩࢤߊ࣍Δ
ਚൕխ֮ټࡩऱټࡩࢤߊ։ᣊխΔא႖ᑇֱڤΔٚრ࠷ Ϙ՛ဎϙᅝ܂ኙᚨऱټࡩ
࣠ΔࠀಖᙕؾছϘBobϙਢࡉ Ϙ՛ဎϙઌյኙᚨΔٵঁאᠲփ୲խנ٦ 
ϘBobϙټࡩழױࠩԳټԫીࢤऱΖ 

۫ց।قຝ։Δݺଚঞਢܒឰխऱဲნਢ۫ܶץܡցֲִڣဲნΔ܂۞೯᠏

ངاഏ।قऱᑑᄷΖ 
v. ࣠ଥإ 
ʳ ʳ ऱխ֮ᙇႈΔᓳᖞࠐנڗٺհ৵Δ່৵༉ਢಾኙׂ֗ڗګݙڇ

ᔞᅝऱᙇႈඈ٨ႉݧΔݧဲ֗אᓳᖞΖʳ

ʳ ʳ ছؾรԲີբᎅࣔڇ ˧˜ˠ˦˦ ᇢᠲᇷறࠀլشܓאߩᖲอૠऱֱڤΔࠉᅃቼᙇ

ᙇࡳެ܅᙮ဲشܓଚݺڼڂΖݧᝫխ֮ऱဲࠀᔞᅝ।ሒრऱխ֮ဲิΔנ

ဲૹ࿓৫ऱᄗ࢚Δಖᙕृመװᙇဲհဲ᙮ᑇΔشܓࠀխ֮றอૠဲ᙮Δຘ

መխறΔאอૠڤഗ៕Δ৬مխဲნኙ٨֗ߢᑓীΖאՀലಾኙ

ृᙇဲဲ᙮Εխ֮றဲ᙮֗խဲნኙࡉ٨ߢᑓীᇡาտฯΖ 

ΰԫαृᙇဲဲ᙮ 

խ֮ᙇဲႉݧᓳᖞຝ։Δݺଚەᐞᇢᠲߪءऱ㵮૪ຝ։֗ംࢬሎࠩشऱଥဲֱڤլ

ऱဲิࠡኙᅃऱխ֮ဲิጟᣊՕીլᄎ᧢೯֜ՕΖشΔਚൄऴ൷אΔՕຝ։ڍ

อط៶տ૿ᙇᖗխ֮ဲิᙇႈΔشܓױऱಝᒭᖂֱऄΔृڤዬၞشࠌଚݺຍᢰڇ

ૠ່ൄृᙇᖗऱᙇႈֲ৵ᙇဲऱᚌ٣ႉݧΔࠡ ᙇᖗႉൄڻऱᙇႈঞਢ٦ਊה

ᆖृᒔᎁྤᎄऱխ֮ڻޢଚଈ٣ലݺऱΔؾᣊංᓳᖞΖԱሒࠩຍଡڼࠉݧ

ኙᅃဲิอԫಖᙕ۟խኙᅃဲิᚾփΔڕ।ԫقࢬΖ 
।ԫΕխኙᅃဲิᚾ 

ᠲؾΚ 
L5. When male wolves place their scent on trees, they most likely are doing this in order to  
ᆖছ֗ኙᅃ৵ᚏژऱխኙᅃဲิᚾΰא BNF।ሒᚏژᒤࠏαΚ 
<English-Chinese Form> := [ <English Word>|<English Phrase> : <Chinese Word>|<Chinese Phrase> ] 
| [<Symbol>] 
When   male    wolves  place      their        scent      on    trees     ,  
[when:ᅝ][male:ႂ][wolf:][place:ᆜ࣍][their:הଚऱ][scent:࠺][on:Ղ][trees:ᖫֵ][,] 
they      most     likely     are   doing  this    in order to 
[they:הଚ][most:່][likely:ױ౨][be:ਢ][do:][this:ڼ][in order to:Ա]                    

֮ᆖመ৵ΔਊՀᚏژ೯܂Δᄎ۞೯ലڶࢬխဲნኙᅃऱ࣠Δࠉ

ᅃ।ԫհڤΔᚏڇژխኙᅃဲิᚾփΔ൷ထΔലؾছᚏ࣍ژխኙᅃဲิᚾڶࢬխ

ኙᅃऱዌΔࡉଥإᑓิऱڍᆠ֧ଥإᚾڶࢬመװբڶಖᙕհխኙᅃዌֺ

ኙΔૉࠩބאױઌٵऱዌΔঞലؾছዌऱᙇဲڻᑇ᥏ףۯ 1ΔૉྤઌٵዌΔז।

412



መװऱಖᙕྤᇠխኙᅃհಖᙕΔঞലᇠዌᚏژΔࠀലᙇဲڻᑇࡳ 1Ζګݙ
ᑇڻᅃᄅऱᙇဲࠉאױᄅऱழΔ༉ڻՀԫڇᑇ৵Δڻᚾإᆠ֧ଥڍᄅޓ

 ΖݧΔᔞᅝᓳᖞဲნऱᙇႈႉ܅
ೈԱڍشܓᆠ֧ଥإᚾᓳᖞဲნऱᙇႈႉݧΔಾኙؾছխৱᓳᖞᙇ

ဲႉݧհڗΔנ࠷ᇠڶࢬڗխᙇႈ֗ؾছᇠڗছ৵ဲნհխΔܛጹ

ᔣဲნΔ൷ထΔൕڶࢬխኙᅃဲิᚾխٵڶࢬנބؾছڗխᙇႈऱছ৵ဲ

ნΔֺ ለؾছࠩބऱጹᔣဲნࡉመװఎڇژխኙᅃဲิᚾऱጹᔣဲნਢܡઌ

ऱխڗᇠ࠷Δঞٵլઌڕኙᚨऱխ֮ᙇႈᚌ٣ΖࢬᅝழאΔঞܶץࢨٵΔૉઌٵ

֮խᙇᖗڻᑇ່ڍऱဲิᚌ٣ΖڕࠏΚݺଚڇϘwolves place their scentϙխΔ
placeᏁᓳᖞᙇႈΔݺଚवሐ placeאױګϘᆜ࣍ϙࢨ ϘֱچϙΔࠀᒔࡳ
placeऱጹᔣဲნΚwolfګ ϘϙΔtheirګ ϘהଚऱϙΖ൷ထΔൕڶࢬխ
ኙᅃဲิᚾބ༈መװ placeऱڶࢬጹᔣဲნխΔਢڇژܡ wolfګ Ϙϙࡉ their
ګ ϘהଚऱϙಖᙕΔࠌ࿇ڇژΔࠀᅝழplaceګ Ϙᆜ࣍ϙݺଚঁެࡳplace
ऱאܛ Ϙᆜ࣍ϙᚌ٣Ζ 

ΰԲαխ֮றဲ᙮ 

Աᚦᇖؾছᇷறၦመ֟ऱறࠐᄭΔݺଚຘመ༈ڶބᣂᑇΕઝᖂඒߛᏆऱխ֮

றΔאᇖߩறऱլߩΖհ৵ΔߓอڼࠉอૠᇷறΔૠጩխ֮ဲิհဲ᙮܅Δᛀ

֮ဲნࢬኙᚨऱڶࢬխ֮Δૉᇠխ֮ڇறอૠᇷறՂڶઌኙᚨऱဲ᙮܅

ଖΔঞဲࠉ᙮ᓳᖞࠡဲნႉݧΖ 
ྥ Δۖዧࠢڗऱխ֮ဲნΔࠀլؘྥ࣍ڇژறհխΔࠌዧဲࠢڗნΔ

ྤऄႉנބܓઌኙᚨறဲნհဲ᙮ΰڕΚઝᖂᏆറဲڶნαΔףՂဲࠢڗნڇ༴

૪Ղࡉறဲნױ౨լጐઌٵΔױ౨ࠠڶრ৸ઌ२ٵࢨᆠΰsynonymousαᣂএΖڕࠏΚ
ڇ֮قნխΔ[test : ྒྷᇢ]।ဲࠢڗڇ testԫဲऱխ֮ဲნϘྒྷᇢϙΔڇ܀ற
խΔױڶ౨լشࠌϘྒྷᇢϙԫ Δဲۖ  Ϙᇢ᧭ϙΕ ڕࠏऱဲნΔۿϘྒྷᇢϙઌࡉشࠌ
Ϙኔ᧭ϙΕ ϘᇢϙΕ ϘቫᇢϙဲნΔຍᑌऱൣउՀΔ༉ྤऄऴ൷ࠀנބอૠ Ϙྒྷ
ᇢϙԫဲڇறՂऱဲ᙮ᑇΔۖ ؘႊەᐞࡉϘྒྷᇢϙઌۿऱဲნڇறՂอૠऱဲ

᙮ᑇΔၴ൷֘ਠϘྒྷᇢϙشࠌڇՂऱૹ࿓৫Ζਚݺଚ٣ലறڶࢬխ֮ဲნࠡנބ

ઌᣂհ२ᆠဲნႃٽΔհ৵Δಾኙྤऄऴ൷ֺኙဲࠢڗნࡉறဲნဲࠡנބ᙮܅

ऱဲნΔױᛀဲࠢڗნਢ࣍ڇژܡறဲნհ२ᆠဲნႃٽΔૉڇژΔז।ၴױ൷

 ნኙᚨறဲნհဲ᙮ᣂএΖဲࠢڗمᇠறဲნኙᚨऱဲ᙮Δ່৵Δ৬ࡉנބ
ร࠴ற[9]ΰ40ע塢ऱཚߛઝᖂඒمᄭᅃഏࠐଚऱխ֮றݺ 7ཚ۟ ร࠴46

2ཚ٥ 111ᒧα֗אஃՕઝඒխ֨ඒᖂඒעִߛற[10]ΰ240ࠩ 285ཚ٥ 218ᒧαΔ٥
329ᒧΖଈ٣ΔലՂ૪றᆖመխઔೃ CKIPឰဲߓอ᎖ܗΔᛧપ 73ᆄ 4Տଡխ֮ဲ
ნΔ൷ထอૠૹנऱխ֮ဲნڻᑇΔขسறဲნဲ᙮।Δڶ٥ 23422ଡխ֮ဲ
ნΔؓ݁ޢᒧဲნଡᑇપ 2800 ዧᠨᇞဲࠢ[11]٥זᄭ੍ׄࠐࠢڗΔڗ 39429 ଡ
ဲნΖ 
ʳ ʳ Ա࠷றፖဲࠢڗნऱ२ᆠᣂএΔݺଚଈ٣ലឰဲ৵ऱறဲნΔ։ܑᙁ

Ե۟ HowNet[8]२ᆠဲ༈ֱބऄΔ֗խઔೃԫဲऑᦰߓอ[2]Δ൷ထലຍࠟጟֱऄࠩބࢬ
ऱ२ᆠဲႃٽΔٌ࠷ႃᗴᙇΔ່৵ᙁנᆖመᗴᙇመ৵հ२ᆠဲဲნႃٽΖ 

ᆖመՂ૪ޡᨏΔױ৬ࡉࠢڗمறઌڗۿኙᚨᚾࡉຘመ٣ᆖመឰဲอૠဲ᙮հ

றဲნဲ᙮।Δ৬ࡉࠢڗمறઌڗۿኙᚨᚾࡉறဲნဲ᙮।հؾऱ࣍ڇ৬
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 ՀΖڕ࿓ੌمნኙᚨறဲნհဲ᙮ᣂএΖ৬ဲࠢڗم
i. ऴ൷ֺኙဲࠢڗڶࢬნፖறဲნဲ᙮।ࢬಖᙕऱறဲნΔૉઌٵΔঞಖᙕؾ
ছဲࠢڗნ֗ࢬኙᚨհဲ᙮ᑇΔૉྤΔঞಖᙕؾছဲࠢڗნ֗ࠡဲ᙮ᑇ 0Ζ 

ii. ಾኙؾছဲࠢڗნ֗ࠡဲ᙮ᑇ 0 ऱൣउΔࡉࠢڗشܓறઌڗۿኙᚨᚾΔᛀ
ٽ൷ኙᚨ२ᆠဲႃၴױნဲࠢڗছؾ।זΔڶΔૉٽ२ᆠဲႃ࣍נܡნਢဲࠢڗ

ნ֗ࠡဲ᙮ဲࠢڗছؾኙᚨဲ᙮ᑇΔૉྤΔঞಖᙕࠡנބࠀհறဲნΔٻਐࢬ

ᑇ 0Ζ 
ಾኙՂ૪ੌ࿓ 2ຝ։ΔݺଚאቹࠏΔறփڶϘ࿇ཀϙԫဲΔᇬઌۿ

ڶϘ࿇ཀϙխ֮ဲΔۖڇژլࠢڗϘ।ሒΔሒϙΔૉዧٽኙᚨᚾ࿇ࠡ२ᆠဲႃڗ

Ϙ।ሒϙࢨϘሒϙհဲნΔঞᖕ२ᆠဲኙᚨᣂএΔၴאױ൷ਐٻறဲნဲ᙮।հ

Ϙ࿇ཀϙࢬኙᚨհဲ᙮ΰ24ڻαΖڼڂΔຘመބઌڗۿऱֱڤΔڶࢬנބઌڗۿऱဲ
᙮Δ৬م᥆ဲࠢڗ࣍ნऱဲ᙮อૠ।Δױܒឰխ֮ဲნૹ࿓৫ऱᙇဲᑇΖ 

ቹǵࡉࠢڗறઌڗۿኙᚨᚾ(ؐ)֗றဲნဲ᙮।(׳) 

ΰԿαխဲნኙࡉ٨ߢᑓী 

ᐞছ৵֮հၴऱჸەآࠀΔݧᓳᖞᙇဲႉڤᑇऱֱڻᙇဲृشࠌࡉறอૠဲ᙮࣍ط

ᣂএΔݺڼڂଚشܓ word alignmentऱݾΔאઝᖂԳᠧհխኙᅃᠨؓ۩ற
ࠐᄭΔא GIZA++[6]։࣫ՠࠠΔנބᠨဲิဲࢨნऱኙᅃᣂএ֗ࠡᖲଖΔࠀ
ຘመאՀᖲᑓীૠጩאՀऱයٙᖲΖ 

)|Pr(*)|Pr(),|Pr( 11 iiiiiii ccececc  

ֆ(1)ڤխࡳᆠ cխ֮ဲნΔe֮ဲნΔشܓছԫଡխ֮ᙇဲऱ Δ࣠

ܛ )|Pr( 1ii cc Δؾࡉנބছխ֮ဲ ci٥ऱᖲΔ֗אխဲნኙ٨ᖲΔࠟנބ

ृઌଊհ່Օᖲ։ᑇΔא२ۿ ),|Pr( 1 iii ecc ऱᑇଖΔᙇᖗխ֮ဲ ciऱױ౨ଖΖ 
լመΔᖕֆࢬ(1)ڤૠጩࠐנऱᖲ։ᑇΔႛެࡳ bi-gramऱᖲΔૉᏁૠ

ጩᖞխ֮ऱᖲ։ᑇΔەܛᐞխ֮९৫ NழΔઌଊڶࢬ bi-gramऱᖲ
Δ࣠ڕՀΖ 

N

i
iiii

N

i
iii ccececc

1
1

1
1 )|Pr(*)|Pr(),|Pr(  

ጵٽறอૠဲ᙮ᇷಛΕृشࠌᙇဲڻᑇΔشܓ֗אᠨறอૠऱᖲଖΔױ

֮ဲნࠢڗᆠࡳᘝၦဲნᙇဲૹ࿓৫ऱֱऄᅝᑇΔࠄലຍא eऱڶࢬխ֮
ᙇႈ w1, w2,�…wiΔࡳ֗אᆠறอૠဲ᙮ᇷಛWf(wi)Εृشࠌᙇဲڻᑇ Gf(wi)
ᠨறอૠऱᖲଖشܓ(2)ڤᖕֆ֗א P(wi)Δ܂֮ဲნ eհխਬԫᙇႈ

(1) 

(2) 
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wiᙁԵ۟ԿጟֱऄऱࠤᑇټጠΔࠡઌףऱ։ᑇࡳᆠ S(wi)ᙇဲૠ։ࠤᑇऱૠጩ࣠Δ
 ΖقՀ।ڕ

 S(wi) = Wf(wi) + Gf(wi) + P(wi) 

ʳ ʳ ࠡխΔS(wi)ࡳࢬᆠऱ Ε Ε ࡳެܑٺWf(wi)ΕGf(wi)ࡉ P(wi)ૠጩհᦞૹΔ࣍ط
ࡳսྤऄެߒছઔؾ Ε Ε ऱ່ࠋଖΔڼڂࡳ = = =1Δז।ԿृऱૹࢤઌٵΖ 

൷ՀࠐΔݺଚലشܓ GIZA++[12]֗ mkcls[11]ՠࠠΔտฯ۶ڕലشܓઝᖂԳᠧ
Δ൷ထലխݾऱխᠨறΔᆖመ១ऱխኙ٨ΰsentense alignmentαࠎ༽
֮றຝ։Δشܓխઔೃ CKIPឰဲߓอאףឰဲΔ֮றຝ։ΔঞਢᆖመՕ՛ᐊ
᠏ང֗ڗࡉڗشܓհၴ़ػឰဲΔشܓࠐ٦ word clusteringݾΔ৬ဲمნ։ᆢΔףࠀ
ᇷಛΔ່৵ᙁԵ۟ڗ֮ొګற᠏ངڗᒳᇆΔല֮א GIZA++ขဲسნኙ٨࣠Δࠀေ
۷ࠡኔ᧭ய࣠Ζ 

ᑌઝᖂԳᠧࢼଚݺ ڣ2002 3ִ۟ ڣ2006 12ִ٥ 110ᒧ֮ີΔኙᑇΕխဲ
ნᑇ֗խ᜔ဲნଡᑇڕ।ԲقࢬΖ 

।ԲΕኔ᧭றࠐᄭอૠ 
ኙᑇ ဲნᑇ ᜔ဲნଡᑇ(tokens) 

խ֮ 9313301747 ڗଡ 

֮ 
2780 

 390020ଡ ڗ10608

ଈ٣Δ࣍طઝᖂԳᠧ֮ີփ୲ڤ html ጻڤΔףՂࠡխኙᅃጻऱփ
୲ႛشܓ։᥏ऱֱڤΔലխփ୲ܑٺᆜԵؐࠟ׳᥏փΔۖآᑑုࠡխઌյኙᅃ

ऱۯᆜΔאી࣍լ౨ฤٽಝᒭᇷறᏁየߩኙ٨ΰsentence alignmentαऱයٙΖྥۖΔ
ᅃቹնࠉଚݺ壄壀Δਚࡉኙ٨ΔᏁՕၦऱழၴܡឰਢܒಾኙխڤԳՠֱא

հ១࣐ኙ٨ੌ࿓Δױנބ౨ऱխኙ٨࣠Ζ 

ቹնʳ ១࣐ኙ٨ੌ࿓ 
GIZA++ૠጩ alignment ऱᖲΔؾᑑߢ t ९৫ڇ m ߢᄭࠐ֗א s ९৫ڇ n

යٙՀნኙ٨ऱයٙᖲΔܛૠጩ )|Pr()|Pr(
1

11

m

j
aj

nm
j

stst Ζྥ ΔۖኔᎾᛀறΔ

ᖕற༼ࠎऱอૠᇷறၞ۩ֆڤૠጩழΔᄎڂறࠎ༽ࢬऱຝ։ᇷಛլߩΔࠌ

යٙᖲऱଖ 0ऱൣݮΔࢬܛᘯऱ࿕งᇷறΰsparse dataαംᠲΖڼڂΔԱ౨༼
ࣙ alignmentऱᔆΔᏺֲף৵ૠጩဲნᖲऱإᒔࢤΔOchԳڇ  ϘAn࣍ڣ1999
Efficient Method for Determining Bilingual Word Classes�”[5]༼נԫጟ word clustering ֱ
ऄΔല։܉࿕งऱறᇷಛၞ۩։ΰpartitionαΔࠌᆖൄٵழנऱԫဲߢნ
ΰmonolingual wordαࢨᠨဲნΰbilingual wordα౨ٵڇԫᣊΔࠐࠌܛᄭဲნؾࡉᑑ
ဲნऱኙᅃᇷಛլߩΔՈאޏױᛀࠐᄭဲნࢬ᥆ऱᣊܑؾࡉᑑဲნऱኙᅃᇷಛΔࠐᏺ

ᖲ֏ࠋԱԫ່נ༽ழΔOchՈٵᖲଖΖࠡף Δࠫڇᓳᖞؾᑑဲნᣊܑ T*ΰtarget word 
class)ࠐࢨᄭဲნᣊܑ S*ΰsource word classαழΔᛀࠡဲნයٙᖲଖਢܡฤٽ

(3) 
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*)*,,|Pr(*)|Pr(maxarg 111
**,

TSstSs nmn

TS
යٙΔᒔঅ clustering࣠հإᒔࢤΖ 

א word clusteringᄗ࢚ഗ៕Δݺଚشܓ Ochၲࢬ࿇ mkclsՠࠠ[11]ΔࡳᏁച
۩ᑇചڻΰoptimizeαऱ֏ࠋ່۩ ֗ڻ5 word classଡᑇࡳ 80ଡΔհ৵ᙁԵխ
ற GIZA++ച۩Δຘመ EM algorithmΕHMM model֗ IBM-model 1~5հಝᒭመ࿓Δ
֘ಝᒭ  խဲნኙ٨࣠֗խဲნኙᅃᖲ।ΖנΔᙁڻ5

ڇ 2780 խኙխΔݺଚ࿇ڇխဲნኙᅃᖲ।ᇙΔಾኙխ֮ 9313
ଡဲნኙᚨ֮۟ 10608ଡဲნנ٥ 18181ጟլဲٵნኙٽ٨ิΖ൷ထΔݺଚലխ
ဲნኙᅃᖲ।ᇙנመ 18181ଡ֮ဲნΔڬೈઌٵ֮ဲნኙᚨڍଡխ֮ဲნ
ऱڻᑇΔױࠩ 5224ଡլٵ֮ဲნऱ൷࠹ኙଡᑇΔࡉ٣ 10608ଡ֮ဲֺለದ
Δ࿇ࠐ 5384 ଡ GIZA++ࡳܒ֮ဲნኙᚨ۟ NULLΔܛறխྤٚ۶ٽᔞխ֮
ဲნࠎױኙΖૉڬೈ 5384 ଡנآ࣍խဲნኙᅃᖲ।խऱဲნΔ൷ထΔא
ԳՠᛀऱֱڤΔᛀխဲნኙᅃᖲ।փإᒔኙऱխဲኙڶ٥ 3372 ಖ
ᙕΔڬೈൾઌٵ֮ဲნኙᚨڍଡխ֮ဲნऱൣउΔڶࡸ 2761 ଡլٵ֮ဲნਢኙ
 ᒔऱխ֮ဲნᇞᤩΖإ
ʳ ʳ ൷ထΔᖕֆ(1)ڤΔૠጩխ֮ڗऱิٽᐙ່ࠩ৵խ֮ဲნᙇᖗऱᖲΔڼڂᏁ
ܛᑓীΔߢᐞխဲნኙ٨ᖲ֗խ֮ᠨຑە )|Pr( 1ii cc Ζ 

ࠡխΔݺଚ৬مխ֮ᠨຑߢᑓীऱֱڤشܓ SRI Speech Technology and 
Research Laboratory ࢬ ၲ ࿇ ऱ ۞ ྥ  ߢ ՠ ࠠ SRILM ΰ ጻ ܿ 

http://www.speech.sri.com/projects/srilm/αΔᙁԵխ֮றᚾ৵Δᖕอૠٺխ֮ဲნ֗
Հԫଡխ֮ဲნऱנڻᑇΔૠጩࠡנᖲΔ່৵ᙁנխ֮ߢᑓীᖲ।Δڕቹք

 Ζقࢬ
-2.150164 ʳ ʳ ʳ ʳ  ሎ೯  
-2.139987 ʳ ʳ ʳ ʳ  ሎ೯ ౨Ժ 
-2.153002          ሎ೯ ല 
-2.146435 ʳ ʳ ʳ ʳ  ሎ೯ ᑓڤ 
-2.142739 ʳ ʳ ʳ ʳ  ሎ೯ ᑓী 
-2.153002 ʳ ʳ ʳ ʳ  ሎ೯ ᑓᚵᏚ 
-2.153002 ʳ ʳ ʳ ʳ  ሎ೯ ᕴࡴ 
-2.144583 ʳ ʳ ʳ ʳ  ሎ೯ ᜤᅩ 
-1.341907 ʳ ʳ ʳ ʳ  ሎጩ Δ 

ቹքΕխ֮ߢᑓীᖲ। 
ٺق։ܑ।ۯรԲଡ᥏ࡉۯᨠኘࠩΔรԫଡ᥏ױቹԿط ˵˼ˀ˺̅˴̀ ဲნՀኙᚨऱ ˿̂˺ʳ

̃̅̂˵˴˵˼˿˼̇̌ΰא ˿̂˺˄˃ഗࢍαΖڼڂΔݺଚאϘ̆̃̂̅̇̆ʳ˿˸˴˺̈˸̆ϙࠏΔࠉᅃֆڤʻ˄ʼޏᐊऱֆ

ছ֮ʳϘ̆̃̂̅̇̆ʳؾΔૠጩᅝڤ ˿˸˴˺̈˸̆ϙழΔʳ ʳࡳଚᒔݺ Ϙ̆̃̂̅̇ϙʳ Ϙሎ೯ϙΔ

ۖϘ˿˸˴˺̈˸̆ϙګʳϘᜤᅩϙऱᖲΖʳ

ʳ ʳ ʳ ʳ ʳ ),|Pr( leaguesၮᖄ࿉ Pr(ᜤᅩ|leagues) * Pr(ᜤᅩ|ሎ೯) 

ࠡխΔPr(ᜤᅩ|leagues)ױᆖطխဲნኙᅃᖲ।נ leagues ᖲ່Օऱխ
֮ΔPr(ᜤᅩ|ሎ೯)ঞਢᆖطቹԫխ֮ߢᑓীᖲ।Δנބխ֮ bi-gram ٥ऱය
ٙᖲଖΖ 
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նΕኔ᧭ࡉေ۷ 

ᄭࠐऱᇷற᧭ଚኔݺ TIMSS1999 ֗ TIMSS2003 ऱᇢᠲΔڇᇢᠲ։ᣊՂΔࠉᅃ
TIMSSஃՕઝඒխ֨ጻΔᎅࣔڇ ։ᑇᖂ֗ઝᖂᣊᠲհᇢᠲփ୲Δנࢬڣ1999
ܑΔאࠀഏխԲ్ڣەᇢኙွΖۖڇ ᅃࠉᠲऱᠲীփ୲ՂΔೈԱנࢬڣ2003 1999
ଚਊݺΔڼڂᇢኙွΖە్ڣഏխԲ్֗ڣഏ՛אኙွՂঞਢڇऱᇢᠲᣊܑ؆Δڣ

ᅃՂ૪հᇢᠲ։ᣊΔലጻࠎ༽ࢬऱխᇢᠲփ୲ΔՀሉࠀ᠏ᚾొ֮ڗᚾΔ൷ထലᇢ

ᠲ։ᣊ֗ᠲؾଡᑇอૠڕՀΖ 

ቹԮΕTIMSSᇢᠲ։ᣊ֗ᠲᑇอૠᖫणቹ 

ൕቹԮࠐΔ࣍طᇢᠲࠉᅃᑇᖂ֗ઝᖂᏆऱᒤփ୲Δ֗אլ్ڣٵ։ܑΔڇᣄ

ࢨለֺۯᑇऱᎁᢝΕ࣍ऱᑇᖂᄎထૹ్ڣഏ՛ڕࠏΖٵլࢬڶ్ڣ࿓৫Ղᄎֺᅃ࣐

ഗءঞሎጩΔۖഏխԲ్ڣঞೈԱছ૪հഗءᨠ࢚؆ΔᝫᏺזףᑇΕ։ᑇঞሎጩ

ᄗ࢚ΖڇઝᖂᏆຝ։Ոڶᣊۿऱᖂၞ৫։Δڕࠏൕഏ՛్ڣಾኙچઝ֗سढ

ᨠ࢚ΔࠩഏխԲ్ڣঞၞԵ֏ᨠ࢚ऱٽΖ؆ΔڇറဲټڶऱشࠌՂΔ֗אᠲؾ

փຫ૪ऱփ୲९ΔഏխԲ్ڣऱփ୲ለഏ՛్ڣऱဲشՂለᜱΖ 
ʳ ʳ ೈԱᘝၦאᇢᠲփ୲ኙ Δွྒྷ ᇢᒵՂߓอ֗ߓءอڇᑇᖂ֗ઝᖂᏆ

࿓৫ऱړᡏΔٵழՈᚨᇠەᐞլ్ڣٵऱᇢᠲփ୲Δ᧭ᢞߓอڇ౨ԺՂΔਢ

్ڣᒔყऱႨΖਚኔ᧭ऱֺለՂਊᅃإ్ࠡڣ܅ਊᅃყܡ Εܑᇢᠲጟᣊ։ᣊΰא

ᑇᖂᏆ A ᇆΔઝᖂᏆז B ।ڕՕી։ױ։ڣᇆα֗ז հิܑ।Δאኔ᧭

ഏխԲ్ڣᇢᠲࡉഏ՛్ڣᇢᠲኙ࣍ய࣠ऱᐙ࿓৫Ζ 

। ΕTIMSSᇢᠲኔ᧭ิܑ। 
խԲ Aิ խԲ Bิ ՛ Aิ ՛ Bิ խԲ ABิ ՛ ABิ 
TIMSS1999֗
TIMSS2003 
ഏխᑇᖂᏆ
ᇢᠲ 

TIMSS1999֗
TIMSS2003 
ഏխઝᖂᏆ 
ᇢᠲ 

TIMSS2003 
ഏ՛ᑇᖂᏆ
ᇢᠲ 

TIMSS2003 
ഏ՛ઝᖂᏆ
ᇢᠲ 

TIMSS1999 
TIMSS2003 
ᑇᖂ֗ઝᖂᏆ
ᇢᠲ 

TIMSS2003 
ᑇᖂ֗ઝᖂᏆ 
ᇢᠲ 

ʳ ʳ Հጠאዚΰߣอߓֺለऱ᧭ଚኔݺ Google TranslateαࡉႁॡᒵՂ
Հጠאอΰߓ Yahoo!αΔߓء֗אอΖࠡխߓءอᖕֆ(3)ڤ S(wi)հᙇဲૠ։ֆڤᓳ
ᖞΔૠشܓڶறอૠဲ᙮ᇷಛWf(wi)Εृشࠌᙇဲڻᑇ Gf(wi)֗אᖕֆ(2)ڤ
ᠨறอૠऱᖲଖشܓ P(wi)ᙇဲฃΖݺଚऱኔ᧭ؾऱΔ࣍ڇေ۷ߓءอڇլ
ᙇဲٵլࢨᙇဲฃΔܑٺנބอֺለऱ࣠ΔߓᒵՂࡉطᙇဲฃհՀΔᆖٵ

ฃऱჸհՀΔֽࠡᄷऱฆࢤΔٺط៶ࠀᙇဲฃኔ᧭ࠐנऱ࣠Δאඈټऱֱ

 Ζٽऱᙇဲฃิܓڶอ່ߓءኙנބΔᇢቹڤ
ʳ ʳ  ։Ζױ٥ٽิࠄᅃຍࠉอߓΔٽᙇဲฃऱิٵՀլאᐞەଚݺΔڼ࣍ᦹڶ

i. ᙟᖲᙇ Κဲߓܛอլەᐞٚ۶ᙇဲฃΔٚאრᙇဲऱֱڤΔᙁࠡנᙇဲ࣠Δ
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հ৵Δ៶ڤֱڼطေ۷ࠀኔᢞߓอ່ڇൣउऱֽᄷΖ 
ii. ەᐞଥإၸᙇဲWf(wi)ᑓڤΚەܛᐞृᙇဲڻᑇΔࡳެࠐᙇဲႉ
ኔྒྷΔਚ۩ၞױอΔթߓشࠌृ९ழၴطᑇᏁᆖڻृᙇဲ࣍طΖݧ

 խΔྤऄಾኙWf(wi)ຝ։ၞ۩ኔᢞΖߒઔءڇ
iii. ەᐞխ֮றဲ᙮ᙇဲ Gf(wi)Κܛຘመگႃࠐऱறဲ᙮܅Δެࡳᙇဲ
ႉݧΖ 

iv. ەᐞխဲნኙ٨ᖲ֗ߢᑓী P(wi)Κشܓܛ GIZA++֗ SRILMՠࠠګݙ
ऱխဲნኙᅃᖲ।ࡉխ֮ߢᑓীᖲ।ᇷಛΔᆖطֆ(2)ڤૠጩ
 ᙇဲሁஉΖࠋ່

v. ٵழەᐞ Gf(wi) + P(wi)ᑓڤΚྤڇऄवWf(wi)ᇷಛհൣउՀΔૠጩ 
S(wi)= Gf(wi) + P(wi)ऱᙇဲૠ։࣠Ζ 

ʳ ʳ אছؾشଚආݺေ۷ய࣠ऱᑑᄷՂΔڇ n-gramᒔإᒔഗ៕ऱ BLEUࡉ
NISTေ։ฃᑑᄷΔࠡေ۷ֱڕڤՀΖ 

i. BLEUຝ։Κ 

score=BP*exp( n

N

n
n pW log

1
) 

BP=min{1,exp(1- )}
sys

ref

L
L

 

pn= S

s
ssn

ss

S

s
n

rec

re

1

1

),(

),(
 

ii. NISTຝ։Κ 

Info(w1�…wn)=log2( )
...wwofsoccurrenceofnumber 

...w wof soccurrence ofnumber 
n1

1-n1  

score= )]}1,[min(logexp{*})1),,(max(/)...wInfo(w{ 2

output sysin 
w wall1

occur-cothat 
w wall

n1
n1n1 ref

sys
ssn

N

n L
Lrec  

ଈ٣ΔݺଚಾኙߓอࠉՂ૪ᙟᖲᙇဲΕGf(wi)ΕP(wi)֗א Gf(wi) + P(wi)ᙇဲฃ
ՀΔࠉᅃ cumulative 4-gram scoringհ BLEUࡉ NIST[7]ေ։ᑑᄷΔല।Կ 6ᣊऱ֮
֮ᇢᠲΔຑٵஃՕઝඒխ֨ࠎ༽ࢬऱ 6ᣊ֮ᇢᠲऱߓอᑑᄷΔߓء֗אอᖕ 6
ᣊ֮֮ऱߓอ৬ᤜΔᙁԵ۟ભഏഏ୮ᑑᄷፖݾݝΰNISTαၲࢬ࿇ऱ
mteval-v10հ BLEUࡉ NISTေ։ՠ ΰࠠጻܿ http://www.nist.gov/speech/tests/mt/scoring/index.htmαΔ

٦ലૠ։࣠ᙁ۟נᚾூΔڕ।قࢬΖ 
।Εߓءอٺᙇဲฃհ NIST֗ BLEUଖֺለ। 

ಔձ ύΒ Aಔ ύΒ Bಔ λѤ Aಔ λѤ Bಔ ύΒ ABಔ λѤ ABಔ 
 NIST BLEUࡰ NIST BLEU NIST BLEU NIST BLEU NIST BLEU NIST BLEU
ᒿᐒ 
ᒧຒ 1.6573 0.0201 1.2879 0.0000 0.8693 0.0000 0.6351 0.0096 1.4902 0.0000 0.7191 0.0093

Gf(wi) 4.6169 0.2130 3.8632 0.1505 ˆˁˇˊ˃ˉ 0.2099 4.5275 0.2229 4.4453 0.1866 4.6349 0.2202
P(wi) 2.6173 0.0662 2.2518 0.0613 2.0501 0.0848 0.9885 0.0223 2.4986 0.1330 1.5621 0.0501
Gf(wi) 

+ 
 P(wi) 

3.0430 0.0786 2.1371 0.0962 3.3754 0.1991 1.0977 0.0290 4.4453 0.1866 2.7722 0.1317

(4) 

(5) 

(6) 

BP: ९৫ᡕፆڂ
Lref:ە९৫
Lsys: ߓอ९৫

),( ssn re ەอesፖߓ
rsऱn-gramଡᑇ

),( ssn rec อesխn-gramऱଡᑇߓ

BP: ९৫ᡕፆڂ
Lref:ە९৫
Lsys: ߓอ९৫

),( ssn re ەอesፖߓ
rsऱn-gramଡᑇ

),( ssn rec อesխn-gramऱଡᑇߓ

(7) 

(8) 
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ൕ।ಾኙٺኔ᧭ิא NISTࡉ BLEUေྒྷऱ Δ࣠אױ࿇ᙟᖲᙇဲߓהࠡࡉอ

ֺለՂࣔ᧩܅Δ֠ࠡڇխԲ BิΕ՛ Aิ֗խԲ ABิՂऱ BLEU։ᑇנሿ։
ऱൣݮΔז।ߓอ۶ٚྤڇᙇဲֱऄᓳᖞհՀΔࠡயਢઌᅝ܅ऱΖڇ Gf(wi)ற
ᙇဲຝ։ΔࡉᙟᖲᙇဲΕP(wi)ࡉ Gf(wi) + P(wi)ऱߓอઌֺΔᝫਢࣔ᧩ᚌהࠡ࣍ᙇ
ဲฃΖ 

ऱࠋอေྒྷ່ߓءছؾאଚ൷ထݺ Gf(wi)ᙇဲฃհ BLEU ࡉ NIST ։ᑇΔࡉ
Google Translateࡉ Yahoo!ᒵՂߓอֺאףለΔࠡ࣠ڕ।նقࢬΖ 

।նΕߓءอፖᒵՂߓอհ NIST֗ BLEUଖֺለ। 
ಔձ ύΒ Aಔ ύΒ Bಔ λѤ Aಔ λѤ Bಔ ύΒ ABಔ λѤ ABಔ 

 NIST BLEUࡰ NIST BLEU NIST BLEU NIST BLEU NIST BLEU NIST BLEU

Google 
Translate 

2.8204 0.0964 2.2163 0.0677 2.1460 0.0993 1.1145 0.0171 2.5948 0.0834 1.6255 0.0523

Yahoo! 3.3721 0.1051 2.7817 0.0842 2.1312 0.1111 1.3517 0.0332 3.1779 0.0962 1.8199 0.0705

Gf(wi) 4.6169 0.2130 3.8632 0.1505 ˆˁˇˊ˃ˉ 0.2099 4.5275 0.2229 4.4453 0.1866 4.6349 0.2202

ൕ।նאױᨠኘࠩΔߓอڇ Gf(wi)ᙇဲฃհՀΔิٺऱ BLEUଖࡉ NISTଖઃ
ֺ Google Translateࡉ Yahoo!ᒵՂߓอΔ᧩ق৬مԫીࢤऱဲნิဲࢨΔ
ழ֘ᚨٵΖՈࢤᒔإઝᖂፖᑇᖂઌᣂհխ֮றဲ᙮ऱᒔ౨༼ᙇဲऱ֗א Yahoo!ࡉ
Google Translate ߓอૠऱؾऱਢലᐖऑᏆवᢝΰdomain genernalαऱփ
୲Δאறอૠխ່ױ౨ऱᙇဲֱڤΔආشऴ൷ࢨ phrase-basedലփ୲ᙁנΖ
ԵףܛᏆवᢝΰdomain spasificαᒤऱऄΔࡳࠫૻאΔᙇဲฃՂለྤऄڼڂ
ऱঞ᠏ངයဲټڶറࢨᑇᖂ֗ઝᖂᏆऱׂীڍޓ Δٙࠌ֘ᚨߓڇอ৬ᤜ

ऱဲნፖ TIMSS ᇢᠲऱەऱ࣠ࢬڶ၏Δ࣍طەऱႛڶஃՕઝඒ
խ֨ಾኙ TIMSS1999֗ ࠌऱփ୲Δءठڣ2003 Google Translateࢨ Yahoo!Ա
ᏺף࣠ੌዃ৫ףࢬԵհဲნΔױ౨ڂהࠡەኙွΔۖᐙ່৵ऱऱ

ᔆإࢨᒔࢤΖ 
ֺለڶᔊऱਢΔൕ।ࡉ।նױ࿇ەᐞխဲნኙ٨ᖲ֗ߢᑓী P(wi)ڇ։

ᑇՂԼ։൷२ Google Translateऱ।Δڇࠀ Gf(wi) + P(wi)ऱᙇဲ։ᑇՂΔٍፖ Gf(wi)
ऱ։ᑇઌլڍΖլመൕຍࠟរऱֺለՂΔઃ࿇ףԵ P(wi)ऱ࣠ࠀլ౨ࠌ BLEUፖ
NISTऱ։ᑇ༼֒Δ֘ۖڇ։ᑇՂለ Google Translate֗א Gf(wi)ฃ܅Ζ࣍ط P(wi)אઝᖂ
ԳᠧᠨறอૠհᖲᙇဲᑓীΔڇறᣊীՂਢ൷२ TIMSS ᇢᠲऱփ୲Δ᥆
ڇᓵՂڼڂઝᖂፖᑇᖂᒤᡱΔ࣍ BLEUࡉ NIST։ᑇՂᄎለٵอૠڤഗ៕Δ
٤ಾኙઝᖂᏆอૠऱݙᄭլࠐற܀ Google TranslateړΔ܀սֺႛەᐞଡܑխ֮
ᙇႈհဲ᙮܅ऱ Gf(wi)հ։ᑇࠐ܅Δូױڂ༓រΖ 
i. อૠறڇᑇၦՂऱլߩΚא࣍ط GIZA++ဲნኙ٨ՠࠠנބࢬհإᒔխဲნኙ٨
ଡᑇႛڶ 2761ଡΔڇڼڂቃྒྷᔞٽհխ֮ᙇႈழࣔ᧩ྤऄࠢڗ੍ׄנބ 39429
ଡ֮ဲნխڶࢬխ֮ᙇႈऱױ౨ኙ٨ᖲΔױڼڂ౨ᄎڶᙇဲՂऱᎄΖ 

ii. ߓอขسऱխ֮آᆖٚ۶ဲݧՂऱᓳᖞΚߓ࣍طอऱᑓڤਢਊᅃ֮
ဲნڶऱဲნႉݧΔലڗፖׂဲิ֊։৵ᇬ੍ׄࠢڗհխ֮࣠Δڂ

Δۖٵԫխ֮լࡉՂݧխ֮ဲڼ P(wi)ڇߢᑓীऱᖲอૠՂΔਢࠉᅃԫ
խ֮ဲݧอૠΔڼڂኔᎾലߢᑓীհอૠ࣠Δߓء۟شอழΔᄎڂڍխ

֮ bi-gramڇ P(wi)ऱߢᑓীנآመΔࠌᖲଖ 0ऱൣݮΔឈྥڇऄՂΔ
אଚቃݺଊՂᄕ՛ᑇΰشܓଚݺ 10-20αऱֱڤΔᝩڂ܍ᖲଖ 0Δᐙխဲ
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ნኙ٨ᖲऱ࣠Δߓ܀อߪءऱխ֮ဲݧΔսྥᄎທګ P(wi)ኙᅃߢᑓীऱᖲ
ૠጩՂנլ՛ऱᎄΖ 
ಾኙ 2ऱංᓵΔݺଚ٦৫ಾኙ P(wi)ֆڤऱዌΔ։ᄅऱኔ᧭ิܑΔၞԫޡ൶ಘ

P(wi)ֆٺڤຝ։ኙ࣍ᖞ᧯ BLEUࡉ NISTଖऱ᧢֏Δࠀ᧭ᢞ 2ංᓵऱإᒔࢤΖطছ૪հ
ֆױ(2)ڤव P(wi) 

N

i
iiii

N

i
iii ccececc

1
1

1
1 )|Pr(*)|Pr(),|Pr(  

ൕֆת׳(2)ڤຝױव )|Pr( ii ec խဲნኙ٨ᖲᑓীΔ )|Pr( 1ii cc խ֮ᠨຑ

ߢᑓীΔۖ।ګݙऱ P(wi)ਢᆖطֆ(2)ڤૠጩऱᙇဲ࣠Δݺڼڂଚ։ֺܑለᗑ
אխဲნኙ٨ᖲᑓীΰشܓ Alignټ࠷αࡉխ֮ᠨຑߢᑓীΰא Bigramټ࠷αΔ
ࡉ P(wi)࣠ՂऱฆࢤΔڕ।քقࢬΖ 

।քΕP(wi)ፖܑٺᖲᑓীհ NIST֗ BLEUଖֺለ। 

ಔձ ύΒ Aಔ ύΒ Bಔ λѤ Aಔ λѤ Bಔ ύΒ ABಔ λѤ ABಔ 

 NIST BLEUࡰ NIST BLEU NIST BLEU NIST BLEU NIST BLEU NIST BLEU

P(wi) 2.6173 0.0662 2.2518 0.0613 2.0501 0.0848 0.9885 0.0223 2.4986 0.1330 1.5621 0.0501

Align 2.6940 0.0686 2.6165 0.0926 3.3518 0.1923 1.0719 0.0242 3.1006 0.1142 2.7707 0.1239

Bigram 2.3934 0.0588 2.4677 0.0895 2.4126 0.0988 0.9760 0.0229 2.8480 0.0957 2.2474 0.0824

ʳ ʳ ൕ।քܑิٺ NIST ࡉ BLEU ଖױᨠኘנΔ࣍ط P(wi)ऱ։ᑇਢਊֆط(2)ڤ Align
ࡉ Bigramऱᖲ։ᑇઌଊۖΔࠩ࠹ Bigram։ᑇለ܅ऱᐙΔࡉ Alignૠጩऱᖲ։
ᑇઌଊᄎࠌ່৵ P(wi)ऱᖲ։ᑇ܅ޓΔࠡڼڂ NIST ࡉ BLEU ։ᑇՈઌݮለ܅Ζࠀ
Δൕ Align ऱՕຝ։։ᑇΰೈխԲ AB ิα࣍ P(wi)ऱൣࠐݮΔױᎅࣔ Align ࡉ
Bigramઌٽऱ P(wi)հ৵ࠡ NISTࡉ BLEU։ᑇऱᒔᄎ྇ڶ։ऱய࣠Δٍᢞኔ 2ऱං
ᓵإᒔΖ 

քΕᓵ 

۩ၞڤԳՠֱאଚԱ྇֟ஃՕઝඒխ֨ݺխΔߒઔءڇ TIMSS ᇢᠲΕீᒚ
֗ಘᓵऱழၴΔݺଚቫᇢኔ܂ԫ᎖ܗᇢᠲߓอΔڇေ۷யኔ᧭መ࿓ᅝխΔݺ

ଚຘመ BLEU ֗ NIST ေ۷ਐᑑΔၞ۩ TIMSS ᇢᠲऱ࣠Δ࿇ڇࠌܛਬࠄᙇ
ဲٚრᙇဲฃհՀΔߓอဲნհإᒔ৫Ղ౨ٍ౨ڶ൷२ᒵՂհ࣠ګΖ 

ಾኙ࣠ऱੌዃ৫ՂΔឈྥኔृشࠌشܓנ܂տ૿Δၞ۩ᄅᏺဲნ֗ܔೈဲნ

೯܂Δࠐሒࠩ࣠ฤٽऄհ༴૪Δآ܀ڶᣂ۞೯ဲ྇ףნհᖲࠫΔڼڂΔ

ဲࠄਬנބृࢨ౨ဲნΔױဲნխ່ՕઌᔣհנބΔܗ᎖ᑓীऱڤຘመอૠױ

ნڂઌᔣᣂএۖࠌဲნขဲ֟྇سნհᣂএΔࠐᏺၞޏࠀऱੌዃ࿓৫Ζ 
ᣊנބխଳ࣫ᖫऱኙᚨΔشܓΔڤऄଳ࣫ऱֱشܓױऱᓳᖞຝ։Δݧဲڇ

ױՕ່נބ࿓৫ΔۿኙᚨᣂএऱઌࠡشܓឰᄅऱழΔܒڇऱዌኙᚨᣂএΔۿ

౨հဲٽิݧΔࠡխΔᏁࣚ܌ऱයٙΔ࣍ڇऄଳ࣫ᖫڇዌऱጟᣊՂΔီ༴૪ֱऄ

լױٵ౨ᄎڶڍլٵऱิٽΔڼڂᏁא։ᣊ֗ઌۿ৫ֺኙऱֱڤΔ່נބ٣Օઌۿհ

ᖫዌΔհ৵ܒڇឰآवዌழΔթ౨ڶயֺ྇֟ኙઌۿհፂ৫ΔٵழΔڇխ

ϘભᣝΰBeautifulαϙԫဲΔ֮ڕࠏឰऱᑑᄷլԫΔܒࢤဲ࣍طጟᣊऱኙᚨՂΔࢤဲ
ဲნݮ୲ဲΔۖڇխ֮ဲܒࢤឰՂΔլٵቼհයٙՀױ౨ࠡխ֮ဲნױ౨ᄎܒᦰګ
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೫ဲݮࢨ୲ဲΔڼڂΔ٣౨ᇞެဲܑܒࢤհࣴᆠംᠲΔթၞױ۩Ղ૪։ᣊ֗ઌۿ৫ֺ

ኙհֱऄΔڇຍٵழΔߓอച۩ழڶ۶ڕயച۩ዌऱֺኙΔՈਢၞԫޡ৸ەऱ
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Abstract
This paper explores the possibilities of using independent component

analysis (ICA) for features extraction that could be applied to word sense
induction. Two different methods for using the features derived by ICA are
introduced and results evaluated. Our goal in this paper is to observe whether
ICA based feature vectors can be efficiently used for word context encoding
and subsequently for clustering. We show that it is possible, further research
is, however, necessary to ascertain more reliable results.

1 Introduction
Word senses are known to be difficult to discriminate and even though discrete
definitions are usually sufficient for humans, they might pose problems for com-
puter systems. Word sense induction is a task in which we don’t know the word
sense as opposed to more popular word sense disambiguation.

Word sense can be analyzed by observing behaviour of words in text. In other
words, syntagmatic and paradigmatic characteristics of a word give us enough
information to describe all it’s senses, given that all it’s senses appear in the text.

Based on this assumption, many techniques for word sense induction have
been proposed. All are based on word co-occurrence statistics. There are two
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strategies for creating the vectors that encode each word: global encoding strat-
egy, which encodes co-occurrence of word types with other word types and local
encoding strategy which encodes co-occurrence of word tokens with word types.
The global encoding strategy is more popular, because it provides more informa-
tion and does not suffer from data sparseness and most of the research has focused
on sense analysis of words of different forms, i.e. on phenomena like synonymy
etc. However, by encoding word types, we naturally merge all the possible sense
distinctions hidden in word’s context, i.e. context of a token. For more details cf.
(3; 11; 10).

Problem of high dimensionality that would be computationally restricting, us
usually solved by one of several methods: principal component analysis (PCA),
singular value decomposition (SVD) and random projection (RP) and latent se-
mantic analysis, also known as latent semantic indexing is a special application of
dimensionality reduction where both SVD and PCA can be used. See (1; 2) for
overview and critical analysis.

The classical approach to word context analysis is a vector space model, which
uses simple the whole co-occurrence vectors when measuring word similarity.
This approach also suffers from a problem similar to data sparseness, i.e. the sim-
ilarity of words is based on word forms and therefore fails in case where synonym
rather than similar word form is used in the vector encoding (11; 10).

Major problem with the classical simple vector space model approach is the
superficial nature the information provided by mere co-occurrence frequency, which
can only account for seen variables. One of the most popular approaches to word
context analysis, latent semantic analysis (LSA), can improve this limitation, by
creating a latent semantic space using SVD performed on word by document ma-
trix. Frequency of occurrence of each word in a document represents each entry
wij in the matrix, thus, the whole document serves as a context. Document is,
naturally, some sort of meaningful portion of text. SVD then decomposes the
original matrix into three matrices: word by concept matrix, concept by concept
matrix and concept by document matrix. The results produced by LSA are, how-
ever, difficult to understand for humans (9), i.e. there is no way of explaining their
meaning.

2 ICA
Independent component analysis (ICA) (7) is a statistical method that takes into
account high order statistical dependencies. It can be compared to PCA in the
sense that both are related to factor analysis, but PCA uses only second-order
statistics, assuming Gaussian distribution, while ICA can only be performed on
non-Gaussian data (6). Comparison with SVD is provided by (12) on word context
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analysis task.
ICA is capable of finding emergent linguistic knowledge without predefined

categories as shown in (4; 5) and others.
As a method for feature extraction/dimensionality reduction it provides results

that are approachable by humans reader. Major advantage of ICA is that it looks
for factors that are statistically independent, therefore it is able find important
representation for multivariate data.

ICA can be defined in a matrix form as x = As where s = (s1, s2, ..., sn)T

represents the independent variables, components, and the original data is repre-
sented by x = (x1, x2, ..., xn)T , which can be decomposed into s ×A, where A
is a n× n square mixing-matrix.

Both the mixing-matrix A and independent components s are learning by un-
supervised process from the observed data x. For more rigorous explanation see
(7).

We have used FastICA algorithm as implemented in R language1.

3 Data collection
The context matrix has been constructed from words from Sinica Corpus of a
frequency higher than 150. This restriction yielded 5969 word types. We have
chosen this limited lexicon to lower the complexity of the task.

The whole corpus was stripped from everything but all words whose word
class tag started with N, V, A or D. This means that our data consisted of nouns
(N, including pronouns), verbs (V), adjectives (A) and adverbs (D) 2.

Then we collected co-occurrence statistics for all words from window of 4
preceding and 4 following words, but only if these were within a sentence. We
defined sentence simply as a string of words delimited by ideographic full-stop,
comma, exclamation and question mark (�,�,� and �). In case of context
being shorter than 4 words, the remaining slots were substituted by zero indicating
no data available.

We have normalized the data by taking log of each data point aij in context
matrix. Since this is a sparse matrix and lot of data points are zero, one has been
added to each data point.

After the extraction of the independent components, we have encoded contexts
of word tokens for each word type selected for analysis using these independent
components. Thus we are able to provide reliable encoding for words, which is
based on global properties. Note that there is no need to pursue orthogonality of
different word types that are sometimes required in the context encoding. The

1http://www.stats.ox.ac.uk/ marchini/software.html
2For complete list see: http://wordsketch.ling.sinica.edu.tw/gigaword pos tags.html
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similarities between different word types are based on the strength of independent
components for each word type and therefore much better results of similarity
measure can be expected than one would get from binary random encoding as
introduced in (8).

We could experiment with several strategies to context matrix construction:
different word classes in the context and different sizes of feature vectors. Con-
text in our experiments is defined by four words that precede and four words
that follow each keyword. Then we study the feature similarities across different
words. To aid the analysis, a hierarchical clustering is used to determine closeness
of relation among feature vectors of specified dimension. This step is to find most
reliable feature vector dimension for subsequent experiments. As mentioned be-
fore, the features can be traced back and their nature determined, i.e. they can be
labelled.

Due to the time constraints, we have predetermined feature vector size before-
hand. We’ve extracted 100 and 1000 independent components and used them in
two separate experiments.

Having determined the size of feature vectors, we use original word contexts
for each word token and encode the context using these vectors. That means that
each word in the context of particular keyword is replaced by it’s respective feature
vector, a vector of quantified relations to each of the independent components that
has been extracted by ICA from the global co-occurrence matrix.

We than use maximum-linkage hierarchical clustering to find related words
and based on the features present in the vectors we determine their characteristics
that will provide clues to their word senses.

4 Results
We ran two experiments, one with 100 independent components and the second
with 1000 components. For the experiment we have manually selected 9 words,
which we expected to be easier to analyze. We have, however, failed to find in
Chinese word that would allow for such obvious sense distinctions as English
plant,palm, bank etc. Such words are typically used in word sense related task
to test the new algorithms. The failure to find words that would have similarly
clear-cut sense distinctions, might have influenced our initial results. The words
we have selected are (number in bracket indicates the number of senses according
to Chinese Wordnet)3: �� (3),��(2),��(2),��(2),��(2),��(2),�
�(2),��(2),��(3).

3http://cwn.ling.sinica.edu.tw
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4.1 Independent components
When ICA algorithm retrieves the specified number of independent components,
each of them can be labelled by creating a descending list of those words that are
most responsive for each of the components (5; 4). Only the most responsive word
could be assigned to each of the components as a label, but this way we would not
be able to determine characteristics of the components with sufficient clarity. As
we will see, even listing several items from the top of the list of the most respon-
sive words, won’t always provide clear explanation of the nature of the component
in question. This is due to the fact that the independent components are not yet
very well understood, that it is not yet entirely obvious how the components are
created (5).

Bellow are few examples independent components and labels assigned to each
of them. We list up to 20 most responsive words for each component to provide
information for human judgment. These are examples from the 100 independent
components experiment. For future research, perhaps an automatic way of deter-
mining different number of labels required to explain each independent compo-
nent might be proposed using time series analysis, but for that, more research has
to be provided to better understand the nature of independent components in order
to justify such step.

First ten independent components can be seen in 1. As we can see, indepen-
dent components cannot we regarded as synsets as known in WordNet, since they
clearly contain words from multiple classes. We can perhaps call them colloca-
tion sets, colsets. But this term will have to be revised based on the subsequent
research on the nature of independent components.

Table 4.1 shows an example how a particular word type is encoded. The inde-
pendent components in this example are are sorted by the most important features.
We can see how the encoding in Table 4.1 contrasts with Table 4.1, which shows
ten least salient features for word type yuyan��.

4.2 Sense clustering
We have used maximum-linkage hierarchical algorithm from Pycluster package4

to cluster word token contexts. The use of hierarchical clustering is motivated by
the attempt to provide gradual sense analysis where subsenses could be identified
within partial senses.

Our goal in this paper is to observe whether ICA based feature vectors can
be efficiently used for word context encoding and subsequently for clustering.
Clustering results were evaluated by native speaker with linguistics knowledge,
who labelled all the sentences according to Chinese Wordnet and in this paper,

4http://bonsai.ims.u-tokyo.ac.jp/ mdehoon/software/cluster/software.htm
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Label IC Responsive words (descending order)
TIME 0 ������������������

������������

TIME 1 ������������� �����
������������������

FAMILY 2 ������������������
������������������
�

COMPARATIVE 3 ������������������
����������������

POPULATION 4 ������������������
������������������
�

GAIN 5 ������������������
����������������

MULTIMEDIA 6 �� �� �� �� �� �� �� �� ��
�� �� �� ��� �� �� �� �� �
����

WAR 7 ��� �� �� �� �� �� �� �� �
� �� ��� ��� �� ��� � �� �
���������

WARNING 8 ������������������
������������������
�

COMPETITION 9 �� �� �� �� � �� ��� �� ��
������������������
���

PRODUCTION 10 �� �� �� �� �� �� �� �� ��
������������������
���

ECONOMY 11 ������������������
������������������

RESEARCH 12 ������������ ������
�� �� �� �� �� �� �� �� ��
��

Table 1: Independent components: 100 IC set, first 10 IC
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Feature strength Responsive words (descending order)
7.55055952072 ����������������

�������������
6.93665552139 �����������������

�����������������
�����

6.20834875107 �����������������
������� ����������
��������

3.42819428444 ����������������
��������������

3.34706568718 �����������������
�����������������
���

Table 2: Partial example of encoded word�� (five most salient features)

Feature strength Responsive words (descending order)
0.157807931304 �����������������

�����������������
����

0.157353967428 �� �� �� � �� � �� �� ��
�����������������
���

0.152415782213 �����������������
�����������������
����

0.0953392237425 ����������������
���������������

0.0753756538033 �����������������
�����������������
�����

Table 3: Partial example of encoded word�� (five least salient features)
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�� IC100

Cluster Sense Count

a 0 5
1 28

b 0 3
1 1

�� IC1000

Cluster Sense Count

a 0 1
1 0

b 0 6
1 30

Table 4: Results for word��

�� IC100

Cluster Sense Count

a 0 9
1 1

b 0 1
1 8

�� IC1000

Cluster Sense Count

a 0 0
1 1

b 0 9
1 9

Table 5: Results for word��

number of sense were also determined this way. Then we have assigned sense
label to each cluster according to most prevalent sense in the cluster.

For example, word fangui�� has two sense in Chinese Wordnet. We cut the
tree produced by hierarchical clustering algorithm into two and our expectation is
that word tokens manually labelled as sense 1 will be in one of the clusters and
word tokens labelled as sense 2 will be in the other. Naturally some incorrect clas-
sifications can be expected as well and therefore we assign sense label according
to the label most frequent in the particular cluster. In case we get both clusters
labelled the same, the sense induction has failed.

In this experiment we have not pursued correct classification of all the words,
therefore we leave the evaluation of those results out.

For reference we include tables with results of several words.

�� IC100

Cluster Sense Count

a 0 22
1 67

b 0 1
1 12

�� IC1000

Cluster Sense Count

a 0 1
1 0

b 0 21
1 80

Table 6: Results for word��
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�� IC100

Cluster Sense Count

a
0 39
1 21
2 11

b
0 7
1 10
2 0

c
0 2
1 1
2 0

�� IC1000

Cluster Sense Count

a
0 32
1 39
2 9

b
0 0
1 3
2 0

c
0 5
1 2
2 1

Table 7: Results for word��

Word IC100 IC1000
�� 0 0
�� 0 0
�� 1 1
�� 0 1
�� 1 1
�� 0 1
�� 0 0
�� 0 1
�� 0 0

Table 8: Overall results
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5 Conclusion
The major advantage of our approach is that it uses global characteristics of words
based on their co-occurrence with other words in the language, which are then
applied to derive local encoding of word context. Thus we retrieve reliable char-
acteristics of word’s behaviour in the language and don’t loose the word sense
information, which allows us to analyze semantic characteristics of similar word
forms.

Our current results are not very satisfying. I can be observed, however, from
Table8 that increased number improves the sense induction considerably. We will
pursue this track in our subsequent research. On the other hand, this result is not
surprising. Considering the nature of independent components, which are rather
symbolic features similar to synonymic sets, synsets, or rather collocation sets,
collsets, it can be expected that much larger number of these components would
be required to encode semantic information.

6 Future work
With manually semantically tagged word tokens we will try to automatically esti-
mate the sufficient number of independent components that would improve preci-
sion of sense clustering.

Another approach we intend to try is to add feature vectors of all the context
words and cluster the resulting vectors. This approach should emphasize more
important features in given contexts.

We will also do more carefull preprocessing and also apply dimensionality
reduction (typically done by PCA) before running ICA as has been done in some
of the previous studies.
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