
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)
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(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
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(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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ኴ૞ 
ऱഗ᙮૩ᇾ֗ଃᆏ९৫ऱᣉ৳ᑓۯ໢ءଃᆏ੡ഗאԱנ༽ଚኙխ֮໢ဲݺխΔ֮ءڇ

ীΖڇഗ᙮૩ᇾᑓীխΔݺଚەᐞԱᜢᓳΕଃᆏဲڇऱۯᆜ֗אছ৵ଃᆏຑଃऱԿጟᐙ

᥼ైڂΔࠀ೗๻ຍࠄᐙ᥼ڼ࢖ైڂᗑمઌګิۖףଃᆏഗ᙮૩ᇾΖڇଃᆏ९৫ᑓীխΔ

ଚݺΔైڂছ৵ଃᆏຑଃऱ؄ጟᐙ᥼֗אଃᆏءᆜΕഗۯऱဲڇᐞԱᜢᓳΕଃᆏەଚݺ

ԫଡܶشࠌଚݺΖࢤګףࠠ׊مᗑڼ࢖੡ైڂᐙ᥼ࠄᑌ೗๻ຍٵ 107,936ଡဲऱ໢ԫՖ
ଃᆏ࠹۶ڕ։࣫ଃᆏ९৫ࠐ࿜ᖫެشࠀଚݺயΔڶܡऄਢֱ༽ࢬေ۷ࠐ፿ृऱ፿ற஄ࢤ

ଃై࿨ዌऱᐙ᥼ΔՈެش࿜ᖫࠐ։࣫ଃᆏၴ pauseऱ९৫ࡉছ৵ଃᆏଃై࿨ዌऱᣂএΔ
ኔ᧭࿨࣠᧩قಝᒭ৵ࠟڼᣉ৳ᑓীऱᐙ᥼ైڂຟฤݺٽଚኙխ֮ᣉ৳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. 

ᣂ᝶ဲΚᣉ৳ᑓڤΔഗ᙮૩ᇾΔᐙ᥼ైڂΔຑଃ 

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

ԫΕፃᓵ 

֮؁᠏፿ଃߓอ૞౨ܓੌྥ۞נګٽऱ፿ଃΔᣂ᝶࣍ڇᣉ৳ऱ᧢֏ਢܡ۞ྥႉዃΖᣉ৳

ऱ᧢֏ץਔଃᓳऱ೏܅ದٗΕଃၦऱൎஇΕ࿇ଃऱ९࿍֗ೖቅऱழᖲΕ९৫࿛Ζؾছᣉ

৳ऱֱګٽऄՕી։੡๵ঞऄ [1,2]Εᣊ壀ᆖጻሁ [3,4]ࡉอૠऄΖ๵ঞऄਢא፿ߢᖂऱ
ֱऄΔូ౏נԫࠄ࿇ଃऱ๵ঞΔشܓຍࠄ๵ঞࠐขګٽس፿ଃऱᣉ৳Ζ܀ਢԳᣊᎅᇩऱ

ᑓᚵԳᆰऱಖᖋፖᖂࠐԫิᓤᠧऱጻሁشܓ༳༽Ζᣊ壀ᆖጻሁਢ࣐ᓤᠧΔլ୲֏᧢ڤֱ

฾פ౨Δࠡᖂ฾ֱऄਢආشዬၞڤऱଥإᙑᎄፖޓᄅಖᖋऱֱڤΔᏁᆖط९ழၴऱᖂ฾

ಝᒭΔឈڶլᙑऱய࣠Δྤ܀ऄ։࣫ᐙ᥼ᣉ৳ऱైڂΖא֮ءอૠऄऱֱڤΔױൕՕၦ

ऱ፿ଃᇷறխอૠנᣉ৳᧢֏Δەࢬشܓᐞᐙ᥼ᣉ৳ऱ᜔ףైڂ৵Δ൳ࠫᣉ৳᧢֏Δࠀ

։࣫ٺଡᐙ᥼ైڂኙᣉ৳ಛஒऱᐙ᥼࿓৫Ζ 
Δ൶ಘଃᆏऱഗ᙮૩ᇾ֗९ߒऱઔڤխ֮໢ဲ፿ற஄੡ഗ៕հᣉ৳ᑓא࣍ထૹ֮ء

৫ᑓڤΔەᐞ༓ଡ׌૞ऱᐙ᥼ڂᑇΔݦඨ៶ڼԱᇞխ֮໢ဲऱଃᆏഗ᙮૩ᇾ֗९৫۶ڕ

᧢֏Δ܂א੡ࠐآխ֮፿ଃߓګٽอขسᣉ৳ॾஒհشΔཚඨנګٽ۞ྥੌዃऱխ֮໢

ဲᜢଃΖءᓵ֮ڇ൷ՀࠐऱรԲຝٝᄎտฯݺଚנ༽ࢬऱᣉ৳ᑓীΔรԿຝٝտฯᑓী

ऱಝᒭֱऄΔኔ᧭࿨࣠ڇร؄ຝٝಘᓵΔ່৵࣍รնຝٝኙء࣍ઔߒ࿯ղԫଡ࿨ᓵΖ 
 

ԲΕᣉ৳ᑓڤ 

ᣉ৳ᑓאڤଃᆏ੡໢ۯΔڇ࿯ղ௽ࡳऱ፿ߢᇷಛ৵Δࠌհቃྒྷଃᆏऱഗ᙮૩ᇾ֗९৫Δ

೚੡ᣉ৳ಛஒΔࠀ։࣫ଃᆏഗ᙮૩ᇾ֗९৫ٺڇଡైڂऱᐙ᥼࿓৫Ζەᐞ׌૞ᐙ᥼ైڂ

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

ΰԫαΕഗ᙮૩ᇾհᣉ৳ᑓীʳ

೗๻ڶࢬᐙ᥼ףีشױైڂऱֱࠐڤ।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) 
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ࠡխ Ε Ε Ε ։ܑ੡ pitchᑓীխร nଡଃᆏऱഗ᙮૩ᇾ೶ᑇٻၦΕഗ᙮૩
ᇾ೶ᑇٻၦྲྀ塒ଖ(residual)Εᜢᓳ֗ဲխۯᆜᐙ᥼ైڂΙ ੡طԫ੄ଃᆏഗ᙮૩ᇾ᠏

֏੡؄ଡٌإ೶ᑇ।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+1ଡଃᆏऱ৵ٻᐙ᥼ైڂ(backward 

affecting factor)Ι ੡ร nଡଃᆏ࠹ร n-1ଡଃᆏऱছٻᐙ᥼ైڂ(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

p੡ഗ᙮૩ᇾ೶ᑇऱᖞ᧯ؓ݁(global mean)Ζ 

ΰԲαΕଃᆏ९৫ᑓী 
೗๻ڶࢬᐙ᥼ףีشױైڂऱֱࠐڤ।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

ᜢᓳΕဲխۯᆜ֗ഗءଃᆏᐙ᥼ైڂΙ Εnc _ nfi in ։ܑ੡ڇร n ଡଃᆏፖร n+1 ଡଃ
ᆏၴऱຑଃणኪ֗รnଡଃᆏᣉئᣊܑፖรn+1ଡଃᆏᜢئᣊܑհิٽ(final-initial class 
pair)Ι ੡ร n ଡଃᆏ९৫࠹ร n+1 ଡଃᆏऱ৵ٻᐙ᥼ైڂ(backward affecting 

factor)Ι ੡ร n ଡଃᆏ९৫࠹ร n-1 ଡଃᆏऱছٻᐙ᥼ైڂ(forward affecting 

factor)Ι

,n n

b
c fi_in

1 1,n n

f
c fi_in
d੡ଃᆏ९৫ऱᖞ᧯ؓ݁(global mean)Ζଃᆏᣉ৳ፖᐙ᥼ైڂऱᣂএقრቹא

pitchᑓী੡ࠏΔڕቹԫΚ  

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᙮૩ᇾ೶ᑇٻၦፖᐙ᥼ైڂᣂএቹ 

 

ଚ։ܑ೗๻ݺ ֗ ܧ ֗ ऱ೏ཎ։܉ (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৳ᑓڤऱٺଡ೶ᑇΔݺଚආش 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۞ऱ೶ᑇΔ׊ಝᒭֱऄᣊۿΔಝᒭऱመ࿓ױ։੡ࠟՕ
ຝ։Δรԫຝ։੡೶ᑇऱॣࡨ֏ΔรԲຝٝ੡אᦤזऄऱ sequential optimizationΖאՀ
ಝᒭא pitchᑓী੡ࠏΚ 

ΰԫαΕ೶ᑇऱॣࡨ֏(Initialization) 

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

(b) אՀ࠷ޣڤᜢᓳᐙ᥼ైڂऱॣࡨଖΚ 

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

( )

p
n n

n
t

n
n

t t
t

t t

sp
                       (7) 

(c) אՀۯဲ࠷ޣڤᆜᐙ᥼ైڂऱॣࡨଖΚ 

( - - ) ( )
=   ,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܀ଃᆏၴऱၴሶ೴ၴփ່܅౨ၦለՕ(Օ

 ຑଃc2Ζൄإԫଡᜯ੺ଖ)Δຑଃणኪᑑಖ੡࣍
III. լየאߩՂයٙृΔঞຑଃणኪᑑಖ੡இຑଃ c3Ζ 

(e) ࠷ޣছ৵ଃᆏᐙ᥼ైڂऱॣࡨଖΔڕՀڤΚ 

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֏ࡨॣైڂଡᐙ᥼ٺ )Εword-position( )Ε࠹ছ৵ଃᆏ࿛ᐙ᥼ైڂ
(

t t

, , ,
f b
c tp c tp )֗ covariance matrix( )ऱ೶ᑇଖޓᄅΔྥ৵ޓشࠌᄅ৵ऱ೶ᑇଖΔጩנᖞଡ

ಝᒭ፿றऱؾᑑࠤᑇଖΔԫऴૹ៿ޓᄅ೶ᑇଖ֗ؾᑑࠤᑇଖΔऴࠩܶᑇଖگᚹΔڕቹԲ

հੌ࿓ቹΚ 

pR

t w ,
f
c tp ,

b
c tp

pR

 
ቹԲΕಝᒭੌ࿓ቹ 

 
ۖ duration modelٺଡ೶ᑇޓᄅֱऄፖ pitch modelᣊۿΔۖ೶ᑇޓᄅऱႉݧ੡ᜢᓳ

( t )Εword-position( w )Εഗءଃᆏ( sy )Ε࠹ছ৵ଃᆏ࿛ᐙ᥼ైڂ( )֗

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

dR )Ζ 
 

؄Εኔ᧭࿨࣠ፖ։࣫ 

ኔ᧭፿ற஄հ໢ဲ࣍۞ࠐόNCTU֮؁։࣫ᕴύऱဲࠢᙇᖗۖࠐΔאᜢᓳؓᘝ੡׌૞ऱ
ᙇᖗයٙΔ᜔ڶ٥ 107936ଡဲΔ277218ଡڗΔࠡխဲ९່࿍੡ԲဲڗΕ່९ԶဲڗΔ
ဲ९อૠڕ।ԫΔᜢᓳอૠڕ।ԲΔ፿ற஄ਢطറᄐऱՖࢤᐖᐾԳ୉ܓੌאऱֱڤആנ

ᙕ፹Δᙕଃ໱ࢬ੡ԫ౳ڜᙩၴࢪΖ 

।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 

1Εᜢᓳᐙ᥼ైڂ(Tone affecting factor)  t

ᜢᓳᐙ᥼ైڂऱഗ᙮૩ᇾڕቹԿقࢬΔᨠኘ൓वΔطᑓীࢬಝᒭࠐנऱᜢᓳᐙ᥼ైڂฤ

 ᎁवऱᜢᓳഗ᙮૩ᇾΖࢬଚݺٽ
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-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  
ቹԿΕᜢᓳᐙ᥼ైڂഗ᙮૩ᇾ 

2Εଃᆏဲڇऱۯᆜᐙ᥼ైڂ(Word position affecting factor)  w

Word position affecting factorऱഗ᙮૩ᇾᐙ᥼ڕՀቹقࢬΔ։ܑڶԲ۟ဲڗնۯဲڗᆜ
ᐙ᥼ైڂ(ቹ؄~Ԯ)Δٵழലဲଈፖဲأऱഗ᙮૩ᇾᖞֺٽለ(ቹԶΕ԰)Δױᨠኘ൓Δଃ
ᆏဲڇऱۯᆜყ൷२ဲଈΔഗ᙮ყ೏Δყ൷२ဲأყ܅Δဲ׊ଈڶՂٛ᝟Ⴈ(ቹԶ)Δڇ
ଚՈ࿇෼ࠩဲ९။९Δঞഗ᙮૩ᇾ᧢֏ऱ೯ኪᒤ໮ݺழٵპ༏ऱՂཆ(ቹ԰)Δڶ݁ݠဲ
ყՕΔڕԲဲڗऱ೯ኪᒤ໮ڇ 0.06 ~ -0.08Δۖնဲڗऱ೯ኪᒤ໮ڇ 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)

ቹ؄ΕԲဲڗᐙ᥼ైڂഗ᙮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)

ቹնΕԿဲڗᐙ᥼ైڂഗ᙮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)

ቹքΕဲڗ؄ᐙ᥼ైڂഗ᙮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)

ቹԮΕնဲڗᐙ᥼ైڂഗ᙮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)

ቹ԰Εᖞأဲٽഗ᙮૩ᇾʳ

  

3Ε࠹ছ৵ଃᆏᐙ᥼ైڂ(forward and backward affecting factor) 

ቹԼ੡նଡᜢᓳ࠹ছଃᆏխٺଡᜢᓳٺڇଡຑଃणኪᐙ᥼ऱഗ᙮૩ᇾΖױᨠኘ൓ c1ࣔ
᧩ֺ ֗ c3࠹࣐ᐙ᥼Ζא c1੡ᨠኘኙွΔؾছଃᆏऱഗ᙮૩ᇾছጤ೏৫Δ࠹ছԫଡଃ
ᆏഗ᙮૩ᇾ৵ጤ೏৫ᐙ᥼Δૉছଃᆏഗ᙮૩ᇾ৵ጤֺ࠹ᐙ᥼ऱছጤᜢᓳഗ᙮૩ᇾᝫ೏Δ

ঞ࠹ᐙ᥼ऱছጤഗ᙮૩ᇾᄎ࢓Ղޏ᧢Δ֘հ࢓Հޏ᧢ΖቹԼԫ੡࠹৵ଃᆏऱᐙ᥼Δࠡᐙ

᥼଺෻ᣊ࠹࣍ۿছଃᆏऱᐙ᥼ڂ Δైױᨠኘ൓࠹৵ଃᆏለ࠹ছଃᆏऱഗ᙮૩ᇾᐙ᥼ઌኙ

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 
ቹԼԲ੡ٺጟԲဲڗᜢᓳิٽ(tone pair)ऱቃྒྷ࿨࣠Δ೗๻Բဲڗଃᆏഗ᙮૩ᇾઌຑ׊
ઌյᐙ᥼Δױᨠኘ൓ ׊ᐙ᥼Δۖ࠹࣐᧩ࣔ ছ৵ଃᆏᐙ᥼ՀΔࠟଃᆏഗ᙮૩ᇾ࠹ڇ

ઌຑᥛؓ׊ᄶΖۖԿᜢ൷Կᜢ᧢Բᜢ൷Կᜢऱ፿ߢ௽ࢤՈطױՀቹᢞኔΖ 
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

ࠡ j੡รԫଃᆏΔi੡รԲଡଃᆏ 
c1 c2 c3

 

5Εቃ۷հഗ᙮૩ᇾᒤࠏ 

ಝᒭᑓী৵Δpitchᑓীቃྒྷଃᆏഗ᙮૩ᇾ࿨࣠ڕՀቹقࢬΔࠡխ႕ۥᒵ(ኔᒵ)੡଺ࡨଃ
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ᆏऱഗ᙮૩ᇾΔદۥᒵ(រᒵ)੡ pitch ᑓীࢬቃྒྷऱഗ᙮૩ᇾΔױᨠኘ൓Δլႛଡܑଃ
ᆏऱഗ᙮૩ᇾߨႨઌۿΔ׊ൎຑଃଃᆏഗ᙮૩ᇾՈቃྒྷऱլ஁Ζ 

!

ቹԼԿΕPitchᑓীቃྒྷഗ᙮૩ᇾ 
 

6ΕCovariance matrix ֺለ 

Covariance matrices ಝᒭছ(covariance matrices of the original syllable F0)ፖಝᒭ৵ڇ
(covariance matrices of the normalized syllable F0)։ܑ੡  ֗ Ζױᨠኘ൓ಝᒭ

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 

1Εᜢᓳᐙ᥼ైڂ(Tone affecting factor) 

ᜢᓳኙଃᆏ९৫ᐙ᥼࿓৫ڕ।ԿΔᨠኘ൓նᜢଃᆏ່࿍ΔԲᜢଃᆏ່९Ζ 

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

 

2Εဲऱۯᆜᐙ᥼ైڂ(Word-position affecting factor) 
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ଃᆏဲڇऱۯᆜኙ९৫ᐙ᥼࿓৫ڕቹԼ؄Δױᨠኘဲڇऱۯأڗᆜଃᆏ९৫ለ९Δᨠኘ

նဲڗΕքױဲڗ൓वဲყ९ყ୲࣐ขسለ࿍ऱଃᆏΖ 

1 1.5 2 2.5 3 3.5 4 4.5 5 5.5 6
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syllable position in word
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tio
n

(ms)

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

!
ቹԼ؄Εဲऱۯᆜᐙ᥼ైڂ 

 

3Εଃᆏᐙ᥼ైڂ(syllable affecting factor) 

נᨠኘױ࿜ᖫެطቹԼնΖڕኙଃᆏ९৫ᐙ᥼࿓৫Δైڂ࿜ᖫᨠኘଃᆏᐙ᥼ެشࠌଚݺ

ᜢئ੡़ᜢئ(Q1)Ε{bΕdΕg}(Q2)ࢨᣉئᣊܑ੡໢ئଃ(Q8)ຍᣊଃᆏ९৫ለ࿍ΔۖᏗ
ଃ࿨ޔ(Q10)Ε{f,s,sh,x,h}(Q3)֗{c,ch,q}(Q5)ຍᣊᐰᚴଃऱଃᆏ९৫ᄎለ९Ζ 

 

ቹԼնΕެא࿜ᖫ։࣫ଃᆏᐙ᥼ైڂ։ᣊ࿨࣠ 
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4Εଃᆏ९৫ቃ۷հᒤࠏ 

Durationᑓীቃྒྷଃᆏ९৫ፖኔᎾ९৫ֺለΔڕቹԼքΕԼԮ։ܑ੡Բ֗ဲڗԿΕڗ؄
ဲऱֺለቹΖࠡխ observed੡ଃᆏኔᎾ९৫Δreconstructed੡ଃᆏቃྒྷ९৫Δࠡޢᒵ੄
੡ԫ໢ဲΔՕીڶլᙑऱቃྒྷ࿨࣠Ζ 
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ቹԼքΕԲဲڗଃᆏኔᎾ९৫ፖᑓীቃྒྷ९৫հֺለቹ 
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ቹԼԮΕԿဲڗ؄֗ဲڗଃᆏኔᎾ९৫ፖᑓীቃྒྷ९৫հֺለቹ 

5ΕVarianceֺለ 

ಝᒭᑓী৵Δאಝᒭছ variance੡ 9304.5ፖಝᒭ৵ variance੡ 2494.7Ζױᨠኘ൓شࠌᑓ
ী৵᧢ฆၦࣔ᧩ڶრᆠՀ૾Ζ 
 

ΰԿαΕެא࿜ᖫቃྒྷ pause९৫ 

࿜ᖫቃྒྷଃᆏၴऱຑଃणኪ֗ެشܓՀ૿՛ᆏխΔڇ pause९৫Δࠡᚨ࣍ش question set
խऱᜢئᣊܑࡉᣉئᣊܑ։ܑ੡ࠟଃᆏऱၴሶ೴ၴઌᔣऱᜢئᣊܑ֗ᣉئᣊܑΖ 
 

1Εቃྒྷଃᆏၴհຑଃणኪ 

طᑑΔؾຑଃणኪ೚੡ެ࿜ᖫ։ᣊऱא c1๻ଖ੡ 1Δc2๻ଖ੡ 2Δc3๻ଖ੡ 3Ζط։ᣊ
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࿨࣠ᨠኘ൓ᜢئ੡ 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

 
ቹԼԶΕެא࿜ᖫ։࣫፿ற஄ຑଃणኪऱ։ᣊ࿨࣠ 

2Εቃྒྷଃᆏၴհ pause९৫ 

፿ற஄խط pauseऱ९৫ီ੡ؾᑑଖΔࠡ໢ۯ੡ශઞ(ms)Ζ طቹԼ԰ᨠኘ൓ Pause९৫
։ᣊࣔ᧩ፖ pauseઌᔣऱᜢئᣊܑڶᣂΖല Pause९৫ፖᜢئᣊܑᣂএᖞ෻ڕՀΚ 
ᡨధଃ_լಬ௛ > ᡨధଃ_ಬ௛ > Ⴞᚴଃ_լಬ௛ > Ⴞᚴଃ_ಬ௛ >ᐰᚴଃ_堚ଃ 
>m,n,l,r़֗ᜢئΖ 

೗๻ቃྒྷ pause९৫ױऴ൷شܓઌᔣऱᜢئᣊܑܒឰΔطቹԼ԰ױᨠኘ൓ pause९
৫։ᣊऱ mean๻੡ቃྒྷऱ pause९৫Δᖞ෻࣍।؄Δࠡխᜢئᣊܑ੡ NULL֗{m,n,l,r}
ऱ mean੡ 0.31028Δױ೗๻ pause९৫੡ 0msΔየطߩቹԼԶቃྒྷڼጟᣊܑ੡ຑଃणኪ
່ࣔ᧩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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ቹԼ԰Εެא࿜ᖫ։࣫፿ற஄ pause९৫ऱ։ᣊ࿨࣠ 
 

٦೗๻ቃྒྷ pause९৫ፖ pauseဲڇऱۯᆜڶઌᣂࢤΔشܓ pauseဲڇऱۯᆜެא
࿜ᖫ։࣫ᖞ෻࣍।ն֗।քΚ 

 
।նΕԲဲڗรԫଡ pauseۯᆜऱ pause९৫ᙇ࠷। 

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

 
।քΕԿဲڗ؄۟ဲڗ 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

૞ᐙ᥼׌ᨠኘ൓ױ।քط pause९৫׌૞੡ᜢئᣊܑڶ 1Ε2Ε3ᣊΔဲڇ׊խለ৵૿ऱ
pauseڶለ९ऱೖቅழၴΖ 

 

նΕ࿨ᓵ 

ኙᣉ৳ಛஒऱ։ైڂጟᐙ᥼ٺጟᣉ৳ಛஒΔ֗ಘᓵٺቃྒྷࠐΔףઌైڂጟᐙ᥼ٺشࠌ

࣫Δطኔ᧭࿨࣠ᢞኔٺጟᐙ᥼ైڂઌױঁףቃྒྷٺጟᣉ৳ಛஒΔࠡٺጟᐙ᥼ైڂ։࣫Ո
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ฤٽ፿ߢ௽ࢤΖઌॾࠐآᚨ࣍ش፿ଃګٽΔࣔױ᧩۞ྥੌዃ๺ڍΖ່৵Δנ༽ࢬ֮ءऱ

ֱऄΔլڂ፿ߢլޏࢬڶۖٵ᧢Δױࠐآאࢬཛٻ৬مԫ୚ᖞٽഏΕ؀Εড়፿ऱᣉ৳ข

 ᕴ֗ᣉ৳։࣫ᝬၞΖس
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ኴ૞ 

२༓ࠐڣΔੌٌࡾࠟ࣍ط᙮᜗ΔࠟشࠌࡾऱဲნΔՈڼڂյઌᐙ᥼੷ૹΔ፿ߢᖂ੺ኙ࣍

ዧ፿ဲნऱઔߒΔլᓵڇ፿ଃΕ፿ᆠࢨ፿شՂऱ൶ಘΔ࿇෼ࠟࡾኙشࠌઌٵዧ፿ழऱဲ

ნ஁ฆڶထპࢤݎऱ೴ܑΖۖࠟࡾথԾऱᒔਢشࠌዧߓ᧯ڗऱ஼ᐊߓอΔݮڗڶ׽Ղڶ

ნဲشࠌࡾኙֺࠟࠐอऱ଺ঞՂΔߓڗ֮ٵ٥شࠌࡾࠟאڇ֮ءኙᚨΖࢤ৳ቃྒྷऱ๵ױ

ऱ௽ࢤፖ෼ွΔא൶ߒፖ፿ᆠኙᚨፖዝ᧢࿛ઌᣂऱᤜᠲΖʳ

ଈ٣Δڇ Hong and Huang (2006) [1]ऱኙᚨՂΔ៶א૎֮WordNet੡ֺኙᑑᄷΔ៶ֺط
ለࠇקՕᖂऱխ֮ᄗ࢚᢯ࠢʻChinese Concept Dictionary (CCD)ʼፖխ؇ઔߒೃ፿ࢬߢऱ
խ֮ဲጻʻChinese Wordnet (CWN)ʼࠟଡ˪̂̅˷ˡ˸̇ խ֮ठشࠌࢬऱဲნΔ൶ಘࠟࡾኙ࣍ઌ
ڇऱဲნΔشࠌࢬ᢯ࠢፖխ֮ဲጻ࢚խ֮ᄗشࠌޡԫၞ֮ءणउΖشࠌნऱဲ࢚ᄗٵ

Gigaword Corpusխ᜗᧯፿றፖ១᧯፿றऱઌኙشࠌ෷Δ൶ࡾࠟߒኙشࠌ࣍ઌဲٵნΔ
Ζʳݮൣ܉ნऱ෼ွፖ։ဲٵլشࠌࢨ

 
ᣂ᝶ဲΚ 
CCD; CWN; WordNet; Gigaword Corpus; ࠟဲࡾნ; ဲᆠ; ᄗ࢚ 
 

ԫΕʳ ፃᓵ 

ऄᄮྤڍ๺נ෼ܧ༉բᆖڰጟٌੌխΔٺऱاԳࡾছࠟؾڇნऱ஁ฆംᠲΔဲشࠌࡾࠟ

ຏΕ෻ᇞܺᣄΔࢨਢ്গޕᚮΔ।ሒլࡵٽऱᙑᎄ࿖ቼΖ൶ಘࠟဲشࠌࡾნऱ஁ฆࢤழΔ

լႛᨃՕၦဲشࠌნऱಖृଚΔტ֭ࠟࠩ࠹ऱ஁ฆ (ڕΚဎ୙ᆖᒮጻʳ [2]Εতࠇ፿֮ߢ
!ʳ࿛׆Κڕऱૹ૞ᓰᠲʻߒ੡ዧ፿ဲნᖂፖဲნ፿ᆠᖂՂઔګጻ![3]Εლ॰ֲ໴![4])Δٍڗ
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[5]ǵ৔ʳ ˮˉ˰Ε)Ζʳ
ࢬრࠩຍଡംᠲழΔႛ౨༉ࣹृ܂ՠڗ֮ࢨᖂᖂृߢΔլᓵ፿ߒຍଡᤜᠲऱઔ࣍ኙ࢓א

ᨠኘࠩ௽ဲࡳნऱݝຝኙᚨΔנ༽ࠐ։࣫ፖᇞᤩۖ౒ߓ٤૿׎อࢤऱઔߒΖ֮ءऱઔߒ

ֱऄΔรԫਢ࢏ᥛ Hong and Huang [1]ǵੋ ࿛ [7]ऱઔֱߒऄΔא٣˪̂̅˷ˡ˸̇ ೚ဲᆠᄗ
णउΙรشࠌऱဲნٵΕ፿ᆠઌٵઌ࢚᢯ࠢፖխ֮ဲጻᇙΔᄗ࢚ᄷΔֺኙխ֮ᄗܒऱ࢚

ԲΕਢڶאՕၦࠟࡾኙֺ፿றऱ Gigaword Corpus܂੡ኔᢞઔߒऱഗ៕Δ᧭ᢞխ֮ᄗ࢚
᢯ࠢፖխ֮ဲጻኙ࣍ઌٵᄗ࢚፿ᆠऱဲნΔشࠌՂΔᒔኔࠡڶ஁ฆࢤऱڇژΖຍਢԫଡ

ΖʳߒઔٽऱᖞࢤΕᄗਔࢤΕ٤૿ࢤᖞݙڶࠠ

Ծ ˠ˼˿˿˸̅ ᎁ੡הଚٵشࠌאױᆠဲႃࠐ।෼ဲნᄗࡉ࢚༴૪ဲნऱ፿ᆠփ୲Δהאࢬଚ

৬مԱWordNetΔ२ࠐڣΔՈڶլ֟ઔߒቸၷڇ๠෻אWordNet੡נ࿇រऱլٵ፿ߢ៬
᤟Ζ 
ଖ൓ԫ༼ऱਢΔٵ᥆࣍ዧ፿ဲნߓอऱ᜗᧯խ֮ߓอፖ១᧯խ֮ߓอΔڇխ؇ઔߒೃ፿

ΔڼڂΔߒᤜᠲΔ೚Ալ֟ઌᣂऱઔڼቸၷᇙΔՈಾኙߒऱઔࢬߢՕᖂૠጩ፿ࠇקፖࢬߢ

 णउΖشࠌ᜗᧯խ֮ፖ១᧯խ֮ऱڇऱዧ፿ဲნ፿ᆠΔ࢚ᄗٵუ૞൶ಘऱਢΔઌ֮ء
אଚݺอऱኙᚨΔߓอፖ១᧯խ֮ߓ᜗᧯խ֮࣍Δኙ؆׼ WordNet ᅝ܂ઔߒ፿றऱഗ
៕Δਢ੡Աאױ৬مԫ୚ฤဲٽნवᢝ଺ঞࠀ౨ሎ࣍ش૎խኙ᤟ऱߓอΔڼڕԫࠐΔܛ

ΖʳࢤՂऱ஁ฆشࠌߢ፿ڇอΔߓଡխ֮ࠟנኙֺױ

 

ԲΕʳ ઔߒ೯ᖲፖؾऱ 

լ֟वᢝፖॾஒٌੌऱᎽڶอΔᒔߓጟऱዧ፿ٵ֮ٵ࣍᥆ء᝟᙮᜗հ৵Δֲੌٌࡾࠟ۞

ᡶΔທګຍᑌऱ଺ڂΔ๕መဲࡾࠟ࣍ნشࠌऱ஁ฆΖઌٵऱဲݮΔথז।լٵऱဲᆠΙ

၄ጐ֨৸Δृ܂ՠڗ֮ڍऱ।ሒဲნΖຍጟംᠲΔբᆖᨃ๺ٵጟլࠟڶऱ፿ᆠΔথٵઌࢨ

ᇢቹࠐᇞެຍᑌऱ࿖ቼΙۖ፿ߢᖂृኙ࣍ຍጟ෼ွΔՈᇢቹൕ፿ଃΕ፿ᆠΕ፿ش࿛ֱ૿

ထ֫Δݦඨൕٺጟፖ፿ߢઌᣂऱߡ৫Δࠐ൶ဲࡾࠟߒნऱ஁ฆΖʳ

ΔਢࠏՀ૪ࠟڕऱ፿ᆠΔٵ।ઌזࠐݮऱဲٵլאᙇᖗࡾᤜᠲՂΔ٠ਢᨠኘࠩࠟߒઔڇ

լജऱΖဲڇნ፿ᆠᖂઔߒՂΔݺଚؘႊၞԫޡಳߒΔຍࠄኙֺऱ೯ᖲΔ፿ߢऱဲნፖ

ဲᆠዝ᧢ऱ೯ԺਢܡઌᣂΔኙֺߓྤڶอࢤऱᇞᤩ࿛ΖChinese GigaWord CorpusܶץԱ
։ܑࡾࠟ۞ࠐऱՕၦ፿றΔץਔ 7Ꮩ塒ڗխ؇षᇷறΔ֗२ 4ᏙڗᄅဎषᇷறΔאױ઎
Gigaword Corpusऱ אΖ܉ნऱኔᎾणउፖ։ဲٵլشࠌ࢚ۖԫᄗٵ࣍Օຬኙࡉ؀᨜נ
፿றܧ෼؀᨜/ ՕຬشࠌऱणउΔڕՀΚʳ
ʻ˄ʼʳ ؀᨜ऱψᅉʳ (155/ 65)ωΕՕຬऱψॺࠢʳ (354/ 33504)ωʳ

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

ጵٽ఑ωऱ៬᤟αʳ

ʻ˅ʼʳ ؀᨜ऱψૠ࿓߫ʳ ʻ22670/ 68ʼωΕՕຬऱψנ఺߫ʳ ʻ422/ 5935ʼωʳ
ʳ

ڇم՗Δؘۖႊ৬ࠏᔾ֟ᑇᨠኘࠩऱ׽೯ᖲፖᇞᤩ࿛෻ᓵਮዌംᠲΔᅝྥլ౨ߒ૞ಳڕ

ᑇၦለՕऱ፿ற஄ՂΔঁא೚٤૿෡Եऱ։࣫ΖאՂࠟଡኙֺ੡ࠏΔࠡૹڇՕຬፖ؀᨜
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ऱ፿றխΔຟڶઌᅝڍऱ᧢נࠏ෼Ζʳ

 

ԿΕʳ WordNetࡉխ֮ဲጻ(CWN) 

WordNetਢԫଡሽ՗ဲნ஄ऱᇷற஄Δਢૹ૞፿றࠐᄭऱࠡխԫଡ፿றᇷற஄ΔWordNet
ऱ๻ૠᨋტᄭ۞࣍२֨ז෻፿ߢᖂࡉԳᣊဲნಖᖋऱૠጩ෻ᓵΔ༼ࠎઔڇृߒૠጩ፿ߢ

ᖂΔ֮ء։࣫ࡉ๺๺ڍڍઌᣂऱઔߒ(Miller et al. [8]ΕFellaum [9])ΖڇWordNetխΔټ
ဲΕ೯ဲΕݮ୲ဲΕ೫ဲΔຍ؄ଡլٵऱဲᣊΔ։ܑ๻ૠΕิٵګٽᆠဲႃ(synsets)ऱ
௑ڤΔܧ෼່נഗءऱဲნᄗ࢚ΔڇຍᅝխΔאլٵऱ፿ᆠᣂএຑ࿨ٺጟլٵऱٵᆠဲ

ႃΔۭګԱWordNetऱᖞଡਮዌΔՈܧ෼ԱWordNetᖞଡ٤ᎎΖ 
۞ൕMiller et al.ࡉ Fellaum ࿇୶WordNetࠐאΔWordNet༉਍ᥛլឰޓچᄅठءΔؾছ
່ᄅऱठءਢWordNet 3.0ठΔຍࠄठၴءऱ஁ฆΔץਔԱٵᆠဲႃऱၦהࡉଚऱဲნ
ᆠΖྥࡳ ۖΔኙ࣍ஞWordNetࠐ೚ઔߒ፿றऱᖂृΔڍᑇᝫਢאWordNet 1.6ठ੡່ڍΔ
ല२ڶWordNet 1.6ठᇙΔڇऱΖشࠌᖂᖂृߢૠጩ፿ڍছ່ؾਢء੡ຍଡठڂ 100,000
ऱٵᆠဲႃΖ 
Ղԫ੄ऱڇᑌऱΔٵጟᏆ഑ဲნ஄ऱ࿇୶ΔٺଚݺףᏺאױଚवሐΔᠨ፿Ꮖ഑։ᣊΔݺ

փ୲ΔݺଚՈ༼ࠩᣂא࣍WordNet੡ഗ៕Δ࿇୶נ᜗᧯խ֮ߓอʻChinese Wordnet, CWNʼ
ፖ១᧯խ֮ߓอऱኙ᤟Δݺଚشࠌᠨ፿ဲጻΔ܂੡ဲნवᢝᇷற஄ࠐኔ෼Ε֭਍ݺଚڇ

ဲნᄗ࢚ՂऱઔߒΖʳ

ኙ࿛խ֮៬׊ٽଚຟᄎ࿯ղԿଡ່ᔞݺᆠဲႃΔٵԫଡ૎֮ऱޢխ૎ᠨ፿ဲጻխΔڇ

᤟Δۖຍࠄ៬᤟Δ࣠ڕլ᥆࣍టإऱٵᆠဲΔݺଚՈᄎᑑုהଚऱ፿ᆠᣂএ(Huang et al. 
[10])ΔԾຍࠄᠨ፿ဲጻΔՈڇխઔೃ፿ဲࢬߢጻ՛ิቸၷऱ࿇୶Δലޢԫଡٵᆠဲႃຟ
ፖ SUMO ᄗ࢚ᆏរຑ࿨Δၞۖၲ࿇נ Academia Sinica Bilingual Ontological Wordnet 
(Sinica BOW, Huang and Chang, [11])Ζᅝݺଚྤऄऴ൷࠷൓խ૎ઌኙᚨऱဲნΔݺଚڇ
ᠨ፿ဲጻऱᇷற஄ᇙΔشܓאױຍࠄ፿ᆠᣂএΔၞۖ࿇୶ࠀቃྒྷᏆ഑։ᣊΖ 
 

؄Εʳ WordNetࡉխ֮ᄗ࢚᢯ࠢ(CCD) 

CCDΔխ֮ᄗ࢚᢯ࠢ(Chinese Concept Dictionary)Δਢԫଡխ૎ᠨ፿ऱဲጻΔᖞଡਮዌ࿇
୶Ոਢ࣍۞ࠐWordNet [12]Ε[13]Ε[14]Ζڇ CCDऱ࿇୶֫םᇙಖሉΔઔߒቸၷ༴૪ຍ
ءధᡏ଺אױᆠऱଈ૞යٙΔਢլဲࠄ WordNet ኙٵ࣍ᆠဲႃࡳᆠᄗ࢚ፖࠡ፿ᆠᣂএ
ऱਮዌΖ׼ԫֱ૿ΔCCD ऱઔߒቸၷەၦࠩڇژאױ๺ڇڍխ֮ፖ૎֮ऱլٵ༴૪ਮ
ዌΔאࢬΔהଚլַ।෼ኙխ֮ဲნփොऱ।ሒΔՈ࿇୶Ախ֮ဲნ፿ᆠፖᄗ࢚ऱᣂএ

 ൎᓳխ֮ऱ௽ᔆΖ࣍ܓאΔࢤ
CCDऱઔߒቸၷറࣹڇᖞଡ CCDऱਮዌΔ༼ٵנԫᄗ࢚ऱٵᆠဲႃऱࡳᆠΔࠡܧࢬ෼
ऱᄗ࢚Εࡳᆠࡉᄗ࢚ጻऱՂՀۯ፿ᆠᣂএΔޢԫଡٵᆠဲႃຟࠡڶഗءᣂএΔڼ࢖հၴ

࣍Ζ۟ڇژ፿ᆠᣂএऱڶٍ CCDऱ᧤ᙀංዝ଺ঞڇ፿ᆠጻՂऱܧ෼Δਢሎࠩشᑇᖂऱ
 Ζشࠌխ֮፿ᆠ։࣫ՂऱڇृߒઔܗᚥאױऱΔਢࠐۖڤݮ
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۞ൕ WordNet੡ഗᄷΔઔאထ֫ࡨ༉բᆖၲࢬߒᖂઔߢՕᖂૠጩ፿ࠇקΔࡨ2000/09ၲ
ߒ CCDΔࠀ৬مԫଡխ૎ᠨ፿ऱဲጻΔԫଡٺࠎ༽אױጟլٵઔߒऱဲጻΔڕᖲᕴ៬
᤟(MT)Δಛஒឯ࠷(IE)Ξ࿛࿛Ζ 
ഗ࣍ WordNet ૎֮ᄗ࢚ፖ CCD խ֮ᄗ࢚ਢ᥆ࠟ࣍ଡլٵवᢝહནΔՈڼڂ CCD խΔ
ኙΕګ᜗ᠧऱ׊ਔԱՕၦץΔਢॺൄᓤᠧΕ᜗ጅऱΖCCD࢚ଚࠟृၴऱઌյᣂএፖᄗה
ڶڍऱ՛ጻ࿮ΔՕીՂΔ஁լิګ 105ऱᄗ࢚ᆏរࡉ 106ऱิګ՛ጻ࿮ऱᄗ࢚ᣂএΔה

ଚऱᣂএΔܧ෼ڕՀቹΚ 

 

 

 

 

 

 
ቹԫΕWordNet՛ጻ࿮խᓤᠧऱᣂএ࿨ዌ 

 

նΕʳ ֮᣸൶ಘ 

ኙဲࡾࠟ࣍ნኙֺऱ൶ಘΔመװऱઔߒΔתڍထૹڇ፿ߢ௽ᐛऱ೴ Ζܑ٨ڕᜰ፿ଃֱ૿Ε

ဲნֱ૿ऱኙֺʻতࠇ፿ڗ֮ߢጻʳ ˮˆ˰ʼΙאࢨ፿ଃΕဲნΕ፿ऄ֗।ሒֱڤ࿛ֱ૿ࠐ։

࣫፿ߢ஁ฆऱ෼ွʳ ʻڕΚ׆ʳ࿛ˮˈ˰Ε৔ʳ ˮˉ˰Ε๺ʳ ˮ˄ˈ˰Εᚮʳ ˮ˄ˉ˰ʼΖʳ

२ࠐڣΔኙဲࡾࠟ࣍ნኙֺऱઔߒΔֺለᄅऱઔֱߒऄΔঞਢא WordNet ੡ഗ៕Δ࠷
אࢨΚHong and Huang [1] ʼΙڕნऱኙֺʻဲࡾለΔၞۖ։ֺ࣫ࠟ܂፿ற஄ᇷறࡾࠟ
Gigaword Corpus੡ഗ៕Δ൶౉ࠟࡾኙ࣍ዧ፿ဲნشࠌڇՂऱ஁ฆ෼ွΔڕࠏΚઌᣂ٥
෼ဲნ(collocation)ऱ஁ฆΕ؀᨜ࢨՕຬᗑشऱ஁ฆΕ௽ࡳ፿ቼՀऱ௽௘شऄऱ஁ฆΕ
፿شࠌߢ฾ክऱ஁ฆ࿛࿛ʻڕΚੋ ࿛ [7]ʼΖʳ
 

քΕʳ ઔֱߒऄ 

อऱխ֮ߓ១᧯խ֮֗אอऱխ֮ဲጻ(CWN)Εߓ૎֮ऱWordNetΕ᜗᧯խ֮אߒઔء
ᄗ࢚᢯ࠢ(CCD)࿛ԿՕᇷற஄੡׌Δኙ࣍᜗᧯խ֮ߓอऱ૎խኙ᤟ፖ១᧯խ֮ߓอऱ૎
խኙ᤟Δݺଚ٣ၞ۩ֺኙΔᇢቹֺڇኙխΔ༈ृࠟנބհၴऱ஁ܑፖشࠌ։܉Ζ 
ઌٵऱᄗ࢚Δូء᥆࣍ԫଡٵᆠဲႃΔဲڇࡾࠟڂ܀ნشࠌՂऱ஁ฆΔۖࢬڶլٵΔᕣ

ጥڼڕΔս៱ڶԫشࠌࡾࠟࠄઌٵऱဲნࠐ।ሒઌٵऱᄗ࢚፿ᆠΖ֮ءխലൕ᜗᧯խ֮

ऱဲნشࠌࡾࠟڇᆠဲႃΔٵԫଡٵߒอऱ૎խኙ᤟ᇷறᇙΔႃխ൶ߓอፖ១᧯խ֮ߓ

ਢ٤ݙઌٵΕ٤ݙլٵऱणउΖྥ ৵Δ٦ലຍ٤ݙࠄઌٵΕ٤ݙլٵऱဲნΔא Gigaword 
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Corpus੡ഗ៕Δ։࣫ຍဲࠄნڇຍଡ፿ற஄ᇙΔܧࢬ෼شࠌࡾࠟנऱणउΖ 
൷ထΔא٦֮ء፿ற஄੡ઔנߒ࿇រΔਢאપԼԫᏙڗऱ Chinese Gigaword Corpus੡
խ֮ဲნై༴੡ჼ༈፿றՠࠠʳאᄭΔࠐ૞፿ற׌ ˮ˄ˊ˰Εˮ˄ˋ˰Εˮ˄ˌ˰ΖChinese Gigaword 
Corpus ؇խڗᄅဎषᇷறΔ֗ԮᏙ塒ڗਔ२؄ᏙץऱՕၦ፿றΔࡾࠟ۞ࠐԱ։ܑܶץ
षᇷறΖڼڂΔဲࡾࠟࠎ༽אױნ஁ฆऱՕၦဲნᢞᖕΖʳ

ۖխ֮ဲნై༴ঞ༼ࠎԱ፿ற஄੡ءΔဲნ஁ฆֺለऱՠࠠΖאױ઎ࡾࠟנኙٵ࣍ԫᄗ

ऱኔᎾ፿றխΔࡾࠟڇԫ፿ᆠဲნٵנ઎אױΔՈ܉ნऱኔᎾणउፖ։ဲٵլشࠌ࢚ۖ

 խ֮ဲნై༴խဲნై༴஁ฆʻword sketchشܓ૞׌ଚݺΖࢤរፖ஁ฆٵ෼ऱઌܧࢬ
differenceʼऱפ౨Ζဲნ༴ై஁ฆऱኔᎾտ૿྽૿ڕቹԲΚʳ

 

ቹԲΕխ֮ဲნై༴ʳ ˘́˺˼́˸ Հऱဲნ༴ైኙֺʳ

ʳ

ଚലբᆖֺኙመݺ౨ՀΔפڼڇ CCD ፖ CWN ኙᚨլٵኙ᤟ऱဲნΔၞԫޡ൶ဲࠟߒ
ნऱشࠌणउፖ։܉Ζ֮ءڇխΔ׌૞ਢֺאኙࠟဲࡾნဲ᙮੡׌Δଣૉڇ CCDፖ CWN
ऱኙᚨխΔᒔኔਢઌٵ፿ᆠΔথ٤ݙشࠌࡾࠟڇઌ٤ݙࢨٵլٵऱဲნΔ߷Ꮦࠡࠌ۞ٺ

ڇऱဲნΔش Gigaword Corpusᇙ᜗᧯፿றፖ១᧯፿றٌՐֺኙ৵ࢬ൓ऱဲ᙮ΔՈᚨᅝ
ᄎڶ२ۿऱ։܉෼ွΔ៶ڼᑇᖕΔլאױ܀ᢞࣔ CCD ࡉ CWN ૎խኙ᤟ՂΔ᜗᧯խڇ
।ሒઌࠐნဲٵլشࠌࡾࠟڶᢞࣔΔᒔኔאױ஁ܑऱΔՈڶอΔਢߓอፖ១᧯խ֮ߓ֮

ऱ։࣫Ζʳߒઔء۩ၞאნऱኔᎾ෼ွΔဲࡾऄΔၞۖԱᇞࠟشፖᆠऱ࢚ᄗٵ

 

ԮΕʳ ፿ற։࣫ 

᜗᧯խ֮ߓอऱ૎խኙ᤟(CWN)ፖ១᧯խ֮ߓอऱ૎խኙ᤟(CCD)ΔࠉլဲٵᣊΔ೴։
אኙֺΔ۩ၞࠐ೫ဲ؄Օᣊࡉ୲ဲݮΕ೯ဲΕဲټΚګ WordNet ੡׌Δᛀྒྷٵڇԫଡ
SynsetխΔ᜗᧯խ֮ߓอऱኙ᤟ဲნࡉ១᧯խ֮ߓอऱኙ᤟ဲნΔྥ৵٦ၞ۩ֺኙΖ 
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ԫଡٵڇ堚ᄑ൓वΔאױଚݺ؄ՕဲᣊխΔڇ Synset խΔ᜗᧯խ֮ߓอΔױ౨ڍڶଡ
ઌኙᚨऱኙ᤟ဲნΔٵᑌچΔ១᧯խ֮ߓอՈױ౨ڶଡઌኙᚨऱኙ᤟ဲნΖڇຍࠄኙ᤟

ဲნᇙΔԾױڶ౨ਢࠟᢰشࠌऱኙ᤟ဲნ٤ݙԫᑌΔጠհψ٤ݙઌٵωΙ࣠ڕΔࠟᢰࠌ

ڶ׽ΔृࢨωΙٵլإωΔՈ༉ਢψటٵ٤լݙऱΔጠհψٵԫଡઌڶ޲ऱኙ᤟ဲნΔش

ωٵψຝٝઌڇωΔۖٵՂኙ᤟ဲნΔຍଡणउΔጠհψຝٝઌאԫଡࢨխԫଡࠡشࠌ

ऱኙ᤟ဲნΔࠟ࣠ڕᢰऱኙ᤟ဲნشࠌऱဲଈઌٵΔጠհψဲଈઌٵωΔ׽࣠ڕਢشࠌ

ࠩઌٵऱڗΔঞጠհψຝٝڗցઌٵωΔڕΚ 

 
।ԫΕCCD ࡉ CWNኙ᤟ऱٺጟ։܉णउ 

 
ኙ࣍ CWNፖ CCDऱኙ Δ᜔ֺ ڶ٥ 70744ଡ Synsetਢኙ᤟ઌٵऱΔ։᥆ݮ࣍୲ဲΕ

೫ဲΕࡉဲټ೯ဲຍ؄ଡဲᣊᅝխΔࠡխΔڇဲټא CWNፖ CCDऱ٤ݙઌٵኙ᤟խΔ
ڶ೏Δ່ࠏֺ۾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 ˖˪ˡࠉլဲٵᣊܧ෼៬᤟٤ݙઌٵऱ։܉ʳ

ʳ

ۖ CWNፖ CCDΔ٤ݙشࠌլઌٵऱൣउΔဲٺࠉᣊऱ։ݮൣ܉ΔڕՀቹ᧩قΚ 
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।ԲΕCCD ࡉ CWN៬᤟լٵऱ։܉णउ 

 
ଖ൓ԫ༼ऱਢΔڇ CCDࡉ CWN៬᤟լٵऱ։܉णउᇙΔৰ堚ᄑ൓઎ࠩΔψ೯ဲωࠟڇ
፿ᆠࢨᣊ२ᆠဲٵאዧ፿ழΔൄᄎشࠌଚݺڇΔྥۖΔࢤᄕՕऱ஁ฆڶणउΔشࠌऱࡾ

ઌ२ઌᣂဲז࠷ࠐ଺ءऱဲნΔڼڇΔݺଚԾၞޓԫޡΔגޓาچ։࣫Δᇢቹലޢԫଡ

ဲᣊխΔڶຍᑌऱݮൣشࠌ։ᣊࠐנΔא൓ࠩటشࠌࡾࠟإլဲٵნऱ෼ွΖ 
։࣫ࠐωΔຍԿՕᣊܑٵլإψటࡉωٵցઌڗωΕψຝٝٵψဲଈઌאଚݺ CCD ࡉ CWN
 Κق᧩Հ।ڕणउΔ܉ऱ։ٵԫଡဲᣊխΔ៬᤟լޢڇ

 
।ԿΕCCD ࡉ CWNޢڇଡဲᣊխΔ៬᤟լٵऱ։܉णउ 

 
ൕ।ԫࠩ।ԿΔݺଚאױ堚ᄑवሐኙޢ࣍ଡဲᣊΔCCD ࡉ CWNڇ៬᤟լٵऱဲნᇙΔ
սྥࠄڶጩਢ፿ᆠઌ२ऱઌᣂဲნΔڬೈຍࠄઌᣂဲნ৵ΔࠟဲࡾნشࠌڇՂऱటإլ

ٵլڍ່شࠌნխΔဲࡾψ೯ဲωਢࠟ࣍ᣂ֗༽ࢬΔՂ֮խΔ࣍෼Ζ۟ܧ堚ᄑױΔ༉ٵ

ऱणउΔݺଚൕ।Կऱ։࣫൓वΔڇ೯ဲऱشࠌՂΔڂ੡ለൄנ෼ٵᣊ२ᆠဲࢨ፿ᆠઌ

२ઌᣂဲז࠷ࠐ଺ءऱဲნऱणउΔאࢬψဲଈઌٵωࡉψઌڗٵցωຍࠟᣊ۾ԱৰՕ
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ऱైڂΔڇ 9261 ଡဲნᇙΔ༉ڶ 6586 ଡဲნΔՕપਢ 71.10%Δࠡటࡾࠟإኙ࣍೯ဲ
ऱլشࠌٵΔঞڶ 2676ଡဲნΔՕપਢ 28.90%Ζ 
ط៶ऱဲნΔٵլإऱဲნፖటٵ٤ઌݙشࠌ।ԿխΔ؄ଡဲᣊᇙΔࡉቹԿאଚലݺ

Gigaword Corpusࠐ։࣫ࠟࡾԳاኙဲ࣍ნشࠌऱኔᎾणउΖ 
 

ԶΕʳ ኔ᧭๻ૠፖ։࣫ 

อऱ૎խኙ᤟ᇷறΔᆖֺኙመ৵Δ๻ૠԱԫଡ਷ᇬߓอፖ១᧯խ֮ߓല᜗᧯խ֮ߒઔء

տ૿Δ࣍ܓאઌᣂઔߒᖂृΔኙဲࡾࠟ࣍ნऱኔᎾشࠌΔၞ۩ჼ༈Δຍଡჼ༈տ૿Δ׌

૞ਢא WordNet ऱ૎֮ٵᆠဲႃ੡ഗ៕Δ਷ᇬઌٵᄗ࢚Εઌٵ፿ᆠࡾࠟڇኙ᤟ऱဲნ
ൣउΔࠡտ૿ଈ଄ܧ෼ڕՀቹ؄Δ׼؆Δڇຍଡჼ༈տ૿խΔؾছګݙऱ਷ᇬפ౨ࠟڶ

 ΚقࢬՀቹնДቹԮڕΔٵፖຝٝઌٵ٤լઌݙΕٵ٤ઌݙ៬᤟ࡾ

 
ቹ؄ΕאWordNet੡խ֨ऱࠟဲࡾნኙ᤟਷ᇬտ૿ 

 

 
ቹնΕࠟࡾ៬᤟٤ݙઌܧٵ෼ဲࡾࠟڇნኙ᤟਷ᇬտ૿Ղ 

 

294



 
ቹքΕࠟࡾ៬᤟٤ݙլઌܧٵ෼ဲࡾࠟڇნኙ᤟਷ᇬտ૿Ղʳ

 

 
ቹԮΕࠟࡾ៬᤟ຝٝઌܧٵ෼ဲࡾࠟڇნኙ᤟਷ᇬտ૿Ղ 

 
௅ᖕ CCDࡉ CWNאWordNet੡խ֨Δֺኙࠐנऱኙ᤟٤ݙڶઌٵΕ٤ݙլٵፖຝٝ
ઌٵ࿛ԿՕᣊΔڼڇΔءઔߒႛ༉ছࠟᣊऱᇷறΔא٦ Gigaword Corpus੡ࠉᖕΔᛀྒྷ
ኔᎾ፿றխܧࢬ෼ऱणउΖ 
ଈ٣Δݺଚဲشࠌࡾࠟ࠷٣ნψ٤ݙઌٵωऱᇷறΔᛀྒྷຍࠄᇷறڇ Gigaword Corpus
խΔ։᥆ڇ᜗᧯խ֮ፖ១᧯խ֮ऱشࠌ᙮෷Δ٦ૠጩޢଡဲნऱ᙮෷ڇ᜗᧯խ֮ᇷறፖ

១᧯խ֮ᇷறᇙ۾ࢬऱֺࠏΔڼڕΔױܛवሐޢԫଡဲნΔڇ᜗᧯խ֮ፖ១᧯խ֮ᇙΔ

ऱൣउਢॺൄ൷२ऱΔࠡࠟشࠌࡾࠟڇԫଡဲნ࣠ڕΖ෻უऱუऄΔݮऱൣشࠌࡉ෼נ

ृဲ᙮ֺࠏऱ஁၏Δᚨᇠਢॺൄ՛ऱΖݺଚᇢထലٵԫဲნشࠌࡾࠟڇऱဲ᙮ֺࠏઌ

྇ΔঁאᛀྒྷຍشࠌࠄՂ٤ݙઌٵऱဲნΔԾࠡڂ஁၏ऱᑇଖመ՛Δݺאࢬଚ࣋אՕ

100000଍৵ऱᑇଖܧࠐ෼Δࠡ։ݮൣ܉ΔڕՀቹقࢬΚ 

 
ቹԶΕࠟ٤ݙشࠌࡾઌဲٵნऱ։ൣ܉उ 
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ൕቹԶࠐ઎Δڴᒵᦛڴऱছ৵ࠟጤΔז।ࠟृऱ஁၏ለՕΔᔾؐᢰऱᦛڴڴᒵຝٝΔਢ

؀᨜ܧ෼ൎႨဲნऱ෼ွΔᔾ׳ᢰऱᦛڴڴᒵຝٝΔঞਢՕຬܧ෼ൎႨဲნऱ෼ွΖڇ

ڇଚ෡Ե൶ಘऱᤜᠲΖݺ஁ฆࣔ᧩ऱ፿றΔຍਢଖ൓شࠌࠄڶნխΔսဲٵ٤ઌݙشࠌ

6637࿝ࠟ٤ݙشࠌࡾઌဲٵნխΔڇ Gigaword Corpus խխ؇ष/ᄅဎष፿றխشࠌ։
஁ฆऱؓ݁ଖ੡܉ 0.0143%Ζشࠌ஁ฆ։ڇ܉ຍଡؓ݁ଖփऱဲნΔ٥ૠڶ 5880 ࿝Ζ
ང؁ᇩᎅΔࠟ٤ݙشࠌࡾઌٵऱဲნᇙΔشࠌणउለ੡ઌ२ऱڶ 5880 ࿝Δشࠌणउለ
੡լઌٵऱսڶ 757࿝Ζڇխ؇षፖᄅဎष፿றխ։ܑڶ 354࿝ࡉ 403࿝Ζຍ 757࿝ᇷ
றਢψٵխڶฆωऱဲ፿Δଖ൓ݺଚലၞࠐԫޡ։࣫Ζ 
ڇ 6637 ଡࠟ٤ݙشࠌࡾઌဲٵნխΔቹԶխឈྥ᧩ࠡق᙮෷஁၏༓׏ਢሿΖ܀ਢΔڕ
஁၏່՛ऱรطଚݺ࣠ 3076ଡ Δဲࠉছ৵࠷ٺ 30%ऱΰ༉ਢร 2153ଡဲნࠩ࠷ร 4144
ଡဲნαΔല஁၏࣋ڇՕܧ෼ڕቹ԰Ζൕቹխऱ஁၏ᑇଖ᧩قΔਢॺൄॺൄ՛ऱΖԫֱ

૿ᢞࣔࠟشࠌࡾຍဲࠄნऱൣݮΔਢॺൄॺൄ൷२ऱΖ׼ԫֱ૿Δᅝၴ၏࣋Օ৵Δݺଚ

઎ࠩ஁ฆ։ؓܧ܉ᄶऱ SڗীΔຍՈፖቃཚխ۞ྥ፿ற։܉ऱणउઌฤΖ 

 
ቹ԰Εࠟ٤ݙشࠌࡾઌဲٵნխΔ஁၏່՛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) شࠌणउڶ஁ฆ 

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

ฆ 

।؄Εࠟ٤ݙشࠌࡾઌဲٵნऱ։܉णउࠏقʳ
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൷ထΔݺଚאઌٵऱኔ᧭ֱऄፖޡᨏࠐᛀྒྷࠟ٤ݙشࠌࡾլٵऱဲნΔᛀྒྷຍࠄᇷறڇ

Gigaword Corpusխܧ෼ऱ։܉ΔڼڇΔ֮ءႛ࠷ᑇၦለՕऱࡉဲټ೯ဲࠐ೚ֺኙΔࠀ
፿றऱ଺ঞਢ࠷ឯ׊ CCDऱဲشࠌნڇ XINऱဲ᙮Օ࣍ CNAऱဲ᙮Ι֘հΔCWNऱ
ڇნဲشࠌ CNAऱဲ᙮Օ࣍ XINऱဲ᙮Δࠡ։ݮൣ܉ΔڕՀቹقࢬΚ 

 
ቹԼΕࠟ٤ݙشࠌࡾլٵऱဲဲټნऱ։ൣ܉उ 

 
ڶნᇙΔ٥ૠဲဲټऱٵ٤լݙشࠌࡾࠟڇ 302࿝ᇷறΔᔾ׳ᢰऱᦛڴڴᒵຝٝΔਢ؀
᨜ܧ෼ൎႨဲნऱ෼ွΔᔾؐᢰऱᦛڴڴᒵຝٝΔঞਢՕຬܧ෼ൎႨဲნऱ෼ွΖݺଚ

ԫᑌආृࠟ࠷஁၏່՛ऱ ڶᛀྒྷΔࠡૠࠐ30% 91࿝ᇷறΔൕቹԼԫऱ஁၏ᑇଖࠐ઎Δ
ٵհΔߢΔངࢤणउऱᗑ௽شࠌอᇙΔࠡߓߢ᥆ऱ፿ࢬڇऱဲნΔٵլࠄᢞࣔΔຍאױ

ԫଡဲნΔڇ᜗᧯խ֮ߓอᇙΔشࠌऱ᙮෷ለ೏Δڇ១᧯խ֮ߓอᇙΔشࠌऱ᙮෷ለ܅Δ

֘հٍྥΔۖܧ෼ઌኙհ։܉णኪΔຍᑌऱൣݮΔڇቹԼԫऱ஁၏ᑇଖࡉ।նࠏ՗խ൓

ࠩ᧭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 461࿝ᇷறΔᔾ׳ᢰऱᦛڴڴᒵຝٝΔ
ਢ؀᨜ܧ෼ൎႨဲნऱ෼ွΔᔾؐᢰऱᦛڴڴᒵຝٝΔঞਢՕຬܧ෼ൎႨဲნऱ෼ွΖ

ᛀྒྷΔࠡ۩ၞࠐڤԫᑌऱֱ࠷ଚආݺ 30%ऱᇷறΔ٥ૠڶ 140࿝ΔൕቹԼԲΕቹԼԿऱ
஁၏ᑇଖࠐ઎Δᒔኔאױᢞࣔຍشࠌࠄլٵऱ೯ဲဲნΔڇ᜗᧯խ֮ߓอፖ១᧯խ֮ߓ

อΔشࠌࠡڶणउऱኙֺࢤΖ 

 
ቹԼԲΕࠟ٤ݙشࠌࡾլٵऱ೯ဲဲნऱ։ൣ܉उʳ
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ቹԼԿΕࠟ٤ݙشࠌࡾլٵऱ೯ဲဲნխΔ஁၏່՛ऱ ˆ˃ʸऱ։ൣ܉उ 
 
ნऱؓ݁ଖਢဲٵ٤ઌݙشࠌࡾࠟ 0.0143%Δ߷ᏖΔ෻ᓵՂΔࠟ Δࠏნऱֺဲٵլشࠌࡾ

ᚨᇠՕ࣍ຍଡؓ݁ଖΔଣૉ՛࣍ຍଡؓ݁ଖΔঞױڶ౨ਢࠟشࠌࡾઌٵᄗဲ࢚ნழΔข

ڶΔ࿇෼ݧඈࠐࠏऱֺဲڶՕຬᗑאნխΔဲဲټऱٵլشࠌڇऱ෼ွΖش෗س 174
࿝ᇷற՛࣍ຍଡؓ݁ଖΙ؀א᨜ᗑဲڶऱֺࠐࠏඈݧΔঞڶ 168 ࿝ᇷற՛࣍ຍᏖؓ݁
ଖΙشࠌڇլٵऱ೯ဲဲნխΔאՕຬᗑဲڶऱֺࠐࠏඈݧΔ࿇෼ڶ 320࿝ᇷற՛࣍ຍ
ଡؓ݁ଖΙ؀א᨜ᗑဲڶऱֺࠐࠏඈݧΔঞڶ 348࿝ᇷற՛࣍ຍᏖؓ݁ଖΖຍଡᑇᖕᢞ
ኔԱԫଡऴᤚऱᨠኘΔ༉ਢᎅࠟဲࡾნյઌᐙዶຘ᥼ऱ෼ွֲ墿᧩ထΖؾאছऱᑇᖕ઎

ࠄխലኙຍء৵ऱठ່ڇଚݺऄᐙ᥼؀᨜ΖشՕຬऱ࣍࣍ऄᐙ᥼ՕຬฃൎشΔ؀᨜ऱࠐ

ઌյዶຘᐙ᥼ऱဲნΔ༼נ෡Եऱ։࣫ፖᇞᤩΖ 
 

԰Εʳ ࿨ᓵ 

ՀΔբᆖֲ᝟ࣔ᧩Δݮ᙮᜗ऱൣੌٌڇ๺ऱ஁ฆΔࠄࢨٵΕլٵՂऱઌشࠌڇნဲࡾࠟ

ዧ፿ဲნ፿࣍ଚኙݺףਮዌՀΔᏺࠡڇნऱଡܑ፿ᆠਮዌΔԾ౨ဲࡾ᠖堚ࠟࠀ۶೴։ڕ

ᆠߓอࢤዝ᧢౧࿮ऱ෻ᇞΔਢݺଚൕࠃ፿ߢઔृߒऱլ୲ီ࢙ऱᤜᠲΖط៶֮ء

WordNetࢬ࿇୶נऱ᜗᧯խ֮ߓอ CWNፖ១᧯խ֮ߓอ CCDΔၞ۩ࠟဲࡾნऱֺኙΔ
٦ലֺኙመ৵ऱဲნΔگאႃኔᎾՕၦ፿றऱ Gigaword Corpus੡ഗ៕Δᛀྒྷࠟဲڇࡾ
ნՂشࠌऱ෼ွፖ։܉णउΙٍطױ GigawordʳCorpusܧࢬ෼ऱणउΔᢞࣔ᜗᧯խ֮ߓ
อ CWNፖ១᧯խ֮ߓอ CCDֺڇኙՂऱإᒔ৫ፖױᔾࢤΙՈᢞኔԱ CCDࡉ CWNല
෼Δۖܧ֏णउᔆشࠌნኙֺऱဲࡾࠟ GigawordʳCorpusঞਢאኔᎾ፿றࠐ᧭ᢞࠟဲࡾ
ნኙֺऱشࠌणउၦ֏ܧ෼Ζݺଚၞޓԫޡ࿇෼Աࠟဲش٥ࡾნڶψٵխڶฆωऱ෼ွΔ

ۖኙֺဲნՈขسԱյઌዶຘᐙ᥼ऱ෼ွΖଖ൓ޓ෡Ե൶ಘઔߒΖʳ

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. 
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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].   
 

311



 
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.   
 

˘́˺˿˼̆˻ʳ̀˸˴́ʳ˩ˢ˧ʳ˵̌ʳ˖˻˼́˸̆˸ʳ̆̃˸˴˾˸̅̆
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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 
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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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ဲᆠᑑق፿ற஄ኙ۞ྥ፿ߢ๠෻ڶ۾ৰૹ૞ऱۯچΔ֠ ࠡ֘ਠڇಛஒ௽ᐛ֗۞ྥ፿ߢ෻

ᇞհઔߒՂΔؾ܀ছՕ๵ᑓհխ֮ဲᆠᑑق፿ற஄থבհᠥڕΖ֮ء๻ૠנԫଡ၌መ

11 ᆄဲऱՕ๵ᑓխ֮ဲᆠ٤֮ᑑق፿றႃΔאխઔೃؓᘝ፿ற஄੡ᑑقኙွΔൕխኴ
ᙕ 56 ᒧݙᖞ֮ີΔشܓ N-Gram ፖჸ಻ᇷಛ࿛፿ߢवᢝΔࠀ࿨ٽᖲᕴᖂ฾֗א؏ݾᖲ
෷ᑓڤऱֱ܂ڤ੡๠෻۞೯ဲᆠᑑقऱছᆜ܂ᄐՠ܂Δ່৵੡ሒ೏壄ᒔ৫հய࣠Δ٦ല

۞೯ขسհᑑق࿨࣠ᆖطԳՠீૡۖګΖ 
 

ᣂ᝶ဲΚဲᆠᙃᢝΔဲᆠᑑಖ፿ற஄Δ۞ྥ፿ߢ๠෻Δᎈᖄ܂ڤऄ 

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

 

ԫΕ១տ  

፿ற஄ኙ۞ྥ፿ߢ๠෻ઔڶ۾ߒઌᅝૹ૞ऱۯچΖ֠ࠡਢอૠڤૠጩ፿ߢ๠෻ΔൄᏁٛ

ᘸ፿ற஄ࢬᤖ៲ऱ᠆༄ᇷᄭΔ܂੡ૠጩऱࠉᖕΖᙟထᑇ֮ۯ᣸հཏ֗Δ፿ற஄ऱጟᣊ။

፿ற஄ࠄڶ။ՕΖܗऱᚥߒᖞऱ፿ற஄ኙઔݙಛஒ။ق။᠆༄ΖᑑࠐΔփ୲Ո။ڍ။ࠐ

ऱ፿ࢤဲقছΔᑑؾᆠ࿛ઌᣂᇷறΖဲࢨقᑑࢤՂဲףऱঞ٦ڶփ୲Δء֮ࡨ෼଺ܧ׽

ற஄ڶլ֟ΔڕࠏΚխֱ֮૿ڶխઔೃऱԫՏᆄဲؓᘝ፿ற஄[1]֗խ֮ԼᏙဲ፿ற஄
(Chinese Gigaword Corpus)[2]࿛Δ۟࣍ᑑဲقᆠऱ፿ற஄լᓵխ૎֮ຟৰ֟Ζᑑဲقᆠ
(Sense)ࢨ፿რ(Semantic)ऱ፿றᇷᄭΔڇ෻ᓵ፿ߢᖂՂΔല༼ဲࠎნ፿რᖂઔߒհ᠆༄
ΚWSDڕ܂๠෻ऱு֨ՠߢᖂՂΔലኙ۞ྥ፿ߢૠጩ፿ڇਮዌΙءறፖഗޗ ૹဲᆠڍ
ᙃ࣫ઔߒΕ۞ྥ፿ߢ෻ᇞ࿛Δຟലᄎڶᣂ᝶ࢤऱડధΖ׼؆Δຍࠄᑑق፿றᆖอૠ๠෻

৵ࢬᛧ൓հᇷಛΔױᚨ࣍شᇷಛᛀ౉Εᇷಛឯ࠷Ε֮ٙኴ૞Ε۞೯ം࿠࿛ᤜᠲհઔߒΖ 
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 Օၦ壄ᒔऱဲᆠᑑقᇷறΔڍࠎ༽ױႈૠጩ፿ߢઌᣂઔߒऱ᠆༄ైޗΖ܀ਢΔխ֮

፿ற஄ဲᆠᑑಖ׌૞ऱ෿᙭੡౒ࠎߩ׎۞೯ᑑಖ೶ەऱᇷறΔۖԳՠᑑقᏁ૞࣓၆ګ

፿قኙՕ๵ᑓဲᆠᑑנق᧩Δߒઔڍऱ๺ࠐڣऱᣄขΖ२܂፿რՠق፿ற஄ᑑګΔທء

றႃऱՕၦᏁޣΔຍࠄᇷᄭڇ৬ዌՂਢݙܡໂΔ࢓࢓ᄎᐙ᥼ᖞଡઔ֗אٻֱ۩ၞߒઔߒ

࿨࣠ऱإᒔࢤΖڇਬࠄ፿ߢՂΔբࠠڶለז।ࢤऱဲᆠᑑق፿றႃڇژΔڕࠏ૎֮፿ற

ႃ SemCor [3]֗א Senseval [4] ༼ࠎհڍഏ፿ߢऱ٤֮ᑑق፿றႃΔڕࠏ൸܌፿Ε๛ᥞ
፿ΔᆠՕ֮֗ܓ૎֮Ζ֘ᨠխ֮ΔؾছՕၦխ֮ᑑဲقᆠ፿றႃথԫऴבհᠥڕΔڶ׽

֟ᑇ༓ଡ๵ᑓլՕऱխ֮ဲᆠᑑق፿றႃΔڕࠏ Senseval-2ऱխ֮ဲᆠᑑق፿றႃץਔ
15 ଡխ֮ဲნऱဲᆠᑑقΔSenseval-3 ऱխ֮ဲᆠᑑق፿றႃܶץ 20 ଡխ֮ဲΔࠡ๵
ᑓፖటኔऱ፿ߢᛩቼڇژઌᅝՕऱ஁ฆΖ፹܂Օ๵ᑓ፿ற஄ࢬሖ່ࠩՕ෿᙭੡ءګΔ៶

قᑑאױ׊থॺൄ࣓၆ΔۖءګقᏁऱဲᆠᑑࢬ܀ᒔ෷Δإ൓ࠩ೏אױឈྥقԳՠᑑط

ဲᆠऱറ୮ՈլߠڍΖ੡Աڼࣚ܌ംᠲΔנ༽֮ءԫ୚ת۞೯ဲᆠᑑֱقऄΔ܂੡ᑑق

ဲᆠऱছᆜ܂ᄐΔ٦ᆖطറ॰ԳՓீૡΖ፿ற஄፹א܂խઔೃؓᘝ፿ற஄੡ኙွΔൕխ

ኴᙕ֮ີΔࠀኙኴᙕנհ֮ີխհဲ೚ဲᆠᑑقऱ೯܂Δ๻ૠ፹נ܂ԫଡՕ๵ᑓऱխ֮

ဲᆠᑑق፿றႃࠎא۞ྥ፿ߢ๠෻ઔشࠌߒΖ 
 

ԲΕဲᆠ೴։ဲࠢ 

஄՛ิဲࢬߢΕ፿ࢬೃᇷಛߒऱဲᆠ೴։ဲࠢ੡խ؇ઔشࠌࢬᑑಖխ֮ဲᆠ፿ற஄֮ء

ܶץΔ٥׌խ᙮ဲ੡אऱόဲᆠ೴ᙃ՛᢯ࠢύรԿठ[5]Δဲࠢऱփ୲܂፹ࢬ 5047ଡဲ
፿ဲ੡ᒤ໮Δլ٨Ե෼վشዧ፿ຏז෼אᙕऱဲය(entry)ΔگࢬΔ9400ଡဲᆠΖဲࠢݮ
բլشߔࢨشऱဲნΖۖگᙕऱխ֮ဲნයؾΔܶץ໢ဲڗΕᠨဲڗڍࡉဲڗΖဲࠢխ

؁࿛փࠏΕᑑଃΰ਋ଃፖࣹଃαΕᆠႈΕဲᣊΕ(lemma)ؾය᠆༄ऱಛஒΔೈဲဲٺࠎ༽
୲؆Δᝫץਔဲٺڶᆠኙᚨ۟૎֮ဲጻ WordNet 2.0 (http://wordnet.princeton.edu/)հٵ
ᆠဲႃ֗ࠡᒳᇆΖቹԫ੡ဲნψግ߆ωࠢڗڇխऱಛஒΔࠟڶ٥ଡဲᆠΔࠡխรԫଡဲ

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

 

ԿΕᑑق፿றࠐᄭ 

੡፿றᑑऱΖ፿ற܂ ዧ፿ؓᘝ፿ற஄ύ (Sinica Corpus) [1]זೃ෼ߒόխ؇ઔشࠌ֮ء
խऱޢଡ֮؁ຟբဲࠉឰၲΔࠀᑑࢤဲقΖءઔߒ੡ޣ।ሒ֮נ౧࿨ዌፖছ৵֮ᣂএ࿛

ಛஒհݙᖞࢤΔᑑق፿றऱᙇᖗ٤֮א੡໢ۯΖဲᆠऱᑑ٤֮אقᑑق੡଺ঞΔءڂ܀

ᙕگ፿ற஄խऱဲნຟڇ෼נଡޢॺࠀڼڂᒳᐷխΔڇছսؾࠢڗऱဲᆠ೴։شࠌࢬ֮

אױࢤΖᑑಖဲق೚੡ᑑࢤဲࠡאଚݺᙕհဲნΔگآࡸࠢڗ࣍ᇙΔኙࠢڗᆠ೴։ဲڇ

 ੡ษऱဲᆠᑑಖΖီױقऱᑑࢤဲڼڂᆠ৫Δݡᆠऱဲ܅૾

נᖕΔ٥ᙇࠉ੡ᙇᖗհ܂९৫ີ֮֗אփ୲խऱ៿።෷ີ֮࣍෼נნဲࠢڗࠉଚݺ 

56ᒧ֮ີΔ᜔९৫੡ 114,066ଡဲნΔ148,863ଡڗցΖ፿றႃխऱ֮ີ׌ᠲ։܉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 

 υව֫ΔஞထঙԸΖ߆τግټ؁Κׂխԫࠏ   

 υΖ߆ᎅਢτግڕፖࠡᎅਢಮॾΔլئ׀ூऱࡎ॰ն՗ف؁Κࠏ   

  ᆠ૿2ΚμဲټΔnomνݮ୲Գڂ壄壀ᙑ႖ۖᜰַൄ؈Ζ 

 ऱԫศጟત೿Μ߆ଚषᄎግݺਢإυΔࠡኔՈ߆ூऱτግࡎ॰ն՗فΔڼڂ؁Κࠏ   

 ဲᆠ2Κμլ֗ढ೯ဲΔVHΙဲټΔnomνݮ୲۩੡ࠃࢨढྤᆏࠫΔ၌ൄؓ׏ऱ࿓৫Ζຏൄ࣍شԳ

ऱൣტٙࠃࢨऱ࿓৫Ζδmadly, 00045197Rε 

  ᆠ૿1Κμլ֗ढ೯ဲΔVHνݮ୲۩੡ࠃࢨढྤᆏࠫΔ၌ൄؓ׏ऱ࿓৫Ζຏൄ࣍شԳऱൣტࠃࢨ

ٙऱ࿓৫Ζ 

 υऱფՂԫଡՖ৘՗Ζ߆τግה؁Κࠏ   

 υՕආ᝜Ζ߆ଉཽτግ࢓լૠࠡᑇऱ؀᨜ড়ছڶຟڣޢ؁Κࠏ   

 ଚৄؑऱ՛৘՗Ոფؚཧ෺ΖݺυΔຑ߆؀᨜ৰτግڇ؁Κᅝழ֟ཧॹ֟ཧࠏ   

 ᆠ૿2ΚμဲټΔnomνݮ୲۩੡ࠃࢨढྤᆏࠫΔ၌ൄؓ׏ऱ࿓৫Ζຏൄ࣍شԳऱൣტٙࠃࢨऱ

࿓৫Ζ 

 υ৵ΔՕ୮ຟีԱΔଡଡຟ໗ထ໫ᣡ࿀Εᆬ࿀Ζ߆؁Κᆖመԫೄτግࠏ   

 Ζٙࠃυ߆ඒτግࡲऱڍყࠐԳუࠩყࠌඒ৛ூΔՈا塒ԳऱԳۍԱԮ԰ڽ؁Κࠏ   

 υᜰ೯Ζ߆ಳ೏ऱτግ࠺ԫݲ֊ս܀੡ΔױڶᙰսྥՕڍ૞༏৫լ၌መΔঞ׽؁Κࠏ   

ቹԫ ဲნψግ߆ωڇόဲᆠ೴ᙃ՛᢯ࠢύဲࠢᒤࠏ 

।ԫΕ፿றႃ׌ີ֮ܶࢬᠲ։܉ 

֮ີ९৫ʳ׌ᠲʳ ֮ີᒧᑇʳ

ဲნ ցڗ

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

 

ᖞ᧯ۖݺߢଚᑑဲقᆠհؾᑑဲნΔא໢ԫဲࢤ(ဲݮፖဲࢤհ಻ኙ)੡໢ۯ೚อ
ૠΔ๯گᙕࠢڗ࣍հ໢ᆠဲ٥ 863 ଡΔנ෼᙮෷੡ 12,124 ڶᆠဲڍΔڻ 650 ଡΔנ෼
᙮෷ طᆠဲဲᆠᑇၦڍ।ԲΖڕ܉։ࢤΔอૠࠡဲڻ23,521 2ΰڕΚ۞ྥ DΕഔ Nf ࡉ
໛ VK ࿛α۟ پΚڕ)27 VCαլ࿛Δؓ݁ဲᆠᑇ੡ 2.97Ζࢤဲא೴։Δؓ݁ۖဲߢᆠ
ᑇ່ڍհဲࢤ੡፿ဲܗΔؓ݁ሒ 4.83 ଡဲᆠᑇΖဲᆠᑇ່֟հဲࢤ੡ტቮဲΔؓ݁੡
1.32 ଡဲᆠᑇΖૉਢݮဲא੡໢ۯ೚อૠΔլەᐞࠡဲࢤհ஁ฆΔءڇઔشࠌߒऱ 56
ᒧ֮ٙխڶ٥ 598ଡဲگݮᙕࠢဲ࣍խΔޢଡဲݮऱؓ݁ဲᆠᑇ੡ 4.53Ζ 
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।ԲΕᑑق፿றႃဲࢤ։܉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

 

؄Εဲᆠᑑق፿ற஄ 

፿றႃऱীኪ੡قऱဲᆠᑑ܂ଚ፹ݺ XML௑ڤᚾΔشࠌࢬऱᑑ᧘࿨ዌڕቹԲقࢬΔᑑ
᧘شࠌᎅࣔᓮߠ।ԿΖ፿ற஄փܶڍᒧ֮ٙΔޢᒧ֮ٙא<doc>ᑑ᧘೴ሶΔՈ༉ਢڇᑑ
᧘<doc>֗</doc>ᒤ໮փ୲੡ٵԫᒧ֮ٙΖ֮ٙփ୲࢓٦Հา։੡؁՗Δޢଡ؁՗א
<sent>ᑑ᧘೴ሶΔ؁՗փ୲ဲࠉნנ෼ႉܧݧ෼Δࠡၴא<w>ᑑ᧘܂੡ဲნ೴ሶΔࠡփ
Ծ٦า։੡Կଡᑑ᧘Κword, pos, tag1։ܑܧ෼ဲნΕဲࢤΕဲ֗אᆠᑑق࿛ᇷಛΖ 

شΔආقᒘᑑזᣊܑ։੡ԿጟΔรԫጟ੡ဲᆠقᑑࠉຝ։Δقᆠᑑဲڇ Huang et al. 
[6]հࡳᆠΔ੡ۯ؄ᑇᖞᑇΔছࠟۯ੡ဲᆠݧᇆΔ।ࣔᑑဲقᆠנ෼ࠢڗڇխհဲᆠႉ
ቹԿαΖรԲጟ੡ᑑរฤᇆհ๠෻ΔኙڕᑑᒘΔร؄ᒘ੡ᆠ૿ᒳᒘΰݮΖรԿᒘਢဲݧ

੡ࠡฤᇆࡳᒘऴ൷๻זଚലᑑរฤᇆऱဲᆠݺΔڼڂᆠΔլࠠრᆠΔဲقᑑរၞ۩ᑑ࣍

वآΔรԿጟਢಾኙ࣍Ζ۟ߪء ΰဲܶץ᢯ࠢگآᙕΕဲڶآࡸᆠ։࣫հဲნαऱຝ։Δ

Δ੡፿ற஄խᒳᇆࠏ፿றᒤقΖቹ؄ਢຝ։ᑑق੡ࠡဲᆠᑑ܂ࢤᇠဲნհဲאଚݺ

101664հ֮ີร 18؁փ୲ΔรԫଡဲόۊۊύΔਢآवဲΔᑑဲقᆠ੡ࠡဲࢤψNbωΖ
รԲଡ όဲᎅύऱဲᆠᑑق੡ψ0111ωΔ।ڼڇق๠ဲᆠψאՑ፿໾տ֧૪ࢨຫ૪ಛஒΖω
੡ψᎅ 1ωऱร 01 ଡဲᆠऱร 1ଡᆠ૿Ζ׼؆Δร 3, 5, 8ଡဲਢᑑរฤᇆΔဲڼڂᆠ
 Ζߪءᒘ੡ฤᇆז

ᖞଡᑑق፿ற஄ڶ٥ܶ 114066ଡဲნΔݺଚࠉᑑقጟᣊ܂੡อૠΔࠡ࿨࣠ڕ।؄Ζ
ࠡխᑑរฤᇆڶ 27530ଡΔפګᑑဲנقᆠזᒘհဲნᑇڶ٥ 35645ଡΔኙآ࣍वဲࢨ
ਢگآࡸࠢڗᒳ๠෻հဲΔݺଚ܂ࢤဲא੡ဲᆠᑑᒘऱঞڶ 50891ଡဲࠏΖݺଚၞԫޡ
։࣫࿇෼ຍຝ։ᇷறΔץਔڶΚ֮ີխࠄڶ૎ᑇࢨڗਢറټΔڕࠏΚΰԲαΕCPUΕ堚ဎ
Օᖂ࿛Δݺڇଚऱᑑق፿ற஄խڶ٥ 4258 ଡဲࠏΖ׼؆Δڂ੡ءઔشࠌࢬߒհဲᆠ೴
։ڇࡸࠢڗ৬ዌխΔဲࠄڶნؾছگآᙕݺ࣍ଚऱဲᆠࠢڗխΔຍຝ։ڶ٥ 4541 ଡဲ

Z39 50 is protocol for
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ნΔڇ፿றխנ٥෼ Δໍ塒ऱ࣍Ζ۟ڻ31730 14903ଡဲࠏΔឈྥਢբگᙕࠢڗ࣍խհ
ဲნΔ܀ਢլڻءڇ๵ቤᑑಖᒤ໮փΔࢤဲא٣ڼڂᑑಖΔףՂဲࢤᑑಖڍ܅૾ױᆠဲ

հݡᆠ৫Ζ 

 
।ԿΕ፿ற஄شࠌᑑ᧘ᎅࣔʳ

ᑑ᧘ټጠʳ փ୲ᎅࣔʳ ՗ʳࠏ

<corpus> ፿ற஄ದࡨʳ <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>  

 

।؄Εʳ፿றႃᑑقጟᣊอૠʳ

ᑑقጟᣊʳ ဲნᑇʳ ᎅࣔʳ

ᑑរฤᇆʳ ˅ˊˈˆ˃ʳ ᑑរฤᇆྤᏁᑑဲقᆠʳ

ဲᆠזᒘʳ ˆˈˉˇˈʳ բဲګݙᆠᑑقʳ

ˇ˅ˈˋʳ լᏁᑑقΰ૎ᑇڗΕറټαʳ

ˆ˄ˊˆ˃ʳ ဲნʻˇˈˇ˄ ଡʼؾছگآᙕࠢڗ࣍խʳ

ʳقᑑࢤဲ ˈ˃ˋˌ˄ʳ

˄ˇˌ˃ˆʳ ๠෻ʳآ

ʳࡉ᜔ ˄˄ˇ˃ˉˉʳ ʳ ʳ

 

նΕဲᆠᑑֱقऄ 

ᑑဲقᆠհՠ܂ᏁٛᘸՕၦऱԳԺΔڼڂΔ੡ԱᆏઊءګΔ֮ء๻ૠנԫ୚ת۞೯ᑑق

ဲᆠհֱऄ[7]Δڼشܓ٣ᑑֱقऄኙ፿றޡॣ܂ऱဲᆠᑑق๠෻Δ܂א੡Գՠᑑقհ
ছᆜ܂ᄐΖ 

قᐈᑑ࣋ޡऄΰbootstrapαດֱڤᎈᖄشᆠऱֱऄΔආဲق೯ᑑ۞ת๻ૠհࢬଚݺ
යٙΔࠐឩᏺᑑق፿றΔࠡߓอิ៣ቹڕቹնقࢬΖଈ٣፦ႃԫࠄբ๯ᑑقመဲᆠऱᇷ

ற܂੡ဲᆠᑑقՠ܂ऱጟ՗ಝᒭᇷறΖࠡࠐᄭ׌૞ࠟڶଡຝ։Δรԫଡຝ։੡ဲᆠ೴։

ဲࠢխհ؁ࠏΔรԲଡຝ։੡᢯ࠢᒳᐷ՛ิΔڇჼ༈ᖞ෻ဲᆠመ࿓խࢬᑑقऱ፿ற஄ຝ

։փ୲Ζૉࠐ۞ຍࠟຝ։ऱ؁ࠏᑇၦլߩழΔݺଚᄎᙟᖲ.ൕઔߒೃ፿ற஄խᙇנຝ։
֮؁ΔٌطԳՠᑑဲقᆠ৵ףԵګ੡ጟ՗ᑑ؁قΖലՂ૪բᑑقᇷறٽ੡ಝᒭႃΔءא

֮ᙇࠐנऱ 56ᒧᑑقႃ֮ີΔঞ܂੡ྒྷᇢႃΖ 

۞೯ᑑဲقᆠऱรԫၸ੄ආش N-gramᑓڤΔലᑑဲנقᆠऱᇷறףԵಝᒭႃխΔ
شܓ֮ء੡รԲၸ੄ऱಝᒭ፿றΖ܂א N-gram๠෻ဲᆠᑑقਢഗ࣍Հ૿ऱ೗๻Κڇژ
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ᑑဲნছ৵ؾ໮ץ N ଡဲნ٤ݙઌٵऱࠟଡ՗؁Δݺଚංᓵ،ଚᚨᖑڶԫᑌऱဲᆠ
[8]Ζشࠌڼڇ N-gramࠟڶႈ׌૞ؾऱΔรԫਢឩՕಝᒭႃΔڂ፿ற஄խൄࠩߠױઌۿ
հ՗؁ΖรԲଡؾऱਢመៀಝᒭᇷறႃऱᠧಛΔڼאᛀ᧭ԳՠᑑقᇷறհլԫીࢤΖ 

 

 
ቹԲΕ፿றႃᑑ᧘࿨ዌ֗ᒤࠏ 

 

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> 

 

ቹ؄ΕXML௑ڤհᑑق፿றᒤࠏ 

 

 

X X X X 

ဲᆠᒳᇆ ဲݮᒳᇆ ᆠ૿ᒳᇆ 
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ቹնΕᑑဲقᆠߓอิ៣ቹ 

 

รԲଡၸ੄ݺଚشࠌჸ಻ᇷಛࠐᏺףᑑقႃᑇၦΔჸ಻ᇷಛਢԫጟৰൎऱ፿ߢᣂ

এΔ౨ެؾࡳᑑဲნհဲᆠ[9]Ζݺଚဲא٣᙮Εჸ಻ဲፖؾᑑဲნ၏ᠦ᧢ฆၦ࿛යٙ
ᑑဲნؾᛀ᧭ჸ಻ဲፖࠐᖕΔ່৵٦ᆖመઌյᇷಛMIૠጩࠉޡ੡ᙇᖗჸ಻ဲნհॣ܂
հၴऱઌᣂ࿓৫Ζ 

ᆖመ N-gram֗ჸ಻ᇷಛࠟଡၸ੄ऱ๠෻ՠ܂Δݺଚലಝᒭ፿றᑑقၦ೚Աኔᔆឩ
ᏺΖ൷ထΔ٦ᆖመᖲ෷ᑓڤૠጩΔጐױ౨ലՕຝ։ဲნᑑՂဲᆠᇷಛΖ່৵੡ޣᑑق፿

றհ೏壄ᄷ৫Δݺଚലᆖط۞೯ᑑဲقᆠ๠෻መ৵ऱᖞଡᑑق፿றΔط٦ٌ଺ࠢڗᒳᐷ

՛ิګ୉ၞ۩Գՠீإ๠෻Ζ 

ᖞଡ۞೯ᑑقຝ։հኔ᧭࿨࣠ݺଚ։੡ࠟຝ։ᎅ ΔࣔรԫຝٝဲᆠᑑဲאقᆠՀ٦

า։۟ᆠ૿੡ᄷΔ࿨࣠ڕ।նقࢬΔᖞ᧯ऱإᒔ෷੡ 57.47%Ζ۟࣍ΔรԲຝ։ݺଚല
ဲᆠᑑق๠෻۟ဲᆠ੡ַΔլ٦า։ᆠ૿Δ࿨࣠ڕ।քقࢬΔᖞ᧯ऱإᒔ෷ױ༼֒۟ 
64.51%Ζ 

 

քΕ࿨ᓵ 

ဲᆠᑑق፿ற஄ኙ۞ྥ፿ߢ๠෻ڶ۾ৰૹ૞ऱۯچΔ֠ࠡ֘ਠڇૠጩ፿ߢᖂઔߒՂΔൄ

Ꮑ፿ற஄ࠎ༽ࢬऱ᠆༄ᇷಛ܂ࠐૠጩΔؾ܀ছڇژऱխ֮ဲᆠᑑق፿றႃऱᑇၦ֟հԾ

֟ΔڼڂΔݺଚ๻ૠנԫଡܶץપԼᆄဲՕ๵ᑓऱխ֮ဲᆠᑑق፿றႃΔࠎא۞ྥ፿ߢ

๠෻ઌᣂઔشࠌߒΖᑑဲقᆠհޡᨏ੡شࠌ٣۞೯ဲᆠᑑ܂ق੡Գՠဲᆠᑑقհছᆜՠ

طऱᇷಛΔᆖࠎ༽ᢰဲნࡌشܓऄ੡ֱقԳՠீૡΖ۞೯ဲᆠᑑطΔ٦ല࿨ٌ࣠܂

N-gramΔჸ಻ᇷಛ֗אᖲ෷ᑓڤૠጩױڶ່נ౨ऱဲᆠΖဲط៶ࠐآᆠ೴։ဲࠢऱዬ
᝟ݙໂΔཚඨ౨ሒࠩኙխ؇ઔߒೃ෼זዧ፿ؓᘝ፿ற஄նۍᆄဲ٤֮ᑑಖऱؾᑑΖ 

 

኱Ңᅿη

N-gram

མଛ 

ᜐຒ༼Ӆ౜ᐒ౗ڬ
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 ჴᡍ่݀ޑྗࣁϖ ຒက኱ҢԿကय़߄
 

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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।քʳဲᆠᑑقႛ๠෻۟ဲᆠ੡ᄷऱኔ᧭࿨࣠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᧢֏ਢ࣍طᢞࠦؑ໱խฒڍլދٵᇷԳ֗ࠡދᇷެ࿜৵ࢬขسऱ࿨࣠Ζྥ

ۖΔᐙ᥼ैᏝ᧢೯ऱైڂฒ׊ڍᓤᠧΔᄅፊՈ᥆ࠡ࣍խԫጟΔᄅፊٙࠃլ܀ਢދᇷԳش

ࠡޓ᧢ࢨࡳᇷԳެދழՈਢᐙ᥼ٵ૞໾տΔ׌ऱઌᣂᛜሎᇷಛऱ׹൓वᇠैปՂؑֆࠐ

ैปދᇷ࿜ฃऱ׌૞ైڂհԫΖءઔאנ༽ߒᄅፊ֮ٙ೚੡ैᏝይၓቃྒྷߓอऱഗ៕ਮ

ዌΔຘመ֮ڗ൶೮ݾ๬֗։ᣊݾ๬ࠐ৬ᆜנ౨ቃྒྷᅝֲଡैگᒌैᏝይၓ᝟ႨհߓอΖ 

ࠀᑓীΔٽ෗֗אᑓীࡺᑓীΕk່२ᔣּߦ࣐Կጟ։ᣊᑓীΔ։ܑਢ១נ༽٥ߒઔء
๻ૠԱԿิኔ᧭Δ։ܑਢ։ᣊᕴய౨ऱֺለΕᄅፊᑌءᇷற෡৫ऱֺለΕ֗אᄅፊᑌء

ᇷறᐖ৫ऱֺለࠐᛀ᧭ߓอऱቃྒྷய౨Ζኔ᧭࿨࣠᧩قΔءઔנ༽ࢬߒऱ։ᣊᑓীאױ

ଡᣊܑऱቃྒྷய౨থ஁ฆ੷ՕऱൣउΖۖٺ܀ᒔ෷೏إ᧯խᖞߒ࿳ઌᣂઔޏயڶ ኙ࣍ᐙ

᥼ދᇷԳᛧܓፖܡऱᣂ᝶ᣊܑ"ይ"֗ᣊܑ"ၓ"ऱؓ݁ቃྒྷய౨ՂΔءઔנ༽ࢬߒऱຍԿ
ጟ։ᣊᑓীٍٵழࠠړߜڶऱګயΔאױ೚੡ދᇷԳၞ۩ދᇷެ࿜ழऱڶய೶ࠉەᖕΖ 

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. 

ᣂ᝶ဲΚैᏝቃྒྷΔ១ּߦ࣐ᑓীΔk່२ᔣࡺᑓীΔ෗ٽᑓীΖ 

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

ैᏝይၓ᝟ႨऱቃྒྷਢଡחԳტᘋᔊऱઔߒᤜᠲΔྥۖᐙ᥼ैᏝ᧢೯ऱైڂฒ׊ڍᓤ

ᠧΖ๺ڍऱઌᣂઔݾشࠌߒ๬։࣫ࢨഗء։࣫ऄ[11]ࠐ೚੡ैᏝ᝟Ⴈቃྒྷऱ௽ᐛႈؾᙇ
᧢Δۖኙ࿍ཚऱᢞࠦؑ໱ऱ֏᧢ైڂ९ཚ૿ऱᆖᛎ࣍։࣫ऄထૹءΖഗ[12][8][6]ڤֱ࠷
೯ለլ׏ڇΖݾ๬։࣫ঞထૹ࣍ᢞࠦؑ໱ߪءऱ᧢֏Δ׌૞ਢຘመቹ।ݾࢨ๬ਐᑑऱᖵ

ᐞࠡە౨ऱ᝟Ⴈ᧢֏ΙۖլױᏝैࠐآቃྒྷࠐڼ៶ࠀ๵ঞנބ։࣫Δൕխߒᇷற֗ઔ׾

�ᆖᛎΕਙएΕഏᎾൣႨڕΔైڂਬጟ࿓৫ᐙ᥼ऱ؆ຝس౨ՈᄎኙैᏝขױה…࿛ࠡٺה
ጟֱ૿ऱᑨڇᐙ᥼Ζ 

ኙދᇷՕฒۖߢΔᄅፊਢֲൄس੒խॺൄ୲࣐൷ᤛࠩऱԫጟᇷಛࠐᄭΙᄅፊਢ᥆࣍ᄎᐙ

᥼ैᏝ᧢֏ऱॺ࿨ዌ֏ᇷறΔՈਢދᇷԳࠐشאױ൓वᇠैปՂؑֆ׹ऱઌᣂᇷಛऱ׌

૞໾տհԫΖᄅፊٙࠃऱߪءՈਢᐙ᥼ދᇷԳެैࠡޓ᧢ࢨࡳปދᇷ࿜ฃऱࠡխԫጟە

ၦైڂΙދࠡࠌᇷ࿜ฃطᔄֱ᧢੡၇ֱΔطࢨ၇ֱ᧢੡ᔄֱΔᖄીٌ࣐ؑ໱խ၇ᔄᠨֱ

ऱԺၦ࿇س᧢֏Δۖၞޓᐙ᥼ैปᏝ௑ऱ᧢೯ΖڼڂΔᄅፊ֮ٙೈԱਢދᇷԳࠡࡳެڇ

ࢤ౨ױᐙ᥼ैᏝ᧢֏ऱڶழՈឆ៲ထࠠٵᖕ؆Δࠉەᇷ࿜ฃऱૹ૞೶ދ

[13][14][17][18][21]Ζ 

ኙ࣍ᄅፊ֮ٙຍጟ᥆࣍ॺ࿨ዌ֏ऱᇷற[15]ΔݺଚᏁ૞ၞ۩ઌᣂݾ๬ऱ๠෻թ౨ലհ᠏
ኙߒऱᇷಛΖྥۖΔઌᣂઔشڶנ࠷ឯޡ࿨ዌ֏ᇷறΔՈթ౨ൕխၞԫࢨ֏࿨ዌתګ֏

ထᕠለچᤜᠲՂথઌኙߒᄅፊፖैᏝቃྒྷऱઔٽ࿨࣍ Δ֟ڇࠡ׊ቃྒྷऱګயՂٍૻࠡڶ

ࠫ[14][17][21]ΖڼڂΔءઔאנ༽ߒ࿨ڗ֮ٽ൶೮ݾ๬֗։ᣊݾ๬ࠐಾኙॺ࿨ዌ֏ऱᄅ
ፊၞٙࠃ۩։࣫Δ৬ᆜנԫଡ౨ቃྒྷଡैᅝֲگᒌैᏝይၓ᝟ႨऱߓอΔٵױழޏ࿳ઌ

ᣂઔߒխᖞ᧯إᒔ෷೏ٺ܀ଡᣊܑऱቃྒྷய౨থڼ࢖஁ฆ੷Օऱൣउ༼ޏנ࿳հሐΔࠀ

 ᖕΖࠉەய೶ڶᇷެ࿜ழऱދ۩ᇷԳၞދܗ᎖೚੡ױ

อ৬ᆜऱߓ֗ߒઔء੡܂ࠐ֏᧢ᒌैᏝऱይၓ᝟Ⴈگቃྒྷଡैैปᅝֲאנ༽ߒઔء

ૹ֨ΙຘመᖞैٽᏝᇷறፖತᆖᄅፊٙࠃΔࠀ࿨ڗ֮ٽ൶೮ݾ๬֗։ᣊݾ๬ࠐ৬ᆜנቃ

ྒྷ؀᨜ैؑհଡैᅝֲگᒌैᏝይၓ᝟ႨቃྒྷհߓอᑓীΔދࠎ༽אᇷԳैڇปٌ࣐ழ

ၴփၞ۩ދᇷެ࿜ऱ೶ࠉەᖕΖ 

ּߦ࣐อΔ։ܑਢ១ߓ੡ഗ៕ऱैᏝቃྒྷٙࠃᄅፊאم৬ࠐ։ᣊᑓীٵԿጟլנ༽ଚݺ

ᑓীΕk່२ᔣࡺᑓী֗א෗ٽᑓীΖߓڇอᑓীխΔᄅፊٙࠃऱᇷற։࣫֗๠෻ਢຘ
መ֮ڗ൶೮ݾ๬ၞࠐ۩Ιۖ։ᣊᕴঞਢࠐشᖞٽଡैैᏝᇷறፖଡैತᆖᄅፊٙࠃΔڇ

ԫ࿝ᄅऱᄅፊٙࠃ࿇܉৵Δ։ᣊᕴאױ۞೯ലհ։ᣊၞࠀ۩ैᏝይၓ᝟ႨऱቃྒྷΖݺଚ

ലᄅፊٙࠃᇷறႃ։໊ګಝᒭᇷற֗ྒྷᇢᇷறࠟՕᣊΔشܓಝᒭᇷறࠐಝᒭ։ᣊᕴΔࠀ

֮ٽ࿨ࠀΔٙࠃᏝᇷறፖತᆖᄅፊैٽᡏΖຘመᖞړயګᢞᇠ։ᣊᕴऱ᧭ࠐᇢᇷறྒྷش

ᒌैᏝၞ۩ይၓ᝟گ৬ᆜԫଡኙᢞࠦؑ໱խଡܑैปऱᅝֲࠐ๬ݾ๬֗։ᣊݾ൶೮ڗ

ႨቃྒྷհߓอᑓীΖ 

ழٵհԫΔైڂ૞׌ਢᐙ᥼ैᏝይၓ᧢֏ऱߪءऱٙࠃᄅፊق᧩܀ऱኔ᧭࿨࣠լߒઔء

Ո᧩ݺقଚנ༽ࢬऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗א෗ٽᑓীڶאױயޏ࿳ઌᣂઔ
ܓᇷԳᛧދᐙ᥼࣍ଡᣊܑऱቃྒྷய౨থ஁ฆ੷ՕऱൣउΖۖኙٺ܀ᒔ෷೏Δإ᧯խᖞߒ

ፖܡऱᣂ᝶ᣊܑ"ይ"֗ᣊܑ"ၓ"ऱؓ݁ቃྒྷய౨ՂΔءઔנ༽ࢬߒऱຍԿጟ։ᣊᑓীٍ
 ᖕΖࠉەய೶ڶᇷެ࿜ழऱދ۩ᇷԳၞދ೚੡אױயΔګऱړߜڶழࠠٵ

ᄅፊ੡ᇷறא๬Δ֗ݾ᥽ઌᣂ֮᣸ΔᎅࣔैᏝቃྒྷऱઌᣂڃچଚല១૞ݺรԲᆏխΔڇ

348



อਮዌΖร؄ᆏխঞߓऄֱ֗ߒଚऱઔݺΖรԿᆏխঞਢᎅࣔߒᄭऱैᏝቃྒྷઌᣂઔࠐ

ਢءઔߒऱኔ᧭֗࿨ᓵΔݺଚലگࢬႃऱᑌءᇷறႃၞٽ۩ઌᣂኔ᧭ࠀ։࣫ኔ᧭࿨࣠Δ

່৵༼ءנઔߒऱ࿨ᓵΖ 

ԲΕ֮᣸൶ಘ 

 ᣸Ζ֮ߒᄭऱैᏝይၓ᝟Ⴈቃྒྷઌᣂઔࠐ૞ᇷற׌ᄅፊ੡אᆏᎅࣔີء

ΰԫαΕᄅፊኙैᏝਐᑇऱቃྒྷ 

Wuthrich ࿛Գ[21]ಾኙ٤෺նଡ׌૞ᢞٌ࣐ࠦؑ໱ऱैᏝਐᑇ(Dow Jones Industrial 
Average, Financial Times 100 Index, Nikkei225, Hang Seng Index, Straits Times Index)ၞࠐ
۩ᅝֲैᏝਐᑇይၓ᝟Ⴈऱቃ Ιྒྷຘመگႃࠀ։࣫ᅝֲٌၲֲ࣐ᒌছऱઌᣂತᆖᄅፊጻ

๬Δലݾ൶೮ڗऱᣂ᝶ဲิᇷற஄֮֗م৬ࢬറ୮شܓࠀऱ֮ີ֗ᄅፊփ୲Δ܉࿇ࢬీ

ᇠᣂ᝶ဲิشܓᦞૹֱڤ๻ࠡࡳኙैᏝऱՂይࢨՀၓऱᑨڇᐙ᥼ԺՕ՛ၞא۩ᢞࠦؑ

໱ैᏝਐᑇऱይၓ᝟ႨቃྒྷΖᇠઔإאߒᒔ෷(Accuracy)೚੡ေ۷ࠡߓอய౨ऱਐᑑΔ
ኔ᧭࿨࣠᧩ق Wuthrich ࿛Գऱߓอኙ٤෺նଡ׌૞ᢞٌ࣐ࠦؑ໱ैᏝਐᑇऱؓ݁ቃྒྷ
ᒔ෷੡إ 43.6%Ιኔ᧭࿨࣠ڇق᧩ࠀ೗๻ؑ໱խऱٌءګ࣐੡ሿழΔնଡ׌૞ᢞٌ࣐ࠦ
ؑ໱ैᏝਐᑇऱؓ݁໴ሟ෷ 5.9%Δۖ Wuthrich ࿛Գࢬ৬ᆜऱߓอհؓ݁໴ሟ෷ሒ
20.8%Ζ 

ΰԲαΕᄅፊኙଡܑैปैᏝऱቃྒྷ 

Gidófalvi[14]ঞਢ൶ಘᄅፊٙࠃ࿇܉৵ኙઌᣂैปܛழैᏝ᧢֏ऱᐙ᥼Δࠡઔߒऱഗء
೗๻ਢᎁ੡ٌ࣐ڇழၴփࢬ࿇܉ऱᄅፊٙࠃᄎࠡڇ࿇܉৵ऱਬԫ੄ழၴփኙઌᣂଡै

ऱैᏝࠠڶᐙ᥼Ժ(window of influence)ΔۖᖄીैᏝऱ᧢೯Δנ༽ࠀᄅፊٙࠃኙैᏝ᧢
֏ऱᐙ᥼Ժழၴၴሶ੡ᇠᄅፊ࿇܉ऱছ৵ 20։ᤪհփΖGidófalvi࿨ܛٽழैᏝᇷற֗
ழၴ࣐ኙٌࠐ։ᣊᕴ(naïve Bayesian text classifier)ּ֮ٙߦ࣐ຘመ១ࠀழᄅፊᇷறΔܛ
փࢬ࿇܉ऱᄅऱԫ࿝ᄅፊၞࠐ۩։ᣊΔࠀቃྒྷᇠᄅፊױ౨ኙैᏝ᧢֏ऱᐙ᥼ΖGidófalvi
ലᄅፊٙࠃ࿇܉৵ኙैᏝऱᐙ᥼։੡Կଡᣊܑ: ψՂይ(Up)ωΕψլ᧢(Unchanged)ωΕ֗
ψՀၓ(Down)ωΔࠀຘመຍԿଡᣊܑᑑ᧘ࠐ৬مᇠ࿝ᄅፊٙࠃፖैᏝ᧢೯࿓৫հၴऱᣂ
এΖ 

ڇ Mittermayer[17]ઔߒխΔࠡנ༽ࢬऱ NewsCATS(News Categorization and Trading 
System)ਢԫଡאױኙᄅፊၞ۩۞೯֏ऱ։࣫ፖ։ᣊऱߓอΔᇠߓอ׌אױࠀ೯༼ދנ
ᇷ࿜ฃऱ৬ᤜΖኔ᧭࿨࣠᧩ق NewsCATS ދ၇ᔄࡳެڤᙟᖲֱאֺڶᇷ࿜ฃ৬ᤜࠠދ
ᇷ࿜ฃړޓऱګயΔᙟᖲֱڤऱޢ࿝ؓ݁ދᇷ໴ሟ෷੡ 0%Δۖ NewsCATSऱޢ࿝ؓ݁
ᇷ໴ሟ෷ঞ੡ދ 0.11%ΖMittermayer ᎁ੡ڇ NewsCATS խאᄅፊ։ᣊऱֱࠎ༽אױڤ
ֺᄅፊڍޓߪءऱᇷಛၞࠐ۩ैᏝ᝟ႨऱቃྒྷΖ 

ΰԿαΕխ֮֮ٙছ๠෻ 

խ֮ឰဲֱ׌ڤ૞ױ։ګՀ٨ࠟጟֱऄ[9]Κဲ ஄ֺኙऄ(Dictionary-Based Approach)֗א
อૠ։࣫ऄ(Statistical Approach)Ζဲ஄ֺኙऄਢਐຘመ٣ࠃ৬مऱဲ஄ΔኙᙁԵ֮ٙխ
ऱဲნၞ۩ֺኙΔ٦ឯ֮ٙנ࠷խנ෼ऱဲნΔګݙឰဲ࿓ݧΖอૠ։࣫ऄঞਢຘመՕ

ၦ֮ٙ։࣫Δᆖط։࣫࿨࣠࠷൓อૠ೶ᑇ৵Δឯנ࠷อૠ೶ᑇየߩਬࠄයٙऱဲΔຍࠄ

อૠ೶ᑇאױਢဲნ࿇سऱ᙮෷Δֱڼ܀ऄऱ౒រ࣍ڇᅝᣂ᝶ဲנ෼ऱ᙮෷ᄕ֟ழΔױ
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౨ྤऄ๯ឯࠐנ࠷Ζءઔߒኙխ֮ឰဲऱ๠෻ֱऄਢᙇᖗආဲش஄ֺኙऄΙຘመطխ؇

ઔߒೃխ֮ဲवᢝ஄՛ิխ֮ဲ஄ၞࠐ۩ᄅፊ֮ٙ؁ڗऱխ֮ឰဲ๠෻࿓ݧΖ 

ԿΕઔֱߒऄ 

ᑓীΕkڤߦ࣐ऱ១נ༽ࢬߒઔء֗אอਮዌΔߓᨏΕޡᑑΕؾߒଚऱઔݺᆏᎅࣔີء
່२ᔣࡺᑓী֗א෗ٽᑓীຍԿጟ։ᣊᕴΖ 

ΰԫαΕઔؾߒᑑ֗ߓอਮዌ 

ᒌैᏝይگԫଡ౨ቃྒྷैปᅝֲم৬ࠐ๬ݾ๬֗։ᣊݾ൶೮ڗ֮ٽᑑਢ࿨ؾऱߒઔء

ၓ᝟ႨհߓอᑓীΔދࠎ༽אᇷԳैڇปٌ࣐ழၴփၞ۩ދᇷެ࿜ऱ೶ࠉەᖕΖᜰࠐࠏ

ᎅΔૉߓอቃྒྷᅝֲᇠैปऱگᒌैᏝᄎਢՂይழΔঞڇᅝֲٌ࣐ழၴփऱैᏝं೯ૉ

ᒌैᏝՈᒔኔਢگᇷԳ၇ၞΔଣૉᅝֲᇠैปऱދ৬ᤜױऱैᏝழΔঞֲ࣐ছԫٌ࣍܅

ՂይழΔঞދᇷԳലᄎۖڂᛧܓΙ֘հٍྥΖ 

ቹڕอᑓীਮዌߓऱנ༽ࢬߒઔء ࠃᄅፊאم৬ࠐ։ᣊᑓীٵԿጟլנ༽ଚݺΖقࢬ1
ٙ੡ഗ៕ऱैᏝቃྒྷߓอΖߓڇอᑓীխΔᄅፊٙࠃऱᇷற։࣫֗๠෻ਢຘመ֮ڗ൶೮

ԫ࿝ᄅऱᄅڇΔٙࠃଡैैᏝᇷறፖଡैತᆖᄅፊٽᖞࠐشΙۖ։ᣊᕴঞਢ۩ၞࠐ๬ݾ

ፊٙࠃ࿇܉৵Δ։ᣊᕴאױ۞೯ലհ։ᣊၞࠀ۩ैᏝይၓ᝟ႨऱቃྒྷΖݺଚലᄅፊٙࠃ

ᇷறႃ։໊ګಝᒭᇷற֗ྒྷᇢᇷறࠟՕᣊΔشܓಝᒭᇷறࠐಝᒭ։ᣊᕴΔྒྷشࠀᇢᇷற

๬ݾ൶೮ڗ֮ٽ࿨ࠀΔٙࠃᏝᇷறፖತᆖᄅፊैٽᡏΖຘመᖞړயګᢞᇠ։ᣊᕴऱ᧭ࠐ

֗։ᣊݾ๬ࠐ৬ᆜԫଡኙᢞࠦؑ໱խଡܑैปऱᅝֲگᒌैᏝၞ۩ይၓ᝟Ⴈቃྒྷհߓ

อᑓীΖ 

!
!ঁިԏዬ

ၗ਑!

ཥᆪၗ਑
ᜢᗖຒ༼ၗ਑ၗ਑ϩ݋!

)૽ግҔ*

ཥᆪၗ਑! ૽ግϩᜪᏔ

)ෳ၂Ҕ*!

ިሽБӛ!ϩᜪᏔ!

ቹ  อਮዌߓ .1

ΰԲαΕ։ᣊᕴ 

։ᣊ(classification)[15][19]ਢਐຘመ։ᣊᕴലآवᣊܑऱᇷறࠉᖕࠡ᥆ࢤଖऱլݙࠐٵ
ᖂ฾։ᣊ๵ࠐऱಝᒭᇷறࠎ༽٣ࠃኙᇠᇷற։੔ᣊܑᑑ᧘ऱመ࿓Ζ։ᣊᕴᄎ٣ຘመګ

ঞΔ։ᣊᕴಝᒭݙฅ৵ঁױಾኙᄅऱԫ࿝آवᣊܑऱྒྷᇢᇷறၞ۩۞೯։ᣊࠀ৬مᇠ࿝

ᇷறऱᣊܑᑑ᧘Ζڇ։ᣊᕴऱᙇᖗՂΔءڇઔߒխݺଚ٥๻ૠԿጟլٵऱ։ᣊᑓী೚੡

։ᣊᕴऱு֨Δ։ܑਢ១ּߦ࣐ᑓী(naïve Bayes models)[15][20]Εk່२ᔣࡺᑓী(kNN 
models)[15][20]֗א෗ٽᑓী(hybrid models)ΔאՀ։ܑඖ૪հΖ 
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1Ε១ּߦ࣐ᑓী 

១ּߦ࣐ᑓীਢࡳּߦא෻ʻ˕˴̌˸̆ʺʳ ̇˻˸̂̅˸̀ʼ੡ഗ៕Δຘመٌངࠃছʻ̃̅˼̂̅ʳ ̃̅̂˵˴˵˼˿˼̇̌ʼΕࠃ

৵ᖲ෷ʻ̃̂̆̇˸̅˼̂̅ʳ ̃̅̂˵˴˵˼˿˼̇̌ʼऱֱࠐڤലآवᣊܑऱྒྷᇢᇷற։੔ࠩᣊܑᖲ෷່Օऱᣊ

ܑΖ១ּߦ࣐ᑓীᄎ٣௅ᖕಝᒭᇷறऱᑌࠐء৬ٺمᣊܑᖲ෷।Δኙ࣍հ৵ࢬ࿯ղऱྒྷ

ᇢᇷறঞᄎࠡࠉऱ᥆ࢤଖૠጩࠡូ᥆ٺ࣍ଡᣊܑऱᖲ෷ଖΔࠀല່ࠠڶ೏ᖲ෷ଖऱᣊܑ

ՀΖʳڕ੡ᇠྒྷᇢᇷறऱᣊܑᑑ᧘Ζᎅࣔ܂

೗๻ؾছڇژਬԫଡ௽ᐛଖ̋Δڇ׊ᑌၴ़ءխױ౨נ෼ऱᣊ᜔ܑڶ٥˾ଡ

Δޢଡᣊܑ݁ၴڼ࢖յ؞Ζˣʻ˖kCCC ,�…,, 21 ˄ʼΕˣʻ˖˅ʼΕΞΕˣʻ˖˾ʼ։ܑ੡ࠡࠃছᖲ෷Δঞ

ˣʻ̋ʼ।ڕقՀʻֆڤ ˄ʼΖʳ
k

i
iCxPxP

1
)()( ΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˄ʼʳ

යٙᖲ෷ʻ˶̂́˷˼̇˼̂́˴˿ʳ ̃̅̂˵˴˵˼˿˼̇̌ʼਢਐڇբवנ෼ਬԫ௽ᐛଖ̋ऱයٙՀΔਬଡᣊܑ˖˼࿇س

ऱᖲ෷ಖ੡ˣʻ˖˼̏̋ʼΔࠡૠጩֆڕڤՀʻֆڤ ˅ʼΖʳ

)(
)(

)|(
xP

xCP
xCP i

i ΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˅ʼʳ

ڤՀʻֆڕڤ੡ˣʻ˖˼̏̋ʼΔࠡֆقᣊܑ˖˼ऱᖲ෷Δ।࣍෼ழΔ᥆נ৵ᖲ෷ਢਐᅝᇠ௽ᐛଖ̋ࠃ

ˆʼΖʳ

)(
)|()(

)(
)(

)|(
xP

CxPCP
xP

xCP
xCP iii

i ΞΞΞΞΞΞΞΞΞʻֆڤ ˆʼʳ

೗ؾڕছਢԫิڼ࢖յઌයٙᗑمऱ௽ᐛଖ ழΔঞᅝ࿯ࡳਬଡᣊܑ˖),�…,,( 21 dxxx ˼ழΔ

ࠡයٙᖲ෷אױ।ڕقՀʻֆڤ ˇʼΖʳ
d

j
ij CxPxxP

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

൓ࠩאױଚݺΔڤ༛Ղ૪ऱᑓࠉ ˾ଡᣊܑխΔܶץ ˷ଡ௽ᐛଖऱ១ڤߦ࣐։ᣊᕴᑓীΔ

ࠡֆڕڤՀʻֆڤ ˈʼΖʳ

k

i

d

j
iji

d

j
iji

di

CxPCP

CxPCP
xxxCP

1 1

1
21

)|()(

)|()(
),�…,,|( ΞΞΞΞΞΞʻֆڤ ˈʼʳ

ᇷಛᏺ墿ଖʻ˜˚ʿʳڶ૞׌ऱֱऄ࠷௽ᐛଖᙇڇ ˜́˹̂̅̀˴̇˼́ʳ ˚˴˼́ʼΕᇷಛᏺ墿ֺʻ˚˴˼́ʳ ˥˴̇˼̂ʼΕ

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

ʻˠ˟ˣʼΕٌإऄʻˢ̅̇̂˺̂́˴˿˼̇̌ʳˠ˸˴̆̈̅˸ʼΕ˥˸˿˼˸˹Ξ࿛Δլٵऱ৫ၦֱऄڶլٵऱ։ᣊய࣠Δ

௽ܑਢኙ࣍೏৫։֭ऱ௽ᐛଖ᥆ࢤʻ˻˼˺˻˿̌ʳ˵̅˴́˶˻˼́˺ʳ˴̇̇̅˼˵̈̇˸̆ʼΖءڇኔ᧭խݺଚቫᇢאᇷ

ಛᏺ墿ଖࠐ೚੡௽ᐛଖᙇ࠷ऱֱऄΔݺࠐآڇଚᎁ੡װאױቫᇢլٵऱ௽ᐛଖᙇֱ࠷

ऄΔאᙇޓנ࠷ᔞᅝऱ௽ᐛଖࠐᏺၞߓอऱ։ᣊய࣠ΖאՀਢॾஒᏺ墿ଖऱ១૞տฯΖr

ᇷಛᏺ墿ଖ׌૞ਢሎشⰶଖʻ˘́̇̅̂̃̌ʼऱᄗࠐ࢚೚੡᥆ࢤᙇᖗऱေ۷ࠉᖕΔᇷಛᏺ墿ଖऱ

ૠጩֱڤਢലآ։ᣊհছࢬᛧ൓ऱᇷಛၦ྇װ։ᣊ৵ऱᇷಛၦΔאࠀᏺ墿ଖऱՕ՛ࠐ೚
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੡௽ᐛଖᙇ࠷ऱေ۷ࠉᖕˮ˄ˌ˰ˮ˅˃˰ΔࠡૠጩֆڕڤՀʻֆڤ ˉʼΖ˘̋ ਢ଺ࡨᑌءᇷறႃٽǴ

˛ʻ˘̋ʼਢ଺ࡨᣊܑऱⰶଖΔ˛ʻ˘̋̏˴ʼঞਢەᐞ௽ᐛଖ ˴৵ࠡլٵ᥆ࢤଖՀऱⰶଖ᜔ףΖʳ

)|()(),( aExHExHaExIG ΞΞΞΞΞΞΞΞΞΞΞΞΞʻֆڤ ˉʼʳ

ᑓীּ֗ߦ࣐១ڇΔڼڂ ˾່२ᔣࡺᑓীխऱ௽ᐛଖਢאലᄅፊᇷறႃၞٽ۩խ֮ឰဲ
๠෻৵࠷ࢬ൓ऱᣂ᝶ဲΔ։ܑૠጩࠡᇷಛᏺ墿ଖ৵נ࠷ছ ˷ଡᣂ᝶ဲࠐ೚੡ࠡ௽ᐛଖΖ

ۖኙ࣍ ˷ଖऱ๻ࡳՂݺଚਢຘመኙ࠷ᑌऱᄅፊᇷறႃޡॣ۩ၞٽኔ᧭ࡳެࠐΔݺଚٚრ

ᙇ࠷ ˆ ଡᑇၦֺࠐለࠡኙߓอய౨ऱ஁ฆΔ։ܑਢ ˅ˈΕˈ˃ ֗ ˄˃˃ ଡ௽ᐛଖᑇၦΔࠀൕ

խᙇנԫଡઌኙለړऱࠐ೚੡ ˷ଖऱ๻ࡳΔאᜤሽᄅፊᇷறႃհԣ੡ࠏΔኔ᧭ᑑऱ੡ᜤ

ဎሽ՗ैٝૻڶֆ׹Δᄅፊᇷறࠐᄭ੡؀᨜ˬ˴˻̂̂ʴ࡛ᐰैؑᄅፊᇷற஄Δᇷற࠷ᑌཚၴ

੡اഏ ڣˈˌ ˅ ഏاִ۟ ڣˉˌ ˇ ִΔᇷறࠐᄭ੡؀᨜ˬ˴˻̂̂ʴ࡛ᐰैؑᄅፊᇷற஄Δᇠᄅ

ፊᇷறႃᆖխ֮ឰဲ๠෻৵ڶ٥ ˅ˋˌ˃ ଡᣂ᝶ဲΔຘመՂ૪ֱڤऱॣޡኔ᧭࿨࣠᧩قΔ

ˈ˅ΔߢऱຍԿଡ௽ᐛଖᑇၦऱᖞ᧯ய౨ۖࡳଚٚრ๻ݺא ֗ ˈ˃ ਢ஁ฆլՕΔ˄˃˃ ঞઌ

ኙለ஁ԫࠄΔڼڂኙ࣍ᜤሽᄅፊᇷறႃհԣऱ ˷ ଖݺଚ๻ࡳ੡ ˈ˃ ଡ௽ᐛଖΙኙء࣍ኔ

᧭ࠡ塒؄ิᄅፊ࠷ᑌཚၴለ࿍ऱᄅፊᇷறႃٽऱ ˷ଖ๻ࡳঞ੡ ˅ˈ ଡ௽ᐛଖΖʳ

೗๻ຍࠀ෼ʻ˙˴˿̆˸ʼΔנآࢨ෼ʻ˧̅̈˸ʼנጟΔࠟڶ׽౨ଖױԫଡ௽ᐛଖऱޢ࣍ኔ᧭խኙءڇ

ຘመᛀאױଚݺ෼Δנܡਬԫ࿝ᄅፊխਢڇਬଡ௽ᐛଖ࣍Ζኙمਢයٙᗑڼ࢖௽ᐛଖࠄ

਷ڇᇠ࿝ᄅፊ֮ٙխऱᇠ௽ᐛଖזࢬ।ऱᣂ᝶ဲհဲ᙮ਢܡՕ࣍ ˃Δૉᇠᣂ᝶נ֟۟ڗ

෼ԫڻঞᇠ௽ᐛଖऱଖ੡נ෼Δܡঞڇᇠ࿝ᄅፊ֮ٙխᇠ௽ᐛଖऱଖঞီ੡נآ෼Ζڇ

ԿଡΔ։ܑਢᣊܑʵይʵΕᣊܑʵၓʵ֗ᣊܑʵ਍ؓʵΔຘመಝᒭᇷறڶխऱᣊܑᑇ٥ߒઔء

ࠀ੡ˣʻ˖ːʵይʵʼΕˣʻ˖ːʵၓʵʼ֗ˣʻ˖ːʵ਍ؓʵʼΙق෼ऱᖲ෷Δ।נଡᣊܑޢנૠጩאױଚݺ

෼נ੡ˣʻ̋˼ːق෼ऱᖲ෷Δ।נآ෼֗נբवᣊܑՀร˼ଡ௽ᐛଖʻ̋˼ʼڇנ։ܑૠጩאױ

̏˖ːʵይʵʼΕˣʻ̋˼ːנآ෼̏˖ːʵይʵʼΕˣʻ̋˼ːנ෼̏˖ːʵၓʵʼΕˣʻ̋˼ːנآ෼̏˖ːʵၓʵʼΕˣʻ̋˼ːנ෼̏˖ːʵ

਍ؓʵʼΕˣʻ̋˼ʳ ːנآ෼̏˖ːʵ਍ؓʵʼΖྥۖΔڇኔᎾՂױ౨ᄎ࿇ڇسբवᣊܑՀଡਬଡ௽ᐛ

ଖຟנآ෼ۖᖄીሿᖲ෷ऱ෼ွΔၞۖڇૠጩࠃ৵ᖲ෷ழʻֆڤ ˈʼᄎڂ੡ᇠᖲ෷ଖ੡ሿ

ۖᖄીྤᓵࠡ،ᖲ෷ଖڍՕຟᝫਢᄎࠌᖲ෷ઌଊऱ࿨࣠੡ሿऱ࿪ኙࡳܡ෼ Δွݺڼڂଚ

ආ࠷ലਬଡ௽ᐛଖऱױڶࢬ౨ଖऱנ෼ڻᑇຟףՂ
੝ቻॶᕴኧ

1
ऱֱࠐڤᝩ܍ሿᖲ෷ऱ

෼ွˮ˅˃˰Ζʳ

ኙ࣍ԫ࿝آवᣊܑ܀բव௽ᐛଖʻ̋˄ʿ̋˅ʿΞʿ̋˷ʼऱྒྷᇢᇷறழΔݺଚאױຘመֆڤ ˈ ૠጩࠐ

੡ˣʻ˖ːʵይʵ̏ʳق৵ᖲ෷Δ।ࠃଡᣊܑऱޢ ̋˄ʿ̋˅ʿΞʿ̋˷ʼΕˣʻ˖ːʵၓʵ̏ʳ ̋˄ʿ̋˅ʿΞʿ̋˷ʼ֗ˣʻ˖ːʵ਍ؓʵ̏ʳ

̋˄ʿ̋˅ʿΞʿ̋˷ʼΔࠀലᇠ࿝آवᣊܑऱ։ᣊ੡່ࠠڶՕᖲ෷ଖऱᣊܑΔۖڇኔᎾૠጩՂΔط

 ΖױܛለࠡՕ՛ֺࠀႛૠጩ։՗אױଚݺڼڂऱΔٵຟਢઌئ։࣍

2Εk່२ᔣࡺᑓী 

˾ ່२ᔣࡺᑓীࢬ௅ᖕऱഗ៕ਢ ˾ ່२ᔣࡺ։ᣊऄʻ˾ˡˡʿʳ ˾ˀˡ˸˴̅˸̆̇ʳ ˡ˸˼˺˻˵̂̅ʳ
˔˿˺̂̅˼̇˻̀ʼˮ˅˃˰Ζ່२ᔣࡺ։ᣊऄਢਐઌٵԫᣊऱढٙڼ࢖ᚨᇠᄎፋႃڇԫದΔࢬܛᘯऱ

ψढאᣊፋωΖૉٻאၦ़ၴխऱរࠐ।قΔঞኙٵ࣍ԫᣊܑढٙऱຍࠄរၴڼ࢖ऱ၏

ᠦᚨᇠᄎֺለ൷२Ζאࢬኙ࣍ԫଡآवᣊܑऱྒྷᇢᇷறΔݺଚ׽Ꮑ૞ڇಝᒭᇷறխנބ

वᣊܑऱྒྷᇢᇷறऱᣊܑآ࿝ڼࡳܒࠐ։ᣊऄࡺ२ᔣ່אױ࿝ᇷற່൷२ऱរΔ༉ڼࡉ

ᚨᇠ່ࠡࡉ൷२ऱរऱᣊܑਢઌٵऱΖྥۖΔڍڇᑇൣउՀૉ່شࠌڶ׽२ᔣࡳެࠐࡺ

ᣊܑױ౨ࠀլ৾ᅝΖڼڂΔൄߠऱ೚ऄਢ່࠷ޣ٣൷२ऱ ˾ଡᇷறរΔ٦௅ᖕኙᚨऱ ˾
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ଡᣊܑᇷಛދ۩ၞࠐปΔ່ࡳެࠐ৵ऱᣊܑΔຍጟֱऄጠ੡ ˾່२ᔣࡺ։ᣊऄΔՈ༉ਢ
א ˾ଡ່ᔾ२ऱᔣދࠐࡺปެࡳ۞աऱᣊ Δܑ۟ ऱړ່࣍ ˾ଖΔ٤ݙਢ࣍ެ࠷ᇷறۖࡳΖr

˾່२ᔣࡺᑓীਢ௅ᖕ ˾່२ᔣࡺ։ᣊऄڶࢬנބࠐऱಝᒭᇷறխࡉᇠ࿝ྒྷᇢᇷற၏ᠦ
່२ऱ ˾ଡᔣࡺΔֺࠀለຍ ˾ଡᔣࡺऱᣊܑᑑ᧘۶ृᣊܑ੡່ڍᑇ৵Δലڼאᣊܑ೚੡
ᇠ࿝ྒྷᇢᇷறऱᣊ Δܑڍאܛᑇެऱֱڤലᇠ࿝ྒྷᇢᇷறូᣊ੡ ˾ଡ່२ᔣࡺխࢬ᥆ऱ
ᣊܑխปᑇ່೏ऱᣊܑΖʳ ʳ

൓၏ᠦʻ˘̈˶˿˼˷˸˴́ʳߺᑛ༓شਢආڤ၏ᠦऱૠጩֱ࣍խኙߒઔء ˷˼̆̇˴́˶˸ʼˮ˅˃˰Δ೗๻ڇ ́ 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
ఢೄီڼലױଚݺଡᣂ᝶ဲΔঞ˷ڶᄅፊ֮ٙऱఢೄΔ೗๻٥࣍ԫଡᣂ᝶ဲኙᚨم৬א

੡ԫଡ˷ፂऱٻၦ़ၴΔޢԫ࿝ᄅፊ֮ٙז।ڼ˷ፂٻၦ़ၴխऱԫଡរΖڼڂΔኙ࣍ኙ

ԫ࿝ಝᒭᇷޢࡉૠጩװଚᄎݺբव௽ᐛଖʻ̋˄ʿ̋˅ʿΞʿ̋˷ʼऱྒྷᇢᇷறழΔ܀वᣊܑآԫ࿝࣍
றऱ၏ᠦΔຘመֆڤ ˊ ᑇऱڍխ່ࠡאࠀΔࡺଡፖᇠྒྷᇢᇷற່२ऱᔣ˾נބאױଚݺ
ᣊܑ೚੡ᇠྒྷᇢᇷறऱᣊܑΖ 

3Ε෗ٽᑓী 

ᑓীּ֗ߦ࣐១ٽԫጟ࿨נ༽ழٵࠀଚݺ k່२ᔣࡺᑓীऱ෗ٽᑓীΔຘመ๻ࡳ॰ាଖ
ӭ ऱֱࠌڤ൓෗ٽᑓীࠀܑܒאױ։੔ԫ࿝ᄅऱྒྷᇢᇷறࠩࠡࢬᔞٽऱ։ᣊᑓীխࠐ

ၞ۩։ᣊΖาᆏᎅࣔڕՀΖ 

ᅝԫ࿝ྒྷᇢᇷறא෗ٽᑓীࠡࡳެࠐᣊܑழΔݺଚᄎ٣։ܑૠጩᇠ࿝ྒྷᇢᇷறڇ១ߦ࣐

ּᑓীխᣊܑᖲ෷່೏֗ڻ೏ऱᖲ෷ଖΔ։ܑאCi֗Cjז।հΖ൷ထΔ෗ٽᑓীᄎװᛀ

਷ᇠᣊܑᖲ෷່೏֗ڻ೏ऱᣊܑࠟृᖲ෷ଖ஁၏ऱֺࠏՕ՛ pਢܡՕ࣍෗ٽᑓীխࢬ
ऱ॰ាଖӭΔࡳ٣๻ࠃ pऱૠጩֆڕڤՀ(ֆڤ 8)Ζ 

},...,,{,  
)(

)()(
21 kji

i

ji CCCCC
CP

CPCP
P Ǵ �…�…�…�…�…�…�…(ֆڤ 8) 

ڇ p՛࣍ӭऱൣउՀΔז।ڇ១ּߦ࣐ᑓীխ່ࠠڶ೏ᖲ෷ଖऱᣊܑ(Ci)ڻࡉ೏ᖲ෷ଖ
ऱᣊܑ(Cj)ኙᇠ࿝ྒྷᇢᇷறۖߢਢլઌՂՀऱΔՈ༉ਢᎅᇠྒྷᇢᇷறऱᣊܑլਢৰࣔ᧩
ڇΔڼڂCjᣊܑऱᖲ෷Ոլ՛Ζ࣍੡ᇠ࿝ྒྷᇢᇷறូ᥆ڂᚨᇠ๯։ᣊ੡CiΔچ p՛࣍ӭ
ऱൣउՀΔ෗ٽᑓীᄎᙇᖗאk່२ᔣࡺऱᑓࠐڤലᇠ࿝ྒྷᇢᇷறၞ۩։ᣊΙۖڇ pՕ
ֆߠലᇠ࿝ྒྷᇢᇷறၞ۩։ᣊΔࠐڤऱᑓּߦ࣐១אᑓী༉ᄎᙇᖗٽӭऱൣउՀΔ෗࣍

ڤ 9Ζ 

ന߈ᎃۚኳࠠǴ߾፾Ҕ!ऩ

Ǵ߾፾ҔᙁܰنМኳࠠ!ऩ
షӝኳࠠ

kP
P

   
   

�…�…�…�…�…(ֆڤ 9) 

ຘመຍጟᖲ Δࠫݺଚאױᝩڇ܍១ּߦ࣐ᑓীխ׽౨ലᄅፊऱᣊܑᑑ᧘։੔࿯່ࠠڶ೏

ᖲ෷ऱᣊܑΔࠌܛਢ່ڇ೏ፖڻ೏ᣊܑऱᖲ෷ଖ஁၏პࠡ׏პழΔൣڼउՀࢬឆܶऱრ

ᆠਢᇠᄅፊࠀॺאױ๯ࣔ᧩ូᣊ່ڶࠠ࣍೏ᖲ෷ऱᣊ Δܑۖ ᑓী༉ٽऱ෗נ༽ࢬߒઔء
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 ᖕΖࠉԫଡড়ᨠऱֺለ׼ࠎ༽ጟൣउՀڼڇאױ

؄Εኔ᧭֗։࣫ 

 ኔ᧭ऱ࿨࣠ፖ։࣫Ζ֗אᄭΕኔ᧭๻ૠΕေ۷ֱऄΔࠐऱኔ᧭ᇷறߒઔءᆏਢտฯີء

ΰԫαΕᇷறࠐᄭ֗ኔ᧭๻ૠ 

ᖄ᧯ᣊתଚಾኙሽ՗ᣊैխऱݺΔ׹ऱኔ᧭ᑑऱ੡؀᨜ᢞࠦؑ໱ऱैปՂؑ឵ֆߒઔء

ै֗࿇٠Բᄕ᧯ᣊैխᙇ؄נ୮ֆء۩ၞࠐ׹ઔߒઌᣂኔ᧭Δگࠀႃፖᇠֆ׹ઌᣂऱತ

ᆖᄅፊற֗ᇠଡैگᒌैᏝᇷறΔ᜔࠷٥൓؄ิᄅፊᇷறႃٽ(ᜤሽᄅፊᇷறႃΕ٠ᣪ
ᄅፊᇷறႃΕདྷሽᄅፊᇷறႃΕم֗א㠨ᄅፊᇷறႃ)Δ᜔ૠ 747 ࿝ತᆖᄅፊᇷறΖᄅ
ፊᇷறࠐᄭ੡؀᨜ Yahoo!࡛ᐰैؑᄅፊᇷற஄[1]Δᇷற࠷ᑌཚၴ੡اഏ ڣ95 ا9ִ۟
ഏ 96 ڣ 4 ִΙଡैگᒌैᏝᇷறࠐᄭঞ੡؀᨜ᢞٌࠦࢬ࣐ऱଡैֲگᒌᏝᇷற஄
[4][10]Ζ 

ऱᇷறᑌٵᑌᑑऱլ࠷ऱैปءᄅፊᑌ܀ᑌཚၴ࠷ऱٵऱኔ᧭ᑑऱঞਢಾኙઌߒઔء

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

 Ր᧭ᢞ։࣫ऄ(3-foldٌڤމԿشଚආݺኔ᧭խΔڇอய౨஁ฆ࿓৫ΖߓปᑑऱՀऱैٵ
cross-validation)[20]ࠐ೚ኔ᧭ΔՈ༉ਢലگࢬႃऱᇷறᑌګ֊݁ؓءԿ࿛։ΔࠡխԿ։
հԲऱᇷறᑌء೚੡ಝᒭᇷறΔԿ։հԫऱᇷறᑌ܂ء੡ྒྷᇢᇷறΔࠀ։ܑૠጩנᇠྒྷ

ᇢᇷறऱ壄ᒔ෷֗ڃ״෷Ιհ৵ലಝᒭΕྒྷᇢᇷறᔚੌኙངΔޡڼᨏ٥ച۩ Δऴࠩڻ3
ᨃޢԫ࿝ᇷறຟᅝመԫྒྷڻᇢᇷறΔױڼڕ൓ࠩᖞ᧯ೣ஁ଖለ՛׊ড়ᨠऱᑇᖕΖ 

ΰԲαΕေ۷ֱऄ 

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

TPΚ֮ٙኔᎾ੡ᇠᣊܑΔۖߓอՈإᒔچല֮ٙ։ᣊ੡ᇠᣊܑհଡᑇ 
FPΚ֮ٙኔᎾॺ᥆ᇠᣊܑΔߓ܀อല֮ٙ։ᣊ੡ᇠᣊܑհଡᑇΖ 
TNΚ֮ٙኔᎾॺ᥆ᇠᣊܑΔߓอՈإᒔچല֮ٙ։ᣊګॺᇠᣊܑհଡᑇΖ 
FNΚ֮ٙኔᎾ੡ᇠᣊܑΔߓ܀อല֮ٙ։ᣊګॺ᥆ᇠᣊܑհଡᑇΖ 

壄ᒔ෷ਢૠጩ։ᣊߓอቃྒྷࠡ੡ਬԫᣊܑழΔߓ׊อإᒔቃྒྷऱۍ։ֺΔࠡֆڕڤՀΖ 

FPTP
TPPrecision
Ѐ

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

 ՀΖڕڤ։ֺΔࠡֆۍᒔ։ᣊऱإอᇖ஦ࠩߓ෷ਢૠጩ։ᣊڃ״

FNTP
TPRecall
Ѐ

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

F-measure ਢࠉᖕ壄ᒔ෷ڃ״ࡉ෷ࠟଡਐᑑאףጵګۖٽऱေ۷ਐᑑΔࠡૠጩֆߠڤֆ
ڤ 12Δࠡխ ଖਢࠐش๻ڇࡳ F-measureխ壄ᒔ෷Εڃ״෷ૹ૞࿓৫೏܅ऱᓳᖞ೶ᑇΔ
ଚലݺխΔߒઔءڇ F-measureऱ ଖ๻੡ 1ΔՈ༉ਢല壄ᒔ෷֗ڃ״෷ኙ࣍ F-measure
ᐙ᥼Ժऱૹ૞࿓৫ီ੡ਢ݁࿛ऱΖ 
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0Δ
RecallPrecision

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

ଖᠦཋ֏೴ࢤ᥆ٺ೚੡ࠐᣊܑؓ݁ω֗ψᣊܑ"ይ"Ε"ၓ"ؓ݁ωڶࢬψאࠀଚݺΔ؆ڼ
ၴՀऱᖞ᧯ؓ݁ய౨ေ۷ਐᑑΔ֗אψᣊܑᑑᄷ஁ωࠐ೚੡ֺለᣊܑၴڼ࢖஁ฆ࿓৫ऱ

ေ۷ਐᑑ[5]Ζ 

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

࿜ழऱ೶ەᏝଖՈ။೏Δࠡֆڤ։ܑڕֆڤ 13Εֆڤ 14Εֆڤ  Ζقࢬ15

}"","","{"Δ
3

Precision
3

1 ຳ࡭ѳᅍᜪձ܌Ԗᜪձѳ֡
ᜪձ

ᆒዴ౗ ii
i

�…�…�…�…(ϦԄ 13) 

}"","","{"Δ
3

Recall
3

1 ຳ࡭ѳᅍᜪձ܌Ԗᜪձѳ֡
ᜪձ

єӣ౗ ii
i

�…�…�…�…�…(ϦԄ 14) 

}"","","{"Δ
3

measure-F
3

1
measure-F ຳ࡭ѳᅍᜪձ܌Ԗᜪձѳ֡

ᜪձ

ii
i

�…�…(ϦԄ 15) 

ψᣊܑ"ይ"Ε"ၓ"ؓ݁ωঞਢਐᣊܑ"ይ"֗ᣊܑ"ၓ"ຍࠟଡᣊܑऱؓ݁壄ᒔ෷Εؓ݁״
෷֗ؓ݁ڃ F-measureଖΔڼေ۷ਐᑑࠐشאױᘝၦߓอኙ࣍టإᄎᐙ᥼ދᇷᛧܓፖܡ
ऱᣊܑ"ይ"֗ᣊܑ"ၓ"ຍࠟଡᣊܑऱؓ݁ቃྒྷய౨Δਐᑑଖ။೏ז।ߓอኙ࣍ᣊܑ"ይ"
֗ᣊܑ"ၓ"ຍࠟଡᣊܑऱؓ݁ቃྒྷய౨Ո။ࠋΔೈԱދࠎ༽ױᇷԳၞڇ۩၇ၞࢨᔄנழ
ऱދᇷެ࿜᎖ܗ؆Δޓਢᐙ᥼ދᇷԳᛧܓፖܡऱᣂ᝶ਐᑑΔࠡֆڤ։ܑ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) 

ψᣊܑᑑᄷ஁ωਢࠐشᘝၦٺᣊܑၴڼ࢖ऱ஁ฆ࿓৫Օ՛ऱਐᑑΔᣊܑᑑᄷ஁။՛।ق

ᇠߓอኙٺ࣍ᣊܑऱቃྒྷய౨။ԫી֗᡹ࡳΔ။౨༼ދࠎᇷԳၞ۩ދᇷެ࿜ழऱڶய೶

ᣊܑऱቃྒྷய౨ᆵ஁ለՕΔለ୲ٺ࣍อኙߓ।ᇠזᖕΖ֘հΔૉᣊܑᑑᄷ஁။Օঞࠉە

ऱൣउ࿇܅౨ॺൄױԫଡऱቃྒྷய౨থ׼ኙ܀ਬԫଡᣊܑऱቃྒྷய౨ৰ೏Δ࣍ኙس࿇࣐

ࠉەய೶ڶᇷެ࿜ழऱދ۩ᇷԳၞދࠎ༽լ౨ࠀอऱቃྒྷ࿨࣠ߓउᄎᖄીᇠൣڼΔس

ᖕΖኙ࣍։ᣊᕴऱᖞ᧯ቃྒྷய౨ۖߢΔݺଚᄎݦඨࠡψᣊܑᑑᄷ஁ω။՛။ړΔז।ᇠ
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։ᣊᕴኙٺ࣍ᣊܑऱቃྒྷய౨ለ੡᡹ױ֗ࡳᔾΖᣊܑᑑᄷ஁ऱૠጩֆڤ։ܑڕֆڤ

19Εֆڤ 20Εֆڤ  Ζقࢬ21

}"","","{"  
3

)PrecisionPrecision(
3

1=i
i

Precision ຳ࡭ѳᅍǴᜪձ

.

ᜪձ኱ྗৡ
Ԗᜪձѳ֡ᜪձ܌

i

�…�…(ϦԄ 19) 

}"","","{"  
3

)RecallRecall(
3

1=i
i

Recall ຳ࡭ѳᅍǴᜪձ

.

ᜪձ኱ྗৡ
Ԗᜪձѳ֡ᜪձ܌

i   

�…�…(ϦԄ 20) 

}"","","{"  
3

)measure-Fmeasure-F(
3

1=i
i

measure-F ຳ࡭ѳᅍǴᜪձ

.

ᜪձ኱ྗৡ
Ԗᜪձѳ֡ᜪձ܌

i

�…�…(ϦԄ 21) 

ΰԿαΕᑓᚵ NewsCATSߓอ 

ᒌैᏝይၓ᝟Ⴈቃگઌᣂଡैऱᅝֲ۩ၞࠐऱૹ֨ਢຘመ։࿨ዌ֏ऱᄅፊᇷಛߒઔء

ྒྷऱઔߒΖྥۖΔݺڇଚؾছ੡ַࢬ౨ࠩބऱैᏝቃྒྷઌᣂઔߒխΔየٵߩᑌਢຘመ։

࣫ᄅፊᇷಛࠀಾኙઌᣂଡैၞ۩ैᏝይၓ᝟ႨቃྒྷऱઔृࠫૻߒխΔႛא Mittermayer
ऱઔءࡉߒઔ່ߒ੡൷२Ζءڇڼڂઔߒխऱኔ᧭ֺለᑑऱ੡ Mittermayer ऱנ༽ࢬ
NewsCATSߓอΖឈྥ NewsCATSऱᖞ᧯ቃྒྷய࣠ᚌฆΔ׊ኙ࣍ᣊܑ"਍ؓ"ऱؓ݁ቃྒྷ
壄ᒔ෷೏ሒ 98%Δ܀ኙ࣍ᣊܑ"ይ"Ε"ၓ"ऱؓ݁ቃྒྷ壄ᒔ෷থ։ܑڶ׽ 5%֗ 6%Δቃྒྷ
ய࣠ለᣊܑ"਍ؓ"஁၏ॺൄ᧩ထΖຍଡ෼ွ᧩ق NewsCATSऱߓอૻࠫਢႛ౨༼ދࠎᇷ
Գኙ࣍ᣊܑ"਍ؓ"ऱቃྒྷࠐ೚੡ࠡދᇷެ࿜ऱ೶ࠉەᖕΔኙދ࣍ᇷԳޓ੡ૹီ׊ᐙ᥼ࠡ
ᛧܓፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"ຍࠟଡᣊܑՂऱቃྒྷய࣠ΔNewsCATSߓอথլ౨༼ࠎ
 ᖕΖࠉەᔾऱቃྒྷ೶ױய֗ڶᇷԳދ

ഗ࣍ Mittermayer ऱઔءࡉߒઔߒսڶ๺ڍլٵհ๠ΔڕΚᄅፊᇷಛऱ፿ߢլٵΕᢞࠦ
ؑ໱լٵΕᄅፊ࠷ᑌཚၴլٵ�…࿛壆ڍ஁ฆរΖ࣍ૻ࠹׊ᣄ࠷א൓ Mittermayer ᅝழऱ
ᑌءᇷற֗ࠡ։ᣊᕴऱૹ৬ழऱઌᣂ๻ࡳΔڼڂΔݺଚආ࠷ᑓᚵ NewsCATS ऱֱࠐڤ
೚੡ኔ᧭ऱֺለഗ៕Ζڇհ৵ၞ۩ઌᣂऱኔ᧭խΔءઔߒᄎאᑓᚵऱ NewCATSߓอࠐ
ཙኔᎾऱז NewsCATSߓอΔݺࡉࠀଚנ༽ࢬऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗א෗
ᑓᚵऱאଚᄎݺՀאอቃྒྷய౨ऱֺለΖߓڼ࢖۩ၞࠐᑓীٽ NewsCATS ཙזאอߓ
ኔᎾऱ NewsCATSߓอࠐ೚੡ኔ᧭ֺለऱᑑऱΖ 

ΰ؄αΕኔ᧭࿨࣠֗։࣫ 

ڼ࢖อߓٵᄅፊᑑऱैปՀऱլٵլ࣍ᑌཚၴՀΔኙ࠷ઌ२ऱڇ൶ಘ࣍ڇኔ᧭ऱૹ֨ء

ၴऱᖞ᧯ய౨஁ฆ࿓৫੡۶Δၞࠀԫޡ൶ಘءઔڇߒլٵऱᇷறႃٽՀਢܡսࠠڶ༼֒

؄ଡΔ։ܑਢᜤሽᄅፊᇷறႃΕڶᇷறႃ٥ءኔ᧭ऱᑌءΖࢤشอᖞ᧯ቃྒྷய౨ऱᔞߓ

٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃΕم֗א㠨ᄅፊᇷறႃΖ 

। 1խ։ܑ੡ᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖم㠨ᄅፊᇷறႃڇ
৬ᆜ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓীፖ෗ٽᑓীழऱ່ᔞ೶ᑇ๻ࡳଖΖ 
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। 1. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃऱ່ᔞ೶ᑇ๻ࡳଖ 

ᄅፊᑌءᇷறႃٽ ່२ᔣࡺᑇ ॰ាଖ๻ࡳ ᇷற࠷ᑌཚၴ ᇷற࿝ᑇ 

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ᄅፊᇷறႃຍ؄ิمଚಾኙᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖݺ

อய౨ऱֺߓၴڼ࢖۩ၞٽᇷறႃءᄅፊᑑऱैปऱᄅፊᑌٵಾኙլ׊ᑌཚၴઌ२࠷

ለፖ։࣫൶ಘΖڇຍ؄ิᄅፊᑌءᇷறႃٽխΔݺଚאψڶࢬᣊܑؓ݁ωΕψᣊܑ"ይ"Ε
"ၓ"ؓ݁ω֗ ψᣊܑᑑᄷ஁ωࠐေ۷ءڇઔנ༽ࢬߒऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓীΕ
෗ٽᑓীፖᑓᚵ NewCATS อᖞ᧯ऱߓנق᧩אױᣊܑؓ݁ωڶࢬอऱᖞ᧯ய౨Ιψߓ
ؓ݁ቃྒྷய౨Δψᣊܑ"ይ"Ε"ၓ"ؓ݁ωঞق᧩אױᐙ᥼ދᇷԳᛧܓፖܡऱᣊܑ"ይ"֗ᣊ
ܑ"ၓ"ऱؓ݁ቃྒྷய౨Δۖψᣊܑᑑᄷ஁ωঞߓق᧩אױอփऱᣊܑၴڼ࢖ቃྒྷய౨ऱ
஁ฆ࿓৫Ζ 

।ڇ 2Ε। 3֗। 4խΔ։ܑ᧩قᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃ
ፖم㠨ᄅፊᇷறႃڇ១ּߦ࣐ᑓীՀऱߓอቃྒྷ壄ᒔ෷Εڃ״෷֗ F-measureଖΔࠡխ
ऱᑓᚵ NewsCATS ᑓᚵऱࢬอՀߓࠡڇᇷறႃՀءଡᄅፊᑌޢऱᑇଖਢലۯอ᥏ߓ
NewsCATS ᑓᚵऱؓ݁ࢬՀٽᇷறႃءຍ؄ิᄅፊᑌڇΔՈ༉ਢ᜔݁ؓףอ։ܑߓ
NewsCATSߓอய౨Ζ 

ኔ᧭࿨࣠᧩قΔᅝאψڶࢬᣊܑؓ݁ωࠐ೚੡ߓอᖞ᧯ေ۷ਐᑑழΔೈԱདྷሽሽᄅፊᇷ

றႃڇ壄ᒔ෷֗ F-measureለᑓᚵ NewsCATSߓอ։ܑ܅ 2.66%֗ 0.61%؆Δࠡ塒ऱᄅ
ፊᑌءᇷறႃٽऱߓอᖞ᧯ؓ݁ቃྒྷய౨ຟਢֺᑓᚵ NewsCATSߓอ೏Ζ 

ۖኙ࣍ᐙ᥼ދᇷԳᛧܓፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"ऱေ۷ਐᑑψᣊܑ"ይ"Ε"ၓ"ؓ݁ωΔ
ᜤሽᄅፊᇷறႃΕ٠ᣪᄅፊᇷறႃΕདྷሽᄅፊᇷறႃፖم㠨ᄅፊᇷறႃຍ؄ิᄅፊᑌء

ᇷறႃٽऱߓอቃྒྷய౨ຟਢֺᑓᚵ NewsCATS อ೏ΙࠡխΔ壄ᒔ෷ֺᑓᚵߓ
NewsCATS อ೏ߓ 9.71%ࠩ 33.00%հၴΔڃ״෷ֺᑓᚵ NewsCATS อ೏ߓ 7.28%ࠩ
32.61%հၴΔF-measureଖֺᑓᚵ NewsCATSߓอ೏ 17.45%ࠩ 27.36%հၴΖ 

ᅝאψᣊܑᑑᄷ஁ωࠐေ۷ڇຍ؄ิᄅፊᑌءᇷறႃٽՀऱ១ּߦ࣐ᑓীխऱᣊܑၴ࢖

ᑓᚵق᧩ቃྒྷய౨஁ฆ࿓৫ழΔኔ᧭ᑇᖕڼ NewsCATS ऱᣊܑၴऱቃྒྷய౨஁ฆ࿓৫
່ՕΔ᧩قᇠߓอऱቃྒྷࠀլ౨ڶயދᇷԳၞ۩ދᇷެ࿜ழऱ೶ࠉەᖕΖ 

। 2. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ១ּߦ࣐ᑓী壄ᒔ෷ֺለ 

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
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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ᒔ෷Εڃ״෷֗ F-measureଖΖ 

ኔ᧭࿨࣠᧩قΔᅝאψڶࢬᣊܑؓ݁ωࠐ೚੡ߓอᖞ᧯ေ۷ਐᑑழΔຍ؄ิᄅፊᑌءᇷ

றႃٽऱߓอቃྒྷய౨ຟਢֺᑓᚵ NewsCATSߓอ೏ΙࠡխΔ壄ᒔ෷ֺᑓᚵ NewsCATS
อ೏ߓ 2.62%ࠩ 10.81%հၴΔڃ״෷ֺᑓᚵ NewsCATSߓอ೏ 1.04%ࠩ 11.56%հၴΔ
F-measureଖঞֺᑓᚵ NewsCATSߓอ೏ 2.12%ࠩ 11.50%հၴΖۖኙ࣍ᐙ᥼ދᇷԳᛧܓ
ፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"ऱေ۷ਐᑑψᣊܑ"ይ"Ε"ၓ"ؓ݁ωΔೈԱم㠨ᄅፊᇷறႃڇ
෷Ղለᑓᚵڃ״ NewsCATS ܅อߓ 2.24%؆Δࠡ塒ຟਢለᑓᚵ NewsCATS อऱቃྒྷߓ
ய౨೏Ζᅝאψᣊܑᑑᄷ஁ωࠐေ۷ڇຍ؄ิᄅፊᑌءᇷறႃٽՀऱ k່२ᔣࡺᑓীխ
ऱᣊܑၴڼ࢖ቃྒྷய౨஁ฆ࿓৫ழΔኔ᧭ᑇᖕՈ᧩قᑓᚵ NewsCATS ऱᣊܑၴऱቃྒྷ
ய౨஁ฆ࿓৫່ՕΔ᧩قᇠߓอऱቃྒྷࠀլ౨ڶயދᇷԳၞ۩ދᇷެ࿜ழऱ೶ࠉەᖕΖ 

। 5. ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ k່२ᔣࡺᑓী壄ᒔ෷ֺለ 

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ᄅፊᇷறႃڇ෗ٽᑓীՀऱߓอቃྒྷ壄ᒔ෷Εڃ״෷֗ F-measureଖΖ 

। 8 . ઌ२࠷ᑌཚၴլٵᑌءᇷறႃՀհ෗ٽᑓী壄ᒔ෷ֺለ 

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࠷ᑌཚၴլٵᑌءᇷறႃՀհ෗ٽᑓীڃ״෷ֺ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࠷ᑌཚၴլٵᑌءᇷறႃՀհ෗ٽᑓী 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࠷ᑌᑑऱ੡լैٵปၞ۩ၴڼ࢖ᖞ᧯ய౨஁ฆ࿓৫ऱ

ֺለΔࡉࠀᑓᚵ NewsCATSߓอၞ۩ֺለΔ៶אᛀ᧭ڇኔ᧭ Aխኙء࣍ઔנ༽ࢬߒऱ
១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗෗ٽᑓীਢٵܡᑌᔞࠡ࣍ش،ऱᑌءᇷறႃٽΔٵ׊
ᑌ౨ࠠޏڶ࿳ᑓᚵ NewsCATS ऱᄅፊऱᇷறٵΔլق᧩᧭ኔءอऱᖞ᧯ቃྒྷய౨Ζߓ
ႃٽឈྥڼ࢖ऱቃྒྷய౨ࠀլᄎ٤ݙઌٵΔլመຘመ່ᔞ೶ᑇऱ๻ءڇࠡࠌאױࡳઔߒ

ለڶᑓীխࠠٽᑓী֗෗ࡺᑓীΕk່२ᔣּߦ࣐ऱ១נ༽ࢬ NewsCATSߓอ੡ࠋऱߓ
อቃྒྷய౨Ζ 

նΕ࿨ᓵ 

ैᏝऱይၓ᧢֏ਢ࣍طᢞࠦؑ໱խฒڍլދٵᇷԳ֗ࠡދᇷެ࿜৵ࢬขسऱ࿨࣠Ζྥ

ۖΔᐙ᥼ैᏝ᧢೯ऱైڂฒ׊ڍᓤᠧΔᄅፊՈ᥆ࠡ࣍խԫጟΔᄅፊٙࠃլ܀ਢދᇷԳش

ࠡޓ᧢ࢨࡳᇷԳެދழՈਢᐙ᥼ٵ૞໾տΔ׌ऱઌᣂᛜሎᇷಛऱ׹൓वᇠैปՂؑֆࠐ

ैปދᇷ࿜ฃऱ׌૞ైڂհԫΖءઔאנ༽ߒᄅፊ֮ٙ೚੡ैᏝይၓቃྒྷߓอऱഗ៕ਮ

ዌΔຘመ֮ڗ൶೮ݾ๬֗։ᣊݾ๬ࠐ৬ᆜנ౨ቃྒྷᅝֲଡैگᒌैᏝይၓ᝟ႨհߓอΖ

ຘመࠀᑓীຍԿጟ։ᣊᑓীΔٽ෗֗אᑓীࡺᑓীΕk່२ᔣּߦ࣐Ա១נ༽٥ߒઔء
ኔ᧭ࠐᛀ᧭ߓอऱቃྒྷய౨Ζ 
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ኔ᧭࿨࣠᧩ءقઔנ༽ࢬߒऱ១ּߦ࣐ᑓীΕk່२ᔣࡺᑓী֗א෗ٽᑓীຍԿጟ։ᣊ
ᑓীኙߓ࣍อऱᖞ᧯ؓ݁ቃྒྷய౨֗ኙ࣍ᐙ᥼ދᇷԳᛧܓፖܡऱᣊܑ"ይ"֗ᣊܑ"ၓ"
ऱؓ݁ቃྒྷய౨ຟਢֺઌᣂઔߒऱߓอቃྒྷய౨੡ࠋΔ᧩ءقઔנ༽ࢬߒऱ։ᣊᑓীױ

 ᔾऱቃྒྷ঴ᔆΖױ֗ࡳᇷԳ᡹༽ࠎ༽א
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Maximum Entropy
KSE-ME Web
ECI-SVM

 

 

 

(Amazon) [1]

 

 

[3,6,9,10,13,14,16,17]

[3,10,14,16,17]
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[8,11]
McCallum

(shrinkage)
[11]

shrinkage
[11]  

[6,7,9,13] Doan
[7] Rajan maximum 

likelihood [13]
Chen

Ho thesaurus
Support Vector Machines ECI-SVM

[6,9]  

[15]
WordNet

ECI-SVM [15]
Keyword 

Semantic Expansion  

Maximum Entropy Model ME

ME [4,5,12]

ME
ECI-SVM ECI ME

ECI-ME ECI-ME Keyword Semantic Expansion
KSE-ME Web

ECI-ME ECI-SVM InfoMap [2]
KSE-ME  

ECI
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1  

S1,�…, Sm D1,�…,Dn

 

 

 

2001 Agrawal Srikant Enhanced Naive Bayes (ENB) [3]
NB

(Naive Bayes classifier) NB
NB

47.4% Agrawal Srikant ENB
61.7%

 

Sarawagi 2003 (Cross-training, CT) [14] 
SVM Expectation Maximization (EM) 

CT

CT EM SVM 

 

[10,17] 2004 Lee Zhang SVM cluster 
shrinkage co-bootstrapping

 

Wu 2005
 [16] ENB
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2  

S1 S2

D1 D2  

2005 Rajan
[13] Rajan maximum likelihood

maximum likelihood

 

2006 Chen [6] Ho [9]
(thesaurus)

ECI SVM 
one-against-rest SVM

Ho Yahoo Google

[9] ECI
 

 

2006 Tseng [15]
WordNet

Tseng Correlation Coefficient (CC)
WordNet

apple banana orange WordNet
fruit
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Tseng [15]
 

 

 

 S D S  n
S1,S2,...,Sn m  S11,S12,...,S1m

m D  p
D1,D2,...,Dp q  

D11,D12,...,D1q  

S
D Google autos

Yahoo! automotive

one-against-rest

 

 

Maximum Entropy (ME)  [5] ME
ME 

[12] ME
 

1 Entropy 

Maximum Entropy Entropy
alphabet X P(x) = {p(x1), p(x2), �…, 

p(xn)}, xi X p Entropy  )( pH

3.1)(log)(  )(
Xx

ii
i

xpxppH  

p(y|x) Conditional Entropy  
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3.2)|(log)|()(~  )(
Xx

xypxypxppH  

 )(~ xp empirical probability  

2 Maximum Entropy  

feature function f(x,y)
(3.3) x

y f(x,y)=1 x y  

(3.3),
yx,1 

0 
yxf  

f (x,y)
),(~ yxp feature expectation (3.4)
(3.5) )(~ xp

}{ fE p }{~ fE p

1 (3.6)  

3.4),(),(~  }{
, yx

p yxfyxpfE  

3.5),()|()(~  }{
,

~
yx

p yxfxypxpfE  

3.61|
y

xyp  

3  

Maximum Entropy C

Entropy (3.7) p p Maximum Entropy  

3.7)(maxarg  
Cp

pHp  

Maximum Entropyp p (3.7)  Entropy
 Lagrange Multipliers [5] (3.8)

Maximum Entropy p(y|x) y
x fi (x,y) i z(x) (3.9)  

3.8,exp1|
1

k

i
ii yxf

xz
xyp  

3.9,exp
1

k

i
ii

y

yxfxz  

Entropy
 Improved Iterative scaling IIS

368



[4]
IIS i  0

 0 IIS i 
0  0 i i+ i

i  

 
Improved Iterative scaling  

(3.9) (3.8) (3.6
1 Maximum Entropy

1  

 

1  

hypernyms

ME  

2  

Web
Web HTML script stop word

Porter stemming  

3  

TF-IDF TF TF/sum(TF)
TF-IDF

 (3.10) TF/sum(TF)  

3.10
 ,

 ,

0

n

i
i

i
i

dwTF

dwTF
f  

wi i d TF(wi,d) wi d
n  
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4  

 

Correlation Coefficient
 [15] Correlation Coefficient

(3.11)
 (3.11) TP C

T FP C T FN
C T TN C
T

Co(T,C) C T C Correlation Coefficient
Correlation Coefficient  

3.11
TN)FP)(FNTN)(TPFN)(FP(TP

FP)FNTN(TP  C)Co(T,  

5  

 (3.11) 
5

370



InfoMap
5 output, signal, circuit, input, frequency InfoMap

signal, signaling, sign, communication, abstraction, relation 6
 (3.12) i HWi d

Hd  

3.12

0

n

i
i

i
i

HF

HF
HW  

HFi 5 n i  

6  

Google  
�“recreation/autos/�” thesaurus

 [6,9]
 

d Ld

Hd Fd  (3.13)
FEd

 [6,9] 
1/21 1/22

 

3.13)(1)(1   
0

dddn

i i

i
d FHL

L
L

FE  

 
Hierarchical Label Weight 

Document Level L0 1/20 
One Level Upper L1 1/21 
Two Level Upper L2 1/22 

  
  
  

nLevel Upper Ln 1/2n 

7  

Maximum Entropy
feature, weight

line = target feature  value ... feature
value target 1 1 feature
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value  

 

Google
Yahoo! InfoMap

ECI  [9] SVM (ECI-SVM) ME (ECI-ME) 
ECI-ME  (KSE-ME)  

 

1  

Google Yahoo! 5
5

5 Autos Movies
Outdoors Photo Software  

Yahoo!  
Category Matched URL 
Autos http://dir.yahoo.com/recreation/automotive/ 
Movies http://dir.yahoo.com/entertainment/movies and film/ 
Outdoors http://dir.yahoo.com/recreation/outdoors/ 
Photos http://dir.yahoo.com/arts/visual arts/photography/ 
Software http://dir.yahoo.com/computers and internet/software/ 

Google  
Category Matched URL 
Autos http://dir.google.com/top/recreation/autos/ 
Movies http://dir.google.com/top/arts/movies/ 
Outdoors http://dir.google.com/top/recreation/outdoors/ 
Photos http://dir.google.com/top/arts/photography/ 
Software http://dir.google.com/top/computers/software/ 

Google
Google Yahoo! G-Y

Google Yahoo! G Test  

 
Yahoo! Google  

Y-G Y Class Y Test G-Y G Class G Test 
Autos 1681 24 436 1096 12 426 

Movies 7255 27 1344 5188 26 1422 
Outdoors 1579 19 210 2396 16 208 

Photo 1304 23 218 615 9 235 
Software 1876 15 710 5829 27 641 

Total 13965 108 2918 15124 90 2932 

372



2  

 (P precision)  (R recall)
F1 2PR/(P+R)

Precision /
Recall / Recall

 

micro-average
macro-average Micro-average

Macro-average
 

3  

InfoMap [2] 
WordNet InfoMap

WordNet  [15] WordNet

 

4  

SVMlight ECI-SVM linear kernel 
5.00 ME Edinburgh ME

ME 20041229  

 

s 0.00 1.00 d 0.00 0.01 0.05
Recall

[6,9]
=0.1 (KSE-ME)

s Macro-Recall Micro-Recall  

Google Yahoo!
Macro-Precision Micro-Precision

s

False-positive Precision
s False-positive Precision

KSE-ME Precision  

KSE-ME Recall ECI-ME
ECI-SVM Precision ECI-ME KSE-ME Recall

s=0.05
KSE-ME  
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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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KSE-ME Precision Recall ECI-SVM
ECI-ME F1 KSE-ME

 

Recall
False-Positive Precision
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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 
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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 

(2.1)                                                                    )|(             

)|())(,(),(

1

1

dxcxf

dxcxfxdcLdR

i

m

i
i

i
iii

c
i

m

c

!

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 

][ns N

)1.3(                                          0       ,][][
0

/2 NkenskX
n

Nnkj
1N

 

) ..., ,1 MmM  filters (We define a filterbank with , where filter  is a triangular filter 
given 

m

]1[                                                                 0],[

(3.2)                      ]1[                                                                  0],[

]1[][                ])[]1[/()]1[(],[

][]1[               ])1[][/(])1[(],[

mfkifkmH
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f f H
F H ][mf
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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: 

l h z

s z

(3.3)                               )
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where .  The log-energy is 
computed by  

)1(700)(  and  )700/1(1125)( ebBflnfB

)4.3(                        .0        },],[|][|{][
0

2 MmkmHkXlnmS
k

 

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
a

a

nkkxkxkx  ..., ,1  ),)( ..., ,)(()( 12p
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  

syllables 91for  7.3899      syllables. 102for  7.4593 value

equal are ratesn recognitio  two:

:Nemar test Mc

0

0

H

valuesp

z

H
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0001.0 level at the both testsfor  reject  :decision

syllables 91 and syllables 102both for  0.0001

syllables 91for  54.61       syllables. 102for  55.64  value

ionclassifictin  effectiveequally  are  MFCC and LPCC :

:test sCochran'

0

0

H

valuesp

Q

H

Q

 

 

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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ઌᣂऱឩ୶ဲመៀൾΔא༼ࣙᛀ౉ய౨Ζኔ᧭࿨࣠Ո᧩قԱឩ୶ဲऱመៀᒔኔኙ

ऱய墿Ζʳ૿إڶᛀ౉ய౨࣍

ᓵ֮ऱรԲີխ੡ኔ᧭፿றտฯፖഗ៕ᛀ౉ᑓীΖรԿີխലտฯԿጟ֮ء

ٙૹඈݧऱֱऄፖૹඈֱݧऄၴऱ࿨ٽΖร؄ີ੡ឩ୶ဲመៀֱऄΖรնີ੡੡

࿨ᓵፖࠐآઔٻֱߒΖʳ

2. ઔֱߒऄʳ

2.1ኔ᧭፿றፖေ۷ᄷঞʳ

࿇۩ऱψCIRB030խ֮ࢬᖂᖂᄎߢഏૠጩ፿اऱኔ᧭፿ற੡խဎشࠌᓵ֮ء
ᇷಛᛀ౉ྒྷᇢႃω(NTCIR-3խ֮፿றຝٝ)Δྒྷڼᇢႃܶץ٥Կଡຝ։ΚംᠲႃΕ
֮ٙႃࡉ࿠ூႃΖ֮ٙႃઃ੡ԫ౳ऱᄅፊ֮ٙΔܶץԱԮଡຝٝΔԫڶ٥ 381375
ᒧᄅፊ֮ٙΖംᠲႃԫܶץ٥Ա 42ଡ਷ᇬംᠲΖቹ 1੡ԫଡ਷ᇬऱᒤࠏΖءڇ
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ᓵ֮խऱኔ᧭݁ਢא<DESC>ᑑ᧘ऱփ୲܂੡਷ᇬ؁Ζڇ࿠ூႃխ֮݁ٙٝޢᑑ
ಖԱࡉ਷ᇬംᠲऱઌᣂ৫Δ։੡؄ଡᐋ Κ్ॺൄઌᣂΕઌᣂΕຝ։ઌᣂፖլઌᣂΖ

ᛀ౉ᙁ֮ٙנऱڤֱܑܒ։੡ࠟጟΔԫጟ੡ᣤ᠃ઌᣂΰRigid RelevanceαΔՈ༉
ਢނψॺൄઌᣂωࡉψઌᣂωီ ੡ઌᣂΔࠡ ،ီ੡լઌᣂΙ׼ԫጟ੡ᐈᠾઌᣂΰRelax 
RelevanceαΔঞਢނψॺൄઌᣂωΕψઌᣂωࡉψຝ։ઌᣂω݁ီ੡ઌᣂΖءᓵ֮
խ݁אϘᐈᠾઌᣂϙ܂੡ܑܒᑑᄷΖʳ

ʳ

ቹ ˄ʳ˖˜˥˕˃ˆ˃ ംᠲႃհᒤࠏʳ

ʳ

شᓵ֮ආءေ۷ֱऄՂڇ ˧˥˘˖ ေࠐ[1] (TREC_EVAL)ڤऱᑑᄷေ۷࿓ࡳࢬ
۷ᛀ౉ய౨Δࠡشࠌխऱψؓ݁壄ᒔ෷(MAP)ωࡉψছ N ᒧ֮ٙऱ壄ᒔ෷ʳ
(Precision: At N docs)ω܂੡ய౨ਐᑑΔࠡࡳᆠڕՀΚʳ
Ԧؓ݁壄ᒔ෷(MAP)Κ٣ኙٺଡ਷ᇬംᠲΔૠጩᛀ౉֮ٙנऱؓ݁壄ᒔ෷(AP)Δ
٦ኙڶࢬ਷ᇬംᠲ݁ؓ܂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 ਢᛀ౉ߓอኙᇠ਷ᇬംᠲΔࢬᛀ౉֮ٙנխઌᣂ֮ٙऱᑇؾΔ ( )Doc i ঞʳ

ʳ ਢᛀ౉ࠐנऱร iᒧઌᣂ֮ٙऱඈټଖΖQਢ਷ᇬംᠲऱ᜔ᑇΖ jAP ਢร j ʳ
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ʳ ଡ਷ᇬംᠲऱؓ݁壄ᒔ෷ΖMAP।ڶࢬق਷ᇬംᠲऱؓ݁壄ᒔ෷ऱؓ
݁Ζʳ

ԦPrecision: At N docsΚ।ڇقᛀ౉נ Nᒧ֮ٙழऱ壄ᒔ෷Ζʳ
ኙڶࢬ਷ᇬംᠲऱছ Nᒧ֮ٙ壄ᒔ෷ૠጩڕՀڤΚʳ

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 jଡ਷ᇬംᠲऱছN ᒧ֮ٙ壄ᒔ෷Ζʳ

2.2ᛀ౉ߓอਮዌʳ

!

!

!

!

!

!

!

ʳ

ʳ

ʳ ʳ ʳ ʳ ʳ ቹ ˅ʳ ᛀ౉ߓอਮዌቹʳ

ʳ

ቹڕอਮዌߓᓵ֮ऱᛀ౉ء ऱၴ᧩ࣔڶ޲ࠀխ֮ऱဲፖဲհၴ࣍طΖقࢬ˅

ሶΔۖᛀ౉ߓอऱዝጩऄਢאψဲω੡ഗ៕໢ۯΔڶࢬڼڂᛀ౉֮ٙࢨ਷ᇬ؁ຟ

ؘႊ૞٣ᆖመឰဲ๠෻Ζءኔ᧭խऱឰဲՠࠠਢආشխઔೃऱᒵՂឰဲߓอˮˋ˰Ζ

অఎ।׽ᄅፊ֮ٙၞ۩ឰဲ৵Δٝޢᄅፊ֮ٙ஄խऱނଚݺ ˄խقࢬ௽ဲࡳᣊऱ

ဲΔࠀૠጩဲ᙮ʻ ,i jtf ʼ֮ٙࡉ᙮ʻ jdf ʼΔژԵ౉֧ᇷற஄խΖʳ

ᛀ౉ழΔ਷ᇬ؁qᆖឰဲ৵אױ൓ࠩ਷ᇬဲႃʻ
jt ʼΔࡉ٦౉֧ᇷற஄խٺᒧ

א֮ٙ BM11ᑓীၞ۩ઌۿ৫ֺኙΔޡॣױᗴᙇࡉנ਷ᇬ؁່ઌᣂऱছˡᒧ֮

၌ѡࢗ q !

!

ᔠ઩ኳࠠ)CN22*!

Ўҹख़௨ׇ!

!

DRD  

ᔠ઩ኳࠠ)CN22*!

jt  

| ,i jtf Δ jdf }!
઩Їၗ਑৤!

q

INID  

ֽ೽ࢗ၌ᘉ৖!

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

ឩ୶Δנބឩ୶ဲףԵ଺਷ᇬ؁Δش٦ឩ୶৵ऱ਷ᇬ؁q ၞ۩ᛀ౉Δۖข່س

৵ऱ֮ٙऱඈݧʻ LED ʼΖʳ

ऱᛀ౉ᑓী੡شࠌࢬᓵ֮ء 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 ਢᣂ᝶ဲ jڇ਷ᇬ؁խנ෼ऱڻᑇΔnਢ᜔֮ٙᑇΔ 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]Ζشᓵ֮ආءຝ਷ᇬឩ୶ऱֱऄՂΔݝڇ
˥̂˶˶˻˼̂ ዝጩऄխലᣂ᝶ဲऱᦞૹࡳᆠڕՀΚʳ

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 ੡ױᓳᖞऱ೶ᑇΖ࣠ڕร jଡᣂ᝶ဲڇছ Rᒧ֮ٙխנ෼ʳ

᙮෷೏ࠡڇ׊塒֮ٙխנ෼᙮෷܅Δڼழ jw ೏Δ।قຍଡᣂ᝶ဲኙ࣍ʳ

ᛀ౉נছ Rᒧ֮ٙࠠڶᦸܑԺΖڼڂΔᦞૹ jw ੡ᣂ᝶ဲᦸܑԺऱʳီױ

৫ၦΔݝຝ਷ᇬឩ୶ࠐ،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܂൷ֱچᎏ፿೯ဲʳ VCL 
೯؁܂ᎏ೯ဲʳ VE 
णኪլ֗ढ೯ဲʳ VH 
णኪࠌ೯೯ဲʳ VHC 
णኪᣊ֗ढ೯ဲʳ VI 
णኪ֗ढ೯ဲʳ VJ 

। ˄ʳ ឰဲ৵অఎऱဲᣊᑑಖʳ

3. ֮ٙૹඈݧʳ

ऱֱऄΔ։ܑਢΚʳݧԱԿጟ֮ٙૹඈߒᓵ֮٥ઔء

˄ˁ ᄗ࢚਷ᇬऄΖʳ
˅ˁ ֮ٙ։ᆢऄΖʳ
ˆˁ ݝຝᢸ࿨ऄΖʳ

Հ૿ີᆏലᇡาտฯڼԿጟֱऄΖʳ

3.1ᄗ࢚਷ᇬऄʳ

 ᄗ࢚਷ᇬऱֱऄˤ˼̈ˮˈ˰༼נΔ່ॣਢᚨ٤ڇش഑਷ᇬឩ୶ՂΖࠡუऄਢΚլ

ᚨᇠലޢଡ਷ᇬᣂ᝶ဲଡܑᗑچم઎ৱΔۖ ᚨᇠނᖞଡ਷ᇬ؁ᅝګᖞ᧯ऱ਷ᇬᄗ

ቹڕΖ࢚ ˆऱຍଡࠏ՗قࢬΔش࣠ڕ਷ᇬᣂ᝶ဲψ႕ᖻࣔωࡉψሽᐙωଡܑװچ

ឩ୶Δࢬឩ୶נऱဲৰױڶ౨ᄎೣᠦᖞଡ਷ᇬऱ׌ᠲΖ܀ਢΔૉނ਷ᇬ؁խऱࢬ

ᠲΖʳ׌ऱᣂ᝶ဲ༉ᄎֺለ൷२਷ᇬנឩ୶ࢬΔ࢚੡ԫଡ਷ᇬᄗګࠓٽᣂ᝶ဲڶ

 
ቹ ˆʳ ᄗ࢚਷ᇬឩ୶قრቹʳ

 
! ! ! ! ! ! ! ! !

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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ࠐᣂ᝶ဲࠄᣂᜤ৫ለ೏ऱԫ࢚ፖ਷ᇬᄗנ਷ᇬऱዝጩऄΔᗴᙇ࢚ᄗشଚᚨݺ

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 ᒧ֮ٙխנ෼መऱ່ՕڻᑇΔm।ڼڇقN ᒧ֮ٙխʳ

ʳ ʳ ऱဲऱ᜔ᑇΔ id ।֮ٙڇق iխઌฆဲऱᑇؾʻࠀॺဲऱ᜔ଡᑇʼΖʳ
˅ˁ ৬مψᄗ࢚਷ᇬٻၦωʻ˖̂́˶˸̃̇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 q੡਷ᇬ؁Δ jt ੡ֆڤʻˉʼࡳࢬᆠऱဲٻၦΔ jq ੡ᣂ᝶ဲ jt ऱᦞʳ

ʳ ʳ ʳ ૹΔءڇኔ᧭խဲא᙮܂੡ᦞૹΖʳ

ˆˁ ૠጩψᄗ࢚਷ᇬٻၦωፖٺᣂ᝶ဲٻၦऱᣂᜤ৫Ζʳ

( , )

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 ੡ᣂ᝶ဲ jt ऱᦞૹΔ cq ੡ֆڤʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˊʼࡳࢬᆠऱᄗڤ࢚਷ᇬٻၦΖʳ

ˇˁ ᙇנፖ਷ᇬᄗ࢚ᣂᜤ৫ለ೏ऱԫࠄᣂ᝶ဲΔ৬م೯ኪᣂᜤဲࠢCΖᣂᜤဲࠢ

խؘႊಖᙕޢଡᣂᜤဲፖ਷ᇬᄗ࢚ऱᣂᜤ৫ ( , )c jr q t Ζʳ

ʳ

։ᑇΖʳݧඈإଥڤ௅ᖕՀױଚঁݺԱᣂᜤဲࠢ৵Δڶ

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 ᛀ౉൓ࠩऱ։ᑇΔڻรԫڇ is ।ޓقᄅ৵ऱ֮ٙ id ʳ
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ऱ։ᑇΔʳ Cז।ᣂᜤဲࠢΔ
iC d ᣂᜤဲࠢCፖʳڇ෼נழٵ।ז

֮ٙ id ऱᣂ᝶ဲΖ ։ᑇݧඈࡨ।଺ז is ։ᑇݧૹඈڇ is խ۾ࢬʳ

ऱֺ෷Δ0 1Ζʳ

3.2֮ٙ։ᆢऄʳ

ԫᆢႃխΔ٦ٵڇऱ֮ٙ։ۿփ୲ઌނ։ᆢऱ։ऄط៶ඨݦਢ࢚ऄऱᄗֱء

ቹڇ։ᑇˮ˅˃˰Ζݧඈإଥࠐᆢႃፖ਷ᇬ؁ऱᣂᜤ৫شܓ ˇ ऱ਷ᇬᒤࠏխΔݺଚ઎

֮ࠩٙ ˔ ᄎ൓ࠩለאࢬΕ֮ढΕՕ୶ϙຍԿଡ਷ᇬᣂ᝶ဲΔזԱϘዧܶץ੡ڂ

೏ऱᛀ౉։ᑇΖ֮ۖٙ ˕ ឈྥ઎ದࠐਢઌᣂऱ֮ٙΔথܶץڶ޲ڂ਷ᇬ؁խऱ

ᣂ᝶ဲΔאી࣍ᛀ౉։ᑇ੡ ˃ΖྥۖΔ֮ٙ˔֮ٙࡉ ˕ࠡኔઌᅝچᣊۿΔՈܶץ

ԫࠄઌٵऱᣂ᝶ဲʻڕࠏΚࣟዧΕ್׆ഔʼΖ֮ٙشܓ։ᆢऱֱऄΔ֮ٙ˔֮ٙࡉ

਷ᇬ؁ऱᣂᜤ৫೏Δʳࡉᆢႃڼ࣠ڕԫᆢႃխΖٵڇ౨ᄎ๯։ױΔۿ੡փ୲ઌڂ˕

֮ٙ ˕༉אױᔾထࢬ᥆ᆢႃऱᣂᜤ৫։ᑇۖ༼֒ࠡඈټΖʳ

̆́˴˸ˀ̀˞شኔ᧭ऱ։ᆢዝጩऄਢආء ։ᆢऄˮˉ˰ΔڇՕၦ೏ፂ৫ऱᇷறխΔބ

ऱࢤ।זڶࠠנ ˞ ଡᇷறរΔጠ੡ᆢխ֨ʻ˶˸́̇̅̂˼˷̆ʼΖհ৵֮ٙٝޢ༉אױૠጩ

ၦऱٻ਷ᇬࡉ਷ᇬ؁ऱᣂᜤ৫ʻᆢխ֨ࡉ᥆ᆢႃࢬࠡ ˶̂̆˼́˸ ʳݧඈإଥࠐشʼΔߡ݈

։ᑇΖʳ

ኔ᧭ዝጩऄڕՀΚʳ

˄ˁ ৬م਷ᇬٻ؁ၦ 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˶ ೯੡ַΖʳ᧢ᆢႃփऱᇷறઃլ٦ڶࢬᨏऴࠩޡ
ʳ

ʳ

ʳ
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ʳ

ቹ ˇʳ ֮ٙᛀ౉։ᑇقრቹʻ˕ˠ˄˄ʼʳ

ʳ

ˆˁ ૠጩ਷ᇬ؁ፖᆢႃ 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 kᆢऱᆢխ֨ऱٻၦΖ௽ܑࣹრऱਢֆڤʻ˄˃ʼխΔ᥆ٵ࣍ԫᆢʳ

ႃऱ֮ٙΔࠀլଡܑૠጩࠡፖ਷ᇬ؁ऱᣂᜤ৫Δۖਢࢬش٥᥆ᆢႃऱᣂʳ

ᜤ৫Ζʳ

ˇˁ ޢᒧ֮ٙૹඈݧऱ։ᑇঞشאױ଺ඈݧ։ᑇࡉᆢႃᣂᜤ৫ࠟृףᦞ൓ࠩΔ
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

ຝᢸ࿨ऄʳݝ3.3

ڇ ˕ˠ˄˄ ऱᛀ౉ᑓীխΔ։࣫਷ᇬ؁ፖٺᒧ֮ٙऱᣂᜤழΔႛਢૠጩଡܑ਷

ᇬᣂ᝶ဲኙ֮ٙ࣍ऱᦞૹ᜔ףࠀದࠐΖ܀ਢΔٺଡᣂ᝶ဲհၴױ౨ڶ፿რՂऱᣂ

ᜤࠫૻࢨΔૉ։ܑװૠጩᦞૹΔױ౨ᖄીܶץ׽ຝٝ਷ᇬᄗ࢚ऱ֮ٙࠡᣂᜤ৫֘

ۖᄎֺ٤ܶץຝ਷ᇬᄗ࢚ऱ֮ٙࠐ൓೏ΖڕࠏΚݺଚ඿਷ᇬψዧ֮זढՕ୶ωऱ

ઌᣂ֮ٙழΔױ౨ᄎڶψ߫޳Օ୶ωऱ֮ٙڂψՕ୶ωຍଡဲנ෼ৰۖڻڍඈټ

ለছ૿հൣݮΔທګᛀ౉壄ᒔ෷ऱՀ૾Ζ੡Աଥإຍጟլٽ෻ऱ෼ွΔݺଚشܓ

Ўϯǵε৖ǵ৖ំǵ

ଭЦ୴ǵࠄຫЦ 

 ܿᅇǵЎϯǵ 

৖ំǵଭЦ୴ 

ᅇжǵЎނǵε৖

 ၌ѡqBM11(A,q)>0 BM11(B,q)=0ࢗ

 ᅇжǵܿ ᅇǵЎނǵ

Ўҹ˾Ўҹ˽ 
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਷ᇬဲհၴψݝຝᢸ࿨ωऱอૠࠐଥإඈݧ։ᑇΖݝຝᢸ࿨ऱอૠא਷ᇬ؁խઌ

ᔣऱࠟଡᣂ᝶ဲګݮऱψᣂ᝶ဲิωʻ˾˸̌̊̂̅˷ʳ̃˴˼̅ʼ೚੡อૠऱ໢ۯΔڕࠏΔ਷ᇬ

؁ϘዧזΕ֮ ढΕՕ୶ϙ༉ױ๯։੡ϘዧזΕ֮ ढϙࡉϘ֮ढΕՕ୶ϙࠟଡဲิΖ

ۯ෼ऱנԫᒧ֮ٙխٵڇ࣠ڕ(ϙፖϘ֮ढϙזϘዧڕࠏ)ԫဲิխऱࠟଡဲޢ
ᆜߩജ൷२Δጠհ੡ԫଡݝຝᢸ࿨ʻ˟̂˶˴˿ʳ˟˼́˾ʼΖຍࠟଡဲ֮ٙڇխऱ၏ᠦא೴ၴ

ʻ˹̅˴̀˸ʼࠫૻࠐΔڕࠏΔ೴ၴᑇ๻੡ ˈ˃ ༉।ٵقԫิփऱࠟଡဲ၏ᠦؘႊ՛࣍ ˈ˃ʳ

թጩਢԫଡݝຝᢸ࿨Ζʳ

ʳ ኔ᧭ዝጩऄ੡Κʳ

˄ˁ ኙ਷ᇬ؁ ̄ խޢଡᣂ᝶ဲิʻ ,j kt t Δ̓อૠ֮ࠡٙڇ ˼ խऱݝຝᢸ࿨ᑇ ,i j kL

ຝᢸ࿨֮ٙ᙮ݝ֗א ,j kdf Ζݝຝᢸ࿨ᑇ ,i j kL ऱૠጩֱڤ੡Δૉʻ ,j kt t ʼנ෼

֮ٙڇ ˼ խऱ೴ၴԫڻΔঞݝຝᢸ࿨ᑇף ˄Ζݝຝᢸ࿨֮ٙ᙮ ,j kdf ঞਢૠ

ጩʻ ,j kt t ʼհݝຝᢸ࿨֮ٙ֟ڍڇ٥խנ෼መΖʳ

˅ˁ ኙ଺֮ٙࡨ։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।ق਷ᇬ؁խਬԫᣂ᝶ဲิΖ n੡᜔֮ٙᑇΖʳ

ʳ is Ε is Ε հࡳᆠࡉֆڤʻˌʼխઌٵΖʳ

3.4֮ٙૹඈֱݧऄհ࿨ٽʳ

਷ᇬᄗش਷ᇬऄਢ٣࢚Κᄗ࢚ऱᄗٵԱլشऄሎֱݧᓵ֮ऱԿጟ֮ٙૹඈء

Ι֮ٙ։ᆢऄݧऱඈ֮ٙၞޏאૠጩࠡᣂᜤ৫ࠀᣂᜤဲʻॺ଺਷ᇬဲʼΔנسข࢚

ਢشܓψᆢႃऱᣂᜤ৫ω֮ٙၞޏࠐऱඈݧΙݝຝᢸ࿨ऄঞਢشܓψ਷ᇬဲݝຝ

٥෼ω௽ࢤΔᨃ਷ᇬ፿რޓᄷᒔऱ֮ٙאױ༼֒ඈټΖছࠟጟֱऄૹڇ਷ᇬᄗ࢚

ऱψឩ୶ωΔലԫࠄઌᣂױ܀౨լܶץ਷ᇬဲऱ֮ٙڶᖲᄎ࢓ছඈΔࠡ஁ฆਢឩ

୶ऱֱڤլٵΖรԿጟֱऄঞૹڇ਷ᇬ፿რऱψᄷᒔωΔࢬᐙ᥼ऱ֮ٙਢ߷ܶࠄ

ଚუၞԫݺΔٵլڶٺऱᒤ໮ش܂ࡉ࢚ऄऱ๻ૠ෻ֱࠄຍ࣍ط਷ᇬဲऱ֮ٙΖڶ

ڤऱֱٽऄ࿨ֱݧଚലૹඈݺΖٽ࿨چᔞᅝࠀյᇖΔڼ࢖౨ܡऄਢֱࠄ൶ಘຍޡ

ՀΚʳڕ
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ʳ ʳ

,1iR Ε ,2iR Ε ੡֮ٙ id ຝإ൓ࠩऱଥࢬऄֱݧጟ֮ٙૹඈࠟٚڇ

ٝ։ᑇʻֆڤ ˌΕ˄˄Ε˄˅ʼΖ ੡ᦞૹ೶ᑇΖʳ

3.5ኔ᧭࿨࣠ʳ

ଈ٣ኙ࣍ᛀ౉ߓอၞ۩ኔ᧭Δ࿇෼ݝڇຝ਷ᇬឩ୶խ࠷ছ ˄˃ ᒧ֮ٙᅝ܂ਢ

ઌᣂ֮ٙʻ˥ː˄˃ʼΔ࠷ࠀᦞૹඈټছ ˋ˃ ଡဲᅝ܂ឩ୶ဲףԵ਷ᇬ؁ʻ˘ːˋ˃ʼΔױሒࠩ

ቹەอਮዌቹ೶ߓΖኔ᧭հࡳ๻ڼאᆏኔ᧭ᑇᖕઃءऱᛀ౉ய౨Δਚࠋ່ ˅Ζʳ

ʳ

। ˅ʳ ֮ٙૹඈֱݧऄၴհֺለʻྤݝຝ਷ᇬឩ୶ʼʳ

ʳ ˠ˔ˣʳ ˣ˓˄˃ʳ ˣ˓˄˃˃ʳ

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

ʳ ᄗ࢚਷ᇬऄʳ ˃ˁ˅ˇ˅ˉʳ ˃ˁˇˉˇˆʳ ˃ˁ˄ˌˈ˃ʳ

֮ٙ։ᆢऄʳ ˃ˁ˅ˉ˃˃ʳ ˃ˁˇˉˇˆʳ ˃ˁ˅˄ˌˈʳ

ຝᢸ࿨ऄʳݝ ˃ˁ˅ˈ˅˃ʳ ˃ˁˇˉˌ˃ʳ ˃ˁ˅˃ˇ˃ʳ

Կጟ࿨ٽʳ ˃ˁ˅ˊ˅ˆʳ ˃ˁˇˊˋˉʳ ˃ˁ˅˄ˈ˃ʳ

ʳ

। ˆʳ ֮ٙૹඈֱݧऄၴհֺለʻݝڶຝ਷ᇬឩ୶ʼʳ

ʳ ˠ˔ˣʳ ˣ˓˄˃ʳ ˣ˓˄˃˃ʳ

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

ʳ ᄗ࢚਷ᇬऄʳ ˃ˁˆˋ˅˄ʳ ˃ˁˈ˅ˉ˅ʳ ˃ˁ˅ˋˆˋʳ

֮ٙ։ᆢऄʳ ˃ˁˆˋˆ˄ʳ ˃ˁˈ˅ˆˋʳ ˃ˁ˅ˊˌˈʳ

ຝᢸ࿨ऄʳݝ ˃ˁˆˋˈˈʳ ˃ˁˈˇ˃ˈʳ ˃ˁ˅ˊˈˊʳ

Կጟ࿨ٽʳ ˃ˁˆˌˈˉʳ ˃ˁˈˈˌˈʳ ˃ˁ˅ˊˉˊʳ

ʳ

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

ඈֱݧऄࠋ່ڶऱؓ݁壄ᒔ෷Ζۖᚨݝشຝᢸ࿨ऱૹඈֱݧऄΔঞࠋ່ڶऱছ

˄˃ ᒧ֮ٙऱ壄ᒔ෷Ζᚨشᄗڤ࢚਷ᇬऱૹඈݧऄ׼ࡉ؆ࠟጟֱऄֺለದࠐঞઌ

ኙֺለ஁Ζ।ˆ࿨ݝٽຝ਷ᇬឩ୶৵ΔԿጟ֮ٙૹඈݧऄऱؓ݁壄ᒔ෷Δፖ˕˴̆˸˿˼́˸

ֺለದࠐΔຟڶլᙑऱ༼ࣙய࣠Δۖ༼֒ऱய౨ঞݝאຝᢸ࿨ऱૹඈݧऄ່ࠋΖ

ኙ࣍ছ ˄˃ ᒧ֮ٙऱ壄ᒔ෷ࠐᎅΔݝຝᢸ࿨ऱૹඈݧऄΔڶઌᅝࣔ᧩ऱ༼ࣙய࣠Δʳ

੡Կጟ֮ٙૹඈֱݧऄխ່ࠋऱΖʳ

ʳ ।ط׊ ˅൓वΔ֮ ٙૹඈֱݧऄၴऱ࿨ٽᒔኔ౨ജڶயऱ༼ࣙᛀ౉ؓ݁壄ᒔ

෷ࡉছ ˄˃ ᒧ֮ٙऱ壄ᒔ෷Δ׊࿨ٽऱֱऄᒔኔֺ໢ٚشԫጟ֮ٙૹඈݧऱֱऄ

Ե֮ٙף

ૹඈݧ 

Ե֮ٙף

ૹඈݧ 
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ሒࠩऱய࣠૞ࠐऱړΖ। ˆՈ᧩נق࿨ݝٽຝ਷ᇬឩ୶৵ޓ౨Օ༏༼ࣙᛀ౉ऱ壄

ᒔ෷Δ٤׊ຝ֮ٙૹඈֱݧऄऱ࿨ࢬٽ୶෼ऱᛀ౉ய౨ֺ໢ٚشԫጟ֮ٙૹඈݧ

ऄࢨਢٚࠟጟ֮ٙૹඈֱݧऄऱ࿨ٽຟ૞ࠐऱړΔ੡ֱڶࢬऄխ່ࠋऱΔՈᢞࣔ

Ա֮ٙૹඈֱݧऄհၴᒔኔࠠڶյᇖऱய࣠Ζʳ

4. ឩ୶ဲመៀֱऄʳ

4.1ឩ୶ဲऱመៀʳ

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

ၦຍဲࠄਢܡటऱፖ਷ᇬ׌ᠲઌᣂΔױ౨ۖڂឩ୶נԱፖ਷ᇬ׌ᠲլઌᣂऱဲΖ

׌ᗴᙇൾፖ਷ᇬࠐመៀऄط៶Δཚඨڤឩ୶ဲऱመៀֱߒઔچޡଚၞԫݺΔڼڂ

ᠲլઌᣂऱឩ୶ဲΔא༼֒ᛀ౉ய౨ΖݺଚࡳᆠԱឩ୶ဲࡉ਷ᇬ؁ऱઌᣂ৫Δመ

ៀൾઌᣂ৫ለ܅ऱឩ୶ဲΔ܅૾א਷ᇬೣฝʻˤ̈˸̅̌ʳ˗̅˼˹̇ʼऱױ౨ࢤΔ༼೏ᛀ౉ऱய

౨ΖࠡዝጩऄڕՀΚʳ

˄ˁ ૠጩឩ୶ဲ je ፖ਷ᇬᣂ᝶ဲ 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 ፖ਷ᇬᣂ᝶ဲ kq ෼ऱᖲ෷Ζנٵ٥ je
P Ε

kq
P ।قឩ୶ʳ

ʳ ʳ ʳ ʳ ʳ ဲ je Ε਷ᇬᣂ᝶ဲ kq ෼ऱᖲ෷Ζנխ֮ٙڶࢬڇ ,j ke qdf ।قឩ୶ဲ je ፖ਷ʳ

ʳ ʳ ʳ ʳ ʳ ᇬᣂ᝶ဲ kq ෼ऱ֮ٙᑇΖנٵ٥ je
df ।قឩ୶ဲ je ऱ֮ٙ᙮Ζ kq

df ।ق਷ʳ

ʳ ʳ ʳ ʳ ʳ ᇬᣂ᝶ဲ kq ऱ֮ٙ᙮Ζn।᜔֮ٙقᑇΖʳ

˅ˁ ૠጩឩ୶ဲ je ኙ਷ᇬ؁ऱઌᣂ৫Ζʳ

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॰ាଖࠐመៀൾፖ਷ᇬ؁ઌᣂ৫ʻ je
r ʼለ܅ऱឩ୶ဲΖʳ

ʳ

4.2 ኔ᧭࿨࣠ʳ

।ˉʳ ੡شࠌˏ˗˘˦˖ˑ਷ᇬփ୲܂መៀኙ݁ؓ࣍壄ᒔ෷ʻˠ˔ˣʼ֗ছ˄˃ʳ ᒧ֮ٙ壄ᒔ෷ʳ

ʻˣ˓˄˃ʼऱᐙ᥼Ζˡ̂ˀ˙˼˿̇˸̅ʳ ।آقലឩ୶ဲ܂መៀऱ೯܂Ζ˙˼˿̇˸̅ʳ ।ڶقലឩ୶ဲ

መៀΖط।խᑇᖕױवΔشˏ˗˘˦˖ˑऱ਷ᇬࠐ؁መៀΔࢬ൓ࠩऱˠ˔ˣΕˣ˓˄˃ʳ

ʳࠄԫܶץ׊ˑխऱ਷ᇬ؁ለ९Δ˖˦˘˗ˏڂຍጟ஁ܑਢګΖທڍመៀழ஁լ܂آࡉ

ፖ਷ᇬ׌ᠲլઌᣂऱဲΖʳ

।ˉʳ˗˘˦˖ʳ ਷ᇬփ୲܂መៀኙ࣍ˠ˔ˣʳ ֗ˣ˓˄˃ʳ ऱᐙ᥼ʳ

 
।ˊʳ ੡شࠌˏ˧˜˧˟˘ˑ਷ᇬփ୲܂መៀኙ݁ؓ࣍壄ᒔ෷֗ছ˄˃ʳ ᒧ֮ٙ壄ᒔ෷

ऱᐙ᥼Ζፖ˗˘˦˖ʳ ऱ࿨࣠܂ଡኙᅃΔݺଚ࿇෼ឈྥ܂ឩ୶ဲመៀ৵Δࠀլ౨༼֒

ؓ݁壄ᒔ෷Δ܀ਢኙ࣍ছ˄˃ʳ ᒧ֮ٙऱ壄ᒔ෷থڶאױயچ༼֒Δݝא׊ຝᢸ࿨

ૹඈݧऄ֗Կጟૹඈݧऄၴऱ࿨۶༼֒༏৫່ՕΖױڼطवءኔ᧭ऱឩ୶ဲመៀ

ֱऄڇ਷ᇬࢨဲ᠇ڶ޲؁ਢለ֟᠇ဲழΔኙ࣍ᛀ౉ய౨ऱ༼֒ᒔኔڶᚥܗΖʳ

।ˊʳ˧˜˧˟˘ʳ ਷ᇬփ୲܂መៀኙ࣍ˠ˔ˣʳ ֗ˣ˓˄˃ʳ ऱᐙ᥼ʳ

ʳ

 

403



5. ࿨ᓵፖࠐآઔٻֱߒʳ

5.1࿨ᓵ 

ऱዝጩऄലઌᣂ֮ݧૹඈط៶ඨݦऱֱऄΔݧԿጟ֮ٙૹඈߒ૞ઔ׌ᓵ֮ء

ᛀ౉ய౨Δۖኔ᧭࿨࣠֒༽چޡຝ਷ᇬឩ୶ऱ౒រΔၞԫݝߜޏאΔݧছඈ࢓ٙ

ՈᢞࣔڼԿጟૹඈݧऄᒔኔኙ࣍ᛀ౉ய౨ࢬڶಥ᣸Ζڇ ˆˁˇ ᆏխΔݺଚף෡൶ಘ

ຍԿጟૹඈݧऄհၴਢڶࠠܡյᇖऱ௽ࢤΔലૹඈݧऄհၴ܂࿨ٽΔאཚඨ౨ޓ

ၞԫچޡ༼֒ᛀ౉ய౨Δۖኔ᧭࿨࣠ՈᢞࣔૹඈݧऄၴᒔኔյᇖΔ౨ڶய༼֒ᛀ

౉ய౨Δലؓ݁壄ᒔ෷ൕ ˃ˁˆˊ˅ˊ ༼֒۟ ˃ˁˆˌˈˉΔছ ˄˃ ᒧ֮ٙ壄ᒔ෷ൕ ˃ˁˇˌ˅ˌ ༼

֒۟ ˃ˁˈˈˌˈΖʳ

መ܂෡Եऱ൶ಘΖኙឩ୶ဲףޓ܂ڤֱ࠷ឩ୶ဲऱᙇ࣍ଚኙݺร؄ີխΔڇ

ៀऱֱऄΔኔ᧭࿨࣠᧩ࠡقᒔኔኙ࣍ᛀ౉ய౨ࢬڶ༼֒Ζʳ

ʳٻֱߒઔࠐآ5.2

! ऄႛ൶ಘ਷ᇬ؁խઌᔣऱࠟଡ਷ᇬဲհၴऱ፿რݧຝᢸ࿨ૹඈݝᓵ֮ऱء

ᣂএΔലܶץለڍ፿რᢸ࿨ऱ֮ٙ࢓ছඈݧΔֱڼ܀ऄ୲࣐ലڶ޲፿რᣂএऱࠟ

ଡᣂ᝶ဲ܂಻ኙΔ૾܅ૹඈݧऱய౨Ζࠐآኔ᧭؁شܓױऄଳ࣫ʻˣ˴̅̆˼́˺ʼΔޓ壄

ᒔנ࠷ࢼچ਷ᇬ؁፿რΔאቃཚ౨ሒࠩࠋޓऱய౨Ζʳ

Δૉ౨ૡ֏ࠋሒ່ࠩא೚೶ᑇᓳᖞΔڤԳՠऱֱشܓਢڤऱֱٽᓵ֮࿨ءۖ

Ζʳܗᚥڶޓലᄎၞޏอऱߓᛀ౉࣍Δኙڤԫ୚۞೯ऱ೶ᑇ۷ྒྷֱم

ʳ

೶֮ە᣸ʳ
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ኴ૞ 

༉᝟Ⴈᓳ਷ྒྷګߛᠲհഏᎾᑇᖂፖઝᖂඒࡎ୉ᄎ(IEA)อԫࡡ༉ᓳ਷ګᖂ฾ߛഏᎾඒط
᧭(TIMSS)Δ੡ঁ؀࣍᨜խ՛ᖂسਜྒྷፖ෻ᇞΔ૎֮଺֮ᇢᠲփ୲Ꮑ૞ᆖመ๺ڍԳՠಘ
ᓵ֗៬᤟ழၴΖ੡Աᏺၞ៬᤟փ୲ԫીࠡ֗ࢤய෷Δݺଚ๻ૠԫ୚ฤྒྷٽ᧭ᇢᠲऱ᎖ܗ

៬᤟ߓอΔലլٵ௑ڤऱᇢᠲ֮ٙΔᆖച۩፿ऄ։࣫ڤऱׂ፿ឯࠢڗࡉ࠷਷ᇬΔຘመࠌ

հᒵՂ៬᤟ࣚشছൄؾࠎ༽֗אᓳᖞΔݧဲࡉᔞऱׂ፿ဲნ៬᤟ᙇႈٽտ૿Δᙇᖗृش

೭Εڃ᥽៬᤟ᣊ؁ۿΕဲ྇ף֗אნ࿛פ౨Ζ੡Ա౨༼ࣙ៬᤟ဲნऱᙇᖗإᒔࢤΔݺଚ

ಖᙕ៬᤟ृᙇဲ೯܂Δᨃ៬᤟ृ౨ڃ᥽መװམ๠෻መऱ៬᤟ᣊ؁ۿΔ׊ࠀਊᅃߓอ༼ࠎ

հᙇဲ᙮෷ᇷಛΕઝᖂᏆ഑ऱཚע፿றհဲ᙮อૠΔشܓ֗אอૠڤխ૎ဲნኙࡉ٨፿

ᖂઝ೴։్֗ڣᇢᠲ੡ኔ᧭ኙွΔਊװመאଚቫᇢݺΖݧᙇဲऱᚌ٣ႉޏޓᑓীΔߢ 6
ՕᇢᠲᣊܑΔჸ಻ 4ጟᙇဲ࿜ฃΔຘመ BLEU֗ NISTհ៬᤟ေ۷ਐᑑֺለᒵՂ៬᤟ߓ
อߓءࡉอΔኔ᧭࿨࣠᧩ٺڇقኔ᧭ิऱေ۷Ղ݁ڶᚌ࣍ᒵՂ៬᤟ߓอऱய࣠Ζ 

ᣂ᝶ဲΚ۞ྥ፿ߢ๠෻Δሽᆰ᎖ܗඒᖂΔૻ࠹፿ߢΔᇢᠲ៬᤟Δᖲᕴ៬᤟ΔTIMSS 

ԫΕፃᓵ 

TIMSS(Trends in International Mathematics and Science Study) [16]Δطഏઝᄎࡡಜഏ
ഏխԲ్֗ڣՀጠஃՕઝඒխ֨α૤ຂΔಾኙഏ՛؄אխ֨ΰߛ؀᨜ஃᒤՕᖂઝᖂඒم

Κൕܶץ࿓ੌ܂૞ՠ׌Ζ܂ച۩ᑇᖂፖઝᖂᏆ഑հᇢᠲ៬᤟֗ྒྷ᧭ՠسᖂ్ڣ IEA ࠷
൓૎֮ᇢᠲփ୲ΔஃՕઝඒխ֨ެᤜၞ۩៬᤟ՠ܂։಻Εխ֮ᇢᠲٌངᐉᒚீ֗إ៬᤟

ംᠲಘᓵΔ່৵ലխ֮៬᤟ᇢᠲࡳᒚΖࠡխګݙՂ૪ᎅࣔհՠੌ܂࿓Δࠉᅃ TIMSS ࡴ
ֱጻ଄ᖵڣอૠ۟֟Ꮑ૞ԫଡִאՂऱᄷໂழ Ζၴ׌૞଺࣍ڇڂᇢᠲ៬᤟ऱ଺ঞՂႊᝩ

ਢृࢨԵլᔞᅝဲნΔףΚ੡ࠠ᧯।ሒᠲრΔڕΰైڂᨠऱ׌ଡԳ࣍ط៬᤟መ࿓խڇ܍

ऱ៬᤟ٵլࢨऱ፿რ෗෤αسլԫીۖขڤছ৵៬᤟ֱີ֮ڇڂ૞ဲნ׌խΔؾԫᠲٵ

ᠲრ।ሒՂऱ঴ᔆΖਚ੡ڇԵΔၴ൷ᐙ᥼ᇢᠲנࢬڶ൓៬᤟փ୲ࠌऱ៬᤟ᑑᄷٵլڂृ

Ա౨ജݙᖞ।૪׊լᐙ᥼ᠲრऱإᒔࢤΔመދװԵԱլ֟ऱԳԺᇷᄭ֗ழၴءګΖڂ

៬᤟Ղԫဲڗڇࠎ༽אױऱᇩΔೈԱ܂៬᤟ՠܗ࠰อ[3]ߓܗ᎖ऱ៬᤟ړԫଡڶΔૉڼ
ીࢤऱᑑᄷא؆Δشܓሽᆰ֗ᖲᕴ៬᤟ऱݾ๬ז࠷Գՠᛀ਷ဲڗ៬᤟ٍױڶ౨༼֒៬᤟

ऱᄷᒔ֗ய෷Ζ 
ʳ ʳ ΔTIMSS؆׼ ᇢᠲڇփ୲ՂΔࠉᠲীጟᣊ೴։੡ᙇᖗᠲ֗ം࿠ᠲΔ؁ী࿨ዌתڍ
ᠲለԫ౳៬᤟֮؁׌ࡉ፿ऄ࿨ዌڼڂՂᎈ࿠ᙇႈΔףംᠲऱᠲიΔګം؁ዌࡉऴ૪؁א

ࣔᒔ១࿍ΔٍլᏁەᐞ֜መᓤᠧऱଥ᢯ֱڤΖ 
ߢᘯ՗፿ࢬڶᖲᕴ៬᤟ऱᏆ഑խڇΔࢤᇢᠲփ୲ለԫ౳֮ີ࿨ዌ壄១ऱ௽࣍ᦹڶ

(sublanguage)ऱ៬᤟ᣊীΖܛ៬᤟Ꮑ࣍ࠫૻޣਬԫ௽ࡳᏆ഑ՂΔ྇֟៬᤟መ࿓ࢬ࿇سऱ
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ࣴᆠΕଥ堸֮ऄ֗ኔ܂ऱᓤᠧ৫Ζ෼վऱઔڍߒආૻ࠹ش፿ߢ(controlled-language)ऱֱ
ԵԳף֗אΔࢤᓤᠧࡉ፿ऄ࿨ዌऱᒤ໮Δ྇֟ဲნࣴᆠ[4]ࡉറᄐᏆ഑ऱ፿ნࡳΔૻڤ
ᖲյ೯ڤऱᖲᕴ៬᤟ᑓڤΖڼڂΔݺଚߓڇอ๻ૠૹ֨ՂΔא༈ބറဲټڶΔലᇢᠲփ

୲ᆖطឰဲ֮֗ऄ։੄Δشܓ਷ᇬဲࠢΔ᎖אอૠڤ៬᤟ᑓী[1]ױڶࢬנބ౨ᔞٽ଺
֮ဲნऱ៬᤟࿨࣠Δृشࠌࠎ༽ࠀտ૿ΔאԳՠᒳᙀתࢨ۞೯ऱֱڤΔຘመխ֮؁ীፖ

૎֮؁ীऱኙᚨٽࠩބ෻ऱဲݧᣂএΖ 

ԲΕTIMSSᇢᠲ៬᤟ߓอ 

ഗ࣍ፃᓵऱխ૎ᇢᠲ៬᤟հംᠲࡳᆠ֗ߓอ๻ૠૹ֨Δݺଚګݙऱᇢᠲ៬᤟ߓอΔڇച

۩ऱੌ࿓׌૞೴։੡ 3ຝ։Ζ 
i. ല TIMSS૎֮ᇢᠲຘመ֮ٙ᠏ᚾ࿓ڤ᠏֮ٙګᚾ 
ii. ൕߓอ៬᤟ᑓิᙇᖗᒵՂ៬᤟ᑓڤΔࠢڗࢨ៬᤟ᑓڤΔ಻ٽଥإ៬᤟ᑓิขسխ֮
៬᤟࿨࣠ 

iii. ല៬᤟࿨࣠ᙁृشࠌ۟נտ૿ 
ଈ٣Δᇢᠲᇷறऱᚾூ௑ױڤ౨੡ొ֮ڗᚾΕMicrosoft Wordऱ DOCᚾࢨ Adobe 

Systemsࠫࡳऱ PDFᚾ࿛ॺొ֮ڗᚾ௑ڤΔਚ૞౨إᒔᦰڗ֮࠷փ୲հছؘႊ٣ၞ۩᠏
ᚾ೯܂Ζݺଚ׻ࡅ JACOB PROJECT[13]ऱᚨش࿓ڤ୚ٙၞ۩ొ֮ڗᚾ᠏ᚾΔؾছΔܓ
ᅝ࣍ڇ᠏ᚾऱ౒រش PDF ᚾऱփ୲੡խ֮փ୲Δ׊଺٣֮஼ᚾհژᚾֱڤਢא௽௘ڗ
ীऱֱژڤᚾΰشܓڕ LaTeX֮஼ᒳᙀՠࠠࡳᆠհڗীαΔຍழխ֮ᚾூᄎ࣍طᒳᒘᝫ
଺ംᠲขس႖ᒘऱൣݮΔۖ૎֮փ୲հᚾூঞྤڼംᠲΖ൷ထΔژԵᑉژᚾհ৵٦ᦰ࠷

૿ޏᙇᖗ֗ᄅᏺଥؾᠲ࣍ᙇ໢ؾᠲנᙁࠀᠲᇆΕᇢᠲփ୲֗ᎈ࿠ᙇႈΔࠉփ୲Δڗ֮ࠡ

 ៬᤟ृᙇᖗ඿៬᤟հᇢᠲփ୲Ζࠎࣨ
อലߓ TIMSSᇢᠲᚾ᠏ངڗ֮ొګᚾ৵Δ൷ထီ៬᤟ृᙇᖗױ֊ངᒵՂ៬᤟ᑓڤ

 Ζڤ៬᤟ᑓࠢڗ֗
i. ᒵՂ៬᤟ᑓڤΚݺଚەᐞࠩؾছߣዚࢬංנऱ Google Translate[12]֗אႁॡᒵՂ
៬᤟ߓอ[19]Δኔ܂ Http Connection Interface ΔᙁԵ៬᤟؁՗৵ႚڃ᤟֮ऱ html
ଳ࣫ΔലۭڗᚾΔᆖመڗ֮ html ፿ऄװೈΔດ۩ᛀ਷ܒࠀឰᇠ۩ਢڶࠠڇژܡ
៬᤟࿨ۭ࣠ڗհؐ׳ઌᔣᢝܑ֮ڗΔૉฤٽঞ׳ؐנ࠷ઌᔣᢝܑ֮ڗխၴհ៬᤟

࿨ۭ࣠ڗΔ٦ຘመտ૿᧩ڕقቹԫհ៬᤟ಛஒΔߓอᄎᆖ៬᤟ृᒔᎁΔ۞೯ᑉژ

૎֮଺֮ࡉխ֮៬᤟ऱ࿨࣠Δৱ່৵ᚏژ೯ګݙ܂৵ژԵᚾூխΖ 

ቹԫΗᒵՂ៬᤟ᑓڤտ૿ 
ii. ࠢڗ៬᤟ᑓڤΚ៬᤟ृਊᠲᇆᙇᖗࢬᏁ៬᤟փ୲৵Δߓอᄎᦰ࠷ᇠᠲؾΔ࠷ڇ
൓඿៬᤟հ૎֮؁՗৵Δᄎܒ۩٣ឰؾছߓอ៬᤟ᑓิऱᙇᖗΔૉ៬᤟ृᙇᖗڗ

ࠢ៬᤟ᑓڤΔঞᄎᆖࠢڗط਷ᇬ໢ڗऱֱڤΔലڶࢬ໢ิဲࡉڗऱױڶࢬ౨ऱխ

֮៬᤟Δᙁृشࠌ۟נտ૿Δᨃၞृشࠌ۩৵ᥛհᓳᖞ៬᤟ဲࡉݧխ֮៬᤟ᙇဲ
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࿛೯܂ΔڕቹԲقࢬΖ 

ቹԲΗࠢڗ៬᤟ᑓڤտ૿ 
ྥۖΔ៬᤟ဲࡉݧխ֮៬᤟ᙇဲऱ೯܂Δ༉៬᤟ृࠐߪءᎅսྥᏁ૞๺ڍԳՠᛀ਷

ऱழၴΔڼڂΔ੡ᏺၞᙇဲࡉᓳᖞဲݧऱய෷ΔݺଚᏁ૞ߩജڍऱխ૎ᇢᠲ៬᤟ᇷಛΔ

Ζྥۖࢤऄ࿨ዌऱᣂຑ֮ࡉ៬᤟ڇխ૎ᇢᠲנބ๬Δݾᖲᕴᖂ฾ऱشܓ IEA ޢሶڣ؄
ᜰ۩ԫڻ TIMSSྒྷ᧭Δ፿றࠐᄭՂΔݺଚؾছႛڶ ֗ڣ 1999 ᜰᙃऱࢬڣ 2003 TIMSS
խ૎ኙᅃྒྷ᧭ᠲؾΰڇհ৵ີᆏΔݺଚ։ܑא TIMSS1999 ֗ TIMSS2003 ق।ࠐ 1999
֗ڣ ࠉΔڤᖲ෷อૠऱֱشܓ౨אߩլࠀᇢᠲᇷறຝ։ڇαΔؾᠲհྒྷ᧭ᠲנࢬڣ2003
ᅃ፿ቼᄷᒔᙇנᔞᅝ।ሒ፿რऱխ֮ဲิΔࠀᝫ଺խ֮៬᤟ऱဲݧΖڼڂΔᏁ૞ຘመࠡ

ଚലᄎտฯݺร؄ີΔࡉรԿີڇऱֱூΖזΔ೚੡ཙܗ᎖խ૎፿ற஄ऱࢨຝᇷಛ؆ה

 ᓳᖞऱ࿜ฃΖݧΔᇡาᎅࣔխ֮ဲิ៬᤟֗ᙇဲႉࢤ۶೚ࠩ៬᤟ऱԫીڕ

ԿΕ៬᤟ऱԫીࢤ 

ԫᒧړऱխ֮៬᤟փ୲Δ౨༳༽៬᤟ছ৵ၴփ୲ऱԫીࢤΔݙܛᖞຫ૪଺֮ऱრ৸Δڇ

፿ნՂإشࠌᒔဲᆠ।ሒΔ।ሒऱ֮ऄڤݮՈ૞౨ࡉ଺֮ԫીΔੌ׊ࠀዃ࣐ᦰΖאTIMSS
ᇢᠲࠐᎅΔ૞౨إᒔ៬᤟נᇢᠲຫ૪ຝ։Δܶץփ୲נ෼ऱം؁ׂ፿ΕറဲټڶΔࡉ༼

៬᤟փڇ᧯׌Δം؁؆ڼᔹᦰᇢᠲփ୲Ζسەᔞ֊֧ᖄאნΔဲشழൄؾ೚ᠲڇسەق

୲ছ৵ٍլנױ෼լٵऱ៬᤟࿨࣠Ζ 
੡ᝩ܍լٵ៬᤟ृᄎڶլٵऱ៬᤟฾ክΔ៬᤟ृᆖൄᏁ૞ᛀಘᏁ૞อԫ៬᤟ऱဲ

ნΖسەق༽אऱൄဲشნࠐᎅΔڕ check one boxᄎอԫ៬᤟ګϘ֍ᙇԫႈϙΕas shown 
belowอԫ៬᤟ګϘڕՀقࢬϙΔਚಾኙՂ૪෼ွΔߓอٍᏁ༼ࠎ៬᤟ृױᙟழ೯ኪᓳ
ᖞࠡխ૎ኙᅃ៬᤟๵ঞհᐘࢤΖ 

հ៬᤟࿨࣠ຏൄ੡፿றอૠխࠎ༽ࢬอߓᒵՂ៬᤟ࢨอΔߓΔႚอᩡഇऱ៬᤟؆׼

٤অᢞࠡ៬᤟࿨ݙᆠऱ଺֮փ୲Δլ౨ڍԫဲࢨᏆ഑ࡳ௽࣍ኙ܀౨ऱ៬᤟࿨࣠Δױڶ່

࣠հإᒔࢤΔ៬᤟ृՈྤऄऴ൷ಾኙ௽ࡳᏆ഑वᢝհ଺֮ဲნΔٚრଥࠡإ៬᤟࿨࣠Δ

ᨃߓอᆖመଥإ৵Δᙇᖗ່ړऱᇞᤩΖਚߓอृشࠌڇտ૿ऱ๻ૠՂΔ૞౨༼ࠎ៬᤟ृ

ᙇᖗฤٽ፿ቼऱ៬᤟ᙇႈ֗ٽ෻ऱဲݧᓳᖞֱڤΔڇ׊ࠀ൷࠹៬᤟ृᓳᖞ៬᤟৵Δ౨ജ

௅ᖕ٣ছऱᓳᖞΔ۞೯ଥإᣊ؁ۿհ៬᤟ဲნΖ 
ՀᚾூΔᨃ៬᤟ृ౨אᆠࡳΔิဲࢨ៬᤟ऱဲნࢤ៬᤟መ࿓խಾኙᏁԫીڇอߓء

 ᆠဲิऱխ૎៬᤟๵ঞΖࡳ۩۞

the original English item

select the translationspost-editing area

 

409



i. ๵ঞဲࠢᚾΚലᇢᠲ៬᤟՛ิެࢬᤜհอԫ៬᤟ဲิאԳՠऱֱڤ৬مխ૎ኙᅃဲ
ࠢᚾΖ 

ii. ׂ፿؁ীᚾΚ੡ൄشऱׂဲټ፿Ε೯ဲׂ፿֗ݮ୲ဲׂ፿࿛ဲิऱխ૎៬᤟ኙᅃᚾΖ
ڕಖᙕऱဲิਢຑᥛऱဲิΔࢬऱਢΔ๵ঞဲࠢᚾٵ๵ঞဲࠢᚾլࡉ in order toΰ੡
Աαࢨ build upΰ৬مΔዌګαΔׂۖ፿؁ীᚾࢬಖᙕऱဲิঞ੡ॺຑᥛऱဲิΔڕ
place~ on~ΰཋ܉ਬढ࣍ਬ๠αࢨ carry~awayΰሉߨਬढαΖ 
ڶբװᔞ֊࿓৫ऱழၴΔᨃ៬᤟ृᛀ౉መ֗ࢤᒔإ៬᤟ऱڗΔ੡Ա྇֟ಘᓵ໢؆׼

ऱ៬᤟փ୲Δݺଚ༼ڃࠎ᥽៬᤟؁ۿհפ౨Δലᛀ౉ऱ៬᤟࿨࣠אխ૎֮ڗኙᏘ

ΰconcordanceαऱֱܧڤ෼ृشࠌ࣍տ૿ΖאՀ੡׌૞հᛀ౉ച۩ੌ࿓Ζ 
i. ൕխ૎ኙᅃဲิᚾ৬مଙ᠏ᚾΰinverted fileαΚᅝ៬᤟ृشܓᛀ౉ီ࿗ᙁԵ૎֮ᛀ
౉໢ࢨڗຑᥛׂࢤ፿Δߓอᄎൕመװऱଙ᠏ᚾփ୲Δބ༈ࡉڶࢬᛀ౉໢ׂࢨڗ፿ڶ

ᣂऱխ૎ኙᅃဲิᚾհۯ࣋ژᆜΔ٦ດԫჼ༈ᚾூհփ୲Δᛀ਷ᚾூփڶࢬխ૎ኙ

ᅃ࿨ዌΔࠡ૎֮໢ׂڗ፿ਢࡉܡᛀ౉ဲઌٵΔૉઌٵΔঞലؾছֺኙۯᆜऱڶࢬխ

૎ኙᅃ࿨ዌΕ૎֮଺֮؁՗֗խ֮៬᤟࿨࣠ᚏ࣍ژԫᒷᓢ೴ΰbufferαΖ 
ii. ขسխ૎֮ڗኙᏘΰconcordanceα࿨࣠Κൕᒷᓢ೴ᚏژऱխ૎ኙᅃ࿨ዌΔנބᛀ౉
ဲऱխ૎ऱኙᅃ࿨ዌΔ൷ထނ૎֮଺֮؁՗֗խ֮៬᤟࿨࣠Δאᛀ౉ဲऱխ૎ऱኙ

ᅃ࿨ዌ੡խ֨Δല૎֮଺֮؁՗֗խ֮៬᤟࿨࣠֊ࠟ׳ؐګຝ։Δ່৵௅ᖕ៬᤟ृ

ᛀ౉ဲխ֮ڶࢬᛀ਷֗אΔؾᛀ౉ဲऱ؁՗ᑇٽᙁԵऱᇷற࿝ᑇΔᛀ਷ᒷᓢ೴ฤࢬ

៬᤟Δല૎֮଺֮؁՗֗խ֮៬᤟࿨࣠Δࠉᅃઌٵխ֮៬᤟؁՗່ڍऱႉݧ੡ছऱ

ඈڤֱݧΔᙁ۟נ࿨࣠ီ࿗ΔڕቹԿقࢬΖ 

ቹԿ խ૎֮ڗኙᏘտ૿ 

؄Εխ֮ဲิ៬᤟֗ᙇဲႉݧᓳᖞ 

ೈԱࡳ۩۞شܓᆠဲิऱխ૎៬᤟๵ঞΔڃ֗א᥽៬᤟؁ऱֱڤΔ༳༽ຝ։ဲิऱխ֮

៬᤟հ؆Δݺଚᝫࡳᆠԫ୚ဲิ៬᤟֗៬᤟ଥੌإ࿓ΔאՀ੡ᇡาޡᨏΖ 
i. ဲࢤᑑಖ֗ stemming 

௅ᖕࠀԵᑑಖΔףᑑಖՠࠠല଺֮ࢤဲMXPOST[15]׻ࡅଚݺ Porterዝጩऄ[17]Δ
ኔ܂ᝫ଺ࢤဲٺΰဲټΕ೯ဲΕݮ୲ဲΕ೫ဲαऱဲი᧢֏ΰڕ~lyΕ~ingΕ~ed ࿛αΖ
ኙ࣍ਬࠄ௽௘ဲი᧢֏ऱ໢ڗΰڕ೯ဲ breakΔࠡመڤװ੡ brokeΔ๯೯ڤ੡ brokenΔא
شܓଚݺዝጩऄ๠෻ऱຝ։Δشא໢ᓤᑇীኪαֺለᣄဲټ֗ WordNet[25]Δࠉᅃဲࢤ

Z39 50 is protocol for
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೚ࠢڗᚾჼ༈ࠩބ stemming৵ऱ࿨࣠Ζ 
ii. ឰဲ๠෻֗ဲิ៬᤟ 

૎֮؁՗ຝ։ܶץ໢ڗΰwordαΕဲิΰtermα֗ᑑរΖࠡխΔဲิܛ੡ᑇଡ໢ڗ
ऱิٽΕׂ፿ΰphraseΔׂဲټڕ፿Ε೯ဲׂ፿Εݮ୲ဲׂ፿αࢨᓤဲټٽΖ 

༴૪Ζૉࢨ।ሒ܂ᖞऱ೯ݙ౨༳༽ֺለ࢓࢓ऱ፿ნ।ሒ࿓৫ՂΔဲิิဲࡉڗ໢ڇ

໢ొش׽ԫ౳ڗࡉڗհၴऱ़ػ೚ឰဲΔঁྤऄشܓឰࠐנऱ໢ิဲࡳެڗऱრ৸Ζ 
֗אრΔڗڗᖞኙᚨխ֮ऱ໢ݙრ౨ڗऱڗ៬᤟Ղ౨೚ࠩ૎֮໢ڇඨݦଚݺΔڼڂ

೚ࠩဲิڤऱ៬᤟Δࠌ൓֮؁ऱ፿რ౨஢஦൓ݙޓᖞΖۖรԫޡ૞ڶ٣ᙄऄឰإנᒔऱ

 ᒔऱխ֮ဲิ៬᤟Ζإנބթ౨ࠐΔ൷Հဲڗ
ຍ܀Ζ܂ऱ೯ڗ೚ഗ៕ឰػհၴऱ़ڗࡉڗشܓឰဲֱऄՂΔଈ٣ല૎֮؁՗Δڇ

ழ૞ە٣ᐞᑑរฤᇆऱൣݮΔڂ੡ᑑរฤᇆڇ૎֮֮؁խຏൄਢຑڇ໢ֱ׳ڗΔ٣ڼڂ

ᛀ਷֮ڶ؁ᑑរฤᇆழ٦༺Ե़ڗػցΔػ़شܓ٦ឰဲΖ൷ՀၞࠐԵဲิឰဲຝ։Δ

ဲࢨ૎֮ଳ࣫ᕴMINIPAR[14]ׂ֗፿؁ীᚾឰဲֱऄΔല૎֮؁՗փׂ፿شܓଚ։ܑݺ
૎ዧᠨᇞဲࠢ[29]ז෼੍ׄشࠌଚݺຝ։ࠢڗ፿៬᤟ΔࠡխׂࠡנބࠢڗشΔ٦ࠩބิ
ΰConcise Oxford English DictionaryΔگᙕ 39429 ଡဲნαΖࠢڗڇ਷ᇬࠟݙጟ༈ׂބ፿
ऱဲิ៬᤟Δࠩބऄհ៬᤟৵Δ൷ထၞԵ९ဲဲิᗴᙇၸ੄Δଈ٣Δඈೈૹ៿ֱิဲࢨ

ऱٵΔׂ፿९৫լۿ෼ׂ፿࿨ዌᣊנMINIPAR։ဲհխࢨᛀ਷ૉׂ፿؁ীᚾ։ဲࠐ٦
ൣउΔঞᙇᖗለ९ऱׂ፿៬᤟࿨࣠Δ່৵ᙁׂګݙנ፿៬᤟հ؁՗Ζ 

MINIPAR։ဲՂΔMINIPARאᇞ࣫ࠡ፿ऄᇞ࣫࿨ዌΔឯנൄ່࠷෼հׂဲټ፿ΰܛ
NPࢨ NPLα֗೯ဲׂ፿ΰVPࢨ VP+PPα֗ݮ୲ဲׂ፿ΰADJPαΖ 

ׂ፿؁ীᚾឰဲֱऄՂΔݺଚ؁אীֺኙऱֱڤΔೈԱਊᅃઌᔣׂ፿೚ჼ༈؆Δܓ

।ٚԫזϘ*ϙش wordΔϘ<>ϙז।ؐဲ׳ნૻࠫᒤ໮փڶࢬհ wordΔຟشܓאױᇠ
ዝጩऄឯׂࠡ࠷፿Ζਚቝ૞࠷ތ Ϙpulse rateϙΕϘsuccess rateϙΕϘДrateϙ࿛ᓤټٽ
ဲΔشܓױϘ* rateϙΔז।࠷ތ rateছԫଡ wordᅝ೚ᓤဲټٽΙૉᏁ૞࠷ތ Ϙas Д 
as possibleϙࢨϘas Д asϙ࿛؁ীழΔشܓױϘas <> as possibleϙ֗Ϙas <> asϙհ༴
૪ֱڤΔ࠷ތࠐຍࠄᣊׂۿ፿Ζ൫ႊࣹრऱਢΔֺኙऱ؁ীૉڶઌۿ࿨ዌ܀լٵ९৫ऱ

፿؁ীᚾփׂߩழየٵԫ૎֮؁՗੡ϘΞthe diagram shown belowΞϙΔڕΔڤᑌۭڗ
ऱ Ϙthe diagram shownϙࡉ Ϙthe diagram shown belowϙׂ፿؁ীΔঞݺଚᄎᙇᖗ९৫
ለ९ऱϘthe diagram shown belowϙۖլਢᙇᖗϘthe diagram shownϙףՂϘbelowϙ೚
੡։ဲऱ࿨࣠Ζ 
iii. stop word filtering 
ʳ ʳ ച۩૎֮៬᤟ழΔᄎڶਬࠄ໢ྤڂڗऄ໢ᗑڇژΔᏁჸ಻ࠡה໢נڗ෼Δנۖڂ෼

լᏁ៬᤟ྤࢨऄ៬᤟ဲნհൣݮΖڕࠏগဲ theΕanΕaΔൄ࣍ף໢ᑇဲټհছΔᅝլႊ
௽ܑൎᓳ໢ᑇழΔঁլᏁ૞௽ܑ៬᤟গဲΖտဲߓ forΕtoΕofΔᅝנ෼࣍ጊംဲհ৵Δ
፿հխΔׂࠡࢨ რᆠ।ሒܗ೯ဲڕ doΕdoesΔ੡Ալᨃ৵ᥛ៬᤟೯܂៬᤟נՂ૪հဲნΔ
 ឰΖܒՀאנ೚ࠀಾኙ૎֮؁՗ࠀΔٽԫႃمნ৬ဲࠄଚലຍݺ
a) গဲຝ։Δtheऴ൷װೈΔaࡉ anঞܒឰנ෼ۯᆜਢܡ੡؁ଈΔࠀᛀ਷ a৵૿ਢڶܡ
אΔঞղٽՂයٙઃլฤא౨ਢᒳᇆαΔૉױڶ।ז؁រΔࢨਔᇆڕᑑរฤᇆΰהࠡ

 ೈΖװ
b) տဲߓຝ։ՕીঅఎΔ൫Ꮑܒឰছԫڗցਢܡ੡ whatΕhowΕwhoΕwhenΕwhy ࿛
ጊംဲΔૉයٙฤٽΔঞղװאೈΖ׼؆Δtoנ෼؁࣍ଈழٍղװאೈΖ 

c) ܗ೯ဲຝ։Δঞܒឰছԫڗցਢܡ੡ whatΕhowΕwhoΕwhenΕwhy࿛ጊംဲΔٵտ
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এဲܒឰֱڤΔૉฤٽঞղװאೈΖ 
iv. ໢ࡉڗറဲټڶ៬᤟ 

ټڶറ֗ڗऱ໢ࠐԱׂ፿ऱխ֮៬᤟ΔໍՀګݙଚݺឰဲ๠෻ׂ֗፿៬᤟ၸ੄Δڇ

ဲऱຝ։Δݺଚঞشܓڻ٦਷ᇬ֗ࠢڗଥإ៬᤟ᑓิऱխ૎ኙᅃ๵ঞဲࠢᚾऱֱڤΔބ

Δಾኙ૎؆׼౨ऱխ֮៬᤟࿨࣠Δ೚੡խ֮ᙇဲհᙇႈΖױڶࢬဲټڶറ֗ڗଡ໢ޢנ

ەଚ೶ݺຝ։Δټࡎխ֮ګ᠏ངټࡩ֮ 20000-NAMES.COM ጻీΔലጻ଄٨ࢬऱࢤߊ
ऱࠐנ։֊ࢬᚾΔ൷ထലৱ៬᤟ऱ૎֮؁՗ڗ֮ګژ։ᣊΔ։ܑܑࢤਊټࡩ૎֮ࢤՖࡉ

ဲნΔ٣ࡉছᚏژऱڶࢬ૎ֺ֮אףټࡩኙΔנބઌټࡩٵ৵Δݺଚ٣ࠃشܓ৬ړمऱ

խ֮ټࡩ஄ΔਊڃܑࢤႚᔞᅝڗټΖڕࠏΔᅝ૎֮נဲټ෼ϘBobϙழΔ᥆ټࡩࢤߊ࣍Δ
ਚൕխ֮ټࡩ஄ऱټࡩࢤߊ։ᣊխΔא႖ᑇֱڤΔٚრ࠷൓ Ϙ՛ဎϙᅝ܂ኙᚨऱټࡩ
៬᤟࿨࣠ΔࠀಖᙕؾছϘBobϙਢࡉ Ϙ՛ဎϙઌյኙᚨΔٵঁאᠲփ୲խנ٦෼ 
ϘBobϙټࡩழױ೚ࠩԳټԫીࢤऱ៬᤟Ζ 

۫ց।قຝ։Δݺଚঞਢܒឰ؁խऱဲნਢ۫ܶץܡցֲִڣ࿛ဲნΔ܂੡۞೯᠏

ངاഏ।قऱᑑᄷΖ 
v. ៬᤟࿨࣠ଥإ 
ʳ ʳ ऱխ֮៬᤟ᙇႈΔᓳᖞࠐנ៬᤟ڗ໢ٺ፿៬᤟հ৵Δ່৵༉ਢಾኙׂ֗ڗ໢ګݙڇ

ᔞᅝऱᙇႈඈ٨ႉݧΔݧဲ֗אᓳᖞΖʳ

ʳ ʳ ছؾรԲີբᎅࣔڇ ˧˜ˠ˦˦ ᇢᠲᇷறࠀլشܓאߩᖲ෷อૠऱֱڤΔࠉᅃ፿ቼᙇ

ᙇࡳެ܅᙮೏ဲشܓଚݺڼڂΖݧᝫ଺խ֮៬᤟ऱဲ׊ࠀᔞᅝ।ሒ፿რऱխ֮ဲิΔנ

ဲૹ૞࿓৫ऱᄗ࢚Δಖᙕ៬᤟ृመװᙇဲհဲ᙮ᑇΔشܓ׊ࠀխ֮፿ற஄อૠဲ᙮Δຘ

መխ૎፿ற஄Δאอૠڤ៬᤟੡ഗ៕Δ৬مխ૎ဲნኙ٨֗፿ߢᑓীΖאՀലಾኙ៬᤟

ृᙇဲဲ᙮Εխ֮፿ற஄ဲ᙮֗խ૎ဲნኙࡉ٨፿ߢᑓীᇡาտฯΖ 

ΰԫα៬᤟ृᙇဲဲ᙮ 

խ֮ᙇဲႉݧᓳᖞຝ։Δݺଚەᐞᇢᠲߪءऱ㵮૪ຝ։֗ംࢬ؁ሎࠩشऱଥဲֱڤլ

ऱဲิࠡኙᅃऱխ֮ဲิጟᣊՕીլᄎ᧢೯֜ՕΖشΔਚൄ׌ऴ൷៬᤟੡אΔՕຝ։ڍ

อط៶տ૿ᙇᖗխ֮ဲิᙇႈΔشܓױऱಝᒭᖂ฾ֱऄΔ៬᤟ृڤዬၞشࠌଚݺຍᢰڇ

ૠ່ൄ๯៬᤟ृᙇᖗऱᙇႈ೚੡ֲ৵ᙇဲऱᚌ٣ႉݧΔࠡ ᙇᖗႉൄڻऱᙇႈঞਢ٦ਊה

ᆖ៬᤟ृᒔᎁ៬᤟ྤᎄऱխ૎֮ڻޢଚଈ٣ലݺऱΔؾᣊංᓳᖞΖ੡Աሒࠩຍଡڼࠉݧ

ኙᅃဲิอԫಖᙕ۟խ૎ኙᅃဲิᚾփΔڕ।ԫقࢬΖ 
।ԫΕխ૎ኙᅃဲิᚾ 

૎፿ᠲؾΚ 
L5. When male wolves place their scent on trees, they most likely are doing this in order to  
ᆖছ๠෻֗ኙᅃ៬᤟৵ᚏژऱխ૎ኙᅃဲิᚾΰא 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]                    

૎֮؁՗ᆖመ៬᤟৵ΔਊՀᚏژ೯܂Δᄎ۞೯ലڶࢬխ૎ဲნኙᅃ៬᤟ऱ࿨࣠Δࠉ

ᅃ।ԫհ௑ڤΔᚏڇژխ૎ኙᅃဲิᚾփΔ൷ထΔലؾছᚏ࣍ژխ૎ኙᅃဲิᚾڶࢬխ

૎ኙᅃऱ࿨ዌΔࡉଥإ៬᤟ᑓิऱڍᆠ౉֧ଥإᚾڶࢬመװբڶಖᙕհխ૎ኙᅃ࿨ዌֺ

ኙΔૉࠩބאױઌٵऱ࿨ዌΔঞലؾছ࿨ዌऱᙇဲڻᑇ᥏ףۯ 1Δૉྤઌٵ࿨ዌΔז।
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መװऱಖᙕྤᇠխ૎៬᤟ኙᅃհಖᙕΔঞലᇠ࿨ዌᚏژΔࠀലᙇဲڻᑇ๻ࡳ੡ 1Ζګݙ
ᑇ೏ڻᅃᄅऱᙇဲࠉאױ៬᤟ᄅऱ؁՗ழΔ༉ڻՀԫڇᑇ৵Δڻᚾإᆠ౉֧ଥڍᄅޓ

 ΖݧΔᔞᅝᓳᖞ៬᤟ဲნऱᙇႈႉ܅
ೈԱڍشܓᆠ౉֧ଥإᚾᓳᖞ៬᤟ဲნऱᙇႈႉݧΔಾኙؾছ៬᤟؁՗խৱᓳᖞᙇ

ဲႉݧհ໢ڗΔנ࠷ᇠ໢ڶࢬڗխ૎៬᤟ᙇႈ֗ؾছᇠ໢ڗছ৵ဲნհխ૎៬᤟Δܛጹ

ᔣဲნΔ൷ထΔൕڶࢬխ૎ኙᅃဲิᚾխٵڶࢬנބ੡ؾছ໢ڗխ૎៬᤟ᙇႈऱছ৵ဲ

ნΔֺ ለؾছ៬᤟؁՗ࠩބऱጹᔣဲნࡉመװఎڇژխ૎ኙᅃဲิᚾऱጹᔣဲნਢܡઌ

ऱխڗᇠ࠷Δঞٵլઌڕኙᚨऱխ֮៬᤟ᙇႈ੡ᚌ٣ΖࢬᅝழאΔঞܶץࢨٵΔૉઌٵ

֮៬᤟խᙇᖗڻᑇ່ڍऱဲิ੡ᚌ٣ΖڕࠏΚݺଚ೗๻ڇϘwolves place their scentϙխΔ
placeᏁ૞ᓳᖞ៬᤟ᙇႈΔݺଚवሐ placeאױ៬᤟ګϘᆜ࣍ϙࢨ ϘֱچϙΔ׊ࠀᒔࡳ
placeऱጹᔣဲნΚwolf៬᤟ګ Ϙ௾ϙΔtheir៬᤟ګ ϘהଚऱϙΖ൷ထΔൕڶࢬխ૎
ኙᅃဲิᚾބ༈መװ placeऱڶࢬጹᔣဲნխΔਢڇژܡ wolf៬᤟ګ Ϙ௾ϙࡉ their៬
᤟ګ ϘהଚऱϙಖᙕΔ೗ࠌ࿇෼ڇژΔ׊ࠀᅝழplace៬᤟ګ Ϙᆜ࣍ϙݺଚঁެࡳplace
ऱ៬᤟אܛ Ϙᆜ࣍ϙ੡ᚌ٣Ζ 

ΰԲαխ֮፿ற஄ဲ᙮ 

੡Աᚦᇖؾছᇷறၦመ֟ऱ፿றࠐᄭΔݺଚຘመ༈ڶބᣂᑇ෻ΕઝᖂඒߛᏆ഑ऱխ֮፿

றΔאᇖߩ፿ற஄ऱլߩΖհ৵ΔߓอڼࠉอૠᇷறΔૠጩխ֮ဲิհဲ᙮೏܅Δᛀ਷

૎֮ဲნࢬኙᚨऱڶࢬխ֮៬᤟Δૉᇠխ֮៬᤟ڇ፿றอૠᇷறՂڶઌኙᚨऱဲ᙮೏܅

ଖΔঞဲࠉ᙮ᓳᖞࠡ៬᤟ဲნႉݧΖ 
ྥ Δۖ૎ዧࠢڗऱխ֮៬᤟ဲნΔࠀլؘྥ࣍ڇژ፿ற஄հխΔࠌ൓૎ዧဲࠢڗნΔ

ྤऄႉנބܓઌኙᚨ፿ற஄ဲნհဲ᙮ΰڕΚઝᖂᏆ഑റဲڶნαΔףՂဲࠢڗნڇ༴

૪Ղࡉ፿ற஄ဲნױ౨լጐઌٵΔױ౨ࠠڶრ৸ઌ२ٵࢨᆠΰsynonymousαᣂএΖڕࠏΚ
៬᤟ڇ૎֮قნխΔ[test : ྒྷᇢ]।ဲࠢڗڇ testԫဲऱխ֮ဲნ੡ϘྒྷᇢϙΔڇ܀፿ற
஄؁՗խΔױڶ౨լشࠌϘྒྷᇢϙԫ Δဲۖ  Ϙᇢ᧭ϙΕ ڕࠏऱဲნΔۿϘྒྷᇢϙઌࡉشࠌ
Ϙኔ᧭ϙΕ ϘᇢϙΕ Ϙቫᇢϙ࿛ဲნΔຍᑌऱൣउՀΔ༉ྤऄऴ൷ࠀנބอૠ Ϙྒྷ
ᇢϙԫဲڇ፿ற஄Ղऱဲ᙮ᑇΔۖ ؘႊەᐞࡉϘྒྷᇢϙઌۿऱဲნڇ፿ற஄Ղอૠऱဲ

᙮ᑇΔၴ൷֘ਠϘྒྷᇢϙشࠌڇՂऱૹ૞࿓৫Ζਚݺଚ٣ല፿ற஄ڶࢬխ֮ဲნࠡנބ

ઌᣂհ२ᆠဲნႃٽΔհ৵Δಾኙྤऄऴ൷ֺኙဲࠢڗნࡉ፿ற஄ဲნဲࠡנބ᙮೏܅

ऱဲნΔױᛀ਷ဲࠢڗნਢ࣍ڇژܡ፿ற஄ဲნհ२ᆠဲნႃٽΔૉڇژΔז।ၴױ൷

 ნኙᚨ፿ற஄ဲნհဲ᙮ᣂএΖဲࠢڗمᇠ፿ற஄ဲნኙᚨऱဲ᙮Δ່৵Δ৬ࡉנބ
ร࠴፿ற[9]ΰ40ע塢ऱཚߛઝᖂඒمᄭ೶ᅃഏࠐଚऱխ֮፿ற஄ݺ 7ཚ۟ ร࠴46

2ཚ٥ 111ᒧα֗אஃՕઝඒխ֨ඒᖂඒעִߛ፿ற[10]ΰ240ࠩ 285ཚ٥ 218ᒧαΔ٥
329ᒧΖଈ٣ΔലՂ૪፿றᆖመխઔೃ CKIPឰဲߓอ᎖ܗΔᛧ൓પ 73ᆄ 4Տଡխ֮ဲ
ნΔ൷ထอૠૹ៿נ෼ऱխ֮ဲნڻᑇΔขس፿ற஄ဲნဲ᙮।Δڶ٥ 23422ଡխ֮ဲ
ნΔؓ݁ޢᒧဲნଡᑇપ 2800 ૎ዧᠨᇞဲࠢ[11]٥זᄭ੡੍ׄ෼ࠐࠢڗΔڗ 39429 ଡ
ဲნΖ 
ʳ ʳ ੡Ա࠷൓፿ற஄ፖဲࠢڗნऱ२ᆠᣂএΔݺଚଈ٣ലឰဲ৵ऱ፿ற஄ဲნΔ։ܑᙁ

Ե۟ HowNet[8]२ᆠဲ༈ֱބऄΔ֗խઔೃԫဲऑᦰߓอ[2]Δ൷ထലຍࠟጟֱऄࠩބࢬ
ऱ२ᆠဲႃٽΔٌ࠷ႃᗴᙇΔ່৵ᙁנ੡ᆖመᗴᙇመ৵հ२ᆠဲဲნႃٽΖ 

ᆖመՂ૪ޡᨏΔױ৬ࡉࠢڗم፿ற஄ઌڗۿኙᚨᚾࡉຘመ଺٣ᆖመឰဲอૠဲ᙮հ

፿ற஄ဲნဲ᙮।Δ৬ࡉࠢڗم፿ற஄ઌڗۿኙᚨᚾࡉ፿ற஄ဲნဲ᙮।հؾऱ࣍ڇ৬
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 ՀΖڕ࿓ੌمნኙᚨ፿ற஄ဲნհဲ᙮ᣂএΖ৬ဲࠢڗم
i. ऴ൷ֺኙဲࠢڗڶࢬნፖ፿ற஄ဲნဲ᙮।ࢬಖᙕऱ፿ற஄ဲნΔૉઌٵΔঞಖᙕؾ
ছဲࠢڗნ֗ࢬኙᚨհဲ᙮ᑇΔૉྤΔঞಖᙕؾছဲࠢڗნ֗ࠡဲ᙮ᑇ੡ 0Ζ 

ii. ಾኙؾছဲࠢڗნ֗ࠡဲ᙮ᑇ੡ 0 ऱൣउΔࡉࠢڗشܓ፿ற஄ઌڗۿኙᚨᚾΔᛀ਷
ٽ൷ኙᚨ२ᆠဲႃၴױნဲࠢڗছؾ।זΔڶΔૉٽ२ᆠဲႃ࣍෼נܡნਢဲࠢڗ

ნ֗ࠡဲ᙮ဲࠢڗছؾኙᚨဲ᙮ᑇΔૉྤΔঞಖᙕࠡנބࠀհ፿ற஄ဲნΔٻਐࢬ

ᑇ੡ 0Ζ 
ಾኙՂ૪ੌ࿓ 2ຝ։Δݺଚאቹ؄੡ࠏΔ೗๻፿ற஄փڶϘ࿇ཀϙԫဲΔ਷ᇬઌۿ

ڶϘ࿇ཀϙխ֮ဲΔۖڇژլࠢڗ੡Ϙ।ሒΔሒϙΔૉ૎ዧٽኙᚨᚾ࿇෼ࠡ२ᆠဲႃڗ

Ϙ।ሒϙࢨϘሒϙհဲნΔঞ௅ᖕ२ᆠဲኙᚨᣂএΔၴאױ൷ਐٻ፿ற஄ဲნဲ᙮।հ

Ϙ࿇ཀϙࢬኙᚨհဲ᙮ΰ24ڻαΖڼڂΔຘመ਷ބઌڗۿऱֱڤΔڶࢬנބઌڗۿऱဲ
᙮Δ৬م᥆ဲࠢڗ࣍ნऱဲ᙮อૠ।Δױ೚੡ܒឰխ֮ဲნૹ૞࿓৫ऱᙇဲ೶ᑇΖ 

ቹ؄ǵࡉࠢڗ፿ற஄ઌڗۿኙᚨᚾ(ؐ)֗፿ற஄ဲნဲ᙮।(׳) 

ΰԿαխ૎ဲნኙࡉ٨፿ߢᑓী 

ᐞছ৵֮հၴऱჸەآࠀΔݧᓳᖞᙇဲႉڤᑇऱֱڻᙇဲृشࠌࡉ፿ற஄อૠဲ᙮࣍ط

಻ᣂএΔݺڼڂଚشܓ word alignmentऱݾ๬ΔאઝᖂԳᠧ፾հխ૎ኙᅃᠨ፿ؓ۩፿ற
஄੡ࠐᄭΔא GIZA++[6]੡։࣫ՠࠠΔנބᠨ፿ဲิဲࢨნऱኙᅃᣂএ֗ࠡᖲ෷ଖΔࠀ
ຘመאՀᖲ෷ᑓীૠጩאՀऱයٙᖲ෷Ζ 

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

ֆ(1)ڤխࡳᆠ c੡խ֮៬᤟ဲნΔe੡૎֮ဲნΔشܓছԫଡխ֮៬᤟ᙇဲऱ࿨ Δ࣠

ܛ )|Pr( 1ii cc Δؾࡉנބছխ֮៬᤟ဲ ci٥෼ऱᖲ෷Δ֗אխ૎ဲნኙ٨ᖲ෷Δࠟנބ

ृઌଊհ່Օᖲ෷։ᑇΔא२ۿ ),|Pr( 1 iii ecc ऱᑇଖΔ೚੡ᙇᖗխ֮៬᤟ဲ ciऱױ౨ଖΖ 
լመΔ௅ᖕֆࢬ(1)ڤૠጩࠐנऱᖲ෷։ᑇΔႛެࡳ bi-gramऱ៬᤟ᖲ෷ΔૉᏁ૞ૠ

ጩᖞ؁խ֮៬᤟ऱᖲ෷։ᑇΔەܛᐞխ֮؁՗९৫੡ NழΔઌଊڶࢬ bi-gramऱ៬᤟ᖲ
෷Δ࿨࣠ڕՀΖ 

N

i
iiii

N

i
iii ccececc

1
1

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

ጵٽ፿ற஄อૠဲ᙮ᇷಛΕृشࠌᙇဲڻᑇΔشܓ֗אᠨ፿፿றอૠऱᖲ෷ଖΔױ

଺֮ဲნࠢڗᆠࡳᘝၦဲნᙇဲૹ૞࿓৫ऱֱऄᅝ೚೶ᑇΔࠄലຍא eऱڶࢬխ֮៬᤟
ᙇႈ੡ w1, w2,�…wiΔࡳ֗אᆠ፿ற஄อૠဲ᙮ᇷಛ੡Wf(wi)Εृشࠌᙇဲڻᑇ Gf(wi)
ᠨ፿፿றอૠऱᖲ෷ଖشܓ(2)ڤ௅ᖕֆ֗א P(wi)Δ܂੡଺֮ဲნ eհխਬԫ៬᤟ᙇႈ

(1) 

(2) 
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wiᙁԵ۟ԿጟֱऄऱࠤᑇټጠΔࠡઌףऱ։ᑇࡳᆠ S(wi)੡ᙇဲૠ։ࠤᑇऱૠጩ࿨࣠Δ
 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 ऱ່ࠋଖΔڼڂ๻ࡳ = = =1Δז।Կृऱૹ૞ࢤઌٵΖ 

൷ՀࠐΔݺଚലشܓ GIZA++[12]֗ mkcls[11]࿛ՠࠠΔտฯ۶ڕലشܓઝᖂԳᠧ፾
๬Δ൷ထലխݾऱխ૎ᠨ፿፿றΔᆖመ១໢ऱխ૎፿؁ኙ٨ΰsentense alignmentαࠎ༽
֮፿றຝ։Δشܓխઔೃ CKIPឰဲߓอאףឰဲΔ૎֮፿றຝ։Δঞਢᆖመ૎Օ՛ᐊ
᠏ང֗ڗࡉڗشܓհၴ़ػឰဲΔشܓࠐ٦ word clusteringݾ๬Δ৬ဲمნ։ᆢΔףࠀ
ᇷಛΔ່৵ᙁԵ۟ڗ֮ొګ፿ற᠏ངڗᒳᇆΔല֮א GIZA++ขဲسნኙ٨࿨࣠Δࠀေ
۷ࠡኔ᧭ய࣠Ζ 

ᑌઝᖂԳᠧ፾ࢼଚݺ ڣ2002 3ִ۟ ڣ2006 12ִ٥ 110ᒧ֮ີΔ؁ኙᑇΕխ૎ဲ
ნᑇ֗խ૎᜔ဲნଡᑇڕ।ԲقࢬΖ 

।ԲΕኔ᧭፿றࠐᄭอૠ 
؁ኙᑇ ဲნᑇ ᜔ဲნଡᑇ(tokens) 

խ֮ 9313301747 ڗଡ 

૎֮ 
2780؁ 

 390020ଡ ڗ10608

ଈ٣Δ࣍طઝᖂԳᠧ፾֮ີփ୲௑ڤ੡ html ጻ଄௑ڤΔףՂࠡխ૎ኙᅃጻ଄ऱփ
୲ႛشܓ։᥏ऱֱڤΔലխ૎փ୲ܑٺᆜԵؐࠟ׳᥏փΔۖآᑑုࠡխ૎؁՗ઌյኙᅃ

ऱۯᆜΔאી࣍լ౨ฤٽಝᒭᇷறᏁየ؁ߩ՗ኙ٨ΰsentence alignmentαऱයٙΖྥۖΔ
ᅃቹնࠉଚݺ壄壀Δਚࡉ؁՗ኙ٨ΔᏁ૞Օၦऱழၴܡឰਢܒಾኙխ૎፿؁ڤԳՠֱא

հ១؁࣐՗ኙ٨ੌ࿓Δױנބ౨ऱխ૎؁՗ኙ٨࿨࣠Ζ 

ቹնʳ ១؁࣐՗ኙ٨ੌ࿓ 
GIZA++ૠጩ alignment ऱᖲ෷Δ੡ؾᑑ፿ߢ t ९৫ڇ m ߢᄭ፿ࠐ֗א s ९৫ڇ n

යٙՀ፿ნኙ٨ऱයٙᖲ෷Δܛૠጩ )|Pr()|Pr(
1

11

m

j
aj

nm
j

stst Ζྥ ΔۖኔᎾᛀ਷፿ற஄Δ

௅ᖕ፿ற஄༼ࠎऱอૠᇷறၞ۩ֆڤૠጩழΔᄎڂ੡፿ற஄ࠎ༽ࢬऱຝ։ᇷಛլߩΔࠌ

൓යٙᖲ෷ऱଖ੡ 0ऱൣݮΔࢬܛᘯऱ࿕งᇷறΰsparse dataαംᠲΖڼڂΔ੡Ա౨༼
ࣙ alignmentऱ঴ᔆΔᏺֲף৵ૠጩဲნ៬᤟ᖲ෷ऱإᒔࢤΔOch࿛Գڇ  ϘAn࣍ڣ1999
Efficient Method for Determining Bilingual Word Classes�”[5]༼נԫጟ word clustering ֱ
ऄΔല։܉࿕งऱ፿றᇷಛၞ۩։಻ΰpartitionαΔࠌ൓ᆖൄٵழנ෼ऱ໢ԫ፿ဲߢნ
ΰmonolingual wordαࢨᠨ፿ဲნΰbilingual wordα౨ٵڇԫᣊΔࠐࠌܛᄭဲნؾࡉᑑ
ဲნऱኙᅃᇷಛլߩΔՈאޏױᛀ਷ࠐᄭဲნࢬ᥆ऱᣊܑؾࡉᑑဲნऱኙᅃᇷಛΔࠐᏺ

ᖲ֏ࠋԱԫ୚່נ༽ழΔOchՈٵᖲ෷ଖΖࠡף Δࠫڇᓳᖞؾᑑဲნᣊܑ T*ΰtarget word 
class)ࠐࢨᄭဲნᣊܑ S*ΰsource word classαழΔᛀ਷ࠡဲნ៬᤟යٙᖲ෷ଖਢܡฤٽ

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

TSstSs nmn

TS
යٙΔᒔঅ clustering࿨࣠հإᒔࢤΖ 

א word clusteringᄗ࢚੡ഗ៕Δݺଚشܓ Ochၲࢬ࿇ mkclsՠࠠ[11]Δ๻ࡳᏁ૞ച
۩ᑇചڻΰoptimizeαऱ֏ࠋ່۩ ֗ڻ5 word classଡᑇ๻ࡳ੡ 80ଡΔհ৵ᙁԵխ૎፿
ற࿯ GIZA++ച۩Δຘመ EM algorithmΕHMM model֗ IBM-model 1~5հಝᒭመ࿓Δ
֘៿ಝᒭ  խ૎ဲნኙ٨࿨࣠֗խ૎ဲნኙᅃ៬᤟ᖲ෷।ΖנΔᙁڻ5

ڇ 2780 ؁խ૎؁ኙխΔݺଚ࿇෼ڇխ૎ဲნኙᅃ៬᤟ᖲ෷।ᇙΔಾኙխ֮ 9313
ଡဲნኙᚨ۟૎֮ 10608ଡဲნנ٥෼ 18181ጟլဲٵნኙٽ٨ิΖ൷ထΔݺଚലխ૎
ဲნኙᅃ៬᤟ᖲ෷।ᇙנ෼መ 18181ଡ૎֮ဲნΔڬೈઌٵ૎֮ဲნኙᚨڍଡխ֮ဲნ
ऱڻᑇΔױ൓ࠩ 5224ଡլٵ૎֮ဲნऱ൷࠹಻ኙଡᑇΔࡉ଺٣ 10608ଡ૎֮ဲֺለದ
Δ࿇෼ࠐ 5384 ଡ੡ GIZA++ࡳܒ੡૎֮ဲნኙᚨ۟ NULLΔܛ፿றխྤٚ۶ٽᔞխ֮
ဲნࠎױ಻ኙΖૉڬೈ 5384 ଡנآ෼࣍խ૎ဲნኙᅃ៬᤟ᖲ෷।խऱဲნΔ൷ထΔא
Գՠᛀ਷ऱֱڤΔᛀ਷խ૎ဲნኙᅃ៬᤟ᖲ෷।փإᒔ಻ኙऱխ૎ဲኙڶ٥ 3372 ࿝ಖ
ᙕΔڬೈൾઌٵ૎֮ဲნኙᚨڍଡխ֮ဲნऱൣउΔڶࡸ 2761 ଡլٵ૎֮ဲნਢ಻ኙ
 ᒔऱխ֮ဲნᇞᤩΖإ
ʳ ʳ ൷ထΔ௅ᖕֆ(1)ڤΔૠጩխ֮ڗऱิٽᐙ᥼່ࠩ৵խ֮ဲნᙇᖗऱᖲ෷ΔڼڂᏁ
ܛᑓীΔߢᐞխ૎ဲნኙ٨ᖲ෷֗խ֮ᠨຑ፿ە )|Pr( 1ii cc Ζ 

ࠡխΔݺଚ৬مխ֮ᠨຑ፿ߢᑓীऱֱڤ੡شܓ SRI Speech Technology and 
Research Laboratory ࢬ ၲ ࿇ ऱ ۞ ྥ ፿ ߢ ՠ ࠠ SRILM ΰ ጻ ܿ ੡

http://www.speech.sri.com/projects/srilm/αΔᙁԵխ֮፿றᚾ৵Δ௅ᖕอૠٺխ֮ဲნ֗
Հԫଡխ֮ဲნऱנ෼ڻᑇΔૠጩࠡנ෼ᖲ෷Δ່৵ᙁנխ֮፿ߢᑓীᖲ෷।Δڕቹք

 Ζقࢬ
-2.150164 ʳ ʳ ʳ ʳ  ሎ೯ ௣౛ 
-2.139987 ʳ ʳ ʳ ʳ  ሎ೯ ౨Ժ 
-2.153002          ሎ೯ ೜ല 
-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 

ቹքΕխ֮፿ߢᑓীᖲ෷। 
ٺ੡ق։ܑ।ۯรԲଡ᥏ࡉۯᨠኘࠩΔรԫଡ᥏ױቹԿط ˵˼ˀ˺̅˴̀ ဲნՀኙᚨऱ ˿̂˺ʳ

̃̅̂˵˴˵˼˿˼̇̌ΰא ˿̂˺˄˃੡ഗࢍαΖڼڂΔݺଚאϘ̆̃̂̅̇̆ʳ˿˸˴˺̈˸̆ϙ੡ࠏΔࠉᅃֆڤʻ˄ʼޏᐊऱֆ

ছ૎֮੡ʳϘ̆̃̂̅̇̆ʳؾΔૠጩᅝڤ ˿˸˴˺̈˸̆ϙழΔʳ ʳࡳଚᒔݺ Ϙ̆̃̂̅̇ϙ៬᤟੡ʳ Ϙሎ೯ϙΔ

ۖϘ˿˸˴˺̈˸̆ϙ៬᤟ګʳϘᜤᅩϙऱᖲ෷੡Ζʳ

ʳ ʳ ʳ ʳ ʳ ),|Pr( leaguesၮ୏ᖄ࿉ Pr(ᜤᅩ|leagues) * Pr(ᜤᅩ|ሎ೯) 

ࠡխΔPr(ᜤᅩ|leagues)ױᆖطխ૎ဲნኙᅃ៬᤟ᖲ෷।਷נ leagues ᖲ෷່Օऱխ
֮៬᤟ΔPr(ᜤᅩ|ሎ೯)ঞਢᆖطቹԫխ֮፿ߢᑓীᖲ෷।Δנބխ֮ bi-gram ٥෼ऱය
ٙᖲ෷ଖΖ 
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նΕኔ᧭ࡉေ۷ 

ᄭ੡ࠐ૞ऱᇷற׌᧭ଚኔݺ TIMSS1999 ֗ TIMSS2003 ऱᇢᠲΔڇᇢᠲ։ᣊՂΔࠉᅃ
TIMSSஃՕઝඒխ֨ጻ଄Δᎅࣔڇ ૞೴։ᑇᖂ֗ઝᖂᣊ׌ᠲհᇢᠲփ୲Δנࢬڣ1999
ܑΔא׊ࠀഏխԲ్ڣ੡ەᇢኙွΖۖڇ ᅃࠉᠲऱᠲীփ୲ՂΔೈԱנࢬڣ2003 1999
ଚਊݺΔڼڂᇢኙွΖە੡్ڣഏխԲ్֗ڣഏ՛؄אኙွՂঞਢڇऱᇢᠲᣊܑ؆Δڣ

ᅃՂ૪հᇢᠲ։ᣊΔലጻ଄ࠎ༽ࢬऱխ૎ᇢᠲփ୲ΔՀሉࠀ᠏ᚾ੡ొ֮ڗᚾΔ൷ထലᇢ

ᠲ։ᣊ֗ᠲؾଡᑇอૠڕՀΖ 

ቹԮΕTIMSSᇢᠲ։ᣊ֗ᠲᑇอૠᖫणቹ 

ൕቹԮࠐ઎Δ࣍طᇢᠲࠉᅃᑇᖂ֗ઝᖂᏆ഑ऱᒤ໮փ୲Δ֗אլ్ڣٵ։ܑΔڇᣄ

ࢨለֺۯᑇऱᎁᢝΕ໢࣍ऱᑇᖂᄎထૹ్ڣഏ՛؄ڕࠏΖٵլࢬڶ్ڣ࿓৫Ղᄎֺᅃ࣐

ഗ؄ءঞሎጩΔۖഏխԲ్ڣঞೈԱছ૪հഗءᨠ࢚؆ΔᝫᏺזףᑇΕ։ᑇ؄ঞሎጩ࿛

ᄗ࢚ΖڇઝᖂᏆ഑ຝ։Ոڶᣊۿऱᖂ฾ၞ৫։಻Δڕࠏൕഏ՛్ڣ؄ಾኙچઝ֗سढ࿛

ᨠ࢚ΔࠩഏխԲ్ڣঞၞԵ෻֏࿛ᨠ࢚ऱ಻ٽΖ׼؆ΔڇറဲټڶऱشࠌՂΔ֗אᠲؾ

փຫ૪ऱփ୲९࿍ΔഏխԲ్ڣऱփ୲ለഏ՛్ڣ؄ऱဲشՂለ੡ᜱ෡Ζ 
ʳ ʳ ೈԱᘝၦאᇢᠲփ୲੡៬᤟ኙ Δွྒྷ ᇢᒵՂ៬᤟ߓอ֗ߓءอڇᑇᖂ֗ઝᖂᏆ഑៬

᤟࿓৫ऱړᡏΔٵழՈᚨᇠەᐞլ్ڣٵऱᇢᠲփ୲Δ᧭ᢞ៬᤟ߓอڇ៬᤟౨ԺՂΔਢ

్ڣᒔყ೏ऱ᝟ႨΖਚኔ᧭ऱֺለՂਊᅃإ៬᤟్ࠡڣ܅ਊᅃყܡ Εܑᇢᠲጟᣊ։ᣊΰא

ᑇᖂᏆ഑੡ A ᇆΔઝᖂᏆ഑੡ז B ।ڕՕી೴։ױ։ڣᇆα֗ז հิܑ।Δאኔ᧭

ഏխԲ్ڣᇢᠲࡉഏ՛్ڣ؄ᇢᠲኙ࣍៬᤟ய࣠ऱᐙ᥼࿓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 Հጠאዚΰߣอ੡ߓ૞ֺለऱ៬᤟׌᧭ଚኔݺ Google TranslateαࡉႁॡᒵՂ៬᤟
Հጠאอΰߓ Yahoo!αΔߓء֗אอΖࠡխߓءอ௅ᖕֆ(3)ڤ S(wi)հᙇဲૠ։ֆڤᓳ
ᖞΔૠشܓڶ፿ற஄อૠဲ᙮ᇷಛ੡Wf(wi)Εृشࠌᙇဲڻᑇ Gf(wi)֗א௅ᖕֆ(2)ڤ
ᠨ፿፿றอૠऱᖲ෷ଖشܓ P(wi)࿛ᙇဲ࿜ฃΖݺଚऱኔ᧭ؾऱΔ࣍ڇေ۷ߓءอڇլ
ᙇဲ࿜ٵլࢨᙇဲ࿜ฃΔܑٺנބอֺለऱ࿨࣠ΔߓᒵՂ៬᤟ࡉطᙇဲ࿜ฃհՀΔᆖٵ

ฃऱჸ಻հՀΔࠡ៬᤟ֽᄷऱ஁ฆࢤΔٺط៶ࠀᙇဲ࿜ฃኔ᧭ࠐנऱ࿨࣠Δאඈټऱֱ

 Ζٽऱᙇဲ࿜ฃิܓڶอ່ߓءኙנބΔᇢቹڤ
ʳ ʳ  ೴։੡Ζױ٥ٽิࠄᅃຍࠉอߓΔٽᙇဲ࿜ฃऱิٵՀլאᐞەଚݺΔڼ࣍ᦹڶ

i. ᙟᖲᙇ Κဲߓܛอլەᐞٚ۶ᙇဲ࿜ฃΔٚאრᙇဲऱֱڤΔᙁࠡנᙇဲ࿨࣠Δ

417



հ৵Δ៶ڤֱڼطေ۷ࠀኔᢞߓอ່ڇ஁ൣउऱ៬᤟ֽᄷΖ 
ii. ەᐞ៬᤟ଥإၸ੄ᙇဲWf(wi)ᑓڤΚەܛᐞ៬᤟ृᙇဲڻᑇΔࡳެࠐᙇဲႉ
ኔྒྷΔਚ۩ၞױอΔթߓشࠌ៬᤟ृ९ழၴطᑇᏁ૞ᆖڻ៬᤟ृᙇဲ࣍طΖݧ

 խΔྤऄಾኙWf(wi)ຝ։ၞ۩ኔᢞΖߒઔءڇ
iii. ەᐞխ֮፿ற஄ဲ᙮ᙇဲ Gf(wi)Κܛຘመگႃࠐऱ፿ற஄ဲ᙮೏܅Δެࡳᙇဲ
ႉݧΖ 

iv. ەᐞխ૎ဲნኙ٨ᖲ෷֗፿ߢᑓী P(wi)Κشܓܛ GIZA++֗ SRILMՠࠠګݙ
ऱխ૎ဲნኙᅃ៬᤟ᖲ෷।ࡉխ֮፿ߢᑓীᖲ෷।࿛ᇷಛΔᆖطֆ(2)ڤૠጩ
 ᙇဲሁஉΖࠋ່

v. ٵழەᐞ Gf(wi) + P(wi)ᑓڤΚྤڇऄ൓वWf(wi)ᇷಛհൣउՀΔૠጩ 
S(wi)= Gf(wi) + P(wi)ऱᙇဲૠ։࿨࣠Ζ 

ʳ ʳ אছؾشଚආݺေ۷៬᤟ய࣠ऱᑑᄷՂΔڇ n-gram֐ᒔإᒔ෷੡ഗ៕ऱ BLEUࡉ
NISTေ։࿜ฃ੡ᑑᄷΔࠡေ۷ֱڕڤՀΖ 

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)࿛ᙇဲ࿜ฃ
ՀΔࠉᅃ cumulative 4-gram scoringհ BLEUࡉ NIST[7]ေ։ᑑᄷΔല।Կ 6ᣊऱ૎֮଺
֮ᇢᠲΔຑٵஃՕઝඒխ֨ࠎ༽ࢬऱ 6ᣊ଺֮ᇢᠲऱߓอᑑᄷ៬᤟Δߓء֗אอ௅ᖕ 6
ᣊ૎֮଺֮៬᤟ऱߓอ৬ᤜ៬᤟ΔᙁԵ۟ભഏഏ୮ᑑᄷፖݾ๬ݝΰNISTαၲࢬ࿇ऱ
mteval-v10հ BLEUࡉ NISTေ։ՠ ΰࠠጻܿ੡ http://www.nist.gov/speech/tests/mt/scoring/index.htmαΔ

٦ലૠ։࿨࣠ᙁ۟נᚾூΔڕ।قࢬ؄Ζ 
।؄Εߓءอٺᙇဲ࿜ฃհ 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:೶ە៬᤟؁՗९৫
Lsys: ߓอ៬᤟؁՗९৫

),( ssn re ៬᤟؁՗ەอ៬᤟؁՗esፖ೶ߓ
rs֐಻ऱn-gramଡᑇ

),( ssn rec อ៬᤟؁՗esխn-gramऱଡᑇߓ

BP: ९৫ᡕፆڂ՗
Lref:೶ە៬᤟؁՗९৫
Lsys: ߓอ៬᤟؁՗९৫

),( ssn re ៬᤟؁՗ەอ៬᤟؁՗esፖ೶ߓ
rs֐಻ऱn-gramଡᑇ

),( ssn rec อ៬᤟؁՗esխn-gramऱଡᑇߓ

(7) 

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

ֺለՂࣔ᧩૞܅Δ֠ࠡڇխԲ BิΕ՛؄ Aิ֗խԲ ABิՂऱ BLEU։ᑇנ෼ሿ։
ऱൣݮΔז।ߓอ۶ٚྤڇᙇဲֱऄᓳᖞհՀΔࠡ៬᤟ய෷ਢઌᅝ܅ऱΖڇ Gf(wi)፿ற
஄ᙇဲຝ։ΔࡉᙟᖲᙇဲΕP(wi)ࡉ Gf(wi) + P(wi)ऱߓอઌֺΔᝫਢࣔ᧩૞ᚌהࠡ࣍ᙇ
ဲ࿜ฃΖ 

ऱࠋอေྒྷ່ߓءছؾאଚ൷ထݺ Gf(wi)ᙇဲ࿜ฃհ BLEU ࡉ NIST ։ᑇΔࡉ
Google Translateࡉ Yahoo!ᒵՂ៬᤟ߓอֺאףለΔࠡ࿨࣠ڕ।նقࢬΖ 

।նΕߓءอፖᒵՂ៬᤟ߓอհ 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।նאױᨠኘ൓ࠩΔߓอڇ Gf(wi)ᙇဲ࿜ฃհՀΔิٺऱ BLEUଖࡉ NISTଖઃ
ֺ Google Translateࡉ Yahoo!ᒵՂ៬᤟ߓอ૞೏Δ᧩ق৬مԫીࢤ៬᤟ऱဲნิဲࢨΔ
ழ֘ᚨٵΖՈࢤᒔإઝᖂፖᑇᖂઌᣂհխ֮፿றဲ᙮ऱᒔ౨༼೏ᙇဲऱ֗א Yahoo!ࡉ
Google Translate ៬᤟ߓอ๻ૠऱؾऱਢലᐖऑᏆ഑वᢝΰdomain genernalαऱ៬᤟փ
୲Δא፿றอૠխ່ױ౨ऱᙇဲֱڤΔආشऴ൷៬᤟ࢨ phrase-based៬᤟ലփ୲ᙁנΖ
ԵףܛᏆ഑वᢝΰdomain spasificαᒤ໮ऱ೚ऄΔࡳ௽ࠫૻאΔᙇဲ࿜ฃՂለྤऄڼڂ
ऱ๵ঞ᠏ངයဲټڶറࢨᑇᖂ֗ઝᖂᏆ഑ऱׂ፿؁ীڍޓ Δٙࠌ൓֘ᚨߓڇอ৬ᤜ៬᤟

ऱ៬᤟ဲნፖ TIMSS ᇢᠲऱ೶ە៬᤟ऱ࿨࣠ࢬڶ஁၏Δ࣍ط೶ەऱ៬᤟ႛڶஃՕઝඒ
խ֨ಾኙ TIMSS1999֗ ൓ࠌऱ៬᤟փ୲Δءठڣ2003 Google Translateࢨ Yahoo!੡Ա
ᏺף៬᤟࿨࣠ੌዃ৫ףࢬԵհဲნΔױ౨ڂ੡౒הࠡ׎೶ەኙွΔۖᐙ᥼່৵ऱ៬᤟ऱ

঴ᔆإࢨᒔࢤΖ 
ֺለڶᔊऱਢΔൕ।ࡉ؄।նױ࿇෼ەᐞխ૎ဲნኙ٨ᖲ෷֗፿ߢᑓী P(wi)ڇ։

ᑇՂԼ։൷२ Google Translateऱ।෼Δڇ׊ࠀ Gf(wi) + P(wi)ऱᙇဲ։ᑇՂΔٍፖ Gf(wi)
ऱ։ᑇઌ஁լڍΖլመൕຍࠟរऱֺለՂΔઃ࿇෼ףԵ P(wi)ऱ࿨࣠ࠀլ౨ࠌ BLEUፖ
NISTऱ։ᑇ༼֒Δ֘ۖڇ։ᑇՂለ Google Translate֗א Gf(wi)ฃ܅Ζ࣍ط P(wi)אઝᖂ
Գᠧ፾੡ᠨ፿፿றอૠհᖲ෷ᙇဲᑓীΔڇ፿றᣊীՂਢ൷२ TIMSS ᇢᠲऱփ୲Δ᥆
ڇ෻ᓵՂڼڂઝᖂፖᑇᖂᒤᡱΔ࣍ BLEUࡉ NIST։ᑇՂᄎለٵ੡อૠڤ៬᤟੡ഗ៕Δ
٤ಾኙઝᖂᏆ഑อૠऱݙᄭլࠐ፿ற܀ Google Translate૞ړΔ܀սֺႛەᐞଡܑխ֮
៬᤟ᙇႈհဲ᙮೏܅ऱ Gf(wi)հ։ᑇࠐ൓܅Δ׌૞଺ូױڂ౏༓រΖ 
i. อૠ፿றڇᑇၦՂऱլߩΚא࣍ط GIZA++ဲნኙ٨ՠࠠנބࢬհإᒔխ૎ဲნኙ٨
ଡᑇႛڶ 2761ଡΔڇڼڂቃྒྷᔞٽհխ֮៬᤟ᙇႈழࣔ᧩ྤऄࠢڗ੍ׄנބ 39429
ଡ૎֮ဲნխڶࢬխ֮៬᤟ᙇႈऱױ౨ኙ٨ᖲ෷Δױڼڂ౨ᄎڶᙇဲՂऱᎄ஁Ζ 

ii. ߓอขسऱխ֮៬᤟؁՗آᆖٚ۶ဲݧՂऱᓳᖞΚߓ࣍طอ៬᤟ऱᑓڤਢਊᅃ૎֮
ဲნ଺ڶऱဲნႉݧΔല໢ڗፖׂ፿ဲิ֊։৵਷ᇬ੍ׄࠢڗհխ֮៬᤟࿨࣠Δڂ

Δۖٵԫ౳խ֮؁՗լࡉՂݧխ֮ဲڼ P(wi)ڇ፿ߢᑓীऱᖲ෷อૠՂΔਢࠉᅃԫ౳
խ֮ဲݧอૠΔڼڂኔᎾല፿ߢᑓীհอૠ࿨࣠Δ୚ߓء۟شอழΔᄎڂ੡๺ڍխ

֮ bi-gramڇ P(wi)ऱ፿ߢᑓীנآ෼መΔࠌ൓ᖲ෷ଖ੡ 0ऱൣݮΔឈྥڇ೚ऄՂΔ
אଚቃ๻ݺଊՂᄕ՛ᑇΰشܓଚݺ 10-20αऱֱڤΔᝩڂ܍ᖲ෷ଖ੡ 0Δᐙ᥼խ૎ဲ
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ნኙ٨ᖲ෷ऱ࿨࣠Δߓ܀อߪءऱխ֮ဲݧΔսྥᄎທګ P(wi)ኙᅃ፿ߢᑓীऱᖲ෷
ૠጩՂנ෼լ՛ऱᎄ஁Ζ 
ಾኙ 2ऱංᓵΔݺଚ٦৫ಾኙ P(wi)ֆڤऱ࿨ዌΔ೴։ᄅऱኔ᧭ิܑΔၞԫޡ൶ಘ

P(wi)ֆٺڤຝ։ኙ࣍ᖞ᧯ BLEUࡉ NISTଖऱ᧢֏Δࠀ᧭ᢞ 2ංᓵऱإᒔࢤΖطছ૪հ
ֆױ(2)ڤ൓व P(wi)੡ 

N

i
iiii

N

i
iii ccececc

1
1

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

ൕֆת׳(2)ڤຝױ൓व )|Pr( ii ec ੡խ૎ဲნኙ٨ᖲ෷ᑓীΔ )|Pr( 1ii cc ੡խ֮ᠨຑ

፿ߢᑓীΔۖ।ګݙ؄ऱ P(wi)ਢᆖطֆ(2)ڤૠጩऱᙇဲ࿨࣠Δݺڼڂଚ։ֺܑለ໢ᗑ
אխ૎ဲნኙ٨ᖲ෷ᑓীΰشܓ Alignټ࠷αࡉխ֮ᠨຑ፿ߢᑓীΰא Bigramټ࠷αΔ
ࡉ P(wi)࿨࣠Ղऱ஁ฆࢤΔڕ।քقࢬΖ 

।քΕP(wi)ፖܑٺᖲ෷ᑓীհ 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෷։ᑇઌଊۖ൓Δࠩ࠹ Bigram։ᑇለ܅ऱᐙ᥼Δࡉ Alignૠጩऱᖲ෷։
ᑇઌଊᄎࠌ൓່৵ P(wi)ऱᖲ෷։ᑇ܅ޓΔࠡڼڂ NIST ࡉ BLEU ։ᑇՈઌݮለ܅Ζࠀ
Δൕ׊ Align ऱՕຝ։։ᑇΰೈխԲ AB ิα೏࣍ P(wi)ऱൣࠐݮ઎Δױᎅࣔ Align ࡉ
Bigramઌ࿨ٽऱ P(wi)հ৵ࠡ NISTࡉ BLEU։ᑇऱᒔᄎ྇ڶ։ऱய࣠Δٍᢞኔ 2ऱං
ᓵ੡إᒔΖ 

քΕ࿨ᓵ 

۩ၞڤԳՠֱאଚ੡Ա྇֟ஃՕઝඒխ֨ݺխΔߒઔءڇ TIMSS ᇢᠲ៬᤟Εீᒚ
֗ಘᓵऱழၴΔݺଚቫᇢኔ܂ԫ᎖ܗᇢᠲ៬᤟ߓอΔڇေ۷៬᤟ய෷ኔ᧭መ࿓ᅝխΔݺ

ଚຘመ BLEU ֗ NIST ੡ေ۷ਐᑑΔၞ۩ TIMSS ᇢᠲ៬᤟ऱ࿨࣠Δ࿇෼ڇࠌܛਬࠄᙇ
ဲ੡ٚრᙇဲ࿜ฃհՀΔߓอဲნ៬᤟հإᒔ৫Ղ౨ٍ౨ڶ൷२ᒵՂ៬᤟հ࣠ګΖ 

ಾኙ៬᤟࿨࣠ऱੌዃ৫ՂΔឈྥኔृشࠌشܓנ܂տ૿Δၞ۩ᄅᏺဲნ֗ܔೈဲნ

࿛೯܂Δࠐሒࠩ៬᤟࿨࣠ฤٽ፿ऄհ༴૪Δآ܀๠෻ڶᣂ۞೯ဲ྇ףნհᖲࠫΔڼڂΔ

ဲࠄਬנބृࢨ౨ဲნΔױ៬᤟ဲნխ່ՕઌᔣհנބΔܗ᎖៬᤟ᑓীऱڤຘመอૠױ

ნڂઌᔣᣂএۖࠌ៬᤟ဲნขဲ֟྇سნհᣂএΔࠐᏺၞޏࠀ࿳៬᤟ऱੌዃ࿓৫Ζ 
ᣊנބխ૎ଳ࣫ᖫऱኙᚨΔشܓΔڤ፿ऄଳ࣫ऱֱشܓױऱᓳᖞຝ։Δݧ៬᤟ဲڇ

ױՕ່נބ࿓৫Δۿኙᚨᣂএऱઌࠡشܓឰᄅऱ៬᤟؁՗ழΔܒڇऱ࿨ዌኙᚨᣂএΔۿ

౨հဲٽิݧΔࠡխΔᏁ૞ࣚ܌ऱයٙΔ࣍ڇ፿ऄଳ࣫ᖫڇ࿨ዌऱጟᣊՂΔီ༴૪ֱऄ

լױٵ౨ᄎڶ๺ڍլٵऱิٽΔڼڂᏁא։ᣊ֗ઌۿ৫ֺኙऱֱڤΔ່נބ٣Օઌۿհ

՗ᖫ࿨ዌΔհ৵ܒڇឰآव؁՗࿨ዌழΔթ౨ڶயֺ྇֟ኙઌۿհፂ৫ΔٵழΔڇխ૎

ϘભᣝΰBeautifulαϙԫဲΔ૎֮ڕࠏឰऱᑑᄷլԫΔܒࢤဲ࣍طጟᣊऱኙᚨՂΔࢤဲ
ဲნ੡ݮ୲ဲΔۖڇխ֮ဲܒࢤឰՂΔլٵ፿ቼհයٙՀױ౨ࠡխ֮ဲნױ౨ᄎܒᦰګ
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೫ဲݮࢨ୲ဲΔڼڂΔ૞٣౨ᇞެဲܑܒࢤհࣴᆠംᠲΔթၞױ۩Ղ૪։ᣊ֗ઌۿ৫ֺ

ኙհֱऄΔڇຍٵழΔ៬᤟ߓอച۩ழڶ۶ڕய෷ച۩࿨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

1
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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

2
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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.

References
[1] E. Bingham. Advances in Independent Component Analysis with Applica-

tions to Data Mining. PhD thesis, Helsinki University of Technology, 2003.

[2] E. Bingham and H. Mannila. Random projection in dimensionality reduc-
tion: applications to image and text data. In KDD ’01: Proceedings of the
seventh ACM SIGKDD international conference on Knowledge discovery
and data mining, pages 245–250, New York, NY, USA, 2001. ACM Press.

[3] S. Bordag. Word sense induction: Triplet-based clustering and automatic

10

432



evaluation. In 11 th Conference of the European Chapter of the Association
for Computational Linguistics: EACL 2006, pages 137–144, 2006.

[4] T. Honkela and A. Hyvärinen. Linguistic feature extraction using indepen-
dent component analysis. In Proc. of IJCNN 2004, 2004.

[5] T. Honkela, A. Hyvärinen, and J. Väyrynen. Emergence of linguistic fea-
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