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ኴ૞ 

๬խΔսݾऱ۞೯፿ଃᙃᢝ(automatic speech recognition, ASR)נ࿇୶ࢬࠐڣ२Լڇ
ऱ፿ଃ௽ᐛΔۖࢤᦸܑڶࠠسขࠐছጤ๠෻ط៶ቫᇢႛृߒઔڍ๺ڶ ᗑ࣍م৵ጤᑓীಝ

ᒭፖ։ᣊᕴ௽ࢤΖءᓵ֮ڼڇܛ৸ፂՀ༼נኛᄅऱᦸܑڤ௽ᐛ᠏ངֱऄΔጠ੡ཏሙ֏ઌ

ܓڇڱ৫ֺ෷ᦸܑ։࣫(generalized likelihood ratio discriminant analysis, GLRDA)Δࠡۿ
՗़ڼڇऱ௽ᐛ़ၴΖ܅ԫଡፂ৫ለޣ༈࢚৫ֺ෷ᛀ᧭(likelihood ratio test)ऱᄗۿઌش
ၴխΔݺଚլႛەᐞԱ٤᧯ᇷறऱฆֱ஁ࢤ(heteroscedasticity)Δڶࢬܛᣊܑհ٥᧢ฆఢ
ೄױ๯ᐘီچࢤ੡ઌฆΔڇ׊ࠀ։ᣊՂΔڂထݺଚՈലᣊܑၴ່෗෤հൣउΰطဠྤ೗

๻(null hypothesis)ࢬ༴૪αऱ࿇س෷૾່۟܅Δۖሒࠩ࣍ܗڶ։ᣊإᒔ෷༼֒ऱய࣠Ζ
ऱฆټڶᦸܑ։࣫(linear discriminant analysis, LDA)ፖࢤଚՈᢞࣔԱႚอऱᒵݺழΔٵ
ֱ஁ࢤᒵࢤᦸܑ։࣫(heteroscedastic linear discriminant analysis, HLDA)ױ๯ီ੡ݺଚࢬ
Δ੡Աᏺၞ፿ଃ௽ᐛऱ؆ڼΖࠏ৫ֺ෷ᦸܑ։࣫(GLRDA)ऱࠟጟ௽ۿհཏሙ֏ઌנ༽
ൎ೜ࢤΔݺଚנ༽ࢬऱֱऄၞױޓԫچޡፖᙃᢝᕴࠎ༽ࢬऱኔᎾ෗෤ᇷಛ࿨ٽΔۖᛧ൓

 ᒔ෷Ζإ೏ऱᙃᢝޓՂࠟጟႚอֱऄא࣍խ֮Օဲნຑᥛ፿ଃᙃᢝऱኔ᧭խΔઌለڇ

ᣂ᝶ဲΚ፿ଃᙃᢝΕ௽ᐛឯ࠷Εઌۿ৫ֺ෷Εᦸܑ։࣫Ε෗෤ᇷಛ 

 

ԫΕፃᓵ 

੡Ա૾܅ૠጩၦፖᑓীऱᓤᠧ৫Δ፿ଃ௽ᐛ᠏ང(feature transformation)ڇ۞೯፿ଃ
ᙃᢝ(automatic speech recognition, ASR)խފዝԱৰૹ૞ऱۥߡΖ،ऱؾᑑ࣍ڇ༈ޣԫଡ
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ᒵࢤ᠏ང dn×ℜ∈ Δല଺ڇڶ nፂ़ၴऱᜢᖂ௽ᐛٻၦΔދᐙ۟ dፂऱ՗़ၴ(d < n)Δ
๬ݾኔ೭ՂΔ፿ଃ௽ᐛ᠏ངऱڇऱᦸܑԺ[1]Ζۖړለڶᇷறᣊܑၴࠠڇ൓ᄅऱ௽ᐛࠌ
๯։੡ࠟጟᒤᡱױ [2]Κઌ࣍ࠉ։ᣊᕴ (classifier-dependent)ፖᗑ࣍م։ᣊᕴ
(classifier-independent)Ζڇઌ࣍ࠉ։ᣊᕴऱᒤᡱխΔڕਬࠄഗ່࣍՛ଃైᙑᎄ(minimum 
phone error, MPE)[3]ፖ່՛։ᣊᙑᎄ(minimum classification error, MCE)[4]ऱᦸֱܑڤ
ऄΔ᠏ངఢೄਢ࿨ٽᜢᖂᑓী(acoustic models)խऱ೶ᑇ۷ྒྷࢨਢ։ᣊᕴࢬ༳༽ऱ։ᣊ๵
ঞԫޣࠓ൓ΖઌኙچΔᗑ࣍م։ᣊᕴऱᒤᡱঞਢഗٺ࣍ጟլٵऱᣊܑ։ᠦ৫ᑑᄷΔ௽ܑ

ਢ༓۶։ᠦ৫Δڇᜢᖂᑓীಝᒭհছ༉ࠉᖕਝڶऱᣊܑอૠᇷಛנޣ᠏ངఢೄΖڕࠏΔ

ᒵࢤᦸܑ։࣫(linear discriminant analysis, LDA)ܛᇢቹ່Օ֏ᣊܑၴऱ್ּؓ݁၏ᠦؓ
ֱ(squared Mahalanobis distance)[5]Ιۖ೚੡ᒵࢤᦸܑ։࣫(LDA)ऱཏሙ֏Δฆᔆࢤᦸܑ
 ৫(maximumۿՕ֏ઌ່ڇ։࣫(heteroscedastic linear discriminant analysis, HLDA)ঞࢤ
likelihood)ऱ௃ਮՀΔ๠෻ޢԫᣊܑࠠڶઌฆհ٥᧢ฆఢೄऱൣ[6]ݮΖ׼؆Δฆᔆࢤᦸ
ܑ։࣫(heteroscedastic discriminant analysis, HDA)ଡܑەچᐞԱޢԫᣊܑऱ։܉Δۖข
ڍޓ։࣫(HLDA)ࢤᦸܑࢤฆᔆࡉᦸܑ։࣫(LDA)ࢤΙ੡Աঅఎֺᒵ[7]ڤࠤᑑؾᄅऱس
ऱᦸܑᇷಛΔ່Օ֏ٌյᇷಛ(maximum mutual information, MMI)່ࡉ՛։ᣊᙑᎄ(MCE)
ᑑᄷՈ๯֧Եڼᒤᡱխ[8]شࠌΖڼ؆Δ່२ऱઔࡨၲृߒലګኙᆖ᧭ᙑᎄ෷(pairwise 
empirical error rate)٨ԵەၦΔཚඨᙃᢝᕴڇছጤ๠෻ፖ৵ጤ։ᣊၸ੄ऱլԫીࢤ౨ജ૾
 ࿓৫[9-11]Ζࡳԫ۟܅

ኙ࣍ᗑ࣍م։ᣊᕴऱᒤᡱࠐᎅΔឈྥڇᣊܑ։ᠦ৫ፖᙃᢝ࿨࣠հၴսڶژለՕऱ஁

၏ΔՈ༉ਢለ೏ऱᣊܑ։ᠦ৫Δࠀլؘྥঅᢞڶለ܅ऱᙃᢝᙑᎄ෷Ζءڇ܀ᓵ֮խΔݺ

ଚսലઔߒૹរፋྡྷڼ࣍Δ଺࣍ڇڂΚᅝ፿ଃ௽ᐛឯ٤ݙ࠷ፖ৵ጤᜢᖂᑓী։ᠦΔኙ࣍

ለᓤᠧऱ۞೯፿ଃᙃᢝߓอΔᜢᖂᑓীಝᒭᑓڤऱޏ᧢Δ༉ለլᄎᐙ᥼ࠩছጤऱಛᇆ๠

෻Δࠌ൓ߓڼอለ࣐࣍๯։࣫ᇞዌΖۖᅝਬߓࠄอऱᜢᖂᑓীᖲࠫਢࡳࡐऱΔࢨਢא࿏

࿳ޏࢨߒ೯࿏᧯ऱൣउՀΔኙছጤಛᇆ๠෻ၞ۩ઔޓऄྤڇଚ༉౨ݺ෼Δ߷Ꮦܧڤֱ᧯

[12]Ζޓૹ૞ऱਢΔݺଚઌॾڼڇᒤᡱխࢬ๻ૠנऱֱऄΔ౨ജޓᐖऑچᚨהࠡڇشቹ
ীᙃᢝ(pattern recognition)ऱᏆ഑ΔڕԳᜭᙃᢝ࿛Δۖլওૻߓ࣍อᑓীለ੡ᓤᠧऱ፿
ଃᙃᢝΖ 

৫ֺ෷ۿऄΔጠ੡ཏሙ֏ઌֱ࠷௽ᐛឯڤԱԫଡኛᄅऱᦸܑנ༽ଚݺᓵ֮խΔءڇ

ᦸܑ։࣫(generalized likelihood ratio discriminant analysis, GLRDA)Δࠡشܓڇڱઌۿ৫
ֺ෷ᛀ᧭(likelihood ratio test, LRT)ऱᄗࠐ࢚༈ޣԫଡፂ৫ለ܅ऱ௽ᐛ़ၴΖڼڇ՗़ၴ
խΔݺଚլႛەᐞԱ٤᧯ᇷறऱฆֱ஁ࢤ(heteroscedasticity)Δڶࢬܛᣊܑئ᧯հ٥᧢ฆ
ఢೄױ๯ᐘီچࢤ੡ઌฆΔڇ׊ࠀ։ᣊՂΔڂထݺଚՈലᣊܑၴ່෗෤հൣउΰطဠྤ

೗๻(null hypothesis)ࢬ༴૪αऱ࿇س෷૾່۟܅Δۖሒࠩ࣍ܗڶ։ᣊإᒔ෷༼֒ऱய
࣠Ζڼ؆Δૉݺଚ೗๻ڶࢬᣊܑئ᧯݁ᙅ༛೏ཎ։܉(Gaussian distribution)Δ׊ಾኙࠡ
٥᧢ฆఢೄ࿯ղլٵऱૻࠫΔঞཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(GLRDA)ױ๯֏પ۟ႚอ
ऱᒵࢤᦸܑ։࣫ፖټڶऱฆֱ஁ࢤᒵࢤᦸܑ։࣫Ζۖ੡Աᏺၞᜢᖂ௽ᐛऱൎ೜ࢤΔݺଚ

ऱֱऄၞױޓԫچޡፖᙃᢝᕴࠎ༽ࢬऱᆖ᧭෗෤ᇷಛ࿨ٽΖ 

 

ԲΕཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫ 

ΰԫαહན 
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௅ᖕอૠڤ೗๻ᛀࡳ(statistical hypothesis testing)ऱࡳᆠ[13]Δઌۿ৫ֺ෷ᛀࡳ(LRT)
ਢԫጟᐖ੡شࠌऱֱऄΔ៶ထ،ݺଚױᛧ൓ဠྤ೗๻(null hypothesis)H0ፖ٤ݙཏሙ֏հ

ኙم೗๻(alternative hypothesis)H1 ၴઌյֺለऱᛀࡳอૠၦΖءڇᓵ֮խΔဠྤ೗๻

H0 ຏൄ।قլݺ࣍ܓଚऱؾᑑ๻ࡳΔݺࢨଚլᣋࠩߠऱൣउΔڇᦸܑڤ௽ᐛឯ࠷ՂΔ

೗๻հᜤႃ(union)مኙࡉऱൣउΖଖ൓ԫ༼ऱਢΔဠྤ೗๻ࢤլࠠᦸܑ᧯ئᣊܑࠌ੡ܛ
৾੡ݙᖞऱ೶ᑇ़ၴΖ 

ૉ ।ݙقᖞऱ೶ᑇ़ၴ(parameter space)Δۖω।ق๯ဠྤ೗๻ H0ࠫૻࢬऱ೶ᑇ

՗़ၴΔঞઌۿ৫ֺ෷ᛀࡳಾኙဠྤ೗๻ H0ࡉኙم೗๻ H1հၴऱᑑᄷ੡ 

L

L
LR

sup

sup ω
=  (1) 

ࠡխΔ L।قಝᒭᑌء(sample)ᇷறऱઌۿ৫Δ SLsup ঞ।אق S ੡೶ᑇ՗़ၴழऱ່
Օઌۿ৫Ζױ(1)ڤط઎נΔઌۿ৫ֺ෷ᛀࡳਢࠟطଡຝ։ิګΚ່Օઌۿ৫ፖֺ෷Ζ
ٽᔞ່נބ࣍ڇრش৫۷ૠऄ(maximum likelihood estimation, MLE)ऱۿՕ֏ઌ່شࠌ
ࠟଡอૠ೗๻ז່ࠠࢨ।ࢤऱ೶ᑇ۷ૠၦΖۖઌۿ৫ֺ෷ࠡહ৵ऱ᧤ᙀঞ࣍ڇΔૉݺଚ

լەᐞٚ۶ॾ֨৫ၦྒྷ(confidence measure)׊ဠྤ೗๻ H0࿪ኙ੡ట(true)Δঞݙڇᖞ೶
ᑇ़ၴ խऱ່Օઌۿ৫೶ᑇ۷ྒྷؘࡳ࿇ڇس೶ᑇ՗़ၴ੡ωऱൣउΙڼڂΔ ωLsup ፖ

Lsup ࠌᄎॺൄ൷२Δࡳؘ LR ᝟२࣍ 1Ζ֘հΔૉ H0࿪ኙ੡೗(false)Δঞ່Օઌۿ৫
࿇سऱ೶ᑇ़ၴؘࡳլਢωΙڼڂΔ ωLsup ലᄎ᎛՛࣍ Lsup Ζ 

ΰԲαഗءᄗ࢚ 

ઌۿ৫ֺ෷ᛀڇࡳ፿ଃ๠෻ՂऱᚨࠀشլᐖऑΔ२ࠐڣ،ൄ๯࣍شေ۷ଃైၴऱ෗

෤࿓৫(phonetic confusions)[14]ࢨਢ፿ଃ੒೯ೠྒྷ(voice activity detection, VAD)[15]Ζڇ
ᦸܑڤ፿ଃ௽ᐛឯݾ࠷๬խΔݺଚࠀլؚጩጹയچᙅᅃઌۿ৫ֺ෷ᛀࡳऱመ࿓Δۖؾᑑ

Ոլࠉڇᖕอૠၦࠐᛀࡳဠྤ೗๻ਢటਢ೗Ζݺଚऱؾᑑ࣍ڇ༈ބԫଡދᐙ՗़ၴΔࠌ

൓ဠྤ೗๻ڼڇ՗़ၴխጐױ౨լᄎ੡టΖ੡Աڶࢬࠌᣊܑڼڇ᧯ئ՗़ၴխࠠڶᦸܑ

 อૠ೗๻ΚڤՀऱᦸܑאଚ๻ૠԱݺΔࢤ

ઌฆ݁᧯ئᣊܑڶࢬ

ٵઌ݁᧯ئᣊܑڶࢬ

:
:

1

0

H
H

 

ऱ՗़ၴࠩބࢬଚݺΔڼڂ dn×ℜ∈ Δؘႊጐױ౨چං៬լࠠᦸܑࢤऱဠྤ೗๻ H0Δ

Ո༉ਢࠡࠌઌۿ৫່՛Ζཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫ (generalized likelihood ratio 
discriminant analysis, GLRDA)ؾᑑױঁڤࠤᐊګ 

)(sup
)(sup)()( GLRDAGLRDA

ᖞऱ೶ᑇ़ၴݙ

೶ᑇ՗़ၴڶࢬᣊܑئ᧯݁ઌٵऱ

L
LLRJ ==  (2) 

᠏ངఢೄ ֏՛່ط៶ױঁ )(GLRDAJ  ൓Ζޣ

ΰԿαֱٵ஁ࢤ(Homoscedasticity) 

ԫ౳ࠐᎅΔݺଚᄎאᣊܑئ᧯հཚඨଖٻၦऱ۷ૠၦګݮࢬऱ़ၴ܂੡ܒឰڶࢬᣊ
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ޢΔՈ༉ਢ(homoscedasticity)ࢤ஁ֱٵࠠ᧯ئᣊܑڶࢬऱ೶ᑇ़ၴΖૉٵઌܡਢ᧯ئܑ
ԫᣊܑڶࠠ᧯ئઌٵऱ٥᧢ฆఢೄΔঞח i੡ޢԫᣊܑئ᧯ iC ऱཚඨଖٻၦΔ i੡ޢ

ԫᣊܑئ᧯ iC ऱ٥᧢ฆఢೄΔ homo
0H ࡉ homo

1H  ੡Κࡳ๻ױ

=
==

Ζ ΔΔޢ׊ԫᣊܑ:
Ζ ΔΔޢԫᣊܑ:

homo
1

homo
0

լ۶ૻࠫٚ࠹ኙ࣍

ኙ࣍

iii

iii

CH
CH

 

homo
0H ٚڶ޲٤ૹᦤΔՈ༉ݙ༓२᧯ئᣊܑڶࢬ।ԱԫጟᄕጤऱൣउΔૉ،੡టΔঞז

۶ᦸܑࢤΖڼڂΔཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(GLRDA)ऱٚ೭ڇܛ homo
0H ່լױ౨੡ట

ऱൣउՀΔٽ່נބᔞऱދᐙ՗़ၴΖ 

ࢤΔঞᒵ(Gaussian distribution)܉ᙅ༛೏ཎ։݁᧯ئԫᣊܑޢᠲᢞࣔԱૉࡎՀऱא
ᦸܑ։࣫(LDA)᠏ངఢೄΔ࿛࣍ٵല homo

0H ፖ homo
1H ᆜ࣍ཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫

(GLRDA)ऱ௃ਮՀޣᇞΖ 

᧯ئԫᣊܑޢᠲԫΚૉࡎ iC ຟࠠڶ೏ཎ։܉Δঞ່՛֏ཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫
(GLRDA)ऱؾᑑڤࠤ 

)(sup
)(sup

)(
homo
1

homo
0homo

GLRDA
H

H

L
L

J =  (3) 

࿛່࣍ٵՕ֏ᒵࢤᦸܑ։࣫(LDA)ऱؾᑑڤࠤ 

||
||)(LDA

S
S

W
T

B
T

J =  (4) 

ࠡխΔ nn
B

×ℜ∈S ࡉ nn
W

×ℜ∈S ։ܑז।ᣊܑၴཋ܉ఢೄ(between-class scatter matrix)ፖᣊ
ܑփཋ܉ఢೄ(within-class scatter matrix)[16]Ζ 

ᢞࣔΚ੡ԱֱঁದߠΔݺଚ٣ല࠷(3)ڤኙᑇΔຍࠀլᐙ᥼ ऱޣᇞΚ 

)(logsup)(logsup)(log homo
1

homo
0

homo
GLRDA HH LLJ −=  (5) 

ۖ )(log homo
0HL ࡉ )(log homo

1HL ᇷறڶࢬء੡ᑌق։ܑ।ޡ๯ၞԫױ N
1x ೏ཎ։࣍᥆ࢬڇ

 ৫ΚۿՀऱઌ᧯ئհᣊܑ܉

( )
=

−− ++−−−=

=
C

ii
ii

T
i

i

N
H

ndNg

pL

|~|log)~~trace()~~(~)~~(
2

),(

),,,(log)(log

11

1homo
0

Smm

x
 (6) 

( )
=

−− ++−−−=

=
C

ii
iii

T
ii

i

i
N

H

ndNg

pL

|~|log)~~trace()~~(~)~~(
2

),(

),},{,(log)(log

11

1homo
1

Smm

x
 (7) 

ࠡխΔ )2log()2(),( πNddNg −= ΔN ੡ᑌڶࢬءᇷற᜔ᑇΔ in ੡ᣊܑ iC ऱᇷறᑇΔC
੡ᣊ᜔ܑᑇΔd੡ދᐙ৵հ௽ᐛ՗़ၴऱፂ৫ΰࢨ௽ᐛᑇαΙ im~ ࡉ iS~ ։ܑ੡ᆖመ ᠏ང
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৵ऱᑌءཚඨଖٻၦፖ٥᧢ฆఢೄΔۖ~Ε }~{ i ࡉ
~
ঞਢ௅ᖕอૠ೗๻ homo

0H ፖ homo
1H ۖ

๻ࡳհᆖመ ᠏ང৵ऱئ᧯ཚඨଖٻၦፖ٥᧢ฆఢೄΔݺܛଚࢬ૞۷ૠऱ೶ᑇΖ 

඿ޣ൓ڇ೗๻ homo
0H Հऱ່Օઌۿ৫۷ૠၦ homo

0
~ ࡉ homo

0
~

Δױല(6)ڤ։ܑኙ~ࡉ ~

ೣპ։Δࠡחࠀ੡ 0Δױ൓Κ 

( )

( )

mm

m

Smm

~~~
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ല ii m~~homo

,1 = ࡉ WS~~ homo
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ࠤᑇ੡໢ᓳᎠᏺ(monotonically increasing)ࠤ੡ኙᑇڂΖנޣࠐ(14)ڤ֏՛່طᆖױ
ᑇΔאࢬ Ո່ط៶ױՕ֏(14)ڤխऱ |||| SS W
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։࣫(LDA)ऱؾᑑڤࠤΰ(4)ڤαΖ  

ΰ؄αฆֱ஁ࢤ(Heteroscedasticity) 

෼ڇΔݺଚەᐞฆֱ஁ࢤऱอૠ೗๻[17]Κ 
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݁լ۶ૻࠫٚ࠹ፖ

լ۶ૻࠫٚ࠹Δ
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ُᅃࡎᠲԫऱֱڤΔཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(GLRDA)ऱؾᑑױڤࠤᐊګΚ 
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।ԫូ౏Աཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(GLRDA)ڇլٵ೗๻ՀऱอૠၦΖ،ਢԫ
ଡለՕհઌۿ৫ֺ෷ऱ௃ਮΔլႛਢᒵࢤᦸܑ։࣫(LDA)ऱཏሙ֏ڤݮΰࠡ᠏ངఢೄױ
ط homo

0H ፖ homo
1H ऱઌۿ৫ֺ෷൓ࠩαΔאՀࡎᠲٍᢞࣔԱ،Ոਢฆֱ஁ࢤᒵࢤᦸܑ։࣫

(HLDA)ऱཏሙ֏ڤݮΖ 
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࣫(GLRDA)ਢฆֱ஁ᒵࢤᦸܑ։࣫(HLDA)ऱཏሙ֏ڤݮΖ 
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||log
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ৰࣔ᧩چΔૉլەᐞൄᑇ ||log)2( TN S− Δঞ(30)ڤ࿛࣍ٵཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫

(GLRDA)խΔ homo
0H ፖ heter

1H ܶૹ૞ႈհ່Օኙᑇઌۿ৫ֺ෷ΰߠ।ԫαΖ  

৫ֺ෷ᦸۿհཏሙ֏ઌࢤᦸܑ։࣫(HLDA)ፖฆֱ஁ࢤΔฆֱ஁ᒵנ઎ױᠲԲࡎط
ܑ։࣫(GLRDA)ऱ׌૞஁ܑ࣍ڇဠྤ೗๻ 0H ऱ๻ࡳΔฆֱ஁ᒵࢤᦸܑ։࣫(HLDA)ऱဠ
ྤ೗๻ homo

0H ለ੡ᣤ௑Δઌኙچ૞ࠌ،ጐױ౨լ࿇سऱᣄ৫Ոለ܅Ζ֘հΔฆֱ஁ࢤհ

ཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(GLRDA)ऱဠྤ೗๻ heter
0H ऱ೶ᑇ़ၴ༉ֺለՕΔᚨسขࢬ

ᄎࠌ൓נބऱދᐙ՗़ၴڇᣊܑᦸܑࢤՂ༉ለ੡ൎ೜(robust)Ζ 

 

ԿΕ෗෤ᇷಛऱۼ࢏ 

৫ֺ෷ᦸܑ։࣫(GLRDA)ऱဠྤ೗๻ۿհཏሙ֏ઌࢤฆֱ஁ط heter
0H ઎Δ،๻უࠐ

ࡳኔՂຍଡ೗๻ऱ๻ࠃ܀ԫದΔڇૹᦤ׏ᐙ՗़ၴխ༓ދڇၦٻऱཚඨଖ᧯ئԫᣊܑޢ

ऄհMATBNಝᒭ፿றΰ೶ֱ࠷੡ᜢᖂ௽ᐛឯ܂ᦸܑ։࣫(LDA)ࢤᒵشࠌڇ壄ᒔΖؘآ
ױΔݧՕ۟՛ඈط෗෤࿓৫ࠡࠉᣊܑ಻ኙΔڶࢬଚലݺร؄ᆏαऱଃైᙃᢝ࿨࣠խΔߠ

൓ࠩছ Kଡᣊܑ಻ኙΔڕ।ԲΖᜰࠐࠏᎅΔڇ।ԲխΔ່࣐࣍෗෤ऱଃైᣊܑ಻ኙਢ(in, 
ingαΔࠡᙑᎄଃ௃ᑇ੡ 66,353Δ।ق଺ء᥆࣍ଃై inࡉ ingΔথ։ܑ๯ᙃᢝᕴᙑ։۟ଃ
ై ingࡉ inऱଃ௃᜔ᑇΖՈ༉ਢᎅΔאᆖ᧭ᇷಛขسऱࠃኔࠐ઎Δݺଚ່լᣋრࠩߠऱ
೗๻Δ༉ਢࠌຍ࣐࣍ࠄ෗෤հᣊܑ಻ኙऱཚඨଖٻၦ༓׏ૹᦤڇԫದΔۖॺޓᐖऑऱ೗

๻٤᧯ᣊܑئ᧯հཚඨଖٻၦૹᦤΔڂ੡ຍ࣐࣍ࠄ෗෤հᣊܑ಻ኙթਢ٤᧯ᙑᎄऱ׌૞

࿇෼પছאױଚݺᄭΖ٦ृΔൕቹԫխࠐ ᖄԱપ׌෗෤հᣊܑ಻ኙ࣐࣍10% 80%ऱᙑ
ᎄଃ௃᜔ᑇΖ 

ՀൣउΚאسၦૹᦤऱ೗๻Δঞᄎ࿇ٻᣊܑ಻ኙհཚඨଖࠄᐞຍە׽ଚݺਢΔૉ܀

।ԲΕMATBNಝᒭ፿றհଃైᙃᢝխছ  ෗෤հଃైᑓী಻ኙ࣐10ิ່

K ᣊܑΰଃైα಻ኙʳ ΰRCDᑓীα ᙑᎄଃ௃ᑇ 
1  inʳ (ԣԟ) ingʳ (ԣԡ) 66,353  
2  anʳ (Ԟ) engʳ (ԡ) 42,550  
3  iʳ (ԣ) silʳ (ᙩଃ) 31,796  
4  uʳ (Ԥ) silʳ (ᙩଃ) 29,082  
5  sic_eʳ (Ԙऱ़ᜢئ) silʳ (ᙩଃ) 26,134  
6  sic_iʳ (ԣऱ़ᜢئ) silʳ (ᙩଃ) 25,709  
7  ingʳ (ԣԡ) silʳ (ᙩଃ) 21,629  
8  g_uʳ (ԉԉԤ) silʳ (ᙩଃ) 19,197  
9  ianʳ (ԣԞ) ieʳ (ԣԙ) 17,212  
10 sic_iʳ (ԣऱ़ᜢئ) iʳ (ԣ) 17,022  
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ቹԫΕছ˞ิ࣐࣍෗෤հᣊܑ಻ኙፖีᗨᙑᎄଃ௃ֺ෷ቹʳ

ΰᖩၗ੡ 10K Δ᜕ၗ੡ีᗨᙑᎄଃ௃ֺ෷αʳ

ૉᣊܑ಻ኙ 1C ፖ 2C ੡່෗෤հ಻ኙΔঞဠྤ೗๻ױ๻ࡳ੡ 21 = Ιۖᣊܑ಻ኙ 2C ፖ 3C
੡ڻ෗෤հ಻ኙΔঞဠྤ೗๻ױᏺף 32 = ΖڼڂΔᖞଡဠྤ೗๻ࠓٽױ੡

321 == ΖՈ༉ਢᎅΔݺଚؘႊڇᣊܑ಻ኙႃٽխڶࢬࠩބઌᣂऱᣊܑ಻ኙګิא

෗෤ᆢፋ(confusable cluster)ΔڕቹԲΖૉݺଚڶࢬނᣊܑီ੡ቹݮ(graph)խऱរ
(vertex)Δ࣐ۖ࣍ط෗෤հᣊܑ಻ኙࢬ৬مऱᣂএီ੡ࠟរհၴऱᢰ(edge)Δঞ෗෤ᆢፋ
ऱขױس๯ီ੡༈ބቹݮ(graph)խڶࢬऱຑຏ՗ቹ(connected subgraph)ΖאࢬΔݺଚױ
ᇞެຍଡംࠐዝጩऄ(flood fill algorithm)[19]ΔךየֽჄڕቹᓵխऱዝጩऄΔࠄԫشࠌא
ᠲΖ 

෗࣍ഗګߜޏ৫ֺ෷ᦸܑ։࣫(GLRDA)ۿհཏሙ֏ઌࢤലฆֱ஁אױଚݺΔڼڂ
෤ᇷಛհཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫ (confusion information based GLRDA, 
CI-GLRDA)Κח }{: kGG ੡ڶࢬ௅ᖕছ Kิ࣐࣍෗෤հᣊܑ಻ኙΔشܓࠀየֽჄךዝጩ
ऄנޣհᆢፋऱႃٽΔঞࠡဠྤ೗๻ፖኙم೗๻ױ๻ڕࡳՀΚ 

C1 

C2

C4

C3

C6 

C7

C9

C8
G1

G2

G3

ቹԲΕᣊܑ಻ኙፖᆢፋقګݮრቹʳ
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Ζ ݁ܧ೏ཎ։ؒΔޢ׊ԫᣊܑ:

:ԫᣊܑޢ׊೏ཎ։ؒΔܧ݁
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ࠡխΔ il ੡ᆢፋᒳᇆΔࠐشᑑقᣊܑ iC ᥆ऱᆢፋΖࢬ
 

ᣊ࣍ۿՂԫᆏऱ່Օ֏ઌۿ৫۷ૠऄΔݺଚױ൓ࠩഗ࣍෗෤ᇷಛհཏሙ֏ઌۿ৫ֺ

෷ᦸܑ։࣫(confusion information based GLRDA, CI-GLRDA)ؾᑑڤࠤΚ 
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ኙ(31)ڤۖ ऱԫၸೣᖄᑇٍױ।ګقΚ 
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؄Εኔ᧭࿨࣠ፖ։࣫ 

ΰԫαኔ᧭๻ࡳ 

ऱ፿ற஄੡MATBNխ֮ሽီᄅፊ፿ற[20]Δփܶ؆໱ಖृऱ፿றشࠌ૞׌ᓵ֮ء
᜔٥પ 27՛ழΔࠡխ 24.5՛ழΰ5,774؁Δګ֊٦ 34,672ଡ࿍ࠎ؁ᜢᖂᑓীಝᒭհشα
೚੡ᜢᖂᑓীಝᒭऱ፿றΔ1 ՛ழΰ230 ؁α੡ᙃᢝေ۷ऱᇷறΔڶ׼ 1.5 ՛ழΰ292
؁αঞ੡࿇୶ႃ(developing set)Δࡳެࠐش௽௘೶ᑇऱᓳᖞΔڕඪ৫Հ૾࿛່ࠋ֏ֱऄ
ऱᎠಱڻᑇڇࢨՂᆏխ༼ࠩऱ KΖ 

੡່܂මዿଙ᙮ᢜএᑇ(Mel-frequency cepstral coefficients, MFCCs)شࠌᓵ֮խءڇ
ഗءऱ፿ଃ௽ᐛ೶ᑇΖڇᜢᖂᑓীຝ։Δݺଚലޢଡխ֮ီڗ੡طԫଡᜢئፖԫଡᣉئ

ᑓী(hidden Markov models, HMMs)Δ։ܑ֛ױ್ڤ៲ऱឆ׳۟ؐطڤႚอشΔආګิ
੡ᜢ֗ئᣉئ৬م INITIALፖ FINALᑓীΔە׊ࠀᐞᜢئᄎ׳࠹ઌຑᣉئᐙ᥼ࠡ࿇ଃ
௽ࢤΔאࢬආ׳شઌᣂᜤᑓীΔ(right-context-dependent model, RCD model)ΔףՂԫଡ
ᙩଃ (silence)ᑓীΔ᜔ڶ٥ 151 ଡᜢᖂᑓী [21]Ζᜢᖂᑓীᄎຘመ EM ዝጩऄ

(expectation-maximization algorithm)Δᆖመ ፿ڇ৫ಝᒭۖ൓ΖۖۿᎠಱऱ່Օ֏ઌڻ10
 ᑓী(word bigram and trigram languageߢԿຑ፿ဲ֗אԱဲԲຑشࠌଚݺᑓীֱ૿Δߢ
models)Δאࠀൕխ؇ຏಛष(Central News AgencyΔCNA)2001ፖ ႃࠩऱપگࢬڣ2002
ԫᏙԮՏᆄଡխ֮ڗ፿ற܂੡હན፿ߢᑓীಝᒭழऱಝᒭᇷறΖءᓵ֮խऱ፿ߢᑓীಝ

।ԿΕฆֱ஁ࢤհཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫ڇլٵཚඨଖ۷ૠՀհإᒔ෷(%)

GLRDA Without MLLT With MLLT 
ᦞૹؓ݁(weighted mean) 62.34 74.88 
ጩ๬ؓ݁(arithmetric mean) 58.68 74.45 
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ᒭՠࠠආش SRI Language Modeling Toolkit (SRILM)[22]Ζ༉אමዿଙ᙮ᢜএᑇ(MFCCs)
੡ഗ៕ኔ᧭(baseline)ۖߢΔࠡဲᙃᢝإᒔ෷(character accuracy)੡ 72.23%Ζ 

ΰԲαኔ᧭࿨࣠ 

ᦸܑࢤᒵࢤᦸܑ։࣫(LDA)Εฆֱ஁ࢤᒵڕऄΔֱ࠷ࢼऱૹ૞௽ᐛࠩ༽ࢬᓵ֮խء
։࣫(HLDA)Εฆֱ஁ࢤᦸܑ։࣫(HDA)Δݺ֗אଚנ༽ࢬऱཏሙ֏ઌۿ৫ֺ෷ᦸܑ։
࣫(GLRDA)Δຟਢڇش܂ 162ፂ(n = 162)ऱ၌్ٻၦ(super-vector)Ղၞ۩૾ፂ๠෻Ζڼ
၌్ٻၦਢطຑᥛ 9ଡଃ௃հමּៀंᕴิ(Mel-frequency filterbank)ࢬᙁנऱ 18ፂ௽
ᐛٻၦۭ൷ۖګΔؾऱ࣍ڇ஢஦ଃ௃ၴऱ೯ኪᇷಛΖۖ ੡ࡳᑑፂ৫ঞ๻ؾ 39ፂ(d = 39)Δ
Ζ։ᣊ٭ጟֱऄऱᚌٺለֺچࢤࡳऱൣउՀΔࡳࡐ՗़ၴፂ৫ڇଚ౨ݺࠌ࣍ڇऱঞؾࠡ

ऱ່՛໢ۯঞਢאឆ៲֛ױ್ڤᑓী(HMMs)խऱणኪ(state)੡׌Δࠀᆖطԫଡᙃᢝய࣠
ለ೏ऱߓอಾኙޢԫಝᒭ፿؁ၞ۩ൎࠫீᄷ(forced alignment)Δൕۖขس፿؁խऱᣊܑ
ΰଃైࡉणኪα։੺Ζۖ෗෤ᇷಛऱᛧ൓ڼאܛ੡إᒔ࿠ூΔಾኙޢԫଃ௃ၞ۩ᣊֺܑ

ኙۖ൓Ζ࣍طຍࠄ௽ᐛ᠏ངֱऄࢬឯנ࠷ऱ௽ᐛٻၦࠀլᄎࠌ൓ٺଡᣊܑऱ٥᧢ฆఢೄ

੡ኙߡ֏Δᄎທګ৵ጤឆ៲֛ױ್ڤᑓী(HMMs)೶ᑇऱ۷ૠ؈టΔݺאࢬଚቫᇢڇຍ
 ,᠏ང(maximum likelihood linear transformationࢤ৫ᒵۿՂ່Օ֏ઌף۞ٺऄ৵ֱࠄ
MLLT)[23]Ζ 

(25)ڤࠤᑑؾڇ࣍ط৫ֺ෷ᦸܑ։࣫(GLRDA)ऱຝ։Δۿհཏሙ֏ઌࢤฆֱ஁ڇ
խΔ heter

0 ऱຝ։ਢ௅ᖕ२۷ۿૠࠐऱΔݺଚڼڇආ࠷Աࠟጟ२ڤֱۿΔԫጟ༉ਢ(18)ڤ
 ՀΚڕقऱᦞૹؓ݁(weighted mean)Δ।ࠩ༽ࢬ

=

−
−

=

−=
C

ii
iii

C

ii
ii nn mSS 1

1
1heter

0  (33) 

 ՀΚڕقᇷறऱጩ๬ؓ݁(arithmetric mean)Δ।᧯ԫጟঞਢ٤׼ۖ

=
=

N

ii
i

N
x1heter

0  (34) 

।Կ᧩قԱฆֱ஁ࢤհཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(GLRDA)ڇլٵཚඨଖ۷ૠၦՀհ
੡܂ᦞૹؓ݁אΔנ઎אױଚݺᒔ෷Ζإဲ heter

0 ۷ૠၦऱய࣠ለړΔڼڂΔڇհ৵ഗ࣍

෗෤ᇷಛऱཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(CI-GLRDA)ΔݺଚՈᄎආٵشᑌऱ๻ࡳΖڼ؆Δ

।؄Εٺጟ௽ᐛឯֱ࠷ऄڇխ֮ՕဲნᙃᢝߓอՀհဲإᒔ෷(%) 

ֱऄ Without MLLT With MLLT 
ᒵࢤᦸܑ։࣫(LDA) 71.46 74.33 
ฆֱ஁ࢤᒵࢤᦸܑ։࣫(HLDA) 70.28 74.88 
ฆֱ஁ࢤᦸܑ։࣫(HDA) 71.36 74.53 
ฆֱ஁ࢤհཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫ 
(Heteroscedastic GLRDA) 62.34 74.88 

ഗ࣍෗෤ᇷಛհཏሙ֏ઌۿ৫ֺ෷ᦸܑ

։࣫(CI-GLRDA) 63.62 75.26 

17



ᆖመآ࿇෼אױଚՈݺ MLLT ๠෻ऱฆֱ஁ࢤհཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫
(GLRDA)Δᙃᢝ෷սೣ܅Ζຍਢڂ੡௅ᖕࠡᑑᄷנޣڤࠤऱ᠏ངఢೄΔࠌڶ޲ࠀ൓ޢ
ԫᣊܑऱ٥᧢ฆఢೄ᝟࣍ኙߡ֏ऱய࣠Ζ 

।ٺנق᧩؄ጟ௽ᐛឯֱ࠷ऄڇՕဲნຑᥛ፿ଃᙃᢝհဲإᒔ෷ΖࠡխΔฆֱ஁ࢤ

ᦸܑ։࣫(HDA)ऱؾᑑױڤࠤ।ق੡Κ 

||log||log)(
1

HDA SS B
T

i
T

C

i
i NnJ +=

=
 (35) 

Ζଖޡპၞࠄڶᙃᢝ෷Ղڇऄֱ݁ၞޏᦸܑ։࣫(LDA)ऱࢤጟಾኙᒵٺ࿇෼Δאױଚݺ
൓ࣹრऱਢΔףآڇMLLTݾ๬ऱൣउΔאᒵࢤᦸܑ։࣫(LDA)੡ഗ៕ऱֱऄࠀլᄎᚌ
ᦸܑ։࣫ࢤᒵאՂΔ܂Օဲნ፿ଃᙃᢝՠڇමዿଙ᙮ᢜএᑇΰMFCCsαΔຍՈ᧭ᢞԱ࣍
(LDA)੡ഗ៕ऱֱऄᄎڂထ፿றऱլࢨړࢨڶۖٵ஁ऱ࿨࣠[24-25]ΖۖףڇԵԱMLLT
ᦸܑ։࣫(HLDA)ፖฆֱࢤᒵࢤฆֱ஁ڕऱֱऄΔࢤฆֱ஁ڶ๬հ৵Δဠྤ೗๻փࠠݾ
஁ࢤհཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(Heteroscedastic GLRDA)Δᄎڶԫીऱኔ᧭࿨࣠
ΰ74.88%αΔՈຟ౨઎ؚנధႚอᒵࢤᦸܑ։࣫(LDA)խֱٵ஁ࢤऱய࣠Ζᅝݺଚၞԫ
ऱࠋ່נࡳ࿇୶ႃ፿றެطࠀԵ෗෤ᇷಛ৵Δףچޡ K ଖΰK = 100αΔᙃᢝய࣠ړޓ
ΰ75.26%αΔՈᢞࣔԱאᆖ᧭ᇷಛ܂੡᎖ܗΔ௅ᖕᣊܑऱ௽ࢤ๻ૠנᔞᅝऱဠྤ೗๻ਢ
 ։ᣊऱΖ࣍ܗڶ

 

նΕ࿨ᓵፖࠐآ୶ඨ 

ԱኛᄅऱΕנ༽ԫጟොᆠՀΔ׼৫ֺ෷ᛀ᧭(LRT)ऱۿઌ࣍Δഗ࣍ڇ૞ಥ᣸׌ऱ֮ء
፿ଃ๠෻ՂΔՈ౨ജڇشࠌאױଚऱֱऄլႛݺΖ࠷௽ᐛឯڤཏሙ֏ऱ௃ਮၞ۩ᦸܑޓ

ᚨהࠡڇشᏁ૞௽ᐛឯ࠷ऱᏆ഑խΔۖᛧ൓ࠠޓᦸܑࢤऱ௽ᐛΖڼ؆ΔݺଚऱֱऄՈ౨

ፖᣊܑ෗෤ᇷಛ࿨ٽΔګࠡࠌ੡෻ᓵፖᆖ᧭ଫࠠऱֱऄΖ 

ཏሙ֏ઌۿ৫ֺ෷ᦸܑ։࣫(GLRDA)ऱᒔࠠၞڶԫޡઔߒऱ़ၴΚݺࠐآଚᄎቫ
ᇢٺጟല෗෤ᣊܑ։ᆢऱֱऄΔנބ᥆࣍፿ଃᇷறխΔ່෗෤ࠌࢨ൓ᙃᢝ෷່஁ऱဠྤ

೗๻।قऄΔࠠޓࠡࠌ։ᣊՂऱז।ࢤΖ 

 

քΕી᝔ 

ء ઔ ߒ ࢭ ፞ ഏ ઝ ᄎ ઔ ߒ ૠ ྽ NSC 98-2221-E-003-011-MY3 Ε NSC 
96-2628-E-003-015-MY3ΕNSC 97-2631-S-003-003ऱຝ։ᇖܗΔႛڼી᝔Ζ 
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Abstract 

Word boundary detection in variable noise-level environments by support vector 
machine (SVM) using Low-band Wavelet Energy (LWE) and Zero Crossing Rate (ZCR) 
features is proposed in this paper. The Wavelet Energy is derived based on Wavelet 
transformation; it can reduce the affection of noise in a speech signal. With the inclusion of 
ZCR, we can robustly and effectively detect word boundary from noise with only two 
features. For detector design, a Gaussian-kernel SVM is used. The proposed detection 
method is applied to detection word boundaries for an isolated word recognition system in 
variable noisy environments. Experiments with different types of noises and various 
signal-to-noise ratios are performed. The results show that using the LWE and ZCR 
parameters-based SVM, good performance is achieved. Comparison with another robust 
detection method has also verified the performance of the proposed method.  
 

Keywords: Speech detection, word boundary detection, support vector machine, wavelet 
transform, noisy speech recognition.  
 
1. INTRODUCTION 

For speech recognition, the detection of speech affects recognition performance. A 
robust word boundary detection method in the presence of variable-label noises is necessary 
and is studied in this paper. Depending on the characteristics of speech, a variety of 
parameters have been proposed for boundary detection. They include the time energy (the 
magnitude in time domain), zero crossing rate (ZCR) [1] and pitch information [2]. These 
parameters usually fail to detect word boundary when signal-to-noise ratio (SNR) is low. 
Another parameter concerning frequency domain has also been recently proposed. According 
to the frequency energy, the time-frequency (TF) parameter [3] which sums the energy in 
time domain and the frequency energy was presented. The TF-based algorithm may work 
well for fixed-level background noise. However, its detection performance degrades for 
background noise of various levels. For this problem, some modified TF parameters are 
proposed [4]. In [5], the idea of using Wavelet transform features as speech detection features 
was proposed. In this paper, we present a new Low-band Wavelet Energy (LWE) parameter 
which separates the speech from noise in the domain of Wavelet transform. Computation of 
the WE parameter is easier than the modified TF parameters, and it is shown in the 
experiment section that a better detection performance is achieved.  
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After the features for detection have been extracted, the next step is to determine 
thresholds and decision rules. Many decision methods based on computational intelligence 
techniques have been proposed, such as fuzzy neural networks (FNNs) [4] and neural 
networks (NNs) [6]. Generalization performance may be poor when FNNs and NNs are 
over-trained. To cope with the low generalization ability problem, a new learning method, the 
Support Vector Machine (SVM), has been proposed [7, 8]. SVM is a new and useful learning 
method whose formulation is based on the principle of structural risk minimization. Instead 
of minimizing an objective function based on training, SVM attempts to minimize a bound on 
the generalization error. SVM has gained wide acceptance due to its high generalization 
abilities for a wide range of applications. For this reason, this paper used a SVM as a 
detector. 

The rest of the paper is organized as follows. Section II introduces the derivation and 
analysis of the WE and ZCR parameters. Section III describes the SVM detector. 
Experiments on word boundary detection for noisy speech recognition are studied in Section 
IV. Finally, Section V draws conclusions.  

2. ROBUST DETECTION PARAMETERS 

Wavelet Transform (WT) is a technique for analyzing the time-frequency domain that is 
most suited for a non-stationary signal [9]. For short-time analysis and discrete speech signal, 
discrete-time WT (DTWT) is used. Let the amplitude of the k th point in the i th frame of a 
noisy speech signal be denoted by ( , )s i k  and the frame length in sample number be 
represented by N . The DTWT of the i -th speech frame is as follows, 

0 0
10

1DTWT( , ) ( , ) ( )
N

m
m

k
m n s i k a k n

a
ψ τ−

=
= − ,               (1) 

where ( )ψ ⋅  represents a wavelet basis function, 0
ma  is the scale and 0τ  is a translation 

parameter which is set to 0
ma−  in this paper. The commonly used value 0a =2 is used in this 

paper, resulting in a binary dilation. Thus, Eq. (1) can be written as  

1

1DTWT( , ) ( , ) [2 ( )]
2

N
m

m
k

m n s i k k nψ −

=
= −

.
                    (2) 

In this paper, the Harr wavelet is used in Eq. (2), where  

11 ,  0 2 ( )
2

1[2 ( )] 1 ,  2 ( ) 1
2

0 ,             otherwise

m

m m

k n

k n k nψ

−

− −

≤ − ≤

− = − ≤ − ≤                    (3) 

Generally, the DTWT is computed at scales 0
ma  for, theoretically, all m . The output of 

DTWT can be regarded as finding the output of a bank of band-pass filters, where different 
values of scales corresponds to different band-pass filters. The outputs of DTWT at different  
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(a)                                     

 
(b) 

 
Fig. 1. (a) The LWEs of clean speech (b) The LWEs of speech with white noise added at 
SNR5. 
 
scales contain different amounts of speech and noise information, and only the crucial scale(s) 
that contains maximum word signal information and is robust to noise should be used. 
Therefore, energy of the crucial scale is adopted as detection parameter for distinction 
between speech and noise in this paper.  

To find the crucial scale, some observations on the effect of additive noise are made on 

different scales of DTWT. It is found that at the scale of 6
0 2ma = , distribution of the STWT 

amplitudes matches well with the speech interval.  

After computing DTWT for each time frame of a speech signal at the scale 6
0 2ma = , 

the next step is to find an energy parameter to stand for the amount of word signal 
information at this scale. It is found the speech section corresponds to large DTWT amplitude 
values. Thus, summation of the amplitudes over n  can be used as a parameter to stand for 
the amount of word signal information. It is also found that the amplitudes of noise tend to 
become larger when translation index n  is larger than 0.8N . Thus, summation is 
performed only from n =0 to 0.8n N= . This novel detection parameter, called low-band  
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Fig. 2. Distributions of speech/non-speech frames in the LWE-ZCR plane with noise ranging 
from SNR20 to SNR0, where “×” and “ +” denote non-speech and speech, respectively.  
 
wavelet energy (LWE), is computed as follows, 

0.8
6

3
0 1

1LWE | ( , ) (2 ( ))
2

N N

n k
s i k k nψ −

−
= =

= −           (4) 

For illustration, a clean speech and its corresponding WE parameters of each frame are 
shown in Fig. 1(a). The speech with white noise and its corresponding WE parameters at 
SNR5 is shown in Fig. 1(b). This example shows that the WE parameter can robustly 
represent the energy of speech signal at different SNRs.  

In addition to the WE parameter which is used to measure speech energy, the other 
parameter used for speech detection is the Zero Crossing Rate (ZCR). The reason for using the 
ZCR is that it is particularly suitable for un-voiced detection due to the high-frequency nature 
of the majority of fricatives.  

Figure 2 shows distributions of speech/non-speech frames in the LWE-ZCR plane with 
noise levels SNR=20, 15, 10, and 5. The results show that the speech frames locate in a 
certain region of the two dimensional feature space.  

3. SUPPORT VECTOR MACHINE DETECTOR 
SVM is based on the statistical learning theory developed by Vapnik [7]. SVM first 

maps the input points into a high dimensional feature space and finds a separating hyperplane 
that maximizes the margin between two classes in this space. Suppose we are given a set S  

of labeled training set, 1 1 2 2{( , ), ( , ), , ( , )}N NS x y x y x y= , where n
ix ∈ , and { }1, 1iy ∈ + − . 

Considering that the training data is linearly non-separable, the goal of SVM is to find an 
optimal hyperplane such that 
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Fig. 3. The sequence of speech used for SVM training. 

 

( ) 1 ,  1, ,T
i i iy w x b i Nξ+ ≥ − =                         (5) 

where nw∈ , b ∈ , and 0iξ ≥ is a slack variable. For 1iξ > , the data are misclassified. 

To find an optimal hyperplane is to solve the following constrained optimization problem: 

,
1

1Min    
2

Subject to   ( ) 1

N
T

w i
i

T
i i i

w w C

y w x b

ξ ξ

ξ
=

+

+ ≥ −
                       (6) 

where C  is a user defined positive cost parameter and iξ is an upper bound on the 

number of training errors. After solving Eq. (2), the final hyperplane decision function is 
achieved, and  

1
( ) sign( ) sign( , ) sign( , )

N
T

i i i i i i
i i SV

f x w x b y x x b y x x bα α
= ∈

= + = < > + = < > +      (7) 

where iα  is a Lagrange multiplier and the training samples for which 0iα ≠  are support 
vectors (SVs). A detailed derivation process can be found in [8]. 

The above linear SVM can be readily extended to a nonlinear classifier by first using a 
nonlinear operator Φ  to map the input data into a higher dimensional feature space. In this 
way, it can solve nonlinear problems. By replacing x  in Eqs. (1) and (2) with the feature 
space ( )xΦ  and solving the constrained optimization problem, the decision function  
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is achieved, where  ( , ) ( ) ( )j jK x x x x= Φ ⋅Φ  is called a kernel function. This paper uses a 

Gaussian-kernel SVM with ( , )jK x x =
2

exp( / )jx x γ− − , where γ  is the width of a 

Gaussian-kernel. The two-dimensional inputs of the Gaussian-kernel SVM detector are ZER 
and LWE. For SVM, there is only one output and the desired output is “1” and “ 1− ” if the 
input frame is speech and non-speech, respectively. During test, the SVM output indicates 
where or not the input frame is speech.  
4. EXPERIMENTS 

The wave files of speech are recorded by 11.025 kHz sample rate, mono channel and 16-bit 
resolution. For SVM training, the training sequence length is 13 seconds and is shown in Fig. 
3. It consists of 20 words and is corrupted by white noise whose energy level increases from 
the start to SNR=0 and then decreases till the end of the sequence. For testing, the speech 
database is built of sequences of transcriptions from the same male speaker, where each 
sequence consists of ten isolated Mandarin words “0”, “1”, , “9”. There are a total of 50 
test sequences used for playing the judicial role in performance comparison. The noise added 
to the speech sequence is of variable noise level during the sequence. Figure 4(a) shows the 
flowchart of training by  

(a)  

 
(b) 

 
Fig. 4. (a) Flowchart of SVM training. (b) Flowchart of LWE-based SVM for test data. 

SVM 

SVM 
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Fig. 5. Training performance of C  in the range in the range [1, 85], where the range is 
spaced to 17 equal scales.  

 
Fig. 6. Word boundary results by LWE-based SVM and RTF-based RSONFIN in variable 
noise level environment.  
 
LWE-based SVM is shown, and Fig.4 (b) shows test of LWE-based SVM. 

The classification rate defined in Eq. (9) is used as training performance index.  

Classification rate Correctly detected frame number
total frame number in training sequance

=             (9) 

For SVM, the value of C  influences the training performance. Fig. 5 shows the 
training performance of C  in the range [1, 85], where the range is spaced to 17 equal scales. 
The cost value C  is set to 40 in the following experiments, where there are a total of 1050 
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(a)                                         (b)  

  

Fig. 7. Noisy speech recognition results by different word boundary detection methods. (a) 
white noise (b) factory noise. 
 
SVs in the trained SVM.  

To get a quick view on the test performance, some illustrative examples are 
experimented and shown in Fig. 6, where white noise with sharp variation in amplitude is 
added to the clean speech. Most word boundaries are correctly detected. For comparison, Fig. 
6 also shows the performance of refined time-frequency (RTF) feature –based recurrent 
self-organizing neural fuzzy inference network (RTF-based RSONFIN) [4] detection method. 
The result shows that RTF-based RSONFIN almost fails to detect most of the words, and the 
performance of LWE-based SVM shows much better performance than RTF-based 
RSONFIN.  

Next, the ten Mandarin digital words in each sequence of transcriptions in the test 
database are to be recognized. The words in each sequence are detected by the two methods 
respectively. When the number of successive frames being detected as speech is larger than 
0.1 second, we regard it as word for recognition, otherwise these frames are discarded. So the 
number of words  
detected in each sequence of transcription may be larger or smaller than exact ten words. 
Considering this phenomenon, we define the following recognition rate  

T E U Srecognition rate 100%
T

− − −= × ,                  (10) 

where T is the total number of words in the reference transcriptions, E is the number of words 
recognized incorrectly, U is un-detect words of reference transcriptions, and S is surplus 
words of reference transcriptions. 

For the recognizer, the hierarchical singleton-type recurrent neural fuzzy network 
(HSRNFN) [9] that put SNR20 white noise as training data is used. The reason we use 
HRNFN is that it achieves high recognition rate and is robust to different types of noise under 
different SNR. With HSRNFN recognizer, the recognition results by hand-segment, 
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LWE-based SVM, and RTF-based RSONFIN methods under white and factory noise are 
shown in Fig. 7. The results show that recognition rate of the LWE-based SVM method is 
slightly lower than that of hand segmentation, but is much larger than that of the 
RTF-RSONFIN method.  
5. CONCLUSIONS 

Two research results on robust speech detection in variable noise-level environment 
have been presented this paper, one is the robust LWE-based parameters, and the other is 
detector design by SVM. Variable noise-level instead of fixed noise-level is added to each 
sequence of transcript. Distributions of the LWE-based parameters in the 2-dimensional 
feature space for different SNRs have shown that the LWE-based parameters are feasible for 
speech detection over variable level noise. The LWE-based SVM can be applied to a speech 
recognition system as demonstrated in the experiments.  
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Abstract
In this paper, we investigate the noise-robustness of features based on the cepstral time coef-

ficients (CTC). By cepstral time coefficients, we mean the coefficients obtained from applying the
discrete cosine transform to the commonly used mel-frequency cepstral coefficients (MFCC). Fur-
thermore, we apply temporal filters used for computing delta and acceleration dynamic features to the
CTC, resulting in delta and acceleration features in the frequency domain. We experiment with five
different variations of such CTC-based features. The evaluation is done on the Aurora 3 noisy digit
recognition tasks with four different languages. The results show all but one such feature set perfor-
mance gain, the other feature sets actually lead to performance gains. The best feature set achieves an
improvement of 25% over the baseline feature set of MFCC.

Keywords: MFCC, CTC, delta, robust feature

1. Introduction

A front-end of a speech recognition system may consist of several stages for noise-robustness to
achieve good performance. In the early stage of spectral domain, well-knownmethods such as spectral
subtraction [1] and Wiener filter [2] may be applied. In the middle stage of cepstral domain, the
mel-frequency cepstral coefficients (MFCC) are commonly used as the static feature set. In the post-
processing stage, there may be normalization, temporal information integration, and transformation
modules.
It has been observed that simple normalization approaches, such as the cepstral mean subtraction

(CMS) [3], cepstral variance normalization (CVN) [4], and histogram normalization (HEQ) [5] can
lead to significant performance improvement in recognition accuracy in noisy environment. Appar-
ently such methods are capable of alleviating the mismatch between the clean and noisy data.
In this paper we investigate novel features based on simple transformation methods. Specifically,

we insert a window of static cepstral vectors in a matrix and then apply the discrete cosine transform
(DCT) along the temporal axis. The coefficents after the DCT is called the cepstral time coefficients,
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Figure 1: The block diagram of the proposed feature transformation methods.

and the resultant matrix is called the cepstral time matrix (CTM) [6, 7]. After CTM for each frame is
extracted, we further apply normalization and routines for delta and acceleration feature extraction to
the cepstral time coefficients. The transformed features are combined with the static MFCC features
to form the final feature vector.
This paper is organized as follows. Section 2 defines the cepstral time matrix and introduces the

investigated feature transformations. The experimental setup and recognition results are described in
Section 3. In Section 4, we draw conclusions.

2. Feature Transformations

Our feature extraction and transformation process is illustrated in Figure 1. We begin with a review
of the cepstral time matrix, which is followed by the mathematical definition of the proposed additive
transformation methods.

2.1. Cepstral Time Coefficients

We first insert a fixed number of adjacent feature vectors in a matrix

Ct !









Ct
11 Ct

12 . . . Ct
1T

... . . . ...
Ct

K1 Ct
K2 . . . Ct

KT









!
[

f
t

f t+1 . . . f t+T−1
]

. (1)

HereK is the feature vector dimension, and f t is the feature vector of frame t, Ct is the matrix whose
column vectors are the T consecutive feature vectors starting from frame t.
The cepstral time matrix at frame t, Dt, is related to Ct by the discrete-cosine transform. Each

row of Dt is the discrete-cosine transform of the corresponding row of Ct. That is,

Dt
i: = DCT (Ct

i:). (2)

Here Dt
i: is the i-th row of matrixD.1 We call Dt

in the nth cepstral time coefficient (CTC) of channel
i at frame t. D is also called cepstral time matrix (CTM). It represents the spectral information of
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cepstral coefficient in an analysis window of frames. 1Since our matrix index starts from 1 instead of
0, here the DCT needs to be

Dt
in =

T
∑

τ=1

Ct
iτ cos

(

(2τ − 1)(n − 1)π

2T

)

. (3)

2.2. CTC-Based Features

In this paper, we have 5 different transforms applied to CTC, each leading to a different feature vector.

2.2.1. Method E

The first transform is dividing the first column ofDt by the number of frames (T ), while leaving other
columns unchanged. Let Et be the new feature matrix, we have

{

Et
:1 = Dt

:1/T

Et
:n = Dt

:n, n "= 1
(4)

Note Et
:1 has a physical meaning. According to (2), it is the mean of the cepstral coefficients within

an analysis window (while Dt
:1 is the sum).

We then compute a novel feature set based on Et. Specifically, we treat the columns in Et as a
temporal sequence and apply the delta and acceleration feature extraction steps. That is,

{

Ĕt
:2 = Et

:2 − Et
:1

Ĕt
:3 = Et

:3 − 2Et
:2 + Et

:1.
(5)

We add the Ĕ(t)
:2 and Ĕ(t)

:3 to the static MFCCs, resulting in a feature vector of

E t =







Ct
:1

Ĕt
:2

Ĕt
:3







. (6)

2.2.2. Method F

An alternative transform is to normalize the feature values in the first column to the range of [−1, 1].
This is achieved by dividing Dt

:1 by the maximum magnitude of the first column. Let F t be defined
by

{

F t
:1 = Dt

:1/N
t

F t
:n = Dt

:n, n "= 1
(7)

where N t is the maximum magnitude in the first column, i.e.,

N t = max
d

|Dt
d1|.

The remaining operations are similar to Method E. That is,
{

F̆ t
:2 = F t

:2 − F t
:1

F̆ t
:3 = F t

:3 − 2F t
:2 + F t

:1.
(8)

1In general, we will use notation Ai: to denote the i-th row vector and A:j to denote the j-th column vector, of matrix A.
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We add F̆ (t)
:2 and F̆ (t)

:3 to the static MFCCs, resulting in a feature vector of

F t =







Ct
:1

F̆ t
:2

F̆ t
:3







. (9)

2.2.3. Method G

In Method G, we add the first and second columns of CTM, which represents the zeroth and first
cepstral time coefficients, to the static MFCC vector,

Gt =







Ct
:1

Dt
:1

Dt
:2
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



. (10)

2.2.4. Method H

In Method H, we add the second and third columns of CTM, which represent the first and second
cepstral time coefficients, to the static MFCC vector,

Ht =







Ct
:1

Dt
:2

Dt
:3
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



. (11)

2.2.5. Method I

In Method I, we no longer use the MFCC. Instead, we simply use the zeroth, first, and second cepstral
time coefficients,

It =







Dt
:1

Dt
:2

Dt
:3







. (12)

2.2.6. Method B

For completeness, we describe our baseline features as Method B. Our baseline simply uses the 12
MFCCs (c1, . . . , c12), the log energy, and the delta and delta-delta features. Therefore, the feature
vector has a dimension of 39, which agrees with other methods. Furthermore, our baseline results
agree with the Aurora 3 baseline results [8, 9].

3. Experiments

3.1. Experimental Database

We evaluate the proposed CTC-based speech features on the Aurora 3 noisy-digit recognition
tasks [8, 9]. Aurora 3 is a multi-lingual speech database, consisting of digit-string utterances in Dan-
ish, German, Finnish and Spanish. It provides a platform for fair comparison between systems of
different front-ends. All the results reported in this paper follow the Aurora 3 evaluation guidelines.
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3.2. Results

We first evaluate the number of vectors to be included in Ct, and decide to use T = 15. For the static
features we use 12 MFCC features and the log energy, making K = 13. Therefore, the initial matrix
Ct is of size 13 × 15.
Table 1 lists the experimental results on the Aurora 3 database. The entries in the table are the

averaged relative improvements of word error rates over the baseline.
Consistent performance across different methods have been observed in the experiments. Specif-

ically, Method H achieves the best performance, while Method G yields the worst performance, in
all languages. Given that Method G and Method H differ only in the cepstral time coefficients they
include in the final feature vector, it is fair to say that the zeroth cepstral time coefficient is detrimental
to recognition accuracy.
Methods E, Method F, and Method I yield mixed results. In Finnish, Method E outperforms

Method F and Method I. In Spanish and Danish, Method F outperforms Method I and Method E.
Method E andMethod F are similar in the sense that the first column (zeroth cepstral time coefficients)
are normalized, and then used in procedures similar to delta and acceleration feature extraction, in
the frequency domain rather than in the time domain. It is not surprising that they have similar
performance level.

Table 1: The overall (averaged over conditions) relative improvements of the word error rates in the
Aurora 3 tasks.

German Spanish Finnish Danish

E -12.4 16.2 16.5 16.3
F -10.5 22.4 10.8 16.3
G -58.1 -29.0 -42.9 -19.2
H 7.5 26.6 25.4 23.2
I -10.8 19.8 8.5 13.1

The comparison of Method G and H concludes that the zeroth CTC is detrimental of recognition
accuracy. The zeroth CTC corresponds to the first column of CTM. Therefore in Method E and F, we
try schemes of normalizing the first column of CTM. In Method E we divide the first column of CTM
by T, and in Mthod F we normalize the value of first column to the range −1 to 1. The performance
of E and F given in Table 1 are better than the baseline. Lastly, we also try Method I, which uses only
CTCs, and excludes MFCCs. Its recognition accuracy is also better than the baseline.
Figure 2 plots the temporal sequences of the fifth dimension of the third column (Dimension 31 out

of 39) of the feature vectors of Method B, F, and H of a pair of Danish utterances. The pair consists of
an utterance of Channel 0 (the cleaner instance) and an utterance of Channel 1 (the noisier instance).
Specifically, using our previously defined notations, Figure 2(B) is the plot of$2f t

5, Figure 2(F) is the
plot of F̆ t

53, and Figure 2(H) is the plot of H̆ t
53. It appears that the difference between Channel 0 and

Channel 1 is smaller in the cases of (F) and (H) than in the case of (B). Therefore the mismatchedness
is reduced.
Table 2 lists the experimental results of Method H on the Aurora 3 database, given as per-

cent word error rate (WER) results. These results include the four Aurora 3.0 languages (Finnish,
Spanish, German, and Danish) and the Well-Matched(WM), Medium-Matched(MM), and Highly-
Mismatched(HM) training/testing cases.
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Table 2: Our most recent Aurora 3.0 results using the method H, given as percent word error rate
(WER) results. These results include the four Aurora 3.0 languages (Finnish, Spanish, German, and
Danish) and the Well-Matched(WM), Medium-Matched(MM), and Highly-Mismatched(HM) train-
ing/testing cases.

Aurora3 Reference Word Error Rate
German Spanish Finnish Danish

WM 9.4 13.1 9.5 20.4
MM 21.9 26.3 27.5 50.6
HM 25.7 57.8 69.6 66.8

Aurora3 Word Error Rate, Method H
German Spanish Finnish Danish

Well 9.1 9.7 7.0 15.4
Mid 19.8 18.4 21.3 39.0
High 21.7 45.4 50.2 52.4

Aurora3 Relative Percentage Improvement
German Spanish Finnish Danish Avg.

Well 4.4 26.0 26.2 24.5 20.3
Mid 5.3 29.9 22.7 22.9 20.2
High 15.5 23.0 27.9 21.5 22.0
overall 7.5 26.6 25.4 23.2 20.7

4. Conclusion and Future Work

In this paper, we use five difference feature sets based on the cepstral time coefficients. Method
E and F, which first normalize the first column and then apply the delta and delta-delta operations on
the first 3 columns of CTM, lead to performance gains over the baseline. Method G and H, which
combine different sets of columns of CTM with the raw MFCC vector, lead to mixed results. Method
I, which uses all cepstral time coefficients, leads to improvement. Overall, the combination of raw
MFCC and the second and the third columns of CTM yields the best results among all experimented
feature sets.

5. References

[1] S. Boll, “Supression of acoustic noise in speech using spectral subtraction,” IEEE Transactions
on Acoustics, Speech and Signal Processing, vol. 27, no. 2, pp. 113–120, April 1979.

[2] A. Berstein and I. Shallom, “An hypothesized Wiener filtering approach to noisy speechrecogni-
tion,” in Acoustics, Speech, and Signal Processing, 1991. ICASSP-91., 1991 International Con-
ference on, 1991, pp. 913–916.

36



Figure 2: Plot of Dimension 31 (out of 39) of a Danish utterance recorded in two mismatched chan-
nels. (B) is the $2f t

5, (F) is F̆ t
53, and (H) is H̆ t

53. The horizontal axis is the frmae index and the
vertical axis is the feature value. The dotted line (’.’) represents Channel 0 and the starred line (’*’)
represents Channel 1.

[3] S. Furui, “Cepstral analysis technique for automatic speaker verification,” IEEE Transactions on
Acoustics, Speech and Signal Processing, vol. 29, no. 2, pp. 254–272, 1981.

[4] O. Viikki, D. Bye, and K. Laurila, “A recursive feature vector normalization approach for robust
speechrecognition in noise,” in Acoustics, Speech and Signal Processing, 1998. Proceedings of
the 1998 IEEE International Conference on, vol. 2, 1998.

[5] A. de La Torre, A. Peinado, J. Segura, J. Perez-Cordoba, M. Benitez, and A. Rubio, “His-
togram equalization of speech representation for robust speech recognition,” IEEE Transactions
on Speech and Audio Processing, vol. 13, no. 3, pp. 355–366, 2005.

37



[6] B. Milner, “Inclusion of temporal information into features for speechrecognition,” in Spoken
Language, 1996. ICSLP 96. Proceedings., Fourth International Conference on, vol. 1, 1996.

[7] ——, “A comparison of front-end configurations for robust speechrecognition,” in IEEE Interna-
tional Conference on Acoustics, Speech, and Signal Processing, 2002. Proceedings.(ICASSP’02),
vol. 1, 2002.

[8] Motorola Au/374/01, “Small vocabulary evaluation: Baseline mel-cepstrum performances with
speech endpoints,” October 2001.

[9] A. Moreno, B. Lindberg, C. Draxler, G. Richard, K. Choukri, S. Euler, and J. Allen, “Speechdat-
car: A large speech database for automotive environments,” in Proceedings of the II LREC Con-
ference, vol. 1, no. 2, 2000.

38



ൎ೜ࢤ፿ଃᙃᢝխ։᙮੄ᓳ᧢᙮ᢜᇖᚍհઔߒ 
A Study of Sub-band Modulation Spectrum Compensation for 

Robust Speech Recognition 
 

႓໏ᄭ Sheng-yuan Huang 
ഏمዄতഏᎾՕᖂሽᖲՠ࿓ᖂߓ 

Dept of Electrical Engineering, National Chi Nan University 
Taiwan, Republic of China 
s96323530@ncnu.edu.tw 

 
 壁 Wen-hsiang Tu֮ޙ

ഏمዄতഏᎾՕᖂሽᖲՠ࿓ᖂߓ 
Dept of Electrical Engineering, National Chi Nan University 

Taiwan, Republic of China 
aero3016@ms45.hinet.net 

 
 ೛ Jeih-weih Hungݳੋ

ഏمዄতഏᎾՕᖂሽᖲՠ࿓ᖂߓ 
Dept of Electrical Engineering, National Chi Nan University 

Taiwan, Republic of China 
jwhung@ncnu.edu.tw 

ኴ૞ 

    ឈྥ፿ଃઝ߰ޡၞݾຒΔ܀۞೯፿ଃᙃᢝսਢԫ॰ଖ൓ᤉᥛઔၲߒ࿇ऱᓰᠲΖڂ੡
ᙩᛩቼΔឈྥ౨൓ࠩઌᅝየრऱᙃᢝயڜեឫऱ࠹լ࣍شอᚨߓᑇऱ፿ଃᙃᢝڍছؾ

࣠Δ܀ૉലࠡᚨ࣍شኔᎾऱᛩቼխΔ፿ଃಛᇆ࢓࢓ᄎڂ੡ᛩቼᠧಛऱᐙ᥼Δᖄીᙃᢝய

౨چ᧩ࣔڶಐ྇Δ࿇୶ڣڍऱൎ೜ݾࢤ๬ܛਢಾኙڼႈ౒រၞޏ܂Ζ 
๵֏ΔႚอՂΔإอૠՂऱ܂ԫᣊֱऄ੡ኙ፿ଃ௽ᐛڶ๬խΔݾࢤൎ೜ڍ壆ڇ   
ຍֱࠄऄຟਢኙ٤᙮੄ऱ፿ଃ௽ᐛழၴ٨ݧ೚إ๵֏๠෻ΔྥۖΔڇ։࣫ڼᣊֱऄऱய

౨ՂΔຏൄਢࠡאᓳ᧢᙮ᢜऱإ๵֏࿓৫܂੡ய౨ऱࠉᖕΔڼڂΔ࣠ڕऴ൷ڇ፿ଃ௽ᐛ

հᓳ᧢᙮ᢜՂإ܂๵֏Δᚨٍױሒࠩլᙑऱய࣠Ζ׼؆Δ࣍طլٵ᙮෷ऱᓳ᧢᙮෷ګ

ຍ࣍ᔆΔഗࢤڼฃԱ࢙๵֏ऄઌኙإ٨ݧਢႚอհ௽ᐛழၴ܀Δࢤլઌ࿛ऱૹ૞ڶࠠٝ

ױᣊֱऄڼ๵֏ऄΔإ٨ऱ։᙮੄ᓳ᧢᙮ᢜอૠߓԱԫנ༽ଚݺᓵ֮խΔءڇᨠኘΔࠄ

ഏڇ౨ΙࢤᠧಛᛩቼՀऱൎ೜ڇΔၞۖ༼֒፿ଃ௽ᐛࢤ᙮੄ऱอૠ௽ٵ๵֏լإ։ܑא

Ꮎຏشऱ Aurora-2 ຑᥛᑇڗᇷற஄հ፿ଃᙃᢝՂΔݺଚנ༽ࢬऱᄅֱऄઌኙ࣍ഗ
៕ኔ᧭ऱᙃᢝ෷ۖߢΔאױሒࠩ೏ሒ 65%ऱઌኙᙑᎄ૾܅෷Δۖຍࠄᄅऱᓳ᧢᙮
ᢜإ๵֏ऄઌኙ࣍ழၴإ٨ݧ๵֏ऄۖߢΔ࣍ઌኙᙑᎄ૾܅෷ՂՈڶ 7%۟ 32%
ऱၞၴ़ޡΔאߩڼ᧭ᢞຍࠄᄅֱऄ౨ജڶޓயچ༼ࣙ፿ଃᙃᢝߓอڇᠧಛᛩቼ

Հऱᙃᢝய౨Ζ  
ᣂ᝶ဲΚ፿ଃᙃᢝΕᓳ᧢᙮ᢜΕอૠإ๵֏Εൎ೜ࢤ፿ଃ௽ᐛ೶ᑇ 

Abstract 
    In this paper, we propose a novel scheme in performing feature statistics normalization 
techniques for robust speech recognition. In the proposed approach, the processed 
temporal-domain feature sequence is first converted into the modulation spectral domain. The 
magnitude part of the modulation spectrum is decomposed into non-uniform sub-band 
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segments, and then each sub-band segment is individually processed by the well-known 
normalization methods, like mean normalization (MN), mean and variance normalization 
(MVN) and histogram equalization (HEQ). Finally, we reconstruct the feature stream with all 
the modified sub-band magnitude spectral segments and the original phase spectrum using 
the inverse DFT. With this process, the components that correspond to more important 
modulation spectral bands in the feature sequence can be processed separately. For the 
Aurora-2 clean-condition training task, the new proposed sub-band spectral MN, MVN and 
HEQ provide relative error rate reductions of 18.66% and 23.58% over the conventional 
temporal MVN and HEQ, respectively. 

ԫΕ១տ 

    ឈྥ፿ଃઝ߰ޡၞݾຒΔ܀۞೯፿ଃᙃᢝ(automatic speech recognition, ASR)[1]սਢ
ԫ॰ଖ൓ᤉᥛઔၲߒ࿇ऱᓰᠲΖؾছڍᑇऱ፿ଃᙃᢝߓอૉڇլ࠹եឫऱڜᙩᛩቼՀΔ

ԫ౳ۖߢઃ౨൓ࠩઌᅝየრऱᙃᢝய࣠Δྥۖૉലࠡᚨ࣍شኔᎾऱس੒ᛩቼխΔᙃᢝய

౨ঁᄎࢬڶಐ྇Δ׌૞ਢኔᎾس੒ᛩቼխڶ๺ڍऱ᧢ฆࢤ(variation)ᐙ᥼ᙃᢝய౨Δࠡ
խᐙ᥼፿ଃᙃᢝऱ᧢ฆڶࢤಝᒭᛩቼፖྒྷᇢᛩቼհၴऱᛩቼլ֐಻(environmental 
mismatch)Ε፿ृ᧢ฆࢤ(speaker variation)֗࿇ଃऱ᧢ฆࢤ(pronunciation variation)࿛ڂ
ైΔຍైڂࠄຟᄎࣔ᧩ᐙ᥼፿ଃᙃᢝߓอऱய౨Ζڇڼڂ२༓ԼࠐڣΔ਍ᥛլឰڶ๺ڍ

ᖂृઔܘߒԺޏ࿳Ղ૪༓ᣊऱ፿ଃ᧢ฆࢤΔၞ టኔ࣍شሎچயڶޓอ౨ߓ፿ଃᙃᢝࠌۖ

ऱس੒ᛩቼխΖ 
    ಾኙᛩቼլ֐಻ࢬ࿇୶ऱ๺ڍൎ೜ֱࢤऄΔՕીՂܶץԱ௽ᐛᇖᚍፖᑓীᇖᚍࠟՕ
ᣊীΔۖ ௽ᐛᇖᚍֱऄխࠡխڶԫᣊܑऱֱٻਢಾኙ፿ଃᙃᢝشࢬऱ௽ᐛ೶ᑇհอૠၦ

ଙ᙮ڕࠏ٨഑(temporal domain)ՂΔݧ௽ᐛհழၴڇ܂๠෻ຏൄਢࠄ๵֏๠෻Δຍإ܂
ᢜؓ݁ଖإ๵֏ऄ(cepstral mean normalization, CMN)[2]Εଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏
ऄ (cepstral mean and variance normalization, CMVN)[3]ፖอૠቹ࿛֏ऄ (histogram 
equalization, HEQ)[4]࿛Ζ 

ଚݺய౨ऱ։࣫ՂΔࠡڇ܀٨഑ՂΔݧ፿ଃ௽ᐛऱழၴڇ۩૞ਢച׌ጟֱऄٺՂא

ຏൄᄎװ൶ಘᠧಛ֗ຏሐயᚨኙ࣍଺ࡨ௽ᐛհᓳ᧢᙮ᢜऱ؈టΔ֗ ຍֱࠄऄኙ؈ڼ࣍ట

ऱޏ࿳࿓৫Δڼڂ२ࠐڣΔၲڶࡨᖂृ༼נऴ൷࣍௽ᐛհᓳ᧢᙮ᢜ഑Ղشࠌ௽ᐛอૠإ

๵֏ऄΔڕᓳ᧢᙮ᢜอૠቹ࿛֏ऄ(spectrum histogram equalization, SHE)[5]Δֱڼऄਢ
ಾኙᓳ᧢᙮ᢜऱൎ৫᙮ᢜհᖲ෷։܉(probability distribution)إ܂๵֏๠෻Δ᧭ᢞԱऴ൷
ಾኙᓳ᧢᙮ᢜऱൎ৫܂ٝګᖲ෷։܉ऱإ๵֏ऱᒔ൅ࠐԱࣔ᧩ऱ௽ᐛൎ೜ࢤய Ζ࣠܀ਢ

آࠀᖞ᧯ऱ๠෻Δ܂٨ऱ٤ᓳ᧢᙮൅ᇷಛݧ൷ല፿ଃ௽ᐛၴࢨ๬Δઃਢऴ൷ݾጟٺՂא

ኙٺլٵऱ᙮൅ڶլٵऱەᐞΖྥۖΔ௅ᖕ๺ڍऱઔ[7][6]ߒᢞኔΔኙ፿ଃᙃᢝۖߢΔ
լٵ᙮෷ऱᓳ᧢᙮ᢜڶࠠٝګլઌ࿛ऱૹ૞ࢤΙ֮ڇ᣸[8]խࣔޓᒔچ༼ࠩΔᓳ᧢᙮ᢜ
ऱೣ܅᙮෷ٝګᇷಛኙ࣍፿ଃᙃᢝڶለՕऱܗ墿Δࠡ խԾא 1~16 Hzհᓳ᧢᙮൅ᒤ໮ऱ
ൎ৫᙮ᢜհ։᙮੄ᓳ࣍Աഗנ༽ଚݺᓵ֮խΔءڇᨠរΔٺՂհאط៶੡ૹ૞Ζ່ٝګ

᧢᙮ᢜอૠإ๵֏ऄΔԫֱ૿ݦඨڕ SHE ऄΔऴ൷ኙ࣍፿ଃ௽ᐛ٨ݧհᓳ᧢᙮ᢜإ܂
๵֏๠෻Δ׼ԫֱ૿Δঞਢݦඨڇᄅֱऄխ౨ฆ࣍መװհ٤ᓳ᧢᙮൅հᇷಛԫࠓ๠෻ऱ

๵֏ࠡᓳ᧢᙮ᢜΔၞۖإאףଡ՗᙮੄խޢڇ٨ऱ᙮੄֊໊Δߓԫ܂Δലᓳ᧢᙮൅ڤֱ

հᄅֱנ༽ࢬ෼ܧଚലݺ٨ऱኔ᧭խΔߓ৵૿ີᆏհԫڇ๵֏ऱய౨Ιإ᧩סچயڶޓ

ऄᒔኔڶޓאױயچ༼ࣙ፿ଃ௽ᐛڇᠧಛᛩቼऱൎ೜ࢤΔሒࠩݺଚאՂࢬ༼ऱؾऱΖ  
إհ։᙮੄ऱอૠנ༽ࢬᓵ֮ءଚտฯݺรԲີխΔڇՀΚڕᆏᄗ૞ີהᓵ֮ࠡء    
๵֏ऄࠡહནΕ଺෻֗ࠡઌᣂऱޡᨏᎅࣔΖรԿີലܧ෼ࠀಘᓵԫ٨ߓ։᙮੄ᓳ᧢᙮ᢜ

อૠإ๵֏ऄऱኔ᧭࿨࣠Δࠀፖࠡהழၴ٨ݧ഑Ղऱൎ೜ݾࢤ๬࿨ٽΔኙڼᣊ࿨ڤֱٽ
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ऱᙃᢝኔ᧭אף൶ಘፖ։࣫Δא᧭ᢞڼᣊ࿨ڤֱٽਢړߜڶࠠܡऱࢤګףΖۖڇร؄ີ

ᇙΔঞ੡ԫ១૞ऱ࿨ᓵፖࠐآ୶ඨΖ 

ԲΕഗ࣍ൎ৫᙮ᢜհ։᙮੄ᓳ᧢᙮ᢜอૠإ๵֏ऄ 

ᇡ܂ᨏޡ๵֏ऄհહནፖإऱ։᙮੄ᓳ᧢᙮ᢜอૠנ༽ᄅࢬଚലኙݺຍԫີխΔڇ

าऱᎅࣔΔ׊ࠀലאԫ੄࠹ᠧಛեឫऱ፿؁੡ࠏΔ᧭ᢞຍࠄᄅֱऄ܅૾ڇᠧಛեឫऱய

౨Δ֗ፖࠡהઌᣊֱۿऄऱॣֺޡለΖ 
(ԫ) ։᙮੄ᓳ᧢᙮ᢜอૠإ๵֏ऄ 

ଚቫᇢലᓳ᧢᙮ᢜխऱൎ৫᙮ᢜ(magnitude spectrum)ݺऱᄅֱऄխΔ༽ࢬᓵ֮ءڇ
๵֏ዝإऱشࢬଚݺ๵֏๠෻Ιإ܂՗᙮੄ऱอૠଖ۞ٺ՗᙮੄Δ٦։ܑኙڍ๺ګ໊֊

ጩऄΔץਔԱೈԱ֮᣸[5]հ SHE Աለشࠌ؆ऱอૠቹ࿛֏ऄ(HEQ)؆ΔՈᠰشࢬ๬ݾ
១࣐ച۩ऱؓ݁ଖإ๵֏ऄ(MN)ፖؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(MVN)Δאཚ،ଚઌለ࣍
ႚอ٤᙮൅ڤऱإ๵֏ऄۖߢΔ౨൅ࣔޓࠐ᧩ऱய౨Δࢨਢ౨ڶய྇܅ച۩ऱᓤᠧ৫Ζ 
 ՀΚ࣍ᨏ։٨ޡ๵֏ऄऱᇡาإऱ։᙮੄ᓳ᧢᙮ᢜ༽ࢬଚݺ
1. ೗๻ԫ੄፿ଃհමዿଙ᙮ᢜ௽ᐛ೶ᑇא٨ݧՀ(1-2)ڤ।قΚ 

   ;1 ,    1
m
x n n N m M  (1-2)ڤ                                   ,

ࠡխM ੡ԫ፿ଃ௽ᐛٻၦխ௽ᐛଡᑇΔN ।ق੡ڼ໢ԫ፿؁ऱଃ௃᜔ᑇΖޢଡ௽ᐛݧ

٨ m
x n ᆖإ๵֏๠෻৵Δא m

x n ।قΔݺଚݦඨᄅऱ௽ᐛ٨ݧ m
x n ઌኙ࣍

଺ࡨ௽ᐛߢ٨ۖݧΔڶࠠޓൎ೜ࢤΔࠌᙃᢝய࣠چ᧩ࣔڶ༼֒Ζڇհ৵ऱඖ૪Δ੡Ա壄

១ฤᇆऱᑑقΔݺଚઊฃԱՂᑑ " "m ฤᇆΖ 
2. ല௽ᐛ٨ݧ ;1x n n N ᆖN រᠦཋແمᆺ᠏ང(discrete Fourier transform, DFT)
৵൓ࠩࠡᓳ᧢᙮ᢜ X k ΔڕՀڤΖ 

   
21

0

 ,    0
2

nkN
j
K

n

N
X k x n e k  (2-2)ڤ                                

೗๻ x n ऱଃ௃࠷ᑌ᙮෷(frame rate)੡
s
F  HzΔঞࠡڇᓳ᧢᙮ᢜ഑Ղ X k ऱ᙮෷ᒤ

໮੡ 0,
2

s
F
Ιۖ࣍طX k ੡ԫᓤᑇΔݺଚאᄕஆᑑ(polar form)।قX k  ΚڤՀڕ

   k
j

X k A k e  (3-2)ڤ                                                    
ࠡխA k ਢX k ऱൎ৫ٝګΔ k ਢX k ऱઌٝګۯΔ൷Հݺࠐଚ׽ಾኙൎ৫ٝګ

A k ٝګۯᓳᖞΔۖঅఎઌ܂ k լ᧢Ζ 

3. ലՂԫޡᨏᓳ᧢᙮ᢜऱൎ৫ګ։ ;0
2

N
A k k ଍᙮׊լ࿛֊(non-uniform)א

(octave)ऱֱڤΔ֊໊ګ Lଡ᙮੄Δޢଡ᙮੄ऱᒤ໮ڕՀقࢬ(4-2)ڤΚ 

   
1

2 1

1 1

1
0, ,                  if  1.

2 2

2 2
, ,         if  2, 3,..., .

2 2 2 2

s

L

s s

L L

F

F F
L

 (4-2)ڤ                           

ଡ᙮੄ऱ९৫ለޢ׊ଡ᙮੄Δڍለګ໊֊᙮൅ऱຝ։๯܅൓वΔᓳ᧢᙮ᢜאױڤՂط
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࿍ΔઌኙچΔ೏᙮ऱຝ։๯֊໊ګለ֟ऱ᙮੄Δޢ׊ଡ᙮੄ऱ९৫ለ९Ζڇല A k ܂

Ղ૪ऱ᙮੄֊໊৵Δݺଚא '
A k ।ࠡقխऱร Lଡ᙮੄Ζڼኙ࣍᙮੄լ࿛֊ऱ଺ڂΔ

ଡܑ๠ࠐऱ᙮੄ڍ፿ଃᙃᢝለ੡ૹ૞Δ෻ᚨ։ለ࣍ᓳ᧢᙮൅ኙ܅Δ༽ࢬଚհছݺ࣍ڇ

෻Δۖ೏ᓳ᧢᙮൅ઌኙۖߢለլૹ૞ΔױאࢬലለՕऱ᙮੄ᒤ໮ԫࠓ๠෻Ζ 
᙮੄ऱൎ৫᙮ᢜٵ൓հլࢬᨏޡଚലՂԫݺ .4 '

A k ऱشࠌଚݺ๵֏๠෻Ζإอૠ܂

๵֏ऄ(MVN)ፖอૠቹ࿛إ๵֏ऄ(MN)Εؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ։ܑ੡Κؓ݁ଖإ
֏ऄ(HEQ)Δ๠෻৵ऱ௽ᐛאܛ '

A k ।قΖᇡาچᎅΔؓ݁ଖإ๵֏ऄ(MN)ڼڇऱ

ૠጩֱאڤՀ(5-2)ڤ।قΚ 
   ' '

, ,s a
A k A k  (5-2)ڤ                                          ,

ࠡխΔ
,s
੡໢ԫ(single)፿؁հ։᙮੄ൎ৫᙮ᢜऱؓ݁ଖΔ

,a
੡٤ຝ(all)ಝᒭ፿؁հ։

᙮੄ൎ৫᙮ᢜऱؓ݁ଖΖ 
ؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(MVN)ڼڇऱૠጩֱ(6-2)ڤאڤ।قΚ 

   
'

,'

, ,

,

s

a a

s

A k
A k  (6-2)ڤ                                     

ࠡխΔ
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੡໢ԫ፿؁հ։᙮੄ൎ৫᙮ᢜऱؓ݁ଖΔ
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੡٤ຝಝᒭ፿؁հ։᙮੄ൎ৫᙮ᢜऱؓ݁ଖΔ
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੡٤ຝಝᒭ፿؁հ։

᙮੄ൎ৫᙮ᢜऱᑑᄷ஁Ζ 
อૠቹ࿛֏ऄ(HEQ)ڼڇऱૠጩֱ(7-2)ڤאڤ।قΚ 
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, ,a s
A k F F A k  (7-2)ڤ                                            

ࠡխ
,s
F ੡໢ԫ፿؁հ։᙮੄ൎ৫᙮ᢜऱᖲ෷։܉Δ

,a
F ੡٤ຝಝᒭ፿؁հ։᙮੄

ൎ৫᙮ᢜऱᖲ෷։܉Ζ 
᙮੄ऱൎ৫᙮ᢜٺଚലݺԫ᙮੄հ৵Δޢݙ๠෻ڇ .5 '

A k ᅃࠡ᙮෷Օ՛ႉݧૹᄅۭ

൷ದࠐΔ൓ࠩᄅऱ٤᙮੄ൎ৫᙮ᢜ ;0
2

N
A k k Δܛڼ੡อૠإ๵֏ऄ๠෻৵ऱ

ᓳ᧢᙮ᢜհൎ৫ٝګΔ൷ထല A k ᇖ(3-2)ڤڃխऱ଺ءઌګۯ։ k Δ٦ᆖಭ᠏ང

ᠦཋແمᆺ᠏ང(inverse discrete Fourier transform, IDFT)ࢬ൓ᄅऱ௽ᐛx n ΔڕՀ(8-2)ڤ
।قΚ 
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k

x n A k e e n N
N

 (8-2)ڤ                        

ܛΔࢤኙጠऱ௽׳ؐڶᆺ᠏ང৵Δࠠم٨ᆖແݧ௽ᐛ࣍ط A k A N k ፖ

k N k Δݺڼڂଚڼ៶ױං൓ڤ ऱࠩشᏁࢬ(2-8) A k ፖ k ڇ

1
2

N
k N ऱޢԫႈΖ 

ᨏޡڇ     2խΔૉݺଚآኙᓳ᧢᙮ᢜऱ፿ଃ௽ᐛ܂։᙮੄๠෻Δܛ։੄ᑇ 1L Δ൷

ထޡڇᨏ խऱᓳ᧢᙮[5]࣍ઌᅝڤ๵֏ሎጩΔຍᑌऱሎጩֱإอૠቹ࿛֏ऄ(HEQ)ऱ܂3
ᢜอૠቹ࿛֏ऄ(SHE)Ι੡Ահ৵ಘᓵֱঁದߠΔݺଚലՂ૪(5-2)ڤΕ(6-2)ڤΕ(7-2)ڤ
ऱإ๵֏ֱऄ๠෻Δ։ܑټࡎ੡Κ։᙮੄ᓳ᧢᙮ᢜؓ݁ଖإ๵֏ऄ(sub-band spectral 
mean normalization, SB-SMN)Ε։᙮੄ᓳ᧢᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(sub-band 
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spectral mean and variance normalization, SB-SMVN)ፖ։᙮੄ᓳ᧢᙮ᢜอૠቹ࿛֏ऄ
(sub-band spectral histogram equalization, SB-SHE)Δ֮ۖ᣸[5]խشࢬऱ٤᙮൅(full-band)
հ SHE אଚঞݺ๬Δݾ FB-SHE אף๵֏ऄऱ௽រإ։᙮੄ࠄՀലಾኙຍאΖق।ࠐ
ಘᓵΚ 
(1) ᆖط SB-SMNፖ SB-SMVNऱֱऄ๠෻հ৵Δࢬ൓ऱᓳ᧢᙮ᢜൎ৫հຝٝᑇଖױ౨
੡૤ଖΔࣔڼ᧩ሔ֘᙮ᢜൎ৫ؘྥॺ૤ऱයٙΔڼڂᅝ૤ଖऱൣנݮ෼ழΔݺଚലࠡଖ

ૹ๻੡ 0Ζ 
ڇ (2) SB-SMNፖ SB-SMVNֱऄխΔլٵ᙮੄ࠠٺڶ۞ऱؾᑑؓ݁ଖؾࢨᑑ᧢ฆᑇΔ
ڇΔچᑌٵ SB-SHEխΔլٵ᙮੄شࠌլٵऱؾᑑᖲ෷։إ܂܉๵֏ሎጩΖຍᑌऱ܂ऄΔ
 Ζࢤ᙮੄ऱ᙮ᢜൎ৫հၴ஁ฆٵঅఎլאױ
אࢬΔࡉ։᙮੄հ९৫ऱٺ࣍๵֏ऄխΔ٤᙮੄ऱ९৫࿛إ։᙮੄ᓳ᧢᙮ᢜࠄຍڇ (3)
ᏺף։᙮੄ऱᑇࠀؾլᄎࣔ᧩ᏺףሎጩՂऱᓤᠧ৫Ζྥۖ՗᙮੄ऱᑇؾլ౨መڍΔܡঞ

᙮ऱ՗᙮੄ऱA܅ڇ k ႈᑇലመ֟੷۟੡ሿΔࣔڼڕ᧩ᄎᐙ᥼໢ԫ᙮੄࠷ޣࢬհอૠ

ଖΰ݁ؓڕଖΕ᧢ฆᑇፖᖲ෷։܉࿛αऱ壄ᒔࢤΖᜰࠏᎅࣔΔ೗๻໢ԫ፿ଃ௽ᐛ٨ݧऱ

᜔រᑇ੡N រழΔڼ࣍طΰኔᑇα௽ᐛ٨ݧᆖN រແمᆺ᠏ང৵Δࠡ᙮ᢜऱൎ৫ٝګ

੡ܛΔתऱ᙮ᢜរᑇ੡᜔ᑇऱԫشࠌኔᎾڼڂΔࢤኙጠऱ௽׳ؐڶࠠ
2

N
រΔݺ࣠ڕଚ

ଚ֊Lଡ՗᙮ݺᅝڕࠏΙڍᏺچ൓ऱ᙮੄լ౨ྤૻࠫࢬᖞଡ᙮൅Δ໊֊ڤլ࿛֊ऱֱא

੄ழΔࢬ൓ऱޢଡ՗᙮੄រᑇ֟ࠩڍط։ܑ੡Κ
1

, , ...,
4 8 2

L

N N N
Δאࢬ੡Աየ່ߩ

֟ऱ߷ԫଡ՗᙮੄ऱរᑇլ੡ሿΔޢܛଡ᙮੄ऱᇷறၦ۟֟ڶԫរΔݺଚႊየߩ
1

2
L

N ऱයٙΔڼطංवΔૉ 60N Δ່׽ڍ౨֊ 5 ଡ᙮੄Δۖૉ 30N Δঞ່

֊౨׽ڍ 4ଡ՗᙮੄Δૉၞԫޡ૞ޣૉ૞ޢޣଡ՗᙮੄រᑇլ౨֜֟Δঞ՗᙮੄ᑇૻؾ
ࠫലᄎޓᣤ௑Ζ 
(Բ) ։᙮੄ᓳ᧢᙮ᢜإ๵֏ऄࠡॣޡய౨ऱಘᓵΚ 

෷פ٨հݧ௽ᐛڇ๵֏ऄإऱԿጟ։᙮੄ᓳ᧢᙮ᢜנ༽ࢬີءଚല൶ಘݺຍᇙΔڇ

᙮ᢜയ৫(power spectral density, PSD)૾؈܅టऱய࣠ΔٵழΔނຍֱࠄऄܧ෼ऱ࿨࣠Δ
๵إ๬Κଙ᙮ᢜؓ݁ଖݾ֏๵إ٨഑(temporal domain)հݧտฯհ௽ᐛழၴࢬรԲີࡉ
֏ऄ(CMN)Εଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(CMVN)Εอૠቹ࿛֏ऄ(HEQ)։ֺܑ܂
ለΖݺଚشܓԱ AURORA-2ᇷற஄[9]ᇙMIP_28826Z4A፿ଃᚾΔףԵլٵಛᠧֺ(SNR)
ऱԳᜢ(babble)ᠧಛΔ٦ᆖٺጟإ๵֏ऄאף๠෻Δ່৵פࠡ࠷ޣ෷᙮ᢜയ৫Ζଈ٣Δ
ቹԫ੡ԫ٨ߓհؓ݁ଖإ๵֏ऄΰMNα࣍ش܂รԫፂଙ᙮ᢜ௽ᐛ(the first cepstral 
coefficient, c1)ࢬ٨ݧ൓հפ෷᙮ᢜയ৫ቹΖڇቹԫխΔ៶طቹ(a)ݺଚ࿇෼Δᠧಛऱڇژ
ऱ᧩ࣔس೓෣፿ଃፖᠧಛ፿ଃขࠌ PSD شࢬటΔۖቹ(b)խ؈ CMN ऄΔܛழ഑ী MN
ऄ(temporal CMN)Δױ࿑პ૾؈ڼ܅టΔۖ᙮഑ীऱ MN ऄխΔطቹ(c)۟ቹ(f)࿇෼,ല
٤᙮൅ດዬา։۟ 2ࠩ 4ଡ՗᙮੄ΰ։ܑא SB-SMN(2), SB-SMN(3)ፖ SB-SMN(4)।قΔ

Հᑑਔᇆխऱᑇڗ।ق։᙮੄ऱଡᑇαΔڼ PSD؈టດዬ૾܅Δࠡ խאቹ(f)ᆖ SB-SMN(4)

๠෻৵ΔPSDऱ؈ట࿓৫່՛Ζڼطᎅࣔ։᙮੄ᓳ᧢᙮ᢜؓ݁ଖإ๵֏ऄኙڂ܅૾࣍ᠧ
ಛࢬທګऱ PSD؈టࣔڶ᧩ऱᚥܗΖ 
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              (a) unprocessed c1                       (b) Temporal-CMN 

 
                (c) FB-SMN                          (d) SB-SMN(2) 

 
               (e) SB-SMN(3)                          (f) SB-SMN(4) 

ቹԫ ؓ݁ଖإ๵֏ऄ࣍ش܂լٵಛᠧֺՀ፿ଃհ଺ࡨ 1c ௽ᐛ٨ݧΔࠡᓳ᧢᙮ᢜڴᒵ

ቹΚ(a)଺ࡨ 1c ௽ᐛ٨ݧΔ(b)ழ഑ীMNऄ�—CMNΔ(c)᙮഑ীհ٤᙮൅MNऄ�—FB-SMNΔ 
(d)᙮഑ীհ։᙮੄ MNऄ�—SB-SMN(2)Δ(e)᙮഑ীհ։᙮੄ MNऄ�—SB-SMN(3)Δ(f)᙮
഑ীհ։᙮੄MNऄ�—SB-SMN(4) 

 
൷ထΔቹԲ੡ԫ٨ߓհؓ݁ଖፖ᧢ฆᑇإ๵֏ऄΰMVNα࣍ش܂รԫፂଙ᙮ᢜ௽ᐛ(the 
first cepstral coefficient, c1)ࢬ٨ݧ൓հפ෷᙮ᢜയ৫ቹΖڇቹԲխΔ៶طቹ(b)ݺଚ࿇෼Δ
ႚอऱ CMVNऄΔܛழ഑ীMVNऄ(temporal CMVN)Δઌለ࣍ቹԫऱቹ(b)հ CMNۖ
܅Δ૾ߢ PSD ڇऱΖۖܗᚥڶԱᠰ؆๠෻௽ᐛऱ᧢ฆᑇᒔኔਢ࠺Δრړޓటऱயᚨ؈
ଚല٤᙮൅ດݺMNऄऱய࣠Δᅝۿቹ(c)۟ቹ(f)࿇෼Δᣊطጟ᙮഑ীऱMVNऄխΔٺ
ዬา։۟ 2ࠩ 4ଡ՗᙮੄ΰ։ܑא SB-SMVN(2), SB-SMVN(3)ፖ SB-SMVN(4)।قΔՀᑑ

ਔᇆխऱᑇڗ।ق։᙮੄ऱଡᑇαΔPSD ቹ(f)ᆖאΔࠡխ܅టՈດዬ૾؈ SB-SMVN(4)

๠෻৵Δኙ࣍ PSD ऱ؈టऱ૾܅ய່࣠ړΖٍڼطᎅࣔԱ։᙮੄ᓳ᧢᙮ᢜؓ݁ଖፖ᧢
ฆᑇإ๵֏ऄኙڂ܅૾࣍ᠧಛࢬທګऱ PSD ழലቹԲፖቹԫֺٵΔܗᚥ᧩ࣔڶటՈ؈

Hz Hz

HzHz

Hz Hz
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ለ৵Δࣔאױ᧩઎נ MVN ऄ܅૾ڇ PSD ࣍టऱய౨Ղᚌ؈ MN ऄΔݺٽܭڼଚԫ౳
ኙຍࠟᣊֱऄհய౨ऱᎁवΖ 

 
            (a) un-processed c1                      (b) Temporal-CMVN  

 
                (c) FB-SMVN                          (d) SB-SMVN(2)    

 
               (e) SB-SMVN(3)                                    (f) SB-SMVN(4) 

ቹԲ ؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ࣍ش܂լٵಛᠧֺՀ፿ଃհ଺ࡨ 1c ௽ᐛ٨ݧΔࠡᓳ᧢᙮

ᢜڴᒵቹΚ(a)଺ࡨ 1c ௽ᐛ٨ݧΔ(b)ழ഑ীMVNऄ�—CMVNΔ(c)᙮഑ীհ٤᙮൅MVN
ऄ�—FB-SMVNΔ (d)᙮഑ীհ։᙮੄MVNऄ�—SB-SMVN(2)Δ(e)᙮഑ীհ։᙮੄MVN
ऄ�—SB-SMVN(3)Δ(f)᙮഑ীհ։᙮੄MVNऄ�—SB-SMVN(4) 
 
່৵ΔቹԿ੡ԫ٨ߓհอૠቹ࿛֏ऄΰHEQα࣍ش܂รԫፂଙ᙮ᢜ௽ᐛ(the first cepstral 
coefficient, c1)ࢬ٨ݧ൓հפ෷᙮ᢜയ৫ቹΖݺଚലቹԿፖቹԫࡉቹԲֺለΔࣔױ᧩઎נ
ऱ܉๵֏ᖞଡᖲ෷։إ HEQऄΔࣔ᧩܅૾ڇ PSDऱ؈టՂᚌإ׽࣍๵֏ؓ݁ଖऱMN
ऄፖإ๵֏ؓ݁ଖፖ᧢ฆᑇऱ MVN ऄΰྤᓵਢழ഑ীࢨ᙮഑ীऱઃਢڼڕαΔڼ؆Δ
ऱֱऄ(ቹԫڤଚૉֺለԿጟ٤᙮ݺ (c)ऱ FB-SMN, ቹԲ (c)ऱ FB-SMVN ፖቹԿ

(c)FB-SHE)Δױ࿇෼ FB-SHEઌኙ࣍ FB-SMNፖ FB-SMVNۖߢΔൕ܅᙮ࠩ೏᙮ऱ PSD
Δۖլਢቝ܅૾᧩ࣔڶటຟ؈ FB-SMNፖ FB-SMVNઌኙ܅֟྇ڶ׽᙮ګ։ऱ PSD؈

Hz Hz

HzHz

Hz Hz
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టΔڼ෼ွՈၴ൷᧭ᢞԱ֮᣸[5]ࢬ༼հ FB-SHE ऱړߜய౨Ζྥۖݺڇଚנ༽ࢬऱٺ
ጟ։᙮੄ SHE(SB-SHE)ऄխΔࣔ᧩઎נ،ଚઃֺ FB-SHE܅྇ڇ PSD؈టऱய౨ࠐ൓
ଚല᙮੄ൕ٤᙮੄ດዬݺհছMNፖMVNऄऱய࣠Δᅝۿቹ(c)۟ቹ(f)࿇෼ΔᣊطΔړ
า։۟ 2ࠩ 4ଡ᙮੄ΰ։ܑא SB-HEQ(2), SB- HEQ (3)ፖ SB- HEQ (4)।قΔՀᑑਔᇆխऱ

ᑇڗ।ق։᙮੄ऱଡᑇαΔPSD ቹ(f)ᆖאΔࠡխ܅టດዬ૾؈ SB-HEQ(4)๠෻৵Δኙ࣍

PSDऱ؈టऱ૾܅ய່࣠ړΖࣔڼط᧩ᎅࣔԱ։᙮੄ᓳ᧢᙮ᢜอૠቹ࿛֏ऄڶאߩய૾
ऱګທࢬᠧಛڂ܅ PSD ᄅֱࠄຍנ઎چ᧩ࣔޓଚലݺՀԫີऱᙃᢝኔ᧭խΔڇటΔ؈
ऄኙ࣍༼ࣙ፿ଃᙃᢝ壄ᒔ৫ऱய౨Ζ 

 
             (a) unprocessed c1                       (b) Temporal-HEQ   

 
                  (c)FB-SHE                           (d) SB-SHE(2)  

 
                (e) SB-SHE(3)                                        (f) SB-SHE(4)   
ቹԿ อૠቹ࿛֏ऄ࣍ش܂լٵಛᠧֺՀ፿ଃհ଺ࡨ 1c ௽ᐛ٨ݧΔࠡᓳ᧢᙮ᢜڴᒵቹΚ

(a)଺ࡨ 1c ௽ᐛ٨ݧΔ(b)ழ഑ী HEQ ऄ�—Temporal HEQΔ(c)᙮഑ীհ٤᙮൅ HEQ
ऄ�—FB-HEQΔ(d)᙮഑ীհ։᙮੄ HEQ ऄ�—SB-HEQ(2)Δ(e)᙮഑ীհ։᙮੄ HEQ
ऄ�—SB-HEQ(3)Δ(f)᙮഑ীհ։᙮੄ HEQऄ�—SB-HEQ(4) 

 

ԿΕ։᙮੄ᓳ᧢᙮ᢜอૠإ๵֏ऄհኔ᧭࿨࣠֗։࣫ಘᓵ 

Hz Hz

HzHz

Hz Hz
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(ԫ) ፿ଃᇷற஄១տ 
ᄎ࠰ऱ፿ଃᇷற஄੡ᑛ੊ሽॾᑑᄷشࠌᓵ֮ء     (European Telecommunication 
Standard Institute, ETSI)ࢬ࿇۩ऱ Aurora-2፿ଃᇷற஄[9]Δ،ਢԫ୚אԳՠֱڤᙕ፹ऱ
ຑᥛ૎֮ᑇۭڗڗΔ፿ृطભഏߊڣګՖګิࢬΔףՂԶጟࠐᄭլٵऱᠧಛΔ։ܑ੡Κ

࿓৫ऱಛᠧֺٵլאࠀ࿛Δీ߫־Ε୶ᥦ塢Ε塊ᨚΕဩሐΕᖲ໱Ε߫޳ՀᥳΕԳᜢΕچ

(signal-to-noise ratio, SNR)ףԵᠧಛΔ։ܑ੡ΚcleanΕ20 dBΕ15 dBΕ10 dBΕ5 dBΕ0 dB
ፖ -5 dBΙࠡຏሐயᚨ։ܑ੡ G.712 ፖ MIRSΔࠡ੡ഏᎾሽॾᜤᅩ (International 
Telecommunication Union, ITU)[10]ࢬૡمऱࠟଡຏሐᑑᄷΖ 
(Բ) ፿ଃ௽ᐛ೶ᑇ๻֗ࡳᜢᖂᑓী 
Ղࠡף௽ᐛ೶ᑇ੡මዿଙ᙮ᢜএᑇ(MFCC)Δॵشࠌࢬ᧭ᓵ֮հઌᣂ፿ଃᙃᢝኔء    
ԫၸ஁ၦፖԲၸ஁ၦΔࠡᇡา፿ଃ௽ᐛ೶ᑇ๻ࡳ։ܑڇ।ԫ।قΖ 

 ᑌ᙮෷ 8 kHz࠷

ଃ௃९৫(frame size) 25 ms, 200រ 

ଃ௃ؓฝ(frame shift) 10 ms, 80រ 
ቃൎᓳៀंᕴ 1

1 0.97z  
ီ࿗ڤݮ(window) ዧࣔ࿗(Hamming window) 
ແمᆺ᠏ངរᑇ(T) 256រ 
ៀंᕴิ(filter bank) මዿࠥ৫ԿߡៀंᕴิΔ٥ 23ଡԿߡៀंᕴ 

௽ᐛٻၦ(feature vector) MFCC 13ፂ(c1~c12, log-energy)  + MFCC 
13ፂ+ MFCC 13ፂǴ٥ 39ፂ 

।ԫ ءᓵ֮شࠌࢬ፿ଃ௽ᐛ೶ᑇ๻ࡳ 
ᑓী֛ױ್ڤ៲ឆאଚਢݺ     (hidden Markov model, HMM)[11]܂੡ᜢᖂᑓী
(acoustic models)ऱীڤΖ11ܶץଡᑇڗᑓী(zero, one, two, �…, nine ֗oh)֗אᙩଃ
(silence)ᑓীΔޢଡᑇڗᑓী16ܶץଡणኪΔٺणኪ20ܶץଡ೏ཎയ৫෗ٽΖ 
(Կ) ፿ଃᙃᢝኔ᧭࿨࣠ 
।ԲΔࠡխ࿪ኙګᖞ෻ٽ๵֏ऄհኔ᧭࿨࣠ጵإጟᓳ᧢᙮ᢜٺଚലݺຍԫᆏխΔڇ    
ᙑᎄ૾܅෷(absolute error rate reduction, AR)ፖઌኙᙑᎄ૾܅෷ 1 (relative error rate 
reduction 1, RR1)։ܑ੡ᄅᙃᢝ෷ፖഗ៕ኔ᧭ᙃᢝ෷(baseline)ֺለՀΔࢬ൓ࠩऱ࿪ኙޏ࿳
෷ፖઌኙޏ࿳෷Δઌኙᙑᎄޏ࿳෷ 2 (relative error rate reduction 2, RR2)Δ،ਢ։᙮੄ݾ
๬ઌለ٤࣍᙮੄ݾ๬ۖࢬߢ൓ࠩऱઌኙᙑᎄޏ࿳෷Δࠡૠጩֱڤ։ܑ(1-3)ڤطΕڤ
(3-2)Εقࢬ(3-3)ڤΚ  

% 100%AR 㖗徏嬿䍮 ⟡䣵⯍樾徏嬿䍮  (1-3)ڤ                           

1
% 100%

100%
RR

㖗徏嬿䍮 ⟡䣵⯍樾徏嬿䍮
⟡䣵⯍樾徏嬿䍮

 (2-3)ڤ                          

2
% 100%

100%
RR

⇭栢㮜㲼徏嬿䍮 ⅏栢㮜㲼徏嬿䍮
⅏栢㮜㲼徏嬿䍮

 (3-3)ڤ                    
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 Հ༓រ࿨࣠Κא൓ࠩאױଚݺ।ԲᨠኘխΔط
ᙃᢝ෷ࠌΔઃ౨ߢۖ᧭ኔءഗ࣍๵֏ऄઌለإጟ։᙮੄ᓳ᧢᙮ᢜٺհנ༽ᄅࢬଚݺ .1
ࣔ᧩༼֒Δൕ RR1ऱᑇᖕ઎נΔ،ଚ۟֟౨ڶ 19.00%ऱઌኙᙑᎄ૾܅෷Ιࠡխ SB-SHE
ऄऱᙃᢝயֺ࣠ SB-SMNऄ֗ SB-SMVNऄޓᚌ။Δױ౨հ଺ݺڕڂଚቃཚऱΔSB-SMN
ऄ֗ SB-SMVNऄ׽ኙԫၸ೯஁ࢨԫၸ֗Բၸ೯஁إ܂๵֏Δۖ SB-SHEऄ౨ٵழኙޓ
೏ၸऱ೯஁إ܂๵֏๠෻Δࠌ൓ SB-SHEऄڶለᚌฆऱ।෼Ζ 
܅ല࣍ଚထૹݺאࢬΔٝګૹ૞ऱ፿ଃڍለڶ۾᙮ຝ։(1~16Hz)܅ᓳ᧢᙮ᢜխ࣍ط .2
᙮ຝ։֊໊ၲࠐ։ܑإ܂๵֏๠෻Δൕ।Բאױ堚ᄑ࿇෼Δᅝ܅᙮ຝٝ֊໊။าΔ౨ڶ

ய༼֒፿ଃᙃᢝய౨Δۖ Կጟ։᙮੄ᓳ᧢᙮ᢜᇖᚍݾ๬ઃא։໊؄ଡ᙮੄ऱய່࣠੡ᚌ

။Ζઌኙ٤࣍᙮੄ڤऱֱऄۖߢΔ։᙮੄ڤऱֱऄࠡઌኙᙑᎄޏ࿳෷(RR2)੡ΚSB-SMN(4)

ऱ 8.31%ΔSB-SMVN(4)ऱ 32.64%ΔSB-SHE(4)ऱ 7.56%Ζ 

Method Set A Set B Set C average AR RR1 RR2 

Baseline 71.98 67.79 78.28 71.56

FB-SMN 77.43 76.26 78.05 77.08 5.52 19.41

SB-SMN(2) 77.87 77.26 78.36 77.72 6.16 21.66 2.79

SB-SMN(3) 78.21 76.37 80.82 77.99 6.43 22.61 3.97

SB-SMN(4) 79.12 77.26 82.20 78.99 7.43 26.13 8.31

FB-SMVN 79.03 81.19 78.29 79.75 8.19 28.80

SB-SMVN(2) 80.06 81.97 79.28 80.67 9.11 32.03 4.54

SB-SMVN(3) 80.84 82.59 80.89 81.55 9.99 35.13 8.89

SB-SMVN(4) 85.94 87.06 85.79 86.36 14.80 52.04 32.64

FB-SHE 89.71 90.03 88.27 89.55 17.99 63.26

SB-SHE(2) 89.76 90.09 88.40 89.62 18.06 63.50 0.67

SB-SHE(3) 90.13 90.47 88.68 89.98 18.42 64.77 4.11

SB-SHE(4) 90.59 90.69 89.13 90.34 18.78 66.03 7.56

।Բ ᓳ᧢᙮ᢜอૠإ๵֏ऄհኔ᧭ᙃᢝ෷(%)ጵֺٽለ। 
 

(؄) ᓳ᧢᙮ᢜإ๵֏ऄ࿨ٽழ഑ী௽ᐛإ๵֏ऄհኔ᧭࿨࣠ 
ࡨଚ٣ല଺ݺᆏխΔءڇ     MFCC ௽ᐛᆖڤٺழ഑ী௽ᐛอૠإ๵֏ऄ๠෻৵Δ٦
ழٽ๵֏࿨إᓳ᧢᙮ᢜڤٺಘᓵࠀ෼ܧႈലٺՀאڇ๵֏ऄऱ๠෻Ζإᓳ᧢᙮ᢜอૠ܂

഑ী௽ᐛإ๵֏ऄհኔ᧭࿨࣠Ζ 
1. ᓳ᧢᙮ᢜؓ݁ଖإ๵֏ऄ࿨ٽழ഑ী௽ᐛอૠإ๵֏ऄհኔ᧭࿨࣠ 
ኔ᧭࿨࣠ಘᓵΚ 
(1) ।ԿխΔᓳ᧢᙮ᢜؓ݁ଖإ๵֏ऄ࿨ٽழ഑ী௽ᐛอૠإ๵֏ऄΔፖࠡխ໢ԫ௽ᐛ
ٽΚSB-SMN(4)࿨ߢۖࠏய༼֒፿ଃᙃᢝய౨Ζᜰڶઃ౨׏๵֏ऄֺለΔ༓إ CMN ऱ
ᙃᢝ෷੡ 88.02%Δֺದ CMNऱᙃᢝ෷ 81.66%ፖ SB-SMN(L=4)ऱᙃᢝ෷ 78.99%Δຟڶ
ઌᅝࣔ᧩ऱޏ࿳Ζ൫ᗑڇ SB-SMN(2)࿨ٽ CMNൣउՀΔྤऄၞԫޡ༼֒ᙃᢝ෷Δຍױ
౨ਢᇠ࿨ڤֱٽऱ։᙮੄հؓ݁ଖྤऄڶயሓ२ಝᒭ፿؁հ։᙮੄ൎ৫᙮ᢜऱؓ݁
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ଖΔᖄીᙃᢝ෷ࣔ᧩Հ૾Ζ 
(2) ൕ।ԿՈאױ堚ᄑ࿇෼Δᅝ܅᙮ຝٝ֊໊။าΔ౨ڶய༼֒፿ଃᙃᢝய౨Δۖ SMN
ऄ࿨הࠡٽ௽ᐛإ๵֏ऄઃא։໊؄ଡ᙮੄ऱய່࣠੡ᚌ။Ζࠡ խSB-SMN(4)࿨ٽCMN
ऱ RR2੡ 30.02%ΔSB-SMN(4)࿨ٽ CMVN ऱ RR2੡ 15.95%ΔSB-SMN(4)࿨ٽ MVA ऱ
RR2੡ 12.70%ΔSB-SMN(4)࿨ٽ HEQऱ RR2੡ 4.98%Ζ 
(3) SB-SMN(L=4)։ܑፖ CMVNΕMVA֗ HEQ࿨ٽΔࠌᙃᢝ෷༓׏ሒࠩ 90.00%Ιۖڼ
ٽ๵֏ऄ(SB-SMN)࿨إઌኙ១໢ऱԫၸอૠشଚݺ।ז CMVNΕMVA ֗ HEQΔױܛ
ሒࠩԼ։ડנऱய࣠Ζ 

Method Set A Set B Set C average AR RR1 RR2 
Baseline 71.98 67.79 78.28 71.56

CMN 80.69 83.41 80.09 81.66

FB-SMN 82.34 84.06 81.61 82.88 1.22 6.65

SB-SMN(2) 80.89 82.22 80.24 81.29 0.37 2.02 9.29

SB-SMN(3) 83.67 84.63 82.69 83.86 2.20 12.00 5.72
CMN 

SB-SMN(4) 88.09 88.64 86.63 88.02 6.36 34.68 30.02

CMVN 83.55 83.75 81.57 83.23

FB-SMN 87.81 88.18 86.27 87.65 4.42 26.36

SB-SMN(2) 89.08 89.39 87.39 88.87 5.64 33.63 9.88

SB-SMN(3) 89.63 89.97 88.37 89.51 6.28 37.45 15.06
CMVN 

SB-SMN(4) 89.86 90.09 88.20 89.62 6.39 38.10 15.95

MVA 86.69 86.89 84.98 86.43

FB-SMN 88.89 89.19 87.54 88.74 2.31 17.02

SB-SMN(2) 89.87 90.17 88.77 89.77 3.34 24.61 9.15

SB-SMN(3) 90.08 90.51 88.94 90.02 3.59 26.46 11.37
MVA 

SB-SMN(=4) 90.36 90.59 88.94 90.17 3.74 27.56 12.70

HEQ 86.90 87.73 87.56 87.36

FB-SMN 89.10 89.70 89.20 89.36 2.00 15.82

SB-SMN(L=2) 89.20 89.81 89.30 89.46 2.10 16.61 0.94

SB-SMN(L=3) 89.15 89.89 89.35 89.48 2.12 16.77 1.13
HEQ 

SB-SMN(L=4) 89.54 90.28 89.82 89.89 2.53 20.02 4.98

।Կ SMNऄ࿨ٽழ഑ী௽ᐛإ๵֏ऄհኔ᧭ጵֺٽለ। 
 

2. ᓳ᧢᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ࿨ٽழ഑ী௽ᐛإ๵֏ऄհኔ᧭࿨࣠ 
ኔ᧭࿨࣠ಘᓵΚ 
(1) ।؄խΔᓳ᧢᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ࿨ٽழ഑Ղ௽ᐛإ๵֏ऄፖ໢ԫ܂௽ᐛ
ٽհΚSB-SMVN(4)࿨ߢய༼֒፿ଃᙃᢝய౨Ζᜰۖڶ๵֏ऄֺለΔઃ౨إ CMVNऱᙃ
ᢝ෷੡ 89.87%Δֺದ CMVNऱᙃᢝ෷ 83.23%ፖ SB-SMVN(4)ऱᙃᢝ෷ 86.36%Δຟڶઌ
ᅝࣔ᧩ऱޏ࿳Ζ 
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(2) ൕ।؄Ոאױ堚ᄑ࿇෼Δᅝ܅᙮ຝٝ֊໊။าΔޓ౨ڶய༼֒፿ଃᙃᢝய౨Δۖ
SMVNऄ࿨הࠡٽ௽ᐛإ๵֏ऄઃא։໊؄ଡ᙮੄ऱய່࣠੡ᚌ။Ζࠡխ SB-SMVN(4)

࿨ٽ CMNऱ RR2੡ 20.73%ΔSB-SMVN(4)࿨ٽ CMVNऱ RR2੡ 21.17%ΔSB-SMVN(4)

࿨ٽMVAऱ RR2੡ 16.99%ΔSB-SMVN(4)࿨ٽ HEQऱ RR2੡ 9.80%Ζ 
Method Set A Set B Set C average AR RR1 RR2 
Baseline 71.98 67.79 78.28 71.56

CMN 80.69 83.41 80.09 81.66

FB-SMVN 87.38 87.73 85.61 87.17 5.51 30.04

SB-SMVN(2) 88.60 88.89 86.83 88.36 6.70 36.53 9.28

SB-SMVN(3) 89.77 89.90 88.17 89.50 7.84 42.75 18.16
CMN 

SB-SMVN(4) 90.01 90.35 88.43 89.83 8.17 44.55 20.73

CMVN 83.55 83.75 81.57 83.23

FB-SMVN 87.33 87.80 85.47 87.15 3.92 23.38

SB-SMVN(2) 88.54 88.84 86.80 88.31 5.08 30.29 9.03

SB-SMVN(3) 89.72 89.90 88.03 89.45 6.22 37.09 17.90
CMVN 

SB-SMVN(4) 90.11 90.37 88.42 89.87 6.64 39.59 21.17

MVA 86.69 86.89 84.98 86.43

FB-SMVN 88.18 88.60 86.39 87.99 1.56 11.50

SB-SMVN(2) 89.27 89.49 87.58 89.02 2.59 19.09 8.58

SB-SMVN(3) 89.69 89.95 88.36 89.52 3.09 22.77 12.74
MVA 

SB-SMVN(4) 90.27 90.45 88.71 90.03 3.60 26.53 16.99

HEQ 86.90 87.73 87.56 87.36

FB-SMVN 89.05 89.55 89.26 89.29 1.93 15.27

SB-SMVN(2) 89.33 89.81 89.40 89.54 2.18 17.25 2.33

SB-SMVN(3) 89.95 90.35 89.91 90.11 2.75 21.76 7.66
HEQ 

SB-SMVN(4) 90.19 90.59 90.17 90.34 2.98 23.58 9.80

।؄ SMVNऄ࿨ٽழ഑ী௽ᐛإ๵֏ऄհኔ᧭ጵֺٽለ। 
 

3. ᓳ᧢᙮ᢜอૠቹ࿛֏ऄ࿨ٽழ഑ী௽ᐛإ๵֏ऄհኔ᧭࿨࣠ 
ኔ᧭࿨࣠ಘᓵΚ 
(1) ᣊۿ।ԿΕ।؄Δൕ।ն઎נΔᓳ᧢᙮ᢜอૠቹ࿛֏ऄ࿨ٽழ഑ী௽ᐛإ๵֏ऄઃ
ᚌ࣍ଡܑ௽ᐛإ๵֏ऄΖᜰߢۖࠏΚSB-SHE(L=4)࿨ٽ CMVNऱᙃᢝ෷੡ 90.18%Δֺದ
CMVN ऱᙃᢝ෷ ܀࿳Ζޏઌᅝࣔ᧩ऱڶ83.23% SB-SHE ࿨ٽ CMVN հኔ᧭࿨࣠ፖ
SB-SHEڇ܂MFCC௽ᐛհኔ᧭࿨ֺ࣠ለΔڇਬࠄ࿨ڤֱٽՀΔᙃᢝ࿨࣠ᄎࠄڶპऱՀ
૾Δຍױ౨ਢኔ᧭ऱᎄ஁ᒤ໮Δࢨਢመ৫إ๵֏ऱլߜயᚨΖ 
(2) ൕ।նՈאױ堚ᄑ࿇෼Δᅝ֊໊ऱ՗᙮੄ᑇؾ။ڍΔ။౨ڶய༼֒፿ଃᙃᢝய౨Δ
ۖ SHE ऄ࿨הࠡٽ௽ᐛإ๵֏ऄઃא։໊؄ଡ᙮੄ऱய່࣠੡ᚌ။Ζࠡխ SB-SHE(4)

࿨ٽ CMN ऱ RR2੡ 6.45%ΔSB-SHE(4)࿨ٽ CMVN ऱ RR2੡ 7.97%ΔSB-SHE(4)࿨ٽ
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MVAऱ RR2੡ 2.60%ΔSB-SHE(4)࿨ٽ HEQऱ RR2੡ 6.19%Ζ 
 

Method Set A Set B Set C average AR RR1 RR2 
Baseline 71.98 67.79 78.28 71.56

CMN 80.69 83.41 80.09 81.66

FB-SHE 89.45 90.08 88.24 89.46 7.80 42.53

SB-SHE(2) 89.44 89.97 88.24 89.41 7.75 42.26 0.47

SB-SHE(3) 89.90 90.29 88.68 89.81 8.15 44.44 3.32
CMN 

SB-SHE(4) 90.20 90.63 89.06 90.14 8.48 46.24 6.45

CMVN 83.55 83.75 81.57 83.23

FB-SHE 89.42 89.87 88.07 89.33 6.10 36.37

SB-SHE(2) 89.45 89.96 88.23 89.41 6.18 36.85 0.75

SB-SHE(3) 89.74 90.22 88.61 89.70 6.47 38.58 3.47
CMVN 

SB-SHE(4) 90.23 90.67 89.10 90.18 6.95 41.44 7.97

MVA 86.69 86.89 84.98 86.43

FB-SHE 89.97 90.50 88.98 89.99 3.56 26.23

SB-SHE(2) 89.98 90.49 88.98 89.98 3.55 26.16 0.10

SB-SHE(3) 90.25 90.65 89.30 90.22 3.79 27.92 2.30
MVA 

SB-SHE(4) 90.25 90.76 89.22 90.25 3.82 28.15 2.60

HEQ 86.90 87.73 87.56 87.36

FB-SHE 89.24 90.09 89.61 89.66 2.30 18.20

SB-SHE(2) 89.22 90.08 89.44 89.61 2.25 17.80 0.48

SB-SHE(3) 89.48 90.30 89.82 89.87 2.51 19.86 2.03
HEQ 

SB-SHE(4) 89.91 90.75 90.17 90.30 2.94 23.26 6.19

।ն SHEऄ࿨ٽழ഑ী௽ᐛإ๵֏ऄհኔ᧭ጵֺٽለ। 

؄Ε࿨ᓵፖࠐآ୶ඨ 

լ࿛֊ऱא๵֏ऱዝጩऄΔإ٨։᙮੄ᓳ᧢᙮ᢜอૠߓԱԫנ༽ଚݺᓵ֮խΔءڇ    
๵֏Δ։࣫ࠡኙ፿ଃإอૠ܂ଡ᙮੄ऱᓳ᧢᙮ᢜൎ৫ޢᓳ᧢᙮ᢜΔ٦։ܑಾኙ໊֊ڤֱ

௽ᐛڇᠧಛᛩቼՀ༼ࣙൎ೜ࢤऱய࣠Ζطኔ᧭࿨࣠࿇෼Δઌኙ࣍ႚอլ֊໊᙮੄ऱֱڤ

யၞޏऱ᧩ࣔڶᄅֱऄຟࠄΔຍߢۖ Δ࣠ݺଚՈ࿇෼࣍طᓳ᧢᙮ᢜխೣ܅᙮(પ 1~16 Hz)
ऱ፿ଃܶץٝګԱՕڍᑇ፿ଃᙃᢝࢬᏁऱᇷಛΔૉݺଚല܅ڼ᙮ຝٝ֊໊چ။าΔၞۖ

ଡܑإ๵֏๠෻Δ။ڶய༼֒፿ଃᙃᢝய౨Δۖݺڇଚࢬ༼ऱٺጟ։᙮੄ᓳ᧢᙮ᢜإ๵

֏ऄխΔઃ؄໊֊אଡ᙮੄ࢬ൓ऱᙃᢝய່࣠੡ᚌ။Ζ׼؆ΔݺଚՈലٺጟ։᙮੄ᓳ᧢

᙮ᢜإ๵֏ऄ։ܑፖႚอழၴ٨ݧ഑Ղհ௽ᐛอૠإ๵֏ऄ܂࿨ٽΙطᙃᢝኔ᧭࿨࣠࿇

෼ΔԲृิࠡٽᙃᢝ壄ᒔ෷ઃֺشࠌ໢ԫൎ೜ݾࢤ๬ࢬ൓ࠩऱᙃᢝ෷ړޓΖױڼط઎

፿הፖࠡޓऱֱऄΔڤ࿳଺٣٤᙮੄ޏயڶհᄅֱऄΔլႛ౨ڤऱ։᙮੄༽ࢬଚݺΔנ
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ଃൎ೜ݾࢤ๬ړߜڶऱࢤګףΔ൓ޏ᧩ࣔא࿳ᠧಛᛩቼՀऱ፿ଃᙃᢝய౨Ζ 
ࠀ๵֏ऄխऱ෻ᓵഗ៕Δإ։᙮੄ᓳ᧢᙮ᢜอૠߒઔޡଚലၞԫݺ୶ඨխΔࠐآڇ    
ଚݺΔ؆ڼΖؾऱ։᙮੄ᑇࠋऄխֱ່ࠄຍ࠷ޣᣤ᠃ऱᑇᖂ։࣫ፖංᖄΔޓط៶ඨ౨ݦ

Ոݦඨઌᣂኔ᧭լႛڇᑇڗᙃᢝՂ๠෻ΔՈឩ୶۟ࠡהለՕڗნၦऱ፿ଃᙃᢝΔ൶ಘຍ

ԫ٨ߓ։᙮੄ᓳ᧢᙮ᢜอૠإ๵֏ऄڇլٵᓤᠧ৫հ፿ଃᙃᢝߓอऱய౨Δࢨਢᚨ࣍ش

ࠐآរຟਢٺՂאΔࢤشᄅֱऄऱய౨ፖኔࠄᢞຍ᧭ޡటᛩቼΔၞԫ؈ᣊীऱեឫהࠡ

౨ജቫᇢઔߒ࿇୶ऱֱٻΖཚઐലࠐ፿ଃᙃᢝհய౨౨ജףޓ༼֒Δ׊ࠀཏሙᚨֲ࣍ش

ࢨ፿ଃፖሽᆰشܓچ੒ΔᨃԳଚ᎘ᠾسൄ 3Cข঴ၞ۩յ೯Δسח੒౨ജܓঁޓΔࠌ፿
ଃᙃᢝհ࿇୶ଫࠠ෻ᓵࢤፖኔࢤشΖ 
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Abstract 
Data acquisition is a major concern in text classification. The excessive human efforts 
required by conventional methods to build up quality training collection might not always be 
available to research workers. In this paper, we look into possibilities to automatically collect 
training data by sampling the Web with a set of given class names. The basic idea is to 
populate appropriate keywords and submit them as queries to search engines for acquiring 
training data. Two methods are presented in this study: One method is based on sampling the 
common concepts among the classes, and the other based on sampling the discriminative 
concepts for each class. A series of experiments were carried out independently on two 
different datasets, and the result shows that the proposed methods significantly improve 
classifier performance even without using manually labeled training data. Our strategy for 
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retrieving Web samples, we find that, is substantially helpful in conventional document 
classification in terms of accuracy and efficiency. 

Keywords: Unsupervised classification, text classification, Web mining 
 

1. Introduction 
Document classification has been extensively studied in the fields of data mining and 
machine learning. Conventionally, document classification is a supervised learning task [1, 2] 
in which adequately labeled documents should be given so that various classification models, 
i.e., classifiers, can be learned accordingly. However, such requirement for supervised text 
classification has its limitations in practice. First, the cost to manually label sufficient amount 
of training documents can be high. Secondly, the quality of labor works is suspicious, 
especially when one is unfamiliar with the topics of given classes. Thirdly, in certain 
applications, such as email spam filtering, prototypes for documents considered as spam 
might change over time, and the need to access the dynamic training corpora 
specifically-tailored for this kind of application emerges. Automatic methods for data 
acquisition, therefore, can be very important in real-world classification work and require 
further exploration. 
 
Previous works on automatic acquisition of training sets can be divided in two types. One of 
which focused on augmenting a small number of labeled training documents with a large pool 
of unlabeled documents. The key idea from these works is to train an initial classifier to label 
the unlabeled documents and uses the newly-labeled data to retrain the classifier iteratively. 
Although classifying unlabeled data is efficient, human effort is still involved in the 
beginning of the training process. 
 
The other type of work focused on collecting training data from the Web. As more data is 
being put on the Web every day, there is a great potential to exploit the Web and devise 
algorithms that automatically fetch effective training data for diverse topics. A major 
challenge for Web-based methods is the way to locate quality training data by sending 
effective queries, e.g., class names, to search engines. This type of works can be found in [3, 
4, 5, 6], which present an approach that assumes the search results initially returned from a 
class name are relevant to the class. Then the search results are treated as auto-labeled and 
additional associated terms with the class names are extracted from the labeled data. By 
sending the class names together with the associated terms, appropriate training documents 
can be retrieved automatically. Although generating queries is more convenient than 
manually collecting training data, the quality of the initial search results may not always be 
good especially when the given classes have multiple concepts. For example, the concepts of 

applications. 
 
The goal of this paper is, given a set of concept classes, to automatically acquire training 
corpus based merely on the names of the given classes. Similar to our previous attempts, we 
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employ a technique to produce keywords by expanding the concepts encompassed in the 
class names, query the search engines, and use the returned snippets as training instances in 
the subsequent classification tasks. Two issues may arise with this technique. First, the given 
class names are usually very short and ambiguous, making search results less relevant to the 
classes. Secondly, the expanded keywords generated from different classes may be very close 
to each other so that the corresponding search-result snippets have little discrimination power 
to distinguish one class from the others. 
 
We present two concept expansion methods to deal with these problems, respectively. The 
first method, expansion by common concepts, aims at alleviating the problem of ambiguous 
class names. The method utilizes the relations among the classes to discover their common 

ncepts of classes Apple  
and Microsoft . Combined with the common concepts, relevant training documents to the 
given classes can be retrieved. The second method, expansion by discriminative concepts, 
aims at finding discriminative concepts among the given classes. For example, iPod  could 
be one of the unique concepts of class Apple . Combined with the discriminative concepts, 
effective training documents that distinguish one class from another can be retrieved. 
 
Our methods are tested under two different experimental setups, the CS papers and Web 
pages classification tasks. The proposed methods are effective in retrieving quality training 
data by querying search engines. Moreover, the result shows that the obtained Web training 
data and manually labeled training data are complementary. Our methods can significantly 
improve classification accuracy when only a few manually labeled training data is available. 
Contribution of our work can be addressed as follows. We propose an automatic way to 
sample the Web and collect the training data with good quality. Apart from the previous work, 
our methods are fully automatic, reliable, and robust, and achieve an 81% accuracy in text 
classification tasks. With a little help from a small number of labeled data added into the 
scene, the classification accuracy can be as high up to 90%. Several experiment results are 
also revealed to help investigation and realization of automatic Web sampling methods, in 
which the difficulties encountered are presented in detail. 
 
The sections are organized as follows. In Sections 2 and 3, we present our basic idea and the 
two methodologies, respectively. The experiments are introduced in Section 4. In Section 5, 
we discuss the related work of this paper. Finally, in Section 6, we give out discussions and 
conclusions. 
 

2. The Basic Idea 
Suppose that we are given a set of classes C =(c1, c2 n), where ci is the name of the i-th 
class. We plan to generate keywords based on classes C, form a few queries and send them 
off to search engines so as to collect training instances. Our methods presented in this paper 
are independent of classification models; that is, any model can be incorporated with our 
methods. 
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To carefully examine the possibility of querying search engines for acquiring training data, 
we did an evaluation with different search engines, search-result types (snippet or document), 
and the number of search results. 5 CS-related classes were taken into account, including 
Architecture , IR , Network , Programming , and Theory . Each class name ci was 

sent to 3 search engines, including Google1, Yahoo!2, and Live Search3. Top 100 snippets 
were extracted as training data. We also gathered the research papers from the corresponding 
conferences to the 5 classes as the testing documents. Table 1 shows the performance of 
different search engines. Querying by the class names can achieve classification accuracy at a 
range from 0.35 to 0.56. More specifically, the three search engines perform well in 
Programming  and Theory  but poorly in the others on average. This arises from the fact 

that irrelevant documents may be located for those classes with ambiguous names. The way 
to query by the class names is not reliable due to the ambiguity of the class names (the first 
challenge). For example, the word architecture  is widely used in CS, art and construction. 
From the results, we select Google as our backend search engine in this paper. 
 
We further explore if the classification performance can be improved by downloading Web 
pages for training. The result is shown in Table 2. It reveals that Web pages might introduce 
more noises than snippets do, while the snippets summarize Web pages and capture the 
concepts of classes C by their context. Moreover, to download Web pages is time-consuming. 
Our methods, therefore, only retrieve snippets as the training source. 

Table 1. Accuracy of different search engines for classification of CS papers. 
Engine A rchitecture IR  Network Programming Theory Avg. 
Google 0.075 0.382 0.899 0.723 0.762 0.568 
Yahoo! 0.112 0.022 0.094 0.863 0.665 0.351 
Live Search 0.269 0.006 0.083 0.784 0.815 0.391 
 
Intuitively, collecting more snippets or documents might enhance the performance. Table 3 
shows the results of changing training data sizes from 100 to 900. It could be found that 
classification accuracy does not increase obviously when the numbers of snippets and 
documents reach 200 and 300, respectively. This is because much relevant information can 
be retrieved in top ranked search results returned by the search engine. Noises are 
unavoidably included from longer lists. Hence, simply fetching a large amount of snippets or 
documents from a single search result cannot achieve satisfactory performance. Even if we 
expand the queries, i.e., the class names, using pseudo-relevance feedback (PRF) [7, 8, 9], the 
improvement is still minor since the generated expanded keywords cannot effectively 
discriminate different classes (our second challenge). The performance comparison between 
our methods and PRF will be given in Section 4.2. 
 

                                                
1 The Google search engine: http://www.google.com/search 
2 The Yahoo! search engine: http://search.yahoo.com/search 
3 The MSN Live search engine: http://search.live.com/ 
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To collect good training corpora and help classifiers learn more quickly (querying search 
engines is costly), two methods are proposed in this paper. The first method, expansion by 
common concepts, aims at alleviating the ambiguity problem. Generally, a short class name 
easily conveys multiple meanings. For example, class Apple  may be a fruit or company 
name. We find that class ci is context-aware if its context C - {ci } provides relevant 
information to ci. For example, if Apple  and Microsoft  are put together, Apple  would 
be a company. If we are given apple  and banana , apple  could refer to a fruit. Our first 
method, which will be described in Section 3.1, is trying to discover such common concepts 
among classes C, i.e., company  and fruit , from the Web, and use them as constraints to 
expand our original queries C. 

Table 2. Accuracy of different training types in CS papers classification. 
Source A rchitecture IR  Network Programming Theory Avg. 
Snippet 0.075 0.382 0.899 0.723 0.762 0.568 
Documents 0.272 0.049 0.689 0.505 0.783 0.459 

Table 3. Average accuracy of different training sizes in CS papers classification. 
# of docs 100 200 300 400 500 600 700 800 900 
Snippets 0.568 0.601 0.603 0.601 0.608 0.603 0.604 0.604 0.604 
Documents 0.460 0.463 0.507 0.500 0.503 0.504 0.507 0.507 0.508 
 
Common concepts can help us collect more relevant documents to each class but cannot 
discriminate one class from the others. The latter becomes important because classification is 
inherently to distinguish different classes. Our second method is focused on the finding of 
discriminative concepts among classes C. Consider previous example. PowerPoint
iPod  are possible discriminative concepts because PowerPoint
Microsoft  while iPod  is only about Apple . Different from PRF, our second method, 

expansion by discriminative concepts, which will be described in Section 3.2, aims at 
acquiring Web training data not only relevant to each class but also effectively distinguishing 
one class from another. 
 

3. The Proposed Methods 
In this section, we will describe the two training data acquiring methods, sampling the Web 
by common concepts expansion and discriminative concepts expansion, respectively. 
 
3.1 Expansion by Common Concepts 
The goal of our first method is to collect training data via sampling the Web by discovering 
the common concepts between given classes C. Expanding class names C by their common 
concepts is helpful in obtaining more suitable training data from search engines. An intuitive 
way to discover the concepts is to find common concepts from well-known topic hierarchies 
on the Web such as Open Directory Project4 (DMOZ), which is one of the largest and 
comprehensive human-edited directories. To obtain common concepts, we first search 
                                                
4 DMOZ Open Directory Project: http://www.dmoz.org/ 
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DMOZ by each class name ci and get a set of the nodes relevant to ci in the DMOZ directory. 
Suppose the set of the nodes is N(c i). The least common ancestors (LCA) of all of the nodes 
N(ci)  are viewed as the common concepts of C. The LCAs are the shared ancestors 
of N(ci)  located farthest from the roots of the DMOZ directory. For example, by 

uld be the common concepts between the 
 

 
Although Open Directory Project covers diverse topics and is very precise, sometimes we 
might get few or even no common concepts among C. The problem is serious for those 
classes not so popular such as names of person or organizations. For example, if we query the 
class Cornell , we only get 5 paths for the class, which contains few candidates of concepts 
to select and expand. To deal with this problem, we extract terms co-occurring with each 
class c i in Web pages, cluster the terms, and treat the representative term for each class as one 
of the common concepts. More specifically, all of the classes {c1, c2, , cn} C are 
combined into one query c1 + c2 +  + cn , and then submitted to a search engine. After 
stemming and removing stopwords, we extract 20 high-frequency terms as candidates for 
common concepts from top 100 snippets returned from the search engine. To group these 
candidates, we send them separately to the search engine and generate corresponding feature 
vectors based on their top 100 snippets. Uni- and bi-grams are adopted as feature terms and 
TF-IDF is used to calculate feature weights. Next, a graph G = (V, E) is constructed, where v

V represents one candidate term, and e E is the cosine similarity between two feature 
vectors. Finally, we perform the star clustering algorithm [10] to choose the star centers, 
which are the common concepts among C. 
 
In this paper, we adopt both of LCAs from DMOZ and co-occurring terms from Web pages 
as our common concepts among C. After common concepts generated, we can either use it to 
sample the Web and acquire good training data, or utilize them while discriminative concepts 
are generating. 
 
3.2 Expansion by Discriminative Concepts 
A discriminative concept is a concept that can help distinguish one certain concept class of 
interest (say, c) from all the classes (c'≠c). Such a concept contributes more relevance to one 
specific class than to the others. Unlike common concepts, which are shared by all the 
concept classes in C, any discriminative concept has a specific concept class to contribute 
relevance to, called the host. Let fc be the feature vector of concept class c. Let the similarity 
between any two concepts x and y be denoted as x,y = cos(fx, fy). An ideal discriminative 
concept k for concept c must satisfy all the following constraints: 
 
1. Concept k should exhibit high similarity to its host c. 
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2. The similarity between k and c should be significantly greater than that between k and any 
one of the other concept classes. 

 
These constraints loosely define the criteria that we can use to discover discriminative 
concepts, and they also rule out the possibility that a concept k has two or more hosts. Based 
on the second constraint, a plausible decision criteria for discriminative concept is given 
below. Let c  denote the set of all discriminative concepts hosted by concept class c. We 
have: 

k c,k

c ,k
>           

In the criteria, the right-hand side equation needs to be satisfied for all other concept classes 
c'; in other words, we have a multiple-constraint-satisfaction problem. For every 
concept-class pair (c, c'), the ratio c,k / c',k describes the degree of deviation in similarities 
exhibited by k toward both classes. When the value is greater than 1, we say that c is more 
likely to be the host; when it lies between 0 and 1, we say that c' is more likely. The 
parameter determines the tightness of the decision boundary. Since we expect higher 
similarity between k and c than that between k and other c's, it would normally be defined as 
a value greater than 1. 
 
Generally, fixed boundary value is easier to train and suitable for general cases, while we also 
find that this type of setup can cause problems in extreme cases. Suppose we have two 
classes c1 and c2 which are relevant topics or extraordinarily similar to each other (in terms of 
the similarity between their feature vectors). The number of discriminative concepts for either 
c1 or c2 may drastically decrease because, for most k's, deviation in similarities toward both 
classes becomes even more subtle and harder to detect by using a simple constant . An 
obvious solution to this problem, we find, is to adopt a function in place of the constant , 
that assigns high threshold value for general cases and low threshold value for the 
aforementioned extreme cases. In real practice, we use a very simple form of decision criteria 
to identify discriminative concepts: 

k c,k

c ,k
> (1 c,c )  for  all   c 

where is the discrimination coeff icient. With the new criteria, a number of 5 to 40 
discriminative concepts (for each class) can still be discovered even when any two concept 
classes exhibit high class-to-class similarity to each other. 
 
The next step is to apply this technique to each concept class in C so as to populate new 
training instances from the Web. Let SRc be the set of search-result snippets obtained by 
sending concept c as a query to the search engine. Assume that the training set for concept 
class c before and after the expansion is denoted as Dc and D'c, respectively. Given c , we 
can form a set of new queries by concatenating c with each k c ,, send them off to the 
search engine, and obtain a new set of training instances, i.e., { SRc∪k c  | k c}. In 
formalism, we have: 

D c = Dc k c SRc k 

59



 
This procedure can be repeated several times for each class so that the total number of 
discovered training instances can reach our expectation. However, certain changes on 
definitions and notations required by the adaptation needs to be clarified in advance. First, we 
can no longer expect that the feature vector for a concept class c remains the same throughout 
multiple iterations. In each iteration, when new training instances added to the collection, 
feature vectors for c actually changes. Next, the set of discriminative concepts  discovered 
in each iteration would vary, as similarity measure suffers from the change as well. Certain 
modification in definitions should be taken care of so as to seamlessly fit the aforementioned 
criteria into the framework, while treating notations for a concept and for a concept class 
differently might clutter up the framework. For simplicity, no explicit treatment will be done 
to the equations in the following text. Readers should take caution that, when 
class-to-concept or class-to-class similarity computation is considered in discussions, the 
feature vector referred to a concept class is in fact derived from its current training set (rather 
than SRc). On the other hand, we will use (i) in place of plain  in the rest of the work. 
 
Assume that the algorithm repeats t times. The initial training data for concept class c is 
denoted as Dc

(0), and in each iteration i [1,t], a new training set for c is produced and 
represented by Dc

(i). Consider a simple framework as follows. For all c C, we have: 
Dc 0 = SRc                                                                                                 
Dc(i) = Dc(i) k c

(i) SRc k , i > 0 
where Dc

(i) and (i) is the set of training instances and the set of discovered discriminative 
concepts, respectively, for concept class c at iteration i. Eventually, the algorithm stops after 
the t-th iteration. The content of Dc

(t) will serve as the final training data for all concept class 
c. 
 
Since practically it is infeasible to populate the entire set of c , several heuristics are 
involved in creation of the set: 1) We look for terms with high discrimination power 
(specifically, unigram and bigrams) in the context of D(i-1) using commonly-used 
information-theoretic measures, such as information gain and inverse document-frequency. 
These candidates are then examined with the decision criteria and disqualified ones are 
discarded immediately; 2) candidates that survived the test are ranked accordingly by the 
score function, which is a simple rewrite of the criteria that indicates the average degree of 
deviation for the candidate k: 

1
c 1

c,k

c ,k
(1 c,c )

c c

 

The summands will not cancel out since the score is calculated for the candidates satisfying 
the criteria. Generally, testing all the candidate terms may result in an extremely inefficient 
procedure. In practice, we set up a strict threshold on the information gain and idf in light of 
reducing the number of candidates. We test only the top m concepts selected by the filter in 
the end. The value m is set to be 15 throughout the work. 
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4. Experiments 
We evaluate our performance in CS papers and Web pages classification. 
 
4.1 Experimental Setup 
We conduct experiments on two datasets. First is a set of papers from several CS-related 
conferences, and there are five classes used for training, including Architecture , IR , 
Network , Programming , and Theory , as shown in Table 4. For the paper dataset, there 

are about 500 papers in each class. Another dataset is the Web pages collected from four 
universities, and can be downloaded from the WebKB project5. The classes for these 
universities include Cornell , Texas , Washington , and Wisconsin . As the original 
dataset for Web pages is imbalanced, we randomly choose 827 Web pages (i.e. the minimum 
size of original data among the 4 classes) for classification. Please note that the two datasets 
are our testing data since the training data are fully collected from the Web. Moreover, the 
two datasets are quite different in document length and quality. The papers are often longer, 
well written, and with much useful information about the CS-related classes, while the Web 
pages might cover more noises and shorter contents. 
 
Our first method of expansion by common concepts is denoted as CM; the second method of 
expansion by discriminative concepts is denoted as DM; CM+DM is the combination of both 
methods, where CM is applied first so that search results could be more relevant, and then 
DM is used to extract discriminative concepts from the relevant search results. With the 
common concepts extracted from CM, we can use these concepts plus the class name as a 
whole query and perform DM to iteratively collect the discriminative concepts. 

Table 4. The information about the dataset of CS papers for classification. 
Class # papers F rom Conferences 
Architecture 490 SIGARCH(04-08), DAC(00-07) 
IR 484 SIGIR(02-07), CIKM(02-07) 
Network 446 SIGCOMM(02-08), IPSN(04-07), MOBICOM(03-07), 

MOBIHOC(00-07), IMC(01-07) 
Programming 505 POPL(02-08), PLDI(00-07), ICFP(02-07), OOPSLA(00-07) 
Theory 471 SODA(01-08), STOC(00-07) 
 
To compare our performance with the state-of-the-art Web-based method, LiveClassifier [3], 
denoted as LC, has been implemented, where the concepts hierarchy are referred from 
DMOZ. For the CS-related classes, these concepts are computers , reference , business , 
software , and science ; and for the classes of four universities, the soc , 
people , university , school , education , sports , United States . The thresholds  

and t used in DM are set to 0.85 and 7 in both dataset, respectively. We use the Rainbow tool6 
and the VSM (Vector Space Model) classification model for all the experiments. 
 

                                                
5 The WebKB project: http://www.cs.cmu.edu/~WebKB/ 
6 The Rainbow tool: http://www.cs.cmu.edu/~mccallum/bow/rainbow/ 
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4.2 Text C lassi fication 
Table 5 compares the classification accuracy between different methods. For each class, the 
baseline method is to use only the class name as query, submit to the search engine, and 
collect snippets as training data. The method from query expansion (QE) is to use 
pseudo-relevance feedback (PRF) for each class, where the terms with high TF-IDF values in 
the snippets are selected as expansion terms which used for acquiring training data. LC is the 
method implemented based on LiveClassifier [3]. With the concept hierarchy of each class, 
all the concepts are used to combine with the class name as a query, then submit to the search 
engine and collect the snippets as training data. 
 
From Table 5, we find that merely sending class names as queries cannot retrieve quality 
training data. It only achieves the accuracy at 0.57 on average. Even if we expand the class 
names with PRF (the method of QE), the accuracy cannot be improved by QE in this case. 
This is because PRF is a general solution to the keyword mismatching problem and thus 
would not be well applied to our classification problem. LC manually labels some concepts 
of the class names, e.g., the concept of Architecture  is about computer architecture, so that 
more relevant training data to original classes can be fetched. LC gets higher accuracy at 
about 0.71. But such concepts labeled by people are often few. Our CM method can discover 
more useful common concepts, as shown in Table 6

g relevant data for each class when 
combined with original class name. CM, on the other hand, might introduce noisy keywords 
often co-
more common concepts, we collect more quality training data by CM. The accuracy for CM 
comes to 0.76, which is much better than LC and QE. 
 

 originally high in 
baseline method. To realize what makes the result, we check the process for getting training 

the snippets from search engine are suitable and wit
This is related to the characteristic of the Web. To our experience, the documents ranked from 
search engines might be mostly relevant to the fields about computer or network. 
 
The results of Web pages classifications, as shown in Table 7, are similar to previous 
experimental results except the average accuracy obtained here is lower in general due to the 
noisy Web pages that are unreliable for testing. Moreover, sometimes the concepts derived 
from the Web are not effective in classification (even they are correct). For example, from the 
Web, DM learns two discriminative concepts of ut  and milwaukee  for classes Texas  
and Wisconsin , respectively. But their impacts on classifying our testing data are futile. 
Although there are some noises in the Web page dataset and the concepts found are correct 
but less useful, CM+DM does an improvement while training by the snippets from these 
concepts, and surpasses the performance of LiveClassifier (LC). By our methods, the quality 
training data are fetched and the classifier learns better, thus become more robust for text 
classification. 
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Table 5. Accuracy of classification in CS papers. 
Baseline: Class Names, QE: Query Expansion, LC:LiveClassifier,  

CM: Common concept method, and DM: Discriminative concept method. 
M ethod A rchitecture IR  Network Programming Theory Avg. 
Baseline 0.76 0.38 0.90 0.72 0.76 0.57 
QE 0.03 0.01 0.98 0.71 0.66 0.48 
LC 0.88 0.42 0.82 0.54 0.89 0.71 
CM 0.80 0.77 0.89 0.56 0.76 0.76 
DM 0.04 0.00 0.83 0.66 0.98 0.50 
C M +D M 0.76 0.86 0.91 0.71 0.82 0.81 

Table 6. Extracted common concepts and discriminative concepts of CS classes. 
Method Architecture IR Network Programming Theory 
CM By DMOZ: computers  By Star Algorithm: conference, proceeding, web 
DM architecture, 

architectural, 
architects, arts, 
history, 
contemporary, 
design 

infrared, 
satellite, 
visible, image,  
weather, 
thermal, 
cameras 

usa, health, 
action, 
sports, food, 
monitor, 
global 

tutorial, java, 
example, 
using, 
oriented, 
download, 
linux 

graph, 
mathematical, 
problems, 
literary studies, 
political, 
number, 

CM+DM isca, energy, 
oriented, 
adaptive, 
aidede, ecaade, 
architectural 

investor, 
infrafed, 
retrieval, ecir, 
trec, sigir, ie 

development
, wireless, 
shows, 
server, first, 
email ,mail 

ferment, 
oriented, 
programmers, 
final, siggraph, 
graphics, 
animation 

Number, 
university, 
critical, math, 
computational, 
theoretical, 
complexity 

Table 7. Accuracy of classification in Web pages. 
Baseline: Class Names, QE: Query Expansion, LC:LiveClassifier,  

CM: Common concept method, and DM: Discriminative concept method. 
M ethod Cornell Texas Washington Wisconsin Avg. 
Baseline 0.85 0.47 0.68 0.20 0.55 
QE 0.87 0.40 0.71 0.41 0.60 
LC 0.99 0.14 0.58 0.14 0.46 
CM 0.99 0.30 0.72 0.33 0.59 
DM 0.47 0.75 0.53 0.66 0.60 
C M +D M 0.98 0.43 0.77 0.37 0.64 
 
4.3 Combination of Web Training Data for Text C lassification 
In this experiment, we want to realize how our methods help conventional supervised text 
classification. We further conduct an experiment to compare the performance between labeled 
data plus training data from the Web and the labeled data only. 
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Both datasets are divided into training and testing data. We combine the training data 
collected from the Web and sample  % of the training data as a new training corpus. For 
comparison, we also train a classifier with just those  % of the labeled data only. The  

value varies from 1 to 100.  =100 means to use all the labeled data from original divided 
training set, thus become a supervised learning. 5-fold cross validation is used to evaluate the 
classification accuracy. 
 
Figure 1 and 2 show the two experimental results, respectively. We find that the Web corpus 

words, when the labeled data is insufficient or even with no quality, sampling training data 
from the Web could substantially complements the manually-labeled data. The performance 
of both classifiers increases when more labeled data are included. However, when more and 
more manually-labeled data is given, the improvement by the Web becomes less obvious or 
even slightly worse. This is because once we add more data from the Web, we also introduce 
the noises such that the accuracy glows slowly when the quality documents are enough. In CS 
papers classification, the performance reaches as higher as all training data used when 50% 
labeled data is added. For Web pages classification, we have the same performance as 
supervised learning when only use 20% labeled data. The performance even exceeds the 
result from supervised learning when 40% labeled data is joined. It explains more quality 
data from the Web is helpful in classification. This result also shows that using all the labeled 
data is not always as good as expected because some of the labeled data are not in good 
quality. 

  
Fig.  1.  Accuracy  of  training  data  from  the  Web  plus  %  

labeled  data  for  CS  papers  classification.  

Fig. 2. Accuracy of training data from the Web plus % 

labeled data for Web pages classification. 

This experiment shows us that the training data from the Web does help to improve the text 
classification. Moreover, we could use a very few number of labeled data, plus the Web 
corpus our methods collect, to train a desirable classifier. The Web helps the classifiers to 
learn the unseen concepts which do not exist due to the insufficiency or the unreliable quality 
of labeled data. It also tells us that the suitable training data might change by time, thus the 
original labeled data performs worse in new classification tasks. From the result, we believe 
that our methods can benefit the task of text classification, and other advanced applications. 
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5. Related Work 
Text classification has been extensively studied for a long time in many research fields. 
Conventionally, supervised learning is usually applied in text classification [1, 2]. Our work 
focuses on the problem of how to adequately acquire and label documents automatically for 
classification models. 
 
For the problem of automatic acquiring training data, previous studies discuss in two 
directions. One is focused on augmenting a small number of labeled training documents with 
a large pool of unlabeled documents [11, 12, 13, 14, 15, 16, 17, 18]. Such work trains an 
initial classifier to label the unlabeled documents and uses the newly-labeled data to retrain 
the classifier iteratively. [11] proposed by Nigam et al. use the EM clustering algorithm and 
the naive Bayes classifier to learn from labeled and unlabeled documents simultaneously. [12, 
13] proposed by Yu et al. efficiently computes an accurate classification boundary of a class 
from positive and unlabeled data. In [15], Li et al. use positive and unlabeled data to train a 
classifier and solve the lack of labeled negative documents problem. Fung et al. in [17] study 
the problem of building a text classifier using positive examples and unlabeled example while 
the unlabeled examples are mixed with both positive and negative examples. [14] proposed 
by Nigam et al. starts from a small number of labeled data and employs a bootstrapping 
method to label the rest data, and then retrain the classifier. In [18], Shen et al. propose a 
method to use the n-multigram model to help the automatic text classification task. This 
model could automatically discover the latent semantic sequences contained in the document 
set of each category. Yu et al. in [16] present a framework, called positive example based 
learning (PEBL), for Web page classification which eliminates the need for manually 
collecting negative training examples in preprocessing. Although classifying unlabeled data 
is efficient, human effort is still involved in the beginning of the training process. In this 
paper, we propose an acquiring process of training data from the Web, which is fully 
automatic. The method trains a classifier well for document classification without labeled 
data, which is the mainly different part from the previous work. Moreover, our experiments 
show that the Web can help the conventional text classification. The training data acquired 
from the Web expand the coverage of classifier, which substantially enhance the performance 
while there is a lack of labeled data, or the quality of labeled data is not well enough. 
 
Another direction is focused on gathering training data by the Web [3, 4, 5, 6]. In [3], Huang 
et al. propose a system, called LiveClassifier , which combines relevant class names as 
queries based on a user-defined topic hierarchy so that more relevant documents to the 
classes could be found from the Web. [4, 5, 6] proposed by Hung et al. presents an approach 
that assumes the search results initially returned from a class name are relevant to the class. 
These search results are treated as auto-labeled and additional associated terms with the class 
names are extracted from the labeled data. Although the previous works are similar to our 
methods, all of them are human-intervened. In this paper, we propose a method which 
automatically finds the associated concepts for the related classes and train a desirable 
classifier. The main contribution is that our method utilizes the relationship of classes and 
samples the Web in an automatic way for key concepts of each class, thus further find the 
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quality training data from the Web. Without labeled data and associated terms given by 
human, our methods perform well and classify documents accurately for the text 
classification problem. 
 

6. Discussions and Conclusions 
In this paper, we propose two methods to automatically sample the Web and find quality 
training data for text classification. We first examine the effects of different search engines, 
retrieved data types, and sizes of retrieved data. Moreover, from the subset of documents and 
the method by associated terms, we know that sampling the Web for concepts of classes and 
fetching training data can substantially improve the performance of classification. It might be 
hard to distinguish the classes with the ambiguity and close relationship without labeled data. 
By the discovering of common concepts and discriminative concepts, the ambiguity of class 
names is eliminated and more relevant concepts are utilized for sampling suitable and quality 
training data from the Web. Several experiments conducted in this work show that our 
methods are useful and robust for classifying documents and Web pages. Furthermore, our 
experiments show that the training data sampled from the Web helps the conventional 
supervised classification, which need quality and labeled data. The result demonstrates that 
the quality of labeled data might not always desirable due to the lack of useful key concepts, 
and we can provide proper training data from the Web to further improve the results of text 
classification. In additions, two dataset with different characteristics are used for our 
experiments and the analysis from different dataset is carefully conducted in this paper. 
Compared to previous works, the advantage of our methods is the fully automatic processes 
during the concepts expansion and the training data collecting. Our methods are independent 
of classification models, thus existing models can be incorporated with the proposed 
methods. 
 
However, our work has some limitations. The classes we choose are related to each other. In 
other words, the performance would be better while the classes are in the same level in the 
hierarchy of topic classes. With the relationships between the classes, our methods can 
perform the context-aware technique among the classes to acquire more relevant documents, 
making the classifiers robust. To go a step further, there are more challenges to choose the 
quality documents in the training corpus sampled from the Web. We can also sample good 
training documents while a pool of unlabeled data is provided. We believe that these 
challenges are worth studied and would be the research directions in our future work. 
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Abstract 
It is difficult for users to formulate appropriate queries for search. In this paper, we propose 
an approach to query term selection by measuring the effectiveness of a query term in IR 
systems based on its linguistic and statistical properties in document collections. Two query 
formulation algorithms are presented for improving IR performance. Experiments on 
NTCIR-4 and NTCIR-5 ad-hoc IR tasks demonstrate that the algorithms can significantly 
improve the retrieval performance by 9.2% averagely, compared to the performance of the 
original queries given in the benchmarks. Experiments also show that our method can be 
applied to query expansion and works satisfactorily in selection of good expansion terms. 

Keywords: Query Formulation, Query Term Selection, Query Expansion. 
 

1. Introduction 
Users are often supposed to give effective queries so that the return of an information 
retrieval (IR) system is anticipated to cater to their information needs. One major challenge 
they face is what terms should be generated when formulating the queries. The general 
assumption of previous work [14] is that nouns or noun phrases are more informative than 
other parts of speech (POS), and longer queries could provide more information about the 
underlying information need.  However, are the query terms that the users believe to be 
well-performing really effective in IR? 

Consider the following description of the information need of a user, which is an example 
description query in NTCIR-4: Find articles containing the reasons for NBA Star Michael 
Jordan's retirement and what effect it had on the Chicago Bulls. Removing stop words is a 
common way to form a query su

appears obviously that terms contain and had carry relatively less information about the topic. 
Thus, we ta
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When carefully analyzing these terms, one could find that the meaning of Michael Jordan is 
more precise than that of NBA Star, and hence we improve MAP by 14% by removing NBA 
Star. Yet interestingly, the performance of removing Michael Jordan is not as worse as we 
think it would be. This might be resulted from that Michael Jordan is a famous NBA Star in 
Chicago Bulls. However, what if other terms such as reason and effect are excluded? There is 
no explicit clue to help users determine what terms are effective in an IR system, especially 
when they lack experience of searching documents in a specific domain. Without 
comprehensively understanding the document collection to be retrieved, it is difficult for 
users to generate appropriate queries. As the effectiveness of a term in IR depends on not 
only how much information it carries in a query (subjectivity from users) but also what 
documents there are in a collection (objectivity from corpora), it is, therefore, important to 
measure the effectiveness of query terms in an automatic way. Such measurement is useful in 
selection of effective and ineffective query terms, which can benefit many IR applications 
such as query formulation and query expansion. 

Conventional methods of retrieval models, query reformulation and expansion [13] attempt 
to learn a weight for each query term, which in some sense corresponds to the importance of 
the query term. Unfortunately, such methods could not explain what properties make a query 
term effective for search. Our work resembles some previous works with the aim of selecting 
effective terms. [1,3] focus on discovering key concepts from noun phrases in verbose 
queries with different weightings. Our work focuses on how to formulate appropriate queries 
by selecting effective terms or dropping ineffective ones. No weight assignments are needed 
and thus conventional retrieval models could be easily incorporated. [4] uses a supervised 
learning method for selecting good expansion terms from a number of candidate terms 
generated by pseudo-relevance feedback technique. However, we differ in that, (1) [4] selects 
specific features so as to emphasize more on the relation between original query and 
expansion terms without consideration of linguistic features, and (2) our approach does not 
introduce extra terms for query formulation. Similarly, [10] attempts to predict which words 
in query should be deleted based on query logs. Moreover, a number of works 
[2,5,6,7,9,15,16,18,19,20] pay attention to predict the quality or difficulty of queries, and 
[11,12] try to find optimal sub-queries by using maximum spanning tree with mutual 
information as the weight of each edge. However, their focus is to evaluate performance of a 
whole query whereas we consider units at the level of terms. 

Given a set of possible query terms that a user may use to search documents relevant to a 
topic, the goal of this paper is to formulate appropriate queries by selecting effective terms 
from the set. Since exhaustively examining all candidate subsets is not feasible in a large 
scale, we reduce the problem to a simplified one that iteratively selects effective query terms 
from the set. We are interested in realizing (1) what characteristic of a query term makes it 
effective or ineffective in search, and (2) whether or not the effective query terms (if we are 
able to predict) can improve IR performance. We propose an approach to automatically 
measure the effectiveness of query terms in IR, wherein a regression model learned from 
training data is applied to conduct the prediction of term effectiveness of testing data. Based 
on the measurement, two algorithms are presented, which formulate queries by selecting 
effective terms and dropping ineffective terms from the given set, respectively. 

The merit of our approach is that we consider various aspects that may influence retrieval 
performance, including linguistic properties of a query term and statistical relationships 
between terms in a document collection such as co-occurrence and context dependency. Their 
impacts on IR have been carefully examined. Moreover, we have conducted extensive 
experiments on NTCIR-4 and NTCIR-5 ad-hoc IR tasks to evaluate the performance of the 
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proposed approach. Based on term effectiveness prediction and two query formulation 
algorithms, our method significantly improve MAP by 9.2% on average, compared to the 
performance of the original queries given in the benchmarks.  

In the rest of this paper, we describe the proposed approach to term selection and query 
formulation in Section 2. The experimental results of retrieval performance are presented in 
Sections 3. Finally, in Section 4, we give our discussion and conclusions. 

2. Term Selection Approach for Query Formulation 
2.1 Observation 
When a user desires to retrieve information from document repositories to know more about a 
topic, many possible terms may come into the mind to form various queries. We call such set 
of the possible terms query term space T={t1, n}. A query typically consists of a subset of 
T. Each query term ti T is expected to convey some information about the user information 
need. It is, therefore, reasonable to assume that each query term will have different degree of 
effectiveness in retrieving relevant documents. To explore the impact of one query term on 
retrieval performance, we start the discussion with a degeneration process, which is defined 
as a mapping function taking the set of terms T as input and producing set { {t1}, 

{t2} {tn}} as output. Mathematically, the mapping function is defined as:  

DeGen(T) = { {x}|x T}. 

By applying the degeneration process to the given n terms in T, we can construct a set of n 
queries q = { q1 , q2 , , qi , , qn }, where qi = { t1 t 1, ti +1 tn} stands for a 
query by removing ti from original terms T.  

Suppose query term space T well summaries the description of the user information need. 
Intuitively, we believe that the removal of a term (especially an important one) from T may 
result in a loss of information harming retrieval effectiveness. To realize how much such 
information loss may influence IR performance, we conduct an experiment on NTCIR-4 
description queries. For each query, we construct its query term space T by dropping stop 
words. T is treated as a hypothetical user information need. The remaining terms in the 
description queries are individually, one at a time, selected to be removed to obtain q. Three 
formulas are used to measure the impact of the removing terms and defined as:  

T)pf(T))/pf( -)q(pf( min(T)g imin
 

T)pf(T))/pf( -)q(pf( max(T)g imax
 

i

i T)pf(T))/pf( -)q(pf(
|T|

(T)g 1
 avg 

 
where pf(x) is a performance measurement for query x, g(T) computes the ratio of 
performance variation, which measures the maximum, minimum and average performance 
gain due to the removal of one of the terms from T, and |T| is the number of query terms in T. 
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We use Okapi as the retrieval model and mean average precision (MAP) as our performance 
measurement for pf(x) in this experiment.  

The experimental results are shown in Figure 1. When we remove one term from each of 
the 50 topics {T}, in average, 46 topics have negative influence, i.e., gavg(T)<0. This means 
that deleting one term from T mostly leads to a negative impact on MAP, compared to 
original T. On the other hand,  gmax(T)>0 shows that at least the removal of one term 
positively improves MAP. By removing such terms we can obtain better performance. The 
phenomenon appears in 35 out of 50 topics, which is statistically suggestive that there exists 
noisy terms in most of user-constructed queries. In short, removing different terms from each 
topic T causes MAP variation in different levels. Some query terms are highly 
information-bearing, while others might hurt MAP. It is worth mentioned that we conduct the 
same experiment with the Indri and TFIDF retrieval models using the Lemur toolkit [21]. The 
results are quite consistent over different models. This characteristic makes it possible for the 
effectiveness of a query term on IR to be learned and applied to query formulation. 

 
F ig. 1. MAP gain by removing terms from original NTCIR-4 description queries. 
2.2 Problem Specification 
When a user desires to retrieve information from document repositories to know more about a 
topic, many possible terms may come into her mind to form various queries. We call such set 
of the possible terms query term space T = { t1, . A query typically consists of a subset 
of T. Each query term ti T is expected to convey some information about the user s 
information need. It is, therefore, reasonable to assume that each query term will have 
different degree of effectiveness in documents retrieval. Suppose Q denotes all subsets of T, 
that is, Q =Power Set(T) and |Q |=2n. The problem is to choose the best subset q* among all 
candidates Q such that the performance gain between the retrieval performance of T and q 
( q  Q ) is maximized: 

=   {( )/ ( )}  .   (1)  

where pf(x) denotes a function measuring retrieval performance with x as the query. The 
higher the score pf(x) is, the better the retrieval performance can be achieved. 

An intuitive way to solve the problem is to exhaustively examine all candidate subset 
members in Q and design a method to decide which the best q* is. However, since an 
exhaustive search is not appropriate for applications in a large scale, we reduce the problem 
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to a simplified one that chooses the most effective query term ti (ti T) such that the 
performance gain between T and T-{ti} is maximized: 

=   {( ( { }))/ ( )}  .   (2)  

Once the best ti* is selected, q* could be approximated by iteratively selecting effective 
terms from T. Similarly, the simplified problem could be to choose the most ineffective terms 
from T such that the performance gain is minimized. Then q* will be approximated by 
iteratively removing ineffective or noisy terms from T. 

Our goals are: (1) to find a function r: T →R, which ranks { t1,  based on their 
effectiveness in performance gain (MAP is used for the performance measurement in this 
paper), where the effective terms are selected as candidate query terms, and (2) to formulate a 
query from the candidates selected by function r. 

2.3 Effective Term Selection 
To rank term ti in a given query term space T based on function r, we use a regression model 
to compute r directly, which predicts a real value from some observed features of ti. The 
regression function r: T →R is generated by learning from each ti with the examples in form 
of < f(ti),  ( ( { }))/ ( )> for all queries in the training corpus, where f(ti) is 
the feature vector of ti, which will be described in Section 2.5. 

The regression model we adopt is Support Vector Regression (SVR), which is a regression 
analysis technique based on SVM [17]. The aim of SVR is to find the most appropriate 
hyperplane w which is able to predict the distribution of data points accurately. Thus, r can be 
interpreted as a function that seeks the least dissimilarity between ground truth yi = 
(pf T pf(T {ti}))/pf(T) and predicted value r(ti), and r is required to be in the form of 
w f(ti)+b. Finding function r is therefore equivalent to solving the convex optimization 
problem: 

,     , ,1   , ,2         
1
2
   2 +    ( ,1 + ,2).  

(3)  

subject to: 

                                                           yi      (w  f(ti)+b)      + ,1   (4)  

   :       ,1, ,2 0                  (w  f(ti)+b)      yi      + ,2  .      (5)  

where C determines the tradeoff between the flatness of r and the amount up to which 
deviations larger than  are tolerated,  is the maximum acceptable difference between the 
predicted and actual values we wish to maintain, and ,1 and ,2 are slack variables that 
cope with otherwise infeasible constraints of the optimization problem. We use the SVR 
implementation of LIBSVM [8] to solve the optimization problem. 

Ranking terms in query term space T={t1, n} according to their effectiveness is then 
equivalent to applying regression function to each ti; hence, we are able to sort terms ti T 
into an ordering sequence of effectiveness or ineffectiveness by r(ti). 

2.4 Generation and Reduction 
Algorithms Generation and Reduction, as shown in Fig. 2, formulate queries by greedily 
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selecting effective terms or dropping ineffective terms from space T based on function r. 
When formulating a query from query term space T, the Generation algorithm computes a 

measure of effectiveness r(ti) for each term ti T, includes the most effective term ti* and 
repeats the process until k terms are chosen (where k is a empirical value given by users). 
Note that T is changed during the selection process, and thus statistical features should be 
re-estimated according to new T. The selection of the best candidate term ensures that the 
current selected term ti* is the most informative one among those that are not selected yet. 

Compared to generation, the Reduction algorithm always selects the most ineffective term 
from current T in each iteration. Since users may introduce noisy terms in query term space T, 
Reduction aims to remove such ineffective terms and will repeat the process until |T|-k terms 
are chosen. 
Algorithm G eneration  Algorithm  Reduction 
Input: T={t1,t2, n} (query term space) 

k (# of terms to be selected) 
q { } 

for i = 1 to k do 
         {   }  

q    q   { }  
T    T   { }  

end 
Output q 

   Input: T={t1,t2, n} (query term space) 
k (# of terms to be selected) 
q {  t1,t2, n  }  

for i = 1 to n-k do 
         {   }  

q    q     { }  
T    T   { }  

end 
Output q  

F ig. 2. The Generation Algorithm and the Reduction Algorithm 

2.5 Features Used for Term Selection 
Linguistic and statistical features provide important clues for selection of good query terms 
from viewpoints of users and collections, and we use them to train function r. 

L inguistic Features: Terms with certain linguistic properties are often viewed 
semantics-bearing and informative for search. Linguistic features of query terms are mainly 
inclusive of parts of speech (POS) and named entities (NE). In our experiment, the POS 
features comprise noun, verb, adjective, and adverb, the NE features include person names, 
locations, organizations, and time, and other linguistic features contain acronym, size (i.e., 
number of words in a term) and phrase, all of which have shown their importance in many IR 
applications. The values of these linguistic features are binary except the size feature. POS 
and NE are labeled manually for high quality of training data, and can be tagged 
automatically for purpose of efficiency alternatively. 

Statistical F eatures: Statistical features of term ti refer to the statistical information about 
the term in a document collection. This information could be about the term itself such as 
term frequency (TF) and inverse document frequency (IDF), or the relationship between the 
term and other terms in space T. We present two methods for estimating such term 
relationship. The first method depends on co-occurrences of terms ti and tj (tj T, ti≠tj) and 
co-occurrences of terms ti and T-{ti} in the document collection. The former is called 
term-term co-occur feature while the latter is called term-topic co-occur feature. The second 
method extracts so-called context vectors as features from the search results of ti, tj, and 
T-{ti}, respectively. The term-term context feature computes the similarity between the 
context vectors of ti and tj while the term-topic context feature computes the similarity 
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between context vectors of ti and T-{ti}. 
Term-term & term-topic co-occur features: The features are used to measure whether query 
term ti itself could be replaced with another term tj (or remaining terms T-{ti}) in T and how 
much the intension is. The term without substitutes is supposed to be important in T. 
Point-wise mutual information (PMI), Chi-square statistics (X2), and log-likelihood ratio 
(LLR) are used to measure co-occurrences between ti and Z, which is either tj or T-{ti} in this 
paper. Suppose that N is the number of documents in the collection, a is the number of 
documents containing both ti and Z, denoted as a = #d(ti,Z). Similarly, we denote b = #d(ti ,~Z) 
c = #d(~ti,Z) and d = #d(~ti,~Z) i.e., Z=N-a-b-c. 
PMI is a measure of how much term ti tells us about Z. 

PMI ti, Z = log[p(ti, Z)/p ti p(Z)] log[a × N/ a + b (a + c)]   (6)  

X2 compares the observed frequencies with frequencies expected for independence. 

2 ti, Z = N × a × d b × c 2 /[ a + b a + c b + d (c + d)]   (7)  

LLR is a statistical test for making a decision between two hypotheses of dependency or 
independency based on the value of this ratio. 

2 log LLR ti, Z = a log
a × N

a + b a + c
+ b log

b × N
a + b b + d

   

                                                                                                          +c log
c × N

c + d (a + c)
+ d log

d × N
c + d b + d

                                (8) 

We make use of average, minimum, and maximum metrics to diagnose term-term co-occur 
features over all possible pairs of (ti,tj), for any : 

= 1
| |

(, , ),      (9)  

 

= max , X ,     &     = min , X( , )  
(10)     

where X is PMI, LLR or X2. Moreover, given T={t1 n} as a training query term space, we 
sort all terms ti according to their , , or ,  and their rankings varied 
from 1 to n are treated the additional features. 

The term-topic co-occur features are nearly identical to the term-term co-occur features 
with an exception that term-topic co-occur features are used in measuring the relationship 
between ti and query topic T-{ }. The co-occur features can be quickly computed from the 
indices of IR systems with caches. 

Term-term & term-topic context features: The co-occurrence features are reliable for 
estimating the relationship between high-frequency query terms. Unfortunately, term ti is 
probably not co-occurring with T-{ti} in the document collection at all. The context features 
are hence helpful for low-frequency query terms that share common contexts in search results. 
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More specifically, we generate the context vectors from the search results of ti and tj (or 
T-{ti}), respectively. The context vector is composed of a list of pairs <document ID, 
relevance score>, which can be obtained from the search results returned by IR systems. The 
relationship between ti and tj (or T-{ti}) is captured by the cosine similarity between their 
context vectors. Note that to extract the context features, we are required to retrieve 
documents. The retrieval performance may affect the quality of the context features and the 
process is time-consuming.  

3. Experiments 

3.1 Experiment Settings 
Table 1. Adopted dataset after data clean. Number of each setting is shown in each row for 
NTCIR-4 and NTCIR-5 

 NTCIR-4 NTCIR-5 
 <desc> <desc> 

#(query topics) 58 47 
#(distinct terms) 865 623 
#(terms/query) 14.9 13.2 

Table 2. Number of training instances. (x : y) shows the number of positive and negative 
MAP gain instances are x and y, respectively 

 Indri TFIDF Okapi 
Original 674(156:518) 702(222:480) 687(224:463

) Upsample 1036(518:51
8) 

960(480:480) 926(463:463
) Train 828(414:414) 768(384:384) 740(370:370
) Test 208(104:104) 192(96:96) 186 (93:93) 

We conduct extensive experiments on NTCIR-4 and NTCIR-5 English-English ad-hoc IR 
tasks. Table 1 shows the statistics of the data collections. We evaluate our methods with 
description queries, whose average length is 14.9 query terms. Both queries and documents 
are stemmed with the Porter stemmer and stop words are removed. The remaining query 
terms for each query topic form a query term space T. Three retrieval models, the vector 
space model (TFIDF), the language model (Indri) and the probabilistic model (Okapi), are 
constructed using Lemur Toolkit [21], for examining the robustness of our methods across 
different frameworks. MAP is used as evaluation metric for top 1000 documents retrieved. 
To ensure the quality of the training dataset, we remove the poorly-performing queries whose 
average precision is below 0.02. As different retrieval models have different MAP on the 
same queries, there are different numbers of training and test instances in different models. 
We up-sample the positive instances by repeating them up to the same number as the 
negative ones. Table 2 summarizes the settings for training instances.  

3.2 Performance of Regression Function 
We use 5-fold cross validation for training and testing our regression function r. To avoid 
inside test due to up-sampling, we ensure that all the instances in the training set are different 
from those of the test set. The 2 statistics ( 2 [0, 1]) is used to evaluate the prediction 
accuracy of our regression function r: 
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                             2 =
( y )2

( y)2
    ,  

(11)  

where R2 explains the variation between true label =( ( { }))/ ( ) and 

fit value y =wf(ti)+b for each testing query term ti T, as explained in Section 2.2. y is the 

mean of the ground truth. 
Table 3. R2 of regression model r with multiple combinations of training features. L: 
linguistic features; C1: co-occurrence features; C2: context features 
Performance of 

Regression 
Model r 

One Group of Features Two Groups of Features  Three Four (3+1) All 

L C1 C2 L&C1 L&C2 C1&C2  L&C1 &C2 m-Cl m-SCS 
 

R2 

Indri 0.120 0.145 0.106 0.752 0.469 0.285  0.975 0.976 0.975 0.976 
TFIDF 0.265 0.525 0.767 0.809 0.857 0.896  0.932 0.932 0.932 0.932 
Okapi 0.217 0.499 0.715 0.780 0.791 0.910  0.925 0.926 0.925 0.926 
Avg. 0.201 0.390 0.529 0.781 0.706 0.697  0.944 0.945 0.944 0.945 

Table 3 shows the R2 values of different combinations of features over different retrieval 
models, where two other features are taken into account for comparison. Content load (Cl) 
[14] gives unequal importance to words with different POS. Our modified content load (m-Cl) 
sets weight of a noun as 1 and the weights of adjectives, verbs, and participles as 0.147 for IR. 
Our m-SCS extends the simplified clarity score (SCS) [9] as a feature by calculating the 
relative entropy between query terms and collection language models (unigram distributions). 

It can be seen that our function r is quite independent of retrieval models. The performance 
of the statistical features is better than that of the linguistic features because the statistical 
features reflect the statistical relationship between query terms in the document collections. 
Combining both outperforms each one, which reveals both features are complementary. The 
improvement by m-Cl and m-SCS is not clear due to their similarity to the other features. 
Combining all features achieves the best R2 value 0.945 in average, which guarantees us a 
large portion of explainable variation in y and hence our regression model r is reliable. 

3.3 Correlation between Feature and MAP 
Yet another interesting aspect of this study is to find out a set of key features that play 
important roles in document retrieval, that is, the set of features that explain most of the 
variance of function r. This task can usually be done in ways fully-addressed in regression 
diagnostics and subset selection, each with varying degrees of complexity. One common 
method is to apply correlation analysis over the response and each predictor, and look for 
highly-correlated predictor-response pairs. 

Three standard correlation coefficients are involved, including Pearson's product-moment 
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correlation coefficient, Kendall's tau, and Spearman's rho. The results are given in Fig. 3, 
where x-coordinate denotes features and y-coordinate denotes the value of correlation 
coefficient. From Fig. 3, two context features  
positively- and highly-correlated (ρ>0.5) with MAP, under Pearson's coefficient. The 
correlation between the term-term context feature (cosine) and MAP even climbs up to 0.8. 
For any query term, high context feature value indicates high deviation in the result set 
caused by removal of the term from the query topic. The findings suggest that the drastic 
changes incurred in document ranking by removal of a term can be a good predictor. The 
tradeoff is the high cost in feature computation because a retrieval processing is required.  
The co-occurrence features such as PMI, LLR, and 2 also behave obviously correlated to 
MAP. The minimum value of LLR correlates more strongly to MAP than the maximum one 
does, which means that the independence between query terms is a useful feature. 

 

F ig. 3. Three correlation values between features and MAP on Okapi retrieval model 

 positive, 
medium-degree correlation (0.3<ρ<0.5) with MAP. Intuitively, a longer term might naturally 
be more useful as a query term than a shorter one is; this may not always be the case, but 
generally it is believed a shorter term is less informative due to the ambiguity it encompasses. 
The same rationale also e , because terms of noun phrases usually refer to a 
real-world event, such  might turn out to be the key 
of the topic.  
influence to MAP than others do, which shows high concordance to a common thought in 
NLP that nouns and verbs are more informative than other type of words. To our surprises, 
NE o not show as high concordance as 
the others. This might be resulted from that the training data is not sufficient enough. Features 

m-SCS  whose correlation is highly notable have positive impacts. It supports that 
the statistical features have higher correlation values than the linguistics ones. 

3.4 Evaluation on Information Retrieval 
In this section, we devise experiments for testing the proposed query formulation algorithms. 
The benchmark collections are NTCIR-4 and NTCIR-5. The experiments can be divided into 
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two parts: the first part is a 5-fold cross-validation on NTCIR-4 dataset, and in the second 
part we train the models on NTCIR-4 and test them on NTCIR-5. As both parts differ only in 
assignment of the training/test data, we will stick with the details for the first half 
(cross-validation) in the following text. 

The result is given in Table 4. Evaluation results on NTCIR-4 and NTCIR-5 are presented 
in the upper- and lower-half of the table, respectively. We offer two baseline methods in the 

consider nouns as query terms since nouns are claimed to be more informative in several 
previous works. Besides, the upper bound UB is presented in the benchmark: for each topic, 
we permute all sub queries and discover the sub-query with the highest MAP. As term 
selection can also be treated as a classification problem, we use the same features of our 
regression function r to train two SVM classifiers, Gen-C and Red-C. Gen-C selects terms 

- -R and 
Red-R denote our Generation and Reduction algorithms, respectively. The retrieval results 
are presented in terms of MAP. Gain ratios in MAP with respect to the two baseline methods 
are given in average results. We use two-tailed t-distribution in the significance test for each 
method (against the BL1) by viewing AP values obtained in all query session as data points, 
with p<0.01 marked ** and p<0.05 marked *. 
Table 4. MAP of baseline and multiple proposed methods on NTCIR-4 <desc> regression 
model. (+x, +y) shows the improvement percentage of MAP corresponding to BL1 and BL2. 
TFIDF and Okapi models have PRF involved, Indri model does not. Best MAP of each 
retrieval model is marked bold for both collections. 
Settings Metho

d 
Indri TFIDF Okapi Avg. 

NTCIR-
4 
<desc> 
Queries 

UB 0.2233 0.3052 0.3234 0.2839 
BL1 0.1742 0.2660 0.2718 0.2373 
BL2 0.1773 0.2622 0.2603 0.2332 
Gen-C 0.1949

** 
0.2823
** 

0.2946
** 

0.2572(+8.38%,+10.2)
%) Gen-R 0.1954

** 
0.2861
** 

0.2875
* 

0.2563(+8.00%,+9.90)
%) Red-C 0.1911*

* 
0.2755
** 

0.2854
** 

0.2506(+5.60%,+7.46)
%) Red-R 0.1974

** 
0.2773
** 

0.2797 0.2514(+5.94%,+7.80)
%) NTCIR-

5 
<desc> 
Queries 

UB 0.1883 0.2245 0.2420 0.2182 
BL1 0.1523 0.1988 0.1997 0.1836 
BL2 0.1543 0.2035 0.1969 0.1849 
Gen-C 0.1699

** 
0.2117* 0.2213

* 
0.2009(+9.42%,+8.65)
%) Gen-R 0.1712

** 
0.2221
* 

0.2232
* 

0.2055(+11.9%,+11.1)
%) Red-C 0.1645

** 
0.2194
* 

0.2084 0.1974(+7.51%,+6.76)
%) Red-R 0.1749

** 
0.2034
** 

0.2160
* 

0.1981(+7.89%,+7.13)
%) From Table 4, the MAP difference between two baseline methods is small. This might be 

because some nouns are still noisy for IR. The four generation and reduction methods 
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significantly outperform the baseline methods. We improve the baseline methods by 5.60% to 
11.9% in the cross-validation runs and on NTCIR-5 data. This result shows the robustness 
and reliability of the proposed algorithms. Furthermore, all the methods show significant 
improvements when applied to certain retrieval models, such as Indri and TFIDF; 
performance gain with Okapi model is less significant on NTCIR-5 data, especially when 
reduction algorithm is called for. The regression methods generally achieve better MAP than 
the classification methods. This is because the regression methods always select the most 
informative terms or drop the most ineffective terms among those that are not selected yet. 
The encouraging evaluation results show that, despite the additional costs on iterative 
processing, the performance of the proposed algorithms is effective across different 
benchmark collections, and based on a query term space T, the algorithms are capable of 
suggesting better ways to form a query. 

[4] proposed a method for selecting Good Expansion Terms (GET) based on an SVM 
classifier. Our approach is also applicable to selection of query expansion terms. Given the 
same set of candidate expansion terms which are generated by conventional approaches such 
as TF and IDF, GET-C runs the Gen-C method whereas GET-R runs the Gen-R on the 
expansion set (with the NTCIR-4 5-fold cross validation regression model). Table 5 shows 
the MAP results of the two methods and the baseline method (BL), which adds all expansion 
terms to original queries. From Table 5, GET-R outperforms GET-C under different retrieval 
models and data sets, and both methods improve MAP by 1.76% to 3.44% compared to the 
baseline. Moreover, though extra terms are introduced for query formulation, we can see that 
certain MAP results in Table 4 still outperform those in Table 5 (marked italic). It is therefore 
inferred that, it is still important to filter out noisy terms in original query even though good 
expansion terms are selected. Finally, note that we use the NTCIR-4 5-fold cross validation 
regression model, which is trained to fit the target performance gain in NTCIR-4 dataset, 
rather than instances in the query expansion terms set. However, results in Table 5 show that 
this model works satisfactorily in selection of good expansion terms, which ensures that our 
approach is robust in different environments and applications such as query expansion. 
Table 5. MAP of query expansion based on GET-C and GET-R model. (%) shows the 
improvement percentage of MAP to BL. Significance test is tested against the baseline 
results.  
Settings Method Indri TFIDF Okapi Avg. 
NTCIR-4 

<desc> 
BL 0.2470 0.2642 0.2632 0.2581 
GET-C 0.2472** 0.2810** 0.2728** 0.2670 

(+3.44%) GET-R 0.2610** 0.2860** 0.2899** 0.2789 
(+8.05%) NTCIR-5 

<desc> 
BL 0.1795 0.1891 0.1913 0.1866 
GET-C 0.1868 0.1904 0.1927 0.1899 

(+1.76%) GET-R 0.1880* 0.1918* 0.1945* 0.1914 
(+2.57%) 
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We further investigate the impact of various ranking schemes based on our proposed 
algorithms.  The ranking scheme in the Generation algorithm (or the Reduction algorithm) 
refers to an internal ranking mechanism that decides which term shall be included in (or 
discarded away). Three types of ranking schemes are tested based on our regression function r. 

max-order  always returns the term that is most likely to contribute relevance to a query 
topic, min-order  returns the term that is most likely to bring in noise, and random-order  
returns a randomly-chosen term. Figure 4 shows the MAP curve for each scheme by 
connecting the dots at (1, MAP(1)),  , (n, MAP(n)), where MAP(i) is the MAP obtained at 
iteration i. It tells that the performance curves in the generation process share an interesting 
tendency: the curves keep going up in first few iterations, while after the maximum (locally 
to each method) is reached, they begin to go down rapidly. The findings might informally 
establish the validity of our assumption that a longer query topic might encompass more 

-and- rn does not look so obvious in the reduction 
process; however, if we take the derivative of the curve at each iteration i (i.e., the 
performance gain/loss ratio), we might find it resembles the pattern we have discovered. We 
may also find that, in the generation process, different ranking schemes come with varying 

-  constantly provides the largest 
performance boost, as opposed to the other two schemes. In the reduction process, 

-  offers the most drastically performance drop than the other two schemes do. 
Generally, in the generation process, the best MAP value for each setting might take place 
somewhere between iteration n/2 to 2n/3, given n is the size of the query topic. 
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F ig. 4. MAP curves based on regression model for description queries of NTCIR-4 on Indri, 
TFIDF, and Okapi models, each with three selection order. X coordinate is # of query terms; 
Y coordinate is MAP. 

4. Discussions and Conclusions 
In this paper, we propose an approach to measure and predict the impact of query terms, 
based on the discovery of linguistic, co-occurrence, and contextual features, which are 
analyzed by their correlation with MAP. Experimental results show that our query 
formulation approach significantly improves retrieval performance. 

The proposed method is robust and the experimental results are consistent on different 
retrieval models and document collections. In addition, an important aspect of this paper is 
that we are able to capture certain characteristics of query terms that are highly effective for 
IR. Aside from intuitive ideas that informative terms are often lengthy and tagged nouns as 
their POS category, we have found that the statistical features are more likely to decide the 
effectiveness of query terms than linguistics ones do. We also observe that context features 
are mostly correlated to MAP and thus are most powerful for term difficulty prediction. 
However, such post-retrieval features require much higher cost than the pre-retrieval features, 
in terms of time and space. 

The proposed approach actually selects local optimal query term during each iteration of 
generation or reduction. The reason for this greedy algorithm is that it is inappropriate to 
exhaustively enumerate all sub-queries for online applications such as search engines. Further, 
it is challenging to automatically determine the value of parameter k in our algorithms, which 
is selected to optimize the MAP of each query topic. Also, when applying our approach to 
web applications, we need web corpus to calculate the statistical features for training models. 
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摘要 

綜觀今日全球化的趨勢，世界各國皆進行跨語言的專利說明書翻譯工作。在中文專利說明書中
譯英方面，為了追求更精確的翻譯品質，蒐集大量且正確的專利文書平行語料，能夠協助輔助
式機器翻譯及資訊檢索的研究工作進行。因此本研究便希望利用中英技術名詞對應表，透過統
計詞頻調整詞對應權重及計算中英文句子的向量相似度等機制，搭配動態規劃演算法，計算中
英專利文書的句對相似度，最後產生對列結果。以精確率、召回率及輔助式機器翻譯系統，評
比本對列系統的對列成效。實驗結果顯示本系統不僅在 1：1對列模式2的精確率達到 0.995，且
產出的大量中英文句對確實能夠提升輔助式機器翻譯系統的翻譯品質。 

關鍵詞：專利說明書、電腦輔助機器翻譯、文句對列、動態規劃演算法 

1. 緒論 
在這資訊爆炸的時代，科技產業日新月異，因此在開發一項新的產品前，對於專利說明書的熟
讀，更顯得格外重要，以避免在研發過程中，侵犯了他人的智慧財產權。近年來，中國大陸的
經濟蓬勃發展，外商投資市場急速拓展，因此外語使用者對於中文專利說明書的查詢需求量便
大幅增加。於 2007年 10月在拉脫維亞舉行的歐洲專利局 (European Patent Office，簡稱 EPO) 專
利資訊會議，舉辦的二場主題皆與中文專利文書翻譯密切相關，顯示中文專利文書英譯的議題
越來越被重視。 
    想要有高品質的專利文書翻譯效果，必須倚靠人力進行翻譯，不僅在時間及成本上的花費
極高，在數量上也有所限制。為了在產品的生產前置作業上，減少跨語言專利查詢的成本，發
展一套專利說明書英譯或是檢索系統，便成了刻不容緩的事情，不僅能方便使用者的查詢，更
能間接促進科技產業的發展。 
    無論是進行專利文書翻譯或檢索研究，大量且正確的平行語料是不可或缺的。在跨語言資
訊檢索研究中，針對查詢的問句進行翻譯有許多種策略，如以辭典為本(dictionary-based) 、索
引典為本  (thesaurus-based) 等歸類於以知識為本  (knowledge-based) 的策略及語料庫為本 
(corpus-based) 等策略[17]。其中以語料庫為本的策略，將大量對列好的雙語文句，透過計算詞
彙對譯的強度建構詞彙對應表，利用此表，便能在使用者進行查詢時進行詞彙的翻譯動作[6]。
而在輔助式機器翻譯的領域中，能夠利用這些對列好的雙語文句進行翻譯模型的訓練及其它相
關的處理，供後續翻譯系統使用。 
    想要得到平行語料進行研究並非難事，為了保證語料本身的品質，除了利用人工對列的方
式進行外，利用簡單且兼顧正確性的方法，如：僅利用雙語辭典進行詞彙比對，訂定保險的篩
選門檻，也能夠產生平行的語料。但利用人工的方式進行對列需要大量的人力成本，而僅利用
詞彙比對的方法為了兼顧正確性，往往得到數量較少的對列結果產出，仍然不敷成本效益。因
此我們希望能夠改進現有的文句對列技術，透過加入專業領域的辭典及利用自然語言處理的方
法，發展出一套適用於專利文書文本的文句對列系統。 
    為了統一詞彙的用法，以下所稱「英漢辭典」指的是本系統採用的英漢辭典；「原中文詞
義」指的是英漢辭典未合併中文近義詞表的中文詞義，在中文近義詞表合併至英漢辭典後，我
們統稱英漢辭典內的中文詞義及其中文近義詞為「中文詞義」；擷取出英文片語及技術名詞的步
驟，簡稱為「詞彙擷取」；「英文詞彙」指的是英漢辭典及「中英技術名詞對應表」的英文詞，

                                                 
1 本論文另有 25頁的版本，請參照連結：http://www.cs.nccu.edu.tw/~chaolin/papers/rocling_tien.pdf。 
2 例如：對列模式「1：1」代表一句來源語言句子對應至一句目標語言句子。 
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或經過詞彙擷取後，英文句子裡的片語、英文技術名詞及句子裡其它利用空白隔開的英文單詞，
這些英文詞彙皆由一個以上連續的英文單詞組成，如：「of course」，我們稱為一個英文詞彙，
由兩個連續的英文單詞組成，「Of course, I will help you.」，我們稱這英文句子內有五個英文詞
彙：「Of course」、「I」、「will」、「help」及「you」；「詞形還原」(lemmatization) 指的是將英文詞
彙，還原成其原形的處理步驟，例如：將「ate」還原成「eat」；「對應」一詞，指的是中英文互
為翻譯的文章、句子或詞彙，例：「中英文對應句子」指的是中英文互為翻譯的句子；「句對」
指的是完成對列後產生的中英文對應句子；「詞對」指的是在對列過程中，中英文句子在詞彙比
對時，比對到的中英對應詞彙。而中英文句子在完成對列後，稱為「句對」，該句對包含的一組
以上的詞對便形成「詞對集合」。 
    我們發展的系統（以下簡稱本系統）在前處理步驟中，利用簡單的規則對未經過段落對列
處理 (paragraph alignment) 的中英文章進行斷句，透過 StanfordLexParser-1.6進行英文詞彙的詞
形還原，再利用詞彙量豐富的英漢辭典及中英技術名詞對應表，在中文的部份以長詞優先的技
術進行斷詞，在英文的部份則進行詞彙擷取及片語保留的動作。為了增加中英文詞彙比對的成
功率，透過 HowNet 及中研院現代漢語一詞泛讀系統尋找英漢辭典中的原中文詞義的近義詞
彙，拓展英漢辭典的規模，並利用自「國立編譯館學術名詞資訊網」擷取、整理並建構的中英
技術名詞對應表，讓本系統能適用於專利文書的文本。在進行各模式中英文句子的詞彙比對部
份，我們沿用 Ma[15]於 2006 年提出的詞彙權重計算方法及其採用的動態規劃演算法。在對列
的過程中，給予比對的來源句 (source sentence) 及目標句 (target sentence) 詞彙比對的分數，
再利用衍生自餘弦相似度 (cosine similarity) [16]的計算原理，計算得到中英文句子之間的向量
相似度分數，作為句子相似度的輔助評分權重，之後利用動態規劃演算法，計算得到整體相似
度分數最高的對列組合，產生對列的結果。我們同時訂定篩選門檻，以句對平均比對詞數及向
量相似度分數作為篩選條件，篩選出「1：1信心句對」作為平行語料。 

2. 文獻探討 
跨語言文句對列的技術有很多種，發展至今，已有許多學者提出不同的方法，有針對來源語言 
(source language) 及目標語言 (target language) 屬於同一語系（如：英文及法文同屬於印歐語系）
的對列技術，也有跨語系的相關對列技術研究，如針對英日翻譯、英漢翻譯等翻譯文章。 
    近年來利用英漢辭典比對進行文句對列的方法，有[15]提出的「Champollion」這套對列工
具。他認為任意兩個句子中的多個對應詞彙，並不應該一律給予相同的權重，於是透過修改 tf-idf 
[18]的權重計算公式，進行詞彙權重的調整，並搭配懲罰機制，依照不同的對列模式及句子長
度差異進行扣分的計算。他同樣採用動態規劃演算法進行最佳對列模式的選擇，挑選出整體相
似度分數最高的句對組合。 
    2007年，Utiyama與 Isahara[19]提出一套英日的專利平行語料庫，並參加第六屆 NTCIR專
利檢索 (patent retrieval) 的比賽。其語料庫包含了約 199萬組經自動對列技術得到的英日句對。
如此龐大的句對數量，必須倚賴自動對列技術才能蒐集完成。他們在專利說明書中發現「發明
說明」段落所包含的兩個小段落：「先前技術」及「實施方法」翻譯較為整齊，因此選擇這兩個
小段落進行對列處理。 
 

    在對列的方法上，他們利用英日及日英的辭典，搭配動態規劃演算法，對不同對列模式的
句子進行相似度分數計算，接著再計算整篇文章的相似度總分及總句數的比例，最後選取在句
子層級、文章層級及句數比例最為接近的對列結果，完成對列後約產生 700萬組句對。接著他
們對這些句對進行篩選，首先取出對列模式 1：1的句對，再依照相似度分數進行排序，只取出
以句號結尾的句對，同時過濾重複出現的句對，剩下約 390萬組。為了保證這些句對的品質，
他們進行區段抽樣的實驗，分析後決定取出相似度分數最高的前 200 萬組句對進行最後的篩
選，去除句長太長以及長度差異太大的句對後，最後剩下約 199萬組句對，他們便以這些句對
建構專利文書的平行語料庫。除了提出文句對列及句對篩選的方法，他們在詞彙的層級將句對
檢驗的評比分為三種等級：句對中的詞彙完全比對成功、50%以上比對成功及 50%以下的詞彙
成功比對等三個等級；在語意的層級分成四個等級：句對的語意完全符合、80%以上的語意符
合、80%以下的語意符合及語意完全不符合等四個等級。他們將這些專利文書語料依照國際專
利分類號 (International Patent Classification，簡稱 IPC) 作分類，對詞彙及句長進行統計，並利
用輔助式機器翻譯系統及翻譯指標進行翻譯效果的評比，證明該平行語料庫確實能夠勝任作為
輔助式機器翻譯的訓練語料。 
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表一、語料來源、範圍與文章總數量統計 
語料 文章數 範圍 來源 

專利文書公開全文 7284 申請號 091132651至 095145895 經濟部智慧財產局網站 
專利文書公告全文 13675 申請號 084111615至 096222166 經濟部智慧財產局網站 
專利文書公告全文 

摘要段落 417846 申請號 075102826至 096213764 經濟部智慧財產局網站 

科學人雜誌 
中英對照電子書 2065 2002年 1月至 2009年 1月 國立政治大學圖書館 

雙語網站 
知識管理平台新聞 737 2005年 8月 30日 

至 2007年 12月 15日 官方網站 

自由時報 
中英對照讀新聞 1553 2005年 2月 14日 

至 2009年 5月 27日 官方網站 

大考試題 131 2004年至 2009年 官方網站 
 

表二、本研究採用訓練語料文章數及句數統計 
語料 文章數 語言 總句數 

專利文書公開全文 2271 
中文 695326 
英文 518482 

科學人雜誌中英對照電子書 319 
中文 18966 
英文 19282 

3. 語料來源 

在專利說明書方面，本研究所需的語料來源，我們透過對從經濟部智慧財產局[9]擷取的資料整
理及過濾，有中英文互為翻譯的「專利文書公開全文」及「專利文書公告全文」共約二萬篇及
「專利文書公告全文摘要段落」約 42萬篇（以下統稱為「專利文書的文本」）；在科普文學方面，
我們有「科學人雜誌中英對照電子書」[5]從 2002 年 3 月創刊號至 2009 年 1 月約 2000 篇；
在新聞文章方面，我們有「自由時報中英對照讀新聞」約 1500篇[3]、「雙語網站知識管理平台
新聞」[11]約 700 篇及包括了「四技二專統一入學測驗」、「學科能力測驗」及「大學指定科目
考試」中「對話測驗」、「綜合測驗」及「閱讀測驗」等多個段落的「大考試題」[10]，共約 130
篇（以下統稱這四種語料為「其它主題的文本」），本研究詳細的語料來源統計數據如表一所示。
由於語料數目相當龐大，在本系統開發時僅採用部份的語料作為訓練用途，如表二所示。 

4. 研究方法 

4.1 系統架構及對列流程 

本系統的架構及處理流程如圖一所示，首先將任意中英互為翻譯、未經過段落對列處理的文章
進行斷句、英文詞形還原、斷詞及詞彙擷取等前處理步驟，再透過相似度計算模組計算中英文
句子的相似度，利用動態規劃演算法選取整體分數最佳之對列組合，產生對列結果，經過門檻
值的篩選，再將高於門檻值條件的 1：1對列模式句對取出，稱為「1：1信心句對」，作為平行
語料的用途。 

圖一、系統架構流程圖 

動態規劃演算法 

 

相似度計算模組 
進行前處理 

產生對列結果 

中英原始

對照語料 

 

產生 1：1信心句對 

利用門檻值篩選 
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圖二、中文詞義近義詞表製作流程 

4.2 辭典之建置 
在對列處理的過程中，利用英漢辭典進行中英句對的詞彙
比對，為了提高詞彙比對的成功率，我們建置「中文近義
詞表」，並將其合併至英漢辭典中，擴大英漢辭典的規模。
除了建置中文近義詞表外，我們也建置「中英技術名詞對
應表」，處理常見於專利說明書中的技術名詞。 

 英漢辭典：本系統採用的電子英漢辭典，為國內知名
企業英業達股份有限公司開發的 Dr.eye 譯典通線上
辭典[12]，其含有 106269 筆英文詞彙及片語，在和
牛津辭典比較詞目數量後，我們採用 Dr.eye 譯典通
線上辭典作為本系統的英漢辭典。 

 中文近義詞表：單純倚賴英漢辭典內之中文詞義進行
中英詞彙比對雖然可行，但進行中英詞彙比對時的成
功率並不高。為了增加中文詞彙比對的成功率，我們
沿用呂明欣等學者[4]於 2007年使用的中文近義詞尋
找方法，來建構中文近義詞表，流程如圖二所示。在圖二中，我們將英漢辭典中的原中文
詞義，透過 HowNet[13]及中研院一詞泛讀系統[2]尋找其意義相近的中文詞彙，在得到兩
種方法產生的中文近義詞集合後，為了去除和原中文詞義偏差較大的中文近義詞，我們將
兩個近義詞集合取交集，建構出中文近義詞表。我們將此中文近義詞表合併至英漢辭典
中，作為中英文詞彙比對時的依據。 

 中英技術名詞對應表：我們從「國立編譯館學術名詞資訊網」[6]擷取、整理並建構中英技
術名詞對應表，中英文對應的詞目數量為 1660829筆。在處理專利文書的文本時，除了一
般性的英漢辭典外，若能再結合不同專業領域的中英技術名詞資訊，進行中英詞彙比對
時，便不會將特殊、罕見的技術名詞視為未知詞，喪失了中英詞彙比對時應得的相似度分
數。圖三為中英技術名詞對應表的部份內容，從圖中可以發現，單一英文技術名詞可能會
對應至多個中文技術名詞，在中英詞彙比對的過程中，我們會將這些中文技術名詞皆納入
比對的考量。 

 中文斷詞辭典：中文斷詞辭典的詞彙涵蓋範圍，會影響以長詞優先方式進行斷詞的斷詞效
果。許多進行斷詞相關研究的學者[14][20]認為較長的詞彙，能夠保留更完整的詞面資訊，
因此，一套完整的中文斷詞辭典，在前處理的部份便佔了重要的角色。我們將合併中文近
義詞表後的英漢辭典其全部的中文詞義，加上中英技術名詞對應表中全部的中文技術名
詞，作為中文斷詞辭典，提供本系統在進行前處理時，進行中文斷詞的依據，中文斷詞辭
典總詞目數量為 1835085筆。 

 

圖四、處理專利文書文本的前處理流程圖 
 

 
圖三、中英技術名詞對應表 

英漢辭典 
中文詞義 

中研院一詞泛讀系統 

利用 HowNet尋找近義詞 

近義詞集合 

近義詞集合 
交集 中文近義

詞表 

============================= 
英文單字: chloride shift 
氯轉移 
鹽分移動 
氯轉置 
氯離子轉移 
============================= 
英文單字: chloride silver 
氯化銀 
============================= 
英文單字: chloride stre 
氯化物應力 
============================= 
英文單字: chloride stre corrosion crack 
氯化物應力腐蝕裂縫 

中英文詞彙比對 

中英原始

對照文章 
 

中文斷詞 
技術名

詞比對 
一般詞

彙比對 

英文詞形還原 

英文詞彙擷取 

中文斷句 

英文斷句 
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圖五、處理其它主題文本的前處理流程圖 
 

4.3 中英文原始文章前處理步驟 
圖四為專利文書前處理流程圖。在圖四中，經過斷句處理後的中英文句子，接著進行中文斷詞
及英文詞彙擷取，完成後即進入相似度計算模組中的中英文詞彙比對階段。在詞彙比對的過程
中，首先利用中英技術名詞對應表進行技術名詞的比對，接著才進行英文詞形還原步驟。在處
理專利文書的文本時，我們以「查表」的方式進行英文詞形還原，在完成英文詞形還原後，才
利用英漢辭典進行一般性中英文詞彙的比對。 
    圖五為其它主題文本的前處理流程圖。可以發現圖五和圖四的最大不同點在於：完成斷句
處理後的英文句子，在進行英文詞彙擷取前便進行了英文詞形的還原步驟，接著才進行詞彙擷
取的處理及中英文詞彙的比對，這是因為在處理其它主題的文本時，並未進行技術名詞的比對。
在處理其它主題的文本時，我們是以 StanfordLexParser-1.6進行英文詞形的還原。 

4.3.1  斷句 

在中英文句子的斷句方面，我們僅利用「問號」、「驚嘆號」及「句號」三種符號進行斷句處理，
而不將句子切分成太細的單位。我們利用簡單的規則避免英文句號與小數點混淆，並簡單地作
人名及地名等名詞縮寫判斷，以避免斷句錯誤的情況發生。 

4.3.2  英文詞形還原 

StanfordLexParser-1.6能夠在建立該英文句子的剖析樹 (parse tree) 後，根據該英文詞彙的詞性
進行詞形還原處理。以圖六為例子，首先利用 StanfordLexParser-1.6 產生附帶著詞性的英文原
句剖析樹，再利用 StanfordLexParser-1.6 的詞形還原套件對該剖析樹進行處理，使句中三個英
文詞彙「plays」、「his」及「friends」進行詞形還原，產生這三個英文詞彙的原形「play」、「he」
及「friend」。 
    StanfordLexParser-1.6 為 Java 語言所撰寫的套件，隨著電腦記憶體大小的不同，所能夠處
理的英文句長也有限制。在專利說明書中，由於翻譯者的翻譯風格的不同，在文章中偶爾會出
現極長的英文句子，這會造成剖析樹過深導致對列處理中斷，這樣的現象我們無法預期何時會
發生。因此我們在對列其它主題的文本時，使用 StanfordLexParser-1.6 進行英文詞形還原的處
理，而在對列專利文書的文本時，我們在完成斷句及斷詞後，在中英文詞彙比對的階段，完成
技術名詞的比對之後才利用查表的方式進行英文詞形還原。我們沿用[15]開發的對列工具
Champollion的英文詞形還原對應表，共有 136390筆英文詞目及原形。有關中英詞彙比對的方
式及步驟，會在 4.4.1節作介紹及說明。 

4.3.3  中文長詞優先斷詞、英文詞彙擷取 

在完成中英文斷句處理後，在中文的部分首先對已經完成斷句的中文句子進行斷詞處理，在英
文的部份，擷取出英文片語及技術名詞後再利用空白將其它的英文單詞分開，以利後續中英文
翻譯詞彙的比對，我們以英漢辭典的英文詞彙及中英技術名詞對應表的英文技術名詞作為英文
詞彙擷取的依據，詞目數量為 1151130筆。 
 

英文原句：Jim always plays baseball with his friends. 
其剖析樹：(S(NP(NNP Jim))(ADVP(RB always))(VP(VBZ plays)(NP(NN 
          baseball))(PP(IN with)(NP(PRP$ his)(NNS friends))))(. .)) 
詞形還原：Jim always play baseball with he friend. 

圖六、利用 StanfordLexParser-1.6進行英文詞形還原 
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圖八、相似度計算模組（以虛線表示） 

 
    目前常見的中文斷詞工具為中研院的中文斷詞系統[1]，我們能透過網頁介面或撰寫程式進
行查詢，提供中研院一段中文句子或文章，中文斷詞系統會進行詞性的標記及斷詞處理，並將
查詢結果回傳。雖然中研院的中文斷詞系統為目前廣泛使用的斷詞工具，但為了處理專利說明
書中常見的技術名詞，即時且大量地進行對列工作，我們不採用中研院的中文斷詞系統進行斷
詞，而是利用中文斷詞辭典，以長詞優先的斷詞方式進行中文句子的斷詞處理。 
    圖七為利用中研院中文斷詞系統及中文長詞優先斷詞結果的比較，在技術名詞的斷詞差異
處我們以粗體加上底線的字體表示。在圖七中，中研院的中文斷詞系統將「電子裝置」、「閘極」、
「晶圓結合」、「介電常數」及「介電材料」等五個中文技術名詞錯誤斷詞，而利用長詞優先斷
詞能夠正確地保留住這些中文詞彙。以圖中的中文詞「晶圓接合」為例，其對應的英文詞彙為
「chip connection」，由於我們以「完全比對」的方式進行中英技術名詞的比對（也就是當中文
詞必須完全相同才算比對成功），若「晶圓接合」被錯誤斷成「晶圓」及「接合」二詞，則在技
術名詞比對的步驟便無法成功比對，而英漢辭典中沒有「chip connection」此英文片語，在中英
文詞彙比對的步驟上，「chip connection」及「晶圓接合」這組中英文詞彙便失去了應得的詞彙
比對分數。在圖七中的例子，共計有五組這樣的中英文對應詞彙被斷詞錯誤，累計起來失去的
相似度分數便相當多，這也是我們採用長詞優先的方式進行中文句子的斷詞，並且將英文句子
的片語及技術名詞擷取出來的主要原因。 

4.4 相似度計算模組 
相似度計算模組如圖八所示。相似度計算模組中，有兩個部份同時進行。模組中的第一個部份
為中英文句子詞彙的比對及給分。第二個部份以計算向量之間相似度的原理，將中英文句子視
為兩組向量，計算其之間的向量相似度。此計算方法不需要句長統計的數據，即可將中英文句
子間的句長差異納入扣分考量。除此之外，對於句長相似但擁有不同權重詞彙之中英文句子（即
不應該為翻譯對應之中英文句子），也能進行懲罰，使其得到較低的分數。將第一部份中英詞彙
比對得到的分數，乘上第二部份之向量相似度作為扣分權重，最後得到該對列模式下的中英文
句子相似度總分，這項分數接著提供給動態規劃演算法作為挑選最佳對列模式組合的依據。 

4.4.1  翻譯詞彙的搜尋及比對方式 
在中英文句詞彙比對的過程中，中英技術名詞對應表的參照順序在英漢辭典之前。進行中英文
句子的詞彙比對時，以由左至右的順序將完成詞彙擷取處理的英文句子詞彙取出，並至中英技
術名詞對應表進行搜尋，以完全比對的方式比對中文詞彙。 
    我們接著以同樣的方式，將英文句子中尚未比對到的詞彙取出，至英漢辭典搜尋。若能在
英漢辭典中找到該英文詞彙，則將其中文詞義取出，至完成斷詞處理後的中文句子比對中文詞
彙。為了兼顧比對的成功率及正確性，本系統以一字詞完全比對、二字詞以上部份比對的方式
進行比對的動作，也就是英文詞彙及中文詞彙的最長共同子序列 (longest common subsequence) 

 

  原中文句子：本發明提供一種形成半導體電子裝置的閘極堆疊的方法，其藉由晶圓接合  
              含有高介電常數介電材料之至少一結構。 
  中研院斷詞：本 發明 提供 一 種 形成 半導體 電子 裝置 的 閘 極 堆疊 的 方法 ，  
              其 藉由 晶圓 接合 含有 高 介電 常數 介電 材料 之 至少 一 結構 。 
  本系統斷詞：本 發明 提供 一種 形成 半導體 電子裝置 的 閘極 堆疊 的 方法 ，      
              其 藉 由 晶圓接合 含有 高 介電常數 介電材料 之至 少 一 結構 。 

圖七、中研院中文斷詞及本系統斷詞結果比較 
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為二字詞以上，也視為比對成功。當完成一組中英文句子的詞彙比對後，這些成功比對到的中
英文詞對便形成詞對集合，我們予以記錄，供後續計算使用。 
4.4.2  詞彙權重的計算 
我們沿用[15]提出的方法，依照詞對集合內，各詞對的英文詞彙重要程度不同，給予比對到的
詞對不同分數。 
    在資訊檢索的領域中，tf-idf (term frequency - inverse document frequency) [18]為一常見的計
算公式，能夠計算文件中的詞彙權重值，tf 值為文件中某詞彙的出現次數，如公式(1)所示。而
idf 值代表該詞彙在所有語料的文件中的重要程度，idf 值的計算方式如公式(2)所示。在公式(2)
中，N 為文件總數，w為詞彙，nd(w)代表含有詞彙 w的文件數量。詞彙的 tf-idf 權重值計算方
式如公式(3)所示。 
 

=詞彙   在文件中出現的次數 (1) ( ) =    log
( )

 (2) 

( ) = ( ) × ( ) (3) 
 
    [15]將計算文件中詞彙權重值的概念，應用到計算句子中的詞彙權重值。他認為中英文詞
彙的比對，不應該將所有成功比對到的詞彙分數視為相同，太常出現的英文字，其強度代表性
不如鮮少出現的英文詞彙。他將 tf 值的計算方式進行修改，並將名稱改寫為 stf (segment-wide 
term frequency) ，代表某中英文對應詞彙在該中英文句子中出現的次數如公式(4)所示，在公式
(4)中，e 及 c 分別為某詞對集合中對應詞對的英文詞彙及中文詞彙，若進行中英文句子詞彙比
對時，在英文句子中 e 出現三次，在中文句子中 c 出現三次，則在進行中英文詞彙比對的過程
中，英文詞彙 e及中文詞彙 c會比對到三次，則其 stf值為 3；[15]將 idf值的計算方式進行修改，
並將名稱改寫為 idtf (inverse document term frequency) ，代表句子中的詞彙在整篇文章中的重要
程度，idtf 值的計算方式如公式(5)所示。在公式(5)中，T 代表文章的總詞頻（在此將總詞頻定
義為完成「詞彙擷取」前處理步驟後的英文文章，統計其包含的英文詞彙出現的總次數，而非
不同英文詞彙的數量，例如在某英文文章中只有三個英文詞彙：「really」、「really」及「good」，
則該篇文章的英文總詞頻數為 3），e 代表詞對集合中詞對的英文詞彙， ( )代表該英文詞彙 e
在英文文章中出現的次數。如公式(6)所示，將 stf值及 idtf值進行相乘，可以得到該中英文詞對
的 stf-idtf值。由於[15]在公式(6)中是利用英文詞彙 e進行 stf-idtf值的計算，我們在此予以沿用。 
 

, =詞對集合中的中英文對應詞彙在該中英文句子出現的次數 (4) 

=
( )

 (5) ( , ) = , ×  (6) 

中英文句子基礎相似度分數 = log ( , )
=1

 (7) 

 
    如公式(7)所示，假設某中英文句子間其比對到的詞對數共有 k 組（詞對集合中有 k 組詞
對），在得到各詞對的 stf-idtf值後，再取對數函數（以 10為底數）將該 k組詞對的分數進行加
總，得到該組中英文句子的「基礎相似度分數」（在此稱為基礎相似度分數，是因為該組中英文
句子還需經過向量相似度的計算，最後才會得到該組中英文句子的相似度分數）。 
4.4.3  中英句子向量相似度的計算 
我們在這篇論文中提出衍生自計算向量之間相似度的方法（餘弦相似度），作為中英文句子相似
度的輔助計算，我們稱作「中英文句子間的向量相似度」，這也是本系統相似度計算模組中的第
二個部份，常見的餘弦相似度的計算方式如公式(8)所示。 
  

cos = 1 2

1    2
 (8) 
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E = { [Increasing][LED][directionality][makes][LEDs][more][attractive][for certain] 

 [applications][such as][ projectors] } 

C = { [增加] [發光二極體] [的方向性] [可以] [使發光] [二極體] [對於] [例如] [投影機] [之] 

 [特定]  [應用]  [變得]  [更]  [吸引] } 

 

    在公式(8)中，餘弦函數值介於 0至 1之間，當兩個向量的夾角越小，則其餘弦函數值越接
近 1，代表這兩個向量越相似，反之則越接近 0。 
 

( ) =   
( )

 (9) ( ) =    log
( )

 (10) 

( ) = ( ) × ( ) (11) 
 
    我們利用[15]提出的 stf-idtf概念，將 tf-idf的公式，從文件的層級轉化為句子的層級，但不
同於[15]，我們將 tf值的計算方法作修改，並將名稱改寫成 ctf，如公式(9)所示。在公式(9)中，
w代表詞彙，SO(w)代表詞彙 w出現在該句子中的頻率，L則為該句子的詞數，即句長。我們將
idf 值的計算方式作修改，並將名稱改寫成 idcf，如公式(10)所示。在公式(10)中，SN 為一篇文
章中的句子數量，w代表詞彙，n(w)代表在文章中含有詞彙 w的句子數量。我們將此方法應用
於計算中英文句子之間的相似程度，視英文句及中文句各為一個向量，向量中屬性的值為每一
個詞彙的 ctf-idcf值，ctf-idcf值的計算方式如公式(11)所示。 
    我們將 tf-idf 值的計算公式進行修改，因為 tf-idf 值代表的是某詞彙對其所在文件的權重，
我們希望將詞彙對所屬文件的權重，轉化為詞彙對所屬句子的權重。原先存在文件之間的某詞
彙，經過其 tf-idf值的計算，我們可以知道其對其所屬文件的重要程度，轉化為句子的層級後，
我們就可以知道某詞彙對其所屬句子的重要程度。和[15]提出的 stf-idtf 值計算原理不同，他所
提出的 idtf值計算方式雖然同樣計算句子中的詞彙重要程度，不過 stf-idtf值乘上 stf值的目的是
為了要將 idtf 的值加倍，也就是當一組中英文句子間某一個中英文詞彙出現多次，則這一組中
英文句子的相關性就更強，而我們提出的 ctf-idcf值計算目的，則是為了要得到句子中的詞彙對
於文件中該句子的權重，作為計算向量相似度時使用。 
    我們的構想為：當一篇中文文章和英文文章若互為翻譯，在正確地中文斷詞及英文詞彙擷
取的情況下，英文句子中的每一個英文詞彙都應該對應至中文句子的一個中文翻譯詞彙。我們
將中英文句子各視為一個向量，向量中屬性的值為每一個詞彙的 ctf-idcf值，若在英文句子中去
除 stop words的前提下，和未去除 stop words的英文句子相比較，有去除 stop words的英文句
子在進行中英文句子的向量相似度計算時，其值會較趨近於 1（本系統並未對英文文章進行去
除 stop words的前處理，因此僅將向量相似度計算得到的分數作為輔助分數）。但單純地利用向
量相似度計算仍會碰到數個困難點，如：正常情況下，中英文句子長度通常不會相同，導致向
量的維度不同而無法計算；中英互為翻譯的句子，因為語言本身的特性，常具有翻譯詞序不同
的現象，這將導致在計算向量內積時，會對應到錯誤的的 ctf-idcf值。 
    基於以上可能會碰到的問題，我們在進行相似度計算前，先對向量內的 ctf-idcf值由小到大
進行排序，以解決中英文詞序可能不同的問題。由於中英文句長可能不同，我們將維度較小的
向量，進行補足維度的動作，也就是將維度較小的向量，補上 ctf-idcf值為 0的值，直到中英文
句子的維度相同，得以進行相似度的計算。補足維度的方式，同時作為針對中英文句長差異的 
 

 
圖九、向量相似度計算範例 

  0.11   0.13   0.10   0.11   0.13 
將向量內的 ctf-idcf值進行補齊、排序 

   0.18     0.15      0.18 

 0.10     0.10       0.13    0.06   0.13    0.13   0.11  0.09   0.13  0.01 

  0.18    0.18     0.13      0.15  0.13  0.15   0.18     0.18 

 = { 0, 0, 0, 0, 0.13, 0.13, 0.15, 0.15, 0.15, 0.18, 0.18, 0.18, 0.18, 0.18, 0.18 } 
 = { 0.01, 0.06, 0.09, 0.10, 0.10, 0.10, 0.11, 0.11, 0.11, 0.13, 0.13, 0.13, 0.13, 0.13, 0.13 } 

句對餘弦相似度分數：0.935816 
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計分，即中英文句子之間的長度差異越大，則其向量相似度的分數，便會越小而越趨近於 0。
利用此計算方法的優點在於，互為翻譯的中英文句子長度雖然有差異，但不全然會因為長度的
差異而得到過低的向量相似度分數，當中英文句子的向量具有數量及數值差異較小的 ctf-idcf
值時，便能夠得到較高的向量相似度分數。由於可能發生權重值相同及句長相同的誤判情況，
因此我們僅將向量相似度分數作為輔助扣分的依據。若向量相似度分數越趨近於 1，則在和第
一部份的基礎相似度分數（中英文詞彙比對得到的相似度分數）相乘之後，仍保留住分數，反
之，相乘之後則形同扣分的作用。 
    圖九為本系統進行向量相似度計算的範例。在圖九中，E 及 C 分別代表英文及中文的句子，
VE 及 VC 分別為代表英文及中文句子的向量。我們將經過斷詞之後的中英文詞彙以括號予以區
隔，而在中英文詞彙的下方，我們標記著該詞彙的 ctf-idcf值。由於範例中的中英文句子句長不
相同，在英文句子較短的情況下，我們將代表英文句子的向量補上四個值為 0的 ctf-idcf值，使
代表中英文句子的向量維度相同，接著再對向量內的 ctf-idcf值進行排序，最後進行向量相似度
的計算，得到中英文句子的向量相似度分數。將此分數與相似度計算模組中的第一部份計算得
到的相似度分數予以相乘便得到中英文句子的相似度分數。 
4.4.4  對列模式與動態規劃演算法 
考慮專利文書文本及其它主題文本的語料特性，我們僅採用 9種對列模式，分別為：「1：0」、「0：
1」、「1：1」、「1：2」、「2：1」、「1：3」、「3：1」、「1：4」及「4：1」。 
 

, =   

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

                 (12) 

 
    中英文的句子依照對列模式的不同而進行組合，例如：對列模式「1：3」，則本系統會將
三句中文句子進行組合成為一句，再將一句英文句子和這組合後的中文句子進行句子相似度的
計算，經過相似度計算模組的計算，會得到一個相似度分數，我們沿用[15]採用的最佳對列模
式組合的動態規劃演算法，如公式(12)所示，來挑選整篇中英文文章的最佳對列組合。 
    在公式(12)中， ( , )代表來源語言文章的 i 個句子及目標語言文章的 j 個句子之間的相似
度分數， , 代表中英文章內句子編號 a 至 b 的句子，   ( , , , ) 則為兩組中英文
句子 ,  及 ,  之間的相似度分數，從中英文文章的第一句計算至最後一句，在過程中
每一次都記錄該回合最高分的對列模式，最後得到整篇中英文文章的對列總分 ( , )，沿著計
算得到 ( , )的路徑往回推算可以得到每一回合最高的對列分數及對列模式，最後將這些回溯得
到的分數及模式列出，可以得到中文文章中第一句至第 i 句之間的句子和英文文章中第一句至
第 j句之間的句子對列結果。 

4.4.5  「1：1信心句對」篩選門檻 

參考[19]的作法，我們將擷取平行語料的目標放在 1：1模式的句對上。我們設計在本系統最後
產生對列結果後，能夠依照向量相似度的分數及句對平均比對到的詞數這兩項門檻值進行篩
選，讓使用者能夠得到正確率較高的 1：1句對。句對平均比對詞數計算方式如公式(13)所示。
在公式(13)中，將中英文句對比對到的中英文詞對數量除以英文句長，可以得到該句平均比對
到的詞對數量，當平均比對到的詞對數量越多，表示本系統在該中英文句對之間比對到越多中
英文詞彙，這也表示此句對的對應正確性就越高，越有可能是互為翻譯的中英文句子。 
 

句對平均比對詞數 = 
句對比對到的詞對數

英文句句長
 (13) 

93



 
    另一項門檻值則為句對的向量相似度分數，因為我們觀察到具有較低向量相似度分數的中
英文句對，通常不會是正確的對列結果，因此採用向量相似度分數作為另一項門檻值條件，利
用兩項門檻值條件篩選出 1：1的句對。為了能夠訂定較為客觀且正確的門檻值，在系統開發的
過程中，我們對訓練語料以隨機產生檔案序號的方式抽選 50篇「專利公開全文摘要」進行對列
測試。在本系統完成對列程序後，共產生 7131組 1：1句對。我們針對這些句對進行檢查，得
到 42組錯誤的對列結果，在將對列過程中比對成功詞對數為 0的 1：1對列結果去除後（在有
設定門檻值的情況下，本系統原本就不會對這些沒有比對到詞數的句對作篩選的處理），最後得
到錯誤的組數為 33組，詳細的測試數據，如表三所示。 
    我們針對這些錯誤的 1：1結果進行分析，發現這些錯誤的對列結果其平均向量相似度分數
為 0.835，句對平均比對到的詞數為 0.218。而這 33組錯誤結果中，有 28組的向量相似度分數
在 0.94以下，佔了錯誤組數量的 84.8%；有 32組的句對比對詞數在 0.34以下，佔了錯誤組數
量的 97%，因此我們訂定「向量相似度分數 0.94」及「句對比對詞數 0.34」作為本系統進行對
列結果測試的預設門檻值。 

5. 系統效果評估 

5.1 實驗語料來源 
本實驗採用的對列實驗語料，主要分為專利文書的文本及其它主題的文本。而在輔助式機器翻
譯系統翻譯品質評估方面，則依照 5.2節的實驗設計，也將本系統產生的「1：1信心句對」分
成專利文書文本及其它主題文本兩種，並加以組合，分別進行測試。 
    本實驗的第一個部份為對列結果的評估，詳細的實驗語料統計數據如表四所示。我們以電
腦產生隨機亂數序號代表進行測試的檔案，並以人工的方式作檔案抽取的動作。在專利文書方

面隨機抽選的語料，共計有申請號範圍從 091132651 至 095121449「專利公開全文摘要」4998
篇、申請號範圍從 091132651至 094101510的「專利公開全文敘述」200篇（包括了技術領域、
先前技術、發明內容及實施方法等四個段落）。在其它主題文本方面，新聞文章有「雙語網站知

識管理平台新聞」從 2005年 8月 30日 至 2007年 12月 15日共計 737篇及「自由時報中英對
照讀新聞」從 2005年 2月 14日至 2006年 12月 31日共計 686篇；科普文章有「科學人雜誌中
英對照電子書」從 2003年 1月至 2009年 1月共計 1745篇文章及包括了「四技二專統一入學測
驗」、「學科能力測驗」及「大學指定科目考試」中「對話測驗」、「綜合測驗」及「閱讀測驗」

等多個段落的「大考試題」，共約 130篇。 
    在本實驗的第二個部份我們為了進行「1：1信心句對」的效果評估，將進行實驗的語料產
生的「1：1信心句對」分成專利文書及其它主題文本的句對各為 26401句及 42010句。 
 

表三、訂定篩選門檻值之測試數據 
語料 語言 句數 總詞彙個數 平均句長 1：1對列數 1：1對列錯誤數 精確率 

專利公開 
全文 50篇 

中文 13775 263051 19.1 7131 33 0.995 
英文 10847 146342 13.5 

表四、對列實驗語料統計 
語料 語言 文章數 總句數 總詞彙個數 文章平均句數 平均句長 

專利公開全文摘要 中文 4998 19899 520475 3.98 26.2 
英文 18968 452150 3.80 23.8 

專利公開全文敘述 中文 200 47985 1127704 239.93 23.5 
英文 42072 1016088 210.36 24.2 

科學人雜誌 
中英對照電子書 

中文 1745 112649 1871576 64.56 16.6 
英文 117785 2376440 67.50 20.2 

雙語網站 
知識管理平台新聞 

中文 737 9272 207580 12.58 22.4 
英文 9408 191051 12.77 20.3 

自由時報 
中英對照讀新聞 

中文 686 5523 123803 8.05 22.4 
英文 5594 104699 8.16 18.7 

大考試題 中文 131 1534 27937 11.71 17.1 
英文 1604 24152 12.24 15.1 
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表五、TIMSS2003實驗組別 

八年級 
2003 M組 

八年級 
2003 S組 

四年級 
2003 M組 

四年級  
2003 S組 

八年級  
2003 MS組 

四年級  
2003 MS組 

國中數學 
領域試題 

國中科學 
領域試題 

國小數學 
領域試題 

國小科學 
領域試題 

國中數學及科學 
領域試題 

國小數學及科學 
領域試題 

 

5.2 實驗設計 

5.2.1  對列測試及對列結果隨機抽驗 
在實驗的第一個部份，我們對實驗語料進行對列
測試，再以精確率 (precision) 及召回率 (recall) 
分別針對專利文書文本及其它主題的文本作評
估。參考[19]的作法，我們以隨機抽樣的方式進
行檢驗，利用電腦產生隨機檔案序號，並以人工
選取這些檔案進行對列結果抽樣檢測及評比。 
    在對列結果檢測方面，我們的操作方法為：
在事先沒有正確對列答案的情況下，我們首先將完成對列的檔案取出（此檔案為本系統對列結
果），並且複製一份同樣的檔案進行句對的檢測，若該句對的對列結果是正確的，則註記本系統
答對（即對列正確）；若該句對的對列結果是錯誤的，則予以修正至正確的對列結果。當完成此
複製檔案的註記後，我們便得到了正確的對列結果及本系統答對的對列結果，加上原先產生的
對列結果，便可以進行精確率及召回率的評比。 
    依照文本的不同，我們將對列結果的評估分為專利文書的對列結果、其它主題文本的對列
結果及綜合對列結果三種進行評比。為了比較向量相似度計算機制的效果，特別將該機制移除
後，同樣對這些隨機抽樣的檔案進行對列實驗。除了評比本系統的計算機制，我們也以同樣的
方式，利用[15]提出的對列工具 Champollion進行對列實驗，和其比較對列的效果。 

5.2.2  利用輔助式機器翻譯系統進行翻譯 
在實驗的第二個部份，透過張智傑及劉昭麟[8]於 2008提出的輔助式機器翻譯系統，對 2003年
國際數學與科學教育成就趨勢調查 (Trends in International Mathematics and Science Study，簡稱
TIMSS) 的試題（以下簡稱 TIMSS2003試題）進行翻譯效果的評估，以檢視本系統產生的大量
平行語料，是否能夠提升現有輔助式機器翻譯系統的翻譯品質。TIMSS2003試題的實驗組別如
表五所示。 
    參考[8]採用的系統方法及流程，他們的作法分為建構範例樹及翻譯模組兩個部份。在第一
個部份，他們將中英文句對作為語料，並利用 StanfordLexParser-1.6 產生英文句子的剖析樹，
在中英文詞彙對應後，將中英文句子中對應詞彙順序有前後調換現象的句對，記錄其英文剖析
樹及其子樹的樹葉詞彙順序編號及詞性，建構成為範例樹資料庫，在進行翻譯處理時，則將剖
析後的目標英文句，依照其詞性進行範例樹資料庫的搜尋比對，若有比對到範例樹，則能夠依
照其詞彙順序的編號進行翻譯時詞序的調動，由於僅記錄有詞序調換現象句子的剖析樹，因此
大量的平行句對可能在建構範例樹資料庫的過程中便篩選剩下較少的句對。他們的系統第二個
部份為翻譯模組，針對英文句子進行中譯的動作，第一個部份的正確詞序調動能夠幫助他們的
系統在第二個部份作更正確的選詞。 
    我們將產生的「1：1信心句對」視為平行語料，這些「1：1信心句對」在透過建構範例樹
之詞彙對列的篩選機制進行篩選後，專利文書文本及其它主題文本的句對分別剩下 556句及 608
句。我們同時沿用[8]當時採用的實驗語料以進行比較：在建立範例樹的語料方面，共計有「科
學人雜誌中英對照電子書」從 2002年至 2006年共 110篇文章，經過詞彙對列篩選後共計有 30
組句對作為建構範例樹的語料3。而在訓練選詞機率模型方面，則有「科學人雜誌中英對照電子
書」從 2002年至 2006年共 2685個句對4及「自由時報中英對照讀新聞」從 2005年至 2007年
共 4248個句對。他們的語料並未和我們進行翻譯品質評估的語料重複。 

                                                 
3 該論文作者於之後碩士論文提出翻譯評比分數較高之範例樹語料組合，故於本實驗中予以沿用。 
4 該論文作者於之後碩士論文提出更新後的數據。 

表六、翻譯評比實驗組別 
組別 建立範例樹語料 

A Chang科學人 

B 專利 1：1 

C 一般 1：1 

D 專利 1：1 + 一般 1：1  

E Chang科學人 + 專利 1：1 

F Chang科學人 + 一般 1：1 

G Chang科學人 + 專利 1：1 + 一般 1：1   
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表七、抽樣對列目標統計數據 

 

專利文書文本 其它主題文本 

總和 專利公開 
全文摘要 

專利公開 
全文敘述 

科學人雜誌
中英對照 
電子書 

雙語網站 
知識管理 
平台新聞 

自由時報 
中英對照 
讀新聞 

大考試題 

英文句 192 695 340 228 142 231 1828 
中文句 177 845 326 228 151 228 1955 

1：0及 0：1 對列數 10 150 9 7 6 4 186 
比例 5.85% 20.6% 3% 3.3% 4.3% 1.8% 10.5% 

1：1 對列數 138 425 210 159 115 179 1226 
比例 80.7% 58.4% 70% 76.1% 81.6% 82.5% 69.4% 

1：2及 2：1 對列數 18 81 70 41 16 31 257 
比例 10.5% 11.1% 23.3% 19.6% 11.3% 14.3% 14.6% 

1：3及 3：1 對列數 0 38 6 0 3 3 50 
比例 0% 5.2% 2% 0% 2.1% 1.4% 2.8% 

1：4及 4：1 對列數 2 5 2 0 0 0 9 
比例 1.2% 0.7% 0.7% 0% 0% 0% 0.5% 

其它 對列數 3 29 3 2 1 0 38 
比例 1.8% 4.0% 1% 1.0% 0.7% 0% 2.2% 

總和 171 728 728 300 209 141 217 
 
 1：1的句對依照文本
的不同分為專利文書文
本及其它主題文本（以下
分別簡稱「專利 1：1」及
「一般 1：1」），並搭配[8]
當時採用的實驗語料（以
下簡稱「Chang科學人」）
共設計出 7種組合，分別
以代號 A至 G表示，如表
六所示，並和 Google的翻
譯結果進行比較。 

5.3 實驗結果與分析 

5.3.1  對列效果分析 
依照實驗的設計，我們對
進行對列測試的語料檔
案進行隨機抽樣評比，各
文本的句數及對列模式
統計數據如表七所示。在
表七中可以觀察到，各文
本皆以 1：1 的對列模式
佔了最多的數量比例。而
在「專利公開全文敘述」
的抽樣語料中，「1：0 及
0：1」的對列模式佔了約
20%的比例，這顯示專利
說明書的內文敘述有許多沒有完整的中英對應。觀察表七，這些語料的「其它」對列模式數量
佔了 2.2%，這些多句對應的對列模式並不在我們對列處理的考量內。 
    我們將向量相似度計算機制移除後，進行對列的結果數據如表八所示。從表八中可以發現，
僅倚賴中英文詞彙比對的方式進行對列，在全部文本的對列表現，以 1：1對列模式的精確率最
高，但其餘對列模式的精確率皆不高，未達 0.6。而在召回率的部份，觀察數量最多的 1：1對
列模式在全部文本的表現，召回率未超過 0.9，這也表示僅倚賴中英文詞彙比對的方式進行對列，

表八、移除「向量相似度計算」機制後的抽樣對列結果數據 
語料 專利文書文本 其它主題文本 全部文本 
模式 精確率 召回率 精確率 召回率 精確率 召回率 

1：0及 0：1 0.561 0.460 0.333 1.000 0.519 0.491 
1：1 0.978 0.868 0.958 0.802 0.967 0.832 

1：2及 2：1 0.545 0.692 0.629 0.897 0.598 0.815 
1：3及 3：1 0.416 0.933 0.412 0.875 0.415 0.918 
1：4及 4：1 0.238 0.833 0.5 1.000 0.280 0.875 

表九、加入「向量相似度計算」機制後的抽樣對列結果數據 
語料 專利文書文本 其它主題文本 全部文本 
模式 精確率 召回率 精確率 召回率 精確率 召回率 

1：0及 0：1 0.579 0.619 0.393 0.923 0.530 0.661 
1：1 0.989 0.913 1.000 0.908 0.995 0.910 

1：2及 2：1 0.652 0.929 0.812 0.981 0.744 0.961 
1：3及 3：1 0.413 0.868 0.588 0.833 0.443 0.860 
1：4及 4：1 0.333 0.429 1.000 0.500 0.400 0.444 

表十、Champollion抽樣對列結果數據 
語料 專利文書文本 其它主題文本 全部文本 
模式 精確率 召回率 精確率 召回率 精確率 召回率 

1：0及 0：1 0.485 0.463 0.675 1.000 0.529 0.552 
1：1 0.951 0.982 0.991 0.973 0.972 0.977 

1：2及 2：1 0.563 0.831 0.897 0.906 0.739 0.877 
1：3及 3：1 0.489 0.742 0.667 0.667 0.509 0.730 
1：4及 4：1 0.238 1.000 1.000 1.000 0.304 1.000 
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確實有改進的空間，也因此在研究的過程中，我們加入了向量相似度計算的輔助機制，期望提
升整體的對列效果。 
    本系統在加入向量相似度計算機制後的對列結果如表九所示。在表九中，在專利文書 1：1
對列模式的部份，精確率高達0.989，這表示產生的1：1句對近乎完全正確，召回率也達到0.913，
表示能夠找出大部份正確的 1：1句對正確。而在 1：2及 2：1對列模式的部份，雖然召回率很
高，但三種組合在精確率的部份和 1：1模式相較之下則下降許多，分析其原因，有許多較短的
句子會因為詞彙數較少，在中英詞彙比對時並未成功比對到詞彙，但在動態規劃演算法整體計
分下，最後會認為這樣的組合總分最高，而產生錯誤的對列結果。在其它的「一對多」對列模
式下，也有相同的錯誤原因。從其它主題的文本對列結果可以觀察到，在精確率的部份，以 1：
1及「1：4及 4：1」對列模式最高，在 1：2及 2：1對列模式方面也有 0.812的精確率，表示
本對列系統在 1：1的對列模式下，不僅在專利文書的文本，在其它主題的文本同樣能有高精確
率。在召回率的部份，表現則以 1：2及 2：1對列模式最佳，而「1：0及 0：1」及 1：1兩種
模式的召回率有 0.9以上，1：3及 3：1對列模式有 0.8以上。和專利文書文本對列結果的精確
率及召回率進行比較，我們可以發現在其它主題文本的表現都較佳，最大的因素為其它主題文
本的翻譯品質較專利文書整齊，在對列的挑戰上，其它主題的文本較專利文書簡單許多。觀察
全部文本的對列結果，在精確率的部份，以 1：1對列模式表現最佳，高達 0.995，這也表示在
近 1200組 1：1的模式下，本系統產生的對列答案近乎全對，其召回率也高達 0.910，這也是我
們以 1：1對列結果作為翻譯語料的原因之一。 
    我們用 Champollion 以同樣的方式進行對列，得到的對列結果如表十所示，與表九的本系
統對列結果作比較，可以發現在其它主題文本的對列表現上，在精確率的部份，對列模式「1：
0及 0：1」、「1：2及 2：1」及「1：3及 3：1」的結果 Champollion皆較本系統佳，而在專利
文書文本的表現上，僅有對列模式 1：3及 3：1的表現優於本系統，這表示在此實驗中，本系
統在專利文書文本的表現較優於 Champollion。從全部文本的對列結果進行綜合比較，
Champollion也僅有對列模式 1：3及 3：1的表現優於本系統，不過可以觀察到在 1：1對列模
式的精確率及召回率部份，Champollion 雖然精確率較本系統低，但其召回率卻較高，在 1：1
對列模式的部份，本系統與 Champollion確實皆有很好的表現。 

5.3.2  輔助式機器翻譯效果評估 
在本實驗的第二個部份，我們利用 BLEU及 NIST指標對 TIMSS2003進行翻譯評測，各實驗組
別評比得到的分數如表十一所示。在表十一中，我們以斜粗體字表示各試題組別中除了 Google 
 

表十一、各種組合之 BLEU及 NIST評比分數5 
組別 八年級 2003 M組 八年級 2003 S組 四年級 2003 M組 
指標 NIST BLEU NIST BLEU NIST BLEU 

A 4.7956 0.1506 4.4854 0.1454 4.1865 0.1501 
B 4.7911 0.1510 4.4983 0.1467 4.1817 0.1461 
C 4.7713 0.1490 4.4941 0.1470 4.1841 0.1464 
D 4.7920 0.1518 4.5091 0.1485 4.1866 0.1464 
E 4.7893 0.1512 4.4967 0.1466 4.1703 0.1459 
F 4.7946 0.1508 4.5003 0.1484 4.2759 0.1473 
G 4.7986 0.1529 4.5111 0.1498 4.1708 0.1459 

Google 4.5930 0.1482 5.0538 0.1898 3.7682 0.1046 
組別 四年級 2003 S組 八年級 2003 MS組 四年級 2003 MS組 
指標 NIST BLEU NIST BLEU NIST BLEU 

A 4.2023 0.1072 4.9619 0.1487 4.5040 0.1251 
B 4.2262 0.1075 4.9655 0.1494 4.5167 0.1235 
C 4.2074 0.1075 4.9493 0.1483 4.5037 0.1237 
D 4.2261 0.1076 4.9698 0.1506 4.5188 0.1238 
E 4.2252 0.1074 4.9635 0.1495 4.5120 0.1235 
F 4.2064 0.1075 4.9668 0.1500 4.5352 0.1239 
G 4.2251 0.1076 4.9747 0.1518 4.5120 0.1236 

Google 4.8162 0.1655 5.0646 0.1637 4.7315 0.1428 

                                                 
5 我們於 2008年 6月得到 Google的翻譯結果，同樣的題目，Google分數較 2007年時來得高。 
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外，最高的 BLEU及 NIST分數。我們可以觀察得到最高分數的範例樹組合，除了 Google之外，
多數皆落在結合所有範例樹語料的 G組上，證明了在產生之大量且正確的「1：1信心句對」後，
增加了範例樹的數量，能夠幫助輔助式機器翻譯系統在翻譯時能夠正確地進行詞序的調動，讓
產生的 TIMSS2003中文翻譯句更為通順。 

6. 結論 

在專利說明書文本中，中英文翻譯並不如其它主題的文本整齊，往往因為主題的不同，文句複
雜程度也改變極大，對文句對列的任務而言為極大的挑戰。事實上在專利說明書方面，我們缺
乏中英文翻譯對照的標準答案，在利用人工進行對列檢驗的前提下，極耗費時間及人力，而我
們需要對更多的語料進行對列實驗的評比，以取得更客觀公正的數據。我們利用精確率及召回
率進行對列實驗的檢驗，代表在 1：1的對列模式下，確實有很好的對列效果；藉由輔助式機器
翻譯系統，利用產生的平行語料進行翻譯實驗及比較，證明大量且正確的語料能夠增進
TIMSS2003翻譯的品質。我們也期望在未來能夠針對[15]提出的詞彙權重計算方式，如：stf-idtf
值的計算，進行比較的實驗，並針對專利文書的文本，利用專利文書的平行語料進行中英翻譯
的實驗，檢視本系統在專利文書翻譯方面的實質效果。 
    本中英文句對列系統之建置，透過自然語言處理等技術，以豐富的專業領域資源如：中英
技術名詞對應表，改進現有文句對列的工具，藉由方法的改良，使系統能適用於不同文本主題
的中英文句對列任務，能夠產生大量、正確且適合作為平行語料的中英文句對。 
    我們將現有對列工具進行改進，發展出適合於不同主題文本的文句對列技術，不僅止於專
利說明書的文本，甚至在語文翻譯與學習的領域上，皆能夠透過本工具獲得豐富的中英文文句
對列資源。 
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Abstract 

The identification of opinion holders aims to extract entities that express opinions in opinion 
sentences. In this paper, the task of opinion holder identification is divided into two subtasks: 
the identification of author’s opinions and the labeling of opinion holders. Support vector 
machine is adopted to identify author’s opinions, and conditional random field model (CRF) 
is utilized to label opinion holders. The proposed method achieves an F-score 0.734 in 
NTCIR7 MOAT task at traditional Chinese side. The proposed method achieves the best 
performance among participants who adopted machine learning methods, and also this 
performance was close to the best performance in this task. In addition, the ambiguous 
markings of opinion holders are analyzed, and the best way to utilize the training instances 
with ambiguous markings is proposed. 
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Keywords: opinion holders identification, opinion mining, CRF, SVM. 
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fHasColon K>8d8×�JÞï�ò�óGò:ó 

fHasLeftQuotation K>8d8¬,�JÞï�[ò\GòØó 

S���01 

fHasRightQuotation K>8d8�,�JÞï�[ó\ GòÙó 

fNumChar K>8Ñ�� 

fNumWord K>8Ñ�� l>HÚ01 

fNumSubsen K>8Ñ�T> 

56}�01 fOperator K>8d8��CD��� 
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CL®56789STWXE!vs 

!vs�" !vs�� !vsÔD 

��}�01 fWord K� 

fPOS K�E�7 

fIsPronoun K�<î<�t� �7}�01 

fIsNoun K�<î<t� 

fIsPer K�<î<Ft 

fIsLoc K�<î<Ét ztXk01 

fIsOrg K�<î<HIt 

fAfterParen K�<ýi�,��OU�JÞï�[ó\ GòÙó 
S���01 

fBeforeColon K�<ýi×���U�JÞï�ò�óGò:ó 

fNearSenStart K�<ý8�>� 

fSenLen K�Vi>?E�½ 

fWordOrder K�i>?E�� 
l>HÚ01 

fWordPerc K�i>?��EÛO� 

fNearVerb !>?{8�K�EÇ� 

fNearVerbPOS !>?{8�K�EÇ��7 
�Ol 

}�01 
fDistNearVerb !>?K�rÇ�E{ÜÝÞ 

fHasOpKW !>?8d8CD��� 

fHasPosKW !>?8d8ÕÖ56� 

fHasNegKW !>?8d8×Ö56� 

fHasNeuKW !>?8d8?+56� 

fNearOpKW !>?{8�K�ECD��� 

fNearPosKW !>?{8�K�EÕÖ56� 

fNearNegKW !>?{8�K�E×Ö56� 

fNearNeuKW !>?{8�K�E?+56� 

fNearOpKWPOS !>?{8�K�ECD���E�7 

fNearPosKWPOS !>?{8�K�EÕÖ56�E�7 

fNearNegKWPOS !>?{8�K�E×Ö56�E�7 

fNearNeuKWPOS !>?{8�K�E?+56�E�7 

fDistOpKW !>?K�rCD���E{ÜÝÞ 

fDistPosKW !>?K�rÕÖ56�E{ÜÝÞ 

fDistNegKW !>?K�r×Ö56�E{ÜÝÞ 

56}�01 

fDistNeuKW !>?K�r?+56�E{ÜÝÞ 

 

Q956:;WXE!vs ÒÃOP��®�7®ztXk®S���®l>HÚR
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56}�01Jb�"JCè±BQ956:;V8WXE!vsJ/?�7®l>H

Ú®56}�01RS���?EÓß�}�!vsPKLM�(eBEd 

l>HÚ}�!vsÊËQ956El>il>CÎ¬E01d56}�01ÝÊàC

D��� (operator) J)áùúQ9üCE56?<ýâ£WX!ãECD���dC

D���<X�Cq56E�Jæ£PÇ�JÞï�ò<ó®ò./óRò äóÿdS

���?EÓÔ�£X�Cq�F�åEæhd 

(:)$;<=>?HI 

56789STE�E<:;B56789E�C�JKLMN56789ST0�Ì

PLÍO�0�Jç§WX�èé��g (Decision Tree Algorithm) ú�JXQ¬WX

EÎÏÐk< Mierswa ÿF[15] lüE RapidMiner ?E CHAID �èé��gJ 

CHAID PWXêfëã (CHI Square Test) Eìí�èé (Pruned Decision Tree) dK

LM|N56789STE0�ÌP�±ST0� (sequential labeling problem) JWX 

Lafferty ÿF[16] eBE`ab]c���STB56�89VîïE��JXQ¬W

XEÎÏÐk<  Kudo[17] lüE CRF++ d 

56789STWXE!vs ÒÃOP ÒÃOP��®�7®ztXk®S���®

l>HÚ®�OlR56}�01ðb�"JCL±B56789STV8WXE!v

sJ/?�Ol®56}�01R�7?EK�<î<�t�Gt�!vsPKLM�

(eBEd 

 

�Ol}�01E!vsñò56789E�C�<ýçâ£±�íÇ�óôWXd5

6}�01E!vsÝÊà>?±56����CD���®ÕÖ56�®×Ö56�

R?+56�}�E!vsdÕÖ56�PCqÕÖ56+õE��ïò!5ó®ò}(ó®

òÚöóÿd×Ö56�PCq×Ö56+õE��ïòîçó®òæ�ó®ò"÷óÿd

?+56�PCq?+56+õE��ïòø�Ïó®òUùó®òÃpóÿd 

NTCIR7ém56O�Ïú��E��ûâüJë�,© BlumÈ Mitchell[18] eBE

9!��  (co-training) �¨ýopd9!��<þÿ!ê]u/vfg 

(semi-supervised learning method) Jp&�ST0n±øST0nè©����dKL

M>y CRF "#(�sâ·EXÞJ�l>P$Y%&r��mn?J4�e'4�

opd 

(O)$PQLM 

O�^_Êà56789P�H³�!(^_RztXk§)U�V¢d56789S

TçS*BK�<î<56789EèVOJ¸56789£ç2é��HÚJh�+

ÒðñST&�N*�H�©�dKLMWX¡bSÊ�ST56789�56789

E�� (H) ®�� (T) ®?,� (I) ®K-P56789E$� (S) Rõ56789

(O) J h� CRF SÊû2 HITSO ¡bSÊ.±H�ÛÚd 

CHAID O�u/0E&�P YES ± NO SÊJ�CK�<î<56789EèV

OJï� CHAID O�u/0E&�1VP NO SÊ³J4�çN567892Pl

¦Q9dK4�WX�±U`xÝNìí�H�Ú�H� 
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xÝ 1�N�3t�H�©�d 

Þï�ò4Î (Nc) 5� (Na) 6)7 (Nb) óNH�Úò4Î5�6)7ó 

xÝ 2�WX���®òEó�R8�ò®óN�3t�H�©�d 

Þï�ò6)7 (N) ® (PAUSECATEGORY)9:8 (N) ± (Caa) ü;<= (N) ó

NH�Úò6)7®9:8±ü;<=ó 

ðñ CRF O�u/0E&�SÊ�H�56789JH�xÝP(&r(�s{·E

H SÊJw&rOÖ�3é� I SÊJ{Ow&r T SÊNìí�H�©�dï� 

CRF O�u/0E&�1VP O SÊ³J4�çe.l¦Q9PH�&�d 

ª*=tEztXkQ«i;�³B­e¬Jì>Ee¬Ãp?Ú:;Bî!jE56

789Jh�ë�Ãp+Ò§)56789?EztXkdK4�"2î!jEztX

kil¦?B­E#$±!jEztXk}!JV�K4�çN56789ST&�%

�O�&�J#çH�ÚE��±¯�il¦?B­E#$<ý}!J}!Ý���A

�¯�dÞ> 4PztXk§)¥3EèÞJ¯K56789STE&�<ò'(óJ

Ë�PE½��Cø�il¦?B­E)½J§)OÃ*Bò'(+ód¤¥ì>Ez

tXk§)fgJK4�Ã�N;�e¬EztXk§)P!jEztXkd 

Þ> 4�4,ÍF'(+�-4,.LÉ 

/)¥3�'((16) 0 '(+(16) #$}!1O23  

       0 '(+�(1) #$î!¨1� 0 F'(+(3) #$î!&3 

(R)$STN?;<@AF;<=>?HIUVW 

Q956:;N56>4OPQ956RõQ956U�J56789STÝÃSTB

56789E�C�JKLMN�UVOE&�� J/0{Oe.�56789dK

LMeBUb&�� è5J6L®=P&�� è5 A ± B E*56d 

 

6è®&�� è5 A 6L®&�� è5 B 

 

&�� è5 A ?Jë�}(Q956:;:;BEQ956JQ956:;:;B

õQ956El>Ý¤¥56789STSB56789EY�d&�� è5 B 

?Jë�}(Q956:;:;BEõQ956JQ956:;:;B<Q956EV

¢JhPî¤¦ãJw¤¥56789STL)ëÇ<ýPQ956�ï�d8SB5
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6789E�C�J7e.ø>E56789<Q9dQ956:;:;BEõQ95

6�d8STB56789E�C�PiJV�ë�¤¥56789ST3�Í³ST

B�C�J|><=V8�?&B{8Ãp�C56789E�d 

¤¥��^_®Q956:;®56789ST®O�^_R&�� ¡�3�Jë�

>Ã�e.{O:;B�56789d 

 

O$X.FY& 

K8N9:KXqWXEmn±0¼J�ÜÐQ956:;Xq®56789STXq

R56789:;jkXqE&�d 

(#)$NTCIR 7Z[;<\]^_`abc 

KXqWXEmnP NTCIR 7 ém56O�Ï���?jk?lEmn;J NTCIR 

(NII Test Collection for IR Systems) <�K*<01LMV  (National Institute of 

InformaticsJNII) Vè= >E*?Ï�ç�J<@A=.01ëBç��èdém5

6O�Ï��� (Multilingual Opinion Analysis Task, MOAT) </?è�Ï���J 

SekiÿF[19] ��Ï���8CDE9:d  

ém56O�Ï���eE~l®�l®jk?l±Fk?lEmn;Jmn;?eE

}�>®56>®56Ì[®56ÍÎ®56789±ÏÐ�SESTdmn;OP�

�û±#çûJ NTCIR7 ��ûÊË 3� �®1,509�l>®944�56>JNTCIR7

#çûÊË 14� �®4,665�l>®2,174�56>Jwx9�ç�l>P$Y3)

56O�dhP NTCIR7 ��ûâüJKXqE��mn�© NTCIR6  56O�ç

qÏ��� (Opinion Analysis Pilot Task) jk?lE#çûJNTCIR6 56O�çqÏ

���< NTCIR 7 ém56O�Ïú��E�-Jmn;?eE}�>®56>®5

6Ì[®56789ESTd NTCIR6 #çûÊË 29 � �®9,240 �l>®5,453

�56>Jë�EXmn;?��56>±56789EST~Që�EXqmnd 

(')$X.de 

KLMWXEXq0¼ÊË56���±ztXk��d56���EV¢ÊàST9

= NTCIR 7 ém56O�Ï���E��û?STBCD���®ÕÖ56�®×Ö

56�R?+56�ÿ56�J|WX Ku È Chen[20] lüEÃ.56���  

(NTUSD) JKLMNìí56���hX�!vs@Ad 

KLM,©Ft��®Ét��RHIt��=�ztXk��JWXE��ÊàÛ¿

Ft��®?l�;®?G$=tH®*+I=J|Â��®�K£6ð¾�®°®K

LVÉt=t��®ª*Ét=tRÃ-ÄÅÆÂ±CdìíztXk��ÝhX�z

tXk:;d 

(:)$N?;<@AX. 

KXqE�E<:;56>�56789<ýPl¦Q9JKXqWXE��mn< 

NTCIR7 ��ûR NTCIR6 #çûJ#çmn< NTCIR7 #çû?EµM56>d 
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NTCIR7 #çû?E56>:ãOPNO56>±µM56>JNO56>E`a<=

YST9cN�>STP56>JµM56>E`aÝ<=YST9?J8UY�¬N

�>STP56>d 

KXq:;�>E56789<î<l¦Q9J|><�><î<Q956Jë�WX

P¦$ (Precision) ®Q%$ (Recall) ®Fs (F-score) RÕ¦$ (Accuracy) �Ïú4

�opdë�LMmn�Oü­VOl>ç8Q956ST��E��JÞïÞ> 5 E

RL>Jèb<gWP56789Pò,-óJZèb<gWP56789STPl¦

Q9d 

Þ> 5� 

Rè>�,-SfT.U45yVJ�N{WX1YZ�+*J 

RL>�hP,-ùúJ45�«NðK[\±+*�,E��d 

ë�NSTE����O�d6=<mn;?Q956�Þ*56Jë�ü­i

NTCIR7Emn;?J+VOST9STPQ956J/*ST9STPõQ956E

ST��mn] 15%J±+V8ST9STPQ956E�Þ (19%) }Ýî^d 

 

NTCIR 7 NTCIR 6 

  

6=®mn;?Q956�Þ*56 

 

i NTCIR6 Emn;?Jî_<56>JV8El>cç+S¬üC9J�CC*ì

�<gEFGHIJ NTCIR6 E56789STfg<ï�Ã�=l¦?STB56

789>STJï�îpJÝ56789Pl¦Q9JV�ºg¶g NTCIR6 Emn

;?STB­��El>`1Vl>E�Þd 

ë�=Xq?ü­WX56>~��mnE F sP 73.24%J�WX1Vl>~��m

nE F s·ù 8.04%dWX NTCIR 6 �  NTCIR 7 ��ûE F sP 79.98%J|�

$aWX/?è���ûP·JV�KXqWX NTCIR 6 � NTCIR 7 ��û?E5

6>QP��mnd 

 

C=®ST��Emn�Q956:;opE-. 

2ã P¦$ Q%$ Fs Õ¦$ 

ÌPQ956 69.68% 93.85% 79.98% 83.49% 

ÌPõQ956 64.87% 95.94% 77.40% 80.31% 

î±©��mn 50.52% 91.53% 65.10% 77.28% 

     
66% 15% 19% 

  
65% 

 
35% ?% 
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KXqEXq2ã,8=b�NST��EmnÌPQ956®NST��EmnÌP

õQ956®RST��Emnî±©��mndC=b*iì=bXq2ã�JST

��Emn�Q956:;opE-.d 

Xq&�b*JÌPQ956E2ãop{"� F sP 79.98%J/)PÌPõQ95

6E2ã� F sP 77.40%Jop{cE<îWXST��Emn� F sP 65.10%d

=KXq&�Ã�ü­JWXST��Emnpe'4�opJNST��EmnÌP

Q956�©��op{"d 

(O)$;<=>?HIX. 

KXqE�E<:;B56789E�C�J�EO�^_3�H�Ú56789dK

XqWXE��mn< NTCIR7 ��ûJ#çmn< NTCIR7 #çû?ENO56>

±µM56>dKXqN56789STE&�H�B{OE56789JwWXÕ¦

½®e¬½® set F s (set F-score) �Ïú4�opd NTCIR7 EÏúfêç(Ïú

d�wxyzÕ¦e.E56>½JwÏúd�wxyzÕ¦e.E56789Jwx

yze.E56>½ÿ�e.E56789½J|ÿ�1<E56789½J�³P¦

$®Q%$® F s±Õ¦$ç}ÿJh�ë�îWXP¦$®Q%$® F sJÛW

X set Fs�ÏúopJ set F sEã`ï�� 

 

!"#$%&'()*+

,()*+!"#$%&')*-.
/ =setF  (1) 

Xq�âUbO���g�X�ú�LÍO�0�E�èé��g CHAID JRX�

ú��±ST0�E`ab]c�� CRF d CHAID WXE56789STSÊ< 

YES ± NO SÊJ CRF WXE56789STSÊ<56789E�� (H) ®5

6789E?,� (I) Rõ56789HÚ� (O) dCÑb*WXî!O���g�

Q956:;opE-.d 

 

CÑ®O���g�56789STopE-. 

 O���g Õ¦½ e¬½ set Fs 

CHAID 564 605 48.16% 

CRF 817 351 69.89% 
NO 

56> 
CRF+CHAID 825 344 70.57% 

CHAID 981 967 50.31% 

CRF 1317 631 67.57% 
µM 

56> 
CRF+CHAID 1322 627 67.83% 

 

NO56>V¢EÏú?J CRF E set F sP 69.89%J� CHAID · 21.73%Jop

e´éJµM56>V¢EÏú|Ã�¶r�þE&�d�§ë�N CHAID "#B

�E&�~Q CRF Eè�!vsw#�����J|Ã�üfe'4�opd¯hÃ

phP CRF WXE56789STSÊâéJg�E H SÊ8Åe'4�opJ|

ÃphP ðñ CRF SÊ&��HEop� ðñ CHAID E&�wXxÝ��Eop

110



ed 

µM56>V¢EÏú?JKLMpqrE{"op< set F s 67.83%diST&�

e¬EXÞ?J8 13% (254 >) <Õ¦1<E56789P$�G�HJ¸4�ST

B�$�G�H±Õ¦1<î�J��NO�ST&�e¬EXÞJ�eBú�Ef

gdë�ðñÕ¦1<±4�STB�1<EY�O�JN ÒESTe¬OP 6�� 

1.1<º�h 

    ºg:;Õ¦1<±4�STB�1<�,E�hJ��]STe¬E 29.1%d 

2.é@A�Oè� 

    4�STB�1<ÊàÕ¦1<J¸¹RéN�Oè�:;P56789EèV

OJÞï�|�!"#!"#!"#!"#®$%&$%&$%&$%&��®'('('('(Ã�diÞ?J)*+)*+)*+)*+�CÕ¦1<JS

j�E��C4�STB�1<J��]STe¬E 18.1%d 

3.@ABkl¸ø@AB/OEFt 

    4�STB�1<ÊàÕ¦1<?�klJ¸¹d8@ABklOEFtJÞï�

,-./01234,-./01234,-./01234,-./01234567,89567,89567,89567,89J��]STe¬E 8.3%d 

4. @AB�Q�¸ø@AB/OEÒæt� 

    4�STB�1<ÊàÕ¦1<?�ÖE�Q�¸ø@AB/OEÒæt�JÞ

ï�::::;<;<;<;<®=>=>=>=>?@ABC?@ABC?@ABC?@ABC®D=E=D=E=D=E=D=E=FGHIJKFGHIJKFGHIJKFGHIJKJ��]STe¬E 7.5%d 

5. mª@AB/*õ1<� 

    4�STB�1<ÊàÕ¦1<J¸¹Rmª@AB/*E�JÞï�LMLMLMLMiT

9ç®''''nopqrsEt/<J��]STe¬&�E 5.5%d 

6. ztXk@Aî!j 

    Õ¦1<Êà4�STB�1<J¸ztXkV¢@A¶î!jJÞï�NOPNOPNOPNOP

QRSTUVWXY%QRSTUVWXY%QRSTUVWXY%QRSTUVWXY%5Z[5Z[5Z[5Z[®\]^_\]^_\]^_\]^_8`8`8`8`J��]STe¬&�E 4.7%d 

ðñìíST&�e¬E�"Jë�eBÑbfg�¨ý4�opd.VOE�"c8

56789�H?��®��îu¦E0�JV�ë�eBg�56789SÊEf

gd=Xq?ü­JWX HIO SÊûiNO56>V¢EÏú?Ã¶r{"E set F 

s 70.57%dv�R 6 �ztXk@Aî!jE0�Jë�|eBztXk§)fg�

ú�ì�0�J=Xq?ü­J�©9!��±ztXk§)iNO56>V¢EÏú

?Ã¶r{"E set F s 72.03%Jope'ù 1.46%d 

(R)$;<=>?@AfgX. 

KXqE�E<�ÜWXî!&�� è5�56789:;opE-.JXq2ãP

&�� è5 A ±&�� è5 B JC¡b*WXî!&�� è5E4�opd 

NO56>V¢EÏú?è5 B E set F sP 73.40%J�è5 A ·ù 2.48%JµM

56>V¢EÏú|Ã�¶r�þE&�d&�b*Q956:;3�âwC:;õQ

956JÃp±ë�WXâé±õQ956}�E!vs8�JXq&�|b*è5 B 

Ã�qr{"opd 

 

111



C¡®&�� è5�56789:;opE-. 

 &�� è5 Õ¦½ e¬½ set Fs 

è5 A 829 340 70.92% NO 

56> è5 B 858 310 73.40% 

è5 A 1338 611 68.65% µM 

56> è5 B 1372 576 70.40% 

 

(h)$F NTCIR 7ijkl_m 

ë�NK4�op± NTCIR7 wxyzEop�âJ NTCIR7 EÏúfêOPUbJ

èbÏú4�e.Õ¦E56>J|><ë�i56789ST?WXEÏúfêJZ

èbÝÏú NTCIR7 mn?V8E56>d 

CJb*K4�± NTCIR 7 wxyzEop�âd NTCIR7 56789@AÏ��

�EwxyzÊàxy?l./®z{./®|}~tÁRÃ-./ÑyJxy?l.

/WXpqgÝfg®z{./WX`ab]c��®|}~tÁWXYZ[\]®Ã

-./WX�èé��gd 

NO56>V¢J�4�e.Õ¦E56>ÏúJK4�E{"opP F s 73.40%d

xy?l./Eop{"� F sP 82.30%J�K4�·ù 8.90%J¸K4�Eop|

�/*WX]u/vfgEyz·ù 15.09%�¬d�V856>½Ïú?JK4�±

xy?l./EopcÝ��r 5.16%d�âNO56>±µM56>EÏúJÃ�ü

­K4�±/*4�î!JâwC�:;NO56>E56789J�>�<JK4�

wC�:;Bâº��E56789J|><âPÃ8E56789d 

 

CJ®56789:;jkop�± NTCIR 7wxyz�â 

  
  

   F    F  

 757 82.30% 82.30% 82.30% 19.88% 49.52% 28.38% 

 880 57.84% 57.84% 57.84% 13.03% 40.53% 19.72% 

 1213 54.91% 54.91% 54.91% 8.22% 52.95% 14.23% 

 1169 48.16% 48.16% 48.16% 8.14% 44.90% 13.78% 

N

O

5

6

>  1169 73.40% 73.40% 73.40% 12.38% 68.31% 20.97% 

 1134 82.54% 82.54% 82.54% 29.92% 43.05% 35.31% 

 1364 58.72% 58.72% 58.72% 20.51% 36.84% 26.35% 

 2070 56.47% 56.47% 56.47% 16.78% 40.02% 23.65% 

 1948 50.31% 50.31% 50.31% 14.43% 53.73% 22.75% 

µ

M

5

6

>  1948 70.40% 70.40% 70.40% 19.80% 63.11% 30.15% 

 

112



R$V&Fnopq 

KLMeBè��]u/vfgPrsE56789:;fgJ�����fgXQB

èÎ56789:;4�d 

KLMðñ56789EO�N56789:;OPQ956:;R56789ST

UVOdiQ956:;?JKLMeB��}�01®�7}�01®ztXk01®

����01®l>HÚ01R56}�01ÿ!vsJ�WXYZ[\]�ú��0

�di56789ST?JKLMeB��}�01®�7}�01®ztXk01®

����01®l>HÚ01®�Ol}�01R56}�01ÿ!vsJ�WX`a

b]c���eBî!ESTfê�ú��0�dKLMeB9!���ú���mn

¥�E0�J�eB&�� è5�e'56789:;opd 

KLMXQBèÎ56789:;4�dK4�i NTCIR7 ém56O�Ï���j

k?lmn?Ã�qr F sP 0.734 EopJ<WX]u/vfg?op{"EJ|

}~����{"4�Eopd��op{"Efg<WXpqgÝú�K0�Jpq

gÝâù#�±q�J¸LM9´Q«>Ã�#�±q�KLMeBE]u/vfgd

KLMO�56789:;��mn?ST��E��J�eB{"EhXfêJKL

M|O�4�:;�e¬&�J��ztXk§)R56789��STEfg�¨ý

e¬��d 

{Wë�)ápN56789:;E&�±/�56��E&�&�Jj�ÚèÎpÆ

Ç@AB56>E56Ì[®56ÍÎ®56789R56ÏÐ�SE56��4�J

�eEWX9¥8XE01d 
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Abstract 
This study examines the influence of lexical tone upon voice onset time (VOT) 

in Mandarin and Hakka. Examination of VOT values for Mandarin and Hakka 
word-initial stops /p, t, k, ph, th, kh/ followed by three vowels /i, u, a/ in different 
lexical tones revealed that lexical tone has a significant influence on the VOTs. The 
result is important because it suggests that future studies should take its influence into 
account when studying VOT values for stops in tonal languages. In Mandarin, stops�’ 
VOTs, ordering from the longest to the shortest, are in Tone 2, Tone 3, Tone 1, and 
Tone 4: this sequence is the same as Liu, Ng, Wan, Wang, and Zhang�’s (2008) [1] 
results. However, later it was found that the sequence results from the existence of 
non-words. Because in order to produce non-words correctly, participants tended to 
pronounce them at a lower speed, especially those in Tone 2. Therefore, we further 
examined the data without non-words, in which no clear sequence had been found. 
For Hakka, Post hoc tests (Scheffe) show that aspirated stops in Tones 4 and 8 have 
significantly shorter VOT values than they have in other tones. 

 
Keywords: Voice onset time, Mandarin tones, Hakka stops, Mandarin stops 

 
1. Introduction 

The aim of this paper is to explore whether lexical tones influence the VOT 
values for word-initial stops. This issue is important because VOT is considered as a 
reliable phonetic feature to differentiate consonant stops ([2], [3], [4], [5], [6], [7]) and 
recently it has been used to study the language production of patients with language 
deficits or disorders ([8], [9]). Among the languages being investigated, some are tone 
languages, i.e. Mandarin, Cantonese, and Taiwanese. In a tonal language, the duration 
of each lexical tone is slightly different. Consequently, it is possible that lexical tone 
will affect stop�’s voice onset time. However, few studies have taken this factor into 
consideration while studying tone languages. It is hoped that with data from Mandarin 
and Hakka, we can establish the groundwork for future studies related to VOTs in 
tonal languages. If lexical tone does have an influence on the VOT, it should be taken 
into account when creating stimulus words in future studies for tonal languages, 
thereby rendering studies more valid and reliable. 
 
1.1 Voice onset time 

Lisker and Abramson (1964) [2] have defined voice onset time (VOT) as the 
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temporal interval from the release of an initial stop to the onset of glottal pulsing for a 
following vowel. It has been considered as a reliable phonetic cue to categorizing the 
stop consonants, i.e. voiced vs. voiceless or unaspirated vs. aspirated, in various 
languages ([2], [3], [4], [5], [6], [7], [10]). Additionally, by comparing VOT values for 
stops produced by native and non-native speakers for specific languages, researchers 
have provided some suggestions for language learning and teaching ([6], [11], [12]). 
Moreover, recently researchers have studied aphasia, apraxia and stuttering patients�’ 
production deficits by observing their VOT values for stops ([8], [9]).  

 
1.2 Factors affecting voice onset time 

When investigating stops, researchers found that the VOT values for stops varied 
in relation to the place of articulation. Cho and Ladefoged (1999) [4], sorted out 
researchers�’ findings, have claimed that the further back the closure, the longer the 
VOT ([2], [4], [6], [13]). That is velar stops have the longest VOT values, alveolar 
stops the intermediate values, and bilabial stops have the shortest values. However, 
there are some exceptions. Alveolar stops in Tamil, Cantonese, Eastern Armenian, 
Hungarian, Japanese, and Mandarin, have shorter VOTs than bilabial stops ([2], [3], 
[5], [7], [12], [14]).  

Liu et al. (2008) [1] speculated that the VOT durations may be affected by tone, 
because different tones have different fundamental frequencies and pitch levels, 
which are determined mainly by the tension of the vibrating structure. In order to 
achieve different levels of tension, different amounts of time might be needed. 
Consequently, the VOT values may vary when they are in different lexical tone. Only 
a few studies have tried to examine whether lexical tone influences VOT values. For 
example, Liu et al. (2008) [1] studied the effect of tonal changes on VOTs between 
normal laryngeal and superior esophageal speakers of Mandarin Chinese, and 
reported that for normal laryngeal speakers there are significant differences of VOT 
values caused by lexical tones. In addition, stops in Tone 4 have significantly shorter 
mean VOT values than stops in Tones 2 and 3. The study by Liu et al. [1] is a 
pioneering piece of work in this field, but more evidence is still needed. Therefore, by 
carrying out a systematic study with respect to the influence of lexical tone for stop�’s 
VOT using two tonal languages, i.e. Mandarin and Hakka, we try to verify previous 
findings in order to provide references for future linguistic studies on tonal languages. 

 
1.3 The features of Mandarin and Hakka 

Mandarin Chinese and Hakka are tonal languages, in which a word�’s meaning 
can be changed by the tone in which it is pronounced. Chao (1967) [15] suggested a 
numerical notation for lexical tones: dividing a speaker�’s pitch range into four equal 
intervals by five points: 1 low, 2 half-low, 3 middle, 4 half-high, and 5 high. The 
numerical notation indicates how the pitches of a lexical tone change. For example, 
the numerical notation for Tone 2 in Mandarin is 35, which represents that the pitch 
will go from middle to high. Table 1 reveals the numerical notation for each lexical 
tone in Mandarin and Hakka. In Mandarin, there are four contrasting lexical tones, 
Tone 1 (high�–level), Tone 2 (mid-rising), Tone 3 (falling-rising), and Tone 4 
(high-falling). Sixian Hakka has six contrasted lexical tones, Tone 1 (24), Tone 2 (31), 
Tone3 (55), Tone 4 (32), Tone 5 (11), and Tone 8 (55). The pitch values for Tone 3 
and Tone 7 are the same, therefore Tone 7 has been omitted. Although there are 
regional differences for Hakka, Sixian Hakka was chosen as it is the most widely used 
Hakka dialect in Taiwan. 
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Table 1. The numerical notations for lexical tones in Mandarin [15] and Hakka [16]. 
Lexical Tone 1 2 3 4 5 7 8 

Mandarin 55 35 214 51    Numerical 
notation Hakka 24 31 55 32 11 (55) 55 

Note: Those which are underlined represent pitches that are short and rapid.  
 

    Mandarin Chinese and Hakka have their specific tone sandhi rules and one 
example from each language is listed below. In Mandarin, Tone 3, which has the 
longest duration among the four lexical tones, will become Tone 2 while it is followed 
by another Tone 3 [17]. The tone sandhi rule for Sixian Hakka is as follows: Tone 1 
will become Tone 5, when it precedes Tone 1, Tone 3, or Tone 8 [18]. Therefore, tone 
sandhi rules are taken into consideration when making stimulus words, and the 
combinations that might cause tonal change will be avoided. 
 
Mandarin 
Tone 3 Tone 2 /       δTone 3ε 
 
Sixian Hakka 
Tone 1 Tone 5 /       δTone 1, Tone 3, Tone 8ε 

 
2. Methodology 

Mandarin and Hakka word-initial stops, unaspirated /p, t, k/ and aspirated /ph, th, 
kh/, in combination with three vowels /i, u, a/ were studied. Except for participants 
and stimulus words, the methodology employed for both languages was the same.  

 
2.1 Participants  

Mandarin and Hakka participants were different. For Mandarin, there were 
fifteen male and fifteen female native speakers recruited from college students and 
staff from an elementary school in Tainan City. All the participants grew up in 
Taiwan, with no hearing and speech defects. Their ages ranged from 23 to 33 years 
(mean = 27.2 years). As for the Hakka, there were twenty-one participants, eleven 
men and ten women, from Miaoli, Pingtung, and Taoyuan County. Their average age 
was fifty-one, the oldest being eighty, and the youngest thirty-six. As it was not easy 
to find fluent Hakka speakers their age range was quite wide.  
 
2.2 Stimuli and procedure 

The speech stimuli in both language were combination of six stops /p, t, k, ph, th, 
kh/ and three vowels /i, u, a/, i.e., 18 combinations. They were /pi/, /pu/, /pa/, /ti/, /tu/, 
/ta/, /ki/, /ku/, /ka/, /phi/, /phu/, /pha/, /thi/, /thu/, /tha/, /khi/, /khu/, and /kha/. For 
Mandarin there were four contrasting lexical tones, thus 72 monosyllabic words were 
created in total. Among them, 18 combinations do not exist in Mandarin. As for 
Hakka, there were six contrasting lexical tones in Sixian Hakka, hence there were 108 
monosyllabic words obtained. Among these stimulus words, 12 words do not actually 
exist in Hakka. Chen et al. (2007) [14] has claimed that disyllabic words can create a 
more natural-like context for participants. Therefore, in order to make speakers 
produce the words more naturally, all the stimulus words were followed by another 
word and would become meaningful disyllables. For example, Mandarin word, /pi/, 
was followed by another word, /phuo/ to become the existing disyllable, /pi phuo/ 
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(force). Some stimulus words in Hakka were tri-syllabic, due to the fact that no 
meaningful disyllables were found.  
    The stimulus words were arranged randomly, and the participants were asked to 
read it out loud at a normal speed. After finishing, the participants were asked to read 
out the words for the second time. Therefore, two groups of data were gathered for 
each participant. All the speech was recorded by a 24 bit WAV recorder, connected 
with a AKG head-worn cardioid condenser vocal microphone positioned of 
approximately 10~15 cm from the participant�’s mouth in a quiet room. 
 
2.3 Data Measurement and analysis 

After recording, data were edited into individual files and analyzed using the 
Praat software. VOT, measured in milliseconds (ms), was obtained by measuring the 
temporal interval between the beginning of the release burst and the onset of the 
following vowel as shown in Figure 1. The values of both the waveform and 
spectrogram were recorded, but the VOTs were determined primarily through 
waveform analysis; the values in the spectrogram were provided as references. If the 
values in waveform differed from the values in the spectrogram by more than five 
milliseconds, the data were re-measured to verify accuracy.  

 

 
Figure 1. The spectrogram and waveform for the Mandarin word /pu iau/ �‘don�’t want�’. 

The values in the circle are the starting and endpoints of the VOT in the 
spectrogram. 

 
When analyzing the data, the VOT values for the mispronounced words were 

excluded, and the data for Hakka /pi/ in Tone 8 were not analyzed because of wrong 
word-choosing. ANOVA test was used to examine whether or not there is a significant 
influence on stop�’s voice onset time. In addition, the differences between the 

F 1 
F 2 

F 3 

F 4 
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examined targets were analyzed by Post Hoc tests (Scheffe). The measurements of 
stops�’ VOT values were made by the same investigator. Furthermore, randomly 
selected 10% of each recording were re-measured by another investigator to verify the 
reliability of the results. Therefore, 7 Mandarin words and 11 Hakka words for each 
recording were re-measured. The inter-rater reliability was then examined by 
Pearson�’s product-moment correlations. 

 
3. Results 

Pearson�’s product-moment correlations indicated high inter-rater agreement for 
both the Mandarin and Hakka data (Mandarin: r = .995, p<.001; Hakka: r = .978, 
p<.001). This indicates that the measurements were reliable throughout. It was found 
that the mean VOTs for Mandarin stops get longer due to the existence of non-words. 
Therefore, the data excluding non-words was further examined to verify the results. 
For Hakka, there is no clear difference because most of the non-words were 
pronounced incorrectly. Therefore, most of the values of Hakka non-words are not 
included in the analysis. 

 
3.1 Lexical tone and VOT in Mandarin  

Mandarin stops�’ mean VOT values and standard deviations in each lexical tone 
are shown in Table 2. ANOVA test reveals that lexical tones have significant 
influences on the VOTs for stops (F(3,1040)=2.681, p<.05 for unaspirated stops; 
F(3,1040)=8.934, p <.001 for aspirated stops). When examining the data with 
non-words, it is shown that for both unaspirated and aspirated, stops in Tone 2 have 
the longest mean VOTs and stops in Tone 4 have the shortest mean VOTs. Stops�’ VOT 
values ordering from the longest to the shortest are in Tone 2, Tone 3, Tone 1, and 
Tone4. Post hoc tests revealed that aspirated stops in Tone 4 have significantly shorter 
mean VOTs than stops in Tone 2 and Tone 3 (p< .05). 
 
Table 2. Mandarin stops�’ mean VOT values in individual lexical tones. All 

measurements are in milliseconds (ms). 
 With non-words Without non-words 

 unaspirated stops 
mean   SD 

aspirated stops 
mean   SD 

unaspirated stops 
mean   SD 

aspirated stops 
mean   SD 

Tone 1 20.20  (11.90) 92.72  (25.53) 17.71  (9.95) 88.69  (20.4) 
Tone 2 21.10  (12.68) 101.02  (30.21) 13.99  (6.03) 89.47  (23.31)
Tone 3 20.89  (13.35) 97.03  (27.75)  17.00  (10.98) 92.30  (23.49)
Tone 4 18.42  (9.94) 89.4  (25.72) 16.32  (9.07) 85.62  (24.18)

 
The results were verified by examining the data without non-words. In Figures 2 

and 3, it is noted that the values for the data without non-words are shorter than the 
values for the data with non-words. It additionally shows that unaspirated stops in 
Tone 1 have the longest mean VOT values and unaspirated stops in Tone 2 have the 
shortest. Aspirated stops in Tone 3 have the longest mean VOTs, while those in Tone 4 
have the shortest. ANOVA tests still indicate that lexical tone has significant 
influences on the VOT values for stops (F(3,692)=4.800, p<.01 for unaspirated stops; 
F(3,779)=2.953, p<.05 for aspirated stopsʼ. Furthermore, Post Hoc tests show that 
unaspirated stops in Tone 2 have significantly shorter mean VOTs than stops in Tone 
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1 and Tone 3 (p<.05), and aspirated stops in Tone 4 have significantly shorter mean 
VOTs than stops in Tone 3 (p<.05). 
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Figure 2. The mean VOTs for Mandarin unaspirated stops in individual lexical tones. 
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Figure 3. The mean VOTs for Mandarin aspirated stops in individual lexical tones. 
 
3.2 Lexical tone and VOT in Hakka 

The mean VOT values and standard deviations for Hakka stops in each lexical 
tone are shown in Table 3. ANOVA tests show that lexical tones have a significant 
influence on stop�’s VOTs (F(5,943)=3.521, p<.01 for unaspirated stops; 
F(5,900)=37.365, p<.001 for aspirated stops). In Figures 4 and 5, it is shown that 
unaspirated and aspirated stops in Tone 1 and Tone 5 have longer mean VOTs than 
stops in other tones. And the shortest mean VOTs for both unaspirated and aspirated 
stops are in Tone 8. Post hoc tests revealed that aspirated stops in Tone 4 and Tone 8 
have significantly shorter mean VOTs than in Tone 1, Tone 2, Tone 3, and Tone 5 
(p<.001). 
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Table 3. Hakka stops�’ mean VOT values in individual lexical tones. All measurements 
are in milliseconds (ms). 

 Unaspirated stops 
mean     (SD) 

Aspirated stops 
mean     (SD) 

Tone 1 20      (11.56) 86.83    (25.8) 
Tone 2 16.94     (8)  84.67    (26.56) 
Tone 3 18.88    (11.02)  81.32    (23.73) 
Tone 4 17.19    (9.44)  62.93    (18.36) 
Tone 5 19.4     (11.43)  90.08    (27.08) 
Tone 8 16.11    (7.98)  61.53    (20.36) 
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Figure 4. The mean VOTs for Hakka unaspirated stops in individual lexical tones. 
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Figure 5. The mean VOTs for Hakka aspirated stops in individual lexical tones. 
 

121



4. Discussion and Conclusion 
In the current study, ANOVA tests reveal that lexical tone has a significant 

influence on the VOT values for Mandarin and Hakka stops. In Mandarin, the VOTs 
for both unaspirated and aspirated stops in Tone 2 have the longest mean VOT values, 
and in Tone 4 have the shortest mean VOT values. Stops�’ VOTs, ordering from the 
longest to the shortest, are in Tone 2, Tone 3, Tone 1, and Tone 4. This sequence is the 
same as Liu et al.�’s (2008) [1] results. But it is worth noting that in both studies, some 
of the stimulus words are non-words. Later, it was found that the sequence results 
from the existence of non-words because in order to produce non-words correctly, 
participants tended to pronounce them at a lower speed, especially those in Tone 2. 
Therefore, we examined the data without non-words, in which no clear sequence had 
been found. In general, ANOVA tests revealed that lexical tones have significant 
influences on stops�’ VOTs. Moreover, Post hoc tests show that unaspirated stops in 
Tone 2 have significantly shorter mean VOTs than in Tones 1 and 3; while aspirated 
stops in Tone 4 have significantly shorter mean VOTs than in Tone 3. As for Hakka 
stops, the existence of non-words does not have a significant impact. Post hoc tests 
show that aspirated stops in Tones 4 and 8 have significantly shorter VOT values than 
stops in other tones. Hakka words in Tones 4 and 8 have similar phonetic 
characteristics, which are short, rapid and ended by a stop. This may explain why 
Hakka stops in Tones 4 and 8 are shorter than stops in other tones. The results in this 
study indicate that lexical tone has significant influence. Therefore, it is suggested that 
future studies should take the effects of lexical tone into consideration in creating the 
stimulus words of tonal languages when analyzing the VOT values for stops, in order 
to reduce the risk of introducing experimental errors. However, in what way tone will 
affect the VOT values for stops, further studies are needed. 
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Abstract 

A two-stage latent prosody model-language model (LPM-LM)-based approach is proposed to 
identify two Mandarin accent types spoken by native speakers in Mainland China and Taiwan. 
The frontend LPM tokenizes and jointly models the affections of speaker, tone and prosody 
state of an utterance. The backend LM takes the decoded prosody state sequences and builds 
n-grams to model the prosodic differences of the two accent types. Experimental results on a 
mixed TRSC and MAT database showed that fusion of the proposed LPM-LM with a 
SDC/GMM+PPR-LM+UPR-LM baseline system could further reduced the average accent 
identification error rate from 20.7% to 16.2%. Therefore, the proposed LPM-LM method is a 
promising approach. 

 

Keywords: Accent recognition, latent prosody model, Mandarin, Taiwan 

 

 

1. Introduction 

Over the past decades, many approaches have been proposed to deal with language 
identification (LID) tasks. They tried to capture the specific characteristics of different 
languages. These characteristics roughly fall into three categories: the phonetic repertoire, the 
phonotactics, and the prosody. The mainstream system (as shown in NIST language 
recognition evaluation (LRE) 2007) [1] is usually based on the fusion of multiple acoustic 
and phonotactic systems. 

 
Although LID is extensively studied, less works have been done on accent identification 

(AID), especially for native speakers, such as American and Indian English, Mainland China 
and Taiwan Mandarin, Hindi and Urdu Hindustani and Caribbean and non-Caribbean Spanish. 
Comparing with LID task, AID of native speakers is more challenging because, (1) some 
linguistic knowledge, such as syllable structure, may be of little use since native speakers 
seldom make such mistakes; (2) difference among those speakers is relatively smaller than 
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that among foreign (non-native) speakers. In other words, the capacities of the popular 
acoustic and phonotactic approaches may be limited in this case. 
 

Many approaches have been proposed to model the prosodic differences between 
languages, dialects or accents [2], recently. Most of them are based on direct modeling of 
surface prosodic features, i.e., the raw prosodic features. For example, frame-level pitch flux 
features and GMMs were proposed in [3]; segmental-level pitch features were extracted using 
Legendre polynomials and modeled by ergodic Markov model in [4]; and 
supra-segment-level prosodic features were captured by n-gram in [5]. 
 

 
Figure 1. The block diagram of the proposed LPM-LM-based 

Mandarin accent identification system. 
 
 

 
Figure 2. The block diagram of the proposed LPM framework  

(speaker factor is omitted to simply this figure). 
 
 

However, surface prosodic features are often affected by many other non-prosodic latent 
factors, such as channel, speaker, phonetic context, and so on. Therefore, it is necessary to 
apply some feature normalization methods [6] to alleviate the unwanted affections. To absorb 
those unwanted affections, in this study a two-stage latent prosody model-language model 
(LPM-LM)-based approach as shown in Fig. 1 and 2 is proposed. The aim is to discriminate 
two Mandarin accent types spoken by native speakers in Mainland China and Taiwan. 
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In this approach, the frontend LPM [7] tokenizes (with the help of automatic speech 
recognizers (ASRs)) an input utterance into smaller prosodic units (sub-syllable in our case) 
and artificially introduces latent prosody states to represent the prosodic status of each token 
in an utterance. It then jointly models the affections of speaker, tone and prosody state on 
surface prosodic features in order to decode more precise prosody state sequences of the 
utterance. The backend LM then takes the decoded prosody state sequences and builds an 
n-gram to model the supra-segmental prosodic charactistics of each accent type. 
 

In more detail, LPM as shown in Fig. 2 (1) introduces a two-level hierarchical structure 
of speech prosody [8] with prosodic states and state transition probabilities and (2) describes 
the joint affections of latent factors in a state by a variable-parameter probability density 
function whose parameters varies as a function of those latent factor-dependent parameters. 
The purpose is to explain the variant due to speaker, phonetic context and, especially, tone 
factors. 
 

It is worth noting that (1) the proposed LPM-LM framework is similar to the popular 
parallel phone recognizer (PPR)-LM approach. However, the phone recognizers are replaced 
by automatic prosodic state tokenizers/labelers and, especially, (2) the LPM module could be 
trained in an unsupervised way to avoid any human annotation efforts. 
 

This paper is organized as follows. Section 2 reviews the LPM framework. Section 3 
discusses the application of LPM-LM on Mandarin AID. Section 4 reports the experimental 
results on a Mainland China and Taiwan Mandarin corpus. Some conclusions are given in the 
last section. 
 
 

2. Latent Prosody Model of Speech Prosody 

 
Based on the proposed LPM framework shown in Fig. 2, an input training utterance is first 
tokenized into a sequence of smaller prosodic units (sub-syllable in this case) including 
voiced and unvoiced segments. For each token, a segment-level prosodic feature vector nx  
is extracted (coefficients of log-pitch and log-energy trajectories and the duration of the 
segment). Here, the coefficients of trajectories are computed using Legendre polynomial 
function from the raw log-pitch and log-energy contours. The speech prosody of an input 
utterance is thus represented by a sequence of segment-level prosodic feature vectors, i.e., 

, 1,...,n n NX x . 
 

To well explain the variant of the observed prosodic feature vector sequence X  of the 
utterance, several latent factors are introduced including speaker s , tone , 1,...,nt n NT  (or 
major/minor stress in toneless language) and prosody state sequence , 1,...,nq n NQ  
(phonetic context is ignored in this study). The probability of X  is defined as follows: 

, ,

| , , , ,
s

p p s p s
Q T

X X T Q T Q                            (1) 
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Assume that each observed nx  is dependent only on local prosodic state nq  and tone 

nt  (and the speaker s ), the first term in the right hand side of Eq. (1) is approximated as 
follows: 

1

| , , | , ,
N

n n n
n

p s p s t qX T Q x                              (2) 

Assume that speaker, prosodic state and tone sequences are all independent variables 
and the probabilities of speaker s  and tone sequence T  are uniform distributions, the last 
term in the right hand side of Eq. (1) is approximated as follows: 

1 1
2

, , |
N

n n
n

p s p q p q qT Q                              (3) 

Finally, the distribution of the surface prosodic feature vector nx  is modeled by the 
following linearly additive [9] formulation: 

n nn n s t qx y                                   (4) 

where ny  are prosodic feature vectors  representing the normalized prosodic contours of 

the n -th syllable in an utterance; s , 
nt
and 

nq are the contributions of speaker s , 

prosody state nq  and tone nt , respectively. The normalized pitch contour ny  is 
approximated using a zero mean Gaussian distribution ( ; , )nN y 0 (where  is diagonal 
matrix), or equivalently the observed prosodic feature vector nx  is modeled by 

| , , ; ,
n nn n n n s t qp s t qx x                          (5) 

By this way, the likelihood function of an utterance given an LPM  is expressed by 

1 1
1 2

| | , , |
N N

n n n n n
n n

L p s t q p q p q qX x                       (6) 

Moreover, the optimal prosody state sequence Q̂  of an utterance could be 
automatically labeled using a Viterbi search algorithm (with or without tone tags given) 

which maximize the likelihood function |L X ,  i.e., 

1 1
1 2

ˆ argmaxlog ( | , , ) |
N N

n n n n n
n n

p s t q p q p q q
Q

Q x             (7) 

 

3. LPM-based Mandarin Accent Identification 

 
Mandarin spoken in Taiwan exhibits several major prosody differences from the Mandarin 
spoken in Mainland China [10]. Especially, people from Taiwan usually speak slower with a 
lower voice, and they sound soft and gentle; while Mainlanders have more ups and downs in 
their intonation, and their voices are higher and faster. These characteristics are likely 
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attributable, at least in part, to influence from the Southern Fujianese dialect widely spoken 
throughout Taiwan. 
 

Since there are prosodic differences between Mainlander’s and Taiwanese Mandarin, a 
LPM-based accent identification approach is built to identify these two Mandarin accent 
types. In the following subsections, the tokenization front-end and the speaker normalization 
parts of the proposed LPM-based approach and its training procedure are described in detail. 
 

3.1. Tokenization front-end 

 
The operation of the tokenization front-end is shown in Fig. 3. It firstly extracts the raw 
prosodic contours (log-pitch and log-energy) of an input utterance. The pitch and energy 
contours are then segmented by an ASR engine. The output is a sequence of voiced and 
unvoiced segments. 
 

 
Figure 3.  A typical segmentation results of the tokenization front-end 

(from top to bottom panel: spectrum, syllable and sub-syllable 
segmentations, log-pitch and log-energy contours). 

 
 

For each voiced segment, six dimensional prosodic features are extracted including 
coefficients of 3-order Legendre polynomial function for approximating the log-pitch contour, 
the log-energy mean and duration of the segment. On the other hand, for each unvoiced 
segment, only its log-energy mean and duration are utilized. 
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3.2. LPM training algorithm 

 
To estimate the parameters of the LPM, an unsupervised sequential optimization procedure 
based on the maximum likelihood criterion is adopted. The training procedure sequentially 
decodes latent prosody state sequences using Eq. (7) and updates the affecting factors (i.e., 
tone and prosody state) to optimize the likelihood function in Eq. (6). 
 

In more detail, the sequential optimization training procedure executes the following 
steps until a convergence has been reached. It is worth noting that each step updates a subset 
of LPM parameters. 
 
Step 0: Initialization 

Θʳ Derive the initial affecting factors s  and 
nt
of tones by averaging all prosodic feature 

vector nx  of a speaker or the whole training data, respectively. 
Θʳ Cluster and label the prosody state of each segment by vector quantization (VQ) using 

the residue prosodic feature vector 
nn n s tx x and derive the initial prosody state 

affecting factors 
nq . 

Θʳ Derive the initial covariance matrix . 
Θʳ Derive the initial prosody state transition probabilities using the statistics of labeled 

prosody states. 
Step 1: Re-Label 
Θʳ Re-label the prosody state sequence of all utterance using Eq. (7). 
Step 2: Re-Estimate 

Θʳ Update the affecting factors s of speakers, 
nt
of tones or 

nq of prosody states with all 

other parameters fixed. 
Θʳ Update the covariance matrix  and the prosody state transition probabilities. 
Step 3: Iteration 
Θʳ Repeat step 1 to 2 until the likelihood function Eq. (6) is converged. 
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4. Experimental Results 

4.1. Corpus 

 
To evaluate the proposed LPM approach, two telephone speech corpora were mixed together, 
one is Mandarin across Taiwan (MAT) [11] released by Association for Computational 
Linguistics and Chinese Language Processing (ACLCLP), Taiwan, and the other is 
500-people telephone reading speech corpus (TRSC) [12] released by Chinese Corpus 
Consortium (CCC), China. There are about 4500 (MAT-2000+MAT-2500) Taiwanese and 500 
Mainlander speakers in MAT and TRSC, respectively. The mixed corpus is randomly divided 
into a training, a development and a test set. The detail of speaker and utterance information 
is listed in Table. 1. The evaluation is executed utterance by utterance and the average length 
of an utterance is about 5 seconds. 
 

Table 1. Detail information of the MAT ad TRSC corpora 
    including number of speakers and utterances. 

 

Training Development Test 
spk utt spk utt spk utt 

MAT 3936 67633 3742 20192 238 2009 

TRSC 409 43340 120 12594 20 2042 
 

4.2. LPM training results 

 
For all following LPM experiments, the number of prosody states was empirically set to 11 (8 
for voiced, 3 for unvoiced states) and there are 5 different tones in Mandarin. 

 

Figure 4.  The learning curves of the LPMs training on MAT and TRSC 
training sets (left: MAT, right: TRSC), respectively. 
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First of the all, the learning curves of the LPMs were examined. Fig. 4 shows the 
likelihood functions on the MAT and TRSC training sets, respectively, along with the number 
of training iterations. It could be found from the figure that LPMs converged quickly, 
especially for the TRSC set. 

 

 

Figure 5.  The learned tone affecting patterns on MAT and TRSC corpora  

(top 5 panels: MAT, bottom 5 panels: TRSC), respectively. 

 

132



After LPM training was converged, the learned 5 tone affecting patterns of Taiwanese 
and Mainlanders’ Mandarin, respectively, were drawn in Fig. 5. It is found that the major tone 
differences between Taiwan and Mainland China is the pattern of tone 3 and 5. This is 
consistent with common linguistic knowledge [10]. 

These results suggest that LPMs could automatically learn the accent-specific 
characteristics of Taiwanese and Mainlanders’ Mandarin. We therefore expect that 
LPM-LM-based approach could be successfully used to discriminate these two Mandarin 
accents. 
 

4.3. Acoustic and Phonotactic baselines 

 
To set up a reference baseline, two popular phonotactic and one acoustic approaches were 
first tested including (1) PPR-LM, (2) universal phone recognizer (UPR)-LM and (3) shifted 
delta cepstral (SDC)/Gaussian mixture model (GMM). 
 

For PPR-LM and UPR-LM, 39-dimensional mel-frequency cesptrum coefficient (MFCC) 
feature vectors were utilized to train the front-end phone recognizers. There are in total 50 
phonemes in Mandarin for PPR-LM. But for UPR-LM, the number of phonemes is extended 
to 63 to reflect the major pronunciation differences (retroflex and nasal-endings sounds) 
between Mainlander’s and Taiwanese Mandarin. All MFCCs were pre-processed by cepstral 
normalization (CN) to partially compensate the channel and database mismatch. Beside, 
tri-gram LM backbends were adopted for both PPR-LM and UPR-LM. Moreover, the 
parameters of SDC were empirically set to 7-3-3-7 and the number of mixtures in GMMs was 
512. 
 

Table 2. Experimental results of the individual acoustic, phonotactic  
                 and prosodic approaches and their fusion on a mixed TRSC  

and MAT database. 

Approach Error (%) System Fusion Error (%) 

(1): PPR-LM 24.88 (5):  (1)+(2) 21.84 

(2): UPR-LM 23.79 (6):  (1)+(3) 22.53 

(3): SDC-GMM 29.11 (7):  (1)+(2)+(3) 20.68 

(4): LPM-LM 31.34 (8):  (7)+(4) 16.18 
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Table 2 shows the performances of the individual systems and their fusion results. The 
fusion was done using a softmax-output multi-layer perceptual (MLP) and trained with the 
development sets. From Table 2, it is found that (1) PPRLM and UPRLM worked better than 
SDC/GMM and (2) the best performance, 20.68% error rate, was achieved by the fusion of 
the PPR-LM, UPR-LM and SDC/GMM systems. 
 

4.4. Prosodic approach 

 
The proposed LPM-LM approach was then evaluated. In training phase, the correct tone tags 
were given but in testing phase MLP-based tone recognizers are adopted to provide estimated 
tone tags online [7]. 
 

Table 2 shows the performances of the proposed LPM-LM and the fusion of LPM-LM 
with the acoustic and phonotactic baseline. The fusion was also done using the same 
softmax-output MLP and trained with the development sets. Different from acoustic feature, 
the prosodic feature extracts another characteristic (example: tone). From Table 2, it is found 
that LPM-LM worked compatible with the SDC/GMM but is worse than the acoustic and 
phonotactic baseline. It was caused by just using prosodic feature rather than strong acoustic 
feature. However, the fusion of LPM-LM and the acoustic and phonotactic baseline could 
further reduce the error rate from 20.68% to 16.18%. This result may suggest the 
complementary of those methods. 
 

5. Conclusions 

 
In this paper, a LPM-LM-based approach is proposed to identify two Mandarin accent types 
spoken by native speakers in Mainland China and Taiwan. Experimental results on a mixed 
TRSC and MAT database showed that fusion of the proposed LPM-LM and a 
SDC/GMM+PPR-LM+UPR-LM baseline system could further reduced the average accent 
identification error rate from 20.7% to 16.2%. Therefore, the proposed LPM method is a 
promising approach. 
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(sample-based)
(frame-based)

(segment-based)

TCC-300
HMM

 

Abstract 
This paper presents a sample-based phone boundary detection algorithm which can 

improve the accuracy of phone boundary labeling in speech signal. In the conventional phone 
labeling method adopted the frame-based approach, some acoustic features, like MFCCs, are 
used. And, the statistical approaches are employed to find the phone boundary based on these 
frame-based features. The HMM-based forced alignment method is most frequently used 
method. The main drawback of the frame-based approach lies in incapability of modeling 
rapid changes in speech signal; moreover, the time resolution of this approach is too coarse 
for some applications. To overcome this problem, a sample-wise phone boundary detection 
framework is proposed in this study. First, some sample-wise acoustic features are proposed 
which can properly model the variation of speech signal. The simple-based spectral KL 
distance is first employed for boundary candidates pre-selection in order to reduce the 
complexity of sample-based methods. Then, a supervised neural network is trained for phone 
boundary detection. Finally, the effectiveness of the proposed framework has been validated 
on automatic labeling of TCC-300 speech corpus. 

137



sample-based KL
 

Keywords: phone boundary segmentation, sub-band signal envelope, sample-based spectral 
KL distance, supervised neural network 

 

 

TIMIT

 

[1]
 Model-based  

Metric-based  
Model-based

(maximum likelihood-trained Hidden Markov Model, ML-trained HMM)
20 ms 90% (inclusion rate) HMM

(maximum likelihood, ML)

(minimum boundary error, MBE) HMM[2]
HMM TIMIT MBE-HMM

10 ms 79.75% ML-trained HMM 
71.23% 7.89%
20 ms (support 

vector machine, SVM)[3] (neural network, NN)[4] HMM
 

Metric-based
Rabiner[5]

(spectral transition measure) TIMIT
20ms 23.1%  (missed 

detection rate, MD) 22.0% (false alarm rate, FA) Kotropoulos[6]
Kullback-Leibler(KL) (Bayesian Information Criterion, BIC)
DISTBIC NTIMIT 25.7% 
MD 23.3% FA  

model-based metric-based
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frame-based (mel-frequency cepstral coefficients, 
MFCC) (time-spectrum)
(uncertain) frame-based 

frame-based 

Articulation Parameter (AP)
landmark voice on-set

sample-based 
frame-based HMM  

sample-based 
sample-based

sample-based
(multi-layer perception, MLP) sample-based 

 
 

 

HMM-based forced alignment SVM
(refinement) TCC-300 HMM-based 

forced alignment sample-based
KL distance MLP

TCC-300 HMM-based 
forced alignment HMM

MLP  
 

SAT SA HMM phone-like unit alignment  
TCC-300 HMM (phone-like level)

 
HMM phone model training speaker adaptation training(SAT)

SAT constraint MLLR(CMLLR)
(CMLLR) HMM speaker-dependent 

HMM SAT HMM model adaptation MLLR
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HMM SAT HMM
(force alignment) TCC-300  

 

 
SAT SA HMM  alignment  

 
MLP  

MLP

(supervised)MLP  

  
MLP  
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HMM alignment
sample-based MLP

(pre-selection)
(candidate) (target 

function) MLP Viterbi search
 

sample-based  

AP

sample-based AP AP
sample-based

 
 

Sample-based  
sample-based AP (sub-band signal envelope)

(rate of rise, ROR) (spectral entropy) sample-based spectral KL distance 
spectral flatness

 
1 [7] 

AP
(filter bank)[7]  

0.0 – 0.4 KHz 0.8 – 1.5 KHz 1.2 – 2.0 KHz 
2.0 – 3.5 KHz 3.5 – 5.0 KHz 5.0 – 8.0 KHz 

AP

 
(envelope detector)

(Hilbert transform)
[ ]x n ( [ ])H x n  

0,            is even
( [ ]) [ ] [ ]   and   [ ]

1/ ,      is odd
n

H x n x n h n h n
n nπ


= ⊗ = 


         (1) 

2 [7] 
frame-based delta-term

 [ ] 2[ ] /    
w w

x
i w i w

ROR n i x n i i
=− =−

   
= ⋅ +   
   
           (2) 
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x[n+i] w

sample-based  
3  [9-10] 

6  Hs  

( )[ ] log [ ]  S i i
i

H E n E n= −            (3) 

6

1

[ ]  i
i

j
j

eE n
e

=

=

               (4) 

Ei[n] i n

 
4 Sample-based spectral KL distance 

KL distance
(m n) spectral KL distance dx(m,n)  

( )
6

1

[ ]( , ) [ ] [ ] log
[ ]
i

x i i
i i

E nd m n E n E m
E m=

 
= −  

 
          (5) 

sample-based KL distance
 

5 Spectral flatness[11]  
flatness F  

1/ 66

1

6

1

[ ]

 
[ ]1

6

i

i i

i

i i

E n
s

F
E n

s

=

=

 
 
 =
 
 
 

∏


             (6) 

 Si i (silence) 
(short pause) F 1 spectral flatness

(thresholds)  
 

Sample-based  
 sample-based

sample-based
 

TCC-300 sample-based
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SAT SA HMM phone-like unit alignment
 

SAT(speaker adaptation transform, feature MLLR) SA(speaker adaptation, 
MLLR) HMM TCC-300

sample-based
HMM
sample-based  
 

 
 HMM

spectral flatness

flatness
1 flatness  

 

 
Spectral 

flatness 6 2
HMM  

 

Stop b p d t g k 
Nasal m n (n_n) (ng)   

Fricative f s x h sh  
Affricate q j c z zh ch 

Liquid l r     
Vowel others      
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spectral KL distance

spectral KL distance

 KL distance frame-based
sample-based  

 

sample-based KL distance
HMM  

 

6  

 

sample-based KL distance
HMM  
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0.0 – 0.4 KHz 0.8 – 1.5 KHz 
spectral KL distance

 
 

MLP Sample-based  

sample-based
(supervised) MLP

 
sample-based 

spectral KL distance
spectral KL distance  

( 1, ) ( , 1),  ( , 1) ( 1, 2) and ( , 1)  x x x x x dd n n d n n d n n d n n d n n Th− < + + > + + + >    (7) 

{cj ;j=1,...,Nc} (segment)
segment-based

 

 
 

 
2

[ck-1,ck] [ck,ck+1] ESi(k) k ([ck,ck+1])
 

( )
1

1

1
1

( ) [ ] / 2
k

k

c

i i k k
n c

ES k E n c c
−

−

−
= +

 
= − − 
 
            (8) 

30 (feature vector) k
ck  

(1)  
{ [ ],  _ [ ],  ( , 1),  ( ),  ( ),  _ ( ), ( ),  _ ( )}; 1,...,6 i i k s sfb k ror fb k d n n F k env k ror env k H k ror H k i+ =

                  (9) 
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(2) (ESpi(k)) (ESni(k))  

( ) ( )
1

1

1 1

1 1
1 1

{ ( ) [ ] / 2 ,  ( ) [ ] / 2 }; 1,...,6
k k

k k

c c

i i k k i i k k
n c n c

ESp k E n c c ESn k E n c c i
+

−

− −

− +
= + = +

   
= − − = − − =   
   
    

(10) 
  

2  
sample-based

MLP MLP 

9 (short 
pause, IS) (consonant, IC) (vowel, IV) (nasal endings, IN) 4

(SC) (CV)
(VN) (VS) (CP)

likelihood   
MLP

HMM
MLP  

 
(1)  
(2) MLP-based  
(3) MLP-based likelihood

Viterbi search
MLP  

(4) (2) (3)  
 

Sample-based  

 sample-based MLP

frame-based HMM
 

 
 

TCC-300

100
500
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3-4 231 200
16kHz 16  

 
 

TCC-300

SAT SA HMM phone alignment HMM
TCC-300  

NICO Toolkit[12] MLP 30×50×9
MLP 3

30 6
sample-based spectral KL distance spectral flatness

6  
MLP HMM

sample-based MLP sample-based MLP
HMM 100 ms

Viterbi search  
 

MLP  
Viterbi search 100 ms

HMM
HMM

sample-based
 

 

 
HMM
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HMM

 
 

HMM

HMM
( ) ( ) 10-20ms

HMM sample-based

20-30ms HMM   
 

HMM  
              10ms 

 
 

  Stop 4.96 
    Nasal 5.95 

  Fricative 11.13 
  Affricate 8.92 

    Liquid 6.23 
MLP  

           10ms 
 

 

  Stop 2.62 
    Nasal 4.46 

  Fricative 8.75 
  Affricate 7.13 

    Liquid 2.70 
 

 

TCC-300 SAT
SA HMM phone alignment HMM
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TCC-300 MLP-based 
sample-based

HMM
frame-based

sample-based
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ഗ࣍ᠦཋଙ᙮ᢜհ᙮ᢜץ࿮۷ૠਮዌ֗ࠡ࣍፿ଃ᠏ངհᚨش 
A Discrete-cepstrum Based Spectrum-envelope Estimation Scheme and Its 

Application to Voice Transformation 

ពङײ ᓐ࣪୽

Hung-Yan Gu  and  Song-Fong Tsai 

ഏ؀م᨜ઝݾՕᖂ ᇷಛՠ࿓ߓ

ኴ૞ 
ഗ࣍ছԳאᠦཋଙ᙮ᢜࠐሓ२᙮ᢜץ࿮հᨠ࢚Ε֗ࠡ᡹ࡳ֏এᑇଖհޣᇞֱऄΔء

ᓵ֮ၞԫޡઔߒኔᎾኔਜழ૿ࢬᜯऱࠟଡംᠲΔࠡԫਢ ᙮ᢜ୽រਗᙇ”ऱംᠲΔࠡԲਢ
᙮෷ၗ֡৫᠏ང ऱംᠲΔኙຍࠟଡംᠲݺଚ༼נԱլᙑऱᇞެֱऄΔྥ৵אش৬ዌԫ

ଡ᙮ᢜץ࿮ऱ۷ૠਮዌ Δྒྷᇢኔ᧭᧩قᇠਮዌ۷ࢬૠנऱ᙮ᢜץ࿮Δᒔኔֺ଺

נ፹೚װ࿮۷ૠհਮዌΔץऱ᙮ᢜנ༽ࢬشଚᚨݺऱᄷᒔլ֟Ζ൷ထΔנ۷ૠࢬऄֱࡨ

ԫଡ፿ଃ᠏ངߓอΔᆖط᙮ᢜץ࿮۷ૠΕ᙮ᢜץ࿮ۼᜍΕഗ᙮ฝ೯Εࡉॾᇆૹᄅګٽ࿛

๠෻ޡᨏΔނױᙁԵ፿ଃॾᇆऱଃۥ᠏ངګլڣࡉܑࢤٵ᤿ऱࠡ،ଃۥΖطᦫྒྷኔ᧭ऱ

࿨࣠᧩قΔݺଚऱ፿ଃ᠏ངߓอΔऱᒔڶױயچሒګଃۥ᠏ངऱפ౨Ζ

ᣂ᝶ဲ ᙮ᢜץ࿮ ᠦཋଙ᙮ᢜ ፿ଃ᠏ང ଃۥ᠏ང

ԫΕছߢ 

ຍᇙ ᙮ᢜץ࿮ ਐऱਢ᙮ᢜ஡༏ץ࿮ Δᣂ࣍ԫଡ፿ଃ

ଃ௃ऱ᙮ᢜץ࿮ऱ۷ૠΔ٣ছઔृߒբ༼נԱԫֱࠄऄΔڕࠏഗ࣍ᒵࢤቃྒྷᒳᒘ

հֱऄ Δ٤אᄕ ᑓীհ᙮෷᥼ᚨڴᒵࠐሓ२፿ଃऱ

᙮ᢜץ࿮Δլመ ᙮᥼ ᙮෷᥼ᚨ ץԫଡ٥஡୽᙮෷ऱॵ२ᄎֺ෻უऱ᙮ᢜڇᒵΔڴ

࿮ڴᒵ܅Δۖڇ᙮ᢜ᧢֏ለݶຒऱ᙮෷೴੄Δঞᄎֺ෻უऱ᙮ᢜץ࿮ڴᒵ೏ৰڍΔڕቹ

ᇙԫଡ ଃଃ௃ऱ ᙮᥼ڴᒵقࢬΔאࢬ ᙮᥼ڴᒵࡉ෻უऱ᙮ᢜץ࿮ڴᒵհ

ၴᄎڇژထլ౨࢙ฃऱᎄ஁Δຍᑌऱᎄ஁ڇԫࠄᚨشᇙ ፿ଃ᠏ངڕ Δലᄎທګ፿ଃ঴

ᔆऱಐಯΖ

ೈԱ հ؆ΔመװՈڶ༓ଡאଙ᙮ᢜ ੡ഗ៕ऱ᙮ᢜץ࿮۷ૠֱऄ๯༼

Δ່១໢ऱԫଡਢଙ᙮ᢜؓᄶऄנ Δڼऄ׽অఎଙ᙮ᢜএᑇऱছ༓ଡΔۖނ৵૿ऱ

এᑇ٤ຝખೈ ੡חܛ ଖ Δ܂٦ᠦཋແܓᆺ᠏ང Δ༉

ቹڕᒵΔڴ൓ࠩؓᄶऱ᙮ᢜױ ᇙՀֱऱ߷ԫයؓᄶڴᒵΔৰࣔ᧩چຍᑌऱԫය᙮ᢜڴ

ᒵࠀլਢ᙮ᢜץ࿮Δڂ੡،ڇߨ଺ࡨ ᙮ᢜऱं୽ፖंߣհၴΔۖլਢऎထं୽۩

ΔڼڂΖߨ ࡉ ࠟԳ༼נԫଡאଙ᙮ᢜ੡ഗ៕ၞޏ܂٦ऱֱऄ Δጠ੡

۷ૠऄΔྥۖڼऄऱૠጩၦৰՕۖ౒׎ய෷Ζ׼؆Δ ࡉ ࠟԳ༼נ

ᠦཋଙ᙮ᢜא ࢚࿮ऱᨠץ۷ૠ᙮ᢜࠐ Δ৵ࠐ ࡉ ࠟ

Գঞ༼נ᡹ࡳ֏ ऱݾ๬ Δאᇞެشࠌᠦཋଙ᙮ᢜࠐሓ२᙮ᢜץ࿮ழࢬ

ሖࠩऱܺᣄΖݺଚᤚ൓ഗ࣍ᠦཋଙ᙮ᢜհ۷ૠऄਢԫଡլᙑऱֱऄΔڼڂ༉ထ֫ઔڼߒ
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ֱऄΔ׊ࠀ๻ऄᇞެኔᎾشࠌழࢬሖࠩऱംᠲΖ

ѳྖၸޑᓎ᛼

ᓎ᛼

ᇤৡ

ቹ 1  /i/ଃଃ௃հ LPC᙮ᢜץ࿮ ࡉ ଙ᙮ᢜؓᄶ৵հ᙮ᢜ 

࿮۷ૠऱਮዌץԫଡ᙮ᢜנ༽Εߒᠦཋଙ᙮ᢜհ۷ૠऄ੡ഗ៕Δઔאᓵ֮ء

Δਮዌڕቹ հ๠෻ੌ࿓ΔԫଡᙁԵऱقࢬ հ፿ଃଃ௃Δଈ٣ၞ۩ഗ᙮

ቹ 2  ᙮ᢜץ࿮۷ૠհਮዌ 

ऱೠྒྷΔנޣאᇠଃ௃ऱഗ᙮ଖ֗ܒឰਢܡ੡ڶᜢ Δנޣऱഗ᙮ଖലᄎڇ ᙮ᢜ

୽ଖਗᙇ հֱჇփشࠌΔݺڼڇଚشࠌԱԫጟ۞ઌᣂ ᑇჸ಻ࠤ

ऱഗ᙮ೠྒྷֱऄ Ζ൷ထΔലᇠଃ௃ॾᇆଊ

Ղዧኑ ࿗ Δ࣍ࠀॾᇆ٨ݧ৵૿ᇖՂሿΔ٨ݧࠌ९৫ګ੡ រΔྥ৵ኙᇠ

܂٨ݧ ૠጩۖ൓ࠩ᙮഑Ղऱ᙮ᢜ஡༏Ζհ৵Δኙ᙮ᢜ஡༏ڴ

ᒵ܂୽រ ऱਗᙇΔࠀലᙇխऱ஡༏୽រऱ᙮෷ଖ܂᙮෷֡৫հ᠏ངΖشࠌ

ਗᙇנऱ஡༏୽រհ஡༏ଖࡉઌኙᚨऱ᙮෷ଖΔ༉ױ൅Ե᙮ᢜץ࿮ऱሓ२ᄷঞ

Δװᇞנᠦཋଙ᙮ᢜএᑇऱᑇଖΔۖᠦཋଙ᙮ᢜএᑇঞאشױጩࢬנሓ२ऱ

᙮ᢜץ࿮Ζ

ቹڇ ऱੌ࿓ᇙΔݺଚ׌૞܂൶ಘנ༽׊ᄅ܂ऄऱਢΔ ᙮ᢜ୽រਗᙇ ࡉ ᙮෷֡

৫᠏ང ֱࠟჇΖឈྥΔு֨ऱ ᠦཋଙ᙮ᢜૠጩ ֱჇΔݺଚ׽ਢऴ൷೶ᅃছԳऱ࣠ګ
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Δ܀ਢΔڶ޲࣠ڕਗᙇࠩإᒔऱ᙮ᢜ୽រΔإشࠌڶ޲ृࢨᒔऱ᙮෷֡৫Δঞ ᠦཋ

ଙ᙮ᢜૠጩ ฃऱᎄ஁Δۖլ౨ጩਢ෻უ࢙෼լ౨נᒵΔսྥᄎڴ࿮ץऱ᙮ᢜנሓ२ࢬ

ऱ᙮ᢜץ࿮ڴᒵΖ࣍طመװऱ֮᣸Δآࠀಖሉ ᙮ᢜ୽រਗᙇ”ࡉ ᙮෷֡৫᠏ང”ऱᒔኔ
Δ؆ڼร؄ᆏ։ܑᎅࣔΖࡉรԿᆏڇݮຍࠟଡംᠲΔᇡาൣߒଚঁထ֫ઔݺڼڂऄΔ܂

ቹނଚՈݺ ऱ᙮ᢜץ࿮۷ૠਮዌΔᚨ܂࣍ش፿ଃ᠏ང Δګނڕࠏ

ݮऱᜢଃΔᇡาൣسߊڣګࢨ᠏ང๠෻ۖ൓ࠩՖ՛৘ऱᜢଃΕط࿇ଃΔᆖࡨऱ଺ࢤՖڣ

รնᆏᇙᎅࣔΖڇ

ԲΕ ഗ࣍ᠦཋଙ᙮ᢜհ᙮ᢜץ࿮۷ૠ 

2.1  ᠦཋଙ᙮ᢜ 

ᠦཋଙ᙮ᢜհᨠ࢚ਢط ࡉ נ༽ࢬ Δהଚආא࠷᙮഑Ղऱ່՛ֱؓᄷ

ঞ ऱኔᑇଙ᙮ᢜء଺ࡉଙ᙮ᢜএᑇΔຍ࠷ޣࠐ এᑇ

ऱڤֱ࠷ޣլٵΖ଺ءऱڤֱ࠷ޣਢނኙᑇ᙮ᢜ஡༏ X k k N ᠦ֘܂װ

ཋແܓᆺ᠏ང ۖ൓ࠩΔࢬח൓ऱଙ᙮ᢜএᑇ੡ c c cN Δհ৵Δ٦ലຍࠄଙ

᙮ᢜএᑇ܂ Δ༉ױᝫ଺ޣ൓ኙᑇ஡༏᙮ᢜΔࠡֆڤ ੡

N j kn
N

n
n

X k c e k N

ኙᑇ᙮ᢜ஡༏࣍ط X k ਢೝኙጠऱΔܛ X k X N k Δطאࢬኙᑇ᙮ᢜ஡༏
ܛऱଙ᙮ᢜএᑇՈਢೝኙጠऱΔנޣ ck cN-kΔࠉᖕຍଡೝኙጠऱ௽ࢤΔֆڤ ๯ංױ

ᖄګ੡
N

nn
n

X k c c kn c k k N
N

ຍਢڂ੡ڇ᠏ངு֨ऱဠຝ ᑇࠤ࡛ ٨ᄎݧೝኙጠऱଙ᙮ᢜএᑇࡉ

ګ᜔ף ଖΖ

ૉֆڤ ᇙ׽অఎছ૿֟ᑇ༓ଡ ڕࠏ p ଡ ଙ᙮ᢜএᑇΔঞ،אشױૠጩנԫଡ

ؓᄶመऱ஡༏᙮ᢜΔૠጩֆڤ੡
p

n
n

S f c c fn

ڤֆאუ૞࣠ڕਢΔ܀ ڤ࿮Δঞֆץሓ२᙮ᢜࠐ ᇙऱଙ᙮ᢜএᑇ ckΔ༉լਢشࠌ

᙮ࠄຍߩᕣၦየڇ࿮ૻࠫΔྥ৵ץऱ᙮ᢜߩ඿๯የࠄᆠԫࡳԱΔۖਢ૞٣࠷ޣࠐ

ᢜץ࿮ૻࠫऱයٙՀΔޣװᇞࠋ່נऱଙ᙮ᢜএᑇ ck ऱᑇଖΔנޣڼڕऱଙ᙮ᢜএᑇ

༉ጠ੡ᠦཋଙ᙮ᢜএᑇΖছ૪ࢬᘯऱ᙮ᢜץ࿮ૻ Δࠫࠡኔਢൕ଺ࡨऱ ᙮ᢜ X k ՂΔ
נބ Lิࠠזڶ।ࢤऱ᙮ᢜ஡༏୽ଖ֗ࠡ᙮෷ ak fk k LΖ࣍ط Lຏൄֺଙ᙮ᢜ
ၸᑇ p Օ๺ڍΔאࢬᏁ૞شࠌԫଡףᦞ່ڤ՛ֱؓᄷঞ

Δ່ࠐ՛֏ຍ Lଡ᙮෷រՂ  fk k L ΔS fk ࡉ akհၴऱᎄ஁ΔՈ༉ਢ່

՛֏
L

k k k
k

w a S f

ࠡխ kw ਢԫଡᦞૹଖፖ᙮෷ kf ൓ޣא៶ױᦞΔףऱٵऱ᙮෷ଖ࿯ղլٵլ࣍ᣂΔኙڶ
ለړऱ᙮ᢜץ࿮Ζૉނֆڤ ڤՀګᐊޏױΔঞق।ࠐڤݮఢೄא

153



Ta Mc W a Mc W a Mc

ࠡխ
T

La a a Ι
T

pc c c ਢԫଡፂ৫ p ऱٻၦΔז।آवऱ

ଙ᙮ᢜএᑇΙ

L

w
W

w

੡ኙߡఢೄΔኙߡ଺ై੡ףᦞଖΙ

L L L

f f f p
M

f f f p

ૉ૞൓ࠩԫิ່ࠋऱଙ᙮ᢜএᑇ cΔՈ༉ਢ૞່՛֏ֆڤ ऱᎄ஁Δຍطױֆڤ ංᖄ

ᇞࢤՀհᒵڕנ

T Tc M WM M Wa

ऱᠦཋଙ᙮ᢜএᑇΖࠋ൓ࠩԫิ່ױܛΔຘመఢೄಭ᠏ངፖఢೄઌଊΔڼڕ

2.2 ᠦཋଙ᙮ᢜհ᡹ࡳ֏(regularization) 

ᇞଙޣװ՛ֱؓᄷঞ່א᙮഑ՂڇवΔᠦཋଙ᙮ᢜऱ଺෻ਢΔױছԫ՛ᆏऱᎅࣔط

᙮ᢜএᑇΔຍᑌऱޣᇞֱऄڇኔ೭ՂᄎᔡሖࠩԫଡംᠲΔۖګ᧢،ࠌլኔشΔ߷༉ਢ

ംᠲΖ࣍طఢೄ TM WM ຏൄਢයٙৰ஁ऱఢೄΔຍലᄎᖄીץ࿮ڴᒵڶॺ
ൄՕऱᎄ஁Δຍრ࠺ထ׽૞ᑇᖕ ak fk ᧢ޏპऱࠄڶ ؄ඍնԵڕࠏ Δঞૠጩנऱଙ᙮

ᢜএᑇ༉ᄎڶᏣ௺ऱ᧢֏Δۖץ࿮ڴᒵՈᄎڂ੡ fkऱޏ᧢ۖขسመՕऱದٗΖ

ቹא ੡ࠏΔဠᒵڴᒵࢬ।قऱਢΔشࠌ ၸᠦཋଙ᙮ᢜএᑇΕࡉॺᒵࢤ᙮෷֡

৫ޣࢬ൓ऱ᙮ᢜץ࿮Δឈྥץ࿮ڴᒵإڶᒔऱᆖመছ ଡ஡༏୽រΔլመ୽រፖ୽រհ

ၴऱڴᒵ᧢֏൓ॺൄᏣ௺Ζڇ๺ڍ᙮ᢜץ࿮ऱᚨشᇙΔઌᔣ୽រհၴऱ஡༏ଖؘႊਢױ

ቹڕ෼נ౨ױڶ࣠ڕૠጩऱΔא ץ੡᙮ᢜ܂ኔ೭ՂലྤऄڇᒵڴڼऱൣउΔ߷Ꮦقࢬ

࿮ڴᒵΖ

٣ছઔृߒՈ࿇෼ΔאڇՀԿጟൣउՀΔՂ૪ംᠲ࿇سऱᖲᄎലᄎ༼೏Δ։ܑਢΚ

ᅝڶৰᐈऱ᙮෷ၗ೴ၴױڶ޲ሓ२ऱ஡༏រழΙ ᅝࠟଡઌᔣऱ᙮෷រ fk fk+ ৰᔾ२Δ

រऱ஡༏஁ฆৰՕΙࠟڼ׊ࠀ ᅝᠦཋଙ᙮ᢜএᑇऱଡᑇ pৰ൷२඿ሓ२ऱ᙮෷រᑇ L
ழΔຏൄڇഗ᙮ለՕழ࿇سΖڼڂΔ ࡉ ๬ݾ֏ࡳԫଡ᡹נ༽ Δאش

ඈೈץ࿮ڴᒵऱլٽ෻ದٗΔהଚޣڇᇞԫิᠦཋଙ᙮ᢜএᑇழΔೈԱࠉᖕ່՛֏ֱؓ

ᎄ஁ᄷঞΔᝫലץ࿮ڴᒵऱؓᄶ࿓৫౏ԵەᐞΔڼڕଥޏመऱᄷঞ༉᧢ڕګՀֆڤΚ

L

k k k
k

w a S f R S f

154



ቹ شࠌ  3 40ၸᠦཋଙ᙮ᢜএᑇΕॺᒵࢤ᙮෷֡৫ޣ൓հഗء᙮ᢜץ࿮ 

ࠡխ R S f ਢԫଡᇖᚍࠤᑇΔאشၦྒྷץ࿮ڴᒵऱؓᄶ࿓৫Δૉץ࿮ڴᒵ။ؓᄶঞࠡ
ଖ။՛Δ֘հ။ՕΙ  ਢإ๵֏೶ᑇΔאش൳ࠫؓᄶ࿓৫່ࡉ՛ֱؓᎄ஁ᄷঞհၴऱઌ
ኙᦞૹΔ  ଖ။Օঞሓ२נऱ᙮ᢜץ࿮။ؓᄶΖԫଡࠢীऱᇖᚍࠤᑇڕՀڤ Κ

dR S f S f df
df

ᅝނֆڤ ڤԵֆזڤ խΔױංᖄ൓

TR S f c Uc U

p

ڤൕֆڼڕ ංᖄנऱ່ࠋᇞڕՀڤ

T Tc M WM U M Wa

ࠡխإ๵֏೶ᑇ ऱለࠋଖڇ ॵ२Δڼڕఢೄ ऱംᠲ༉ױᛧ൓ᇞ

ެΔྥࠉ׊ࠀ౨ሓ२ړߜנऱ᙮ᢜץ࿮ڴᒵΔቹ ᇙऱဠᒵڴᒵ༉ਢشࠌ᡹ࡳ֏ᠦཋଙ

᙮ᢜ۷ૠֱऄΔࢬሓ२נऱ᙮ᢜץ࿮Δৰࣔ᧩܅ڇچ᙮ຝ։መ৫ದٗऱൣउբᆖᛧ൓ޏ

࿳Δ۟࣍ቹ ᇙऱኔᒵ ᒵঞፖቹڴ ᇙऱઌٵΖ

ԿΕ ᙮ᢜ୽ଖਗᙇ 

ԫ౳ࠐᎅΔ᙮ᢜץ࿮ױ઎ګਢ ஡༏᙮ᢜՂຑ࿨ٺ୽រ ऱڴᒵΔ

ऱ୽រ஡༏ଖנᙇࢬ֏՛່א࠷ᠦཋଙ᙮ᢜऱ۷ૠΔආڼڂ akፖץ࿮ڴᒵ S f հၴऱؓ
ֱᎄ஁܂੡ᄷঞΖױڼطංवΔ୽រऱਗᙇਢԫଡઌᅝૹ૞ऱছᆜޡᨏΔ࣠ڕආ࠷ऱਢ

១໢ऱ୽រਗᙇֱऄΔڕࠏᙇ٤נຝऱ᙮ᢜ୽រΔຍലᄎᖄીլߜऱ᙮ᢜץ࿮ڴᒵ๯ሓ

२ࠐנΔۖڼشࠌጟ᙮ᢜץ࿮ၞ۩፿ଃᒳᒘࢨଃ೏ᓳᖞΔՈലᄎ૾܅፿ଃ঴ᔆࡉທګଃ

ऱլԫીΖۥ
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ቹ شࠌ  4 40ၸᠦཋଙ᙮ᢜএᑇΕॺᒵࢤ᙮෷֡৫ޣ൓հ᡹ࡳ֏᙮ᢜץ࿮ 

شଚආݺΔڼڂ հᨠ࢚ ΔᅝᙁԵऱଃ௃܂

ഗၜೠྒྷ৵ܒឰ੡ڶᜢழΔ༉ࠉᖕ ೠྒྷנऱ່Օڶᜢ᙮෷

Δނᇠଃ௃ऱ ᙮ᢜ֊໊܅ګ᙮ऱᘫं ຝ։Εࡉ೏᙮ऱᠧ

ଃ ຝ։Ζྥ৵Δኙ࣍ᘫंຝ։Δࠉᖕೠྒྷנऱഗ᙮ଖ F Δڇ᙮෷ᒤ໮ F
F փ༈נބ୽រऱ஡༏ଖ aΕ֗ࠡኙᚨऱ᙮෷ଖ fΙ൷ထڇ᙮෷ᒤ໮ f F

f F ༈׼נބԫ୽រऱ஡༏ଖ a Ε֗ࠡኙᚨऱ᙮෷ଖ f Ιڼڕᤉᥛࠡנބ،୽
រΖڇ࣠ڕ༈ބऱ᙮෷ᒤ໮փڶ޲୽រΔঞᄎނ༈ބऱᒤ໮࢓৵ฝ೯ FΔ٦ቫᇢ༈
ඈೈ஡壂ለ՛ऱ୽រΖאԱ୽រ஡༏ऱ॰ាΔࡳଚՈ๻ݺΔ؆ڼ୽រΖބ

ኙڶ࣍ᜢଃ௃ऱᠧଃຝ։Δ࣍ط᙮ᢜբྤࣔ᧩ऱᘫं࿨ዌΔڕቹ ᇙ հ৵

ऱ ᙮ᢜڴᒵΔઌᔣ୽រհၴऱ᙮෷ၴሶ᧢൓ᙟᖲۖॺࡳࡐଖΔ׊୽រऱ஡༏೏৫

Ո᧢൓ᙟᖲچದٗΔݺڼڂଚᎁ੡೏᙮ᠧଃऱ᙮ᢜΔլ౨ജشࠌ٦ፖ܅᙮ຝ։ઌٵऱ୽

រਗᙇֱऄΖڼڇΔݺଚشࠌ٣ ၸऱኔᑇଙ᙮ᢜএᑇװૠጩנԫଡؓᄶመऱ᙮ᢜڴ

ᒵΔྥ৵ࠉᖕؓڼᄶऱ᙮ᢜڴᒵΔނ հ৵ڶࢬ ᙮ᢜ஡༏Օؓ࣍ᄶ᙮ᢜ஡༏ऱ

୽រΔຟጩਢ૞ᙇנऱ୽រΖ۟ྤ࣍ᜢऱଃ௃Δݺଚ༉ऴ൷ނ ๻੡ Δྥ৵ආ࠷

Ղ૪ᠧଃ᙮ᢜ୽រऱઌٵਗᙇֱऄΖቹ ᇙ᧩قԱԫଡݺאଚऱ᙮ᢜ୽រਗᙇֱऄΔࢬ

ਗᙇנऱ᙮ᢜ୽រ࿨࣠Δᙇנऱ᙮ᢜ୽រאฤᇆ ।قΖ

؄Ε ᠦཋଙ᙮ᢜၸᑇፖ᙮෷ၗ֡৫ 

4.1 ᠦཋଙ᙮ᢜհၸᑇ 

वΔᠦཋଙ᙮ᢜএᑇऱଡᑇױรԲᆏऱᎅࣔط pؘႊࡳࡐ٣Δྥ৵թ౨װᇞ pଡᜤ
൓ᠦཋଙ᙮ᢜএᑇΖ۟ޣࠐڤ࿓ֱم ࣍ pଖ૞๻੡֟ڍ ૉ֜شࠌ՛ऱ pଖ ڕ p Δ

ঞץ࿮ڴᒵऱದٗڻᑇᄎለ֟Δۖྤऄᄷᒔچሓ२Օڍᑇऱ᙮ᢜץ࿮ݮणΖྥۖᙟထ p
ଖऱᏺףΔᇞᜤֱم࿓ڤऱૠጩၦՈᄎᏺףΔլመ੡Աᄷᒔچሓ२Օڍᑇऱ᙮ᢜץ࿮ݮ

णΔאᝩ܍ଃᔆՀ૾֗অ਍ଃۥऱԫીΔݺଚᎁ੡ףՕ pଖਢؘ૞ऱΖ߷Ꮦ pଖᚨ๻੡
֟ڍ ࡉ མ༼ࠩ Δૉ૞൓ࠩ壄ᒔऱ᙮ᢜץ࿮Δঞለ೏ၸᑇ ڕ ऱଙ

᙮ᢜএᑇਢᏁ૞ऱΖ
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ቹ 5  ԫଡ᙮ᢜ୽រਗᙇऱࠏ՗ 

࿮հሓ२ᎄ஁ऱᣂএΔኔץ᙮ᢜࡉ൶ಘᠦཋଙ᙮ᢜၸᑇࠐڤኔ᧭ऱֱאଚݺΔڼڇ

᧭ᇙݺଚشࠌऱᎄ஁ၦྒྷֆڕڤՀ

Nr L t
k k ktEs a S t f

Nr L

ࠡխ Nr।ق፿ଃଃ௃ऱ᜔ᑇΔ t
ka ।قร tଡଃ௃ᇙऱร kଡ᙮ᢜ୽រऱ஡༏Δ kS t f

।قร tଡଃ௃אᠦཋଙ᙮ᢜࢬሓ२נऱ᙮ᢜץ࿮Ζኔ᧭৵ૠጩנऱऱሓ२ᎄ஁ڕቹ
ᠦཋଙ᙮ᢜऱၸᑇΔ᜕ၗঞਢၦ൓ऱሓ२ᎄ஁قΔᖩၗ।قࢬ EsऱᑇଖΔᨠኘቹ ױ

࿇෼Δ ᙟထၸᑇऱᏺף Esଖᄎࣔ᧩چՀ૾Δऴࠩၸᑇ೏࣍ ழΔEsଖՀ૾ऱ༏৫թ
᝟࣍ᒷࡉΔݺڼڂଚެނࡳ pଖ๻ࡳ੡ Δאᒔঅሓ२נऱ᙮ᢜץ࿮ऱᄷᒔࢤΖ

ቹ 6  լٵၸᑇհᠦཋଙ᙮ᢜऱ᙮ᢜץ࿮ሓ२ऱᎄ஁ 
 
4.2 ᙮෷ၗ֡৫ 

ឈྥ೏ၸᑇऱᠦཋଙ᙮ᢜբᆖאױሓ२נլᙑऱ᙮ᢜץ࿮Δլመᅝݺଚᨠኘਬࠄ፿

ଃॾᇆऱ᙮ᢜழΔ࿇෼೏ၸᑇऱᠦཋଙ᙮ᢜࢬሓ२נऱ᙮ᢜץ࿮ՂΔսྥᄎנ෼լ՛

ऱΕլ౨࢙ฃऱሓ२ᎄ஁Ζڕࠏቹ ᇙऱ᙮ᢜץ࿮ڴᒵΔ،ਢشࠌ ၸऱᠦཋଙ᙮

ᢜࢬሓ२נऱΔቹխഎದࠐऱຝ։᧩ق࿇سለՕᎄ஁ऱֱچΔݺ࣠ڕଚലၸᑇ༼೏ࠩ

Δঞᄎ൓ࠩڕቹ ᇙऱ᙮ᢜץ࿮ڴᒵΔឈྥ ፖ ॵ२ऱᎄ஁Δբᆖ

ᛧ൓Աԫޏࠄ࿳Δլመᝫਢլജ෻უΖ
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شࠌ ၸհᠦཋଙ᙮ᢜ شࠌ ၸհᠦཋଙ᙮ᢜ

ቹ  ࿮ץሓၞհ᙮ᢜࢬ᙮෷֡৫հᠦཋଙ᙮ᢜࢤᒵא 7

ቹ ᇙऱൣउຏൄਢ࿇ڇسഗ᙮ለ܅ऱ፿ଃଃ௃ᇙΔ࣍طઌᔣ୽រऱ᙮෷ଖॺൄ൷

२Δۖ࿇س᙮ᢜץ࿮ݶຒ᧢֏ऱൣउΔຍጟݶຒ᧢֏ऱ᙮ᢜץ࿮ྤऄ܅طၸᑇऱᠦཋଙ

᙮ᢜ܂װᄷᒔऱሓ२Δ֠ࠡਢ܅ڇ᙮ऱ೴੄Ζ૞ᇞެຍጟംᠲΔԫଡཏሙ๯ආ࠷ऱᨠ࢚

ਢΔشࠌॺᒵࢤऱ᙮෷ၗࠐឩՕ܅᙮೴੄ڇᖞଡ᙮෷ၗ۾ࢬऱֺ෷Δۖൄߠऱॺᒵࢤ᙮

෷֡৫ڕමዿ֡৫ ৫֡܌֣ࢨ ΖኔᎾՂऱ܂ऄਢΔڇਗᙇנ᙮ᢜ

୽រհ৵Δ٣ലٺ୽រኙᚨऱ᙮෷ fk܂᙮෷֡৫ऱ᠏ང k kf warp f Δթޣװᇞᠦཋଙ
᙮ᢜএᑇΔհ৵ᅝ૞ૠጩࢬሓ२ऱ᙮ᢜץ࿮ழΔՈᏁ܂᙮෷ၗ֡৫ऱ᠏ངΖቹ ᇙऱ

᙮ᢜץ࿮ڴᒵ༉ਢشࠌමዿ֡৫ࢬሓ२נऱΔઌለ࣍ቹ ऱᒵ֡ࢤ৫Δ܅᙮ऱ୽រຟ

ਢ܀ᒵຏመΔڴ࿮ץ๯چᒔኔڶ ॵ२ऱ୽រսྥڇژᎄ஁Ζ

ᖩၗ੡ᒵࢤ᙮෷հץ࿮ڴᒵ ᖩၗ੡මዿ᙮෷հץ࿮ڴᒵ

ቹ ࡉමዿ᙮෷֡৫א  8 40ၸհᠦཋଙ᙮ᢜࢬሓၞऱ᙮ᢜץ࿮ 

ቹڇΔ؆ڼ ऱ܅᙮ຝ։ΔՈױ઎ࠩ᙮ᢜץ࿮ڴᒵመ৫ದٗऱൣउΔ଺ڂਢමዿ

᙮෷֡৫ᄎ܅ނ᙮ຝ։ऱઌᔣ୽រऱၴሶឩՕ֧ۖದመ৫ದٗΔຍጟመ৫ದٗױൕቹ

ᇙᨠኘࠩΖ܌֣شࠌګޏ࣠ڕ᙮෷֡৫Δঞലץࠌ࿮ڴᒵመ৫ದٗऱൣउףޓᣤ

ૹΔڂ੡֣֡܌৫ᄎᨃ܅᙮ຝ։۾ࢬऱֺ෷ޓ੡᧢ՕΔ׊ࠀઌᔣऱ೏᙮୽រၴऱၴሶՈ

ᄎ᧢൓ాޓΔۖᄎࠌ೏᙮ຝ։ऱץ࿮ڴᒵ᧢൓ޓ੡ؓᄶΖ

รԲᆏᇙམ༼ࠩץ࿮ڴᒵመ৫ದٗऱᇞެֱऄΔٍܛ᡹ࡳ֏հݾ๬Ζࠩؾছ੡ַΔ

๵֏೶ᑇإނ׽ଚຟݺ ๻੡ Δ੡Աޏ࿳Ղ૪ऱመ৫ದٗൣݮΔݺଚቫᇢףՕإ

๵֏೶ᑇ Δ࿨࣠൓ࠩڕቹ ᒵΔቹڴ࿮ץऱ᙮ᢜقࢬ ᇙ๻ࡳ Δۖڇቹ

ᇙ๻ࡳ Ζឈྥᙟထإ๵֏೶ᑇ ऱᏺףΔ܅᙮ຝ։ऱ᙮ᢜץ࿮ڴᒵᄎዬ᝟

ؓᄶΔլመ᙮ᢜץ࿮ऱದٗ࿓৫Ոࠩ࠹ԱૻࠫΔۖᖄીᖞ᧯ Lଡ୽រऱሓ२ᎄ஁Ոᙟထ
ᏺףΖ
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Ζ

ቹ ࡉමዿ᙮෷֡৫ڇ  9 40ၸଙ᙮ᢜհයٙՀףՕ᡹ࡳ֏೶ᑇ  

ऱֺ෷Δ۾ࢬᖞଡ᙮෷ၗڇ᙮ຝ։܅ଚቫᇢᓳᖞ᙮෷ၗ֡৫ΔՈ༉ਢᓳᖞݺΔڼڂ

࣍ऱਢᨃᠦཋଙ᙮ᢜၸᑇՕؾ ழΔ᙮ᢜץ࿮ڴᒵլᄎ܅ڇ᙮ຝ։נ෼መ৫ದٗऱൣ

उΔڇ׊ࠀ ऱ᙮෷ၗ೴੄྇אױ՛୽រ஡༏ऱሓ२ᎄ஁Ζᆖመڻڍ

ऱኔ᧭ᨠኘΔݺଚូ౏נԫጟڕՀ٨ֆقࢬڤհ᙮෷֡৫Δ

fwarp f

ቹ ᇙऱ᙮ᢜץ࿮ڴᒵ༉ਢڼشࠌጟ᙮෷֡৫ޣࠐᇞᠦཋଙ᙮ᢜۖሓ२נऱΔאױ࿇෼

՛࣍ հ᙮෷ຝ։Δ᙮ᢜץ࿮ڴᒵڶ޲መ৫ದٗհൣݮΔױ׊ࠀᄷᒔچຏመٺଡ

୽រΔڇ؆ڼ ऱ᙮෷ຝ։Δ᙮ᢜץ࿮ڴᒵֺದමዿ֡৫ृנޣࢬΔ

ऱದٗ౨ԺΖࠋޓထڶ

੡Աֺለࠟጟ᙮෷֡৫Δݺܛଚ༼נऱֆڤ հ᙮෷֡৫ࡉමዿ᙮෷֡৫Δኙ࣍

ऱ᙮෷ᒤ໮೚ሓ२ᎄٵլڇଚ༉։ܑݺڼڇऱᎄ஁Δسขࢬ࿮ץᠦཋଙ᙮ᢜሓ२᙮ᢜא

஁ऱၦྒྷኔ᧭Δ؄ጟ᙮෷ᒤ໮։ܑਢ Δ Δ Δ

Δۖᎄ஁ၦྒྷऱֱڤսྥڕֆڤ Ζኔ᧭৵ݺଚ൓ࠩڕቹ ऱق᧩ࢬ

࿨࣠ΔՈ༉ਢᎅڇ հ᙮෷ᒤ໮Δࠟጟ᙮෷֡৫ڶထᣊۿऱሓ२ᎄ஁Δ܀ਢ

נ༽ଚݺ࣍ᄎ೏چ᧩࿮ሓ२ᎄ஁ΔࣔץၦྒྷழΔමዿ֡৫ऱ᙮ᢜ܂Կጟ᙮෷ᒤ໮،ࠡڇ

ऱ᙮෷֡৫Δ׊ࠀ᙮෷ᒤ໮ყՕழΔݺଚࢬ༼ऱ᙮෷֡৫ऱሓ२ᎄ஁ᄎࡉමዿ֡৫ऱሓ

२ᎄ஁ყࠐყၲࢮΖ

նΕ፿ଃ᠏ངհᚨش 
 
5.1 ፿ଃ᠏ངߓอ 

ຍᇙࢬᎅऱ፿ଃ᠏ང Δਐऱਢ܂᙮ᢜץ࿮ڴᒵऱۼ୶گࢨᜍ

ઌᅝ܂࣍᙮෷ၗऱ Δ֗ഗء᙮෷ऱฝ೯ ΔނאᙁԵ፿ଃॾᇆ

ऱଃ׼ګ᧢ޏۥԫଡԳऱଃۥΔڣګނڕࠏՖسऱ፿ଃ᠏᧢سߊڣګګऱ፿ଃΕࢨ՛৘

ऱ፿ଃΖመװΔ܂፿ଃ᠏ངൄ๯شࠌऱਢ հݾ๬ Δ܀ਢഗء

ऱ ଚݺᓵ֮ᇙΔءڇऱ൳ࠫΖمᗑ܂ഗ᙮ฝ೯ࠟृࡉᜍۼ࿮ץլ౨ᨃ᙮ᢜࠀ๬Δݾ

ऄګٽڤऄףሽᆰଃᑗհ࠷ආࡳެ ֗ ऱᨠ࢚ Δࠐᨃ᙮ᢜ

൳چ๯։ܑאױഗ᙮ฝ೯ࠟृࡉᜍۼ࿮ץ Δࠫۖ ኔ܂ՂঞᏁ૞ᚨشছ૿ᎅࣔऱ᙮ᢜץ࿮

հ۷ૠֱऄΔޣࠐ൓ᙁԵ፿ଃٺଃ௃ऱ᙮ᢜץ࿮ڴᒵΔྥ৵թᖕ܂א᙮ᢜץ࿮ऱۼᜍΖ

ቹڕտ૿ڤอΔࠡ࿓ߓ፹೚ऱ፿ଃ᠏ངࢬଚݺ Δقࢬ ೴Ⴧ᧩قൕ଺ࡨ፿

ଃࢬ։࣫נऱഗၜ૩ᇾΔ ೴ჇՂՀ։ܑ᧩ق଺ࡨ፿ଃ֗᠏ངመ፿ଃऱंݮΖ
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ቹ  :࿮ሓ२հᎄ஁ץᓵ֮֡৫Εමዿ֡৫ऱ᙮ᢜء؄ጟ᙮෷ᒤ໮ֺለڇ  10
(ؐՂ) 0~2,000HzΔ(׳Ղ) 0~4,000HzΔ(ؐՀ) 0~6,000HzΔ(׳Հ) 0~11,025Hz 

ቹڕอऱ๠෻ੌ࿓ঞߓڼ࣍۟ ९ګ໊֊ΔᙁԵऱ፿ଃॾᇆΔ٣قࢬ ૹᦤ

ऱଃ௃٨ݧΔྥ৵ኙٺଡଃ௃ڕ܂ቹ ڤᖕֆࠉᨏΔ൷ထޡऱ๠෻قࢬ ࠷ޣװ

ଡᠦཋଙ᙮ᢜএᑇΔࠉ٦ᖕֆڤ ༉ױૠጩנ᙮ᢜץ࿮ڴᒵΙ۟࣍ ᙮ᢜץ࿮ۼᜍ Ε

ഗ᙮ฝ೯ Ε ॾᇆૹᄅګٽ ࿛ԿଡֱჇऱาᆏΔല࣍Հ૿ٺ՗ᆏ։ܑ܂ᎅࣔΖᣂڼ࣍

ڇอऱ๠෻ຒ৫ਢΔߓ ऱ࿝ಖءሽᆰՂΔ๠෻ ઞᤪऱ፿ଃΔ

ؓ݁Ꮑक़ ઞऱழၴΖ

5.2 ᙮ᢜץ࿮ۼᜍ 

լڣٵ᤿ፖܑࢤऱ፿ृࢬ࿇נऱ፿ଃॾᇆΔڇᜢᖂՂऱ׌૞஁ฆਢΔ፿ଃ᙮ᢜՂհ

٥஡୽᙮෷ ଖऱ೏܅ᄎࣔڶ᧩ऱ஁ܑΖԫ౳ࠐᎅ࣍طسߊᜢሐ

ለՖسऱ९Δسߊאࢬ፿ଃऱ٥஡୽᙮෷ଖᄎֺՖسऱ܅ΖڼڂΔૉ૞ނᙁԵऱ

፿ଃॾᇆ᠏ངګլܑࢤٵፖڣ᤿ऱ፿ଃॾᇆΔঞ٥஡୽୽᙮෷ऱᓳᖞਢؘᏁऱΔլመΔ

૞إנ࠷ޣᒔऱ٥஡୽᙮෷ଖΕ֗ऴ൷ଥޏ،Δࠀլਢ୲࣐ऱࠃΔݺڼڂଚආ࠷ኙ᙮ᢜ

ሒࠩ٥஡୽᙮෷ऱฝ೯Ζאᜍऱ๠෻Δگࢨ୶ۼ܂࿮ץ

ኙ᙮ᢜץ࿮ۼ܂Εᜍ๠෻ԫଡࠏ՗ڕቹ Δቹقࢬ ྽ऱਢ଺ࡨऱ᙮ᢜץ࿮Δח।

ᑇਢࠤ࿮ऱץڼق vs fΔݺ࣠ڕଚኙ᙮ᢜץ࿮گ܂ᜍΔگחڕࠏᜍመऱץ࿮ऱ।ࠤقᑇ
੡ vc f Δח׊ vc f vs f Δঞگᜍऱץ࿮ലڕቹ ٤ຝऱ٥஡ނױ༉ڼڕΔقࢬ

୽᙮෷ຟᓳ܅Ιઌ֘ݺ࣠ڕچଚኙ᙮ᢜץ࿮ۼ܂୶Δۼחڕࠏ୶መऱץ࿮ऱ।ࠤقᑇ੡

ve fΔח׊ ve f vs fΔঞۼ୶ऱץ࿮ലڕቹ ٤ຝऱ٥஡୽᙮ނױ༉ڼڕΔقࢬ

෷ຟᓳ೏Ζ

ቹ 11 ፿ଃ᠏ང࿓ڤհտ૿ 
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፿ଃॾᇆ 
ᙁԵ 

ଃ௃֊໊ ᙮ᢜץ࿮ 
۷ૠ 

᙮ᢜץ࿮ 
 ᜍۼ

ഗ᙮ฝ೯ ॾᇆ 
ૹᄅګٽ

፿ଃॾᇆ 
ᙁנ 

ቹ 12 ፿ଃ᠏ང๠෻հੌ׌࿓ 

଺ࡨհ᙮ᢜץ࿮ ࿮ץᜍհ᙮ᢜگ ࿮ץ୶հ᙮ᢜۼ

ቹ 13 ᙮ᢜץ࿮հگᜍፖۼ୶ 
5.3 ഗ᙮ฝ೯ 

ᓳᖞଃ೏ ऱ೏ױ܅ᨃᜢଃ᠏੡ڞᔲި܅ࢨΔ׽܀ᓳᖞࢤߊ፿ଃऱଃ೏Δࠀլ

౨᠏ངڶࠠנՖࢨࢤ৘࿙ଃۥऱ፿ଃΔڼڂΔૉ૞ނ፿ଃ᠏ངګլܑࢤٵፖڣ᤿ऱ፿

ଃΔঞ٥஡୽᙮෷ऱᓳᖞ Ո༉ਢ᙮ᢜץ࿮ۼᜍऱᓳᖞ ਢؘᏁ܂٣ऱΔྥ৵թ܂ࠐଃ೏

ऱᓳᖞΖ

ᅝݙ܂ ՛ᆏऱ᙮ᢜץ࿮ۼᜍհ৵Δ༉شࠌױᇠ᙮ᢜץ࿮ vc f ृࢨ ve f ࡳ๻ࠐ
ᄅऱᘫं೶ᑇΔ೗๻ؾছଃ௃ऱ଺ࡨഗ᙮ਢ Δۖ෼ڇ૞ނഗ᙮ᓳ೏ࠩ ঞ

௅ᖕױଡ଍᙮ՂऱᘫंΔ،ଚऱ஡༏೏৫ٺഗ᙮ऱڼڇ vc f ൓ΔՈ༉ਢޣࠐ vc
vc vc ຍઌᅝڇ࣍ᄅऱഗ᙮֗ࠡ଍᙮Ղኙ᙮ᢜץ࿮࠷ᑌΔז࠷אش଺٣ऱ

ᘫं᙮෷ࡉ஡༏Δ࿨࣠ᄎ൓ࠩڕቹ ᙮ڶ׽ԫଡᘫंऱ೶ᑇڼڇऱᄅᘫं࿨ዌΖقࢬ

෷ࡉ஡༏ΔݺଚᑉழլشࠌઌۯհᇷಛΖ

ቹ 14 ഗ᙮੡ 250Hzհᘫं࿨ዌ 
5.4 ॾᇆૹᄅګٽ 

ࢬ౨Δפ፹೚፿ଃ᠏ངऱࠐ࿮Δץऱ᙮ᢜנ᙮഑Ղ։࣫ڇଚਢ௅ᖕ፿ଃଃ௃ݺ࣍ط

ᓵ֮ආءΖګٽ፿ଃॾᇆऱૹᄅ܂ࠐ᙮഑೶ᑇ৬ዌऱॾᇆᑓীΔא࠷Ոؘႊආچઌኙא

ᠧଃᑓীףऱॾᇆᑓীਢᘫं࠷ Δ،ਢط

ᐞԱ೏᙮ຝ։ऱەհ؆Δᝫࢤ᙮ຝ։ऱᘫं௽܅ᐞ፿ଃॾᇆᇙەΔೈԱנ༽ࢬ

ᠧଃ௽ࢤΔޓאױאࢬᒔ֊چ༳༽፿ଃॾᇆऱ௽ࢤΖ ᑓী༼ࠎԱԫଡ່Օڶᜢ᙮

෷ ऱೠྒྷֱऄΔנބ հ৵Δ༉ނױԫଡ፿ଃଃ

௃ऱ᙮ᢜ։໊܅ګ᙮ऱᘫंຝ։Εࡉ೏᙮ऱᠧଃຝ։Δڕቹ Ζقࢬ

รח iଡ፿ଃଃ௃ط ՗ᆏנޣࢬऱᘫं೶ᑇਢ i
kf

i
ka k iL i

kf ፖ
i
ka ։
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ܑ।قร kଡᘫंऱ᙮෷ፖ஡༏Ιח٦ร i+ ଡ፿ଃଃ௃ط ՗ᆏנޣࢬऱᘫं೶ᑇ

ਢ i
kf

i
ka k iL ΖڼڕΔᅝ૞ګٽร iࡉร i+ ଃ௃հၴழࠥ tऱᘫࡉ

ॾᇆհᑌء h t ழΔݺଚڕא٣Հֆ܂ڤᒵࢤփ஁Δ
i i

i k k
k k

i i
i k k

k k

f ff t f t k L
N

a aa t a t k L
N

ழࠥ࠷ޣא t ழٺᘫंऱ᙮෷ፖ஡༏Δࠡխ N ।قઌᔣଃ௃հၴऱۯฝᑌءᑇ
ΔLਢ iLࡉ iL ऱለՕृΔڼڂᅝ iL՛࣍ iL ழΔ༉૞ނ i

ka k iL iL ๻੡ሿଖΖ

ྥ৵ΔڕאՀֆڤૠጩ h t Δ
L

k k
k

k k k

h t a t t t N

t t f t

ࠡխ k t ।قร kଡᘫंีᗨࠩழࠥ tழऱઌۯၦΔᣂࡨॣ࣍ଖ k Δݺଚࠡח࿛࣍

ছԫଃ௃ᇙऱ k N Δۖᅝଃ௃ᒳᇆࢤऱຑᥛۯፂ਍ઌঁא i੡ ழ༉א႖ᑇࠐ๻ࡳΔ

؆ڼ ਢ࠷ᑌ෷Ζ

ᣂ࣍ᠧଃ ॾᇆऱګٽΔݺଚආ࠷ ֮᣸Ղ༼ࠩऱԫଡ܂ऄΔ༉ਢނᠧଃ

ᅝ܂ਢ հ৵᙮෷ၴሶࡳࡐ੡ Ε܀஡༏ᄎᙟழၴޏ᧢հԫं࢐ࠄऱ᜔ףΖח

mvf੡ร iࡉร i+ ଃ௃ऱ ऱለՕृΔঞࠉ mvfࡳެױ᙮෷ հՀૻ KL mvf 
ۖࠡՂૻࣔ᧩چਢ KU ΔڼڕΔኙ࣍ร iࡉร i+ ଃ௃հၴழࠥ tऱᠧ

ଃॾᇆᑌء g t ΔݺଚڕאՀֆࠐڤૠጩΔ
KU

k k
k KL

k k

t b t t t N

t t k

ࠡխ kb t ।قழࠥ tழร kଡं࢐ऱ஡༏Δࠡ ଖՈਢאᣊۿֆڤ հᒵࢤփ஁ޣࠐ൓Δ

k t ।قร kଡีं࢐ᗨࠩழࠥ tழऱઌۯၦΔࠡॣࡨଖՈਢא႖ᑇࠐ๻ࡳΖ່৵Δല
h t ፖ g t ઌףΔױܛ൓ࠩழࠥ tऱګٽॾᇆᑌءΖ

5.5 ᦫྒྷኔ᧭ 

੡Աေ۷ݺଚऱ፿ଃ᠏ངߓอऱய౨Δ൷ထ༉ၞ۩׌ᨠऱᦫྒྷေ۷ኔ᧭Ζᦫྒྷऱ፿

றܶץԱڣګՖࢤ࿇ଃऱ ؁଺ࡨ፿؁Δࢤߊڣګࡉ࿇ଃऱ ؁଺ࡨ፿؁ΖࠉᖕՖࢤ଺

ګᜍگ࿮ץ᙮ᢜࡳอၞ۩Աࠟጟ᠏ང๠෻Δรԫጟਢ๻ߓଚݺ፿؁Δࡨ Ε׊ഗ᙮ฝ

೯ࠩ଺ഗ᙮ऱ Δא᠏ངࢤߊנऱ፿ଃΙรԲጟਢ๻ࡳ᙮ᢜץ࿮ۼ୶ګ Ε׊ഗ

᙮ฝ೯ࠩ଺ഗ᙮ऱ Δא᠏ངנ৘࿙ऱ፿ଃΖ׼؆Δࠉᖕࢤߊ଺ࡨ፿؁Δݺଚߓอ

Ոၞ۩Աࠟጟ᠏ང๠෻Δรԫጟਢ๻ࡳ᙮ᢜץ࿮ۼ୶ګ Ε׊ഗ᙮ฝ೯ࠩ଺ഗ᙮ऱ

Δא᠏ངנՖࢤऱ፿ଃΙรԲጟਢ๻ࡳ᙮ᢜץ࿮ۼ୶ګ Ε׊ഗ᙮ฝ೯ࠩ଺ഗ

᙮ऱ Δא᠏ངנ৘࿙ऱ፿ଃΖڼڕΔኙ࣍Ֆࢤߊࡉࢤ଺ࡨ፿؁Δڶٺ ิ᠏ངנ

ऱ፿؁Δ܂ࠎױᦫྒྷေ۷Δຍࠄ፿؁ ଺ࡨऱࡉ᠏ངנऱ Δױൕጻ଄

ႈΔ։ܑਢࠟڶؾေ۷ऱႈڼڇᇢᦫΖࡉՀሉװ

ଃۥᙃᢝ৫Εࡉ፿ଃ঴ᔆΔଃۥᙃᢝ৫࣍ڇေ۷᠏ངࠐנऱ፿ଃଃۥፖؾᑑଃۥऱ൷२
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࿓৫Δۖ፿ଃ঴ᔆ࣍ڇေ۷᠏ངࠐנऱ፿ଃॾᇆᦫದࠐਢܡ堚ᄑ؈ྤ׊టΖ

ଚᝮᓮԱݺ ऱ፿؁נ፿؁֗᠏ངࡨ଺ࢤᦫྒྷေ۷Δଈ٣ਢኙՖ۩ၞࠐृྒྷ࠹ۯ

แᦫृྒྷ࠹ۯᨃԫڻᦫྒྷΔኔ᧭ழԫ܂ ิ፿؁ Ֆࢤ଺ࡨΕࢤߊ᠏ངΕ৘࿙᠏ང Δྥ

৵ᓮהኙຍ ิ፿ٺ؁࿯ԫଡေ։Δေ։ऱᒤ໮່ط೏ ։່ࠩ܅ ։Δ ։ז।ॺൄ

ઌۿ ړ ۖ ։ז।ॺൄլઌۿ ஁Δؚ۟אױ՛ᑇរՀԫۯΖᣂ࣍ଃۥᙃᢝ৫ऱ

ေ۷ΔאՖࢤ፿؁੡ࠏਢᇬംψᦫྒྷଃᚾऱଃࡉۥՖࢤ፿ଃଃۥऱઌۿ৫੡۶ ωΔ۟࣍

ঞਢψᦫྒྷଃᚾऱڤ፿ଃ঴ᔆऱေ۷Δᇬംऱֱ࣍ᣊංΖᣂڼࠉױ፿؁Ε৘࿙፿؁ࢤߊ

፿ଃ঴ᔆਢॺൄړΕཏຏΕࢨॺൄ஁ ωΖᦫྒྷኔ᧭৵Δݺଚല ؓ܂ऱေ։ृྒྷ࠹ۯ

݁Δࢬ൓ࠩऱؓ݁ଖڕቹ ઌᅝ೏ऱᙃڶᙃᢝ৫ֱ૿Δ᠏ངመऱ፿؁ઃۥଃڇΔقࢬ

ᢝ৫Δ׊ࠀৰ൷२଺ࡨ፿ଃऱᙃᢝ৫Δڕቹ ፿ଃ঴ᔆֱ૿Δ᠏ངመऱ৘ڇΙقࢬ

࿙፿ଃᇿ଺ࡨଃᚾऱ፿ଃ঴ᔆֺለ൷२Δ܀Հ૾ԫࠄΔۖ᠏ངመऱࢤߊ፿ଃհ፿ଃ঴ᔆ

ঞપֺ଺ࡨଃᚾऱ܅ ։Ζ

ଚՈᓮຍݺΔ؆׼ ᦫྒྷေ۷Δኔ܂ऱ፿؁נ፿؁֗᠏ངࡨ଺ࢤߊኙࠐृྒྷ࠹ۯ

᧭ழԫڻᨃԫृྒྷ࠹ۯแᦫ ิ፿؁ ᠏ངΕ৘࿙᠏ངࢤΕՖࡨ଺ࢤߊ Δྥ৵ᓮהኙຍ

ิ፿ٺ؁࿯ԫଡေ։Δေ։ֱڕڤছ੄ࢬ૪Ζኔ᧭৵ല Δ݁ؓ܂ऱေ։ृྒྷ࠹ۯ

൓ࠩऱؓ݁։ᑇڕቹ Բृ׼ऱ։ᑇֺۥऱ৘࿙ଃנᙃᢝ৫ֱ૿Δ᠏ངۥଃڇΔقࢬ

ऱ܅ԫࠄΔ଺ڂᚨਢ᙮ᢜץ࿮ۼ୶ֺࠏ լജ೏Δۖࠌ൓ଃۥტᤚቝഏխߊس৘ۖ

ॺ৘࿙Ιڇ፿ଃ঴ᔆֱ૿Δ᠏ངנऱՖࡉࢤ৘࿙፿؁ऱ։ᑇຟֺ଺ࢤߊࡨ፿؁ऱ܅Δۖ

ቹ׊ Կृऱ։ᑇຟ։ֺܑቹ Կृऱ܅Δຍ׏ۿᄆقΔࢤߊ଺ࡨଃ܂፿ଃ᠏ང

൓ऱ፿ଃ঴ᔆᄎֺለ஁Ζࢬ

ଃۥᙃᢝ৫ ፿ଃ঴ᔆ

ቹ  ፿؁հᦫྒྷ࿨࣠ࡨ଺ࢤՖشࠌ  15

ଃۥᙃᢝ৫ ፿ଃ঴ᔆ

ቹ  ፿؁հᦫྒྷ࿨࣠ࡨ଺ࢤߊشࠌ  16

քΕ࿨ᓵ 

ឈྥאᠦཋଙ᙮ᢜࠐሓ२᙮ᢜץ࿮ऱᨠ࢚Δאڣڍছ༉๯༼נԱΔ܀ਢኔᎾኔਜழ

ᄎ૿ᜯࠩԿଡംᠲΔࠡԫਢޣᇞ᡹ࡳऱ᙮ᢜץ࿮ ྤᏣ௺ದٗ ኙᚨऱଙ᙮ᢜএᑇΔຍࢬ

ଡംᠲբطছԳᇞެΔءᓵ֮ঞઔߒԱ׼؆ԲଡംᠲΔܛ ᙮ᢜ୽រਗᙇ ࡉ ᙮෷ၗ֡

৫᠏ང ऱംᠲΖᣂ࣍᙮ᢜ୽រհਗᙇΔݺଚᚨش ऱᨠ࢚Δނ٣᙮ᢜ։໊܅ګ᙮
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ᘫंࡉ೏᙮ᠧଃࠟଡຝ։Δྥ৵܅ڇ᙮ᘫंຝ։ࠉᖕנޣࢬऱഗ᙮ଖװೠྒྷᘫंືរΔ

ᖕԫ౳ࠉ೏᙮ᠧଃຝ։Δঞڇۖ ؓᄶመऱ᙮ᢜڴᒵנބװ೏መڴᒵऱ᙮ᢜ୽

រΖڼ؆Δᣂ࣍᙮෷ၗ֡৫ऱ᠏ངΔ֮᣸Ղឈྥ༼ࠩ ֡৫ࡉ ֡৫Δ܀ਢݺଚ

ൕᨠኘሓ२נऱ᙮ᢜץ࿮ڴᒵΔ࿇෼ ֡৫ࡉ ֡৫ࢬ൓ࠩऱ᙮ᢜץ࿮սྥਢլ

ജ෻უऱΔڇխ᙮൅ ൄൄᄎנ෼ᙑᎄऱ᙮ᢜץ࿮Δݺڼڂଚڇԫ྾ቫᇢ

৵Δ๻ૠԱԫጟ᙮෷ၗऱ֡৫᠏ངֆڤΔྒྷᇢኔ᧭᧩ݺقଚऱ᠏ངֆ܅૾چ᧩ࣔױڤ᙮

ᢜץ࿮ࡉ᙮ᢜ୽រհၴऱሓ२ᎄ஁ΖشࠌՂ૪ऱᇞެֱऄΔݺଚ৬ዌԱԫଡ᙮ᢜץ࿮ऱ

۷ૠਮዌΖ

ߓอΔᇠߓԫଡ፿ଃ᠏ངנ፹೚װ࿮۷ૠհਮዌΔץऱ᙮ᢜנ༽ࢬشଚᚨݺΔ؆ڼ
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電腦輔助句子重組試題編製1 
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國立政治大學 資訊科學系 
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摘要 

句子重組試題要求受測者把所給的一組詞彙組合成特定詞序的正確語句，是語文測驗常

見的試題類型，可以檢驗受測者的句型和文法知識。我們試圖利用文法分析工具，協助

出題教師編製句子重組試題。編製句子重組試題的第一個工作是適當地切割語句，以控

制試題難度；一個好的剖析器就足以提供很好的服務。切割所得的詞彙集合，常常可以

組合成與教師所欲學生回答的正確語句之外的合法語句。透過限制試題詞彙集的相對位

置，我們可以限制學生的答案。我們的研究經驗顯示要自動協助出題教師預示所有可能

的合法詞序卻是一件艱難的工作，而且這一研究問題與語法學有密切關係。本文詳述我

們利用史丹佛剖析器，建構英文句子重組試題編製環境的經驗與實際系統。 
 
關鍵詞：電腦輔助語文教學、文法學習輔助、句子重組練習、連結樹句法 
 

1. 簡介 

語文是人們溝通的基礎，為了避免詞序的使用錯誤以及恰當的使用語言，本文將探討如

何利用軟體技術建構出句子重組試題編製環境，以供學生練習語文的正確詞序之用。 
    句子重組試題是將句子打亂詞序後讓學生重新組合詞序的測驗試題，不過在重新組
合詞序的時候有可能會遭遇到下面的問題。如「今天我被狗咬了。」與「I put a book on 
a table.」這兩句打亂詞序產生句子重組試題之後，學生除了排出原本的句子之外，也可
以排出「今天狗被我咬了。」與「I put a table on a book.」在文法上合法但語意上卻有微
妙差異的同字詞不同詞序組合。 

目前在中文句子重組出題方面，香港宣道會葉紹蔭紀念小學提供的中文科網上學習

網頁[1]裡有中文句子重組的練習題；在英文句子重組出題方面，台灣成德國小提供的英
語檢測練習網頁[2]裡有句子重組的練習題。我們刻意地排出非這兩個系統預設的答案卻
又是合理的句子來測試，結果發現此兩系統均無法辨別其正確性。另外，王昱鈞等學者

[3]也曾提出過句子重組系統，該系統以語境(context)的方式提供了句子重組之線索來引
導學生答出系統預設的答案，不過仍無法避免學生答出預設答案之外的合理句子，同時

也無法辨別這些句子的正確性。考慮到建置所有同字詞不同詞序的答案之成本，本論文

設法尋求其它方法，讓不同的學生都只能排出相同的答案。 
    建置句子重組試題編製環境第一個要面臨到的問題就是如何才能讓不同的學生都只
能排出某些特定的答案。為了稱呼上的方便，原始句子內的詞序如果經過調動，我們就

                                                 
1 本篇論文為符合論文集頁數限制而刪減為 14頁，限於篇幅不能在本文中全面交代相關細節。我們另外
準備了一份較詳細的 25頁版本之論文，公開在 http://www.cs.nccu.edu.tw/~chaolin/papers/rocling_huang.pdf 
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稱詞序調動後的句子為亂序句

(deranged sentences)。若亂序句仍然符
合文法規範的話，這樣的亂序句就稱

為 重 組 句 (scrambled sentences) 。
Becker 等學者[4]是尋找重組句的先
進，他們為了解決在德語上使用「Tree 
Adjoining Grammars」(TAG)[5]分析重
組句時的不足，將 TAG 擴展成

「Multi-Component TAG」與「Free 
Order TAG」來分析與預測可能的重
組句。我們打算將某些字固定在特定

的詞序上，藉此來過濾掉其它合法的同字詞不同詞序之答案(也就是重組句)，而這些被
固定在特定詞序上的字我們就稱為錨字(anchors)。當一個句子在固定某些字的詞序之後，
如果不同的學生只能排出一樣的答案的話，那麼我們的目的就達成了。 
    重組試題編製環境的第二個問題就是如何利用電腦輔助篩選出可能的重組句？我
們將一句 n個字的句子透過「基礎詞組」的幫助把這個句子切割成 m個區塊(n m)，並
藉由這m個區塊排列出m!(m階乘)個句子。然後，經由「史丹佛剖析器」(Stanford Parser)[6]，
從中收集用來剖析(parse)的文法，接著將這些文法提供給利用動態規劃剖析演算法
「Cocke-Younger-Kasami Algorithm」(簡稱 CYK演算法)[7][8]所組建的剖析器，來對這
m!個句子篩選出可能的重組句，這些等待 CYK 剖析器篩選的句子我們就稱為候選句。
篩選的方式則是利用 CYK 剖析器，依據所給定的文法規則，來檢驗所輸入的候選句是
否合乎文法；若候選句可以被完整剖析，就通過篩選，反之則被篩選掉。 
    圖 1為本論文之編製環境架構圖。當教師想要建置句子重組題目時，可以透過我們
所提供的使用者介面輸入想要做為題目的句子，這個被輸入的句子經過基礎詞組切割的

流程後所排列產生出的句子，會和預先收集好的文法一起送入 CYK 剖析器篩選出重組
句，接著透過錨字的決策固定住某些字，最後再存入題庫，供教師編輯或學生練習。 
    我們會在第二節說明基礎詞組的切割並呈現相關數據的分析，然後在第三節簡述我
們收集到的文法和相關實驗的結果，接著在第四節討論錨字決策，再來我們在第五節展

示編製環境提供給教師編輯與學生練習介面，最後第六節則是簡短的結語。 

2. 切割基礎詞組與篩選重組句 

我們在第一小節介紹基礎詞組切割的想法，然後在第二小節提出尋找基礎詞組與合併詞

組的方式，在第三小節簡單介紹如何利用機率分數給亂序句排序，第四小節則是篩選門

檻值與合併詞組的比較實驗。 

2.1 基礎詞組與重組句的關聯 

表 1 是假設教師以(1a)的句子輸入使用者介面做為原始句所產生出的一個重組句範例，
(1a)、(1b)以及(1c)這三句都是重組句。同時仔細觀察這三句，都擁有基礎詞組「good 
students」。我們企圖透過重組句中的基礎詞組，發展出找重組句時較好的方式。 

使用者需求 

使用者介面 

題庫 基礎詞組切割 

CYK剖析器 錨字決策 

收集的文法 

圖 1、編製環境架構圖 
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表 1、簡單的重組句範例 
1a I have never seen such good students. 
1b Such good students I have never seen. 
1c Never have I seen such good students. 

 

 
圖 2、史丹佛剖析器產生的結構樹範例 

    最直覺的做法就是將一串 n個字的英
文句打亂詞序之後重新排列的 n!個句子透
過 CYK 剖析器來篩選可能的重組句。但
打亂詞序之後重新排列產生「10!」個句子，
就表示剖析器就必須處理「10!」(3628800)
個候選句，其總花費的時間或許會令出題教師感到不耐。 
    為解決這樣子的問題，我們觀察到了基礎詞組的一般性概念，即句子中最小的形容
詞片語(adjective phrase，ADJP)、名詞片語(noun phrase，NP)以及介系詞片語(prepositional 
phrase，PP)的結構。在一個句子中可能只有一個基礎詞組，也可能有很多個基礎詞組，
在表 1中(1a)裡的基礎詞組只有「good students」。而在(1a)打亂詞序後，除了可以排成原
本的句子(1a)之外，也可以排成(1b)或是排成(1c)包含「good students」的重組句。但在文
法的規範下，重組句不會出現「Students good such seen never have I.」這種不包含「good 
students」的句子。也就是說，不同的重組句之間詞序的調動並不會把基礎詞組作進一步
的切割。 
    透過這樣的想法，在表 1的(1a)在排列成亂序句時，若將「good students」綁成一個
區塊，CYK 剖析器處理的句子就可從原本的「7!」(5040)句減為「6!」(720)句。藉由這
樣子的方式就能省下不少時間。 

2.2 詞組分析與合併 

我們在 2.2.1 節中探討如何分析句子中的基礎詞組，2.2.2 節則討論當句子經過基礎詞組
切割程序後的區塊數目仍然相當多時，使用合併詞組來處理的程序。 

2.2.1 詞組分析 

我們利用史丹佛剖析器分析試題編輯者輸入的句子，在取得機率分數最高的結構樹後，

再根據該結構樹的內部結構來擷取基礎詞組。 
    圖 2是用史丹佛剖析器分析表 1中的(1a)所得到的機率最高之結構樹結構(詞性標記
的部分請參照[9] Penn Treebank Tags)。為了能夠精確地分析基礎詞組，我們設計了圖 3
的尋找基礎詞組的演算法，用來從結構

樹中分析基礎詞組，並搭配圖 2的結構
樹來說明演算法的程序。首先根據圖 3
演算法的第 4列在圖 2的結構樹中尋找
「ADJP」、「NP」、「PP」的蹤影，而在
圖 2我們找到了第四層的「PP」(假設節
點「ROOT」為第零層)，以及第二層和
第五層的「NP」。但我們要找的「ADJP」、
「NP」、或「PP」其子樹必須為單字層
級，如同圖 3中第 5列所述；然而第四
層的「PP」其左子樹雖為單字層級，右
子樹卻為「NP」的片語層級，也因此第
四層的「PP」並不是我們想尋找的基礎

第零層 
第一層 
 
第二層 
第三層 
 
第四層 
第五層 
 
第六層 
第七層 
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詞組，第二層和第五層的「NP」才符合我們要找的基礎詞組。所以我們就將「I」和「good 
students」視為基礎詞組，並把基礎詞組分別綁在一起產生亂序句。透過這種方式，我們
就可以將表 1中的(1a)切成「I」、「have」、「never」、「seen」、「such」以及「good students」
這六個區塊來產生「6!」個候選句。 

但表 1中的(1a)是一個較簡單的句子，假若輸入一個 10個字的句子，而且這個句子
經過基礎詞組切割的程序之後產生了 8個區塊，就代表我們還是得產生「8!」(40320)個
候選句傳給 CYK 剖析器處理。剖析器要處理的句子越多，所花費的時間越長，同時剖
析句長為 n 的時間複雜度(computational complexity)為 ( 3)。因此我們設計了兩個簡單
的處理方法，試圖減少時間的花費。 

2.2.2 合併詞組 

若是句子經過基礎詞組切割後的區塊數仍很多的話，則用合併詞組來處理。我們從結構

樹中最深的葉節點(leaf node)開始合併，直至亂序句降到理想的範圍內。 
 本論文合併詞組的方式是取由下而上(bottom up)的方式來實作。我們首先尋找結構
樹中深度(depth)最深的詞組，接著再將該詞組向上拉高一層來合併，如果區塊還很多，
就重複「尋找」和「合併」的動作，直至區塊數 m降到理想的範圍內。我們用圖 2的結
構樹和圖 3的演算法找到的基礎詞組，以及圖 4合併詞組的演算法來說明這樣的方式。 

01 輸入：英文句 E={ 1 }及其結構樹 T。 
02 輸出：英文句 E 中的所有基礎詞組。 
03 程序： 
04 在 T中尋找所有的 ADJP、NP以及 PP。 
05 如果某個 ADJP、NP或 PP在 T中的子節點為 E 中的單字層級， 
06  那麼就將這個 ADJP、NP或 PP視為基礎詞組。 

圖 3、尋找基礎詞組的演算法 

 

圖 4、合併詞組的演算法 

 
 

01 輸入：英文句 E={ 1 }與其結構樹 T，英文句 E 的基礎詞組集合 
K={ 1 }，以及英文句 E 經過基礎詞組分析後切割出的 
區塊數 m，y m n。 

02 輸出：集合 K 
03 宣告： 
04 令 K 中最深的詞組為 。 
05 令 near為與 同子樹且互為兄弟節點的相鄰詞組或英文字，|near| 2。 
06 隨機函數 R：隨機取出集合中的某個元素，每個元素被取出的機會相等。 
07 參數：u，u為理想的範圍。 
08 程序： 
09 當 m u時，則重複以下步驟： 
10  如果集合 K 中最深的詞組不只一個， 
11   則透過 R從這些同是最深的詞組集合中選一個設為 。 
12  在 K 中移去 。 
13  將 與此 的 near合併成新詞組， 
14   但若是此 的|near|等於 2， 
15    則透過 R從此 的 near集合中選一個與 合併成新詞組。 
16  將合併後的新詞組加入 K 中。 
17  區塊數 m減 1。 
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 首先從圖 3 輸出的基礎詞組中尋找最深的詞組，在圖 2 的結構樹中即是(NP(JJ 
good)(NNS students))，接著將此詞組與其 near合併來達到縮減區塊數 m，以求將 m降到
合理的範圍內。在圖 4中，這個合理的範圍被參數化為第 7列的 u；而 near則被描述在
第 5列，指的是與最深的詞組 同子樹且互為兄弟節點的鄰接詞組或英文字，同時因為

與 鄰接的位置只有 的左相鄰與右相鄰兩個位置，所以第 5列也明列出|near| 2。我
們透過第 9列到第 17列的迴圈來重複從詞組集合 K 中尋找最深的詞組 ，以及將最深

詞組 和此 的 near合併，最後，當區塊數 m降到理想目標，則將集合 K 做為輸出。 
    在這個迴圈裡面，第 13 列會將最深詞組 及同子樹且互為兄弟節點的鄰接詞組或

英文字(即此 的 near)來合併，以在圖 2中最深的詞組(NP(JJ good)(NNS students))來說，
找到的 near就是(JJ such)，於是就合併成(PP(JJ such) (NP(JJ good)(NNS students)))，並在
第 16列加入詞組集合 K中，做為下一次尋找最深詞組的候選人。這樣就可以把「such good 
students」綁在一起，如此一來變成「I」、「have」、「never」、「seen」以及「such good students」
五個區塊，產生「5!」的候選句。 
 另外，有兩個問題的處理原則是必須額外交代的。第一個問題是當合併區塊時，若

同時有多個基礎詞組在結構樹中都是最深的，那應該挑選何者來合併。第二個問題則是

我們設定的區塊數並不是每一個結構樹都能找到剛好的切分點來符合我們的要求。 
第一個問題可能沒有標準的答案，我們是透過一個隨機函數 R來從多個最深的詞組

中挑選一個。這個 R被描述在圖 4中的第 6列，每個詞組被取出的機會均等。隨機的機
制則在圖 4中的第 10到 11列中說明。 

而第二個問題目前也沒有標準答案，也是由隨機函數 R來決定哪兩個相鄰的區塊要
做合併的動作。以三個連續區塊 A、B和 C來說，我們先用解決第一個問題使用的隨機
機制挑選其中一個最深的區塊，如果挑到 A 或 C 就沒有合併的困擾，因為此時兩者的
near均為區塊 B(即|near|等於 1)，無論挑到哪個都只能和 B合併。但若挑到區塊 B的話，
便有 A和 C(|near|等於 2)，這是又引出了隨機的機制，進入第 15列用隨機函數 R來選擇
要合併的是哪個區塊。 
    我們在此試圖用((green)(and)(pink))這個小結構來說明合併成兩個區塊時，上述兩個
問題的實際情況。首先「green」、「and」和「pink」都是最深的詞組，那麼我們就隨機選
擇一個來合併；若是隨機選到「green」或「pink」都只能和「and」合併產生「『green and』、
『pink』」或「『green』、『and pink』」；而若是隨機選到「and」的話則可再隨機選擇與「green」
或「pink」合併，產生「『green and』、『pink』」或「『green』、『and pink』」。 

2.3利用機率分數篩選重組句 

當史丹佛剖析器處於「probabilistic context-free grammar」(簡稱 PCFG；也稱為 stochastic 
context-free grammar，SCFG)[7][8]的模組下，當輸入一個句子後，就可以操作參數來產
生出許多該句的可能結構樹結構，同時每個結構樹都帶有一個機率分數，該機率分數代

表著句子被剖析為對應的結構樹之機率有多少。 

    我們利用結構樹機率分數越高，合法句的機會也越高的想像，將切割後的區塊所產
生的亂序句輸入史丹佛剖析器，擷取每句亂序句中最高的機率分數，同時依此機率分數

將亂序句排名。相關的實驗我們將在 2.4.1節中提出。 
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表 2、實驗資料區塊切分 
 4區塊 5區塊 6區塊 7區塊 8區塊 

7字 7句 9句 13句 7句 0句 
8字 1句 9句 7句 11句 7句 
9字 0句 1句 10句 11句 7句 

 

 

圖 5、排名門檻總失誤率的實驗數據 
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2.4篩選門檻值與合併詞組的實驗 

我們在 2.4節中進行比較實驗。2.4.1節探討機率分數排名的門檻值，2.4.2節分析合併詞
組後產生的亂序句是否能涵蓋重組句，2.4.3節則是篩選門檻值與合併詞組的綜合實驗。 

2.4.1 篩選門檻值的比較實驗 

此節是用基礎詞組切割的區塊產生出

所有的亂序句之後，利用史丹佛剖析

器所給的機率分數，把亂序句排名次

然後再用門檻取出特定數量的亂序句

做為候選句，藉此降低 CYK 剖析器
花費在篩選的時間。 

我們進行了一個排名門檻的實驗。實

驗對象是 100個從網路上隨機擷取的句子，
當中包含了 36個 7字句、35個 8字句、
以及 29個 9字句，並對這些句子用基礎詞
組的方式切割，形成 4、5、6、7、8五種
區塊類別，如表 2所示。表 2裡第二列第
四行的「13句」表示「有 13句 7個字的
句子被切分成 6個區塊」，其他依此類推。
我們也用人工的方式盡可能地尋找這 100句的重組句，並對重組句組用史丹佛剖析器的
機率分數做排名百分比後，進行門檻值的分析。 

圖 5即為排名門檻的實驗數據，橫軸代表著我們取句子產生的亂序句中「前 10%」、…、
「前 70%」來篩選的門檻值，縱軸則是以「255句重組句」為分母，「未在門檻內的重組
句數」為分子的總失誤率。這 100個重組句組一共有 255句，因此當門檻值為「0%」，
在圖 5中會對應到有 255個重組句不在我們所取的門檻內；而當我們的門檻值設為「70%」
的時候，則可以將 255句全部囊括進來。 

雖然取「70%」為門檻值是個穩定作法，但 7區塊句子有 5040個亂數句，取「70%」
的句數(3528 句)對於 CYK 剖析器來說是一個不小的篩選數量。或許可以嘗試用較低的
門檻值來篩選。若以總失誤率來看的話，將門檻值設為「20%」失誤率有 9.8%，設在「30%」、
「40%」的話失誤率則有 5.9%、3.9%。 

雖然將門檻值由「70%」改為較低的門檻值會有失誤率的風險存在，但卻可以爭取
到計算時間上的效益。也就是說門檻值的選定並沒有絕對的標準，而是可以有彈性變化

的。 

2.4.2 合併詞組的比較實驗 

我們利用表 2 中第四列第六行的那 7 組重組句組(參見附錄二)做為實驗語料，分析合併
詞組後產生的亂序句是否能涵蓋重組句。 
    我們將 7組重組句組裡的 7句原始句使用圖 4提到的演算法從 8個區塊分別合併成
7、6、5 和 4 個區塊的句子，接著再以這些句子各自產生亂序句。實驗目的在分析這些
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表 4、綜合實驗數據 

 

合併區塊數 

7 6 5 4 

排名 排名百分比 排名 排名百分比 排名 排名百分比 排名 排名百分比 

1.1 468 9.29 69 9.58 16 13.33 2 8.33 

1.2 208 4.13 37 5.14 8 6.67 F F 

2.1 19 0.38 2 0.28 1 0.83 1 4.17 

2.2 7 0.14 F F F F F F 
2.3 486 9.64 78 10.83 15 12.5 6 25 

2.4 487 9.66 F F F F F F 
3.1 2 0.04 2 0.28 2 1.67 2 8.33 

3.2 3 0.06 3 0.42 3 2.5 3 12.5 

3.3 965 19.15 F F F F F F 
4.1 3 0.06 1 0.14 1 0.83 1 4.17 

4.2 12 0.24 10 1.39 2 1.67 F F 
5.1 3 0.06 2 0.28 1 0.83 1 4.17 

5.2 64 1.27 40 5.56 16 13.33 6 25 

6.1 312 6.19 79 10.97 37 30.83 6 25 

6.2 163 3.23 37 5.14 23 19.17 F F 
6.3 1272 25.24 248 34.45 78 65 15 62.5 

7.1 97 1.92 27 3.75 6 5 1 4.17 

7.2 98 1.94 28 3.89 F F F F 
7.3 605 12.00 F F F F F F 

 

表 3、合併詞組實驗 

 
合併區塊數 
7 6 5 4 

1.1 T T T T 
1.2 T T T F 
2.1 T T T T 
2.2 T F F F 
2.3 T T T T 
2.4 T F F F 
3.1 T T T T 
3.2 T T T T 
3.3 T F F F 
4.1 T T T T 
4.2 T T T F 
5.1 T T T T 
5.2 T T T T 
6.1 T T T T 
6.2 T T T F 
6.3 T T T T 
7.1 T T T T 
7.2 T T F F 
7.3 T F F F 

 

各自產生的亂序句是否能涵蓋重組句，如果包含指定的重組句的話，則標記「T」；反之
則標記「F」。實驗數據如表 3，最上面的「7」、「6」、「5」和「4」即為將原始句合併成
7、6、5和 4個區塊數來產生亂序句。 
    從表 3中可以看到，當區塊數目越合併越少的時候，所產生的亂序句能夠涵蓋的重
組句也就越來越少。因此當我們在圖 4中考慮將區塊數m降到合理的範圍 u時，也和 2.4.1
節的門檻值一樣，是可以有彈性變化的。 

2.4.3 篩選門檻值與合併詞組的綜合實驗 

我們把表 3中 7、6、5和 4個區塊各自產生的亂序句，再用史丹佛剖析器產生這些亂序
句的機率排名，並使用 2.4.1節討論的門檻值來分析是否能涵蓋重組句。 
    表 4即為篩選門檻值與合併詞組的綜合實驗數據。表 4中「合併區塊數」下方的「7」、
「6」、「5」和「4」與表 3的意義相同；「排名」表示該重組句在所屬的亂序句中的機率
分數排名；「排名百分比」則是該重組句在所屬的機率分數排名中的百分比。由於表 4
是承接表 3 所進行的實驗，因此表 3 裡「F」代表沒有被涵蓋在亂序句中的重組句，在
表 4裡也不會有機率分數，所以也用「F」表示無法排名。 
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圖 6、文法規則的統計資料 
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圖 7、所費時間之數據 
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    如果機率分數的門檻值設在「30%」與「40%」的話，這 19個重組句在「7」、「6」、
「5」和「4」個區塊數所對應的總失誤率(表 4標記為「F」的也算失誤)為 0%、26.3%、
36.8%和 47.4%，以及 0%、21.1%、31.6%和 47.4%。這樣子的結果顯示出區塊數與門檻
值稍高，總失誤率就能夠稍微降低，但要付出的代價則是 CYK 剖析器從候選句中篩選
出可能的重組句之花費時間。 

3. 文法分析 

由於 CYK 剖析器需要文法來篩選亂序句，但我們缺乏現成的文法規則資料，於是想到
了利用語料來獲取文法規則。我們在第一小節說明如何從史丹佛剖析器收集文法，接著

在第二小節提報相關實驗的結果。 

3.1 文法萃取 

我們隨機從網路中收集七千多句國中英文課本的相關例句做為語料，並將這些語料傳入

史丹佛剖析器做結構樹的分析。接著從分析出來的結構樹中統計出現的文法規則，再將

這些規則做為 CYK剖析器的文法輸入。 
當我們在史丹佛剖析器中輸入表 1 中的(1a)時，就可以獲得圖 2 這個最高機率的結

構樹。這個結構樹除了葉節點之外的內部節點分支其實都是一組文法規則，如第二層的

內部節點「VP」擁有「VBP」、「ADVP」以及「VP」三個子節點，那麼就表示在這邊使
用到了「VP → VBP ADVP VP」這樣子的文法規則來進行剖析。 
 我們對這七千多句的每一句的結構樹都做這樣子的分析，並做出一個統計資料，如

圖 6。圖 6 的橫軸是我們統計相同文法規則出現的次數之後取其對數的值，縱軸則是出
現一樣次數的不同文法規則之條數。

在這個數據中總共有 985條文法規則，
出現次數最多的前四名從第一名開始

依序是 4450次的「NP → PRP」、4329
次的「S → NP VP」、3079次的「NP 
→ DT NN」以及 2415次的「PP → IN 
NP」。 
    第一名的文法說明了其相關例句
不外乎圍繞在與人稱代名詞相關的句

子，如「I love you.」等等之類的句子；
第二名的文法則點出了這些例句是以

直述句居多；第三、第四名則是告訴

了我們簡單的名詞片語以及介系詞片

語也是常出現於這些例句，如「an 
apple」、「in the morning」等等。另外
我也可從圖 6中得知大多數的規則都
出現很少次，實際上真正常被拿來做

剖析的文法只有 985條中的一小部份
而已。 
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我們在一部使用 2GB的 RAM和Windows XP的 Pentium 4 2.68G機器上做了一個簡
單的時間實驗，該實驗是在 CYK 剖析器使用上述的 985 條文法規則下，在網路上隨機
找了 5個字、6個字的 100個句子，並將 5個字切成 5個區塊、6個字切成 5和 6兩種區
塊產生亂序句，再把它們匯入 CYK剖析器記錄所需時間。實驗目的在探討 CYK對於同
句數不同字數及同字數不同句數的篩選時間。圖 7是這 200句資料跑的三組實驗所得的
花費時間之內部情況，縱軸是 CYK 篩選產生的亂序句時所花的時間，橫軸則是依照篩
選每句產生的亂序句總花費時間由小到大排序。 

我們從圖 7的記錄中可以計算出 CYK剖析器篩選 5字 5區塊、6字 5區塊以及 6字
6區塊的平均時間分別為 6.4秒、24.3秒及 72.3秒。雖然同樣都是切 5區塊，但 6個字
的平均篩選時間是高於 5個字的，可得知字數越多則所需時間越多。再來看到 6字 5區
塊、6字 6區塊的篩選時間，可得知句數越多則所需時間越多。 

值得注意的是，6 字 6 區塊的折線在最後的部份開始急速上升，這個奇怪的部份我
們試著用以下的例子來說明。假設文法集中有很多規則，當中有四條規則為「A → a c」、
「B → a c」、「C → a c」、「D → a c」，同時我們有 3個字的原始句「a b c」。如果將「a 
b c」切成 2個區塊來產生候選句，無論什麼情形都不會引入上述的四條規則來剖析。然
而當我們將「a b c」切成「a」「b」「c」這 3個區塊來產生候選句時，就會出現「bac」
和「acb」的組合，此時就會引入上述四條規則，所花費的時間也就可能以倍數成長了。
我們推測圖 7中 6字 6區塊的折線在最後急速上升的部份和上面例子的 3字 3區塊情況
類似，是由文法集本身的規則所產生的時間倍數成長，如在我們所萃取的文法集當中的

「NP VP」就有「SQ → NP VP」、「NP → NP VP」與「S → NP VP」這三條規則。 
由以上我們對時間實驗數據的討論可知，句子字數越多、切分的區塊越多，那麼所

花時間也會越長，同時與文法集的規則數也有關。 

3.2 文法集分析 

我們將 985條文法規則分別取不同的範圍進行實驗，藉此比較不同範圍的文法集對 CYK
剖析器判斷重組句時的影響。 
    我們可以試著去想像，當文法的數目相當龐大複雜的時候，即使是亂組的亂序句，
都有可能找到剛剛好的文法來剖析(這樣的問題在計算語言學裡面稱為「overgeneration」
[10])，使得 CYK 剖析器誤判為重組句；又或者，當文法數目相當稀少的時候，即使是
教師透過使用者介面輸入的原始句，都有可能找不到合適的文法來剖析，該原始句也會

被 CYK剖析器誤判成不合法。前述第一種情況，將導致 CYK剖析器在過濾可能的重組
句時太過寬鬆，使得我們必須產生較多的錨字(錨字的選擇問題將會在第四節仔細說明)，
最後影響到的就是句子重組試題的效果。試想，如果一個句子重組試題有 n個字，而我
們固定住了 n-1 個字，這樣子的句子重組試題完全沒有意義。而第二種情況，則將導致
CYK 剖析器在過濾可能的重組句時太過嚴苛，使得最後甚至沒有任何亂序句能通過篩
選。 
    我們對於這些通過篩選的亂序句中是否含有重組句，以及在面對真實生活中的句子
時文法是否能夠篩選出可能的重組句感到興趣。於是從生活週遭的對話，以及網路文章

中隨機挑選出來九個句子做為測試語料，同時也用人工的方式找出每一個句子可能的重

組句(參見附錄一)。實驗數據如表 5。表 5 中的「n」、「m」代表這個句子是 n 個字的句
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表 5、測試通過篩選的亂序句中是否含有重組句的實驗數據 

 n m 
前 150條 前 300條 前 450條 全部 985條 

通過句數 包含在內 通過句數 包含在內 通過句數 包含在內 通過句數 包含在內 

1.1 
8 6 32 4% 

T 
78 11% 

T 
96 13% 

T 
240 33% 

T 

1.2 T T T T 

2.1 

6 6 120 17% 

T 

120 17% 

T 

120 17% 

T 

120 17% 

T 

2.2 F F F F 

2.3 T T T T 

2.4 T T T T 

3.1 

6 5 48 40% 

T 

48 40% 

T 

48 40% 

T 

72 60% 

T 

3.2 T T T T 

3.3 T T T T 

3.4 T T T T 

4.1 

6 4 6 25% 

T 

6 25% 

T 

6 25% 

T 

6 25% 

T 

4.2 F F F F 

4.3 F F F F 

5.1 

7 6 120 17% 

T 

120 17% 

T 

120 17% 

T 

120 17% 

T 

5.2 F F F F 

5.3 F F F F 

6.1 
7 5 0 0% 

F 
0 0% 

F 
0 0% 

F 
0 0% 

F 

6.2 F F F F 

7.1 
7 6 192 27% 

T 
192 27% 

T 
240 33% 

T 
240 33% 

T 

7.2 F F F F 

8.1 
8 5 12 10% 

T 
18 15% 

T 
24 20% 

T 
24 20% 

T 

8.2 F F F F 

9.1 
6 6 33 5% 

T 
120 17% 

T 
120 17% 

T 
120 17% 

T 

9.2 F F F F 

 子且以基礎詞組方式切割成 m 個區塊來產生亂序句。左邊最上面的「1.1」與「1.2」代
表除了原始句「1.1」之外，我們還用人工的方式找到了另外一句重組句「1.2」；同理，「2.1」、
「2.2」、「2.3」以及「2.4」依此類推。而「前 150 條」 「全部 985 條」代表的是文法
規則集中出現次數最高的前多少條文法規則。「通過句數」代表該限制的文法規則集下原

始句產生的 m!個亂序句中到底有多少個能通過 CYK剖析器的篩選；其下的左欄位是通
過句數的實際句數，右欄位則是實際句數在 m!個亂序句當中所佔的比例。「包含在內」
代表這些通過 CYK剖析器篩選的亂序句中，是否包含了這一個重組句；若是包含在內，
則標記「T」，反之則標記為「F」。透過表 5中的數據，我們做出了以下的推論與探討。 
    在這九組中，有某些句子即使放鬆了限制，通過 CYK 剖析器篩選的亂序句也不會
增加。如第 8組的重組句組，該句組的文法規則限制由「前 150條」放鬆到「前 450條」
時，通過篩選的亂序句的確是增加的；但是再放鬆到「全部 985條」時，數字卻維持在
「前 450條」時的 24句。此現象驗證了我們在討論圖 6時所論述的「常被拿來做剖析的
文法，實際上只有 985條中的一小部份而已」。 
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接著我們在表 5 中看到了一個特例，即第 6 句組。這句組相當奇特，不僅僅是 6.2
的重組句，連做為原始句的 6.1都沒辦法通過篩選。原始資料顯示，6.1並非是一個簡單
的人稱代名詞(如：「I」、「you」……等等)做為主詞的句子。而國中程度的英文句大部份
都是以簡單的名詞片語或人稱代名詞為主詞的句子較多，這點也可以從被 CYK 篩選過
後的原始資料中發現，以人稱代名詞做為主詞開頭的句子，即使是不合法的亂序句，就

算將文法規則限制在「前 150條」，這些不合法的句子也可以通過篩選。所以當我們將超
過國中英語課本難度之外的句子輸入時，就會被 CYK剖析器擋下來而無法通過篩選。 

4. 錨字決策 

錨字決策即是在最少錨字的限制下，讓通過 CYK 剖析器篩選的亂序句中只有某些句子
能夠符合該錨字限制的決策，並藉此滿足教師只要學生排出特定答案的要求。本節提出

一個簡單的演算法來說明處理一道試題只有一個唯一答案的情形。 
    從表 1 的三個英文句來說，如果我們限制第二個字只能填入「have」的話，那麼就
還要再限制其它詞序的字才能把這三句過濾到只剩下一句，因為(1a)和(1c)會共同來競爭
「第二個字只能填入『have』」這個條件；但是如果我們一開始就決定第三個字只能填入
「never」的話，那麼能夠被排出來的句子就只剩(1a)這一句，同時我們的目的也就達成
了。 
    由於教師從使用者介面輸入句子時，是希望獲得該句的句子重組試題，所以我們將
教師輸入的原始句做為目標句來產生亂序句。圖8是我們用來決定錨字的演算法。從CYK
剖析器得到通過篩選的亂序句之後，就可以從這些亂序句中去統計原始句裡的字在原來

位置出現的句數；為了往後說明上的方便，我們稱這樣子得到的句數為對位數。圖 8中
第 9 列就選取了對位數最少的非錨字(即不是錨字的字)固定詞序做為錨字，並在集合 S
中留下其它和原始句在相同位置上有錨字的亂序句(圖 8中第 13列)，同時在集合 S中刪
去其他的亂序句。如果|S|大於 1的話，那麼就重複執行第 8列到第 13列的步驟，直到這
些亂序句被過濾後只剩下原始句。 
    如果教師從使用者介面輸入表 1中的(1a)，同時假設通過 CYK剖析器篩選的亂序句
剛好也只有(1a)、(1b)和(1c)這三句的話，那麼此時圖 8 中|S|即等於 3，依照演算法的步

01 輸入：經過 CYK剖析器篩選後的亂序句集合 S={ 1 }， 
e為亂序句之數目。 

02 輸出：集合 A 
03 宣告： 
04 隨機函數 R：隨機取出集合中的某個元素，每個元素被取出的機會相等。 
05 輸出的錨字集合 A = {} 
06 程序： 
07 當|S|大於 1時，則重複以下步驟： 
08  對所有亂序句中的每一句計算原始句裡每個字的對位數。 
09  選擇原始句中擁有最小對位數的非錨字作為錨字。 
10   但若是擁有最小對位數的非錨字不只一個， 
11    則用隨機函數 R從這些擁有最小對位數的非錨字所成的 

集合中挑選一個做為錨字。 
12  將錨字加入集合 A。 
13  在 S中留下擁有錨字的亂序句，刪除其他的亂序句。 

圖 8、決定錨字的演算法 
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圖 9、編輯介面 

 

圖 10、挑選答案介面 

驟計算，得到原始句中「I」的對位數為 1，「have」的對位數為 2，「never」的對位數為
1，「seen」的對位數為 2，「such」的對位數為 2，「good」的對位數為 2，「students」的
對位數為2。然後依據程序在擁有最小對位數的非錨字中隨機選取一個字(假設選到「I」)，
並把原始句第一個字「I」設為錨字。而當「I」被取為錨字之後，亂序句就只剩下原始
句(1a)，此時|S|等於 1，程序就結束了。所以我們得到了錨字「I」的輸出。 
 此外，當我們尋找擁有最小對位數的非錨字時，如果擁有最小對位數的非錨字不只

一個的話，那麼演算法將會在這些同是擁有最小對位數的非錨字中隨機選取一個字做為

錨字。這個隨機的機制是透過一個被描述在圖 8中第 4列的隨機函數 R來完成，相關的
程序則在圖 8中第 10到 11列。實際的例子則可以看到上述我們假設選到「I」做為錨字
時，其實「never」也是錨字的候選人之一，因為這兩個字的對位數同時都是最小的 1。 

5. 使用者介面 

我們分別為教師、學生製作了不同的

使用者介面。教師介面為試題編輯主

選單，選單中可以建立新的題目，或

編輯、刪除已有題目。而學生介面為

試題練習主選單，選單中可以選擇已

經建立好的題目來練習。 

5.1 編輯介面 

圖 9是試題編製環境的實際編輯介面，
第一個和第四個白色的文字編輯欄位

允許教師填入語境線索以提供給學生

做為重組句子時的參考，王昱鈞等學

者[3]也認為這種語境誘答設計的想
法是有其價值的。第二個和第三個欄

位則是填入題目的內容以及要測驗的

句子。 
    在圖 9的最下方有三個功能性按
鍵，分別是「自動完成編輯」、「手動

完成編輯」、以及「放棄編輯」。當教

師把四個欄位都填完後，可透過「自

動完成編輯」讓此編製環境透過前面

章節介紹的程序自動地選取錨字，使

得學生在練習時只能排出測驗的句子；

也可透過「手動完成編輯」，讓教師自

己從通過 CYK 剖析器篩選的亂序句
中挑選滿意的重組句做為答案，以保

持學生答題時的自由度。 
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圖 11、練習介面 

    圖 10即為按下「手動完成編輯」後的挑選介面，教師可在介面中選取想要的答案，
也可以直接在圖 10下方白色的文字編輯欄位中輸入答案。圖 9最右上角的按鍵是「刪除
題目」，可以用這個按鍵將編輯介面中的題目從題庫中刪除。圖9最右下角是「放棄編輯」，
按下此鍵即不做任何更動並返回試題編輯主選單。 

5.2 練習介面 

當我們以學生的身分登入

後，就會進入試題練習主

選單。圖 11的學生練習介
面分為最上面的「說明區」、

中間的「作答區」和最下

面的「解答區」三個主區

塊。說明區是負責學生導

覽的工作，藉由上面文字

的說明來引導學生操作，

同時該區還有一個「開始

測驗」按鍵，按下該鍵後

介面就會出現題目。 
作答區中則包含了五

個子區塊。教師之前在圖

9 的第一個和第四個欄位
所填入的語境提示內容，

就會出現在圖 11作答區裡的第一個和第五個子區塊。我們希望透過前後文語境的提示，
能夠帶給學生多一些解題的直覺。第二個子區塊則是放置題目的位置。要測驗的句子則

在隨機打亂後放置在第三個子區塊中等著學生來挑選；錨字則是以淡灰色的字體顏色出

現在第四個子區塊裡，同時無法透過「左移」或「右移」按鍵來移動錨字。 
    當學生從第三個子區塊中挑選某個字之後，該字會出現在第四個子區塊裡，並可用
「左移」或「右移」按鍵來改變位置。我們在作答區中還設置了「提示答案」按鍵，若

是學生對於題目不知從何下手，按下此鍵後介面就會在原始句裡面隨機挑選一個正確詞

序的字來提示學生。最後的解答區則是比對題目的答案和學生排出的答案是否一致的地

方，學生在這裡可以按下「結束測驗」返回試題練習主選單，或是按下「重新出題」繼

續練習句子重組試題。 

6. 結語 

本篇論文報告了我們如何建構一個電腦輔助句子重組試題編製環境來幫助語言學習者掌

握使用語言的能力。我們從產生可能的重組句出發，並嘗試用錨字的方式來解決以人工

方式建置所有重組句成本過高的問題。透過相關的實驗數據分析，本編製環境的文法規

則在處理國中程度的初學者入門句子時可能會稍微好些。 
    我們在實驗中看到了本編製環境的文法規則處理進階句子時所面臨的問題，因此未
來會逐漸試著在國中英文課本相關的語料之外，收集其它較進階、或是現實生活中報紙
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雜誌內文章的句子，來改善本編製環境文法規則的情況；又或者可以從剖析器的正確性

著手，來探討文法規則剖析時的相關情況。同時未來在時間與精力的許可下，也會將本

編製環境提供給教師與學生使用，並以問卷收集相關的數據來評估本編製環境的輔助效

果。 
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附錄一 

1.1 She can neither sing well nor dance beautifully. 
1.2 She can neither dance beautifully nor sing well. 
2.1 They are sometimes late for work. 
2.2 Sometimes they are late for work. 
2.3 They are late for work sometimes. 
2.4 They sometimes are late for work. 
3.1 Only I saw the cake yesterday. 
3.2 I only saw the cake yesterday. 
3.3 I saw only the cake yesterday. 
3.4 I saw the cake only yesterday 
4.1 Solemnly the minister addressed her congregation. 
4.2 The minister solemnly addressed her congregation. 

4.3 The minister addressed her congregation solemnly. 
5.1 I have never seen such good students. 
5.2 Such good students I have never seen. 
5.3 Never have I seen such good students. 
6.1 One of my favorite hobbies is reading. 
6.2 Reading is one of my favorite hobbies. 
7.1 He goes to the library every Sunday. 
7.2 Every Sunday he goes to the library. 
8.1 The hotel is next to a movie theater. 
8.2 A movie theater is next to the hotel. 
9.1 I can agree in neither case. 
9.2 In neither case can I agree

附錄二 

1.1 Fashion goes hand in hand with compassion for life. 
1.2 Compassion for life goes hand in hand with fashion. 
2.1 Girls are born with more sensitive hearing than boys. 
2.2 Boys are born with more sensitive hearing than girls. 
2.3 Born with more sensitive hearing than boys are girls. 
2.4 Born with more sensitive hearing than girls are boys. 
3.1 Boys and girls should be educated in different ways. 
3.2 Girls and boys should be educated in different ways. 
3.3 In different ways should boys and girls be educated. 
4.1 Neither he nor I want to attend the meeting. 

4.2 Neither I nor he wants to attend the meeting. 
5.1 He finally passed the exam because he studied hard. 
5.2 Because he studied hard he finally passed the exam. 
6.1 Here is some good food for you to try. 
6.2 Here some good food is for you to try. 
6.3 Here some good food for you to try is. 
7.1 A brown and white dog is at your doorsteps. 
7.2 A white and brown dog is at your doorsteps. 
7.3 At your doorsteps is a brown and white dog
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陳柏琳  Berlin Chen 
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Department of Computer Science and Information Engineering 
National Taiwan Normal University 

berlin@ntnu.edu.tw 

摘要 

本論文研究使用主題資訊之語言模型(Language Model)。當語言模型用於大詞彙連續語
音辨識時，其主要的任務是藉由已解碼歷史詞序列資訊來預測下一個候選詞出現的可能

性。傳統的 N連(N-gram)語言模型容易受限於模型參數過多的問題，僅能用來擷取短距
離的詞彙接連資訊，並不能考慮完整的歷史詞序列之語意資訊。因此，近十幾年來許多

研究學者陸續提出各式主題模型(Topic Model)，包括討論文件與詞之關係的機率式潛藏
語意分析(Probabilistic Latent Semantic Analysis, PLSA)和潛藏狄利克里分配(Latent 
Dirichlet Allocation, LDA)，以及討論詞虛擬文件與詞關係的詞主題模型(Word Topic 
Model, WTM)。這些模型主要都是透過一組潛藏的主題機率分布來描述文件與詞、或者
詞虛擬文件與詞之間的關係，用以擷取出歷史詞序列長距離的潛藏語意資訊。本論文提

出一種新的主題模型，稱之為詞相鄰模型(Word Vicinity Model, WVM)，它直接地基於
語言中詞與詞相互關聯資訊以建構一個機率式的潛藏主題空間，並且透過線性模型結合

的方式建立歷史詞序列之主題模型來預測下一個候選詞出現的可能性，藉此輔助傳統 N
連語言模型。實驗結果顯示本論文所提出的詞相鄰模型不僅相較大部分主題模型具有較

低的模型參數量，同時能對於僅使用三連語言模型的基礎大詞彙連續語音辨識系統也有

相當程度的語音辨識率提升。 

 
關鍵詞：主題模型、機率式潛藏語意分析、潛藏狄利克里分配、詞主題模型、詞相鄰模

型、大詞彙連續語音辨識。 
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一、緒論  

  語言是人與人之間最自然且有效率的溝通方式，不需透過其他的手勢或是動作，就

可以讓對方了解我們想要表達的意思。正因為如此，長久以來我們希望能讓機器聽懂人

類的語言、直接與人類對話溝通，開啟了語音辨識的研究。在進行語音辨識時，我們以

人類發聲的特性以及考量人耳聽覺感知為基礎，將數位語音訊號轉換成易於電腦處理的

聲學特徵向量(Acoustic Feature Vector)序列。接著，利用機率模型對於所收集到的訓練
語音聲學特徵向量建立起聲學模型(Acoustic Model)藉此在測試階段比對測試語句聲之
學特徵向量序列，判斷語句中所有可能的音素或詞段落。最後，使用語言模型(Language 
Model)來估測自然語言中每一個詞彙基於不同上下文之所可能出現的機率分布，用以解
決聲學模型的混淆、限制辨識的搜尋空間和評估各個候選詞序列在自然語言中的合理性，

因而輸出最有可能之候選詞序列。 

  當語言模型實際運用於語音辨識時，最主要的方式是從已解碼之歷史詞序列擷取短

距離的詞彙接連資訊、或是長距離的語意資訊，據此預測下一個候選詞出現的可能性。

在傳統統計式語言模型中，N連(N-gram)語言模型[1]是最為人所知且廣泛地運用於各種
自然語言處理領域。N連語言模型嘗試紀錄詞與詞之間同時出現的關係，估測每一個詞
在其先前緊鄰 N-1個詞已知的情況下出現的條件機率，並以多項式(Multinomial)分布表
示之。但由於詞與詞序列有相當多種排列組合，致使 N連語言模型的參數量相當可觀。
N連語言模型常因訓練語料的不足而限制其 N值的大小(通常 N設為 2或 3)，以致於它
僅能用以計算短距離詞彙接連機率，而缺乏擷取出語句中(或候選詞與歷史詞序列間)所
隱含長距離語意資訊的能力。為了解決 N 連語言模型參數量龐大的問題，前人的研究
認為詞序列中每一個詞都有一個其隸屬的詞類別(Word Class)，隸屬於同一個詞類別的
詞可能有具有相同的語法角色或相近的語意資訊，透過詞類別資訊可以將 N 連語言模
型的參數量降低並保有適當的模型預測能力，因而有所謂的類別 N 連模型(Class-based 
N-gram Model)[2]。常見的類別 N連模型將每一個詞對應到一個固定的詞類別，但因每
一個詞實際上或許並非只有一種語意或是文法角色，所以亦有學者嘗試放寬詞與詞類別

的對應，也就是讓一個詞可以隸屬於多個詞類別，為此提出了聚合式馬可夫模型

(Aggregate Markov Model, AMM)[3]。 

  不論是類別 N 連模型或是聚合式馬可夫模型的提出，皆是希望改善 N 連語言模型
參數量過多的問題。另一方面，近十幾年來許多研究提倡探索在完整的文件或歷史詞序

列中所隱含的語意資訊或是語句結構資訊等，以補足 N語言連模型的不足[4, 5, 6]。其
主要發展可追溯到早期使用潛藏式語意分析(Latent Semantic Analysis, LSA)的研究[7]，
潛藏式語意分析利用線性代數的方法，將文件（或歷史詞序列）與詞投影至一個低維度

空間，在這個低維空間中試圖描述文件與詞之間的關係，同時也可解決在高維度的情況

下參數量過多和訓練語料量不足的問題。後來，更有所謂的機率式潛藏語意分析

(Probabilistic Latent Semantic Analysis, PLSA)[8, 9, 10]、潛藏狄利克里分配(Latent 
Dirichlet Allocation, LDA)[11, 12, 13, 14]及一些延伸方法陸續被提出。基本上，這些方法
希望藉由機率模型的使用在低維度的語意空間中找出文件與詞的相關性。不同於潛藏語
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意分析，機率式潛藏語意分析與潛藏狄利克里分配皆是機率式的生成模型，藉著對每一

篇文件建立機率模型，直接表示文件與詞之間的關係，並且可以描述同義詞或者一詞多

義的現象。新近，亦有所謂的詞主題模型(Word Topic Model, WTM)[15, 16]被提出。詞
主題模型根據語言中每一個詞在訓練語料出現的資訊，將訓練語料作重新整理與安排，

為語言中每一個詞收集其對應的詞虛擬文件(Word Pseudo-document)，以訓練每一個詞
專屬的機率生成模型，最後用來組成文件或歷史詞序列之機率生成模型以預測下一個候

選詞出現的可能性。上述這些模型在本論文將統稱為主題模型(Topic Models)[17]。 

  本論文提出一種新的主題模型，稱之為詞相鄰模型(Word Vicinity Model, WVM)，
它直接地基於語言中詞與詞的相互關聯資訊，建構出一個機率式的潛藏主題空間；並且

透過線性模型結合的方式建立語音辨識中已解碼歷史詞序列之主題模型，用來預測下一

個候選詞出現的可能性，藉此輔助傳統 N 連語言模型。本論文的安排如下：第二節將
介紹近年來蓬勃發展的主題模型，包含機率式潛藏語意分析、潛藏狄利克里分配、詞主

題模型；第三節將闡述本論文所提出之詞相鄰模型，並說明詞相鄰模型與現有各種主題

模型之間的差異；第四節則是實驗結果與分析；第五節是結論。 

二、主題語言模型相關研究 

（一）機率式潛藏語意分析 (Probabilistic Latent Semantic Analysis, PLSA) 

  潛藏語意分析(Latent Semantic Analysis, LSA)假設文件集中文件與詞的組合存在若
干潛藏語意結構成分[5]，藉由線性代數之奇異質分解(Singular Value Decomposition, 
SVD)可將高維度的文件向量與詞向量共同投影至一個低維度空間，其中每一維度代表
某種語意結構成分；文件與詞之間語意的相似度可藉由它們在這個低維度空間的向量距

離或者夾角的計算而得。如此一來，不僅可以簡化文件與詞表示方法的複雜度，也可以

去除語料集中文件與詞的組合所含有的部分雜訊資訊。機率式潛藏語意分析(PLSA)是
由潛藏語意分析延伸發展而來，不同於潛藏語意分析以線性代數的方法尋找語料集中隱

含的主要語意結構成分，機率式潛藏語意分析利用機率模型為每一篇文件建立生成模型，

透過一組共享潛藏主題機率分布來描述每一篇文件生成文件中詞的關係[9]。 

  當機率式潛藏語意分析運用於語音辨識時，會將每一段歷史詞序列 H 視為是一篇
文件並估測其對應的機率式潛藏語意分析模型，用以計算在給定一段歷史詞序列 H 後

下一個候選詞 iw 出現的可能性，其機率式可表示成： 

K

k kkii H|TPT|wPH|wP
1P LS A         (1)

 

其中 kT 代表一個潛藏主題，具有某種語意結構成分； ki T|wP 是給定潛藏主題 kT 的情

況下，候選詞 iw 出現的機率； H|TP k 是歷史詞序列產生潛藏主題 kT 的機率。在語音

辨識時，我們假設每一個潛藏主題產生候選詞的機率 ki T|wP 不因詞序列搜尋及拓展過

程而變動，可在執行語音辨識前就先以期望值最大化演算法(Expectation-Maximization 
Algorithm)[18]最大化訓練語料發生的機率而求得。另一方面，因歷史詞序列會隨著語
音辨識的搜尋過程一直擴展、變動，所以歷史詞序列 H 產生每一個潛藏主題 kT 的機率

H|TP k 需要不斷地被重新估算，同樣地也可以使用期望值最大化演算法來最大化歷
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史詞序列發生的機率而得。機率式潛藏語意分析所擷取的長距離語意資訊可以彌補傳統

N連語言模型在此的不足。在一般語音辨識的使用上，會將機率式潛藏語意分析與傳統
N連語言模型經由線性插補法(Linear Interpolation)作結合，以提供在歷史詞序列 H 已解

碼出的情況下每一個候選詞 iw 發生的機率： 

H|wPH|wPH|wP iPLSAiNi PLS AgramPLS A1     (2)
 

其中 H|wP iN gram 就是傳統 N連語言模型的機率分布，我們可以使用一個介於 0到 1之
間的可調整參數 P LS A 來控制 N連語言模型與機率式潛藏語意分析模型的權重。 

  機率式潛藏語意分析的提出讓主題空間的概念得以由線性代數描述轉往機率式模

型發展，但機率式潛藏語意分析本身仍然存在著許多問題：首先，它假設在給定某一個

潛藏主題的前提下，文件與詞的關係是獨立的。由語意的觀點省視，這樣的假設過度強

化了詞與整體文件（或者歷史詞序列）之間的獨立性。其次，隨著我們所收集到的訓練

語料集中文件數的增加，機率式潛藏語意分析模型所需的參數也會呈線性增加，有可能

會讓模型參數過度符合(Overfitting)訓練語料。一個理想的機率生成模型，對於描述未
見過的(Unseen)文件中的詞應具備良好的預測能力。但事實上，機率式潛藏語意分析並
沒有具備健全的預測能力，其主要原因在於它對於每一套訓練語料都會產生一組獨特的

潛藏主題，並非使用一組全域性的參數描述所有語料。因此當用於估測一篇嶄新文件之

主題機率模型時，會受到原始訓練語料的強烈限制。另外，在模型參數的估測過程，機

率式潛藏語意分析使用期望值最大化演算法來逼近訓練語料的最大相似度。但以期望值

最大化演算法來估測模型參數未必能找到全域最佳(Global Maximum)解，所以模型參數
的起始值設定就變得格外重要。過去有研究學者也對訓練起始值提出不少研究討論，諸

如多重隨機初始(Multiple Random Initialization)、預先使用非監督式分群(Unsupervised 
Clustering)或是利用傳統潛藏語意分析找出較好的模型起始值皆是常用的方法[7]，不過
使用這些方法卻也會成為模型訓練過程中一種額外的負擔。最後，當將機率式潛藏語意

分析被應用於語音辨識時，需要不斷地使用期望值最大化演算法來對每一歷史詞序列估

算其產生潛藏主題分布的機率，但這樣的估算過程事實上是相當耗費時間的，特別在潛

藏主題數目龐大時，其所需的運算時間複雜度更是驚人。雖然有學者提出使用漸進式的

期望值最大化演算法估測歷史詞序列產生潛藏主題分布的機率，但其能節省的運算時間

有限，並且其結果相對地顯得較差。 

（二）潛藏狄利克里分配 (Latent Dirichlet Allocation, LDA) 

  為了改善機率式潛藏語意分析對於未見過的文件之預測能力以及模型參數量會隨

著訓練語料中文件數量的增加而呈現線性成長的缺點，有學者提出了潛藏狄利克里分配

[11]。潛藏狄利克里分配的模型詮釋方式與機率式潛藏語意分析不同，並且它可僅以兩
組參數 與 來代表訓練語料的潛藏語意資訊，茲簡述如下。首先，假設訓練語料集 D
中共有 M 篇文件，而每一篇文件 d 中有 dN 個詞，我們先由一組狄利克里分配 的參數

求得每一篇文件 d 產生所有潛藏主題的機率向量 d，而文件中每一個詞在每一個潛藏

主題 n,dT 下產生的機率分布則由 生成。潛藏狄利克里分配對參數的估算是最大化整個

訓練語料 D 的邊際機率： 

182



d

M

d

N

n T
n,dn,ddn,dd d,T|wP|TP|PP

d

n,d1 1

|DLD A    (3) 

對於潛藏狄利克里分配參數的估算，前人提出不少方法諸如變動性貝氏期望值最大化

(Variational Bayesian Expectation Maximization)演算法 [7, 8]或吉卜森取樣 (Gibbs 
Sampling)[9, 10]等。對於語音辨識中某一已解碼歷史詞序列 H（將 H視為一篇文件），
潛藏狄利克里分配可以透過變動性貝氏期望值最大化演算法求得最佳參數解或是利用

最大事後機率估測法估測其產生所有潛藏主題的機率向量 H ，而當 H 長度足以表達語
意資訊後，也可以對 進行重新估測。另一方面，若使用吉卜森取樣重估歷史詞序列產

生所有潛藏主題的機率，則是結合訓練時對訓練語料集中詞的取樣資訊與對歷史詞序列

中詞的重新取樣資訊，以期望逼近潛藏主題在歷史詞序列已知情況下的事後機率。事實

上，不論是變動性貝氏期望值最大化法或是吉卜森取樣，在進行重估歷史詞序列的主題

分布時都是非常耗費時間的。 

（三）詞主題模型 (Word Topic Model, WTM) 

  不論是機率式潛藏語意分析或是潛藏狄利克里分配皆是希望擷取文件或歷史詞序

列中隱含的長距離語意資訊，以彌補 N連語言模型僅考慮短距離詞彙接連規則之不足。
詞主題模型則是希望在建立語言模型時不僅考慮詞彙相鄰資訊，並且透過詞彙間潛藏語

意資訊的組合，建立起文件或歷史詞序列之長距離語意資訊[16]。 

  詞主題模型的特色是透過一組共享的潛藏主題機率分布，為語言中每一個詞 jw 建

立一個主題模型
jwM 。為達此目的，在模型建立之前，必須從訓練語料中擷取每一個詞

出現處其鄰近文字段落內其它詞出現的資訊，並將所有出現處的上下（或左右相鄰）文

字段落聚集成每一個詞主題模型對應的訓練文件，稱之為詞虛擬文件 (Word 
Pseudo-document)。然後，透過一組共享的潛藏主題機率分布，估算每一個詞 jw 之詞虛

擬文件與其它詞 iw 之共同出現關係；更明確些，即是 jw 的詞主題模型
jwM 產生另一詞

iw 的機率： 

K

k wkkiwi jj
|TP|wP|wP

1
MTMW TM        (4)

 
其中 ki T|wP 是給定潛藏主題 kT 的情況下，詞 iw 出現的機率；

jwk |TP M 是 jw 的詞主題

模型產生主題 kT 的機率； K 則是潛藏主題總數。 

  當詞主題模型運用於語音辨識時，就如同機率式潛藏語意分析一般，我們將需要估

算在給定了候選詞 iw 的歷史詞序列 H後， iw 出現的機率。在此假設每一個潛藏主題產

生候選詞 iw 的機率 ki T|wP 不隨語音辨識搜尋過程變動，並且每一個詞主題模型也已

經由訓練語料求得最佳參數。因此，對於歷史詞序列 H，我們首先將它視為由一連串的
詞所組成的詞串，接著我們將詞串中每一個詞的詞主題模型利用線性插補法的方式結合，

以此做為歷史詞序列的主題模型[15]。 

  相較於機率式潛藏語意分析需使用期望值最大化演算法在語音辨識搜尋過程中不

斷地估測歷史詞序列產生潛藏主題 kT 的機率 H|TP k ，在使用詞主題模型時歷史詞序列
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產生潛藏主題的機率 H|TP k 可由歷史詞序列中每一個詞 jw 的詞主題模型產生主題 kT

的機率
jwk |TP M 線性組合而成，此舉可大大地提升了語音辨識時的搜尋速度。 

三、詞相鄰模型 (Word Vicinity Model, WVM) 

（一）原理 

  與詞主題模型作法相似，本論文嘗試透過一組共享的潛藏主題分布，估算訓練語料

集中相鄰詞彙間的語意關連性，稱之為詞相鄰模型。不同於詞主題模型的是，詞相鄰模

型直接對訓練語料中任意兩個詞 iw 與 jw 的聯合機率 ji w,wP 透過一組潛藏主題分布所

建構的語意空間作機率分解： 

K

k kjkkiji |TwPTP|TwPw,wP
1W V M        (5) 

觀察式(5)與式(4)，我們可以發現詞相鄰模型包括了每一個潛藏主題的事前機率 kTP ，

以及每一個潛藏主題產生每一個詞的機率分布 ki|TwP ；而詞主題模型則是對詞彙間條

件機率
jwi|wP MW TM 透過潛藏主題分布所建構的語意空間作機率分解，故有詞主題模型

產生潛藏主題分布的機率
jwk |TP MW TM 以及每一個潛藏主題產生每一個詞的機率分布

ki|TwPW TM 。相較之下，詞相鄰模型需要較少的模型參數量，在使用相同的訓練語料下，

應會有較佳的模型參數估測表現。 

  當詞相鄰模型運用於語言模型的使用，諸如用於預測在給定詞 jw 時另一詞 iw 發生的

可能性（亦即條件機率 ji wwP | ），我們可以經過適當的機率式轉換，將此條件機率以

詞相鄰模型的兩組機率分布 kTP 與 ki T|wP 表示： 

K

k kjk

K

k kjkki

j

ji
ji

|TwPTP

|TwPTP|TwP

wP

,wwP
|wwP

1

1
W V M

     (6) 

當詞相鄰模型用於語音辨識之語言模型使用時，對於每一個候選詞 iw 以及其歷史詞序

列 121 ,,, iwwwH ，欲估算 iw 在給定 H下出現的可能性時，可利用 H中每一個詞產
生 iw 的條件機率（如式(6)）之線性組合來近似： 

1121 i-iiiii |wwPwwPwwPHwP W V M2W V M1W V M |||  (7) 

其中 121 ,,, i 為線性組合係數。再進一步來看，歷史詞序列 H 產生某一主題 kT 的機

率可經由歷史詞序列中所有詞在潛藏語意空間的分布特性而決定： 

1

1

1

1

1

i

j K

k kkj

kkj
j

i

j jkjk

TPTwP

TPTwP

wTPHTP
~

|

|
                

||

        (8) 

其中， kTP 與 ki T|wP 為詞相鄰模型所求得之模型機率分布。因此，當我們將詞相鄰模

型用於語音辨識之語言模型的使用時，亦可以如同機率式潛藏語意分析及潛藏狄利克里
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分配般的方式來表示歷史詞序列與候選詞間長距離的語意相關性： 

K

k kkii H|TP
~

T|wPH|wP
1W V M        (9) 

值得注意的是，詞相鄰模型對於式(9)其實是透過歷史詞序列中每一個詞與候選詞 iw 兩

兩間在潛藏語意空間上的機率分布關係而計算出，這一點與詞主題模型相似；而機率式

潛藏語意分析及潛藏狄利克里分配是將歷史詞序列視為一整體，計算其與候選詞在潛藏

語意空間上的機率分布關係。 

  在詞相鄰模型的訓練方面，為了估算語料庫中任意兩個詞 iw 與 jw 共同出現的聯合機

率 ji w,wP ，我們首先須決定一個訓練框 S，用來固定選取每一個詞 iw 出現時上下（左

右相鄰）文段中有哪些的詞彙出現，並估算它們個別與詞 iw 在訓練語料中會共同出現在

此訓練框的次數，以 ji wwn , 表示，而會有 ijji wwnwwn ,, 的性質。再者，我們假設在

討論任意兩兩詞彙間共同出現的關係時，不受到其它詞彙或其它詞彙之間的關係的影響。

因此，詞相鄰模型的訓練是以最大化詞典 V 中任意兩個詞 iw 與 jw 在訓練語料共同出現

在一定範圍上下文段（或訓練框）的聯合機率 ji w,wPW V M （參見式(5)）之對數機率值
總和 W V ML 為目標： 

V W V MW V M
ji w,w jiji w,wPw,wnL log       (10) 

我們藉著使用期望值最大化演算法來進行其中詞相鄰模型機率式之估測。 

（二）其他主題模型之比較 

  在此，我們由圖形模型(Graphical Model)表示、模型參數量多寡、以及於語音辨識
時之執行效能等幾個觀點分析與比較各種主題模型之間的關係與優劣，如表一所歸納。 

1. 圖形模型表示 

  首先，藉由圖形模型表示機率式潛藏語意分析(PLSA)。如圖二(a)所示，我們可觀
察出機率式潛藏語意分析是先考慮每一篇文件生成每一潛藏主題的機率，接著聯合一組

潛藏主題分布分別產生每一個詞的機率，使每一篇文件成為一個具有預測能力的生成模

型。另一方面，詞主題模型(WTM)則收集每一個詞在語料庫中出現位置鄰近處的詞合
成對應的詞虛擬文件，考慮每一個詞與詞虛擬文件之間的關係，其圖形模型表示如圖二

(b)所示。詞主題模型的圖形模型表示與機率式潛藏語意分析之圖形模型表示非常相似，
主要差別在於機率式潛藏語意分析以訓練語料庫中每一篇文件為模型單位，而詞主題模

型則為語言中每一個詞重新整理其在訓練語料出現資訊而有所謂的詞虛擬文件來作為

模型單位。 

 

圖一、詞相鄰模型訓練框 
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表一、各主題模型之比較 

模型 機率式潛藏語意分析 潛藏狄利克里分配 詞主題模型 詞相鄰模型 

模型對象 文件與詞 文件與詞 虛擬詞文件與詞 詞與詞 

模型參數量 KMKN  KNK  KN2  KNK  

用於語音辨

識之方式 
即時重新估算歷史詞

序列之主題分布 
即時重新估算歷史詞

序列之主題分布 詞主題模型線性結合 機率模型線性結合 

速度 中等 慢 快 快 

 

  再者，機率式潛藏語意分析在訓練語言模型時，將每一篇文件的語意資訊考慮進模

型參數，求取參數的過程中希望最大化每篇文件產生詞的機率，過去研究人員認為這樣

的訓練過程會使得模型參數估測受到訓練語料中文件的限制。如用於未見過的文件其主

題分布能符合訓練語料的特質，其模型的預測能力將會有不錯效果；但若用於預測主題

偏差較大的未知文件，則可能就無法得到良好的效果。有別於將文件語意資訊直接考慮

於模型參數，潛藏狄利克里分配(LDA)的文件主題生成方式僅以兩組參數（ 與 ）描

述，如此可以避免潛藏主題機率參數過度符合訓練語料所收集到的文件，讓生成模型對

於預測新文件時更有彈性，潛藏狄利克里分配可表示成一個三層架構的之圖形模型，如

圖二(c)所示，其中 與 是潛藏狄利克里分布模型之所擁有的兩組參數。 

  有別於將文件層次語意資訊考慮於模型訓練之中，我們希望模型可以不受文件過度

束縛。透過不同層次（詞層次）潛藏主題模型的引入，讓文件生成潛藏主題的過程更具

彈性，但卻不至於讓模型演繹過程過度複雜。因此，在本論文我們提出了詞相鄰模型，

直接透過估算訓練語料中相鄰詞彙間的語意關連性，建立一組詞彙間共享的主題語意空

間，描繪詞與詞之間的相互關係（如圖二(d)所示）。當選定一個潛藏主題後，詞相鄰模
型提供一個描述在這個主題下每一個詞出現的可能性的機率分布，而每一個潛藏主題本

身有其發生的事前機率。 

2. 模型參數量分析 

  在給定詞典 V（共 N 個詞， Nww ,,,w 21V ）、訓練語料 D（共 M 篇文件詞，

Mddd ,,, 21D ）和假設潛藏主題數為 K的情況下，我們比較各主題模型的模型複雜
度。機率式潛藏語意分析有每篇訓練文件產生每一個潛藏主題的機率 mk |dTP 以及潛藏

主題產生詞的機率 kn|TwP ，共需 KMKN 個參數；詞主題模型則擁有每個詞主

題模型產生潛藏主題的機率分布
n'wk |TP M 以及每一個潛藏主題產生每一個詞的機率分

布 kn|TwP ，共需 KN2 個參數；潛藏狄利克里分配則僅需要兩組參數 與 共

KNK 個參數；最後詞相鄰模型亦僅需 KNK 個參數，分別是每一個潛藏主題的

機率 kTP ，以及每一個潛藏主題產生每一個詞的機率 kn|TwP 。當訓練語料中所含的

文件數小於詞典大小( NM )時，詞主題模型是四個主題模型中參數量最多的，但是若
隨著收集的訓練語料越來越多機率式潛藏語意分析的參數量會呈現線性增加，而詞主題

模型的參數量是固定的，所以當收集的訓練語料所含的文件數大過詞典大小( MN )時，
機率式潛藏語意分析會需要最多的參數。潛藏狄利克里分配與詞相鄰模型則不論訓練語

料大小，所需的參數量僅和潛藏主題個數與詞典大小有關。 
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3. 於大詞彙連續語音辨識運用之分析 

  「即時性」是當今語音辨識技術能否被廣為使用的關鍵因素，本論文因此對於上述

主題模型運用於語音辨識時之執行效能作概略分析。當機率式潛藏語意分析(PLSA)運
用於語音辨識時，它最為人所詬病的是使用期望值最大化法線上估測歷史詞序列的潛藏

主題分布；雖然即時估測可以針對歷史詞序列重新計算獲得相對準確的主題分布，但這

樣的過程實在過於耗費時間。對照於機率式潛藏語意分析，詞主題模型(WTM)使用線
性組合的方式，直接將已解碼的歷史詞序列中每一個詞的詞主題模型線性結合，以此作

為歷史詞序列的主題分布。雖然使用詞主題模型所得到的歷史詞序列主題分布，如同機

率式潛藏語意分析一樣，會受到訓練語料集的限制。但實際運用於語音辨識時，詞主題

模型可以省去像機率式潛藏語意分析所需耗時的線上主題分布重估，具即時性之優點。

另一方面，潛藏狄利克里分配(LDA)雖僅用少量的參數描述訓練語料集之主題分布特性，
當直接對觀測到的歷史詞序列重估主題分布，亦可較不受訓練語料庫中文件的限制[11]。
但當潛藏狄利克里分配被使用於語音辨識時，一樣遭受重估過於耗時的問題。就我們將

語言模型使用於語音辨識實驗所作觀察，潛藏狄利克里分配是四者中最耗時的模型。最

後，當詞相鄰模型(WVM)運用於語音辨識時，我們將歷史詞序列視為由許多詞所組成
的詞串，透過適當的機率轉換計算出在給定歷史詞序列中每一個詞下任一個候選詞出現

的可能性，再如同詞主題模型以線性插補法的方式結合這些條件機率，以此做為歷史詞

序列的主題模型（參見式(7)）。其過程中雖然需透過一次的機率式轉換（參見式(6)），
但是當實際運用於語音辨識時，詞相鄰模型在與機率式潛藏語意分析和潛藏狄利克里分

配相較下，仍然擁有較佳的執行速度。 

四、實驗結果與分析 

（一）實驗設定 

  在語音特徵擷取部分，我們以梅爾率波器組(Mel-frequency Filter Bank)輸出為基礎，
使用異質性線性鑑別分析(Heteroscedastic Linear Discriminant Analysis, HLDA)配合最大

 
(a) 機率式潛藏語意分析(PLSA)     (b) 詞主題模型(WTM) 

 

 
(c) 潛藏狄利克里分配(LDA)      (d) 詞相鄰模型(WVM) 

 
圖二、主題模型之圖形模型表示 
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化相似度線性轉換(Maximum Likelihood Linear Transformation, MLLT)，最後獲得 39維
語音特徵向量。另外，在辨識所需的聲學模型訓練上，考慮了中文語音結構，聲學模型

由 22個 INITIAL模型、38個 FINAL模型（每個中文的音節都是由一個 INITIAL及一
個 FINAL 所組成）及一個靜音(Silence)模型組成，其中 INITIAL 模型會因其右邊可能
接的 FINAL 模型種類而進一步細分成 112 個 INITIAL 模型[19]。我們最後總共使用了
151個隱藏式馬可夫模型(Hidden Markov Models)來作為這些 INITIAL-FINAL聲學模型
的統計模型。在隱藏式馬可夫模型中，每個狀態則依據其對應到的訓練語料多寡，以 2
到 128個高斯統計分布來表示，不管男女性別都使用同一套聲學模型。聲學模型首先經
由最大化相似度估測(Maximum Likelihood Estimation, MLE)訓練而得，再透過最小化音
素錯誤訓練(Minimum Phone Error, MPE)以期望獲得最佳化聲學模型參數[20]。 

  本論文實驗使用的訓練與測試語料為MATBN電視新聞語料庫[21]，是由中央研究
院資訊所口語小組耗時三年與公共電視台合作錄製完成。我們初步地選擇外場採訪記者

語料作為實驗題材，將其中約 25小時收錄於 2001年 11月至 2002年 12月期間的語料
作為聲學模型訓練語料，再由 2003 年的收錄語料中定義各約 1.5 小時做為發展集語料
（MATBN發展集）以及測試集語料（MATBN測試集），詳細資料集資訊如表二所示。
更明確地，我們將由MATBN發展集中選定最佳模型參數，並將此參數運用於測試集語
料，比較與討論各種主題模型的效能。 

  另一方面，背景三連語言模型(Trigram Language Model)訓練語料則是來自中央通訊
社 2001年至 2002年的文字新聞語料，包含了約一億五千萬個中文字，經斷詞後約有八
千萬詞。本論文實驗為語言模型調適，我們由公視廣播新聞語料 2001、2002 與 2003
年的人工轉寫文件中篩選出約三千六百篇報導，約兩百萬個中文字，經斷詞後約有一百

萬詞，作為調適語料。詞典大小約為七萬兩千詞。採用 SRI Language Modeling Toolkit[22]
訓練實驗所需要的三連語言模型。 

  論文將主題模型用於調適背景三連語言模型，其方式為模型插補法。如式(2)所示，
調整主題模型與背景三連語言模型影響的權重參數是先由 MATBN 發展集調整至最佳
後，再用於MATBN測試集。語言模型效能的評估，是透過語言複雜度(Perplexity, PP)
以及大詞彙連續語音辨識之辨識字錯誤率(Character Error Rate, CER)來達成。 

  實驗中我們將詞相鄰模型的訓練框 S 設定為 2；另外，詞相鄰模型與詞主題模型需
要給歷史詞序列中每一個詞的主題模型一個語言模型影響權重 j ，我們利用詞與詞之

間的距離定義一個指數遞減函數，用來給定每一個詞的主題模型一個語言模型影響權

重： 

1

1

1
i

js
sjj            (11)

 
當 12 i,,j 時 j是一個介於 0 到 1 的定值，而 j為 1，並且此遞減函數也會滿足

1

1
1

i

j j 。實驗中，我們將 j設為 0.6。 

  再者，如同機率式潛藏語意分析一般，詞相鄰模型與詞主題模型亦可以假設潛藏主

題產生每一個詞的機率不隨辨識過程變動，利用期望值最大化演算法調整歷史詞序列的

主題機率分布，即調整式(7)或(8)中每一個歷史詞序列中詞的線性組合係數（或語言模
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型影響權重）。我們將利用指數遞減函數（式(11)）估測歷史詞序列之主題分布的方式
以(ED)表示，而期望值最大化演算法估測的方式以(ML)表示之。 

（二）實驗結果與分析 

  首先，我們由 32個主題數的詞相鄰模型中取出 4個潛藏主題，並且計算每個詞分
別屬於不同潛藏主題時的主題分數(Topic Score)。其中某一個詞 iw 隸屬於某一個潛藏主

題 kT 時的主題分數定義如下[23]： 

M

m mkmi

M

m mkmi

ki
d|TPd,wc

d|TPd,wc
T,wTS

1

1

1
         (12)

 

表二、資料集 

 
MATBN 發展集 MATBN 測試集 NOWnews測試集 

總句數 292 307 13,810 

總詞數 16,106 16,494 1,075,409 

 

表三、由詞相鄰模型(32 Topics)中選取出 4個主題 
Topic 8 

 
Topic 13 

 
Topic 14 

 
Topic 23 

詞(word) 權重(weight) 
 
詞(word) 權重(weight) 

 
詞(word) 權重(weight) 

 
詞(word) 權重(weight) 

主委陳菊  0.792  
 

靜脈  1.202  
 

平均地權  1.306  
 

霍亂  0.752  

發布新聞稿  0.750  
 

顯微  1.002  
 

公職人員財產申報  1.259  
 

大腸直腸癌  0.681  

總召柯建銘  0.630  
 

切除  0.674  
 

土地稅  0.704  
 

沙門氏菌  0.471  

副總裁陳師孟  0.625  
 

肌瘤  0.668  
 

菸酒稅法  0.489  
 

口蹄疫  0.337  

宜蘭縣長  0.564  
 

腦炎  0.618  
 

財稅  0.457  
 

甲狀腺  0.303  

副院長賴英照  0.550  
 

子宮  0.501  
 

修正草案  0.446  
 

胃癌  0.298  

立法院黨團  0.519  
 

支氣管  0.500  
 

財政收支劃分  0.428  
 

徵狀  0.269  

機要  0.495  
 

縫合  0.463  
 

購併  0.396  
 

寄生  0.268  

中央研究院院長  0.489  
 

割除  0.367  
 

暫行條例  0.383  
 

皮膚癌  0.267  

聯邦準備理事會  0.469  
 

氣管  0.344  
 

保險法  0.373  
 

肺癌  0.234  

 

表四、基礎實驗結果 

baseline 
MATBN 發展集 MATBN 測試集 NOWnews 測試集 

CER(%) PP CER(%) PP CER(%) PP 

Trigram 20.22 667.23 20.08 682.10 null 808.76 
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其中 mi d,wc 為詞 iw 出現在文件 md 的次數， mk d|TP 為文件 md 詞產生潛藏主題 kT 的

機率。對於這 4個潛藏主題，我們分別挑選出主題分數較大的 10個詞彙，如表三所示。
我們可以發現 Topic 8傾向政黨政治新聞，Topic 13收集醫學和醫療等相關資訊，Topic 14
關於政府稅收的主題資訊，最後 Topic 23則是把疾病和病毒等名稱聚集在一起。由此實
驗可知，詞相鄰模型本身對於訓練語料亦具備良好的非監督式分群之能力。 

  接著，我們比較各主題模型之語言複雜度(Perplexity, PP)。語言複雜度最早是由資
訊理論發展而來，用來評估一個語言模型的好壞，其幾何意義為語言模型產生一段文字

的機率倒數再取幾何平均數，可視為語言模型預測詞與詞接連的平均分支度。語言複雜

度越小，表示所訓練的語言模型越具有預測詞產生的能力。如表四所示，背景三連語言

模型在 MATBN 發展集所得的語言複雜度為 667.23，而在 MATBN 測試集的語言複雜
度為 682.10。表五是當各種主題模型與背景三連語言模型結合後，作用於 MATBN 測
試集的語言複雜度實驗結果；我們可以發現，各主題模型隨著主題數陸續增加語言複雜

度也隨之降低。我們亦可由表五觀察到，在不同主題數設定時，不論是詞相鄰模型或是

詞主題模型，其語言複雜度表現大都較潛藏狄利克里分配佳（有較低的語言複雜度值），

亦較機率式潛藏語意分析好。另外，詞相鄰模型使用期望值最大化演算法估測歷史詞序

列中每一個詞的主題模型之語言模型影響權重的方式（即WVM(ML)）較使用指數遞減
函數的方式（即 WTM(ED)，參見式(11)）有較低的語言複雜度值。但若對於詞主題模
型而言，使用指數遞減函數的方式估測歷史詞序列中每一個詞的主題模型之語言模型影

響權重（即WTM(ED)）會較使用期望值最大化演算法（即WTM(ML)）為佳。另一方
面，若比較詞相鄰模型與詞主題模型時，則可發現當潛藏主題數較小時詞相鄰模型

(WVM(ML))有最低的語言複雜度，但隨著主題數漸漸增加詞主題模型(WTM(ED))的語
言複雜度會快速下降。 

  當將上述這些主題模型與背景三連語言模型結合時，均能較僅使用背景三連語言模

型時有明顯的語言複雜度降低。以最佳實驗設定而言，機率式潛藏語意分析有 23.1%、
潛藏狄利克里分配有 21.4%、詞主題模型(WTM(ED))有 26.1%、詞相鄰模型(WVM(ML))
有 24.2%的相對語言複雜度降低。 

  再者，我們比較各種主題模型與背景三連語言模型結合後，運用於大詞彙連續語音

辨識時的辨識字錯誤率。如表四所示，在基礎實驗中，MATBN 發展集的字錯誤率為
20.22%，MATBN 測試集的字錯誤率為 20.08%。表五展現各主題模型與背景三連語言
模型結合後，在不同潛藏主題數設定下的辨識詞錯誤之實驗結果。我們可以觀察到，當

主題數設定為 32或 64時各種主題模型可以分別獲得最佳辨識結果。以使用各種主題模
型的最低字錯誤率來說，機率式潛藏語意分析有 4.1%、潛藏狄利克里分配有 5.2%、詞
主題模型(WTM(ML))有 3.9%、詞主題模型(WTM(ED))有 5.5%、詞相鄰模型(WVM(ML))
有 4.0%、詞相鄰模型(WVM(ED))有 5.0%的相對字錯誤率降低。我們發現詞相鄰模型與
詞主題模型以線性結合的方式來估算歷史詞序列主題分布的方法運用於大詞彙連續語

音辨識時皆可獲得不錯的實驗結果，當潛藏主題數設定為 64時詞主題模型(WTM(ED))
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更可獲得最低的辨識字錯誤率。 

  進一步地，我們針對詞相鄰模型進行探討，當詞相鄰模型以線性結合的方式估算歷

史詞序列主題分布的方法使用於語音辨識時，我們可以假設一個候選詞的出現僅與前

L個詞有關，用以簡化計算複雜度。表六為假設候選詞出現的可能性僅與前 L個詞相關
時的實驗結果；結果顯示出，不同的 L值皆大約在將主題數設為 32或 64時有最低的字
錯誤率。而最低的字錯誤率是設定潛藏主題數共 32 個並且假設預測詞的出現僅與前 4
個詞相關的時候，其字錯誤率約為 19.13%。值得注意的是，當我們比較 L（歷史詞長
度）為 8與 16時，辨識字錯誤率僅當潛藏主題數設為 64時相差 0.02%，當比較完整的
歷史詞序列與僅考慮前 16個歷史詞時，在不同的潛藏主題數下皆獲得相同的辨識字錯
誤率。我們在此推論，詞相鄰模型主要描述訓練語料中任意兩個鄰近詞的共同出現情況，

所以距離候選詞較遠的詞僅能扮演輔助的角色，無法對候選詞可能出現與否有決定性的

影響。 

  最後，我們比較各主題模型於同時期(Contemporary)測試文字語料集的語言複雜度。
於是，我們收集了與 MATBN 測試集時期相近的今日新聞(NOWnews)文字新聞語料，
由 2003年 1月至 4月的新聞中挑選出共約五千六百多則新聞，包含約一萬三千則句子，
以此做為同時期的測試集語料（NOWnews 測試集）。其基礎語言複雜度為 808.76，詳
細語料資訊列於表二。在此，我們將MATBN發展集中調定的最佳參數運用於此測試集
語料中。表七是各主題模型與背景三連語言模型結合後於 NOWnews測試集的語言複雜

表五、各主題模型於MATBN測試集之實驗結果 
MATBN 

測試集 

PLSA LDA WTM(ML) WTM(ED) WVM(ML) WVM(ED) 

CER(%) PP CER(%) PP CER(%) PP CER(%) PP CER(%) PP CER(%) PP 

8 topics 19.26 553.92 19.25 557.02 19.50 539.87 19.17 542.65 19.48 531.63 19.31 546.11 

16 topics 19.40 547.03 19.11 550.35 19.44 529.73 19.19 533.41 19.49 528.60 19.18 540.45 

32 topics 19.26 535.93 19.06 539.21 19.45 526.61 19.14 521.27 19.27 523.11 19.15 537.17 

64 topics 19.29 530.85 19.24 537.03 19.29 523.88 18.98 509.18 19.37 516.75 19.22 530.73 

128 topics 19.34 524.60 19.14 536.10 19.39 528.38 19.13 503.74 19.36 519.33 19.23 527.94 

 

表六、不同歷史詞長度(L)之詞相鄰模型於MATBN測試集之實驗結果(CER(%)) 
L 1 2 4 8 16 

8 topics 19.32 19.25 19.23 19.31 19.31 

16 topics 19.24 19.17 19.18 19.18 19.18 

32 topics 19.29 19.21 19.13 19.15 19.15 

64 topics 19.39 19.28 19.21 19.20 19.22 

128 topics 19.44 19.29 19.22 19.23 19.23 
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度實驗結果。雖說 NOWnews測試集與語言模型調適語料屬同一時期之新聞語料，但是
NOWnews測試集是文字新聞，而語言模型調適語料是廣播新聞語音轉寫文字，兩者在
主題上有相當的相近度，但在語句或詞彙的使用上會不相同。實驗結果顯示，詞相鄰模

型(WVM(ML))與詞主題模型(WTM(ML))對於這些文字新聞的主題預測能力優於機率
式潛藏語意分析和潛藏狄利克里分配。相較於機率式潛藏語意分析和潛藏狄利克里分配，

詞相鄰模型與詞主題模型希望在建立語言模型時不僅考慮文件或歷史詞序列之長距離

語意資訊並且保有鄰近詞的詞彙資訊。故於此實驗中，雖然機率式潛藏語意分析也是以

期望值最大化演算法來估測歷史詞序列的主題分布，但語言複雜度仍然高於使用相同方

法估測歷史詞序列的詞相鄰模型(WVM(ML))與詞主題模型(WTM(ML))。在最佳的實驗
設定下，詞相鄰模型(WVM(ML))可以獲得 17.4%的相對語言複雜度降低，而詞主題模
型(WTM(ML))、機率式潛藏語意分析潛藏狄利克里分配分別有有 16.8%、11.3%與 9.9%
的相對語言複雜度降低。 

五、結論與未來展望 

  本論文提出一個嶄新的觀點－基於語言中詞與詞的關聯資訊來建構一個潛藏主題

空間。我們嘗試於此空間中討論文件與詞之間的關係，提出詞相鄰模型(Word Vicinity 
Model, WVM)。本論文中討論詞相鄰模型之語言複雜度(Perplexity)，以及運用於大詞彙
連續語音辨識時之辨識字錯誤率(Character Error Rate)。結果顯示詞相鄰模型相較於大部
分主題模型擁有較低的語言複雜度；當運用於大詞彙連續語音辨識時，詞相鄰模型相較

於基礎辨識率亦有 5.0%的相對進步率。未來，我們將研究詞相鄰模型運於不同領域的
可用性，以及強化詞相鄰模型運用於大詞彙連續語音辨識時對於歷史詞序列的主題模型

估測。 

六、致謝 

  本 研 究 承 蒙 國 科 會 研 究 計 畫 NSC 98-2221-E-003-011-MY3 、
NSC96-2628-E-003-015-MY3、NSC97-2631-S-003-003的部分補助，僅此致謝。 

參考文獻 

[1] F. Jelinek, "Up from trigrams! - the struggle for improved language models," in Proc. of 
Eurospeech, 1991. 

[2] PF. Brown, VJ. Della Pietra, PV. deSouza, JC. Lai, and RL. Mercer, "Class-based 
n-gram models of natural language," Computational Linguistics, 18(4):467 479, 

表七、各主題模型於 NOWnews測試集之實驗結果(PP) 
NOWnews測試集 PLSA LDA WTM(ML) WTM(ED) WVM(ML) WVM(ED) 

8 topics 751.89 747.60 702.16 766.72 694.57 766.06 

16 topics 742.71 738.61 692.20 762.50 690.77 765.59 

32 topics 732.80 732.35 684.71 760.43 682.63 765.79 

64 topics 726.17 731.58 679.17 760.62 674.04 761.42 

128 topics 716.97 728.29 672.91 762.41 667.99 761.66 

 

192



December, 1992 
[3] -order Markov models for statistical 

la Proc. of EMNLP, 1997. 
[4] R. Iyer and M. Ostendorf, “Modeling long distance dependence in language: topic 

Transactions, 1999. 
[5] 

Speech Communication, 2004. 
[6] 

Proc. of the IEEE, 2000. 
[7] J.R. Bellegarda, Latent Semantic Mapping: Principles and Applications. Morgan and 

Claypool, 2007. 
[8] in Proc. of SIGIR, 1999. 
[9] Machine 

Learning, 2001. 
[10] - Proc. of 

Eurospeech, 1999. 
[11]  Journal of Machine 

Learning Research, 2003. 
[12]  model adaptation using variational Bayes 

 in Proc. of Interspeech, 2005. 
[13] 

Technical Report. 
[14] in Proc. of the National 

Academy of Sciences, 2004. 
[15] H.- Word topical mixture models for dynamic language model 

adaptation  in Proc. of ICASSP, 2007. 
[16] B. Chen, "Latent topic modeling of word co-occurrence information for spoken 

document retrieval," in Proc. of ICASSP, 2009. 
[17] 

McNamara, S. Dennis, & W. Kintsch (Eds.), Handbook of Latent Semantic Analysis. 
Hillsdale, NJ: Erlbaum. 

[18] 
Journal of Royal Statistical Society, 1977. 

[19] B. Chen, J.-W. Kuo, and W.- -Driven Approaches 
Proc. of ICASSP, 2004. 

[20] -Based Discriminative Training of 
Acoustic Models for Mand
Proc. of ROCLING, 2007. (in Chinese) 

[21] H.-M. Wang, B. Chen, J.-W. Kuo and S.-
International Journal of Computational Linguistics & 

Chinese Language Processing, 2005. 
[22] A. Stolcke, SRI Language Modeling Toolkit, http://www.speech.sri.com/projects/srilm/ 
[23] T.-H. Li, M.-H. Lee, B. Chen and L.- Hierarchical Topic Organization and 

Visual Presentation of Spoken Documents Using Probabilistic Latent Semantic Analysis 
(PLSA) for Efficient Retrieval/Browsing Applications  in Proc. of Eurospeech, 2005. 

193



194



Improving Translation Fluency with Search-Based Decoding and
a Monolingual Statistical Machine Translation Model for

Automatic Post-Editing

Jing-Shin Chang Sheng-Sian Lin
Department of Computer Science
& Information Engineering

Department of Computer Science
& Information Engineering

National Chi Nan University National Chi Nan University
1, Univ. Road, Puli, Nantou 545, TAIWAN 1, Univ. Road, Puli, Nantou 545, TAIWAN

jshin@csie.ncnu.edu.tw s94321509@ncnu.edu.tw

Abstract

The BLEU scores and translation fluency for the current state-of-the-art SMT systems based
on IBM models are still too low for publication purposes. The major issue is that
stochastically generated sentences hypotheses, produced through a stack decoding process,
may not strictly follow the natural target language grammar, since the decoding process is
directed by a highly simplified translation model and n-gram language model, and a large
number of noisy phrase pairs may introduce significant search errors. This paper proposes a
statistical post-editing (SPE) model, based on a special monolingual SMT paradigm, to
translate disfluent sentences into fluent sentences. However, instead of conducting a stack
decoding process, the sentence hypotheses are searched from fluent target sentences in a large
target language corpus or on the Web to ensure fluency. Phrase-based local editing, if
necessary, is then applied to correct weakest phrase alignments between the disfluent and
searched hypotheses using fluent target language phrases; such phrases are segmented from a
large target language corpus with a global optimization criterion to maximize the likelihood
of the training sentences, instead of using noisy phrases combined from bilingually word-
aligned pairs. With such search-based decoding, the absolute BLEU scores are much higher
than automatic post editing systems that conduct a classical SMT decoding process. We are
also able to fully correct a significant number of disfluent sentences into completely fluent
versions. The BLEU scores are significantly improved. The evaluation shows that on average
46% of translation errors can be fully recovered, and the BLEU score can be improved by
about 26%.

Keywords: Translation Fluency, Fluency-Based Decoding, Search-Based Decoding,
Statistical Machine Translation, Automatic Post-Editing

1 Introduction and Motivation

1.1 Fluency Problems with Statistical Machine Translations

Translation fluency of Machine Translation systems is a serious issue in the current SMT
research works. With the research efforts for the past tens of years, the performances are still
far from satisfactory. In translating English to Chinese, for instance, the BLEU scores [16]
range only between 0.21 and 0.29 [22, 5, 17], depending on test sets and numbers of
reference translations. Such translation quality is extremely disfluent for human readers. We
therefore propose a statistical post-editing (SPE) model, based on a special monolingual SMT
framework, for improving the fluency and adequacy of translated sentences.
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The classical IBM SMT models [1, 2] formulate the translation problem of a source
sentence F as finding the best translation E* from some stack decoded hypotheses, E, such
that:

EEF

FEE

E

E

Pr|Prmaxarg

|Prmaxarg*
(1)

:target sentence
where

:source sentence
E
F

and Pr | : ( )

Pr : ( )

F E Translation Model TM

E Language Model LM

The argmax
E

operation implies to generate candidate target sentences E of F so that the

SMT model can score each one, based on the TM and LM scores and select the best
candidate. The process of candidate generation is known as the decoding process. The
conventional decoding process is significantly affected by the TM and LM scores; only those
candidates that satisfy the underlying criteria of the TM and LM will receive high scores.
Unfortunately, to make the SMT computationally feasible, the TM and LM are highly
simplified. Therefore, the candidates are not really generated based on target language
grammar, but based on the model constraints. For instance, the classical SMT model does not
prefer word re-ordering with long distance movement. Such candidates are then not generated
regardless of the possibility that the target grammar might prefer them.

1.2 LM and Decoding

There are three directions to improve the translation fluency with the classical SMT model,
Equation (1). Firstly, we can improve the Translation Model (TM) to fit the source-target
transfer process. Secondly, we can improve the Language Model (LM) to respect the target
language grammar. Finally, we could try to generate better and much more fluent candidates
in the decoding process so that the TM and LM can select the real best one from fluent
candidates, rather than from junk sentences.

The research communities normally focus on the TM and LM components by assuming
that there are good ways to generate good candidates for scoring. Actually, most attention is
paid to the Translation Model (TM); LM and decoding were not gaining the same weight. In
particular, people tend to think that the candidate generation process guided by the highly
simplified TM and LM will eventually generate good candidates.

Unfortunately, to make the computation feasible, the classical SMT models have very
low expressive power in the Translation Model (TM) and Language Model (LM) components.
It formulates the TM in terms of the fertility probability, lexical translation probability and
distortion probability [1, 2]. A word-based 3-gram model is usually used as the language
model (LM). Longer n-grams are used at higher training cost and severe data sparseness.

In fact, the candidates of the target sentence, which are hidden in the argmax
E

operator,

are generated as a stochastic process in most SMT today. Starting from a particular state, the
next word is predicted based on a local n-gram window within a distance allowed by the
distortion criterion; the possible paths are exploited using stack decoding, beam search or
other searching algorithms. The candidates generated in this way thus may be only
piecewise consistent with the target language grammar, but may not be really globally
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grammatical or fluent. This means that the TM and LM are not scoring a complete sentence
but some segments pasted by the n-gram LM. It is then not likely to be fluent all the time.

This decoding process therefore sometimes falls into the garbage-in and garbage-out
situation. No matter how well-formulated the TM and LM may be, if the stochastically
generated candidates do not include the correct and fluent translation, the system will
eventually deliver a garbage output, that is, a disfluent sentence, as the best one. This kind of
error is known as searching error. Because the TM and LM have limited expressive power to
describe the real criteria that carry the generation process, the decoding process might only
generate noisy sentence segments and thus disfluent sentences for scoring. This could lead to
bad performance in terms of BLEU score or human judgments.

Phrase-based SMT had partially resolved the expressive power issue of TM and LM by
using longer word sequences. However, the acquisition of phrases has its own problems. In
particular, most phrase-based SMT acquires the phrase pairs by conducting bilingual word
alignment first. Adjacent words are then connected in some heuristic ways [12, 13, 14, 15],
which do not have direct link with the source or target grammar, to form the phrases . The
phrases generated in this way normally do not satisfy any global optimization criteria related
to the target grammar, such as maximizing the likelihood of the target language sentences.
The quality of such phrases is therefore greatly affected by the word alignment accuracy; and,
the phrases for the target language side may not really respect the target grammar. Under
such circumstances, a huge number of noisy phrases will be introduced and significantly
enlarge the searching space. The stochastically generated phrase sequences thus may not
correspond to good candidate sentences either.

To summarize, the application of word-for-word or phrase-to-phrase translation (with
noisy phrases) plus a little bit local word/phrase re-ordering in classical SMT might not
generate fluent target sentences that respect the target grammar. In particular, many target
specific lexical items and morphemes cannot be generated through this kind of models. If
they do, they may be generated in very special ways. This could be a significant reason why
the SMT models do not work well after the long period of research.

The implication is that we might have to examine the argmax
E

operation, that is, the

decoding or searching process, in the classical SMT models more carefully. We should try
decoding method that respect target grammar more, instead of following the criteria set forth
by the TM and LM of the SMT model, which encode highly simplified version of the target
grammar. Only with a decoding process that respect the target grammar, will the system
generate fluent candidates at the first place before submitting the candidates to the TM and
LM for scoring.

Furthermore, a phrase-based language model, instead of word-based n-gram model for
the target side may improve the fluency of machine translation further since more context
words can be consulted, if the phrases are not noisy. To avoid a huge number of noisy
source-dependent phrases that might be harmful for fluency and searching, such phrases may
better be trained from a target corpus, instead of being acquired from bilingually word-
aligned chunks.
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1.3 Statistical Post-Editing Model Based on Monolingual SMT

Instead of developing new models for the TM and LM, an alternative to improve the
translation fluency is to cascade an Automatic Post-Editing (APE) module to the translation
output of an MT/SMT system. While the classical SMT models may not be suitable for
directly generating fluent translation, due to the limited expressive power of the TM and LM
and search errors of the decoding process, an SMT or its variant may be sufficient for re-
ranking hypotheses in the automatic post editing purposes, if appropriate hypotheses
generation mechanism is available. Actually, we can regard a post-editing process as a
translation process from disfluent sentence to fluent sentence. This is particularly true if the
disfluency is limited to local editing operations like insertion of target specific morphemes,
deletion of source-specific function words, and lexical substitution from many possible
lexical choices. These kinds of errors are often seen in MT/SMT systems. Inspired by the
above ideas, this paper propose a statistical post-editing (SPE) model based on a monolingual
SMT paradigm for improving the translation fluency of an MT system, instead of improving
the TM directly.

In this SPE model, the searching or decoding is a fluency-based search. We search fluent
translations, based on the lexical hints of the disfluent sentence, from a large target text
corpus or from the Web. Therefore, all candidates will be fluent ones. The best hypotheses re-
ranked best by the SPE model will then serve as the post-edited version of the disfluent
sentence. Sometimes, a searched sentence may not have a high translation score to justify
itself as an appropriate translation. For instance, the target sentence pattern may be correct
but different lexical choices have been made. In this case, automatic local editing is applied
to the weakest alignments to incrementally patch the target sentence pattern with right target
lexical items. By combining the grammatical (and fluent) sentence pattern of the searched
sentence and the right lexical items from the disfluent sentence, the disfluent translation could
be repaired to a fluent one incrementally. This may include some local insertion, deletion and
lexical substitution operations over phrase pairs that are unlikely to be translation of each
other.

To really improve the fluency incrementally, the local editing process is applied in a
manner that will monotonically increase the likelihood of the incrementally repaired sentence.
To respect the target grammar further, the repair is phrase-based. In other words, phrase-
based n-gram language model (n=1) is used in the translation score so that the likelihood of
the repaired target sentence is incrementally increased during the local editing process.

In parallel with the development of our work, a few APE systems were also proposed [7,
20, 21, 8] with good results. Publicly available SMT systems (like Portage PBMT, Moses,
etc.) are used directly as the post-editing module. They are trained using human post-edited
target sentences with their un-edited MT outputs to learn the translation knowledge between
disfluent ( source ) and fluent ( target ) sentences [20]. Alternatively, they may be trained
using standard parallel corpora (Europarl, News Commentary, Job Bank, Hansard, etc.)
where the disfluent sentences are generated using a rule-based MT (like SYSTRAN) or other
SMT [21].

Therefore, these works require substantial human post-editing costs to train the SMT. Or
they need a sizable parallel corpus for training, which may not be available to many language
pairs. In addition, it requires an RBMT or SMT pre-trained for translating the source corpus,
which may not be available to many language pairs. Most importantly, these frameworks use
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the same decoding process as well as the TM and LM of the original SMT to generate their
post-editing hypotheses. Therefore, the previously discussed performance issues that apply to
classical SMT will also apply to such APE modules. The cascade of an SMT as an APE
module might imply the use of a system with low BLEU performance to correct the outputs
with low BLEU scores. The improvement could thus be substantially limited. This may be
seen from the fact that the contribution of the APE becomes negligible as the training data is
increased [21].

In contrast, we discard the stochastic decoding process, which might generate disfluent
hypotheses, but search a large corpus for highly similar sentences to the disfluent sentence,
and thus will have raw hypotheses with high BLEU scores. Additional local editing will
further improve the fluency. Furthermore, our proposal can generate interesting error patterns
automatically using the target language corpus alone. Therefore, the APE module can be
constructed without a real MT system (although it would be better to have one in order to
correct the specific errors of a specific system.). The following sections will discuss the
formulation in more details.

2 Problem Formulation for SPE

In our work, we propose to adopt a Statistical Post-Editing (SPE) Model to translate disfluent
-to- .

As will be seen later, it can be trained with a Monolingual SMT Model. Given a disfluent
sentence E translated form a source sentence F, the automatic post-editing problem can be
formulated as finding the most fluent sentence E* from some candidate sentences E such that:

EEE

EEE

E

E

Pr|'Prmaxarg

'|Prmaxarg*
(2)

As usual, we will refer Pr(E |E) as the translation model (TM), and Pr(E) as the language
model (LM) of the SPE model. We thus encountered the same SMT problems to formulate
the TM, LM and the decoding (or searching) process.

2.1 Order-Preserved Translation Model

The automatic post-editing problem is intuitively easier than SMT since we can assumes that
the disfluency is due to some local editing errors, such as mis-insertion or mis-deletion of
function words, and wrong lexical choices. Under this assumption, we can formulate the TM
as:

'

'

Pr ' |

Pr ', |

max Pr ', |

Pr ', |

Pr |
p s p

A

A
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p p
E A E

E E

E A E

E A E

E A E

E E

(3)
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In Eqn. (3), phrase-aligned phrase pairs are represented by E p and Ep for the disfluent
and fluent versions, respectively. We assume that the most likely alignment As, among all
generic alignment pattern A, between E and E is an order-preserved or sequential
alignment between their constituents. We further assume that this most likely alignment has
much higher probability than other alignments such that we don t have to sum over all
generic alignment patterns. In the post-editing context, this assumption may be reasonable if
the disfluency results from simple local editing operations. In particular, if we are using
phrase-based alignment, the word order within the phrases can be ignored. The order
preservation assumption will be even more reasonable. We therefore assume that the TM is
the product of the probabilities of sequentially aligned target phrase pairs. The phrase
segmentation model for dividing E or E into phrases will be further detailed later when
discussing the target phrase-based LM. Given the segmented phrases, the best sequential
alignment can easily be found using a standard dynamic programming algorithm for finding
the shortest path .

The TM for the SPE model is special in that the training corpus can be easily acquired
from a large monolingual corpus with fluent target sentences. Generating a disfluent version
of the fluent monolingual corpus automatically based on some error model of the translation
process will make this possible. One can then easily acquire the model parameters for
translating disfluent sentences into fluent ones through a similar training process for a
standard SMT. In comparison with standard SMT training, which requires a parallel bilingual
corpus, the monolingual corpus is much easier to acquire.

2.2 Target Phrase-Based Language Model

To respect the fluency of the target language in the decoding process, the language model
score Pr(E) should be evaluated based on long target language phrases, Ep, instead of target
words. The phrases should also be defined independent of source-language in order not to
introduce a huge number of noisy phrases as PBSMT normally did. The proposed LM for the
current SPE, which is responsible for selecting fluent target segments, is therefore a phrase-
based unigram model, instead of the widely used word-based n-gram model. In other words,
we have

Pr Pr
Ep E

E Ep .

To avoid source-language dependency, we also decided not to define target phrases in
terms of chunks of bilingually aligned words. Instead, the best target phrases are directly
trained from the monolingual target corpus by optimizing the phrase-based unigram model.
In other words, the best phrase sequence *p for an n-word sentence 1

nw , will be the sequence,
among all possible phrase segmentation, 1

mp , such that:

1 1

*
1 1argmax Pr | argmax Pr

m m

m n
i

p p i

p p w p .

Fortunately, extracting monolingual phrases using the phrase-based uni-gram model can
be done easily. The training method is just like the word based uni-gram word segmentation
model [4], which was frequently used in Chinese word segmentation tasks. Unsupervised
training is easy for this. Upon convergence, a set of well-formed phrases can be acquired.
(This set of phrases will be called a phrase example base, PEB. Phrases in the PEB will be
used later in the Local Editing Algorithm for post-editing.)
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Since a phrase trained in this way can be longer than a 3-gram pattern, the modeling
error could be reduced to some extend. Furthermore, the number of such phrases will be
much smaller than those randomly combined phrases acquired from word-aligned word
chunks. As a result, the estimation error due to data sparseness will be significantly reduced
too. Unlike the rare parallel bilingual training corpus, the amount of such target language
corpora is extremely large. Therefore, fluent phrases can be extracted easily. With phrases as
the basic lexical unit, SPE model will reduces to

'

* argmax Pr ' | Pr
E Ep As Ep

E Ep Ep Ep (4).

Since a phrase can cover more than 3 words, the selected phrases might be more fluent
than word trigrams. Such phrases will fit target grammar better and therefore will prefer more
fluent target sentences in general.

2.3 Search-Based Decoding for Fluency

One key issue that causes disfluency is the decoding process used in classical SMT. Most
decoding process regard target sentence generation as a stochastic process, and only local
context of finite length window is consulted while decoding. Therefore, the target sentences
generated in this way are usually not fluent. Our work proposes to search fluent translation
candidates from a huge target sentence base or from web documents, instead of using
traditional decoding methods to generate the translation candidates. Since the large corpus
and the Web documents are produced by native speakers, the target sentences thus searched
are most likely fluent with high BLEU scores.

Our current work simply used a heuristic matching score to extract a set of candidate
sentences for a disfluent sentence. The candidates are then re-ranked using the translation
score defined by the SPE model. The best candidate will be regarded as the post-edited
version of the disfluent sentence if the translation score is higher than a threshold. Otherwise,
it will be locally edited to incrementally increase its translation score. The matching score is
simply the number of identical word tokens in two sentences, which is normalized by the
average length of the two sentences. In other words, it is the percentage of word matches
between two sentences.

We searched the candidate translations from the Academia Sinica Word Segmentation
Corpus, ASWSC-2001 [6], as well as Chinese webpages indexed by Google. (We assume
that the target language is Chinese.) Different query strings will result in different returned
pages. Totally, we have tried 4 models for searching:

(1) Model C: search the corpus (only) for Top-N hypotheses (N=20). (The length difference
must not be greater than two words.)

(2) Model C+W: search the corpus and the web for additional N hypotheses by submitting
the complete disfluent target sentence as-is to Google.

(3) Model C+W+P: including partial matches against substrings of the disfluent target
sentence, where 1~L-1 words in the disfluent sentence are successively deleted and then
submitted as query strings to the search engine. (L: number of words in disfluent sentence)

(4) Model C+W+Q: adjacent words in the deleted disfluent sentence are quoted as a single
query token before submission so that the search engine will match more exactly.

Even with such a heuristic search, a substantial number of fluent sentences similar to the
disfluent sentences can be found for re-ranking and local editing.
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2.4 Local Editing

If exact translation is found during searching, the searching process itself is exactly a perfect
translation process. If highly similar sentences are found, simple lexical substitution or
automatic post-editing [9, 11] might patch the searched fluent sentences into correct
translations. Some previous works for automatic post editing have been restricted to special
function words, such as the English article the/a [9, 10], the Japanese case markers and
Chinese classifier or particle de [18]. The automatic post-editing model here is intended to
resolve general editing errors that are frequently made by a machine translation system.

Briefly, the best sentence ebE * in the searched candidates will be output as the
translation of the disfluent translation E if the translation score associated with the SPE
model is higher than a threshold. (The set of candidate translation sentences is called its
example base, thus the subscript eb .) Otherwise, the automatic local editing algorithm will
find the weakest phrase alignments and fix them one-by-one to maximize the translation
score.

An alignment phrase pair <Ep , Ep> is said to be weak if its local alignment score
Pr(Ep |Ep) x Pr(Ep) is small and thus contributes little to the global translation score for the
sentence pair <E , E>. When the weakest pair, (Ep - | Ep-) with the lowest local alignment
score is identified, we should try to replace Ep-, the most questionable phrase in the fluent
(yet incorrect) example sentence E, with some candidates that would make the patched
example sentence more likely to be the translation of E .

There are some reasons why the alignment (Ep - | Ep-) is the weakest. First of all, Ep-
might not be the right phrase, and should be replaced by Ep - to make the fluent sentence E
also the correct translation of E . Second, Ep - might not be the correct translation of some
source phrase. In this case, the most likely translation(s) of Ep -, called Ep+, should be used
to replace Ep-. Third, Ep- is a more appropriate phrase than Ep+. In this case, it should be
retained and next weakest alignment pair be repaired.

As a result, potential candidates for replacing Ep- will include Ep -, Ep+ and Ep- itself.
The best substitution will be the phrase that maximizes Pr(Ep |Ep) x Pr(Ep). Actually, many
phrases in the PEB can be a more fluent version of Ep -. Currently, the 20 best matches will
play the role of Ep+ during local editing. And the local editing algorithm will successively
edit weaker alignments until the (monotonically increasing) translation score is above some
threshold. The algorithm is outlined as follows.
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Local Editing Algorithm
Input E and ebE *

Step 1 Find the weakest alignment entry in E from the <E , ebE * > alignment.

' '
' argmin Pr ' | Pr( )

Ep E
Ep Ep Ep Ep

Step 2 Identify Ep that is the phrase in ebE * aligned with 'Ep .
'align EpEp

Step 3 Find the fluent phrase Ep of 'Ep from PEB .
'PEB EpEp

Step 4 Select the best substitution among Ep -, Ep+ and Ep- which maximize the
translation score:

*

' , ,
argmax Pr ' | Pr( )

ps

ps
E Ep Ep Ep

E E E E

Step 5 Cut Ep from ebE * and paste Eps to ebE * .
* * ( ) ( )eb ebE E Ep Eps

(Repeat until the translation score Pr(E xPr(E) reaches some threshold.)

Constrained Decoding
Note that, local editing is applied only to a local region of the example sentence based

on the disfluent sentence. Intuitively, those sentences searched from a text corpus or from the
Web corpus will be much more fluent than stochastically combined sentences from the SMT
decoding module. Even if local editing is required, the repair will be quite local. The search
space for repairing will be significantly constrained by words in the most likely example
sentence. Such a searching and local editing combination can thus be regarded as a
constrained decoding. The searching error can thus be reduced significantly in comparison
with the large search space of the decoding process of a typical SMT.

2.5 Generating Faulty Sentences

The TM parameters can actually be trained from an E'-to-E monolingual Machine Translation
System, where E' can be derived by applying to E some commonly found editing operations
in the SMT translation process. The operations might include the insertion of target specific
lexicon, deletion of source specific lexicon, local reordering of words and substitution of
lexical items.

In the current work, we apply three kinds of editing operations to the fluent sentences in
a monolingual corpus to simulate frequently found errors in an MT system. The fluent and its
disfluent versions are then phrase segmented so that the sentences are represented by phrase
tokens (instead of word tokens). Such fluent-disfluent (E-E ) target sentence pairs are then
trained using the GIZA++ alignment tools [12, 13, 14, 15]. Upon convergence, the translation
model between the sentences to be post-edited and their correct translation can readily be
acquired.
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The three editing operations include:

(1) Insertion: The insertion errors will occur when an MT system translates a source
word into a target word while it should not be translated. For instance, the English infinitive
to need not be translated into any Chinese word most of the time. But the bilingual
dictionary may indicate the possibility to translate it into (chu). We therefore
automatically insert the Chinese words to simulate such an error.

(2) Deletion: The deletion error occurs when a target specific word is not generated in
the translation. For instance, the Chinese classifiers have no correspondence in the English
language. We therefore delete the following classifiers from fluent Chinese sentences to
create instances with deletion errors: , , , , , .

(3) Substitution: When a translation system chooses a wrong lexical item, a typical
substitution error will occur. To simulate the substitution errors, Chinese words in the fluent
sentences are lookup against an English-Chinese dictionary. Chinese words that are also the
translation of the English word are then substituted to simulate the substitution error. For
instance, is a Chinese translation for the English word problem . But problem also
has other translations, like and . These words are therefore used to simulate the
substitution errors. In our simulation, the top-30 most frequently used Chinese words are
adopted to simulate the substitution errors.

With disfluent sentences created from fluent sentences with the above frequently
encountered translation errors, an automatic statistical post-editing model can readily be
trained using state-of-the-art alignment tools.

3 Experiments

To see the performance of the current SMT-based SPE model, about 300,000 word
segmented Chinese sentences from the Academia Sinica [6] was used as our target sentence
corpus. The corpus has about 2,450,000 word tokens, and the vocabulary size is about 83,000
word types. 10% of the sentences are used as the test set and 90% are used for training. The 3
types of errors are applied to the testing sentences independently. For each error type, 100
sentences are randomly selected for evaluating automatic post editing.

The performance is evaluated in terms of two criteria. The first criterion is the number
(percentage) of fully corrected disfluent sentences from the test set. By fully corrected, we
mean that the sentence corrected by the statistical post editing (SPE) system is completely the
same as its original fluent version. Table 1 indicates the performance in terms of the error
correction capability.

Searching ModelsError types C C+W C+W+P C+W+Q
Substitution 21 23 32 34
Deletion 28 39 46 62
Insertion 40 43 47 47
Average 30 35 42 48

Table 1. Number of fully corrected sentences with
different searching models (N=100)
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Note that, even with the very simple minded searching method, the SPE was able to
correct, on average, about 48% of the faulty sentences to their fluent version if the search
space is sufficiently large (with the C+W+Q searching model). The performance increases
with the search space. And the performance is increased at most by 62%, 121% and 17.5 %,
respectively for the substitution, deletion and insertion errors when the Web corpus is
included to the search space. Obviously, the substitution is the hardest to resolve while
insertion error seems to be easier to resolve.

The second evaluation criterion is the improvement in the BLUE score with respect to
the un-corrected test sentence. Table 2 shows the BLEU scores for the various searching
models. The first column labeled as E (ts) lists the BLEU scores for the test sentences that
has not been post-edited. By searching for fluent translation and applying local editing, the
BLEU scores are improved with increasing search space. The best performance is to increase
the BLEU scores by 15%, 38% and 26% respectively for the three types of errors. On average,
the improvement is about 26%, which is substantial. On the other hand, the absolute changes
are 9.4, 22.8 and 16.9 points in BLEU score, respectively.

BLEU ScoresError Types E (ts) C C+W C+W+P C+W+Q
Substitution 0.637 0.656 0.676 0.737 0.731
Deletion 0.598 0.686 0.750 0.781 0.826
Insertion 0.646 0.762 0.780 0.810 0.815

Table 2. BLEU Scores for Various Searching Models

Note that, with search-based decoding, the absolute BLEU scores are much higher than
automatic post editing systems that simply cascade a classical SMT module to the output of
an MT/SMT [20, 21, 8]. Although the experiment settings are not the same and thus cannot
be compared directly, the results to have higher absolute BLEU scores can be expected since
searched sentences are almost always fluent, whether they are post-edited or not.

Obviously, with the same training corpus, the search space and the searching method
play important roles in improving the performance. The inclusion of the web corpus does
improve the performance significantly. It was reported in [19] that well formulated query
strings can effectively improve searching accuracy. Therefore, by using better searching
strategy, part of the translation problems for fluent translation might be resolved as a
searching and automatic post-editing problems. Currently, a statistical searching model
specific for the fluency-based decoding is being developed.

4 Concluding Remarks

In this paper, we propose not to generate sentence hypotheses for APE systems by using
conventional SMT decoding process, since such a decoding process tends to lead to an open-
ended search space. It is not easy to generate fluent sentence hypotheses under such
circumstances due to the large search error. We propose to search sentence hypotheses, from
a large target text corpus or from the web, based on the words in the disfluent translations,
since the potential candidates will mostly be fluent. A statistical post-editing model is also
proposed to re-rank the searched sentences, and a local editing algorithm is proposed to
automatically recover the translation errors when the searched sentence is not a good
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translation. With the SPE, the local editing algorithm tries to maximize the translation score
for each local editing. It therefore improves the translation fluency incrementally. Since the
TM can be trained from an automatically generated fluent-disfluent parallel corpus, training
such a system is easy. The evaluation shows that, on average, 46% of translation errors can
be fully recovered, and the BLEU score can be improved by about 26%. The absolute BLEU
is also high with the search-based decoding process in comparison with conventional
decoding process.
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摘要

在此篇論文中，我們提出一個自動將問題分類至現有詞網 (WordNet) 中之細分類方

法。為此，我們利用維基百科之特性以及其文章標題，建立大規模語意實體分類表，

包含了1,581,865個實體。為了表現我們研究之效用，我們建構了一個基於冗餘原則的

自動問題回答系統，並透過所提出的問題分類方法來增進其效能。實驗結果顯示所提

出的方法能夠有效地提升問題分類與回答的精確率。

Abstract

In this paper, we introduce an automatic method for classifying a given question using broad 

semantic categories in an existing lexical database (i.e., WordNet) as the class tagset. For this, 

we also constructed a large scale entity supersense database that contains over 1.5 million 

entities to the 25 WordNet lexicographer’s files (supersenses) from titles of Wikipedia entry. 

To show the usefulness of our work, we implement a simple redundancy-based system that 

takes the advantage of the large scale semantic database to perform question classification 

and named entity  classification for open domain question answering. Experimental results 

show that the proposed method outperform the baseline of not using question classification.

關鍵詞： 自動問題回答，問題分類，辭彙語意資料庫，辭網，維基百科

Keywords: question answering, question classification, semantic category, WordNet, 

     Wikipedia.

1. Introduction

Question classification is considered crucial to the question answering task due to its ability 
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to eliminating answer candidates irrelevant to the question. For example, answers to person-

questions (e.g., Who wrote Hamlet?) should always be a person (e.g., William Shakespeare). 

Common classification strategies includes semantic categorization and surface patterns 

identification. In order to fully benefit from question classification techniques, answer 

candidates should be classified the same way as questions.

 Surface patterns identification methods classifies questions to sets of word-based 

patterns. Answers are then extracted from retrieved documents using these patterns. Without 

the help  of external knowledge, surface pattern methods suffer from limited ability to exclude 

answers that are in irrelevant semantic classes, especially when using smaller or  

heterogeneous corpora. 

 An other common approach uses external knowledge to classify questions to semantic 

types. In some previous QA systems that  deploy question classification, named entity 

recognition (NER) techniques are used for selecting answers from classified candidates. 

State-of-the-art NER systems produce near human performances. Good results are often 

achieved by handcrafted complex grammar models or large amount of hand annotated 

training data. 

 However, most high performance NER systems deal with a specific domain, focus on 

homogeneous corpora, and support a small set of NE types. For example, in  the Message 

Understanding Conference 7 (MUC-7) NER task, the domain is “Airplane crashes, and 

Rocket/Missile Launches” using news reports as the corpus. There are only three NE classes 

containing seven sub classes: ORG, PERSON, LOCATION, DATE, TIME, MONEY, 

PERCENT. Notice that in the seven subclasses, only three of them are NEs of physical 

objects, others are number based entities. This is apparently  insufficient for candidates 

filtering for general question answering. Owing to the need of wider range NE types, some of 

the later proposed NE classes construct of up to 200 sub classes, but NER systems targeting 

these types of fine-grained NE classes may not be precise enough to achieve high 

performance.

 The amount of supported classification types greatly  influences the performance of QA 

systems. A coarse-grained classification achieving higher precision, may still be weak in  

excluding improper answers from further consideration. A fine-grained classification may 

seem a good approach, but the cost of high-precision classification may  be too high to 

produce actual gain in QA systems.

 Moreover, in open domain QA, answers are not necessarily  NEs nor can they be 

captured by  using simple surface patterns. Using a small set of NE types to classify  questions 

has its limits. We randomly analyzed 100 question/answer pairs from the Quiz-zone Web site 

(http://www.quiz-zone.co.uk/), only 70% of them are NEs. This shows being able to classify 

common nouns is still very important in developing QA systems.

 In order to support more general question anwering, where the answer can be NEs and 

common nouns, we took the approach of using finer-grained semantic categories in an 

existing lexical database (i.e., WordNet). WordNet is a large scale, hand-crafted lexical 

ontology  database widely used in solving natural language processing related tasks. It 

provides taxonomy of word senses and relations of 155,327 basic vocabularies that can be 

used as an semantic taxonomy for entity classification. However, in the later sections of this 

paper, we will show that WordNet leave room for improvement in question classification and 
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answer validation, and more entities, especially NEs, are needed to achieve reasonable 

coverage for answer candidates filtering.

 With this in mind, we turn to Wikipedia, an online encyclopedia compiled by millions 

of volunteers all around the world, consisting articles of all kinds. It has become one of the 

largest reference tool ever. It is only natural that many researchers have used Wikipedia to 

help perform the QA task. 

 Using WordNet semantic categories and rich information from Wikipedia, we propose 

an minimally  supervised question classification method targeting at the 25 WordNet 

lexicographer’s files for question classification. Experimental results show promising 

precision and recall rates. The method involve extending WordNet coverage and producing 

the training data automatically  from question/answer pairs, and training a maximum entropy 

model to perform for classification.

 The rest of the paper is organized as follows. In the next section, we review related 

work in question classification and question answering. In Section 3 we explain in detail the 

proposed method. Then, in Section 4 we report experimental results and conclude in Section 

5.

2. Related Work

Text Retrieval Conference (TREC) has been one of the major active research conferences in 

the field of question answering. The early tasks in the question answering track in TREC 

focuses on finding documents that contain the answer to the input question. No further 

extraction of exact answers from the retrieved documents is required.

 In an effort to foster more advanced research, the TREC 2005 QA Task focuses on 

systems capable of returning exact answers rather than just the documents containing 

answers. Three types of questions are given, including FACTOID, LIST, and OTHER. For 

every  set  of questions a target text is also given as the context  of the set of questions. LIST 

questions require multiple answers for the topic, while FACTOID questions required only  one 

correct answer. Therefore, many consider LIST questions are easier.

 More recent TREC QA Tasks focuses on complex, interactive question answering 

systems (ciQA). In ciQA Tasks, fixed-format template questions are given (e.g. What 

evidence is there for transport of [drugs] from [Mexico] to [the U.S.]?). Complex questions 

are answerable with several sentences or clauses. (e.g. United States arrested 167 people - 

including 26 Mexican bankers) The design of an interactive query interface is also a part of 

this task. In this paper, we focus on the issue of classifying questions in order to effectively 

identify potential answers to FACTOID and LIST questions.

 More specifically, we focus on the first part of question answering task, namely 

identifying the semantic classes of the question (and answer) that can be used to formulate an 

effective query for document retrieval and to extract answers in the retrieved documents. The 

body of QA research most closely related to our work focuses on the framework of 

representing types of questions and automatic determination of question types from the given 

question. Ravichandran and Hovy [2002] proposed a question classification method that does 

not rely on external semantic knowledge, but rather classifies a question to different sets of 
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surface patterns, e.g. ENTITY was born in ANSWER, which requires ENTITY as an anchor 

phrase from the given question and impose no constraint on the semantic type of ANSWER. In 

contrast, we use a sizable set of question and answer pairs to learn how to classify  a given 

question into a small number of types from the broad semantic types in the existing lexical 

knowledge base of WordNet.

 In a study  more closely  related to our work, Ciaramita and Johnson [2003] used 

WordNet for tagging out-of-vocabulary term with supersense for question answering and 

other tasks. They discovered it is necessary to augment WordNet by employing complex 

inferences involving world knowledge. We propose a similar method WikiSense1that uses 

Wikipedia titles to automatically create a database and extend WordNet by adding new 

Wikipedia titles tagged with supersenses. Our method, which we will describe in the next 

section, uses a different machine learning strategy  and contextual setting, under the same 

representational framework

 Once the classes of the given questions have been determined, typical QA systems 

attempt to formulate and expand the query  for each type of question or on a question by 

question basis. Kwok et al. [2001] proposed a method that matches the given question 

heuristically against a semi-automatic constructed set of question types in order to transform 

the question to effectively queries, and then extract  potential answers from retrieved 

documents. Agichtein, Lawrence, and Gravano [2004] used question phrases (e.g., “what is 

a” in the question “What is a hard disk?”) to represent  the question types and learn query 

expansion rules for each question type. Prager et al. [2002] describe an automatic method for 

identifying semantic type of expected answers.  In general, query expansion is effective in 

bringing more relevant document to the top-ranked list. However, the contribution to the 

overall question answering task might be marginal only. In contrast to the previous work, we 

do not use question types to expand queries, but rather use question types to filter and re-rank 

potential answers, which may  contribute more directly  to the performance of question 

answering.

 Indeed, effective explicit  question classification is crucial for pinpointing and ranking 

answers in the final stage of answer extraction. Ravichandran and Hovy [2002] proposed a 

method for learning untyped, anchored surface patterns in order to extract and rank answers 

for a given question type. However, as they pointed out, without external semantic 

information, surface classification suffers from extracting answer of improper class. Example 

shows a where-is question (e.g. Where is Rocky Mountains?) may be classified to the pattern 

“ENTITY in ANSWER” (”Rocky Mountains in ANSWER”), but with the retrieved text “...took 

photos of Rocky Mountains in the background when visiting...”, the system may  mistakenly 

identifies “background” as the answer. Intuitively, by imposing a semantic type of 

LOCATION on answers, we can filter out such noise (background belongs to the type of 

COGNITION according to WordNet). In contrast, we do not rely on anchor phrases to extract 

answers but rather use question types and redundancy to filter potential answers.

 Another effective approach to extract and rank answers is based on redundancy. Brill, 

Lin, Banko, Dumais and Ng [2001] proposed a method that uses redundancy in two ways. 

First, relevant relation patterns (linguistic formulations) are identified in the retrieved 

documents, redundancies are counted. Second, answer redundancy  is used to extract  relevant 

1 The data of WikiSense will be made available to the public in the near future
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answers. Distance between answer candidates and query terms are also considered in the 

proposed method through re-weighting. In our QA system, we use a similar approach of 

answer redundancy as our base line.

 In contrast  to the previous research in question classification for QA systems, we 

present a system that automatically learns to assign multiple types to a given questions, with 

the goal of maximizing the probability of extracting answers to the given question. We exploit 

the inherent regularity of questions and more or less unambiguous answer in the training data 

and use semantic information in WordNet augmented with rich named entities from 

Wikipedia.

3. Proposed Methods

In this section, we describe the proposed method for supersense tagging of Wikipedia article 

titles, minimally supervised question classification, and a simple redundancy based QA 

system for evaluation.

3.1 Problem Statement and Datasets

We focus on deploying question classification to develop  an open domain, general-purpose 

QA system. Wikipedia titles, Wikipedia categories and YAGO are used in the process of 

generating WikiSense. For question classification, the 25 lexicographer's files in WordNet 

(supersenses) are used as the targeting class tagset. Both WordNet and WikiSense are used to 

generate the training data for classifying questions. 

person cognition time event feeling

communication possession attribute quantity shape

artifact location object motive plant

act substance process animal relation

food state phenomenon body group

Table 1. The 25 lexicographer's files in WordNet, or supersenses.

 At run time, we continue to use both WikiSense and WordNet for answer candidates 

filtering. Either the Web is used as the corpus, and Google is used as the information retrieval 

engine.
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1) Generate Large Semantic Category from Wikipedia titles (WikiSense)

 (Section 3.2.1)

2) Training of Question Classifier using WikiSense and WordNet

 (Section 3.2.2)

3) Redundancy QA System with Question Classification

 (Section 3.3)

Fig 1. Out line of the proposed method for QA system construction

3.2 Training Stage

The training stage of the proposed QA system consists of two main steps: generation of large 

scale, semantic category using Wikipedia (WikiSense) and training of fine-grained question 

classifier using WikiSense and WordNet. Figure 1 shows the steps of our training process and 

QA system.

 

3.2.1 Automatic Generation of Large Scale Semantic Category from Wikipedia

In the first stage of the training process (Step  (1) in Figure 1), we generate a large scale, finer-

grained supersense semantic database from Wikipedia. Wikipedia currently consists of over 

2,900,000 articles. Every article in Wikipedia is hand tagged by volunteers with up  to  a few 

dozens of categories. There are 363,614 different categories in Wikipedia, some used in many 

articles, while many are used in only  a handful of articles. These categories are a mixed bag 

of subject areas, attributes, hypernyms, and editorial notes. In order to utilize the information 

provided in Wikipedia categories, Suchanek, Kasneci, and Weikum [2007] developed YAGO 

as an ontology with links from Wikipedia categories to WordNet senses, thereby  resolving the 

ambiguities that exist in category terms (e.g., Capitals in Asia is related to capital city, while 

Venture Capital is related to fund).

 Although YAGO only covered 50% (182,945) of the Wikipedia categories, these 

categories covers of substantial part of Wikipedia articles. By using this characteristic in 

combination with YAGO, we use voting to heuristically determines which of the 25 WordNet 

lexicographer files the titles belongs to. Figure 2 shows the algorithm for categorizing 

Wikipedia titles using its Wikipedia categories and YAGO.
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procedure WikiSense(Wikipedia, YAGO, WordNet)

 Declare Tags as list

 Declare Results as list

 for each Article in Wikipedia:

  Title := title of Article

(1)  Initialize Vote as an empty dictionary

  for each Category in Article:

(2)   if Category is supported by YAGO:

(3a)    WordNetSense = YAGO(Category)

    Append WordNetSense to Tags

(3b)    WordNetSuperSense = WordNet(WordNetSense)

(4)    Vote[WordNetSuperSense]++

  Class := superSense with most votes in Vote

(5)  append <Title, Class, Tags> to Results

(6) return Results

Fig 2. Generation of WikiSense using Wikipedia titles/categories and YAGO

 For every articles in Wikipedia, we use a dictionary to keep track of which supersense 

has the highest votes (Step (1)). In Step (2), all the category  in the article are checked if they 

are supported by YAGO. Supported categories are than transformed to WordNet senses 

through YAGO in Step (3a). The transformed senses are than transformed again by WordNet 

to its corresponding supersense in Step Step  (3b), and the supersense is voted once (Step (4)). 

Once all categories has been checked, title and its supersense with the highest votes is 

recorded, we also recored all the transformed WordNet senses for future uses (Step (5)). After 

all the articles in Wikipedia are processed, all the recorded results are returned in Step (6). In 

the entire process, WordNet is only used to transform a word sense to its supersense (lexical 

file).

 We show the classification process and results of three example titles in Wikipedia in 

Table 2. None of these titles are in the WordNet vocabulary.

Wiki Title Zenith Electronics

Categories Consumer_electronics_brands, Electronics_companies_of_the_United_States,
Companies_based_in_Lake_County_Illinois, Amateur_radio_companies, 
Companies_established_in_1918, Goods_manufactured_in_the_United_States

Senses company#1 (3), electronics_company#1 (1), good#1 (1), 1:trade_name#1 (1)

Supersense noun.group (4), noun.attribute (1), noun.communication (1)

Wiki Title Paul Jorion

Categories Consciousness_researchers_and_theorists,  Artificial_intelligence_researchers,
Belgian_writers, Belgian_sociologists, Belgian_academics

Senses research_worker#1 (2), writer#1 (1), sociologist#1 (1), academician#3 (1)

Supersense noun.person (5)
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Wiki Title Hsinchu

Categories Cities in Taiwan

Senses city#1 (1)

Supersense noun.location (1)

Table 2. Example of Wikipedia titles classification for generating WikiSense

3.2.2 Minimally Supervised Question Classification

In the second and final stage in the training process (Step  (2) in Figure 1), we use WordNet 

and the previously introduced WikiSense to automatically create training data. Figure 3 

shows the training algorithm for constructing question classification method. We use the 

Maximum Entropy  Model to construct a single classifier with multiple outcomes (Step (1)). 

The input of this stage includes a semantic database to determine the outcomes and a set of 

question/answer pairs. For each question/answer pairs, we first determine whether the answer 

is listed in the input semantic database, unsupported question/answer pairs are neglected 

(Step (2)). In Step (3), a listed answer is transform into its supersense using semantic database 

as outcome(Step (3a)), features are extracted from question (Step  (3b)). Finally, extracted 

features and transformed outcome is used as an event to train the classifier in Step (4). After 

all the listed question/answer pairs has been processed, the trained classifier is returned.

procedure QC Train(SemanticCategory, QASet)

(1)  Declare Classifier as Maximum Entropy Model

  for each <Q, A> in QASet:

(2)    if A is not supported by SemanticCategory:

     continue

(3a)    Outcome  := SemanticCategory(A)

(3b)    Features := ExtractFeatures(Q)

(4)    Classifier.AddEvent(Features, Outcome)

  Classifier.Train()

(5)  return Classifier

Fig 3. Minimally Supervised training method  of question classifier.

 Most of the concepts in WordNet are basic vocabularies. Only  few name entities can be 

found in WordNet, whereas Wikipedia contains a large amount of NEs. For instance NEs  like 

“Charles Dickens” (writer) is in both WikiSense and WordNet vocabulary, while “Elton 

John”  (singer), “Brothers in Arms” (song) or “Ben Nevis” (mountain) can only be found in 

WikiSense. However, WordNet, being handcrafted, still have much higher accuracy on basic 

words and phrases. Therefore we use both WikiSense and WordNet to cover common nouns 

as well as NEs.

 There are three main features used in the training stage: (1) the supersense of NEs 
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found in the given question (2) the question phrase of the given question (3) any words in the 

given question.

Question Named Entity Class QuestionPhras
e

In kilometres, how long is the Suez Canal? noun.artifact how-long

The action in the film "A View To A Kill" features which bridge? noun.communication which-bridge

Which famous authour was married to Anne Hathaway? noun.person which-author

Table 3. Example questions and features

 At runtime, classification outcomes with probability higher than a threshold are 

retrieved. The value of the thresholds are set to a number of multiples uniform-distribution 

probability. In Section 4, we show experimental results of the proposed methods performed at 

different threshold.

3.3 Redundancy Based Question Answering System

We use Google as our document retrieval engine to search the entire Web. Only  the snippets 

of the top 64 retrieval results are used. After retrieving snippet passages, we take advantage of 

the large amount of retrieved text to extract candidate and rely on redundancy to produce the 

answer. Previous work shows that answer redundancy is an effective technique for the QA 

task (Brill et al. [2001]).

 Once answer candidates are extracted and redundancy counted, candidates are re-

ranked based on question classification results. We retain and make use of several predicted 

question types (with probability higher than a threshold), in other words, the given question 

may be classified to multiple classes. This is reasonable due to the characteristic of our class 

tagset. Consider the question “Where were Prince Charles and Princess Diana married?”. It 

may  be answered with either name of a city (London), or name of a church (St Paul's 

Cathedral), therefore the question type could be either LOCATION or ARTIFACT. After the 

passages are retrieved, answer candidates are extracted and classified using WordNet and 

WikiSense. Finally, we re-rank the 20 most frequent candidates by  order the candidates in 

descending order of question type probability, and then by frequency  counts. Finally, we 

produce the top n candidates as ouput.

4. Experimental Results Evaluation

In this section r, we describe experimental settings and evaluation results. In Section 4.1, we 

describe in detail the experimental settings and evaluation matrices. Then evaluation results 

and analysis of WikiSense and question classification are discussed in Section 4.2 and Section 

4.3. Finally, we report the performance of the classifier on a simple redundancy  based QA 

system and evaluate its effectiveness in Section 4.4. 
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4.1 Experimental Setting and Evaluation Matrices

In the first experiment, we explain and analysis the result  and coverage of WikiSense, which 

is then used in the second experiment to classify questions in addition to WordNet. 

 We collected 5,676 question/answer pairs as the training data from the Quiz-zone Web 

site (http://www.quiz-zone.co.uk/), an online quiz service with popular culture and general 

knowledge questions designed to be answered by human. To evaluate our method, one tenth 

of the question/answer pairs is separated from the training data as the evaluation data. Correct 

classes of the questions are labeled by human judges in order to evaluate the performance of 

question classification.

 We then used the proposed minimally supervised training method to generate two 

question classifiers based on different database setting. In the first  experiment, we only used 

WordNet to generate data to train the first classifier (baseline), and then compared the 

classifier with the second classier trained on both WordNet and WikiSense. The purpose is to 

show the amount of improvement contributed by  WikiSense, if any. Since WordNet is 

constructed by  human, we consider it to have higher precision. Therefore, WordNet is used 

when conflicting arises between WikiSense and WordNet. The results of both classifier are 

presented and compared in term of recall and precision rates.

4.2 WikiSense

An implementation of the proposed method classifies about 55% of all titles in Wikipedia, 

resulting a large scale, finer-grained, supersense semantic category containing 1,581,865 

entities.

 Unclassified titles are usually  caused by articles with little or no categories so their 

semantic type can not be accurately determined. However, the result does not imply the 

classification method has low coverage. Unlike most offline encyclopedias, Wikipedia is an 

ongoing collaborative work. Thousands of new and unfinished articles are created by 

volunteers or robots daily. The Wikipedia editorial principle state that every Wikipedia article 

should belong to at least one category, therefore uncategorized titles usually  belongs to 

articles still in the early stage of development (called “stubs” in the Wikipedia community).

4.3 Question Classification

In this section, we report the evaluation results on using the trained classifier to classify 

questions. Figure 4 shows the results of the two classifiers in terms of recall and retrieval size 

at different level of threshold (in multiples of 0.04, the average probability). At same recall 

performance, the lower retrieval size results in higher precision.   As Figure 5 shows, higher 

precision is achieved with higher threshold, trading off recall. Notice that the recall of both 

classifiers gradually decreases when threshold increases from one to five times of uniform 

probability. Above threshold 5, recall of both classifiers decreases rapidly. Considering recall 

being crucial to question classification task in order to prevent early elimination of the correct 

answer candidates, we focus our analysis on thresholds lower than 5. We can see that  the 
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precision increases for both classifiers as threshold increases. The combined classifier was 

able to achieve slightly higher recall and higher precision of 9% at threshold of 2 times of 

uniform probability. 

Fig 5. Performance in terms of precision and recall at different threshold.

4.4 Question Answering

In this experiment, we first  run our QA system with out any question classification as our 

baseline. We then run the same system on the same evaluation dataset using  two different 

question classifier, one trained by WordNet and the other trained on WordNet plus WikiSense.

Threshold Top 1 MRR Threshold Top 1 MRR

Baseline 34% 0.451 Baseline 34% 0.451

1.0 39% 0.476 1.0 43% 0.492

1.5 40% 0.482 1.5 43% 0.503

2.0 42% 0.501 2.0 44% 0.509

2.25 42% 0.503 2.25 43% 0.512

2.5 35% 0.457 2.5 35% 0.457

 (a) WordNet        (b) WikiSense + WordNet

Table 4. Top 1 precision and MRR result of deploying the 2 classifiers
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 Table 4 lists Top 1 precision and MRR of our baseline system and the system with the 

two classifiers at varying thresholds. As we can see, by including question classification, both 

systems performed better than baseline. With the enhancement of WikiSense, results in Table 

4(b) achieve significantly higher MRR and top 1 precision comparing to system with a 

classifier trained on WordNet only  (see Table 4(a)). The best performance of both MRR and 

top 1 precision was achieved by the system with both WikiSense and WordNet. At threshold 

of 2.25, the MRR was higher than the baseline by 0.061, and top 1 precision is higher by 9%.

5. Conclusions

Many future research directions present  themselves. For example expanding the coverage of 

WikiSense using other characteristics of Wikipedia, such as internal link structure, article 

contents, information boxes and Wikipedia templates, minimally  supervised training for 

automatically supersense tagging on Wikipedia title, and a more complex QA system that take 

full advantage of finer-grained classification.

 In summary, we have introduced a method of minimally  supervised training for fine-

grained question classification using an automatically generated supersense category 

(WikiSense) and WordNet. The method involves supersense tagging of answers to generate 

training data, and using Maximum Entropy model to build question classifiers. We have 

implemented and evaluated the proposed methods using a simple redundancy based QA 

system. The results show the method substantially  outperforms the baseline of now using 

question classification.
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Abstract 

 This paper presents a dialogue act detection approach using sentence structures and 
partial pattern trees to generate candidate sentences (CSs). A syntactic parser is utilized to 
convert the CSs to sentence grammar rules (SRs). To avoid the confusion between dialogue 
intentions, the K-means algorithm is adopted to cluster the sentence structures of the same 
dialogue intention based on the SRs. Finally, the relationship between these SRs and the 
intentions is modeled by a latent dialogue act matrix. Moreover, for the application to a travel 
information dialogue system, optimal dialogue strategies are trained using the partially 
observable Markov decision process (POMDP) for robust dialogue management. In 
evaluation, compared to the semantic slot-based method which achieves 48.1% dialogue act 
detection accuracy, the proposed approach can achieve 81.9% accuracy, with 33.3% 
improvement. 
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[1]Δڇഏ؆ֱ૿Δڶભഏ຾ઊ෻ՠᖂೃ(MIT)ऱ塊ᨚᖄᥦߓอ[2]Εભഏሽॾሽ໴ֆ׹
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(AT&T)ऱᒵՂࣚ೭ߓอ[3]Εֲ อ[4]Δߓᖲዌ(NICT)ऱளሏᖄᥦߒઔݾഏ୮ᇷಛຏॾઝء
֗א Philips ֆၲࢬ׹࿇ऱ߫־ழࠥปᏝ਷ᇬߓอ[5]Ζڇഏփֱ૿Δ؀ՕڶᎬ۩ሽᇩ਷
ᇬߓอ[6]ΕٌՕ߫޳ڶᖄᥦߓอ[7]Εՠઔೃঞڶཕᐝী᜔ᖲΕ௛ွ਷ᇬߓอऱኔ෼[8]Δ
ΔChoi࿛ᖂृ[10]ലኙߒრቹೠྒྷຝٝऱઌᣂઔڇอ[9]ΖߓՕཕᐝী᠔᛭ࣚ೭ኙᇩګࡉ
ᇩ፿றխ؁ޢᇩᑑಖࠡრቹΔ֗ኙᖞଡኙᇩመ࿓ᑑಖࠡ੡ኙᇩመ࿓ऱၲࡨΕ࿨ޔΕڇإ

ኙᇩ࿛Δشࠌ٦ᖲᕴᖂ฾(machine learning)ऱֱऄࠐ৬ࠡمᑓীܒאឰრቹΔ܀ຍԫຝ
։ऱֱऄኙ࣍፿ଃᙃᢝᙑᎄທߓګอڃᚨᙑᎄऱംᠲەآࠀᐞΖۖڇኙᇩጥ෻ຝٝΔؾ

ছऱઔڶߒᚨૻڶشणኪᖲ(finite state machine) [4]ፖຝٝᨠኘ್ࡳެ֛ױ࿓ݧ(partial 
observation Markov decision process, POMDP)[11]ࠐኔ෼Ζຍԫຝ։ऱઔ׌ߒᠲ੡ߓอፖ
 ᚨΖڃᔞᅝऱ່נ܂რቹڼऱრቹΔ٦ኙृشࠌឰܒյ೯խΔ٣ृشࠌ

२༓ࠐڣΔՑ૪፿ߢኙᇩߓอբᆖڶ᧩ထऱၞޡΔ֠ࠡਢ৬ዌ࣍Ⴤ।ڤ(slot-filling)ऱᇷ
ற஄਷ᇬֱऄբၞԵᚨشऱၸ੄ΖྥۖΔڂ੡፿ଃᙃᢝᙑᎄທګ।௑ჄԵᙑᎄΔၞԫޡ

ࡸᚨᙑᎄΖຍᣊীऱംᠲڃอߓऱრቹΔᖄીृشࠌܒᙑᎄ֗ᎄس෻ᇞขߢ൓۞ྥ፿ࠌ

ऱრቹೠྒྷ࿨ړ፿ଃᙃᢝᙑᎄऱයٙՀս౨൓ࠩࠠڇچயڶ۶ڕΔڼڂᇞެΖچפګآ

࣠ਢݺଚऱઔ׌ߒ૞ؾᑑΖೈڼհ؆Δݺଚٍݦඨ౨൓ࠩړߜऱԳᖲյ೯Δאࢬԫଡڶ

யऱߓอڃᚨᖲࠫאᝩ܍ኙᇩ࿇ཋհ࿖ቼΔᨃृشࠌլી࣍ኙߓอขسඈ؞੷۟ቧ༞ၞ

ۖ༼೏ࠡࢤ۩ױΔՈਢݺଚەࢬၦऱຝٝΖ 

፦ႃऱளሏઌᣂᇷಛ፿றࢬ᧭ኔءଚ੡ԱݺՀΖรԲᆏ༴૪ڕඈڜ੄ᆵהᓵ֮ऱࠡءڇ

֗ࠡኙᇩΕ፿ᆠᣊܑΕኙᇩ۩੡ࡉኙᇩ۩੡ࢬኙᚨऱ۩೯ᑑಖΖྥ৵ΔรԿᆏտฯᓵ֮

ு֨ऱኙᇩ۩੡ೠྒྷᑓীፖࠡಝᒭֱऄല๯༴૪ΖՀԫ੄ऱร؄ᆏ੡ኙᇩጥ෻ެ࿜ऱಝ

ᒭΖรնᆏऱኔ᧭ᎅࣔԱኙᇩ۩੡ೠྒྷᕴխ፿ଃᙃᢝᕴցٙऱಝᒭΕᑇጟኙᇩ۩੡۩੡

ೠྒྷֺለኔ᧭ࡉઌᣂอૠᇷறΖ່৵Δ࿨ᓵፖࠐآ୶ඨല๯ಘᓵ࣍รքᆏΖ 

ԲΕʳ ፿றگႃ 

2.1፿றᙕ፹ፖᑑಖ 

شࠌኔ᧭৛ᛩቼՀΔڇ audio-technica AT9940 ᑇۯᙕଃຽ܌ଅΔא ցۯ16 16KHzऱ࠷
ᑌ᙮෷ല࿇ଃԳऱ፿றᙕ࣍໢ᜢሐΖᙕଃൣቼ੡Δ࿇ଃԳ૿ኙሽᆰ۞۩ᙁԵ᤟֮Εᖙ܂

ᙕଃ֗ᙃᢝመ࿓Δᙕଃૠቤ૤ຂԳᖙ܂ଥڃޏᚨऱຝ։Ζ᜔گ٥ᙕࠩ 144 ଡኙᇩٽڃ
(dialogue turn)Δ᜔ᑇ੡ 1,586؁ऱ፿றΖᙕଃګݙ৵ΔאԳՠֱၞڤ۩ኙᇩ፿றઌᣂᇷ
றᑑૠ(ڕ Dialogueᒳᇆࡉ Turnᒳᇆ)Εኙᇩ۩੡(dialogue act, DA)Ζ 

2.2፿ᆠᣊܑ(Semantic Class) 

อயߓཋ႖ലၴ൷ᖄી࣍መဲڗอխΔૉᣂ᝶ߓ੡ഗ៕ऱኙᇩڤֱჄ।(slot-filling)אڇ
౨լኦऱംᠲΔઌለհՀΔૉലᣂ᝶ڗ༼֒ࠩ፿ᆠᣊܑΔլႛڇױኙᇩ۩੡ೠྒྷՂױᝩ

፿ற஄ڇΔڼڂऱጥ෻Ζړߜለڶ፿ற஄ऱឩᏺፖፂᥨՈ࣍ऱംᠲΔኙڍೠྒྷᣊܑመ܍

ऱᇷற։࣫መ࿓խΔݺଚലᑑಖ੡ᣂ᝶ڗऱဲნၞ܂ԫޡऱᖞ෻Δڕܛ। 1 խܧࢬ෼
ऱփ୲Ζ່৵Δݺଚ፦ႃऱ፿ற஄᜔ܶץ٥ 27ጟ፿ᆠᣊܑΖ 

2.3ኙᇩ۩੡(Dialogue Act)ߓࠡࡉอڃᚨ۩೯(Action) 
ᅝ፿ृᎅנԱԫ؁ᇩΔຍ؁ᇩߪءऱ֮ࠡڶڗრᆠΔ܀፿ृհאࢬᄎᎅנຍ؁ᇩٺڶጟ

໵ऱײؓڜᎅΔψᓮംࠐࠏ೚ԫଡ۩೯Δຍ༉ਢኙᇩ۩੡ΖᜰࠐኙᇩشױऱΖຍᑌ༉ؾ
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ปᏝਢ֟ڍΛωຍ؁ᇩ๯।ሒࠐנऱ DA੡ᇬംปᏝΖڼڂΔ፿ߢᖂ୮ጠڶࢬᣊীऱᄮ
ຏ۩੡੡�”ኙᇩ۩੡�”[12]Ζګݙ፿றگႃ৵Δࠉᖕߓอ༼ࠎऱٚ೭(task)Δݺଚ։࣫ኙᇩ
፿றޢڇ׊ࠀԫጟߓอٚ೭խ๻ૠԱᇠٚ೭ܶࢬਔऱ।໢(slot)ଖ֗ޢଡ।໢ױჄԵଖΔ
। 2ڕ อࣚ೭Ε਷ᇬߓ։੡ԿՕٚ೭Δ։ܑ੡਷ᇬױᙕऱ፿றխΔگࢬଚݺڇΖقࢬ
ནរઌᣂᇷಛࡉ਷ᇬٌຏઌᣂᇷಛΔࠡխร jଡٚ೭ܶץࢬऱ DAᑇ।ق੡Κ 

ऱ ᑇ ჄԵଖᑇױ

ऱܶץ ᑇ

 (1)

ࠡխ-1ਢڂ੡آჄଖױ౨ٚהࠡڇ೭խڶჄଖΔڕࠏΚٚ೭ 1ऱȸݺუ਷ᇬ೏ᥳȹٚࡉ
೭ 3ऱ ȸᇿݺᎅ೏ᥳऱழࠥ।ȹΖ ࠡהऱრቹץਔᦟ०Ε࿨ޔΕྤრቹΔ᜔٥ 38ଡΖ
ᅝኙᇩߓอೠྒྷृشࠌנऱ DA৵Δኙᇩߓอᚨٽנ܂෻ߓอڃᚨ۩੡אሒࠩृشࠌࡉ
հၴऱյ೯ΖڼڂΔݺଚ௅ᖕ DA ऱփ୲ᖞ෻ڕנቹ 2 ᚨΖՕڃอߓऱقࢬۯ᥏׳່
ીױ։੡ߓอᇬംآჄଖऱ।௑ᇷಛڃࡉ࿠ᇷಛऱ۩೯Δ᜔ڶ٥ 20ጟ [13]Ζ 
 

। 1Κ፿ᆠᣊܑᒤࠡ֗ࠏኙᚨऱᣂ᝶ဲნᒤࠏΖ 

 
। 2Κߓอٚ೭։ᣊ֗ࠡ।໢ױࡉჄԵଖհኙᅃ।ᒤࠏΖ 

 
। 3 ΚDA٨।Εࠡࡉ؁ࠏኙᚨऱ ActionΖ
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ԿΕʳ  อਮዌߓ

ਔ࿇ଃץຝٝΔृشࠌՂ੡אΔဠᒵقࢬቹ 1ڕอਮዌߓᓵ֮ऱء Uࡉ൷ߓگอڃᚨ
ಛஒࢬขسऱᜢଃ U′ΙۖဠᒵאՀ੡ኙᇩߓอຝ։Δ׌૞։੡ԿଡຝٝΔץਔᙁԵ๠
෻(input processing)Εኙᇩጥ෻(dialogue management, DM)ࡉᙁנ๠෻(output processing)Ζ
ᙁԵ๠෻ຝ։Δ፿ृऱ࿇ଃڇ U ᆖطຽ܌ଅႚಬ۟۞೯፿ଃᙃᢝᕴ(automatic speech 
recognizer, ASR)ࠀขسᙃᢝ࿨࣠WΔڼԫᙃᢝ࿨࣠ലಬ۟Ց૪፿ߢ෻ᇞ(spoken language 
understanding, SLU)໢ցၞ۩ᑨڇኙᇩ۩੡ೠྒྷۖ൓ࠩร cᣊኙᇩ۩੡ DACΔۖ SLUՈ
ਢءᓵ֮ऱு֨Δݺଚലດԫտฯ SLU ऱಝᒭֱऄࡉආشऱݾ๬Ζྥ৵ΔDACലႚಬ

ࠩኙᇩጥ෻ࠀ௅ᖕط POMDP ಖᙕ׾ኙᇩრቹᖵࡉಝᒭۖ൓ऱኙᇩ࿜ฃ(strategy)ࢬ
(dialogue act history) DAHࠐආٽ࠷ᔞऱڃᚨ(action) atΖᅝߓอ೚ڃנᚨ৵Δߓอലൕݺ

ଚ፦ႃۖࠐऱளڶᇷಛᇷற஄(travel information database)խ਷ᇬኙᚨऱᇷறࠀᙁڗ֮נ
Contextt۟፿ଃګٽᕴ(text-to-speech synthesizer, TTS)ขس፿ଃᇷಛ U′ႚሒ࿯شࠌ Ζृא

ՀݺଚലດԫտฯٺଡຝٝΖ 

 
ቹ 1 ΚኙᇩߓอਮዌቹΖ 

3.1Ց૪፿ߢ෻ᇞ(SLU) 

࿇ଃृشࠌอؘႊ௅ᖕߓኙᇩ۩੡ೠྒྷመ࿓խΔڇᑨڇ U ಖᙕ׾ኙᇩრቹᖵࡉ DAHࠐ

ೠྒྷ່ࠋრቹ DA*Δঞڼೠྒྷऄঞ(detection criterion)ࡳᆠ੡ڤ՗Κ 

),U|(argmaxDA* HC DADAP
DA

=  
(2)

ࠡխ DA੡ױڶࢬ౨ऱ DAႃٽΔDAC੡࿇ଃ U๯ᙃᢝ੡ร cᣊ DAΖร iጟױ౨ᙃᢝ
Wi੡ۭڗ Uᆖመᙃᢝ৵ࢬ൓ࠩऱױ౨ᙃᢝ࿨֮࣠ڗΖྥۖΔݺଚႛࠋ່࠷ऱᙃᢝ࿨࣠
�ˆWΔڤڼڂ՗(2)ޏᐊ੡ڤ՗(3)Δၞԫޡ୶ၲ੡ڤ՗(4)Κ 

*DA =
iW

HiC DAWDAP ),U|,(argmax
DA

 

),U|,(maxargmax HiC DAWDAP
WDA

≈ (3)

),U|(),U,|(maxargmax HiHiC DAWPDAWDAP
WDA

= (4)

೗๻ᙃᢝ࿨࣠ WiፖᙁԵ፿ଃ U ፿ଃᙃᢝ࿨࣠׊რᆠٵ।ઌז Wiፖኙᇩრቹᖵ׾ಖᙕ
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DAH ᗑمΔঞݺଚאױ൓ࠩڤ՗(5)Ζڼ؆ΔP(DAC|Wi )੡ᆖެּߦط࿜ऄঞ(Bayes�’ 
decision rule)ۖࠐΔݺڼڂଚലڤ՗ၞԫޏޡᐊ੡ڤ՗(6)Κ 

DA* argmax max ( | ) ( | ) ( | U)C i C H iP DA W P DA DA P W=
WDA

 (5)

)U|()|(
)(

)()|(maxargmax iHC
i

CCi WPDADAP
WP

DAPDAWP
WDA

= (6)

ࠡխΔ P(Wi)ױ๯ઊฃΔP(DAC)ءڇᓵ֮೗๻੡݁࿛ࠃছᖲ෷(equal prior)Δ່אࢬ৵൓
 ՗Κڤࠩ

)|()|()U|(maxargmaxDA* HCCii DADAPDAWPWP
WDA

≈  
(7)

ࠡխ P(Wi |U)੡۞೯፿ଃᙃᢝᕴൕ፿ଃ Uࢬ൓ࠩऱᙃᢝۭڗ Wऱᖲ෷ΙP(Wi |DAC)੡ᙃ
ᢝۭڗ๯ೠྒྷ੡ร cଡ DAऱೠྒྷᖲ෷(probability of DA detection)Δܛኙᇩ۩੡ೠྒྷऱ
ຝٝΙP(DAC |DAH)੡ኙᇩრቹᖵ׾(dialogue history)ᖲ෷Δߓַ߻ࠐشอሂๅृشࠌऱ
რቹΔڇإृشࠌڕࠏ਷ᇬ೏ᥳழࠥ।ΔߓอথၞԵளሏནរऱઌᣂᇷಛ਷ᇬפ౨Ζ 
3.2ኙᇩ۩੡հೠྒྷ(Dialogue Act Detection) 

 

ቹ 2Κኙᇩ۩੡ೠྒྷऱᑨڇ፿ᆠఢೄᑓীಝᒭੌ࿓Ζ 

ቹ 2 ୶෼Աءᓵ֮ DA ೠྒྷشࠌࢬऱᑨڇრቹఢೄᑓীऱಝᒭੌ࿓Ζྤᓵ֮ڗᣊীऱ
᤟֮ᚾृࢨ᤟֮ᚾࢬኙᚨऱ፿ଃઃڇಝᒭመ࿓խ๯ආشΖ੡Աࣚ܌༪Գऱ፿ଃᙃᢝᙑᎄ

ംᠲΔຝٝᑌءᖫࠐشขڍسයଢᙇ؁Ζڇ፿؁๵ঞ(sentence rule, SR)ขޡسᨏᇙΔଢ
ᙇ؁ᄎ೶ە፿ᆠᣊܑၞ۩ཙངΔྥ৵شࠌ Stanfordଳ࣫ᕴ[14]ၞ۩๵ঞऱขسΖݺଚނ
፿ற஄խڶࢬ౨ขسऱ፿؁๵ঞڶࢬࡉऱ DAאఢೄᑓڤ৬ዌࠟृհၴऱᣂএΔၞࠀ۩
ូ౏(induction)ऱ೯܂Ζ࣍طլٵऱ DA հၴױ౨ᖑڶઌٵऱ፿؁๵ঞΔ੡Աᝩ܍ DA
հၴऱ෗෤Δݺଚආشଥޏመऱ K-meansዝጩऄኙٵԫᣊܑ DAհ؁ীၞ۩։ᣊΖݺଚ
ലດԫᇡาᎅࣔੌٺ࿓ޡᨏΖ 

3.3ຝٝᑌءᖫ(Partial Pattern Trees, PPT) 

૞׌ნ(optional phrase, OP)ፖ۟֟ԫଡဲࢤ౨פଚലኙᇩ፿؁ီ੡ᑇଡݺխΔߒઔءڇ
ᣂ᝶ဲ(main phrase, MP)հၴऱิٽΖݺڼڂଚൕԫ؁ᓤᠧऱ؁՗խឯנ࠷ຝٝᑌ؁ء
(partial pattern, PP)Δױ઎೚ᣊۿኙຍ؁؁՗܂ຝٝ։ᇞΔۖMPঞឆܶထ፿؁ऱ፿ᆠΔ
੡Աঅఎ፿؁ऱ׌૞፿ᆠΔޢڼڂԫ؁ PPؘᏁܶץထMPΖઌ֘ऱΔOPঞױ౨ڇᙃᢝ
࿨࣠խܔڂೈীᙑᎄ(deletion error)ۖ๯ઊฃΖאࢬ PP༉ਢݙᖞ؁՗ڂ੡ਬࠄ OPڇᙃ
ᢝ࿨࣠խ๯ܔೈীऱ؁՗Δۖ PPTਢ௅ᖕ PPࢬ৬مऱ፿؁ᑓิΖ 

ᅝڇᙃᢝኙᇩ፿؁ழΔԫଡൄᔡሖࠩऱംᠲ༉ਢ፿؁ᑓิڇ৬مழەڶ޲ࠀᐞࠩኙᇩ፿

227



 

 

؁ൄᠧ݈ထԫྤࠄრᆠऱ᠇፿(ڕࠏΚ�”Ⴕ�”ࡉ�”ໝ�”)ٺࡉጟױ౨ऱ፿ଃᙃᢝᙑᎄΔຍଡം
ᠲၞۖທګ DA ೠྒྷᙑᎄΖڇਬࠄઔ[16][15]ߒխ᧩נقΔԫଡဲნנ෼ڇຍࠄլੌܓ
ऱ᠇፿հ৵ऱؓ݁ᖲ෷ᄎ՛נ࣍෼ྤڇ᠇፿հ৵ऱൣउΖຍਐݺנଚৰᣄװቃྒྷΔᅝԫ

ଡဲნנ෼ڍڇ塒᠇፿հ৵ऱᖲ෷Ζڼڂ௅ᖕຍࠄᨠኘΔݺଚലઊฃൾ᠇፿޲ࢨ๯ᙃᢝ

ऱ؁՗Δጠհ੡سऱဲნۖขࠐנ PPΖၞޓԫޡ൶ಘΔຝٝᑌءᖫԫଡৰૹ૞ऱᚨشΔ
༉ਢಾኙཙࢤזᙑᎄ೚ଥإΔۖհছऱઔߒኙ࣍ᙑᎄऱڃ༚(recovery)ຏൄຟਢ؁شܓ
ী๵ঞڇฒڍऱଢᙇ؁խ່נބฤٽ፿ऄ؁ীऱ؁՗[17][18]Ζྥۖຍֱࠄऄࢬขسऱ
؁՗؁ڇীՂឈྥॺൄฤٽΔ܀ਢথױ౨ڇ፿ᆠՂऱრᆠਢլߩऱΖאࢬಾኙڼរݺଚ

פፂ਍؁՗ऱ፿ᆠΔྥۖא૞ᣂ᝶ဲ׌؁ΔຟᏁঅఎ଺؁խऱءԫ؁ຝ։ᑌޢᆠऱࡳࢬ

౨ဲࢤნঞױڶ౨๯ઊฃΖڼڂ௅ᖕՂ૪ᨠኘΔݺଚ༼נԱشܓ PPࠐ৬مய౨ࠋޓऱ
፿؁ᑓิΔڇຍᇙݺଚല؁՗ Transiီ੡ԫຑۭऱ OPፖԫMPऱิٽΔ।ګقΚ 

},...,,,,...,,{ 121
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iNAiNB
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iNB
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i OPOPMPOPOPOPTrans ++=
 (8)

ࠡխ NBiࡉ NAi։ܑ੡ڇMPհছፖMPհ৵ऱ OPᑇΖ௅ᖕՂ૪ࡳᆠΔPP੡ܶץ MPi

ऱ՗٨ݧΔࠡ խޢԫଡ OPຟױڶ౨๯ઊฃΔ֮ءڇխΔ๯ઊฃऱ OPݺଚཙངګ FillerΖ
ཙངګ Filler(F)ऱ଺ڂਢݺଚუঅ਍؁՗଺ءऱ؁ীΔ׊Ոאױ೗๻੡፿ଃᙃᢝᙑᎄழ
׊”�ԫ؁՗੡�”ABCڶᎅࣔૉࠏऱൣउΖᜰس౨ᄎ࿇ױ AΔC੡ OPۖ B੡MPნΔঞ٥
؄؁ڶ PP։ܑ੡�”ABC�”Δ�”ABF�”Δ�”FBC�”ࡉ�”FBF�”Ζ 

3.4Ⴤڗךឯ࠷(Filler Spotting) 

ࠌܛ ASRऱᙃᢝ࿨࣠ආဲشቹ(word-graph)[19]੡ഗ៕ऱૹᄅૠ։(rescoring)ֱڤΔྥࠉ
੡ڂ፿ଃᙃᢝᙑᎄऱംᠲΖຍਢڇژ౨ױ word-graph ૹᄅૠ։ழଣૉᙃᢝ࿨࣠խ݈ڇ
ᠧထࠡ࣍ܗྤה SLUய౨ऱ֮ڗΔঞೈԱൕ᤟֮ᚾขس PPΔݺଚՈല᤟֮ᚾࢬኙᚨऱ
፿ଃၞ۩ᙃᢝאᏺ؁ףীऱڍᑌࢤ(diversity)Δᚦᇖ֮ڗ፿றྤऄขسऱ؁ীΔࠌ൓ SLU
໢ց౨ᙃᎁڍޓጟᣊऱ؁ীΖݺאࢬଚኙޢଡ፿ଃᙃᢝ࿨࣠ऱဲნ܂Ⴤڗךឯ࠷Ζءᓵ

֮ආشอૠֱڤऱֱ׬ᛀࡳ(χ2-test)ၞࠐ۩Ⴤڗךឯ࠷Ζݺଚಖᙕ๯إᒔᙃᢝဲნࢬኙ
ᚨऱ։ᑇΔ൷ထኙޢଡဲნૠጩࠡ։ᑇऱؓ݁ଖ (mean) µ ፖᑑᄷ஁(standard deviation) 
σΖۖჄڗךឯ࠷ऱࠉᖕΔݺଚֱ׬شࠌᛀࡳΔᑇᖂڤ੡Κ 
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(9)

ګଚཙངݺ࿪ऱဲნࢴ࿪Δࢴࢨ࠹ଡဲნ૞൷ޢឰ፿ଃᙃᢝ࿨࣠ऱܒڼ៶ FillerΖཙང
ګ Fillerऱ଺ڂਢݺଚუঅ਍؁՗଺ءऱ؁ীΔ׊Ոאױ೗๻੡፿ଃᙃᢝᙑᎄழױ౨ᄎ
࿇سऱൣउΖ 

3.5؁ী๵ঞขس(Sentence Rule Generation) 

ኙᚨऱم৬ࠀ๠෻ಝᒭ፿؁ΔࠐଚᏁ૞ԫଡ፿ᆠଳ࣫ᕴݺຝ։Δଈ٣Δس؁ী๵ঞขڇ

፿ᆠᖫण࿨ዌΔ൓ࠩࠡ؁ী๵ঞΔءઔ׾شܓߒկ۵Օᖂࢬઔၲߒ࿇ऱଳ࣫ᕴࠐሒڼګ

࣍կ۵ऱଳ࣫ᕴ[14]ਢഗ׾ऱΖؾ PCFG (Probabilistic Context Free Grammar) ऱᨠࢬ࢚
৬ګۖمऱଳ࣫ᕴΖࢬᘯऱ PCFG ਢԫጟᙟᖲ፿ߢᑓী (Stochastic Language Models, 
SLM)Δۖ SLMऱ׌૞ؾऱհԫਢ௅ᖕಝᒭ፿றऱอૠᇷறߩࠎ༽ࠐജऱᖲ෷ᇷಛאሎ
ჼ༈ሁஉऱૻط៶ױޓᒔ෷Δإய༼೏ऱᙃᢝڶ፿ଃᙃᢝऱዌ؁๠෻ՂΔլႛ౨ڇش Δࠫ

ᆏઊૠጩழၴΔۖᚨ؁֮ڇشଳ࣫Ղঞ౨༼إࠎᒔࢤለ೏ऱ؁ऄ࿨࣠Ζᣂ׾࣍կ۵ଳ࣫
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ᕴ׌૞ऱு֨ᄗאױ࢚೶֮ە᣸[20][21]Ζቹ 2ੌ࿓խऱ؁ী๵ঞขسΔڇଳ࣫ছΔݺ
ଚࡳ٣ࠃشܓ٣ᆠړऱ፿ᆠᣊܑല፿؁խऱဲნཙངګ፿ᆠᣊ Δܑ٦ຘመ׾կ۵ଳ࣫ᕴ

൓ࠩଳ࣫࿨࣠Ζཙངऱؾऱਢ૾؁܅ী๵ঞऱᓤᠧ৫Δᨃઌٵ፿ᆠऱဲნ᥆ٵ࣍ԫය๵

ঞΔڕࠏΚψNP  NNײؓڜ໵ωࡉψNP  NNᏙሉ८ৄωઃ᥆࣍ψNP  NNچរω
ຍය๵ঞΖቹ 3ᒤࠏਢ፿؁ψ৻Ꮦײؓڜװ໵ωᆖመ፿ᆠཙང੡ψጊംဲʳሁᒵʳ រωΔچ
ᆖطଳ࣫ᕴױ൓ࠩԫឍ֮ऄᖫΔࠡܶץऱ؁ী๵ঞץਔΚ(1) Root  IPΕ(2) IP  VPΕ
(3) VP  ADVP VPΕ(4) ADVP  ADጊംဲΕ(5) VP  VVሁᒵ NP(6)ࡉ NP  NN
 ।ຍ؁ᇩΖזຍքය๵ঞאଚঁݺរΖچ

 
ቹ 3Κଳ࣫൓ࠩऱ֮ऄᖫᒤࠏΖ 

3.6  ؁ী๵ঞូ౏(Induction) 

೗๻ൕڶࢬ፿றխ൓ࠩऱ؁ী๵ঞױ๯।ق੡ፂ৫੡ L ऱ๵ঞٻၦ RuleΔޢଡፂ৫ኙ
ᚨထԫය؁ী๵ঞΖঞڼ๵ঞٻၦڶࢬࡉऱ DAױዌګԫଡఢೄࠐ৬؁مী๵ঞፖრቹ
հၴऱᣂএΔڼᣂএࡳױᆠ੡ΚΖ 

=×
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,22,21,2

,12,11,1

φφφ

φφφ
φφφ

 

(10)

ࠡխΦL×Qਢፂ৫੡ L×Qऱ֮ऄ࿨ዌᇷಛఢೄΔLז।ಝᒭ፿ற؁ڶࢬী๵ঞऱଡᑇΔQ
।ထรז ଡցై φl,qޢ।რቹऱ᜔ᑇΖఢೄխז l ය֮ऄ๵ঞ Rulelڇร q ଡ DA խࢬ
 ՀΚڕᆠ φl,qऱ۷ૠऄࡳխߒઔءڼڂΖࢤऱૹ૞۾

)|()1(, qllql DARulePεφ −=  (11)

ࠡխΔP(Rulel | DAq)ਢᇠය๵ঞ۾ᇠ؁፿ऄ࿨ዌऱֺૹΔᇠႈאױᐊ੡Κ 
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(12)

׊ C(Rulel , DAq)।؁قী๵ঞ Rulel נ෼ڇ DAqխऱڻᑇΖ׼؆Δ( 1-εl ) ਢشܓၦ৫֮
ᓿղᇠցైऱࠀࢤᦸܑڶࠠܡᇠ፿றխਢڇၦ৫ਬය๵ঞࠐ႖৫ (Entropy) ऱֱऄڗ
ᦞૹΔঞεlࡳױᆠ੡Κ 
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3.7፿؁։ᆢ(Sentence Clustering) 

ऱृشࠌ DAױ౨אլٵ፿؁।ሒΔլٵ፿؁რ࠺ထהଚױ౨ᤖܶထլٵऱ؁ী๵ঞΔ
ԫଡٵΔڼڂ DAՀױ౨ܶץထڍጟ؁ী๵ঞᖄીהࠡࡉრቹհၴທګ෗෤ΖڕࠏΚࠟ
੄᥆ٵ࣍ᑌ DA1ऱ፿ଃ։ܑܶץ፿؁๵ঞ{1,2,3}{4,5,6}ࡉΔڶ׼ԫ੄᥆࣍ DA2ऱ፿ଃץ

ܶ፿ଃ๵ঞ{3,4,7}Δঞڼ፿ଃױ౨ᄎ๯ᎄܒ੡ DA1ΖڼڂΔ੡Աᝩ܍რቹհၴऱ෗෤Δ

፿؁Ꮑ૞։ᆢΖኙ࣍ႚอऱ։ᆢֱऄΔڕ K-meansዝጩऄΔؘ ႊૠጩٺᇷறរࡉ centroid
հၴऱ၏ᠦΖྥۖΔ؁ী๵ঞऱ centroidլࠠ۶ٚڶढ෻რᆠΖڼڂ੡ᔞᚨءᓵ֮ऱᏁ
ร࣍ଚ٣ല᥆ݺΔޣ qଡ DAऱร iଡ᤟֮ᚾ Transi।ق੡Κ  

1, 1 2, 2 ,=( , , , )Transiq q q L q Lφ δ φ δ φ δΦ  (14)

ࠡխ φl,q ऱࡳᆠ࿛࣍ٵՂ૪؁ী๵ঞូ౏ఢೄ ΦL×Q խऱ φl,q Ζۖ δl ਐנૉ Transi ࠌ

ࠩش RulelΔঞࠡଖ੡ 1Δ֘հ੡ 0Ζ׼؆Δݺଚᙇᖗԫଡ௽௘܂ڤࠤ੡່Օ֏ᆢհփઌ
 ੡Κق।ڤࠤ௽௘ڼ৫Δۿ

1 2
1 ,

( , , , )* arg max ( , )ji

TransTrans ji
q q k

K
TransTrans

K q q
k G

G G G Similarity
= Φ Φ ∈

= Φ Φ  
(15)

ࠡխ K੡඿։ᆢհᑇၦΔGk ।ق᥆࣍ร kᆢऱ᤟֮ᚾႃٽΔۖ Similarity(�•)੡ࠟঞ᤟֮
ᚾհၴऱઌۿ৫ૠጩΔݺଚආش Cosine Measureᑇᖂڤ।ق੡Κ 

jTrans
qiTrans

q

jTrans
qiTrans

qjTrans
qiTrans

qSimilarity
⋅

⋅
=),(

 
(16)

3.8  ᑨڇኙᇩ۩੡ఢೄᑓী(Latent DA Model, LDAM) 

ᆖطຝٝᑌ؁ءፖჄڗךឯ࠷৵Δݺଚല൓ࠩऱ؁ী๵ঞፖრቹ؁ী։ᣊ৵ऱᣊܑ৬م

ᣂএఢೄΔۖ ขسऱ؁ী๵ঞֺ଺ءಝᒭऱ֮ڗ፿றࢬขسऱ؁ী๵ঞڍޓܶץრොΔ

 ᆠ੡Κࡳ׊რቹఢೄڇఢೄ੡ᑨڼଚጠݺאࢬ

=×

MLLL

M
M

ML

,2,1,

,22,21,2
,12,11,1

ννν

ννν
ννν

LDAM  
(17)

ࠡխრቹఢೄ LDAML×M੡ԫଡፂ৫੡ L×Mऱ֮ऄ࿨ዌᇷಛఢೄΔLז।ಝᒭ፿றᆖመ
፿؁๵ঞขޡسᨏ৵ڶࢬऱ؁ী๵ঞଡᑇΔMז।რቹ؁ীᆢፋ৵ऱᣊ᜔ܑᑇΖఢೄխ
।ထรז ଡցై νlmޢ lය؁ী๵ঞڇร mଡ DAխ۾ࢬऱૹ૞ࢤΖءڼڂઔߒխࡳᆠ 
νlmऱ۷ૠऄڕՀΚ 

)|()1( mlllm DARulePεν −=  
(18)

ࠡխ P(Rulel|DAm)ਢᇠය๵ঞ۾ᇠ؁፿ऄ࿨ዌऱֺૹΔᇠႈאױᐊ੡Κ 
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ۖ C(Rulel , DAm)।؁قী๵ঞ lנ෼ڇร mଡრቹ؁ী։ᣊ৵ऱᣊܑխऱڻᑇΖ׼؆Δ
(1-εl)ਢشܓၦ৫֮ڗ႖৫ (Entropy) ऱֱऄࠐ৫ၦᇠය๵ঞڇ፿றխऱᦸܑࢤΔᅝ܂ఢ
ೄխᇠցైऱᦞૹΔεl ࡳױᆠ੡Κ 
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(20)

ࠡխՕᐊ C੡طՂ૪ K-means։ᆢۖ൓່ึ DAᑇၦΔۖ DACࢬ।قऱ༉ਢ LDAMร
cଡ columnऱփ୲Ζ່৵Δݺଚ൓ࠩ SLUೠྒྷ፿ᆠࢬᏁ૞ऱᑓীΖ 

3.9ኙᇩ۩੡ীኪೠྒྷ 

ኙᇩ۩੡ڇ DAೠྒྷխΔ P(Wi |DAC)ႈڂ੡ԫଡ؁՗ܶץ፿ᆠګ։֗፿ऄګ։Δݺאࢬ
ଚኙ፿ଃᙃᢝऱ࿨࣠ၞԫࣈޡᇞ੡Κ 

  
( | ) ( | ) ( C | )c W c W cP W DA P DA P S DA≈ Rule  (21)

ࠡխ RuleW ੡ಖᙕᙃᢝ࿨࣠ Wشࠌࢬऱ؁ী๵ঞΖঞ RuleW ኙᑨڇრቹఢೄխร cଡ
ᣊܑऱઌۿ৫Δݺଚආش Cosine MeasureࠐૠጩΔࡳᆠ੡Κ 

( ) | )
T
W c

W c
W c

DAP DA
DA

=
×

RuleRule
Rule

 (22)

ۖ SCW੡ലᙃᢝ࿨࣠ W ᠏ང੡፿ᆠᣊܑऱڤࠤΖڇ፿ᆠګ։։ᑇऱૠጩΔݺଚᆖطอ
ૠ֮ڗ፿றΔ൓ࠩޢଡኙᇩ۩੡ DAנ෼ޢଡრቹᣊܑऱᖲ෷Δᑇᖂױڤᐊ੡Κ 

j(SC | ) (SC )n

n

w
W c

w W
P DA P

∈
= ∏  (23)

ࠡխ )(SC j
nwP ।قᙃᢝۭڗ Wऱร nଡڗ wn᥆࣍ร jଡ፿ᆠऱᖲ෷Ζຍאױൕ፿ற஄

խᠦᒵቃ٣۷ྒྷۖ൓Ζ 

3.10 ኙᇩ۩੡ᖵ׾ಖᙕ 

ኙᇩ۩੡ᖵ׾ಖᙕֱ૿ऱؾऱਢ੡ᝩڇृشࠌ܍਷ᇬࠡխԫႈٚ೭ழΔٚګݙآࡸڇ೭

থڂ੡ ASR ᙑᎄທګኙᇩ۩੡ᎄۖܒ᠏੡ᇬംٚהࠡृشࠌ೭ऱփ୲Ζ೗๻ DAtࡳᆠ

੡ؾছ፿ଃࢬ൓ࠩऱ DAΔܛ DACΔۖመװᖵ׾ધᙕ DAt
t-1ࡳᆠ੡ DAHΔଣૉݺଚ೗๻

ኙᇩ۩੡׽ፖছԫଡኙᇩ۩੡ڶᣂΔঞᑇᖂ।قऄࡳױᆠ੡Κ 
1

1 1 2 1 1( | ) ( | , , , ) ( | )t-
t C H t t t tP DA DA DA DA P DA DA DA DA P DA DA− −= = = =  (24)
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؄Εʳ ኙᇩጥ෻ެ࿜ 

ኙᇩጥ෻ਢഗ࣍ኙᇩ۩੡ೠྒྷ࿨࣠ۖආ࠷ᔞᅝڃᚨאፖၞृشࠌ۩յ೯Δۖ ᔞᅝڃᚨٛ

ᘸ࣍ኙᇩ࿜ฃऱ๵ቤΖءڇઔߒխΔݺଚආش POMDP ੡ኙᇩ࿜ฃ๵ቤऱՠࠠΖ܂
POMDPലߓอࢬ๠ऱणኪီ੡ឆܶ᧢ᑇ(hidden variable)Δؘڼڂႊشࠌԫଡઌॾࠤᑇ
(belief function)ࠐ೗๻ߓอࢬ๠ऱणኪࡳࠀᆠԱնଡ᧢ᑇଖิ(tuples) {S,A,R,T,O}Δ։
ٽऱႃګ।णኪิזܑ Sشࠀԫଡઌॾࠤᑇ(belief function) bࠐ൳ࠫ(maintain)Δءڇઔ
ऱ༽ࢬᆠ੡ছ֮ࡳխΔߒ DAΙڃᚨृشࠌऱֱګิࢬڤऱႃٽ AΙᑻᚐࠤᑇ R(s,a)=rΔ
।ڇقणኪ s ආڃ࠷ᚨشࠌऱֱڤ aΔߓอࢬ൓ࠩऱᑻᚐ੡ rΙ᠏ฝᖲ෷ 
T(s,a,s )=P(st+1=s |st,at)੡ߓอڇழၴរ tΔڇणኪ sආشࠌ࠷ऱֱڤ aΔۖڇழၴរ t+1Δ
णኪലᄎ᧢ګ sऱᖲ෷Ιᨠኘ(observation)ګิࢬऱႃٽ OΔ༴૪ထ POMDP ౨൷گऱ
ಛஒۖᨠኘᖲ෷ P(o |s ,a)।ߓقอڇழၴរ t ආشࠌ࠷ऱֱڤ aΔ֗ڇழၴរ t+1 อߓ
๠ऱणኪࢬ s′Δࢬᨠኘࠩऱᨠኘऱᖲ෷ΖጵאٽՂ᧢ᑇΔPOMDP ᚨء࣍شઔߒऱᄗ࢚
ቹڕቹ 4قࢬΖ 

 
ቹ 4Κ್ެ֛ױ࿜࿓ݧᄗ࢚ቹΖ 

 Ζڤංᖄऱֆࢬ᣸[11]֮شଚ֧ݺᄅຝٝΔޓᑇऱࠤઌॾڇ

∈
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sbassPasoPkbaosPsb )(),|'(),|(),,|()'(' ''''  (25)

ࠡխ )( '' sb ੡ޓᄅऱઌॾࠤᑇΔ ),|( '' asoP ੡ᨠኘᖲ෷Δ ),|( ' assP ੡᠏ฝᖲ෷Δ )(sb ੡

ઌॾࠤᑇΖຝ։ᨠኘ್ެ֛ױ࿜࿓ݧऱ່ࠋଖࠤᑇ(Optimal value function)੡Κ 
]))(()(),|(),|()(),([max)(

'' ,,

'''''*

∈∈
+=

Ss sso
Aa

sbVsbasspasopsbasrbV γ  (26)

4.2ኙᇩ࿜ฃᖂ฾ 

 
ቹ 5Κኙᇩ࿜ฃಝᒭੌ࿓ቹΖ 

ᓵ֮խΔኙᇩءڇΖڤࠤอऱणኪΕᨠኘ֗ᑻᚐߓᆠࡳଚؘႊݺಝᒭኙᇩ࿜ฃհছΔڇ

࿜ฃᖂ฾ऱणኪࡉणኪࢬኙᚨऱڃᚨ۩੡੡รԲᆏࢬ༼ࠩऱ slotࡉ actionऱຝٝΖۖኙ
ᇩ࿜ฃಝᒭੌ࿓ቹڕቹ 5 قࢬΖଈ٣Δൕݺଚگᙕऱ፿றխΔڗ֮طऱޢଡኙᇩ
(dialogue)൓ࠩ᠏ฝ(transition)ᖲ෷Δ֗ൕ֮ڗઌኙᚨऱଃᚾᆖطኙᇩ۩੡ೠྒྷ৵൓ࠩᨠ
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ኘᖲ෷Δ֗ࡳᆠᑻᚐڤࠤ੡Κ 
10 ,  
10 ,  
5 ,  
100 ,  
100 ,

if
if

r if
if
if

+
−

= −
−
+

ᚨڃᒔإ࠷อආߓ

ᚨڃᙑᎄ࠷อආߓ

ૹᓤᇬംംᠲ

؆հࡨၲڇسᚨᦟ०࿇ڃᒔإ࠷อආߓ

ʳߓอ࿨ޔ

 (27)

 ੡Κق।ױᨠኘᖲ෷Δ೗๻ᨠኘ੡ኙᇩ۩੡ীኪೠྒྷ৵ऱ೗๻࿨࣠Δڇ

),|(),|( ''
'' aDADAPasoP so≡  (28)

೗๻ᨠኘፖՂԫߓڻอڃᚨྤᣂΔאࢬᨠኘᖲ෷੡Κ 

' ' ' '

( | , )(1 )

( | , ) ( | )
(1 ( | U, ))

DA 1

C

C

C H err

o s o s err
C H

u

P DA S DA p
P DA DA a P DA DA p

P DA DA

−
≅ =

− ⋅
−

 (29)

ࠡխ Perrc ຘመಝᒭ፿றޣ൓ޢଡኙᇩ۩੡ীኪऱإᒔ෷Ζڼᨠኘᖲ෷ܶץထኙᇩ۩੡

ীኪೠྒྷ։ᑇ P(DAC|U, DAH)֗ڼኙᇩ۩੡ীኪೠྒྷ࿨࣠ऱױॾ৫(1-Perrc)Ζ່৵ݺଚᆖ
ط POMDPຌ᧯[22]ಝᒭݺଚऱኙᇩ࿜ฃΖ 

նΕ ኔ᧭ 

5.1 ۞೯፿ଃᙃᢝᕴ(ASR)ऱ৬م 

ASR ऱഗء৬ޡمᨏΔܶץԱᜢᖂ௽ᐛ೶ᑇऱဇ࠷(feature extraction)Εᜢᖂᑓীಝᒭ
(acoustic model, AM)ࡉ፿ߢᑓী(language model)ऱಝᒭΖݺଚආشᏦᖯՕᖂၲࢬ࿇ऱՠ
ࠠ HMM Tool Kit(HTK)ࠐ৬ءمઔߒऱ ASRΖ੡Ա৬مԫଡለ੡ױᔾऱ ASRΔݺଚ٣
ආشຽ܌ଅ፿ற஄ TCC300ၞ۩ጟ՗(seed) AMಝᒭΔץਔ 115ଡ׳ઌᣂ(right-context 
dependent) initialڻଃᆏࡉ 38ଡᗑم(right-context independent) finalڻଃᆏΔ։ܑشࠌ 3
ଡࡉ 5ଡणኪ(state)Δޢଡणኪ່ڍ 32ଡ mixturesΖΔݺא٦ଚࢬᙕ፹ۖࠐऱளሏઌᣂ
፿றၞ۩ᓳᔞ(adaptation)Ζ௽ᐛ೶ᑇ੡ 39੡৫ऱමዿଙ᙮ᢜ௽ᐛ೶ᑇ(MFCC)Δࠡխቃ
ൎᓳএᑇ੡ 0.97Δࠡ塒ઌᣂ೶ᑇ๻ױࡳ೶ە HTK BookᎅࣔΖڇ፿ߢᑓীຝ։Δݺଚආ
ش TCC300፿ற஄ࠐ৬م፿ߢᑓীऱຝ։Δࠀቫᇢၞ۩ᓳᔞΖྥۖΔᆖطኔ᧭࿇෼Δ፿
࣍ᙕऱளሏઌᣂ፿றփ୲ኙگࢬଚݺ੡ڂլ೏Δຍਢࢤش܂׏ۿอߓءڇᑓীߢ

TCC300ۖߢ᥆࣍პၦΔڼڂ๺ڍளሏནរઌᣂྤဲڗᓵڇ uni-gramࡉ bi-gramຟ׽ਢ
ᄕ՛ଖΖ༉፿ଃᙃᢝᕴۖᓵΔݺଚࢬ৬مऱ፿ଃᙃᢝᕴኙࢬ࣍፦ႃऱளሏઌᣂ፿ற஄ڶ

೏ሒ 84.33%ऱإᒔ෷Ζᆖ፿ृᓳᔞ৵Δױޓሒ 93.12%ऱإᒔ෷Ζ 

5.2ኙᇩ፿றհ։࣫ 

ലگႃۖࠐऱ፿றΔᆖመᖞ෻ਗᙇנᔞٽऱ፿ற܂੡ಝᒭ፿றհشΔ፿ற᜔ڶ٥ 144
ଡኙᇩٽڃΔ᜔ᑇ੡ 1586 ؁Δ੡ԱԱᇞኙᇩ؁ش։ݮൣ܉Δءᓵ֮ಾኙ፿ற೚Աࠟጟ
։࣫Δ։ܑ੡ኙᇩհრቹ։܉ቹࡉኙᇩऱ९৫։࣫Ζڇ। 3խΔݺଚࡳᆠԱ 38ጟ DA
ۖቹ 6(a)ܧ෼נ፿றᇙٺጟ DA։܉ऱൣݮΖط։܉ቹױवΔृشࠌᄎ௅ᖕהऱᏁޣ਷
ᇬࢬהუ૞ऱᇷಛΔޢאࢬଡრቹנ෼᙮෷լٵΔۖψ࿨ޔωנ෼᙮෷᎛೏הࠡ࣍რቹ

ᎅࣔԱڇኙᇩ࿨ޔழृشࠌ฾ክࢤᎅشܑܫ፿ΖᎅࣔԱ፿றᇙኙᇩڻٽڃᑇ։܉ऱൣݮΔ
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ኙᇩڻԫޢΔقࢬቹ 6(b)ڕΖ༉(turns)ڻ֟ڍڃࠐኙᇩᏁ૞ڻਢԫܛᑇڻٽڃᘯኙᇩࢬ
ऱ؁ᑇՕຟ։ؒڇ 3~15؁հၴΖۖ อΔߓޔԫႈٚ೭ঁ࿨شࠌ׽ृشࠌ।ထז5؁~3
 อΖߓޔ༓ႈᇷಛթ࿨ړழ਷ᇬԱٵ౨ױृشࠌقঞ।הࠡ

 
ቹ 6Κኙᇩრቹ։ࡉ܉ኙᇩڻٽڃᑇ։܉Ζ 

 อေ۷։࣫ߓ5.3

ᣊٺ։੡ԲጟΔรԫጟਢኙڤေ۷ֱނଚݺอေ۷ֱ૿Δߓ DA೚ေ۷Δᨠኘ DAೠྒྷ
ᑓิኙޢ࣍ᣊ DA ऱሎ܂ய౨ΖรԲጟਢኙᇩٽڃ(turn)ڻᑇऱေ۷Δڼေ۷ؾऱ࣍ڇ
Աᇞ POMDPኙ࣍ᖞଡኙᇩੌ࿓ࠡᐙ᥼࿨࣠Ζေ۷፿؁᜔ᑇ੡ 912؁Ζေ۷ DAೠྒྷᑓ
ิழΔ։ܑەᐞ(1)ႛشࠌ፿ᆠ।௑(semantic slot, SS)ΔࠉᖕृشࠌჄԵऱ semantic slot
شࠌऱრቹΔ(2)ृشࠌឰܒ SS׾ࡉկ۵ଳ࣫ᕴ(Stanford Parser, SP)৬مᑨڇრቹఢೄ
LDAM ऱೠྒྷֱڤΔ(3)شࠌ SSΕSP مᖫ(PPT)৬ءຝ։ᑌࡉ LDAM ऱೠྒྷֱ(4)ࡉڤ
شࠌ SSΕSPΕPPT؁ࡉী։ᣊ(sentence clustering, SC)৬م LDAMऱೠྒྷֱ؄ڤጟኙᇩ
۩੡ᑓิऱေ۷ֱऄΖֱٺऄऱኙᇩ۩੡ೠྒྷᄷᒔ෷ڕቹ 7Δؓ ᒔ෷։ܑ੡49.6%Εإ݁
76.2%Ε81.6%ࡉ 82.9%Ζቹ 7ᑑق੡ DAऱ᥏ۯ੡ 37ጟ DAΔ౒֟ψྤრቹωDAਢڂ
੡ྤऄگႃྤრቹ DAऱ؁՗Δਚྤऄေ۷ࠡᄷᒔ෷Δྤრቹ DAਢࠐشᅝߓอྤऄܒ
ឰृشࠌऱრቹழࢬ೚נऱڃᚨΖေ۷ֱऄ(1)ऱ࿨࣠Δឈྥڇਬࠄ DA Ղ౨ױڶ൷࠹
ऱ।෼Δݺ܀ଚאױ࿇෼᥆ٚ࣍೭ 3ऱ।෼נ෼ᆵ஁Δڂ੡ DAխڶ༓ጟڼ࢖ᄎյઌ෗
෤Δທګৰڍრቹऱᄷᒔ෷ਢ 0%Δڕࠏᇬംٌຏֱڤऱ DAΖشࠌေ۷ֱऄ(2)ऱ࿨࣠Δ
ઌለࣔڶ(1)࣍᧩ऱޏ࿳Δྤྥࠉ܀ऄᇞެڂ੡፿ଃᙃᢝᙑᎄۖທګ DA ೠྒྷऱംᠲΖ
ᇢழΔ፿؁ऱᙃᢝ࿨ؘ࣠ႊᆖመྒྷڇေ۷ֱऄ(3)ऱ࿨࣠Δشࠌ PPT ขسᑌءଢᙇᖕࠐ
ၞ۩რቹೠྒྷΔݺଚאױ઎ࠩᑑق੡ψྤנ࿇ؾڶچऱچωऱ DAڶॺൄ᧩ထऱޏ࿳Δ
ຍᣊऱ؁՗ڕψ৻Ꮦࠩײؓڜ໵ω୲ڇ࣐ေ۷ֱऄ(1)(2)ࡉ๯ܑܒ੡ࠡהᣊۿऱኙᇩ۩
੡ীኪΔڕψנྤ߫־࿇ؾڶچऱچωDAΖ່৵Δေ۷ֱऄ(4)Δຍଡิܛڤֱٽ੡ᓵ
֮խ LDAMᑓীऱಝᒭֱڤΔᆖኔ᧭ᢞࣔΔڶࢬڇऱֱऄխΔݺଚࢬ৬ዌऱ LDAMᑓ
ীਢױ۩ऱΖ׼؆Δ਷ᇬچរ(2)Ε਷ᇬ߫ీ(3)ߓࡉอᦟ०(36)ڂ੡ംᠲߪء១໢Δאી
ऱᣂ᝶ߪء੡ڂ೏ᥳຝ։Δࡉ߫־ऱڤ਷ᇬٌຏֱڇऱய౨Ζٵઌڶ؄ጟေ۷ֱऄઃ࣍

࿳। 4ޏऱ᧩ࣔڶ޲࣍ીא೏Δ֜ࢤૹᦤဲڗ ੡ေ۷ط POMDP ಝᒭۖ൓ऱኙᇩ࿜ฃ
ᑓڤኙݺ࣍ଚࢬ፦ႃ፿றऱயشΔݺଚאױ࿇෼ POMDPऱᒔ౨૾܅ኙᇩڻٽڃᑇΔ܀
ऱኙ܅૾אࢬᒔΔإឰՕຝٝՈਢܒኙᇩ۩੡ীኪ׊ᒔإᙕऱ፿றᙃᢝ࿨࣠ᝫጩگ࣍ط

ᇩڻٽڃᑇڶ޲᧩ထऱ༼֒Ζ׼ڇԫֱ૿Δࠐءኙᇩ۩੡ীኪೠྒྷᙑᎄऱ؁՗Δૉਢش

Գՠૡࡳऱڃᚨױ౨ᄎขࢡ࡛سऱڃᚨΔृشࠌڕࠏᇬംߓۖܿچอথڃ࿠ปᏝΔૉࠌ

ش POMDPঞױ౨ขسለ੡إᒔऱڃᚨΔڕࠏՂ૪ࠏ՗խΔߓอڃᚨല᧢੡ᇬംृشࠌ
რቹΖឈྤ྇֟ኙᇩڻٽڃᑇ܀থࠌ൓ृشࠌᤚ൓ߓอڃᚨޓ੡Գࢤ֏Δאࢬ POMDP
ᒔኔڶ،ऱய౨Ζ 
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ቹ 7Κֱٺऄኙᇩ۩੡ীኪᄷᒔ෷ֺለΚ(1)ႛشࠌ SSऱೠྒྷΔ(2)شࠌ SSࡉ SPೠྒྷΔ
شࠌ(3) SSΕSPࡉ PPTऱೠྒྷΔ(4)شࠌ SSΕSPΕPPTࡉ SCऱೠྒྷΖ 

। 4 ΚኙᇩڻٽڃᑇհֺለΖشࠌ POMDPಝᒭۖ൓ऱ࿜ฃ૾܅ԱኙᇩٽڃᑇΖ 

 
քΕ࿨ᓵፖࠐآ୶ඨ 

ឰኙᇩ۩੡ীኪΔܒڼ៶რቹఢೄΔڇᑨנ؁ፖ؁ী๵ঞ৬ዌءຝٝᑌشܓԱנ༽ᓵ֮ء

׾Եኙᇩᖵףᓵ֮Ոء؆ڼኙᇩ۩੡ীኪᙑᎄऱംᠲΖګ፿ଃᙃᢝᙑᎄທڂ࿳ޏயڶࠀ

ऱᄗ࢚Δەᐞኙᇩ፿ᆠ౧࿮ࠐᚥܗኙᇩ෻ᇞΖ੡ԱᏺףԳᖲհၴऱյ೯Δߓڇอެ࿜ጥ

෻ֱ૿Ոሎش POMDPࠋ່࠷ޣא࿜ฃΔࠌ൓ߓอขڃࠋ່سᚨΔ྇֟ߓอፖृشࠌհ
ၴྤऄٚګݙ೭ऱൣउΖຘመኔ᧭ऱᢞࣔΔءᓵ֮נ༽ࢬऱֱऄڇᑨڇኙᇩ۩੡ೠྒྷՂ

ؓ݁ᄷᒔ෷੡ 81.9%Δઌለ࣍໢ొشࠌ।໢Ⴤ௑ֱڤऱრቹೠྒྷؓ݁ᄷᒔ෷ 48.1%Δࠌ
Ա֒༽ױऄֱءش 33.8%հᄷᒔ෷Δءᓵ֮נ༽ࢬऱֱऄऱᒔਢڶயऱֱऄΖឈྥءᓵ
ױଚലດԫᎅࣔݺՀאΔၞޏৱڶֱچլ֟ڶս܀யΔګሒࠩլᙑऱױऱֱऄנ༽ࢬ֮

อߓԳ੡տԵΔ੡෻ᇞ֟྇אᏆ഑ऱኙᇩ۩੡ীኪش༈ᚨބ೯۞۶ڕΚ(1)ֱچऱၞޏ
ऱشࠌࢬᓵ֮խءڇᤜᠲΖ(2)ߒԫଡઔ׼ POMDPΔၞאױԫޡലणኪ೗๻੡๺ڍլٵ
ଖ഑ऱႃٽΔߓࠌอ౨ޓาᒯچፖृشࠌյ೯Ζ(3)ࡳאױᆠᑻᚐࠤᑇΔ௅ᖕլٵऱჄ
ଖणउ܂լٵऱᑻᡕΖ 
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 ኴ૞ 

ऱൣउՀࠫૻ࠹ᇷᄭ࣍׊ࠀᣂ᝶ဲᙃᢝΔٽဎ፿Ε૎፿፿ଃᑓীၞ۩෗ٽ࿨נ༽ᓵ֮ء

ၞ۩٤ᖞᑇሎጩΖݺଚലࢬ๠෻መ৵ऱࡳរ֏௽ᐛ೶ᑇᆖመ RASTAៀंᕴ[1]Δګ੡ࡳ
រ֏ RASTA௽ᐛ೶ᑇΖۖಾኙᣂ᝶ဲဲნ࿨ዌऱઌᣂࢤΔݺଚ৬مԫଡᖫࣤणऱჼ༈
ਮዌΔޔ٠شܓ׊ࠀჼ༈ऄΔ྇ ֟ᙃᢝ፿றխଃ௃ࢬᏁऱଃᆏᆏរΔၞ ۖ྇֟ჼ༈़ၴΔ

 ऱᙃᢝ෷Ζࡳፂ਍ԫ׊ࠀ

ಾኙᙃᢝ፿றࢬขسऱဎ፿Ε૎፿፿ଃᑓীઌۿ৫։ᑇ஁ฆΔݺଚ༼ೣנ஁ᇖᚍଖᚨش

ᑓ݃ࡑฃჼ༈ছᆜဲሁஉፖྤᣂဲ࢙ױףছᆜဲჼ༈ᖲࠫΖᏺ᧢ޏנ༽ࠀ૎፿ᑓীΔ࣍

ীሁஉΔڂאᚨڶ޲ृشࠌਊᅃشࠌ๵ঞᎅࡳנᆠփছᆜဲऱൣݮΔ៶ྒྷڼᇢኙဲ׌࣍

ऱᙃᢝ෷Ζ 

ᣂ᝶ဲΚ ဲࠢᖫΕޔ٠ჼ༈ऄΕ݃ࡑᑓী 

Keyword̆Ν˟˸̋˼˶̂́ʳ˧̅˸˸Ε˕˸˴̀ʳ˦˸˴̅˶˻Ε˚˴̅˵˴˺˸ʳˠ̂˷˸˿ 
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ԫΕፃᓵ  

ऱߢ፿ٽΔ෗׌ऱ፿ଃ੡ګዌߢ໢ԫ፿א೯፿ଃᙃᢝऱ࿇୶ᓰᠲՂΔՕຝ։ս۞ڇছؾ

፿ଃઔߒսঞለ੡֟ߠΖڇ 2006 ႓৬ᙤ࿛Գ[2-3]ΔࢬߒՕᖂሽᖲՠ࿓ઔפګΔഏփڣ
ݾٽᘜشܓ׊ࠀΔس፿(multilinguality)፿ଃᙃᢝ໢ցऱขڍ࣍شᜢᖂፖ֮౧։࣫ᚨشܓ
๬(Fusion)࿨ٽᜢᖂઌۿ৫֗ছ৵֮౧։࣫Δڶய༼֒ڍ፿፿ߢऱᙃᢝ෷Ζڇ Δڣ2008
ഏփפګՕᖂሽᖲՠ࿓ઔ࡛ޕࢬߒ୽࿛Գ[4]࿇୶ԫ୚ڍ፿ߢᙃᢝ໢ցႃݾ๬Δڇ଺ڶ
ऱ፿ଃᙃᢝߓอছጤΔ৬مԫଡڶயऱ෗፿፿ଃᑓীΔ׊ࠀലߓอኔ෼࣍ PDA հ༊Ե
ڇอᇘᆜՂΖߓڤ ๬ω[5]Δݾ࠷࿇।ऱψխ૎֮෗ᠧᣂ᝶ဲဇࢬࢬழՠઔೃᇷຏڣ2004
խ૎֮ᜢᖂᑓীࣚ܌װխ૎֮෗ᠧᙃᢝΔ࣍شԫଡխ૎֮ᙃᢝ։ᑇऱೣ஁ᇖᚍଖᚨנ༽

ၴऱ஁ฆࢤΔڇ׊ࠀᣂ᝶ဲᎁᢞֱ૿Δঞ༼נԫଡإ๵֏ऱ᧭ᢞᖲࠫΔۖൕ᧭ᢞ։ᑇᇙ

 ऱ࿨࣠Ζړԫิ່נބ

Ղ૪ࢬ༼ࠩऱڍ፿፿ଃᙃᢝܛਢ࿨ڍٽଡ໢ԫ፿ߢ(monolingual)ᑓীΔ࣍ছጤܒឰࢬᎅ
ဲნऱ፿ߢጟᣊΔհ৵ڍ۩٦ၞ፿፿ଃᙃᢝΔۖءڇᓵ֮խऱ෗ٽ፿ଃᙃᢝઔߒΔঞਢ

ᙃܑဎ૎፿෗ٽऱᣂ᝶ဲဲნΔ࣍׊ࠀᙃᢝழᥒၞဎ፿Ε૎፿፿ଃᑓীΔޢشܓଡழၴ

ଃ௃խีࢬᗨऱઌۿ৫։ᑇΔࠋ່נܑܒװऱᙃᢝ࿨࣠Ζ 

ڇ։੡ᣂ᝶ဲᑓิፖྤᣂဲᑓীΖאױΔ૿ֱ࠷ᣂ᝶ဲऱဇ࣍ڇ 1985 ΔHigginsڣ ፖ
Wohlford[6]شܓຑᥛ፿ଃᙃᢝᚨ࣍شᣂ᝶ဲဇ࠷(keyword Spotting)Δࡳ׊ࠀᆠჄךᑓী
(filler template)װ।ྤقᣂဲຝٝΖڇ ᣂ᝶ဲᑓิणኪڇנ༽ΔRohlicek࿛Գ[7]ڣ1989
խऱᖲ෷യ৫ࠤᑇףԵᦞૹଖװ৬ྤمᣂဲᑓิΖڇ 1990 ΔRoseڣ ፖ Paul ࠌ[8]נ༽
شܓנ༽ΔຬᥛࠐڣᣂဲᑓิΖ२༓ྤ܂ᅝࠐ໢ଃᆏش HMM Base ऱڻଃᆏᣂ᝶ဲፖ
ྤᣂဲᑓิᚨ࣍شᣂ᝶ဲऱᙃᢝΖྤڇᣂဲᑓิֱ૿Δڇ 1996 ΔCamineroڣ ࿛Գ[9]
 utterance)ܑܒ፿ߢ࣍ᦸܑ։࣫ᄷঞش୚׊ࠀᑓী(Garbage Model)Δ݃ࡑԵףנ༽
verification)Ζڇᙃᢝ࿨ዌՂΔףՂ݃ࡑᑓী֮࣍ऄ๵ঞՂΔ܅૾אױኙ࣍ᣂ᝶ဲᎄܒऱ
ᖲ෷Ζ 

ᅝߓอऱྤᣂဲፖᣂ᝶ဲᑓิףՕழΔࢬᏁ૞ऱჼ༈ழၴലᄎՕՕᏺףΔ֠ࠡਢक़၄Օ

ၦᇷᄭڇჼ༈ሁஉֱ૿Δຍኙ࣍ᚨ࣍شᇷᄭૻ࠹ऱཕᐝীᇘᆜڶᄕՕऱਗᖏΔؘאࢬႊ

ڇᄷऱᙃᢝ࿨࣠ΖֽࡳԫګሒװயऱֱऄΔڶຒݶለشܓ ΔFrank k.Soong࿛Գڣ1990
༈ބຒჼ༈ऄݶᖫࣤण࿨ዌՀऱشܓנ༽[10] N-Best ऱᙃᢝ࿨࣠Δᚨ࣍شຑᥛ፿ଃᙃ
ᢝΖڇ ᓳᆏװ྇ܔ೯ኪشܓଡழၴଃ௃រΔޢڇנ༽ΔXie Lingyun࿛Գ[11]Δڣ2004
ჼ༈ᒤ໮Δ׊ࠀᚨ࣍شՕဲნຑᥛ፿ଃᙃᢝߓอΖ 

(Main)ဲ׌ऱᛩቼՀ೚٤ᖞᑇሎጩΖଈ٣Δ৬ዌছᆜဲ(Prefix)ፖૻ࠹ᇷᄭ࣍ᓵ֮ᑓᚵء
ऱဲࠢᖫ(Tree Lexicon)Δဲشܓნփڗፖڗऱຑ࿨ᣂএΔ܉ᆜګᖫण࿨ዌΔዿ৵ᅝګჼ
༈ழऱࠉᖕΖᅝྒྷᇢ፿றၞࠐழΔݺଚޔ٠شܓჼ༈ऄ(Beam Search)ޢנބװଡ፿றऱ
ԫנބऱᆏរΔ່৵܅ଵೈ։ᑇଖለݧᆖመඈ׊ࠀ੒ऱᆏរΔژ౨ױଡଃ௃(Frame)ޢ
 ছᆜဲऱჼ༈ᖲࠫΔ᧢ޏଚݺΔࢤ୶࢏ڶףޓอߓࠌᙃᢝ࿨࣠Ζۖ੡Աګሁஉᅝࠋ່ิ
ሁஉঅఎڼ៥መאױრփছᆜဲழΔࡳಖᎅݱृشࠌฃჼ༈ছᆜဲሁஉΔྒྷᇢ࢙ױԵף

ኙဲ׌࣍ऱᙃᢝய౨ΙףԵྤᣂဲ݃ࡑᑓীΔྒྷᇢृشࠌᎅᙑࡳᆠփছᆜဲழΔᙑᎄሁ

உאױ๯گܮΔ៶ڼঅఎኙဲ׌࣍ऱᙃᢝ෷Ζ 
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ԲΕဎ૎፿෗ٽᙃᢝߓอ 

ဎ፿Ε૎፿෗ٽᙃᢝऱߓอੌ࿓ቹڕՀቹ 2-1Ζ 

Output
Sentnece

 Training 

Mandarin database
(MAT 2000)

௽ᐛ೶ᑇឯ࠷
(Feature extraction)

Input Speech

Recognition

Acoustic Model 
Training

ჼ༈ޔ٠
(Beam Search) 

ඈݧ
(Sort)

English database
(EAT+TWENG)

Acoustic Model 
Training

ဲࠢᖫ
(Tree Lexicon)

ቹ 2-1Νဎ፿Ε૎፿෗ٽᙃᢝੌ࿓ቹ 

௅ᖕՂቹऱੌ࿓ቹΔݺଚऱߓอ׌૞։੡ࠟଡຝٝΔ։ܑ੡ಝᒭၸ੄ፖᙃᢝၸ੄Ζࠡխ

ಝᒭၸ੄ਢڇ LinuxՀ೚௬រᑇሎጩΔشܓឆ៲֛ױ್ڤᑓী։ܑಝᒭנဎ፿፿ଃᑓী
ፖ૎֮፿ଃᑓীΖྒྷڇᇢၸ੄Δ੡Աฤ࣍ٽᇷᄭૻ࠹ऱᛩቼΔݺאࢬଚ࣍ PCՂၞ۩٤
ᖞᑇሎጩΖᅝԫଡྒྷᇢ፿றၞࠐழΔݺଚ٣೚፿ଃಛᇆऱ௽ᐛ೶ᑇឯ࠷Δհ৵ၞԵޔ٠

ჼ༈ऄऱ࿓ݧΔ࿨ࠢဲٽᖫፖႪԵဎ፿Ε૎፿፿ଃᑓীၞ۩ᣂ᝶ဲဇ࠷Ζࠀൕࢬಖᙕऱ

ᆏរሁஉխΔᆖመ፿ଃᑓীઌۿ৫։ᑇऱีᗨፖඈݧΔ༈ࠋ່נބऱছԿټᙃᢝ࿨࣠Ζ 

 

2.1 ឆ៲֛ױ್ڤᑓী 

ឆ៲֛ױ್ڤᑓীਢԫጟאᖲ෷อૠऱֱࠐڤ೚ᙃᢝऱᑓীΔᙃᢝ፿ଃऱ৫ၦਢૠጩൕ

ᑓীขسऱᖲ෷ଖՕ՛Ζԫ౳ൄ࣍شणኪᨠྒྷᖲ෷ऱᖲ෷യ৫ࠤᑇ੡೏ཎ෗ٽᑓী

(Gauss Mixture Model)Ζݺ܀ଚ੡Աڂᚨڇཕᐝฝ೯ᇘᆜՂ૿ऱᇷᄭૻࠫΔאࢬආࢮش
ཏࢮཎ։܉(Laplacian Distribution)೚੡ݺଚऱणኪᨠྒྷᖲ෷Ζࠡ probability density 
function ࡳᆠڕՀڤΝ 

1( , , ) exp
2

x u
Lap x u v

v v
                        (1) 

ࠡխ u੡ location parameterΔv੡ scale parameterΖ೗๻ԫଡፂ৫੡ DΕ௽ᐛଖ੡ xऱ፿
ଃಛᇆΔ೗๻ޢڇଡ௽ᐛ೶ᑇଖհၴਢᗑمऱᣂএΖݺଚڼאणኪխڶࢬ෗ٽᑇ(mixture)
່Օऱᖲ෷ଖזࠐ।ឆ៲֛ױ್ڤᑓীร jଡणኪऱᨠྒྷᖲ෷Ν 

, , , ,
1

, ,

1 , , , ,

( ) max ; ;

1 exp
2

D

j d j m d j m dm d

D
d j m d

d j m d j m d

b x Lap x u v

x u
v v

             (2) 
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ࠡխ , ,j m du ࡉ , ,j m dv ։ܑ੡ឆ៲֛ױ್ڤᑓীร jଡणኪՂรmଡ෗ٽᑇ(mixture)հร d
ፂ৫ऱ location parameter ࡉ scale parameterΖ೗๻ kየߩՀڤ٨՗Νʳ

, , , ,
1

arg max ; ;
D

d j m d j m d
m d

k Lap x u v               (3) 

( )jb x ऱ logڤ՗ױ।ڕقՀΝ 

, ,
,

1 , ,

log ( )
D

d j k d
j j k

d j k d

x u
b x C

v
                  (4) 

ࠡխ ,j kC ੡ࡉ HMMร jଡ stateร kଡ mixtureऱ೶ᑇઌᣂऱᑇଖ(ࡉ௽ᐛଖ xྤᣂ)Δױ
ቃ٣ጩ܂נ੡׼ԫଡᑓী೶ᑇΖ൷Հࠐ૞ၞ۩ऱਢ૾܅ૠጩၦַ߻ࡉᄨۯ(overflowʼΝʳ

1 ᆖطᔞᅝऱࡳរ֏ݾ๬Δല , , , , ,, , ,d j k d j k d j kx u v c ᠏ངګ 16-bitᖞᑇ ' ' ' '
, , , , ,, , ,d j k d j k d j kx u v c Δڕ

অᢞױڼ log( ( ))jb x ੡ 16-bitᖞᑇᒤ໮Ιڇ؆׼ Beam Search ᑓิխ Viterbi Searchࠌ
հش log-likelihoodีףೄ٨(accumulated array)ঞא 32-bitᖞᑇ৙ܫΔຍᑌี܅૾ױ
ೄ٨ף overflowऱᖲ෷Ζ 

� ലೈऄሎጩஞൾΔחᖞᑇ , , '
, ,

2s

j k d
j k dv
Δᆖመᔞᅝڤ՗ૹᖞΔطאױՀ٨ऱ٤ᖞᑇሎ

ጩڤ՗ሓ२Ν 

' ' '
, , , , ,

1
log( ( ))

D

j j k j k d d j k d
d

b x C x u s         (5) 

ࠡխ >> ੡ bit-shift right ሎጩցΖ 

 

2.2 ဲࠢᖫ 

ᓵ֮ءڇΖ(Main Word)ဲ׌Աছᆜဲ(Prefix Word)ፖܶץ৬ዌᖞଡဲࠢᖫऱመ࿓խΔڇ
խΔဲڶࢬნઃ੡ဎ፿Ε૎፿ࢨဎ૎፿෗ᠧऱ፿றΔࠡխছᆜဲऱଡᑇ੡ 10 ଡΔဲ׌
ଡᑇ੡ 200ଡΖڼڇΔݺଚᜰנԫଡᒤࠏΔࠏ՗խছᆜဲڶϚEmailϛፖϚ਷ᇬϛΔۖ׌
شܓᙄֆ৛ϛ࿛նଡဲნΔࢬϛፖϚցཕՕᖂຏಛࢬϚցཕՕᖂϛΕϚցཕՕᖂຏಛڶဲ

ᖫण࿨ࢬዌګऱᙃᢝဲნႃڕٽቹ  ।ဲნऱึ࿨ΖזΖTقࢬ2-2
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T

Root 
1

Root 
2

Root 1 : ੡ছᆜဲऱದࡨរ
Root 2 : ੡ဲ׌ऱದࡨរ

਷ ᇬ

ց ཕ Օ ᖂ
ຏ ಛ ࢬ

ᙄ ֆ ৛

T
T

T

IY MH EY LT T

Email

 

䄋 2-2Νᖫण࿨ዌቹ(ԫ) 

ᖕՂቹࠉ 2-2ऱֱאױڤലᣂ᝶ဲဲ஄৬ګمԫଡᖫण࿨ዌऱဲࠢᖫΔࠡխဎ፿ଃᆏរ
ኙᚨ 411ଡଃᆏᒘΔۖ૎፿ଃᆏរঞਢኙᚨ 134ଡ׳ઌᣂଃైᑓী(Phone Model)Δհ৵
ലԫၸ೯ኪჼ༈ᕴऱჼ༈़ၴطဎ፿ऱ 411ଃᆏᒘፖ૎፿ऱ 134ଡ׳ઌᣂଃైᑓী୶ၲ
ڶ੡ဎ፿ᆏរΔঞ࣠ڕຑ࿨ऱଃᆏរᆏរΖאױࢬ 7ଡणኪΔܶץഗءଃᆏհ Initial 2 ଡ
ፖ Final 4ଡणኪΔᇿԫଡאױሂመऱᙩଃणኪࠐ༴૪ଃፖଃհၴױ౨ڇژ/լڇژऱᙩ
ଃΔڕՀቹ ڶ੡૎፿ᆏរΔঞ࣠ڕΖقࢬ2-3 3ଡणኪΔܶץ 2ଡഗءଃᆏणኪፖ 1ଡ
ᙩଃणኪΔڕቹ 2-4 ࣍ჼ༈ऱऄঞՂΔဎ፿ຝٝڇΖقࢬ Final ່৵ԫଡणኪૻࠫױ׽
ဎ፿ຝ։ऱृࢨຑ࿨ᙩଃणኪא Initialรԫଡणኪृࢨ૎፿ຝٝรԫଡणኪΙ૎፿ຝٝ
ঞਢڇणኪ 2հ৵אױ׽ຑ࿨ᙩଃणኪृࢨဎ፿ຝٝ Initialรԫଡणኪृࢨ૎፿ऱรԫ
ଡणኪΖ 

Ini 1 Ini 2 Fin 1 Fin 2 Fin 3 Fin 4
sil sil

 

ቹ 2-3Κဎ፿ᆏរխհणኪቹ 

state 1 state 2
sil sil

 

ቹ 2-4Κ૎፿ᆏរխհणኪቹ 

 
 ჼ༈ऄኔ೚ޔ٠ 2.3

ᙩଃᆏរΕဎ፿ᆏរΕ૎፿࣍ᐞଃ௃խ፿ଃᆏរᄎ᥆ەଚݺ૿ֱ܂ჼ༈ऄ๻ૠኔޔ٠ڇ

ᆏរፖ݃ࡑᑓীᆏរ؄ጟൣݮΖ؄ጟլٵऱᆏរᄎ௅ᖕဲࠢᖫፖ֮ऄૻࠫװ୶ၲױຑ࿨

ऱᆏរΔࠉ׊ࠀᖕᆏរփऱ፿ଃᑓীઌۿ৫։ᑇՕ՛Δຏመޔ٠ჼ༈ऄऱᗴᙇΔข٠س

อփԫଡଃ௃ᇷಛჼߓ༴૪װဠᚵᒘ(Pseudo Code)شܓଚݺՀאᐈ৫(BeamWidth)Ζޔ
༈፿ଃᆏរऱዝጩऄΚ 
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Step1Νt=0ऱଃ௃ၞࠐΖ(t=ଃ௃ index) 

Step2Νࠉᅃࠢဲ࣍܉ᖫᇙڶࢬছᆜဲဲნऱรԫଡଃᆏװૠጩဎ፿ࢨ૎፿፿ଃᑓীऱ
ઌۿ৫։ᑇΔ׊ࠀፖᙩଃᑓীઌۿ৫։ᑇၞ۩։ᑇՂऱඈݧΖ 

Step3Νt=1ऱଃ௃ၞࠐΔࠉᖕ Step2ࢬขسऱଃᆏଡᑇΔૹᓤച۩ Step5ፖ Step6Δၞࠀ
Ե Step7ขسᄅऱଃᆏଡᑇΖ 

Step4Νt=2ࠩ t=Tऱଃ௃ၞࠐΔࠉᖕ Step7ࢬขسऱଃᆏଡᑇΔૹᓤച۩ Step5ፖ Step6Ζ 

Step5Νᆏរܑܒ੡ᙩଃᆏរΔᅝᆏរփᑑᇆ੡-1 ழΔঞس९ࠢဲ࣍܉ᖫᇙڶࢬছᆜဲ
ဲნऱรԫଡଃᆏរΙᑑᇆլ੡-1ழΔঞࠉᖕဲࠢᖫխڼᑑᇆհ৵אױຑ࿨ऱᆏរၞ۩
ຑ࿨Ζ 

Step6Νᆏរܑܒ੡ဎ፿ᆏរΕ૎፿ᆏរ݃ࡑࢨᑓীᆏរΔڼ࣠ڕᆏរګسآছԫଡ፿
ଃणኪΔঞګسΙ࣠ڕॺ່৵ԫଡ፿ଃणኪΔঞขسՀଡ፿ଃणኪΖ࣠ڕբᆖ່ࠩ৵ԫ

ଡ፿ଃणኪΔঞܒឰਢܡ੡ছᆜဲဲ׌ࢨऱึ࿨រΔאױ׊ࠀຑ࿨ࠩᙩଃᆏរΖڼழᆏ

រ࣠ڕլ੡ဲ׌ऱึ࿨រΔঞڼᆏរאױᤉᥛຑ࿨ࠡהဎ፿ᆏរࢨ૎፿ᆏរΖ 

Step7Νีᗨ Step5ፖ Step6ࢬขسऱᆏរΔၞ۩ᙩଃΕဎ፿Ε૎፿Ε݃ࡑᑓীᆏរၴ፿
ଃᑓীઌۿ৫։ᑇၴऱඈݧΔ׊ࠀᆖመޔ٠ჼ༈ऄऱᗴᙇΔଵೈ։ᑇለ՛ऱᆏរΖ 

Step8Ν່৵ԫଡଃ௃փऱ፿ଃᆏរᆖመઌۿ৫։ᑇඈݧመ৵ΔၞԵᙃᢝ࿓ݧΖ 

ࡳଚ๻ݺอխΖߓ࣍شᚨٽ۶࿨ڕ՗Δᎅࣔဲࠢᖫፖ٠ຒჼ༈ऄࠏԫଡנଚՈᜰݺڼڇ

ڶ٥᜔ 6ଡဲნΔܶץԱ 3ଡছᆜဲፖ 3ଡဲ׌Δڶ٥ 15ଡᆏរΖࠉᖕဲნփଃᆏ܉
Հቹڕऱᖫण࿨ዌګ 2-5Ν 

 

Root 
1

Root 
2

1 2

3 4

8 9 10

11 12

14

13

15

Root 1 : ੡ছᆜဲऱದࡨរ
Root 2 : ੡ဲ׌ऱದࡨរ

5 6 7
 

ቹ 2-5Νᖫण࿨ዌቹ(Բ) 

ࠡխᑇڗ 1~15 ᆏរΖՀቹޔნऱ࿨ဲڼ।זۥ।ဲნփऱଃᆏΔદז 2-6 ቹא 2-5 ऱ
ဲࠢᖫ੡ࠉᖕࢬขسऱ٠ຒჼ༈ऄሁஉΖᅝྒྷᇢ፿றၞࠐழΔس٣९ছᆜဲΕᙩଃፖࡑ

݃ᑓীᆏរΔس٦९ဲ׌ᆏរΔࠉ׊ࠀᅃᆏរփणኪࢬኙᚨऱ፿ଃᑓীઌۿ৫։ᑇՕ

՛Δၞ۩ඈݧፖᗴᙇΖڼڇΔႽഎၴऱຑ࿨זࢬ।ऱਢᆏរփणኪऱ᠏ฝൣݮΖۖࠏڼ

՗խΔޢଡᆏរڶ 3 ଡणኪᑇΔ੡ S0ΕS1ΕS2Ζۖᙩଃፖ݃ࡑᑓীᆏរٺ੡ԫଡणኪ
ᑇΖ 
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ቹ 2-6Νޔ٠ჼ༈ऄሁஉቹ 

 
2.4 ဎ૎፿෗ٽᣂ᝶ဲဇ࠷ 

ڇૉեଡᣂ᝶ဲΔ࠷௽௘ဲნᙇڼ٣ኙࠃ௽௘ᙃᎁဲნՀΔڇΔਢਐ࠷ᘯᣂ᝶ဲऱဇࢬ

ᙃᢝऱழଢ׽૞ലቃࡳ٣ᆠړऱᣂ᝶ဲဇࠐנ࠷Ζຍຝ։ݺଚ׌૞ਢտฯဎ૎፿෗ٽऱ

፿ଃᙃᢝΔૹរਢڇ࣋ᣂ᝶ဲऱᙃᢝՂ૿Δࠡխᣂ᝶ဲܶץԱছᆜဲፖဲ׌ऱᙃᢝΔࠏ

ᆠփছᆜဲழΔࡳᎅᙑࢨಖ䇣ݱृشࠌڕࠏ௽௘ൣउՀΔࠄԫڇΝϚ਷ᇬ ցཕՕᖂϛΖڕ
ಾኙဲ׌࣍ᣂ᝶ဲဇ࠷ᙃᢝᝫਢݺଚऱؾऱΔຍழଢݺଚ༉ڇჼ༈ᖲࠫխףԵ࢙ױฃჼ
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༈ছᆜဲऱሁஉྤࢨᣂဲ݃ࡑᑓীሁஉΔ܅૾װኙဲ׌࣍ऱధᡏࢤΔঅఎኙဲ׌࣍ऱᙃ

ᢝ෷Ζ 

ۖᣂ࣍ჼ༈ᖲࠫऱޏ᧢Δݺଚ׌૞ಾኙছᆜဲჼ༈ᖲֱࠫ૿೚൶ಘΖଈ٣Δ࣍ছᆜဲဲ

஄խףԵ࢙ױฃჼ༈ছᆜဲऱሁஉΔڼሁஉࠀॺࡳᆠփऱছᆜဲΔۖਢ੡ԫଡᙩଃᑓী

ऱሁஉΖኙݺڼଚྒྷᇢݱृشࠌಖᎅࡳᆠփছᆜဲழኙဲ׌࣍ऱᙃᢝ෷Ζ੡Աߓࠌอޓ

ृشࠌᅝݼࣂװᑓীሁஉΔ݃ࡑԵྤᣂဲףছᆜဲဲ஄խڇଚݺࠐፖய౨Δ൷Հࢤᐘڶ

ᎅᙑࡳᆠփছᆜဲऱൣउΖۖᖞଡছᆜဲჼ༈ሁஉऱޏ᧢ΔڕՀቹ ੡ᣂ᝶ڂΖقࢬ2-7
ဲᙃᎁऱݾ๬ֺຑᥛ፿ଃᙃᢝࠐऱᐖऑ׊᡹ࡳΔݺאࢬଚലኙဎ૎፿෗ٽऱᣂ᝶ဲᙃᢝ

೚אՀޓᇡาऱಘᓵΖ 

 
Keyword 

1

Keyword 
2

Keyword 
k

Garbage

silence

ΞΞ

silence

Keyword 
1

Keyword 
2

Keyword 
ksilence

ΞΞ

silence

อߓ֒༽
ய౨Bypass

Bypass

 

䄋 2-7Νছᆜဲჼ༈ᖲࠫቹ 
2.4.1  ᣂ᝶ဲᑓิ 

ᣂ᝶ဲܛ௅ᖕ௽௘ᙃᢝဲნऱլٵΔۖࡳ٣ࠃװᆠΕᙇ࠷ऱᙃᢝᑑऱΖڇছᆜဲֱ૿Δ

ဲ׌ڇ੒խԳፖԳհၴᄎٌᎾյ೯ऱဲნΙۖسΕؚሽᇩ࿯ΕEmail...࿛࿛ֲൄބ༈ڶ
ֱ૿Δঞאխ૎֮Գټ੡׌Ζݺଚආڻشଃᆏխऱ׳ઌᣂଃైᑓী(RCD)ۭຑࠐขسᣂ
᝶ဲᑓิΔ܂੡ᜢᖂᐋڻऱᙃᢝΔຍᑌאױ௅ᖕ௽௘ᙃᢝဲნऱլٵΔۖছᆜဲ׌ृࢨ

ဲऱ྇ףΔլᏁૹᄅಝᒭᑓীΔࠌऱߓอڶޓᐘࢤΖ 

 
2.4.2  ྤᣂဲ݃ࡑᑓী 

ྤᣂဲ݃ࡑᑓীᣊ࣍ۿਢჄךᑓীΔشܓჄךᑓীऱ෗෤ࢮࠐՀྤᣂဲऱ։ᑇΔၞۖᏺ

ᙃᢝ෷Ζۖף ଃ௃௽ڶࢬຝ։ئᑓীਢലဎ፿ಝᒭ፿றխ٤ຝᜢ݃ࡑᓵ֮խऱྤᣂဲء

ᐛ೶ᑇᇷಛૹᄅಝᒭګԫଡ໢ԫᄅऱᜢئᑓীΔڶ׽ԫଡणኪᑇ׊෗ٽᑇ੡ 32ΔۖՈ
ലᣉڶࢬئଃ௃௽ᐛ೶ᑇᇷಛૹᄅಝᒭګԫଡ໢ԫᄅऱᣉئᑓীΔٵᑌՈ๻ࡳ੡ԫଡण

ኪᑇ෗ٽᑇ੡ 32ΖႪႃᄅऱᜢئΕᣉئᑓীګ੡ݺଚࡳࢬᆠऱ݃ࡑᑓীΔף،ނ׊ࠀ
Եࠩࡳࢬᆠऱছᆜဲဲ஄ሁஉհխΖឈྥݺଚྤऄቃྒྷृشࠌऱᎅᇩൣݮΔݺ܀ଚؘࡳ

वሐ؁؁ޢڇ՗հխؘݺڶܶࡳଚ૞ᙃᢝऱኙွΔܛᣂ᝶ဲऱڇژΖڇᙃᢝऱመ࿓հխ

ګ๠෻Δሒ܂ԫଡᙃᢝ໢ցګٽଃऱᙃᢝֱऄലᣂ᝶ဲፖྤᣂဲ࿨ڗຑ࿨شܓאױଚݺ

 ऱΖؾଚᙃᢝᣂ᝶ဲऱݺ

 

244



2.4.3  ᣂ᝶ဲဇ࠷ऱඈ٨ 

ᣂ᝶ဲऱဇ࠷ਮዌΔڇছᆜဲຝ։Δܶץאױᣂ᝶ဲᑓิྤृࢨᣂဲᑓীΙဲ׌ຝٝঞ

ऱൣ᧢ޏխჼ༈ᖲࠫ࠷ᣂ᝶ဲဇ࣍෼נ૞׌Բጟנଚᜰݺᓵ֮խΔءڇᣂ᝶ဲᑓิΖڶ

ᆠࡳΖ೗๻ݮ 2ଡছᆜဲ։ܑ੡Ϛ਷ᇬϛፖϚEmailϛፖࡳᆠ 3ଡဲ׌Δ։ܑ੡Ϛցཕ
ՕᖂϛΕϚ؀᨜ՕᖂϛፖϚٌຏՕᖂϛΖรԫጟൣउڕቹ 2-8Δ 

ցཕՕᖂ

؀᨜Օᖂ

ٌຏՕᖂ

ᣂ᝶ဲᑓิ

਷ᇬ

Email

ছᆜဲဲ஄ ஄ဲဲ׌

ᣂ᝶ဲᑓิ+
ฃሁஉ࢙

Bypass

 

ቹ 2-8Κ࣍ছᆜဲխףԵ࢙ױฃჼ༈ছᆜဲሁஉቹ 

ᨃছאױܡಖᎅছᆜဲழΔਢݱृشࠌฃছᆜဲሁஉΔྒྷᇢ࢙ױԵԱףছᆜဲဲ஄խڇ

ᆜဲჼ༈ᖲࠫ៥መڼሁஉΔঅఎ۰ኙဲ׌࣍ऱᙃᢝΖรԲጟൣڕݮቹ 2-9Δ 

ցཕՕᖂ

؀᨜Օᖂ

ٌຏՕᖂ

ᣂ᝶ဲᑓิ

਷ᇬ

Email

ছᆜဲဲ஄ ஄ဲဲ׌

ᣂ᝶ဲᑓิ+
+ฃሁஉ࢙

ྤᣂဲ݃ࡑᑓীሁஉ

Garbage

Bypass

 

ቹ 2-9Κ࣍ছᆜဲխףԵྤᣂဲ݃ࡑᑓীሁஉቹ 

ᎅᙑृشࠌᅝ࣍شᚨױᑓীሁஉΔ݃ࡑฃছᆜဲሁஉፖྤᣂဲ࢙ױԵףছᆜဲဲ஄խ࣍

 ऱᙃᢝ෷Ζဲ׌࣍ᆠփছᆜဲൣउழΔլᄎՕ༏ధᡏኙࡳಖᎅݱࢨᆠփছᆜဲࡳ

 
2.5 ፿ଃᑓীऱᇖᚍ 

245



ဎ፿ፖ૎፿ऱಝᒭ፿றࠐ۞լٵऱᙕଃֱڤፖᛩቼΔףՂᙃᎁ໢ցࡉ೶ᑇၦլٵທګᑓ

ীᇞ࣫৫լٵΔאࢬᅝྒྷᇢ፿றၞࠐழΔݺଚؘႊװᨠኘࢬขسऱဎ፿ࢨ૎፿ᑓীၴઌ

ᑓী೚݃ࡑଚᄎ։ܑኙ૎፿ᑓীፖྤᣂဲݺΔڼڇΖ܂ᇖᚍऱ೯܂׊ࠀ৫։ᑇऱ஁၏ۿ

ೣ஁ଖᇖᚍΖ 

 
2.5.1  ဎ૎፿෗ٽᣂ᝶ဲऱೣ஁ᇖᚍ 

ဎ፿፿ଃᑓীፖ૎፿፿ଃᑓীڂಝᒭ೶ᑇၦլٵΔאࢬᅝ૞ᙃᢝऱ፿ଃၞࠐழΔࢬขس

ऱဎ፿Ε૎፿ઌۿ৫։ᑇڇ։़ؒၴՂؘྥլٵΔၞۖڇ։ᑇՂขسԫࡳऱᆵ஁Ζᆖመ

อૠፖᨠኘհ৵Δࠟृၴऱ஁၏ڕቹ  Ζقࢬ2-10

 
ઌۿ৫։ᑇ

Time

ऊ  -1000

ဎ፿ᑓী

૎፿ᑓী

ઌۿ৫։ᑇ஁၏

ऊ  -1300

 

ቹ 2-10Νဎ૎፿ઌۿ৫։ᑇ஁၏ቹ 

ലဎ፿፿ଃᆏរፖ૎፿፿ଃ࣐ᙃᢝழΔ୲ڗჼ༈ᣂ᝶ڇګທאࢬ৫։ᑇऱ஁ฆۿ੡ઌڂ

ᆏរյઌܑܒᙑᎄΔאࢬ੡Աޏ࿳ܑܒڼᙑᎄऱൣݮΔݺଚၞڇ۩ჼ༈፿ଃᆏរऱழ

ଢΔኙޢଡ૎፿ᑓীޢאଡଃ௃੡໢ۯΔଊՂࡳࡐऱೣ஁ᇖᚍଖΔڕՀᑇᖂقࢬ(6)ڤΝ 

' 0.7896E EL L                           (6) 
ࠡխ '

EL ੡ଊመೣ஁ᇖᚍଖ৵ऱ૎፿ᑓীઌۿ৫։ᑇଖΖ 

2.5.2  ྤᣂဲ݃ࡑᑓীऱೣ஁ᇖᚍ 

ਢ஁׽Δګಝᒭۖࢬಝᒭ፿றٵઌشܓᑓীຟਢ݃ࡑᓵ֮հխΔဎ፿ᑓীፖྤᣂဲءڇ

ԫଡٺئΕᣉئᜢشࠌ׽ଚݺᑓীֱ૿Δ݃ࡑᣂဲྤڇኒΖڍऱणኪᑇئፖᣉئᜢڇܑ

णኪᑇΔאࢬಝᒭࠐנऱᑓীᄎֺለྤᦸܑࢤΖۖᅝྤᣂဲ݃ࡑᑓীፖဎ፿ᑓীऱઌۿ

৫։ᑇଖၞ۩ᤁञऱழଢΔݺଚ࿇෼ڂ੡ྤᣂဲ݃ࡑᑓীऱઌۿ৫։ᑇଖ՛࣍ဎ፿ᑓ

ীΔࠟृհၴڶԫ੄஁၏ΔທृشࠌࠌܛګᎅᙑছᆜဲழΔჼ༈ሁஉᝫਢᄎຑ൅ᐙ᥼ࠩ

ኙဲ׌࣍ऱܒឰΔᖄીဲ׌ᙃᢝᙑᎄΖݺאࢬଚኙྤᣂဲ݃ࡑᑓীऱઌۿ৫։ᑇଊՂԫ

ଡᙩኪೣ஁ᇖᚍଖΔڕՀᑇᖂ(7)ڤΕ(8)قࢬΝ 

' '
ini iniL L                           (7) 

' '
fin finL L                          (8) 
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ࠡխ '
iniL ፖ '

finL ੡ᆖመೣ஁ᇖᚍଖ৵ऱᜢئΕᣉئᑓীઌۿ৫։ᑇଖΖ 

ԿΕኔ᧭፿ற 

ኔ᧭ࢬᏁऱဎ፿ಝᒭ፿ற੡ψխဎاഏૠጩ፿ߢᖂᄎωࠎ༽ࢬऱ 2000 Գψഏ፿፿ଃᇷ
ற஄ω(Mandarin speech database Across Taiwan, ១ጠMAT2000)[12]Δڼ፿ற஄ਢຘመ
ֆฒሽᇩጻሁࢬᙕ፹Δ࠷ᑌ᙮෷ۯࡉցᑇ։ܑ੡ 8KHzࡉ ࠷ցΖ᜔٥ᙇۯ16 84737؁
፿றᅝ೚ဎ፿ᑓীಝᒭ፿றΖۖ૎፿ऱಝᒭ፿ற੡؀᨜࿺૎֮ᇷற஄(English Across 
TaiwanΔEAT)[13]ףՂ؀᨜࿺ڤ૎፿ಝᒭ፿ற(TWENG)Ζ؀᨜࿺૎֮ᇷற஄։੡ຽ܌ଅ
፿றፖሽᇩ፿றΔࠡխሽᇩ፿றױา։੡ڤࡳࡐሽᇩ(PSTN)፿றፖ۩೯ሽᇩ(GSN)፿
றΖ࠷ᑌ᙮෷ۯࡉցᑇ։ܑ੡ 8kHz ࡉ 16 ࠷ցΔᙇۯ 90475 ؁ಛᒭ፿றΖ؀᨜࿺ڤ૎
֮֟ၦ፿றΔࠡ࠷ᑌ᙮෷ۯࡉցᑇՈਢ੡ 8kHzࡉ ࠷ଚᙇݺցΔຍຝ։ۯ16 9535؁፿
றᅝګಝᒭ፿றΖ 

ኔ᧭խྒྷᇢ፿ற੡ME_Speech CorpusΔਢط ፖسߊۯ12 شܓسՖۯ12 10ଡছᆜဲፖ
ڶΖ᜔٥ګऱᣂ᝶ဲ᢯ნᙕ፹ۖګิٽ෗ࢬဲ׌200 4800؁፿றΔࠡխรԫຝٝ 2400
؁፿ற੡ܶץԱছᆜဲፖဲ׌෗ګۖٽऱᣂ᝶ဲΔ׼؆รԲຝٝऱ 2400 ؁੡รԫຝٝ
 ऱဲნΖဲ׌ఎՀ׽ೈছᆜܔ؁ڗ

؄Εኔ᧭։࣫ 

طଡᙁԵଃ௃(frame)հ௽ᐛ೶ᑇਢޢᑌ᙮෷੡8kHzΖ࠷อխ፿ଃॾᇆհߓء 12ፂऱψම
ዿࠥ৫ڤଙ᙮ᢜ೶ᑇω(Mel-scale cepstrum)֗ኙᚨհ 12 ፂψଙ᙮ᢜ஁ၦ೶ᑇω(delta 
Mel-scale cepstrum)ףՂ 1ፂψ஁ၦኙᑇ౨ၦω(delta log energy)ፖ 1ፂψ஁஁ၦኙᑇ౨
ၦω(delta delta log energy)ࢬዌګ 26ፂ৫ऱ௽ᐛ೶ᑇΔڼ೶ᑇࠀᆖመ RASTAៀंᕴش
طଃᆏᑓীΔဎ፿ຝ։ڻشຏሐயᚨΖᙃᎁჼ༈໢ցආ܅૾࣍ 100ଡ 2णኪऱ׳ઌᣂᜢ
ᑓীΕ38(initial)ئ ଡ 4 णኪऱᣉئ(final)ᑓীፖ 1 ଡणኪऱᙩଃ(silence)ᑓীิګΖۖ
૎፿ຝٝط 134ଡ 2णኪ֮׳ઌᣂ૎፿ଃై(Phone)ᑓীፖ 1ଡणኪऱᙩଃ(silence)ᑓী
૾࣍ش।Δזࠐఢೄߡ஁ఢೄঞਢ೗๻ኙֱ࠰ᑓীΔۖٽԫଡणኪઃ੡೏ཎ෗ޢΖګิ

Δࠡխဎ፿سኒ۷ጩขڍঞਢ௅ᖕಝᒭ፿றऱؾᑇ(mixture)ٽሎጩၦΖᑓীऱ೏ཎ෗܅
ᜢئᑓীࡉᣉئᑓী່ڶڍ 8ଡ೏ཎ෗ٽᑇΔᙩଃᑓীঞط 16ଡ೏ཎิګऱ೏ཎ෗ٽ
ᑓীΙۖ૎፿ଃైᑓী່ڶڍ 16ଡ೏ཎ෗ٽᑇΔᙩଃᑓীঞط 64ଡ೏ཎิګऱ೏ཎ෗
֏រࡳհᣂ᝶ဲᙃᎁΔᙃᎁு֨ઃᆖڤჼ༈(beam search)ᑓޔ٠شᑓীΖᙃᎁჼ༈ආٽ
ٽᔞࠀ PDA్ᇷᄭՀሎ܂Ζ 

 ჼ༈ᖲࠫ᧢ޏ 4.1

ኔ᧭խΔݺଚ༼ࠟנጟჼ༈ሁஉףԵߓอऱჼ༈ᖲࠫխΖรԫΔڇছᆜဲխףԵ࢙ฃჼ

༈ছᆜဲሁஉΔรԲΔڇছᆜဲխףԵྤᣂဲ݃ࡑᑓীሁஉΖڇຍࠟጟൣउՀΔݺଚװ

ྒྷᇢߓอኙဲ׌࣍ऱᙃᢝய౨ΖאՀݺଚ։ᣊ੡؄ጟჼ༈ᖲࠫΔڕՀ।ԫΝ 

 

 

 

Fi 1 Th D it
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।ԫΕჼ༈ᖲࠫ 
 ૎֮ᑓীೣ஁ᇖᚍ ฃჼ༈ছᆜဲሁஉ࢙ ྤᣂဲ݃ࡑᑓীሁஉ

ჼ༈ᖲࠫ 1    
ჼ༈ᖲࠫ 2    
ჼ༈ᖲࠫ 3    
ჼ༈ᖲࠫ 4    

 
4.2 ᙃᢝ෷ֺለ 
 

ˈˌˁ˅˃ʸˈˌˁˌ˃ʸˉ˄ˁˋ˃ʸ

˅ˈˁˌ˃ʸ
˅ˋˁˋ˃ʸ

ˆˆˁˋ˃ʸ

ˌˁˆ˃ʸ
˄˅ˁ˃˃ʸ

˄ˊˁˉ˃ʸ

˃ʸ

˄˃ʸ

˅˃ʸ

ˆ˃ʸ

ˇ˃ʸ

ˈ˃ʸ

ˉ˃ʸ

ˊ˃ʸ

˧ˢˣ˄ ˧ˢˣ˅ ˧ˢˣˆ

ᙑ
ᎄ
෷
ʸ ჼ༈ᖲࠫ˄

ჼ༈ᖲࠫ˅

ჼ༈ᖲࠫˆ

 

ቹ ˇˀ˄ΝףԵೣ஁ᇖᚍଖፖ࢙ױฃছᆜဲჼ༈ሁஉऱֺለ 

ଈݺ٣ଚ٣ኔ᧭ྒྷᇢ፿றኙྤڶ࣍૎፿ᑓীೣ஁ᇖᚍଖፖ࢙ྤڶฃჼ༈ছᆜဲሁஉऱ

ய࣠ΔڕՂቹ 4-1Ζڶኙ૎፿ᑓীઌۿ৫։ᑇଊՂೣ஁ᇖᚍଖऱჼჼ༈ᖲࠫ 2ፖჼ༈ᖲ
ࠫ 3ຟֺჼ༈ᖲࠫ ࿳෷ֱ૿Δჼ༈ᖲࠫޏऱઌኙᙑᎄټรԫڇΖڍՂ๺ړ1 2ֺჼ༈ᖲ
ࠫ ࿳Աޏ1 45.2%Δۖჼ༈ᖲࠫ 3ֺჼ༈ᖲࠫ ࿳Աޏ1 71.5%ΖۖಾኙףڶՂ࢙ฃჼ༈
ছᆜဲሁஉΔڇรԫټऱઌኙᙑᎄޏ࿳෷ֱ Δ૿ნ ༈ᖲࠫ 3ֺჼ༈ᖲࠫ ࿳Աޏ2 47.9%Ζ 
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ˇˉˁ˄˃ʸ
ˇ˄ˁˋ˃ʸ

ˆˋˁˌ˃ʸ

˅ˉˁ˃˃ʸ

˅˃ˁ˄˃ʸ
˄ˊˁ˅˃ʸ

ˉˌˁˋ˃ʸˊ˃ˁˊ˃ʸ
ˉˋˁˈ˃ʸ

ˆ˄ˁˈ˃ʸ

˅ˉˁ˄˃ʸ
˅ˆˁˈ˃ʸ

˃ʸ

˄˃ʸ

˅˃ʸ

ˆ˃ʸ

ˇ˃ʸ

ˈ˃ʸ

ˉ˃ʸ

ˊ˃ʸ

ˋ˃ʸ

˧ˢˣ˄ ˧ˢˣ˅ ˧ˢˣˆ

ᙑ
ᎄ
෷
ʸ

ჼ༈ᖲࠫ˄

ჼ༈ᖲࠫ˅

ჼ༈ᖲࠫˆ

ჼ༈ᖲࠫˇ

 

ቹ 4-2ΝףԵೣ஁ᇖᚍଖΕ࢙ฃছᆜဲჼ༈ሁஉፖྤᣂဲ݃ࡑᑓীሁஉֺለ 

 
൷Հݺࠐଚނ 10ଡছᆜဲխऱ 5ଡဎ፿ছᆜဲ٤ຝܔൾΔ፹ທנ፿றխڶᎅᙑছᆜဲ
ऱൣݮΔ׊ࠀኙ࣍ 4ଡჼ༈ᖲࠫ೚ኔ᧭Δڕቹ 4-2Ζኙڶ࣍૎֮ᑓীೣ஁ᇖᚍଖऱჼ༈
ᖲࠫ 2 ፖ 3Δֺለჼ༈ᖲࠫ 1 ࿳෷੡ޏऱᙑᎄټรԫڇ 34.8%Ε55.4%ΔۖףԵ࢙ฃছ
ᆜဲሁஉ৵Δჼ༈ᖲࠫ 3ֺჼ༈ᖲࠫ ࿳Աޏऱᙑᎄ෷ټรԫ࣍2 31.7%Ζף٦Ղྤᣂဲ
ᑓীሁஉհ৵Δჼ༈ᖲࠫ݃ࡑ 4ֺჼ༈ᖲࠫ ࿳Աޏऱᙑᎄ෷ټรԫڇ3 17.5%Ζױڼط
वΔᅝߓอխჼ༈ᖲࠫ။ࠐ။ݙᖞ৵Δױಾኙ޲ृشࠌਊ๵ࡳᎅࡳᆠփছᆜဲऱൣݮ

ՀΔኙဲ׌ᝫڶԫࡳऱᙃᢝய౨Ζ 

նΕ࿨ᓵ  

ᙃᢝဲނΔ࢚ᖫࣤण࿨ዌऱᄗشܓ׊ࠀԫଡဲࠢᖫऱਮዌΔנمଚ٣৬ݺᓵ֮խΔءڇ

஄փޢଡ᢯ნऱଃᆏګ܉ݧࠉᖫणΖհ৵Δݺଚޔ٠ނჼ༈ऄᚨ࣍ش፿ଃᆏរऱჼ༈ፖ

ᗴᙇΔีᗨޢଡழၴរऱژ੒፿ଃᆏរΔၞ۩ઌۿଖՕ՛ऱඈݧΖ࣍ኔ᧭խΔኙྒྷᇢ፿

றࢬૠጩנऱ૎፿ᑓীઌۿ৫։ᑇଊՂԫଡೣ஁ᇖᚍଖΔࢮאױ२ፖဎ፿ᑓীขנسऱ

ઌۿ৫։ᑇ၏ᠦΔ׊ࠀՕ༏༼֒ኙဲ׌࣍ᙃᢝ෷Ζۖᅝྒྷᇢ፿றխܶࡳྤڶᆠփছᆜဲ

ऱ؁ڗழΔ࣍ছᆜဲჼ༈ᖲࠫխףԵ࢙ฃჼ༈ছᆜဲሁஉΔᨃྒྷᇢ፿றྤ࣍ছᆜဲऱଃ

௃ၸ੄Δ፿ଃᆏរၞאױԵڼሁஉΔ׊ࠀլధᡏኙဲ׌࣍፿ଃᆏរऱຑ࿨Ζ 

੡Աᨃߓอऱჼ༈ᖲࠫڶףޓᐘࢤΔݺଚߓ࣍อխףԵྤᣂဲ݃ࡑᑓীሁஉ׊ࠀჸ಻ྤ

ᣂဲ݃ࡑᑓীऱೣ஁ᇖᚍଖΖࡳ᧢ޏᆠփছᆜဲऱᑇၦΔᨃ଺ءऱྒྷᇢ፿றڶԱᎅᙑࡳ

ᆠփছᆜဲऱൣݮ࿇سΖߓอྒྷڇᇢ፿றܶڶᙑᎄছᆜဲଃ௃ழΔࢬࠌאױขسऱᙑᎄ

ᆏរሁஉ๯ྤᣂဲ݃ࡑᑓীሁஉگܮࢬΖᆖطኔ᧭ױ൓ΔڶԱڼሁஉኙ࣍ᎅᙑࡳᆠփছ

ᆜဲऱൣݮՀΔኙဲ׌࣍ऱᙃᢝ෷սڶԫࡳऱய࣠Ζ  

፾᝔ ءઔࢭߒխဎሽॾઔࠎ༽ࢬߒૠ྽၄ᇖܗΔ᠃፾᝔ݵΖ 
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ൎ೜ࢤ፿ଃᙃᢝխഗ࣍՛ं᠏ངհ։᙮อૠᇖᚍݾ๬ऱઔߒ 
A Study of Sub-band Feature Statistics Compensation Techniques 

Based on a Discrete Wavelet Transform for Robust Speech 
Recognition 

ૃ᥾ᤴ 

ഏمዄতഏᎾՕᖂሽᖲߓ

 壁֮ޙ

ഏمዄতഏᎾՕᖂሽᖲߓ

೛ݳੋ

ഏمዄতഏᎾՕᖂሽᖲߓ

ኴ૞ 

ᠧಛᛩቼՀ፿ଃᙃᢝऱயၞޏࠐ๬Δݾ֏૞ਢ࿇୶፿ଃ௽ᐛൎ೜׌ᓵ֮ء

౨Ζݺଚߜޏ଺٤ࡨ᙮൅ڤऱ௽ᐛ٨ݧอૠإ๵֏ݾ๬Δشࠌထټऱᠦཋ՛ं᠏

ངࠐኙ፿ଃ௽ᐛழၴ٨ၞݧ۩։᙮൅ऱ๠෻Δၞۖ࿇୶ࠟנጟᄅऱ௽ᐛอૠᇖᚍ

ऄΔ։ܑ੡։᙮݁ؓڤଖፖ᧢ฆᑇإ๵֏ऄፖ։᙮ڤอૠቹ࿛֏ऄΖڇຍࠟጟᄅֱऄ

խΔݺଚലᆖطᠦཋ՛ं᠏ངࢬ൓հ։᙮൅ऱ٨ݧΔ։ܑ݁ؓאଖፖ᧢ฆᑇإ๵֏ऄ

ፖอૠቹ࿛֏ऄ๠෻Δ٦ല๠෻৵ऱٺ։᙮൅հ௽ᐛ٨ݧΔ៶֘طᠦཋ՛ं᠏ངิګٽ

ᄅऱ௽ᐛ٨ݧΖڼڕ๠෻ऱ௽រ੡Δאױല௽ᐛ܂٨ݧլ࿛֊ऱᓳ᧢᙮൅֊໊Δၞۖኙ

፿ଃᙃᢝለૹ૞ऱ܅ᓳ᧢᙮൅܂ଡܑऱൎ೜ࢤ๠෻Ζൕ ຑᥛᑇڗᇷற஄ऱ

ኔ᧭࿨࣠ᢞኔΔݺଚ༼נऱ։᙮ڤᄅֱऄٺڇጟᠧಛᛩቼՀຟᚌ࣍ႚอ٤᙮൅ڤ

հֱऄΔፖഗ៕ኔ᧭࿨࣠ઌֺለΔࠡઌኙᙑᎄ૾܅෷ઃڇ ଚݺԱق᧩ՂΔא

ΖࢤᠧಛᛩቼՀऱൎ೜ڇ፿ଃ௽ᐛࣙ༽چயڶհᄅֱऄ౨Լ։נ༽ࢬ
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ᣂ᝶ဲΚᠦཋ՛ं᠏ངΕ፿ଃᙃᢝΕൎ೜ࢤ፿ଃ௽ᐛ೶ᑇ

ԫΕፃᓵ
२ࠐڣΔ፿ଃ๠෻հᏆ഑ऱᖂृ਍ᥛၲچ࿇ઔߒΔࠌ፿ଃ๠෻ઌᣂ෻ᓵፖݾ๬լ

ឰ壄ၞګᑵΔດዬ᝟࣍ኔᎾᚨشऱؾऱΔ༉፿ଃᙃᢝ อߓΔࠡߢۖ

ᐙ᥼Ζಾኙຍᑌ᧩ࣔࠩ࠹ᙃᢝய౨ࠌਢႚᙁຏሐऱயᚨΔۖࢨᛩቼհᠧಛեឫڇࢬڂൄ

ऱംᠲΔ२ࠐڣऱઔߒᖂृ༼נԱԫ٨ߓऱᛩቼൎ೜ࢤ ๬Δݾ

ᓵ֮ऱઔءய࣠ΔၞޏΔۖሒࠩࣔ᧩ऱٝګ፿ଃऱᗑ௽᧩סࢨຏሐեឫࢨᠧಛ܅૾ڼ៶

ዝጩऄΖྥۖΔᇿመࢤᠧಛፖຏሐեឫհઌᣂऱ፿ଃൎ೜܅ᄅऱ૾נ੡ၲ࿇ܛΔٻֱߒ

Ա՛ं᠏ངشଚආݺऱਢΔٵ๬ለ੡լݾࢤઌᣂհൎ೜װ Δኙ࣍፿ଃ

௽ᐛհழၴ٨ݧ Ζࢤ࿳፿ଃ௽ᐛऱൎ೜ޏࠐ๠෻Δאף

՛ंઌᣂ෻ᓵڇಛᇆ๠෻ऱᒤᡱխឈբ࿇୶ᑇԼڣΔྥۖઌኙהࠡ࣍๺ڍ෻ᓵۖߢΔᚨ

ԱΚ፿ଃൎܶץ૞׌ՕીՂٻऱֱش๠෻հᏆ഑խսೣ֟ᑇΔۖࠡᚨࢤ፿ଃൎ೜ڇ࣍ش

֏ Ε፿ଃጤរೠྒྷ Εൎ೜ࢤ፿ଃ௽ᐛ

ፖᦫᤚៀंᕴ๻ૠ ࿛Ζݺଚല،ଚ១૪ڕՀΚ

ΰԫα፿rଃൎ֏
፿ଃൎ֏׌૞ؾऱΔຏൄਢڇԫ੄ಛᇆխΔലᠧಛࠫލΔࠀല፿ଃಛᇆٝګൎᓳנ

᙮ᢜڇਢ೗๻ᠧಛڤऱֱشΔൄࠐ Ղࠠڶለ੡᡹ኪ ऱ௽ࢤΔڇ᙮഑

Ղലᠧಛ܅྇ٝګΔڕࠏ๻ૠԫៀंᕴࠐመៀᠧಛ࿛Ζۖؾאছഗ࣍՛ंऱॾᇆൎ֏ֱ

ऄΔࠡխհԫ੡ ᖂृشࠌנ༽ࢬ՛ंگᜍ ऱֱڤΔֱࠡऄ

ਢط՛ं᠏ངࢬ൓հএᑇΔᆖط॰ាଖऱ๻ࡳലᠧಛᔞ৫ࠫލچΖࠡڇઌᣂᓵ֮հኔ᧭

࿨࣠᧩قԱΔຘመ՛ं᠏ང๠෻ऱ፿ଃൎ֏ய౨ֺದհছנ༽ࢬऱႚอ፿ଃൎ֏ֱऄ

૞ࠐऱړΖ

ΰԲα፿rଃጤរೠྒྷ
ԫ੄ᙕଃ࣍ط ᇙױ౨ڶܶץॺ፿ଃऱ೴੄Δ࣠ڕԫࠓᙃᢝᖞ੄ᙕଃΔല

ᄎᐙ᥼ᙃᢝ๠෻ऱຒ৫Δױࠀ౨ທګᙃᢝ壄ᒔ৫ࣔ᧩Հ૾Ζ፿ଃጤរೠྒྷ

ઌᣂݾ๬ܛਢנࡳެ࣍ԫ੄ಛᇆխటإ፿ଃڇژऱۯᆜΖڇ

ႚอऱ܂ऄՂΔאழ഑ Δຘመૠጩԫ੄፿ଃॾᇆऱ౨ၦߢۖ መሿࢨ
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෷ ᙮഑ڇᆜΙۯ։ऱګ፿ଃڶܶࡳެࠐ ՂΔঞຏൄ

ਢૠጩ፿ଃ᙮ᢜऱⰶ ։ऱᇷಛګᛧ൓፿ଃࠐ Ζۖ՛ंٻֱڼڇՂנ༽ࢬऱݾ

๬ઌኙለڍΔᤝ֮ڇڕ᣸ խ༼ࠩԱشࠌ՛ं᠏ངऱএᑇ౨ၦֺࡳܒࠏ፿ଃ֗ॺ፿ଃ

ԫ׼ڇਢࢨ։Δګ ֮᣸ᇙ༼נૠጩ՛ंএᑇհ᧢ฆᑇΔലࠡီ੡ԫิᙟ

ᖲ᧢ᑇ ᆖطᖲ෷෻ᓵհ࿨࣠ࡳܒΔࢬ൓։ᣊֱऄઌለ࣍հছֱڤ౨ޓ

壄ᒔנܑܒ፿ଃᇿॺ፿ଃհٝګΖ

ΰԿαൎr೜ࢤ፿ଃ௽ᐛឯ࠷
ᠧಛեឫऱ፿ଃ௽ᐛ೶ᑇΔႚอࠩ࠹࣐լ୲࠷ऱਢឯؾ๬ֱऄݾᣊऱ፿ଃ๠෻ڼ

ऱൎ೜ࢤ፿ଃ௽ᐛឯݾ࠷๬Օڍᑇਢڇ൶ಘ፿ଃ௽ᐛऱ᙮ᢜࢤᔆၞۖ࿇୶ۖ൓Δང؁ᇩ

ᎅΔࠡشࠌࢬऱ᠏ངऄ੡ټڶऱແمᆺ᠏ང Ζྥۖ՛ं๠෻Ոઌᤉᚨ

ڇΔڕࠏ๬ՂΔݾ࠷፿ଃ௽ᐛឯࢤൎ೜࣍ش මዿଙ᙮ᢜ௽ᐛࡨല଺נ༽

խऱᠦཋ塒࢐᠏ང ࿓ޏݧ᧢

੡ᠦཋ՛ं᠏ང Δࠡ ᓵ֮ܧ෼ऱኔ᧭࿨࣠᧩ࢬق൓ࠩऱ

௽ᐛֺ଺ࡨ Ζࢤᠧಛᛩቼհൎ೜ڶࠠޓ

ΰ؄αᦫrᤚៀंᕴ๻ૠ
ԫ౳ۖߢΔ፿ଃᙃᢝխ௽ᐛ೶ᑇ࠷ޣ࿓ݧᇙࢬᚨشऱ፿ଃᦫᤚៀंᕴิ੡මዿ֡

৫ ऱៀंᕴ Δิຍࠄៀंᕴࠡ։܉௽ࢤ੡Κ ᙮෷אՀ੡ᒵࢤ։܉Δ

ΔߢᑓᚵԳۘᦫᤚயᚨΖઌኙۖۿ२ױઌյຝ։ૹᦤΔࠡڼ࢖Δ܉։ࢤՂ᙮෷੡ॺᒵא

՛ं๠෻հઔߒᖂृ Ո༼נԱشܓ՛ंץ ऱ௽ُࠐࢤயԳۘᦫᤚய

ᚨΔࠡᔞᅝຘመԫຑۭ՛ंץ᠏ངࢬ֊໊ऱຝٝ᙮൅Δᙇᖗנ౨᝟२࣍Գۘᦫᤚऱៀं

ᕴิயᚨΔۖ࣍ط՛ं๠෻ࢬ൓հڼ࢖᙮൅ၴຟ೗๻੡լઌᣂΔܛ੡յլᐙ᥼Δࢬڼڂ

ऱᙃᢝᇷಛΔࠡم᙮෷ᒤ໮ऱ፿ଃॾᇆຟො።Աᗑٺऱࠐנ໊֊ խऱኔ᧭࿨࣠᧭ᢞԱא

Ղऱ๠෻אױᚌ࣍ႚอऱමዿៀंᕴิ๠෻Δሒࠩല፿ଃᙃᢝ壄ᒔ৫༼֒ऱؾऱΖ

شᚨࢬऱ༓ଡႚอ՛ं๠෻༽ࢬՂ૪࣍ٵլࠀ๬Δݾऱᄅנ࿇୶ࢬᓵ֮խΔءڇ

ऱֱٻΔۖਢထૹ࣍ല՛ं๠෻ࠡ௽௘ऱ։᙮ݾ๬ᔞᅝچሎ࣍ش፿ଃ௽ᐛழၴ٨ݧ

ՂΔ࿨ٺٽጟอૠإ๵֏ऱݾ๬Δࠐ๠෻՛ं᠏৵ٺ՗᙮൅ऱ௽ᐛ

ழၴ٨ݧΔڇհ৵ऱີᆏխݺଚലᄎດޡտฯڼᄅݾ๬Δ։࣫ࠡ׌૞ᨠ࢚Ε܂ऄፖױ౨

ᚌ࣍ႚอݾ๬ऱ଺ڂΔאࠀԫ٨ߓऱኔ᧭ᢞኔڼᄅݾ๬ઌኙ࣍ႚอઌ२ऱݾ๬ۖߢΔޓ

౨ڶய༼ࣙ፿ଃᙃᢝڇᠧಛեឫᛩቼՀऱ壄ᒔࢤΖ

ࠀ๵֏ऄإ௽ᐛอૠࢤհൎ೜شছൄؾรԲີᇙΔտฯڇՀΚڕᓵ֮ࠡ塒ऱີᆏᄗ૞ء

൶ಘႚออૠإ๵֏ऄհױ౨౒؈ΖڇรԿີΔݺଚല១૞տฯᠦཋ՛ं᠏ངհ։᙮ݾ

๬ऱኔ෼Δร؄ີ੡ءᓵ֮ऱૹរΔݺଚലີڼڇխտฯݺଚנ༽ࢬऱᄅֱऄΔࠟܛጟ

ᓳ᧢᙮ᢜ഑ऱ։᙮อૠ௽ᐛᇖᚍऄΚ։᙮൅ؓ݁ଖፖ᧢ฆᑇإ๵֏ऄፖ։᙮൅อૠቹ࿛

֏ऄΔࠀኙࠡॣޡய࣠אףտฯΖڇรնີΔݺଚലച۩ԫ٨ߓऱ፿ଃᙃᢝኔ᧭Δࠐ᧭

ᢞࢬ༼հᄅֱऄڶאߩய༼ࣙ፿ଃ௽ᐛڇᠧಛᛩቼՀऱൎ೜ࢤΔ່৵Δรքີঞ੡១૞

࿨ᓵΔ֗ၞױࠐآԫޡઔߒऱֱٻΖ

ԲΕٺጟൎ೜ݾࢤ๬տฯ
๵֏ऄإ๵֏ऄΔհ৵൶ಘႚออૠإ௽ᐛอૠࢤհൎ೜شছൄؾଚଈ٣ݺຍᇙڇ

հױ౨౒؈Δࠀᎅࣔ੡۶شࠌ՛ं᠏ང ംᠲΖࠄ࿳ຍޏ

፿ଃ๠෻ઌᣂڼڂΔ܅൓ࠡᙃᢝய౨૾ࠌᠧಛᛩቼᐙ᥼ࠩ࠹࣐อ୲ߓ፿ଃᙃᢝ࣍ط

ઔߒऱᖂृಾኙڼᠧಛեឫऱംᠲΔ༼נ壆ڍऱൎ೜ݾࢤ๬Δຍݾࠄ๬խڶԫՕᣊਢ៶

ࠐڣՀലտฯ२אటΖ؈ऱګᠧಛኙ፿ଃ௽ᐛທ܅૾ࠐΔࢤ๵֏፿ଃ௽ᐛऱอૠ௽إط

ऄװԱΚଙ᙮ᢜؓ݁௣ܶץ๬Ζࠡխݾ֏๵إऱ༓ጟ፿ଃ௽ᐛش፿ଃᙃᢝխൄࢤൎ೜ڇ
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Εଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ

Εଙ᙮ᢜؓ݁ፖ᧢ฆᑇإ๵֏ऄ࿨ٽ۞೯ូڃ೯ኪؓ݁

ៀंᕴऄ

ፖอૠቹإ๵֏ऄ ࿛Ζ

Ղ૪ٺጟऱإ๵֏ݾ๬խΔઃਢނ໢ԫፂ௽ᐛ٨ݧհڶࢬ௽ᐛီ੡ٵԫଡᙟᖲ᧢ᑇ

ऱ࠷ᑌ Δၞۖऴ൷۷ྒྷڼᙟᖲ᧢ᑇհอૠ೶ᑇΔᤝڕཚඨଖ Ε᧢ฆᑇ

ፖᖲ෷։܉ ࿛Ζឈྥ࿓ݧՂ࣐࣍ኔ෼Δথઌኙ࢙ฃԱԫ

੄፿؁հխΔࠡ௽ᐛᙟழၴ᧢֏ऱ௽ࢤΔڕࠏᓳ᧢᙮ᢜऱᇷಛΖൕ׼ԫᨠរࠐ઎Δຍࠄ

ऱٵ࿇෼Δլߒऱઔڍ๺װ೚๠෻Ζྥۖ௅ᖕመࠓԫٝګല٤ຝᓳ᧢᙮෷հ࣍ٵऄ࿛܂

ᓳ᧢᙮ᢜٝګኙ࣍፿ଃᙃᢝᖑڶլٵऱૹ૞ࢤΔޓ壄ᒔچᎅΔڇ ᖂृ

ᇡาਐנՕຝ։ऱ፿ଃᙃᢝᇷಛ։ؒڇ ࡉ ऱᓳ᧢᙮෷հ Δၴ׌׊૞ႃխڇ

ॵ२ΖڼڂΔ๺ڍवפګ׊ټऱழၴ٨ݧៀंᕴ Δຟਢ௽ܑ

ൎᓳנຍࠄૹ૞ऱᓳ᧢᙮෷ګ։Δၞۖ᧩ق౨ڶயޏ࿳ᠧಛᛩቼՀ፿ଃᙃᢝऱய౨Ζ

ۖছ૿տฯऱٺጟ௽ᐛอૠإ๵֏ዝጩऄΔױ౨౒ྤ࣍ڇ؈ऄڶயડ᧩լٵᓳ᧢᙮

෷ٝګኙ࣍፿ଃᙃᢝऱૹ૞ࢤΔݺڼڂଚݦඨ౨ނԫ௽ᐛழၴ٨ݧխऱլٵ᙮෷ٝګ։

ᠦࠐנΔၞۖଡܑ๠෻Δॣޡऱዌუਢ౨ኙ࣍ᓳ᧢᙮෷ለૹ૞հ܅᙮ऱຝٝለ壄าऱ๠

෻Δઌኙֺለլૹ૞հ೏᙮ऱຝٝঞشࠌለษฃऱֱڤ๠෻Ζഗؾڼ࣍ऱΔݺଚ࿇෼՛

ं᠏ངਢଡԼ։شڶऱՠࠠΔᚌរ੡ࠡ౨ኙԫ᙮෷೴഑܂լ࿛։ऱ֊໊Δܛലಛᇆࠡለ

࣍ለᐈऱៀंᕴ൓հΔհ৵ኙشΔۖ೏᙮ຝ։ঞࠐנለాऱៀंᕴመៀشࠌ᙮෷ຝ։܅

ऱ௽ᐛอڤႚอऱ٤᙮൅࣍Δઌለݧ๵֏ऄΖຍᑌऱ࿓إอૠ܂٨ݧଡ՗᙮൅ऱ௽ᐛޢ

ૠإ๵֏ऄΔ෻ᚨၞאױԫޡ༼ࣙ๠෻৵հ௽ᐛऱൎ೜ࢤΖհ৵ԫ٨ߓऱີᆏΔݺଚല

ດޡտฯ՛ं᠏ངհ։᙮෻ᓵנ༽ࢬ֗אऱ։᙮௽ᐛอૠإ๵֏ऄΔ່ ৵אኔ᧭࿨࣠ᢞ

ኔڼ։᙮إڤ๵֏ऄᚌ࣍ႚอհ٤᙮إڤ๵֏ֱऄΖ

ԿΕ՛ं᠏ངհ։᙮ݾ๬෻ᓵऱᄗ૪
ᠦཋழၴಛᇆ࣍شଚലറ॰ಘᓵ՛ं᠏ངሎݺຍԫີխΔڇ ऱ

։᙮ ݺΖଈ٣ٻ๠෻ಛᇆऱֱאشᚨጩਢ՛ं᠏ང່ൄ๯ڼ๬Δݾ

ଚەᐞԫิࠢীᠨຏሐऱٌإᢴቝៀंᕴ Δڕቹ

ԿխقࢬΚ

ቹԿ ᠨຏሐ ៀंᕴิ

ࠡխ
H
H z ፖ

L
H z ।ق੡։࣫ ៀंᕴհ೏ຏፖ܅ຏऱ᠏ངࠤᑇ

Δ
H
G z ፖ

L
G z ঞ੡ګٽ ៀंᕴհ೏ຏፖ܅ຏऱ᠏ངࠤᑇΔ׊،ଚ

ႊฤאٽՀऱයٙΚ

L H
G z H z

H L
G z H z

ՀᣂএΚאڶژຏ։࣫ៀंᕴհၴ܅೏ຏፖڇۖ

H L
H z H z ڤ

რࠡܛ᙮෷௽ࢤ੡ j j

H L
H e H e Δࠡრᆠ࣍ڇ೏ຏፖ܅ຏៀंᕴհ᙮෷᥼ᚨᄎ

2

2

2

2( )
L
H z

( )
H
H z ( )

H
G z

( )
L
G z

x[n]  y[n] 
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א
2
੡խ֨׳ؐګݮኙጠऱቹݮΔڇ՛ं᠏ངխΔڤݮڼشܓܛऱៀंᕴࠐኙಛᇆ

։᙮๠෻Ζ܂

ቹࢬ؄।قԱԫಛᇆ៶طՂ૪հៀंᕴ๠෻ऱ։ᇞ࿓ݧ Δܛ

ᠦཋ՛ं᠏ངऱ։᙮๠෻ΖࠡխΔԫຑۭऱࠟ଍᙮ ։࣫ៀंิፖհ৵ऱ૾

ᑌ࠷܅ ऱิٽຏൄ๯ጠ܂Բցᖫ ࿨ዌΔ໢ԫᙁԵ٨ݧᆖط։

᙮๠෻ፖ૾࠷܅ᑌᕴ ऱ᠏ངΔᙁנ᧢੡ٺ՗᙮൅٨ݧ ऱႃ

ଚ઎ࠩԱԫଡԿၸݺቹ؄խΔڇΖٽ ऱԲցᖫ։࣫ៀंᕴิ࿨ዌΔࠡխ೏ຏ

H
H z ፖ܅ຏ

L
H z ៀंᕴຟࠠ٤ݙڶૹዌ ऱᠨຏሐ

௽ࢤΔܛಛᇆຏመࠟڼៀंᕴհ৵Δآࠀໜ۶ٚ؈ᇷಛآၞ֧ࢨवऱեឫ

ಛᇆΔۖ൓אല։᙮৵ऱಛᇆݙભૹ৬ڃ଺ࡨಛᇆΖ׼؆Δ࣠ڕᙁԵڼៀंᕴิऱಛᇆ

x n ९৫੡NΔڇรԫၸ೏ຏ։࣫ៀंᕴհᙁנ
1
x n પ੡ܛ /2N Δۖ٦Հԫၸ೏ຏ։

࣫ៀंᕴᙁנ
2
x n પ੡ /4N Δڼڕૹᓤຍ࿓ݧΔ༉אױ൓ࠩڶࢬၸᐋհៀंᕴऱᙁ

૪հࠟ଍᙮ࢬՂאಛᇆऱ९৫Ζנᐋៀंᕴऱࠡ᙮൅ᒤ໮֗ᙁٺԱנΖ।ԫ٨נ

٤ૹዌݙ ៀंᕴิኙᙁԵಛᇆऱ๠෻࿓ݧΔܛ੡ᠦཋ՛ं᠏ང

ΔطՂ૪ױवΔشࢬ࣠ڕհៀंᕴิऱၸᐋᑇ੡Lΰઌᅝ࣍Lᐋऱᠦཋ

՛ं᠏ངαΔঞᙁנऱ᜔։᙮ಛᇆऱᑇؾঞ੡ 1L ଡΖ

ቹ؄ ᠦཋ՛ं᠏ངऱ։ᇞ࿓ݧቹΰၸᐋᑇ੡ α

।ԫΕԿᐋᠦཋ՛ं᠏ང ಛᇆរᑇ֗ઌኙᚨऱ᙮෷ᒤ໮נԫၸᐋऱᙁޢ

ΰx n ᑌ᙮෷੡࠷
s
F α

ಛᇆ ᜔រᑇ ᙮෷ᒤ໮

x n N 0, 2  Hz
s
F

1
x n 2N 4  Hz, 2  Hz

s s
F F

2
x n 4N 8  Hz, 4  Hz

s s
F F

3
x n 8N 16  Hz, 8  Hz

s s
F F

4
x n 8N 0, 16  Hz

s
F

ൕՂ।ԫױवΔ٨ݧ࣠ڕx n ො።ऱ᙮෷ᒤ໮੡ 2
s
F Δࠡխ

s
F ੡x n ऱ࠷

ᑌ᙮෷Δঞᆖطรԫၸٌإᢴቝៀंᕴิհ೏᙮ᙁנ
1
x n Δ᙮෷ᒤ໮੡

4  Hz, 2  Hz
s s
F F ΔڼࠉᣊංΔດ܅࢓ޡ᙮෷ຝٝ೚լ࿛։֊໊Δᙟထ᙮෷။೏Δࠡ

L
H

2

2

H
H

L
H

2

2

H
H

L
H

2

2

x n

1
x n

2
x n

3
x n

4
x n

H
H

Level 1 Level 3 Level 2 
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᙮ᐈঞ။ՕΖطՂࢬ૪Δᠦཋ՛ं᠏ངऱรkଡᙁנ
k
x n Δઌᅝ࣍ਢ଺٨ݧࡨx n ፖ

รkଡ൅ຏៀंᕴհ౧ᓢ᥼ᚨ ઌյኹᗨ ऱ࿨࣠Δڤڕ

Κقࢬ

1

,1
2  ,   0 - 1,

  

2  ,       .

k

k

m

k

k

k

m

h n m x m k L

x n

h n m x m k L

ڤ

ࠡխ 1

,1
2
k

k
h n ፖ 2

k

k
h n ੡଺ࡨ౧ᓢ᥼ᚨ

,1k
h n ፖ

k
h n ᑌۖ൓Δۖ೏ຏៀंᕴհ࠷܅૾

ᙁנΔጠ੡าᆏ এᑇΙ܅ຏៀंᕴհᙁנঞጠ੡२ۿ এᑇΖ

ૉ૞៶ڶࢬط՗᙮൅ಛᇆऱႃٽ൓ࠩ଺٨ݧࡨ x n Δࠡመ࿓ጠ੡ૹ৬࿓ݧ

Δ৾ڼ੡ছ૪հ։ᇞ࿓ݧऱ֘࿓ݧ Δࢬشࠌܛ൓

հ
k
x n ᆖ Lၸࠟ଍᙮٤ݙૹዌ ੡֘ᠦཋ՛ंܛመ࿓ڼៀंᕴิດᐋ๠෻Δګٽ

᠏ང ΔڕՀቹնقࢬΚ

ቹն ֘ᠦཋ՛ं᠏ངऱૹ৬࿓ݧቹΰၸᐋᑇ੡ α

ᝫ଺࿓ࠡݧᑇᖂڤڕڤ Κ
1

1

,1

0

2 2

L

k L

k k k L

k m m

x n g n m x m g n m x m

ࠡխ 1

,1
2
k

k
g n ፖ 2

k

k
g n ։ܑ੡଺ࡨ౧ᓢ᥼ᚨ

,1k
g n ፖ

k
g n ᑌۖ൓Ζቹնհᝫ଺࠷֒༽

࿓ݧΔܛਢലٺ՗᙮൅ऱಛᇆ࠷֒༽אᑌ ऱֱڤᏺ٨ݧףរᑇΔ٦ᆖመ೏

ຏ
H H
G z H z ፖ܅ຏ

L L
G z H z հګٽៀंᕴ๠෻Δ࣠ڕรԿၸᙁԵಛᇆរ

ᑇ੡ 8N ΔঞڇรԿၸᙁנಛᇆរᑇપ੡ 4N ΔۖรԲၸᙁנಛᇆរᑇપ੡ 2N Δڼڕ

ૹ៿ڼ࿓ݧΔঞ່৵ࢬ൓հಛᇆ੡଺ࡨN រհಛᇆx n

૪੡՛ं᠏ངհ։࣫ࢬՂא ፖګٽ ࿓ݧΔᆖڼط᠏ང৵Δಛᇆ

๯։ᇞٺګଡ՗᙮൅հಛᇆΔڕ।ԫقࢬΔ܅᙮ຝ։ऱ՗᙮൅᙮ᐈለ՛Δۖ೏᙮ຝ։ऱ

՗᙮൅᙮ᐈለՕΖ៶אطՂࢬ૪ऱᠦཋ՛ं᠏ང࿓ݧΔݺଚאױല፿ଃ௽ᐛழၴ܂٨ݧ

։᙮ऱ๠෻Δၞۖಾኙլٵᓳ᧢᙮൅ګ։ऱ፿ଃ௽ᐛ٨ݧ։ܑ܂๠෻ΔڇՀԫີᇙΔݺ

ଚലտฯࠡኙᚨऱऱ։᙮ڤ௽ᐛอૠᇖᚍऄΖ

؄Ε։᙮൅௽ᐛอૠإ๵֏ऄ
ᨏ֗௽ޡհ։᙮൅௽ᐛอૠᇖᚍऄऱנ༽ᄅࢬรԫᆏտฯڇଚଈ٣ݺຍԫີխΔڇ

ᠧಛኙ፿܅ய૾ڶאߩհᄅֱऄ༽ࢬΔ᧭ᢞࠏԫ፿؁੡אଚലݺรԲᆏխΔڇΔ൷ထࢤ

ଃᓳ᧢᙮ᢜհեឫΖ

Level 3 

4
x n

3
x n 2

2
L
G

H
G

2
L
G

2
H
G2

x n

2
L
G

2
H
G1

x n

x n

Level 2 Level 1 
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ԫ ։᙮൅௽ᐛอૠإ๵֏ऄऱޡᨏᎅࣔ
೗๻ԫ੄፿؁ ऱਬԫፂමዿଙ᙮ᢜ፿ଃ௽ᐛאՀڤ ।ق

;1 ,  0 1 ,
m
x n n N m M

ࠡխN ੡ڼ௽ᐛ٨ݧऱ᜔ଃ௃ᑇΔM ।ޢقԫଃ௃խऱ௽ᐛ᜔ᑇΖڼ௽ᐛ٨ݧઌᅝ࣍

ො።Ա٤ᓳ᧢᙮൅ ऱ፿ଃᇷಛΔྥۖΔطছ૿ີᆏࢬ૪Δլٵऱ᙮൅ٝګΔ

ኙ࣍፿ଃᙃᎁऱૹ૞ࢬڶࢤլٵΔഗڼ࣍ႈ෻طΔຍᇙݺଚشࠌ։᙮ऱݾ๬Δലڼ௽ᐛ

հ৵ऱಘᓵխΔڇଚݺΔߠᎅࣔದ࣐ᨏΰ੡Ա១ޡՀאڕ։Δګ᙮෷ऱٵլٺګ٨։ᇞݧ

ലઊฃڤ խז।լٵፂ௽ᐛऱՂᑑ m Δڂ੡ݺଚਢኙޢԫଡլٵፂऱ௽ᐛ٨ݧ

ઃٵ܂ᑌ๠෻ Κ

ଈ٣Δݺଚല଺ࡨ௽ᐛ٨ݧ x n ᗑ۞ٺԫ։᙮൅ຟ੡ޢ೗๻׊Lଡ։᙮൅ګ໊֊

੡ق٨।ݧԫ᙮൅խऱޢΔۖم ,1x n LΔڼ֊໊᙮൅ऱֱऄਢല଺ࡨ௽ᐛ

ຏመԫ଍᙮ ൅ຏៀंᕴิΔޢԫ՗᙮൅ಛᇆ࠷܅૾܂٦ᑌ

๠෻Δޡڼᨏ࿛ய࣍ച۩ 1L ၸऱᠦཋ՛ं᠏ང ࣍

௽ᐛ٨ݧx n ՂΖ׼؆Δ೗๻௽ᐛ٨ݧ x n ଃ௃࠷ᑌ෷੡
s
F Δঞࠡᓳ᧢᙮ᢜ᙮

෷ᒤ໮੡ 0, /2
s
F ΔڼڂΔร ଡ։᙮൅٨ݧऱ᙮෷ᒤ໮Δױ๯२ۿ।ڤګق Κ

1

2 1

1 1

1
0, /2                      if  =1

2

2 2
/2 , /2         if  2, 3, ,

2 2

sL

s sL L

F

F F L

ڇ ࿓ݧխΔֱࠡڤਢലԫ׌᙮൅ࠉ᙮ᐈ٣࿛֊੡ࠟଡ೫᙮൅Δྥ৵অ਍೏᙮

൅լ೯Δല܅᙮൅٦࿛֊ࠟګଡ೫᙮൅Δ֘ڼڕ៿ၞ۩Δڼڂઌᅝ܅࣍᙮ຝٝᄎشࠌለ

੡ڂለ֟ଡ᙮ᐈለՕऱៀंᕴΔۖشଡ᙮ᐈለ՛ऱៀंᕴΔۖ೏᙮ຝٝঞڍ ࿓ݧ

խऱ૾࠷܅ᑌ ऱሎጩΔޢאࢬԫ։᙮൅ऱ٨ݧ x n ९৫પֺ࣍إ᙮

ᐈऱՕ՛Ζ

൷ထΔലՂޡᨏࢬ൓ऱ։᙮൅٨ݧ x n ೚௽ᐛอૠإ๵֏Δ൓ࠩᄅऱ։᙮൅ݧ

٨Δ।ق੡ x n Δࠡ௽ᐛอૠإ๵֏ऱֱڤਢലޢԫ፿؁հ՗᙮൅௽ᐛ x n ऱอ

ૠၦΔᤝ݁ؓڕଖ Ε᧢ฆᑇ ೏ၸऱ೯஁ޓਢࢨ ᄅࠌ๠෻Δ܂

ऱ௽ᐛ೶ᑇ x n ऱอૠၦ࿛ࢨٵሓ२ԫؾᑑ อૠၦΔۖؾڼᑑอૠၦਢط೓

෣ಝᒭ፿ற஄խΔڶࢬ፿؁հ՗᙮൅௽ᐛ x n ۷ྒྷૠጩۖ൓Ζڇຍᇙݺଚشࠌऱ௽

ᐛอૠإ๵֏ऄࠟڶጟΔ։ܑ੡ଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ ፖอૠቹ࿛֏ऄ

Δא ऄۖߢΔࢬ൓ᄅऱ։᙮൅٨ݧ c n ڤ੡Հق।ױ Κ

,

, ,

,

s

t t

s

x n
x n

ࠡխ
,s
ፖ 2

,s
։ܑ੡ؾছ๠෻ऱ໢ԫ ։᙮൅٨ݧ x n ऱؓ݁ଖፖ᧢ฆᑇΔۖ

,t
ፖ 2

,t
੡ؾᑑ ؓ݁ଖፖ᧢ฆᑇΔؾڼᑑؓ݁ଖፖ᧢ฆᑇਢط଺ࡨ೓෣ಝᒭ፿ற

஄խڶࢬ։᙮൅௽ᐛ٨ݧ x n ۷ྒྷۖ൓ΖٵᑌچΔאڕ ੡อૠᇖᚍऄΔঞ܂

x n ፖ x n ڤᣂএ੡Հڼ࢖ Κ
1

, ,X t X s
x n F F x n

ࠡխ
,

.
X s
F ੡ؾছ๠෻ऱ໢ԫ։᙮൅٨ݧ x n ᑇࠤ܉۷ྒྷऱᖲ෷։ࢬ

Δۖ
,

.
X t
F ਢط଺ࡨ೓෣ಝᒭ፿஄խڶࢬ։᙮൅௽ᐛ٨ݧ x n ࢬ
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۷ྒྷۖ൓ऱᖲ෷։ࠤ܉ᑇΖ

່৵Δലڶࢬऱ։᙮൅٨ݧ x n ΰܶץԱޓᄅመ৵ፖޓآᄅऱ։᙮൅٨ݧαຘመ

1L ၸ֘ᠦཋ՛ं᠏ང Δૹ৬੡ᄅऱ௽ᐛழ

٨ݧհ፿ଃ௽ᐛشࠌଚ່৵ݺ੡ܛڼ٨Δݧၴ x n Ζ

Ղ૪։᙮൅อૠإ๵֏ऄऱੌ࿓ቹᢄ࣍ՀቹքΚ

x[n]

H (z)

H (z) 2

2

H (z) 2

2H (z)

H (z) 2

2

Х2

Х2H (z)

G (z)

G
H
(z) Х2

Х2

G (z)

G
H
(z) Х2

Х2

G (z)

G
H
(z)

x n

x n

2
x n

3
x n

4
x n

x n

2
x n

3
x n

4
x n

level 3level 2level 1
level 1level 2level 3

H (z) : low pass analysis filter

H
H
(z) : high pass analysis filter

G (z) : low pass synthesis filter

G
H
(z) : high pass synthesis filter

2 : down sampler Х2 : up sampler: normalization process

DWT

decomposition

IDWT

reconstructionfeature statistics 

normalization (MVN, HEQ)

ቹք ։᙮൅௽ᐛอૠإ๵֏ऄऱሎ܂࿓ݧቹ

੡Աڇհ৵ऱಘᓵխΔڶய೴ሶႚอֱऄፖנ༽ࢬऱᄅֱऄΔኙႚอ٤᙮൅

ऱ௽ᐛอૠإ๵֏ऄ ፖ Δݺଚ։ܑጠհ੡ ፖ Δ

ڤڕۖ ፖ խ։᙮ ๠෻ऱ௽ᐛอૠإ๵֏ऄΔݺଚঞ։ܑጠ੡

ࡉ Ζઌለ࣍ႚอऱ٤᙮൅อૠᇖᚍऄΔݺଚנ༽ࢬհ։᙮൅อૠᇖᚍ

ऄאڶՀ༓រઌฆհ๠Κ

 ႚอऱ٤᙮൅ ऄխΔٚԫ௽ᐛ٨ݧऱؓ݁ଖፖ᧢ฆᑇຏൄ։ܑ๯إ

๵֏੡ ፖ Δ܀ኙ࣍ ᑑؾऱٵઌڶլᖑࠀ٨ݧ։᙮൅ऱ௽ᐛٵΔլߢۖ

ؓ݁ଖፖ᧢ฆᑇΔڼڂլٵ։᙮൅௽ᐛإڇࠌܛ٨ݧ๵֏৵Δսঅڼ࢖ڶอૠ௽ࢤ

ऱ஁ฆΖઌچٵΔ Ոਢࠠڼڶ௽ࢤΔլٵऱ։᙮൅௽ᐛ٨ݧኙᚨ۟լٵऱ

ᑇΖࠤ܉ᑑᖲ෷։ؾ

ڇ  ፖ խΔٚױრᙇᖗਬࠄ։᙮൅إ܂ࠐ٨ݧ๵֏Ζԫ౳ۖߢΔኙ

܅ᎅΔࠐ፿ଃᙃᢝ࣍ ᓳ᧢ ᙮෷ऱګ։Δܶץऱ፿ଃᦸܑᇷಛለڍΔݺڼڂଚຏൄ

ᚌ٣ᙇᖗ܅᙮෷ऱ։᙮൅௽ᐛإאף๵֏Ζ܀ਢΔࠄڶ࣠ڕॺ᡹ኪᠧಛ

ᣊᠧಛեឫΔ༉ႊല೏ڼ܅೏ᓳ᧢᙮෷ऱ೴഑Δ੡Ա૾࣍ڇژ

᙮ऱ։᙮൅ەᐞၞװԫٵ๠෻Ζ

࣍ط  ࿓ݧխऱ૾࠷܅ᑌ ݧ։᙮൅ڶࢬᏁ๠෻հࢬଚݺᨏΔޡ

٨ऱ௽ᐛ᜔ᑇ२ۿ࿛࣍ٵ଺٨ݧࡨऱ௽ᐛ᜔ᑇΔڼڂ๠෻Ղࠀլᄎڂ੡ᏺף։᙮൅

ऱᑇࠌۖؾૠጩᓤᠧ৫Օ༏༼֒Ζ܀ૉאႚอऱ։᙮ៀंᕴิ հֱऄΔ

Δࠡሎጩऱᓤᠧ৫ᄎߢΔઌኙۖףᏁ๠෻ऱ᜔௽ᐛᑇᄎࣔ᧩ᙟ։᙮൅ऱଡᑇۖᏺࢬ

Օ༏༼೏Ζڼڂ

ΰԲα։᙮൅௽ᐛอૠإ๵֏ऄऱॣޡய౨ಘᓵ 
ޡॣ܂๵֏ऄإհ٤᙮൅อૠࡨ๵֏ऄᇿ଺إऱ։᙮൅อૠנ༽ࢬଚലݺຍᇙΔڇ   
ऱய౨ֺለΔ௅ᖕຍֱࠄऄڇԫ፿ଃ௽ᐛ٨ݧհᓳ᧢᙮ᢜऱ؈టޏ࿳࿓৫Δࠐေ۷ຍࠄ

ֱऄऱய౨Ζݺଚشࠌ ᇷற஄ ᇙऱ ፿ଃᚾΔྥ৵ףԵ

լٵಛᠧֺ ऱچՀᥳ ᠧಛΔᤉۖאף๠෻Ζ
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ԱԿၸऱشࠌޡհֱऄխΔॣנ༽ࢬଚݺڇ ᠏ངΔലᖞଡᓳ᧢᙮൅

؄ጟ։᙮൅ᒤ໮Δ։ܑਢנ໊֊ Ε Ε ࡉ

Δΰ࣍ط௽ᐛଃ௃࠷ᑌ෷੡ Δڼڂ௽ᐛ٨ݧො።հ᙮෷ᒤ໮੡ αΖ

๵إ๯ق।ࠐڗՀᑑᑇشࠌՀֱ׳ጠټऄֱڇଚݺ๵ऄխΔإଡ᙮൅հޢհ৵ಘᓵऱڇ

֏ऱ᙮൅Δڕࠏ ፖ ।قԱรԫଡ։᙮൅ΰ αፖรԲ

ଡ։᙮൅ Աشࠌ ࢨ ๠෻Δໍ塒ऱࠟଡ೏᙮൅

ࡉ ঞፂ਍լ೯Δۖ ፖ ।قԱ٤ຝ؄ଡ։

᙮൅ઃଡܑא ࢨ ๠෻Ζ

ଈ٣Δݺଚኙ٤࣍᙮൅ፖٺጟ։᙮൅հ ऄऱ๠෻࿨࣠אףಘᓵΖቹԮ

։ܑ।ق੡଺آࡨ๠෻հรԫፂ
1
c ௽ᐛ٨ݧΕ Ε

ፖ ๠෻৵հ
1
c ෷᙮ᢜയ৫פ٨հݧ ᒵΖڴ

ቹԮڇ խΔױ઎נլٵ ଖՀ ፖ հآ๠෻መऱ
1
c ٨Δࠡݧ

ᠧಛࢤګףࠩ࠹ᒵΔڴ ऱᐙ᥼Δڇژᣤૹऱ؈టൣݮΖۖᆖطቹԮ

Δנ઎ױ ๠෻৵հ
1
c ऱᓳ᧢᙮෷܅ለڇ٨Δݧ հၴΔࠡ ట؈

ऱൣउৰࣔ᧩૾܅Δڇ܀೏ᓳ᧢᙮෷ᒤ໮ Δ Օऱ֜ڶ޲ࠀݮటऱൣ؈

࿳ΖቹԮޏ ੡ ٨հݧ൓հ௽ᐛࢬ ቹΔࠡࢬ๠෻ऱ᙮൅։ܑ੡

ࡉ Δൕڼቹאױ࿇෼Δપڇᓳ᧢᙮෷ ՀΔࠡא టൣ؈

๠෻ऱᓳ᧢᙮෷ᒤ໮آڇ܀Δ܅ઌኙ྇ݮ Δٵᑌࣔڶژ᧩ऱ؈టൣउΖ

ቹԮ ੡ ٨հݧ൓հ௽ᐛࢬ ቹΔࠡࢬ๠෻ऱ᙮൅։ܑ੡

Ε Ε ፖ Δৰࣔ᧩ױ઎٤ڇנຝऱᓳ᧢

᙮෷ᒤ໮Δࠡ Ζ܅ய૾ڶటऱൣउઃ؈

ቹԮ ଺ࡨ
1
c ௽ᐛ٨֗ݧ Ε ፖ ٵլڇش܂

ಛᠧֺՀհ
1
c ௽ᐛ٨ݧհפ෷᙮ᢜയ৫ڴᒵቹ

൷ՀࠐΔቹԶ ։ܑ।ق੡଺آࡨ๠෻հรԫፂ
1
c ௽ᐛ٨ݧΕ

Ε ፖ ๠෻৵հ
1
c ٨հݧ ڗխऱᑇ࢑ᒵΔࠡխਔڴ

।ࢬق๠෻ऱ᙮൅ΖֺለቹԶ ፖቹԶ ऱᓳ᧢᙮෷ᒤ໮܅ለ࣍वΔኙױ Δ

܅ய૾ڶױ հ؈టΔ܀ኙהࠡ࣍ᓳ᧢᙮෷ᒤ໮ Δ ట؈

ऱൣڶ޲ࠀݮᛧ൓֜Օऱޏ࿳ΖቹԶ ੡ ٨հݧ൓հ௽ᐛࢬ ቹΔࠡࢬ

๠෻ऱ᙮൅։ܑ੡ ፖ ΔڼڇቹխΔאױ࿇෼પڇᓳ᧢᙮෷

259



Հհא టൣ؈ऱ᧩ࣔڶᓳ᧢᙮෷ᒤ໮Δսהࠡڇ܀Δ܅ట෼ွઌኙ๯྇؈

उΖᇿհছቹԮ ऱயֺ࣠ለΔױ઎נ ᚌ࣍ Δޓ

᙮෷ڇપ܅ய૾ڶ Հऱא ట৫ΖቹԶ؈ ੡ ٨ݧ൓հ௽ᐛࢬ

հ ቹΔࠡࢬ๠෻ऱ᙮൅ଡܑ੡ Ε Ε ፖ

Δൕڼቹৰࣔ᧩ױ઎٤נຝऱᓳ᧢᙮෷ᒤ໮հ టऱൣउ؈ᒵΔࠡڴ

ઃբڶய૾܅ΖᣊۿհছऱणउΔᅝֺለቹԶ ፖቹԮ ழΔױ઎נ ڇ

܅૾ ࣍౨Ղᚌࢤటऱ؈ Ζ

ቹԶ ଺ࡨ
1
c ௽ᐛ٨ݧΕ Ε ፖ ಛٵլڇش܂

ᠧֺՀհ
1
c ௽ᐛ٨ݧհפ෷᙮ᢜയ৫ڴᒵቹ

նΕᓳ᧢᙮ᢜ։᙮൅إ๵֏ऄऱᙃᢝኔ᧭࿨࣠ፖಘᓵ 
൓հ፿ଃᙃᢝऱய࣠Δຍࢬ๬ݾ௽ᐛࢤ٨ऱൎ೜ߓ։࣫ԫࠀ෼ܧ૞փ୲੡׌ີء

ڤऱ։᙮נ༽ᄅࢬଚݺ๵֏ऄΕإ௽ᐛอૠڤਔԱႚอऱ٤᙮ץ๬ݾࠄ

ऄፖ։᙮ڤ ऄΖ

ΰԫαኔ᧭ᛩቼፖਮዌ๻ࡳ
᧭ᙃᢝኔء ࢬ ආ ش ऱ ፿ ଃ ᇷ ற ஄ ੡ ᑛ ੊ ሽ ॾ ᑑ ᄷ ࠰ ᄎ

࿇۩ऱ፿ற஄ࢬ Δփ୲ਢא

ભഏߊڣګՖࢬᙕ፹ऱԫ٨ߓຑᥛऱ૎֮ᑇڗڗ Δۭྒྷ ᇢ፿ଃףߪءՂٺጟࢤګףᠧಛ

ՀᥳچԶጟΔ։ܑਢڶᠧಛ٥ࢤګףຏሐயᚨऱեឫΖࢨ ΕԳᜢ Ε߫޳

Ε୶ᥦᄎ塢 Ε塊ᨚ Εဩሐ Εଆᖲ໱ ీ߫־ࡉ

ᠧಛ࿛ΙۖຏሐயᚨࠟڶጟΔ։ܑ੡ ࡉ ΖᠧಛֺࠏऱՕ՛ܶץԱ೓

෣ྤᠧಛऱणኪ Δ֗אքጟլٵᠧಛֺ Δ։ܑਢ Ε

Ε Ε Ε ፖ Δݺڼڂଚאױᨠኘ։࣫լٵᠧಛᛩቼՀኙ࣍፿ଃ

ᙃᢝऱᐙ᥼Ζ࣍طᠧಛऱլٵΔྒྷᇢᛩቼױ։੡ Ε ፖ ԿิΖ

ᑓীՠ֛ࠠױ್ڤ៲ឆطऱᜢᖂᑓীਢشࠌࢬᙃᢝխڇ

ಝᒭۖ൓ΔץਔԱ ଡᑇڗᑓী ֗ ᙩଃ֗א

ᑓীΔޢଡᑇڗᑓীঞڶ ଡणኪΔٺणኪܶץ ଡ೏ཎയ৫෗ٽΖ

ΰԲα٤᙮൅ᇖᚍऄፖٺጟ։᙮൅إ๵֏ऄհኔ᧭࿨࣠
මዿଙ᙮ᢜএᑇʻ̀˸˿ˀ˹̅˸̄̈˸́˶̌ʳ˶˸̃̆̇̅˴˿ʳ˶̂˸˹˹˼˶˼˸́̇̆ʿʳˠ˙˖˖ʼشᆏኔ᧭ආີء
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௽ᐛ೶ᑇ ፂ ΔףՂԫၸፖԲၸ஁ၦΔ᜔٥੡ ፂ௽ᐛ೶ᑇΖڇ।ԿխΔ

᧭෼Աഗ៕ኔܧଚݺ Εٺጟ։᙮ڤ ፖ Ε٤᙮ڤ ࡉ

ࡨ଺ڇش܂ ௽ᐛՂࢬ൓ऱؓ݁ᙃᢝ࿨࣠ΰլٵጟᙃᢝᛩቼऱؓ݁ᙃᢝ

෷֗ઌኙޏ࿳෷αΔࠡխ ࡉ ։ܑ੡ઌለ࣍ഗ៕ኔ᧭٤ࡉ᙮൅ऄհઌኙᙑᎄ૾܅

෷ Ζ।ٺڇנ؄٨ጟլٵऱ ଖՀऱٺጟֱऄऱؓ݁ᙃ

ᢝ෷Δۖቹ԰១૞྽ֱٺנऄؓ݁ᙃᢝ෷ऱֺለቹΖ

।ԿΕٺ։᙮൅ֱऄፖ٤᙮൅ֱऄऱؓ݁ᙃᢝ෷ ፖઌኙᙑᎄ૾܅෷

Method Set A Set B Set C Avg. RR1 RR2 
71.92 68.22 77.61 71.58 Ё Ё

85.03 85.56 85.60 85.36 48.49 Ё

86.87 87.90 87.37 87.38 55.59 13.80

87.28 90.23 89.44 88.89 60.91 24.11

89.44 90.31 89.61 89.82 64.18 30.46

89.47 90.31 89.62 89.84 64.25 30.60

87.59 88.84 87.64 88.10 58.13 Ё

87.70 89.31 87.81 88.37 59.08 2.27

89.22 90.55 90.23 89.95 64.64 15.55

89.51 90.75 89.54 90.01 64.85 16.05

89.51 90.83 89.57 90.05 64.99 16.39

।؄Εڶࢬլٵ ଖᠧಛᛩቼՀऱؓ݁ᙃᢝ෷

Method clean 20dB 15dB 10dB 5dB 0dB -5dB
99.79 95.80 88.15 73.81 56.32 43.82 40.13

99.82 98.73 96.83 91.88 79.52 59.80 46.70

99.79 98.67 96.98 92.24 82.42 66.60 51.95

99.80 98.97 97.76 94.33 86.40 70.99 53.80

99.78 98.99 97.75 94.57 86.59 71.19 53.69

99.81 98.97 97.75 94.51 86.60 71.34 53.72

99.77 99.01 97.76 94.22 84.30 65.21 48.96

99.72 98.72 97.31 93.34 83.98 68.49 52.70

99.64 98.84 97.64 94.50 87.52 71.28 53.65

99.66 98.84 97.70 94.68 87.09 71.74 53.78

99.64 98.85 97.69 94.74 87.15 71.83 54.01
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լڤݮٵհؓ݁ଖፖ᧢ฆᑇإ๵֏ऄऱᙃᢝ෷ֺለ

84 85 86 87 88 89 90 91

Reccognition Accuracy(%)

FB-MVN

SB-MVN(1)

SB-MVN(1,2)

SB-MVN(1,2,3)

SB-MVN(1,2,3,4)

լڤݮٵհอૠቹ࿛֏ऄऱᙃᢝ෷ֺለ

84 85 86 87 88 89 90 91

Recognition Accuracy(%)

FB-HEQ

SB-HEQ (1)

SB-HEQ (1,2)

SB-HEQ(1,2,3)

SB-HEQ (1,2,3,4)

ቹ԰ ։᙮൅ֱऄፖ٤᙮൅ֱऄऱؓ݁ᙃᢝ෷ٺ հጵֺٽለቹ

ൕ।ԿΕ।ࡉ؄ቹ԰ױ࿇෼Δݺଚࢬᄅ༼נऱ։᙮൅إ๵֏ऄΔᒔኔ౨ڶய༼ࣙࠡ

ᠧಛᛩቼՀऱൎ೜ࢤΔࠡᇡา෼ွאڕՀ༓រΚ

 ྤᓵ٤᙮൅ፖ։᙮൅إ๵֏ֱऄΔઌለ࣍ഗءኔ᧭ۖߢΔຟړߜڶऱޏ࿳ய౨Δઌ
ኙᙑᎄ૾܅෷ຟڇ ԫጟޢհ؆ΔڼՂΔೈא ऱய࣠ຟֺࠡઌڤݮٵऱ

࣍Ζઌለړऱࠐ Δ ᠰ؆ኙ࣍௽ᐛ೏ၸ೯஁೚ᇖᚍ๠෻Δאࢬᖞ᧯

ᎅΔࠐ టΖ؈ऱ௽ᐛګທࢬ࿳ᠧಛᛩቼޏ࣍ܗڶޓ

 ऱ؄ጟ։᙮ᑓڤய౨ຟᚌ࣍଺٤ࡨ᙮ڤऱ Δൣڼउڇ

ፖ հၴऱֺለՈਢڼڕΖۖ ࡉ ઌለ࣍଺ࡨ ࡉ

ऱઌኙᙑᎄ૾܅෷։ܑ೏ሒ ፖ Δڼ࿨࣠᧩נ༽ࢬقऱᄅ։

᙮๠෻ݾ๬ᚌ࣍ႚอ٤᙮൅ऱ๠෻Δݺڼڂଚפګऱ᧭ᢞԱհছີᆏऱංᓵΔܛլ

ޓࠐ൅ױᇖᚍ܂᙮൅։ܑٵΔኙլࢤऱૹ૞ٵլڶ፿ଃᙃᢝ࣍ኙٝګऱᓳ᧢᙮ᢜٵ

ऱய౨Ζړ

 ൕ।؄խᨠኘڇլٵ ଖൣउՀऱؓ݁ᙃᢝ෷Δݺଚױवڇլ۶ٚ࠹ᠧಛեឫ
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հ֐಻ൣउՀΔֱڶࢬऄຟڶৰ೏ऱᙃᢝ෷ΔՈ༉ਢᎅຍֱࠄऄࠀլᄎ૾܅ፖ଺ࡨ

೏ᦸܑ৫ऱ௽ࢤΖࠩ࠹ڇ܀լٵᠧಛեឫհլ֐಻ൣउՀΔൕ।խױ઎ࢬנ

ࡨ଺ףᏺܛ࿳ᙃᢝய࣠Δޏயڶऄຟ౨ֱڶ ௽ᐛऱൎ೜ࢤΔڇ ଖ੡

ࡉ ழΔ։᙮൅ፖ٤᙮൅ֱऄࠡய౨஁ฆࠀլ᧩ထΔ࣠ڕಛᠧֺᤉᥛՀ૾

ழΔאױ࿇෼ࠩ։᙮ڤऱ ፖ ؓ݁ᙃᢝ෷ࣔ᧩ᚌ٤࣍᙮ڤऱ

ࡉ Ζ

 ኙ࣍լٵ։᙮ڤऱ ፖ Δૉإ׽๵֏່܅ऱ᙮൅ ܛ

ࡉ Δࠡઌኙ࣍ഗ៕ኔ᧭༉ڶ᧩ထޏ࿳ய࣠Ζᅝݺଚᏺإף๵

֏ऱ᙮൅ᑇؾழΔઌኙޏ࿳෷ຟࣔڶ᧩ऱګ९Δ௽ܑਢڇ๠෻ࠟ܅᙮൅

ፖ ৵ΔՈ༉ਢ ࡉ ழΔ༓ࠡ׏ய౨բਢ່

ڕ٦๠෻ለ೏ऱ։᙮൅ΔޡԫၞڕΔࠋ ࢨ Δޏࢬ࿳ऱ

ய࣠༉ૻڶΖڼ࿨࣠᧩قፖመ֮װ᣸յઌٽܭΔڇܛ ࠩ հၴऱᓳ᧢᙮෷ګ

։Δኙ࣍፿ଃᙃᢝۖߢਢઌኙૹ૞ऱΖ

քΕ࿨ᓵፖࠐآ୶ඨ
๵֏ऄإፖ᧢ฆᑇ݁ؓڤ๬Δ։ܑ੡։᙮ݾ֏๵إ௽ᐛอૠڤԱࠟጟ։᙮נ༽ଚݺ

ፖ։᙮ڤอૠቹ࿛֏ऄ

ΔݺଚشࠌԱထټऱᠦཋ՛ं᠏ང

شܓ࣍ڇ։᙮๠෻Δࠡ௽រ܂٨ݧኙ፿ଃऱ௽ᐛழၴࠐ

֊೚ለาᒯऱٝګ᙮܅հᓳ᧢᙮ᢜܗᚥڶലኙ፿ଃᙃᢝለאױ Δ໊೏᙮ຝٝঞઌኙᚨऱ

֊໊೴ၴᑇለ֟Ζհ৵Δኙޢଡ՗᙮൅ऱ௽ᐛ٨ݧଡܑ܂อૠإ๵֏๠෻Δ٦ലڶࢬ՗

᙮൅ऱ௽ᐛ֘א٨ݧᠦཋ՛ं᠏ངΔิګٽᄅऱ௽ᐛ٨ݧΖᆖطຑᥛᑇڗհ፿ଃᙃᢝኔ

᧭Δ᧩قԱՂ૪հ։᙮ڤऱᄅֱऄઌኙ࣍ႚอ٤᙮ڤऱֱऄΔޓ౨༼ࣙᠧಛեឫᛩቼՀ

፿ଃᙃᢝऱ壄ᒔ৫Δઌᅝ࣍ຍࠄᄅֱऄ౨࣍ܗڶޓᏺף፿ଃ௽ᐛऱൎ೜ࢤΖೈԱڼᚌរ

؆Δڼ։᙮ڤऱᄅֱऄآࠀᏺࢬףႊ๠෻հ፿ଃ௽ᐛऱଡᑇΔࠀڼڂլᄎࢬڂ։᙮൅ᑇ

ച۩ऱᓤᠧ৫ΖףΔۖՕ༏ᏺףऱᏺؾ

شᚨޡᙃᢝխΔۖਢၞԫڗຑᥛᑇڇࠫૻ׽ଚཚඨઌᣂऱኔ᧭լݺխΔߒઔࠐآڇ

ጟᣊऱ௽ᐛอૠהࠡ۩ଚٍലചݺΔڻய౨੡۶Ζࠡࠡߒნհ፿ଃᇷற஄Δ൶ڗለՕڇ

๵֏ऄإଙ᙮ᢜᏺ墿ڕ٨ՂΔᤝݧ૪ऱ։᙮൅௽ᐛࢬڼ࣍֏๵إ Ε೏ၸଙ᙮

ᢜ೯஁إ๵֏ऄ ፖଙ᙮ᢜݮणإ๵֏ऄ ࿛Δၞԫޡ᧭ᢞڇຍࠄ

ֱऄխΔ։᙮๠෻Ղਢܡ౨൓ࠩړޓऱய౨Ζ׼؆ΔݺଚՈᄎቫᇢٺشࠌጟլٵऱ՛ं

ࢨ๬ऱᐙ᥼Δݾڤ૪հ։᙮ࢬ࣍ᑇኙࠤࠄ൶ಘຍࠀΔࢤᑇऱ௽ࠤԫጟ՛ंޢᑇΔ։࣫ࠤ

ਢܑ࣍ڶشࠌ՛ं᠏ངऱ՛ंץ Δઔߒຍࠟृኙࢬ࣍༼հᄅֱऄՂ

ய౨ऱ஁ฆΖݦඨࠐآڇΔ՛ं᠏ང౨ګޓᑵچᚨ࣍ش፿ଃઌᣂऱ։࣫ઔߒՂΔࠌ፿ଃ

ൎ೜ݾࢤ๬౨᝟ګ࣍ᑵፖڍᑌ֏Δࠌ፿ଃ๠෻ࠠޓ෻ᓵࢤፖኔࢤشΖ

೶֮ە᣸ 
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ኴ૞ʳ

ʳ ʳ ʳ ʳ ԫ፿ଃᙃᢝߓอΔڇᠧಛեឫऱᛩቼՀΔࠡᙃᢝய౨ຏൄᄎࣔ᧩Հ૾Δޏ۶ڕ࿳ڼ

ംᠲΔਢᖵࠐڣ๺ڍ፿ଃ๠෻Ꮖ഑հᖂृࢬઔߒऱૹរΖءᓵ֮ՈਢಾኙڼംᠲΔ༼נ

Ա༓ጟᄅऱ፿ଃൎ೜ݾࢤ๬Δ܅૾ࠐᠧಛऱեឫΔא༼֒፿ଃᙃᢝऱய౨Ζʳ

ʳ ʳ ʳ նጟၞޏڼ៶Աᄅऱ፿ଃ௽ᐛอૠ۷ྒྷᇷಛዝጩऄΔנ༽ଚݺᓵ֮խΔءڇ

ਔԱଙ᙮ᢜؓ݁௣ץ๬ݾ֏๵إࠄ๬ऱய౨Δຍݾ֏๵إ፿ଃ௽ᐛࢤऱൎ೜ټڶ

๵֏ऄإ๵֏ऄ(CMVN)Ε೏ၸଙ᙮ᢜ೯஁إऄ(CMS)Εଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇװ
(HOCMN)Εଙ᙮ᢜᏺ墿إ๵֏ऄ(CGN)֗אଙ᙮ᢜอૠቹ࿛֏ऄ(HEQ)࿛Δຍݾࠄ๬ઃ
๯ᢞࣔڶய༼֒፿ଃ௽ᐛհൎ೜ࢤΖຍֱࠄऄխऱᣂ᝶ޡᨏհԫΔ੡௽ᐛอૠᇷಛ

ऱ۷ྒྷΖڇႚอՂΔڶԿጟอૠ۷ྒྷऱዝጩऄΔ։ܑ੡ᖞڤ؁Ε։੄ڤፖᒘ᡻ڤ

ዝጩऄΖڼڇᓵ֮խΔݺଚಘᓵຍԿጟ۷ྒྷֱױڤ౨ऱᚌ౒រΔၞۖ༼נᄅऱ۷

อૠଖ(ڤ։੄ࢨ)ڤፖᖞ؁ڤᒘ᡻ٽิچอૠ۷ྒྷዝጩऄΔࠡᔞᅝڤٽࠓ܂Δጠڤֱྒྷ
۷ྒྷऄޣࢬ൓ऱ௽ᐛอૠᇷಛΖڇԫ٨ߓհᠧಛᛩቼՀऱ፿ଃᙃᢝኔ᧭խΔݺଚ᧭ᢞԱ

ᄅ༼נऱڤٽࠓอૠ۷ྒྷऄઌኙ࣍ႚอԿጟ۷ྒྷऄۖߢΔ౨ജڶޓயၞޏچՂ૪նጟ፿

ଃ௽ᐛإ๵֏ݾ๬ऱய౨Δۖ౨൓ࠩࣔޓ᧩ऱᙃᢝ壄ᒔ෷༼ࣙΖڼ؆Δݺଚנ༽ࢬऱࠓ

հᏝଖΖrشኔᎾᚨڶࠠޓڼڂ౨ΔפᒵՂሎጩऱۿ२ڶऱอૠ۷ྒྷऄࠠڤᒘ᡻ፖ։੄ٽ

ʳ

Abstract 
.  Cepstral statistics normalization techniques have been shown to be very successful at 
improving the noise robustness of speech features. In this paper, we propose a hybrid-based 
scheme to achieve a more accurate estimate of the statistical information of features in these 
techniques. By properly integrating codebook and utterance/segment knowledge, the 

265



resulting hybrid-based normalization methods significantly outperform conventional 
utterance-based, segment-based and codebook-based ones in recognition accuracy. 
   For the Aurora-2 clean-condition training task, the proposed hybrid 
codebook/segment-based histogram equalization (CS-HEQ) achieves an average recognition 
accuracy of 90.66%, which is better than utterance-based HEQ (87.62%), segment-based 
HEQ (85.92%) and codebook-based HEQ (85.29%). Furthermore, the high-performance 
CS-HEQ can be implemented with a short delay and can thus be applied in real-time online 
systems. A similar performance promotion can be also found in the methods of hybrid-based 
cepstral mean subtraction (CMS), cepstral mean and variance normalization (CMVN), 
cepstral gain normalization (CGN) and higher-order cepstral moment normalization 
(HOCMN). 
 
ᣂ᝶ဲΚ፿ଃᙃᢝΕᒘ᡻Ε௽ᐛอૠଖ۷ྒྷऄΕൎ೜ࢤ፿ଃ௽ᐛ೶ᑇ 
Keywords: speech recognition, codebook, feature statistics estimate, robust speech features 
 

ԫΕፃᓵʳ

ʳ ʳ ʳ ʳ ԫ፿ଃᙃᢝߓอΔᅝࠡᚨ࣍شటኔᛩቼழΔൄڂᛩቼխ壆ྤڍऄቃཚऱ᧢ฆࢤ

(variation)Δۖࠡࠌᙃᢝய౨ࣔࠩ࠹᧩ᐙ᥼Δ੡Ա૾܅壆ڍऱ᧢ฆࢬࢤ࿇୶ऱٺጟݾ๬Δ
ԫ౳ۖߢอጠ੡ൎ೜ݾࢤ๬(robustness techniques)Δۖءᓵ֮խΔݺଚঞਢ׌૞ထૹ࣍
࿇୶૾܅ᛩቼհᠧಛեឫࢨຏሐயᚨऱൎ೜ݾࢤ๬Ζ 

ԫՕᣊऱֱऄਢലಝᒭፖྒྷڶዝጩऄխΔࢤᙕଃᛩቼհᠧಛեឫऱൎ೜܅૾ڍ壆ڇ

ᇢᛩቼՀऱ፿ଃ௽ᐛࠡழၴ٨ݧอૠ௽إאףࢤ๵֏(normalization)Δ܅૾אಝᒭፖྒྷ
ᇢᛩቼհၴऱլ֐಻Δሒࠩ༼ࣙᙃᢝ෷ऱؾऱΖڇຍࠄዝጩऄխΔଈ૞ޡᨏຏൄਢ۷ྒྷ

፿ଃ௽ᐛऱอૠଖઌᣂᇷಛΔڇڕࠏ CMVN ऄխࢬᏁ۷ྒྷऱอૠଖ੡ؓ݁ଖ(mean)ፖ
᧢ฆᑇ(variance)Δۖڇ HEQ ऄխؘᏁ۷ྒྷנ௽ᐛழၴ٨ݧऱᖲ෷։܉(probability 
distribution)Ζຍࠄอૠ۷ྒྷଖऱ壄ᒔ৫Δऴ൷ᐙ᥼ࠩࠡኙᚨհإ๵֏ዝጩऄऱய౨Ζ 

ԿጟڶᄭΔՕીՂࠐءऱᑌٵ๵֏ऄऱ֮᣸խΔ௅ᖕլإՂ૪௽ᐛอૠ࣍ᣂװመڇ

อૠଖ۷ྒྷऄΔ։ܑ੡ᖞڤ؁Εׂ੄ڤፖᒘ᡻ڤऱ۷ྒྷऄΔ᥽ټ৸ᆠΔรԫጟऴ൷شࠌ

Աᖞ؁ऱ፿ଃ௽ᐛ۷ྒྷࠐอૠଖΔรԲጟঞشࠌԱຝ։(ׂ੄)ऱ፿ଃ௽ᐛΔۖรԿጟঞ
ၴ൷ຘመ፿ଃ௽ᐛ৬مऱᒘ᡻[7]܂ࠐอૠଖհ۷ྒྷΖݺଚ࿇෼ຍԿጟֱऄࠡڶٺᚌ౒
រΔءڇڼڂᓵ֮խΔݺଚנ༽ࢬऱᄅอૠ۷ྒྷݾ๬Δᔞᅝٽࠓچᒘ᡻ፖᖞׂࢨ؁੄ऱ

௽ᐛᇷಛΔݦඨ൓ࠩޓ壄ᄷऱ፿ଃ௽ᐛอૠଖΔၞۖٺࠌጟ௽ᐛอૠإ๵֏ऄΔ࠹ڇᠧ

ಛեឫऱᛩቼխ౨ജڶޓயچ༼ࣙ፿ଃ௽ᐛऱൎ೜ࢤΔޏא࿳ᙃᎁ壄ᒔ৫Ζ 
Կጟ௽ᐛอૠଖ۷ྒྷװଚല១૞տฯመݺรԲີΔڇՀΚڕᓵ֮ࠡ塒ऱີᆏᄗ૞ء

ऄհޡᨏ֗ࠡױ౨ऱᚌ౒រΖรԿີঞտฯݺଚᄅ༼נऱࠟጟڤٽࠓ(hybrid-based)ऱอ
ૠଖ۷ྒྷऄΔ֗ࠡ۶ڕሎٺ࣍شጟ௽ᐛอૠإ๵֏ऄխΖڇร؄ີխΔݺଚտฯ፿ଃᙃ

ᢝኔ᧭հ፿ଃᇷற஄Ε֗ ᄅ༼נऱࠟጟอૠ۷ྒྷऄٺڇጟ௽ᐛอૠإ๵֏ऄऱ፿ଃᙃᢝ

࿨࣠֗ࠡઌᣂಘᓵΖ່৵Δรնີ੡ԫ១૞࿨ᓵ֗ࠐآઔߒհ୶ඨΖ 
 

ԲΕᖞڤ؁Ε։੄ڤፖᒘ᡻ڤ௽ᐛอૠଖ۷ྒྷऄʳ

๬Δ։ܑ੡ଙ᙮ᢜؓ݁ݾ֏๵إ፿ଃ௽ᐛࢤൎ೜ټಘᓵऱնጟထࢬᓵ֮խءڇଚݺ    
௣װऄ(CMS)[1]Εଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(CMVN)[2,3]Ε೏ၸଙ᙮ᢜ೯஁إ๵
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֏ऄ(HOCMN)[4]Εଙ᙮ᢜᏺ墿إ๵֏ऄ(CGN)[5]֗אଙ᙮ᢜอૠቹ࿛֏ऄ(HEQ)[6]
࿛Δຍݾࠄ๬ࢬᏁشࠌऱ௽ᐛอૠઌᣂᇷಛΔڕࠏΚؓ݁ଖΕ᧢ฆᑇΕ೏ၸ೯஁ࢨਢᖲ

෷։܉࿛Δطױլٵऱֱऄ۷ྒྷΔۖڶլٵऱய࣠ΖີءڇխΔݺଚലտฯመװᖂृࢬ

༼հ׌૞Կጟ௽ᐛอૠଖ۷ྒྷऄΔץਔԱᖞڤ؁ (utterance-based)[8]Ε։੄ڤ
(segment-based)[8]ፖᒘ᡻ڤ(codebook- based)[9]ԿᣊֱऄΔ֗،ଚױ౨ऱᚌរፖ౒រΖ 

(ԫ)!ᖞڤ؁௽ᐛอૠଖ۷ྒྷऄ 

    ೗๻ਬ໢ԫ፿؁հਬԫፂ௽ᐛ٨ݧ।ق੡ 
;1x n n N ڤ)                       2-1) 

ࠡխN ੡௽ᐛ٨ݧհ௽ᐛ᜔ଡᑇ(ܛଃ௃᜔ᑇ)Ζڇᖞڤ؁௽ᐛอૠଖ۷ྒྷऄᇙΔݺଚܓ
ڤ)ش ۷ྒྷรmႈ௽ᐛxٵ௽ᐛΔ٥ڶࢬ٨հ໢؁ࢬ(2-1 m ऱอૠଖΖངߢհΔݺଚ೗
๻x m ኙᚨ۟ԫᙟᖲ᧢ᑇX m Δၞۖ೗๻ᖞ؁௽ᐛ٨ݧ ;1x n n N ੡ڼᙟᖲ᧢

ᑇհᑌء(sample)Δ௅ᖕຍࠄᑌءΔݺଚנ۷ྒྷױX m  ΚڕࠏጟอૠଖΔٺᙟᖲ᧢ᑇऱڼ
1. X m ऱཚඨଖ(ؓ݁ଖ)੡ 

,( )

1

1
N

X m u

n

m x n
N

ڤ)                    , 2-2) 

2. X m ऱ᧢ฆᑇ(variance)੡ 
2

2

,( ) ,( )

1

1
,

N

X m u X m u

n

m x n n
N

ڤ)               2-3) 

3. X m ऱรJ ၸխ؇೯஁(central moment)੡ 
( )

,( ) ,( )

1

1
,

N
J

J

X m u X m u

n

m x n n
N

 ࠡխJ ੡ٚრհإೝᑇ     (ڤ 2-4) 

4. X m ऱ೯ኪᒤ໮(dynamic range)੡ 
,( )

1 1

max min ,
X m u

n N n N

d m x n x n ڤ)              2-5) 

5ΕX m ऱᖲ෷։ࠤ܉ᑇ(probability distribution function)੡ 

,( )

1

1
.

N

X m u

n

F z u z x n
N

ڤ)                 2-6) 

ࠡխΔu ੡໢ޡۯၸࠤᑇ(unit step function)Δࡳᆠ੡Κ 
1,       if 0

0,       if 0

z

u z
z

 

ՀᑑאଚݺᇆխΔזጟอૠଖऱٺ՗խऱڤՂնଡאڇ ( )u ᖞ؁طอૠଖਢࠄ।ຍזࠐ

(utterance)ऱ௽ᐛ۷ྒྷۖ൓Δଖ൓ࣹრऱਢΔאՂࢬጩհಾኙਬԫႈ௽ᐛx m ٺ൓ऱࢬ
ጟอૠଖΔࠃኔՂᇿx m ႊ׽ଚݺΔߢ۷ྒྷऄۖڤᖞ؁ڇܛmྤᣂΔრݧ٨հႉݧ࣍

ૠጩԫڻอૠଖΔ༉ױലڼอૠଖࠎᖞ؁ᇙޢႈ௽ᐛx m հΔլߢΖངشࠌ֏๵إ܂

ႈ௽ᐛxٵ m ش௽ᐛอૠଖ۷ྒྷऄሎڤଚലಘᓵᖞ؁ݺΔࠐԫิอૠଖΖ൷Հٵش٥

 ౨ऱᚌ౒រΖױ๬հݾ֏๵إ፿ଃ௽ᐛڇ
 ᖞڤ؁௽ᐛอૠଖ۷ྒྷऄሎڇش፿ଃ௽ᐛإ๵֏ݾ๬հᚌ౒រʳ

ছ૪ط៶ऱอૠଖΔઃਢشࢬ๬ݾ֏๵إ፿ଃ௽ᐛࢤᑇൎ೜ڍছऱ֮᣸ᇙΔՕאڇ    
ऱᖞ੄፿؁հ፿ଃ௽ᐛޣࢬ൓Δឈྥച۩Ղ១໢ڶய෷Δۖ׊ᒔኔኙ፿ଃ௽ᐛࣔڶ᧩༼

֒ൎ೜ࢤऱய࣠Δ܀ᝫਢڶԫࠄᑨڇऱ౒រΔڕࠏΔᖞڤ؁፿ଃ௽ᐛإ๵֏ݾ๬ྤऄሒ

Δؘႊ࿛ࠩߢ٨ۖݧ੡ኙԫຑۭऱ፿ଃ௽ᐛڂΔޣழ๠෻(real-time processing)ऱ૞ܛࠩ
່৵ԫଡ፿ଃ௽ᐛ൓ࠩհ৵Δթ౨࠷ޣอૠଖΖೈڼհ؆Δᙟထ፿؁ऱլٵΔۖขسऱ
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፿ଃ௽ᐛ٨ݧऱ९৫(ଃ௃ᑇ)ՈլԫᑌΔլٵ፿ܶץࢬ؁ऱଃైᑇࢨؾጟᣊΔ֗ࠡ९৫
ऱ᧢֏ױ౨ઌ஁ৰՕΔᖄીᐙ᥼ࠩ۷ྒྷࢬհอૠᇷಛऱᄷᒔࢤΖ 

(Բ)!։੄ڤ௽ᐛอૠଖ۷ྒྷऄʳ

    ଈ٣Δ೗๻ਬ໢ԫ፿؁௽ᐛ ;1x n n N ࠡխਬԫׂ੄௽ᐛ٨ݧ।ق੡ 
;x k m L k m L ڤ)                   2-7) 

ࠡխ2 1L ੡ׂ੄௽ᐛ٨ݧհ௽ᐛ᜔ᑇΔ(ڤ ໢ႈ௽ᐛxא੡ܛऱق।ࢬ(2-7 m ੡խ֨
រΔছ৵࢏ٺ୶Lႈ௽ᐛࢬ൓ऱ೯ኪ௽ᐛׂ੄Ζڇ։੄ڤ௽ᐛอૠଖ۷ྒྷऄᇙΔรmႈ

௽ᐛx m ऱอૠଖΔਢ៶ڤ)ط ଚ೗ݺհΔߢ൓Ζངޣ௽ᐛխڶࢬ٨հׂ੄፿؁ࢬ(2-7
๻x m ኙᚨ۟ԫᙟᖲ᧢ᑇX m Δၞۖ೗๻ׂ੄௽ᐛ٨ݧ ;x k m L k m L ੡

ᙟᖲ᧢ᑇXנ۷ྒྷױଚݺΔءᑌڼΔྥ৵௅ᖕءᙟᖲ᧢ᑇհᑌڼ m ऱٺጟอૠଖΔڕΚ 
1. X m ऱཚඨଖ(mean)੡ 

,( )

1
,

2 1

m L

X m s

k m L

m x k
L

ڤ)                   2-8) 

2. X m ऱ᧢ฆᑇ(variance)੡ 
2

2

,( ) ,( )

1
,

2 1

m L

X m s X m s

k m L

m x k m
L

ڤ)            2-9) 

3. X m ऱรJ ၸխ؇೯஁(central moment)੡ 
( )

,( ) ,( )

1
,

2 1

m L
J

J

X m s X m s

k m L

m x k m
L

J ੡ٚრհإೝᑇ   (ڤ 2-10) 

4. X m ऱ೯ኪᒤ໮(dynamic range)੡ 

,( )
max min ,

X m s
m L k m L m L k m L

d m x k x k ڤ)            2-11) 

5. X m ऱᖲ෷։ࠤ܉ᑇ(probability distribution function)੡ 

,( )

1
.

2 1

m L

X m s

k m L

F z u z x k
L

ڤ)                2-12) 

ՀᑑאଚݺᇆխΔזጟอૠଖऱٺ՗խऱڤՂնଡאڇ ( )s ੄ׂطอૠଖਢࠄ।ຍזࠐ

(segment)ऱ௽ᐛ۷ྒྷۖ൓ΔൕאՂᑇڤհٺጟอૠଖ࠷ޣऄ൓वΔءᆏشࢬऱ۷ྒྷऄլ
ಾኙਬԫႈ௽ᐛxࢬ،อૠଖ۷ྒྷऄΔڤՂԫᆏऱᖞ؁࣍ٵ m ࠃጟอૠଖΔٺ൓ऱࢬ

ኔՂፖx m խऱ٨ݧႉݧmڶᣂΔՈ༉ਢᎅڇ։੄ڤอૠଖ۷ྒྷऄխΔݺଚؘႊ૞ଡ

ܑૠጩᖞ੄፿؁խޢԫႈ௽ᐛx m ऱอૠଖΔ൷ထലޢႈ௽ᐛx m ऱอૠଖࠎᅝՀऱ

௽ᐛx m ႈ௽ᐛxٵհΔլߢ๵֏๠෻Ζངإ܂ m ݺՀΔאऱอૠଖᄎլԫᑌΖشࢬ

ଚലಘᓵ։੄ڤ௽ᐛอૠଖ۷ྒྷऄሎڇش፿ଃ௽ᐛإ๵֏ݾ๬հױ౨ऱᚌ౒រΖ 
 ։੄ڤ௽ᐛอૠଖ۷ྒྷऄሎڇش፿ଃ௽ᐛإ๵֏ݾ๬հᚌ౒រ 

    ։੄ڤ፿ଃ௽ᐛإ๵֏ݾ๬אױᚦᇖᖞ੄ݾڤ๬ऱ౒រΔאױࠡࠌሒࠩ२ܛۿழ๠
෻ऱய࣠Ζ೗ׂڕ੄(ܛ೯ኪऱီ࿗)९৫။࿍Δܛழ๠෻ऱᚌរ။ࣔ᧩Δׂڂ׊੄९৫
๻੡ൄࡳࡐᑇΔࠡܶץऱଃైᑇؾઌኙۖߢለ֟Δլׂٵ੄ܶץࢬऱଃైᑇؾለ੡ԫ

ીΔ۷ྒྷࢬհอૠଖऱᄷᒔࠩ࠹ࢤԫׂ੄௽ᐛխऱଃైᑇؾᐙ᥼ለ՛Δ܅૾ڼڂԱઌٵ

ଃైڇլٵ፿؁հၴऱ᧢ฆࢤΖྥۖࠡ౒រ੡Δૉׂ੄९৫լജ९Δז।౨۷ྒྷאشऱ

ᑌءᑇለ֟Δঞ۷ྒྷࠩऱอૠଖױ౨ᄎለլ壄ᒔΔᖄી௽ᐛอૠإ๵֏ऱய࣠᧢஁Δຍ

რ࠺ထڇຍ։੄ݾڤ๬խΔױ౨ྤऄٵழሒܛګழ๠෻ऱய࣠ፖՕ༏إ๵֏ऱᙃᢝᄷᒔ

 ඍ(trade-off)Ζ࠷܂ய౨ຍࠟृᚌរհၴࢤழ๠෻ፖൎ೜ܛڇຏൄؘႊڼڂΔࢤ

(Կ)!ᒘ᡻ڤ௽ᐛอૠଖ۷ྒྷऄʳ
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ጟอૠଖΔۖᒘ᡻ዌٺ۷ྒྷ௽ᐛऱࠐᒘ᡻ᇷಛشܓ۶ڕଚ១૞տฯݺຍԫᆏխΔڇ    
ᓮ೶ᅃ֮᣸ݧऱᇡา࿓ګ [7,9]Ζଈ٣Δ೗๻ਬ໢ԫ፿؁հਬԫፂ௽ᐛ٨ݧ

;1x n n N  ੡قऱԫิᒘ᡻Δ।ګዌࢬ
, ;1
r

y r w r M ڤ)                   2-13) 
ࠡխ

r
w ੡ޢԫᒘڗy r ኙᚨऱᦞૹଖΔۖMࢬ ੡ᒘ᜔ڗᑇΖڇᒘ᡻ڤ௽ᐛอૠଖ۷ྒྷ

ऄֱ૿Δݺଚڤ)شܓ ԫႈ௽ᐛxޢ൓ޣװΔڗհᖞิᒘقࢬ(2-13 m ኙᚨհᙟᖲ᧢ᑇࢬ
X m ࠡอૠଖڕՀΚ 
1. X m ऱཚඨଖ(mean)੡ 

,( )

1

M

X m c r

r

m w y r ڤ)                  , 2-14) 

2. X m ऱ᧢ฆᑇ(variance)੡ 
2

2

,( ) ,( )

1

M

X m c r X m c

r

m w y r m ڤ)          , 2-15) 

3. X m ऱรJ ၸխ؇೯஁(central moment)੡ 

( )

,( ) ,( )

1

M
J

J

X m c r X m c

r

m w y r m ,J ੡ٚრհإೝᑇ   (ڤ 2-16) 

4. X m ऱ೯ኪᒤ໮(dynamic range)੡ 

,( )
1 1

max min
X m c

r M r M

d m y r y r ڤ)        , 2-17) 

5. X m ऱᖲ෷։ࠤ܉ᑇ(probability distribution function)੡ 

,( )

1

.

M

X m c r

r

F z w u z y r ڤ)                2-18) 

ൕՂ૪قࢬڤٺΔݺଚ൓वਬԫႈ௽ᐛx m ጟอૠଖΔࠡኔፖxٺኙᚨऱࢬ m խऱݧ

٨ႉݧ m ྤᣂΔՈ༉ਢᎅڇᒘ᡻ڤอૠଖ۷ྒྷऄֱ૿Δݺଚൕԫิᒘڗ

, ;1
r

y r w r M խΔ׽ૠጩԫڻอૠଖΔ༉ࠎױᖞ੄፿؁խऱޢႈ௽ᐛx m إ܂

๵֏๠෻ΖངߢհΔլٵႈ௽ᐛx m ലٵش٥ԫิอૠଖΔءאࢬᆏ۷ྒྷऄᣊ࣍ۿᖞ

൓ऱอૠଖਢൕᖞޣࢬอૠଖ۷ྒྷऄڤΔᖞ؁࣍ڇ૞ऱ஁ܑ׌อૠଖ۷ྒྷऄΔྥۖڤ؁

੄፿؁հ௽ᐛޣ٨ݧ൓ऱΙᒘ᡻ڤอૠଖ۷ྒྷऄޣࢬ൓ऱอૠଖਢၴ൷ൕԫิᒘޣڗ൓

ऱΔۖլਢऴ൷ൕ۞ߪ፿؁հ௽ᐛޣ٨ݧ൓ΖאՀΔݺଚലಘᓵᒘ᡻ڤ௽ᐛอૠଖ۷ྒྷ

ऄሎڇش፿ଃ௽ᐛإ๵֏ݾ๬հᚌ౒រΖ 
 ᒘ᡻ڤ௽ᐛอૠଖ۷ྒྷऄሎڇش፿ଃ௽ᐛإ๵֏ݾ๬հᚌ౒រ 

    ᒘ᡻ڤ፿ଃ௽ᐛอૠ۷ྒྷऄլ࣍ٵছࠟ՛ᆏࢬ༼ऱᖞ੄ڤፖ։੄ڤอૠ۷ྒྷऄΔਢ
ٺ۩யചڶڼ៶।ಝᒭ፿ଃ௽ᐛፖྒྷᇢ፿ଃ௽ᐛऱอૠଖΔזנଚ۷ጩݺܗᚥࠐᒘ᡻ط

ጟ፿ଃ௽ᐛإ๵֏ዝጩऄΔۖ׊Ոڶ२ܛۿழ๠෻ऱᚌរΖڇመءװኔ᧭৛ऱઔߒխ

[8]Δݺଚ༼נԱࠟጟᒘ᡻ڤ௽ᐛอૠإ๵֏ऄΔץਔԱᒘ᡻ڤଙ᙮ᢜؓ݁௣װऄ
(C-CMS)ፖᒘ᡻ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(C-CMVN)Δࠡ࿇෼ C-CMS ፖ
C-CMVN ऱᙃᢝ࿨࣠ຟֺছԫᣊհᖞ੄ࢨڤ։੄ڤऱֱऄࠐऱړΔ܀ലࠡהࠡ۟ۼ࢏
ጟᣊऱ௽ᐛإ๵֏ऄΰڕ HOCMNΕ CGN ፖ HEQ ࿛αழΔ࿇෼ࠡயֺ࣠ڶ޲ࠀᖞ੄
֏๵إԫጟ௽ᐛޢ࣍ش౨լਢຟᔞױᒘ᡻ऱอૠଖ۷ྒྷऄڼڂΔړऱࠐऄֱڤ։੄ࢨڤ

ऱመ࿓խΔ࠷ޣᠧಛ፿ଃᒘ᡻ڇΔڕࠏ౒រΔࠄ۷ྒྷऄऱԫڤᒘ᡻࣍ڂ౨ፌױڼ๬Ζݾ
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ᠧಛ፿ଃᒘ᡻ऱ۷ྒྷլ壄ᒔΔګ।Δຍᄎທז੡ొᠧಛऱ܂؁፿ଃছ༓ଡଃ௃ޢشܓ׽

լ壄ᄷΔޓ౨ױ൓ࠩऱᠧಛ፿ଃᒘ᡻ࢬழΔ(non-stationary)ࢤࡳᅝᠧಛᛩቼ੡ॺ᡹׊ۖ
 ౨ለլ෻უΖױ࿳ᙃᢝ෷࿨࣠༉ޏࠡڼڂ
 

ԿΕڤٽࠓଙ᙮ᢜอૠإ๵֏ݾ๬ʳ

Կጟ௽ᐛอૠ۷ྒྷऄΔڤፖᒘ᡻ڤΕ։੄ڤ૪ऱᖞ؁ࢬଚ೶ᅃՂԫີݺխΔີءڇ    
ڤٽࠓอૠ۷ྒྷऄΔรԫጟ(hybrid-based)ڤٽࠓጟᄅऱ௽ᐛอૠ۷ྒྷऄΔጠհ੡ࠟנ༽
อૠ۷ྒྷऄਢᖞٽԱ፿ଃ௽ᐛᒘ᡻ፖᖞ؁፿ଃ௽ᐛऱอૠᇷಛΔรԲጟڤٽࠓอૠ۷ྒྷ

ऄঞਢᖞٽԱ፿ଃ௽ᐛᒘ᡻ፖׂ੄፿ଃ௽ᐛऱอૠᇷಛΖאڇՀٺᆏխΔݺଚലտฯڕ

۶ല،ଚሎ࣍شรԲີࢬ༼ࠩհնጟထټऱ௽ᐛ೶ᑇอૠإ๵֏ݾ๬(CMS, CMVN, 
HOCMN, CGNፖHEQ)խΔאཚ൓ࠩޓᄷᒔऱ௽ᐛൎ೜֏࿨࣠Ζ 

(ԫ) ڤٽࠓଙ᙮ᢜؓ݁௣װऄፖڤٽࠓଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄʳ

ଙ᙮ڤٽࠓऄ(hybrid-based CMS)ፖװଙ᙮ᢜؓ݁௣ڤٽࠓտฯٵଚലԫݺຍᇙڇ    
ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(hybrid-based CMVN)Ζ೗๻ਬԫፂ଺ࡨհᙁԵ௽ᐛ٨ݧ੡

;1x n n N Δঞᆖመ CMS๠෻৵ऱᙁנ௽ᐛ೶ᑇ।ڕڤقՀΚ 
,      1x n x n n n N ڤ)                   , 3-1) 

ۖᆖመ CMVN๠෻৵ऱ௽ᐛ೶ᑇ।ڕڤقՀΚ 
/ ,     1x n x n n n n N ڤ)               , 3-2) 

ࠡխN ੡ᖞ੄٨ݧհ௽ᐛ᜔ᑇΔۖ n ፖ n ։ܑ੡௽ᐛx n ऱؓ݁ଖፖᑑᄷ஁Ζ 
௽ᐛอૠ۷ྒྷऄխΔڤٽࠓรԫጟڇ      n ፖ n  ۷ྒྷۖ൓ΚڤՀ٨ࠟֆطױ
CU-CMS/CU-CMVNΚ 

( , ) ( ) ( )
1 ,

c u c u
n n n ڤ)                     3-3) 

 2 2 2 2 2 2

( , ) ( ) ( ) ( ) ( ) ( , )
1

c u c c u u c u
n n n n n n ڤ)   , 3-4) 

ࠡխՀᑑ"( )c "Ε"( )u "ፖ"( , )c u "։ܑז।شࠌᒘ᡻ڤΕᖞڤ؁ፖٽࠓᒘ᡻/ᖞڤ؁อૠଖ
۷ྒྷऄΔۖ

( )c
n Ε

( )u
n Ε 2

( )c
n ፖ 2

( )u
n ։ܑࡳᆠ࣍ছԫີऱ(ڤ 2-14)Ε(ڤ 2-2)Ε(ڤ

2-15)ፖ(ڤ 2-3)Δ ੡ᦞૹଖΔտ࣍ 0 ࠩ 1 հၴΔ๯ࠐشᓳᖞᒘ᡻ڤอૠᇷಛፖᖞ੄ڤ
อૠᇷಛհၴऱֺࠏΖ៶ڤ)ط 3-3)ፖ(ڤ ऱګ۷ྒྷհؓ݁ଖፖ᧢ฆᑇۖࢬ(3-4 CMS ፖ
CMVNΔݺଚ։ܑጠ੡ٽࠓᒘ᡻/ᖞڤ؁ CMS(hybrid codebook/utterance-based CMS, 
CU-CMS) ፖ ࠓ ٽ ᒘ ᡻ / ᖞ ؁ ڤ CMVN(hybrid codebook/utterance-based CMVN, 
CU-CMVN)Δڤ)ط 3-3)ፖ(ڤ ΔCU-CMSፖנ઎᧩ࣔױ(3-4 CU-CMVNشࠌࢬऱؓ݁ଖ
ፖ᧢ฆᑇਢലছԫີࢬ૪հ፿ଃ௽ᐛᒘ᡻ፖᖞ੄፿ଃ௽ᐛऱؓ݁ଖፖ᧢ฆᑇ܂ԫᒵࢤ

ऱิٽΖ࣠ڕᦞૹଖ 1ழΔCU-CMSࡉCU-CMVNല։ܑ࿛࣍ٵᒘ᡻ڤCMS (C-CMS)
ڤᒘ᡻ࡉ CMVN (C-CMVN)Δ׼ԫֱ૿Δ࣠ڕ 0ழΔCU-CMSࡉ CU-CMVNല։
ܑ࿛࣍ٵᖞڤ؁ CMS (U-CMS)ࡉᖞڤ؁ CMVN (U-CMVN)Ζ 
௽ᐛอૠ۷ྒྷऄխΔڤٽࠓรԲጟڇ      n ፖ n  ۷ྒྷۖ൓ΚڤՀ٨ࠟֆطױ
CS-CMS/CS-CMVNΚ 

( , ) ( ) ( )
1 ,

c s c s
n n n ڤ)                    3-5) 

2 2 2 2 2 2

( , ) ( ) ( ) ( ) ( ) ( , )
1

c s c c s s c s
n n n n n n ڤ)     3-6) 

ࠡխՀᑑ"( )c "Ε"( )s "ፖ"( , )c s "։ܑז।شࠌᒘ᡻ڤΕ։੄ڤፖٽࠓᒘ᡻/։੄ڤอૠଖ
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۷ྒྷऄΔۖ
( )c
n Ε

( )s
nΕ 2

( )c
n ፖ 2

( )s
n ։ܑࡳᆠ࣍ছԫີऱ(ڤ 2-14)Ε(ڤ 2-8)Ε (ڤ

2-15)ፖ(ڤ 2-9)Δ ੡ᦞૹଖΔտ࣍ 0 ࠩ 1 հၴΔ๯ࠐشᓳᖞᒘ᡻ڤอૠᇷಛፖ։੄ڤ
อૠᇷಛհၴऱֺࠏΖ៶ڤ)ط 3-5)ፖ(ڤ ऱګ۷ྒྷհؓ݁ଖፖ᧢ฆᑇۖࢬ(3-6 CMS ፖ
CMVN ऄΔݺଚ։ܑጠ੡ٽࠓᒘ᡻/։੄ڤ CMS(hybrid codebook/segment-based CMS, 
CS-CMS) ፖ ࠓ ٽ ᒘ ᡻ / ։ ੄ ڤ CMVN(hybrid codebook/segment-based CMVN, 
CS-CMVN)Δᣊۿছ૿ࢬ༼հ CU-CMS ፖ CU-CMVNΔൕ(ڤ 3-5)ፖ(ڤ Δנ઎ױ(3-6
CS-CMSፖCS-CMVNشࠌࢬऱؓ݁ଖፖ᧢ฆᑇਢലছԫີࢬ૪հ፿ଃ௽ᐛᒘ᡻ፖׂ੄
፿ଃ௽ᐛऱؓ݁ଖፖ᧢ฆᑇ܂ԫᒵࢤऱิٽΖ࣠ڕᦞૹ 1ழΔCS-CMSࡉ CS-CMVN
ല։ܑ࿛࣍ٵᒘ᡻ڤ CMS (C-CMS)ࡉᒘ᡻ڤ CMVN (C-CMVN)ΔྥۖΔૉ 0ழΔ

CS-CMSࡉ CS-CMVNല։ܑ࿛࣍ٵ։੄ڤ CMS (S-CMS)ࡉ։੄ڤ CMVN (S-CMVN)Ζ 

(Բ) ڤٽࠓ೏ၸଙ᙮ᢜ೯஁إ๵֏ऄʳ

    ኙԫ௽ᐛழၴ٨ݧ ;1x n n N ๵֏ऄ(HOCMN)إΔᆖ೏ၸଙ᙮ᢜ೯஁ߢۖ
๠෻৵ࢬ൓ऱᄅ௽ᐛழၴڕ٨ݧՀڤΚ 

1

( )
/ ,     1

JJ
x n x n n n n N ڤ)         3-7) 

ࠡխN ੡ᖞ੄٨ݧհ௽ᐛᑇΔ n ፖ ( )J
n ։੡௽ᐛx n ऱؓ݁ଖፖรJ ၸխ؇೯஁Ζ 

    ᣊۿՂԫᆏࢬ૪Δຍᇙݺଚࠟڶጟֱ۷ྒྷࠐڤ n ፖ ( )J
n Δࢬኙᚨऱ HOCMN

ऄݺଚ։ܑጠ੡ٽࠓᒘ᡻ /ᖞڤ؁ HOCMN(CU-HOCMN) ፖٽࠓᒘ᡻ /։੄ڤ
HOCMN(CS-HOCMN)Δ،ଚڇ n ፖ ( )J

n ऱ۷ྒྷሎጩڕՀ٨ᑇڤΚ 
CU-HOCMN (hybrid codebook/utterance-based HOCMN)Κ 

( , ) ( ) ( )
1 ,

c u c u
n n n ڤ)             3-8) 

( )

( , ) ( , ) ( , )

1 1

1
1 .

M N
J J

J

c u r c u c u

r n

n w y r n x n n
N

ڤ)  3-9) 

CS-HOCMN (hybrid codebook/segment-based HOCMN)Κ 
,( , ) ,( ) ,( )

1 ,
i c s i c i s
n n n ڤ)            3-10) 

( )

( , ) ( , ) ( , )

1

1
1 .

2 1

M n L
J J

J

c s r c s c s

r k n L

n w y r n x k n
L

 

ڤ) 3-11) 
ࠡխ

( )c
n Ε

( )u
n Ε

( )s
n ։ܑࡳᆠ࣍ছԫີऱ(ڤ 2-14)Ε(ڤ 2-2)ፖ(ڤ 2-8)Δ ੡ᦞ

ૹଖΔտ࣍ 0ࠩ 1հ Δၴࠐشᓳᖞᒘ᡻อૠᇷಛፖᖞ੄ׂࢨ੄௽ᐛอૠᇷಛհၴऱֺࠏΖ 

(Կ) ڤٽࠓଙ᙮ᢜᏺ墿إ๵֏ऄʳ

    ኙԫ௽ᐛழၴ٨ݧ ;1x n n N ൓ࢬ๵ऄ(CGN)๠෻৵إΔᆖଙ᙮ᢜᏺ墿ߢۖ
ऱᄅ௽ᐛழၴڕ٨ݧՀڤΚ 

/ ,     1x n x n n d n n N ڤ)          , 3-12) 
ࠡխN ੡ᖞ੄٨ݧհ௽ᐛ᜔ᑇΔ n ፖd n ։ܑ੡௽ᐛx n ऱؓ݁ଖፖ೯ኪᒤ໮Ζ 
    ᣊۿՂࠟᆏऱֱऄΔຍᇙݺଚࠟڶጟֱ۷ྒྷࠐڤ n ፖd n Δࢬኙᚨऱ CGNऄݺ
ଚ։ܑጠ੡ٽࠓᒘ᡻/ᖞڤ؁ CGN(CU-CGN) ፖٽࠓᒘ᡻/։੄ڤ CGN(CS-CGN)Δ،ଚ
ኙ n ፖd n ऱ۷ྒྷሎጩ։ܑڕՀᑇڤΚ  
CU-CGN(hybrid codebook/utterance-based CGN)Κ 

271



( , ) ( ) ( )
1 ,

c u c u
n n n ڤ)               3-13) 

( , ) ( ) ( ) ( ) ( )
max min

c u c u c u
d n Y X Y X ڤ)            3-14) 

CS-CGN(hybrid codebook/segment-based CGN)Κ 
( , ) ( ) ( )

1 ,
c s c s
n n n ڤ)              3-15) 

 
( , ) ( ) ( ) ( ) ( )

max min
c s c s c s
d n Y X Y X ڤ)           3-16) 

ࠡխ
( )c
Y Ε

( )u
X ፖ

( )s
X ڤ)।Աז 2-13)Ε(ڤ 2-1)ፖ(ڤ 2-7)Ζ

( )c
n Ε

( )u
n ፖ

( )s
n ։ܑ

ڤ)ছԫີऱ࣍ᆠࡳ 2-14)Ε(ڤ 2-2)ፖ(ڤ 2-8)Δࠡխ ੡ԫଡտ࣍ 0ࠩ 1հၴऱᦞૹଖΔ
Δmaxࠏऱֺشࠌࢬอૠᇷಛຍࠟृհၴڤ։੄ࢨڤอૠᇷಛፖᖞ؁ڤ।Աᒘ᡻ז

ፖmin ։ܑ੡່࠷Օଖፖ່՛ଖऱࠤᑇΔ όۖ ύ੡ᜤႃฤᇆΔრਐലᒘ᡻ፖᖞࢨ)؁
ׂ੄)፿؁ऱ௽ᐛۭڇԫದΖ 
ଙ᙮ᢜอૠቹ࿛֏ऄʳڤٽࠓ (؄)
    ኙԫ௽ᐛழၴ٨ݧ ;1x n n N ࢬΔᆖଙ᙮ᢜอૠቹ࿛֏ऄ(HEQ)๠෻৵ߢۖ
൓ऱᄅ௽ᐛழၴڕ٨ݧՀڤΚ 

1
,      1

ref X
x n F F x n n N ڤ)            , 3-17) 

ࠡխN ੡ᖞ੄٨ݧհ௽ᐛ᜔ᑇΔ
ref
F ੡ቃࡳ٣ᆠऱ೶ەᖲ෷։ؒࠤᑇΔۖ

X
F ঞ੡

௽ᐛx n ऱᖲ෷։ؒࠤᑇΖ 
    ᣊۿছ૿༓ᆏࢬ૪Δຍᇙݺଚࠟڶጟֱ۷ྒྷࠐڤᖲ෷։ؒࠤᑇ

X
F Δ։ܑڇشࠌ

HEQ ՂΔݺڼڂଚ։ܑጠ੡ٽࠓᒘ᡻ /ᖞڤ؁ HEQ(CU-HEQ)ፖٽࠓᒘ᡻ /։੄ڤ
HEQ(CS-HEQ)Δ،ଚኙ

X
F ऱ۷ྒྷ।ڕڤقՀقࢬΚ 

CU-HEQ(hybrid codebook/utterance-based HEQ)Κ 
,( , ) ,( ) ,( )

1 ,
X c u X c X u
F z F z F z ڤ)               3-18) 

CS-HEQ(hybrid codebook/segment-based HEQ)Κ 
,( , ) ,( ) ,( )

1
X c s X c X s
F z F z F z ڤ)              , 3-19) 

ࠡխ ੡ԫଡտ࣍ 0ࠩ 1հၴऱᦞૹଖΔז।Աᒘ᡻ڤอૠᇷಛፖᖞ੄ࢨڤ։੄ڤอૠ
ᇷಛຍࠟृհၴشࠌࢬऱֺࠏΔۖ

,( )X c
F Ε

,( )X u
F ፖ

,( )X s
F ։ܑࡳᆠ࣍ছԫີऱ(ڤ

2-18)Ε(ڤ 2-6) ፖ(ڤ 2-12)Ζ  
 
؄Εኔ᧭ᛩቼ๻ࡳፖٺጟൎ೜ࢤ፿ଃ௽ᐛإ๵֏ݾ๬հኔ᧭࿨࣠ፖಘᓵʳ

(ԫ) ኔ᧭ᛩቼ๻ࡳ 
ᄎ(European Telecommunication Standard Institute, ETSI)࠰ᑛ੊ሽॾᑑᄷشᓵ֮ආء    
࿇۩ऱࢬ AURORA2፿ଃᇷற஄[10]Δࠡփ୲ਢطຑᥛऱ૎֮ᑇࢬۭڗڗዌګΖڼ፿ଃ
ᇷற஄ࠟڶጟլٵऱಝᒭᛩቼΚ೓෣ᛩቼ(clean-condition)ፖڍૹᛩቼ(multi-condition)א
֗ԿጟլٵऱྒྷᇢႃٽΚAิ(چՀᥳΕԳᜢΕࡉ߫޳୶ᥦ塢ᠧಛ)ΕBิ(塊ᨚΕဩሐΕ
ᖲ໱ీ߫־ࡉᠧಛ)ፖ C ף؆ՀᥳΕဩሐᠧಛچ)ิ MIRS ຏሐயᚨ)ᠧಛ፿ଃႃٽΖ೓
෣ᛩቼז।۶ٚڶ޲ᠧಛऱ፿ଃᛩቼΔۖ ᠧಛऱ፿ଃףጟॵٺԵף।ᔞᅝזૹᛩቼঞڍ

ᛩቼΖءᓵ֮ऱኔ᧭׽ආش೓෣ᛩቼऱ፿ଃ௽ᐛ܂ᜢᖂᑓীऱಝᒭΔࠀኙԿิᠧಛ፿ଃ

ႃאףٽᙃᢝΖ 
๠෻ऱමዿଙ᙮ᢜ௽ᐛএᑇ(MFCC)آشຍᇙΔഗ៕ኔ᧭(baseline experiment)ലආڇ    
Բၸ஁ၦΔࡉՂࠡԫၸףऱMFCC௽ᐛ೶ᑇ੡13ፂ(c0~c12)Δ٦شࠌࢬ੡ಝᒭᇿྒྷᇢΔ܂
 ၦΖٻհ௽ᐛ೶ᑇشࠌ੡່ึ܂39ፂ௽ᐛ೶ᑇڶ٥᜔
    ᜢᖂᑓী੡׳ٻؐط(left-to-right)հឆ៲֛ױ್ڤᑓী(hidden Markov model, HMM)
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ऱڤݮΔਢشࠌឆ៲֛ױ್ڤᑓীಝᒭຌ᧯ HTK[11]ಝᒭࢬ൓Δࠡխܶץ 11 ଡᑇڗᑓ
ী(zero, one, two, �…, nine֗ oh)֗אᙩଃ(silence)ᑓীΔޢଡᑇڗᑓীܶץ 16ଡणኪΔ
ܶץଡणኪঞޢۖ 20ଡ೏ཎയ৫෗ٽΖ 
(Բ) ٺጟൎ೜ࢤ፿ଃ௽ᐛإ๵֏ݾ๬հኔ᧭࿨࣠ፖಘᓵʳ
๬հᙃᢝኔ᧭࿨࣠(20dBΕݾ֏๵إ፿ଃ௽ᐛࢤऱնጟൎ೜༽ࢬଚݺലտฯີء    
15dBΕ10dBΕ5dBፖ 0dBնጟಛᠧֺՀऱᙃᢝ෷ؓ݁)Δ։ܑ੡ CMSΕCMVNΕHOCMNΕ
CGN֗א HEQΔۖຍֱࠄऄऱ௽ᐛอૠઌᣂᇷಛΔ։ܑشࠌԿጟ௽ᐛอૠଖ۷ྒྷऄ(ᖞ
ፖڤ௽ᐛอૠଖ۷ྒྷऄ(ᒘ᡻/ᖞ؁(hybrid-based)ڤٽࠓጟࠟ֗א(ڤፖᒘ᡻ڤΕ։੄ڤ؁
ᒘ᡻/։੄ޣࠐ(ڤ൓Δྥ৵ၞԫֺޡለΕಘᓵፖ։࣫Ζ 
อૠ۷ྒྷऄኔ᧭խऱׂ੄९৫ڤ੄ׂڶࢬᓵ֮խΔءڇ     2 1L ຟ๻੡ 101(ೈԱ
HOCMNհ؆Δ،ऱׂ੄९৫2 1L ๻੡ 87)Ιڶࢬᒘ᡻ڤፖڤٽࠓኔ᧭խऱᒘڗᑇؾR
อԫ๻ࡳ੡ ࢨ16 256Δۖڤٽࠓኔ᧭խऱ Δݺଚࡳࡐ๻੡ 0.5Δٽࠓࠌհᠨֱอૠᇷ
ಛ۾ࢬऱֺࠏઌ࿛Ζ 
 
1Εٺጟଙ᙮ᢜؓ݁௣װऄհኔ᧭࿨࣠ʳ
    ൕ।ԫխΔݺଚ൓वٺጟ CMSऱ᜔ؓ݁ᙃᢝ෷ൣݮΖݺଚ٣൶ಘԿጟႚอऱ௽ᐛ
อૠଖ۷ྒྷऄڇش܂ CMSՂऱய࣠Δ࿇෼ U-CMSΕS-CMSፖ C-CMSխΔא C-CMS 
(R=256)ࢬ൓ऱᖞ᧯ؓ݁ᙃᢝ෷່ՕΔֺഗ៕ኔ᧭࿨࣠༼֒Ա 10.75%Δۖઌኙᙑᎄ෷ಐ
྇෷(RR)੡ 37.83%Ζ 
    ൷ထΔݺଚױ઎ءנᓵ֮ᄅ༼נऱࠟጟڤٽࠓ௽ᐛอૠଖ۷ྒྷऄሎڇش CMSՂհ
ய࣠ΔאڕՀ༓រࢬ૪Κ 
(1) CU-CMSፖ CS-CMSઃࣔ᧩ᚌ࣍ႚอհ U-CMSΕS-CMSፖ C-CMSΖ 
(2) CS-CMS(R=16)।෼ᚌ࣍ CU-CMS(R=16)Δઌኙ࣍ഗ៕ኔ᧭࿨࣠Δڇᙃᢝ෷Ղ༼֒Ա
14.61%Δۖઌኙᙑᎄ෷ಐ྇෷೏ሒ 51.41%Ζ 
ীኪऱٵጟլٺڇ(3) CMSխΔא CS-CMS (R=16)ऱ᜔ؓ݁ᙃᢝ࿨່࣠ࠋΔۖࠡ، CMS
ऱ᜔ؓ݁ᙃᢝ࿨࣠ऱᚌ٭ႉݧΔݧࠉ੡ΚCS-CMS (R=256)ΕCU-CMS (R=16)ΕCU-CMS 
(R=256)ΕC-CMS (R=256)ΕC-CMS(R=16)ΕU-CMS֗א S-CMSΖڼڂΔݺଚ᧭ᢞԱࢬ
ᄅ༼נհࠟጟڤٽࠓ CMSڇ༼ࣙ፿ଃ௽ᐛൎ೜ࢤՂΔֺ U-CMSΕS-CMSፖ C-CMSᝫ
૞ࠐऱᚌ။Ζ 

method Set A Set B Set C Average RR 

baseline 71.92 68.22 77.61 71.58 ȋ 

C-CMS (R=16) 80.83 79.29 86.13 81.27 34.10 
C-CMS (R=256) 81.62 81.58 85.25 82.33 37.83 

U-CMS 79.35 82.46 79.91 80.71 32.13 
CU-CMS (R=16) 83.28 84.92 84.28 84.14 44.19 
CU-CMS (R=256) 82.13 84.29 83.06 83.18 40.82 

S-CMS 77.28 80.66 77.63 78.70 25.05 
CS-CMS (R=16) 85.38 87.43 85.31 86.19 51.41 
CS-CMS (R=256) 84.63 86.98 84.42 85.53 49.09 

।ԫΕٺጟ CMSऱᖞ᧯ؓ݁ᙃᢝ෷ፖઌኙᙑᎄ૾܅෷(relative error rate reduction, RR)
հֺለ 
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2Εٺጟଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄհኔ᧭࿨࣠ʳ
    ।Բܧ෼Աٺጟଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(CMVN)ऱᙃᢝ෷Δط।ԲխΔଈ
٣Δݺଚאױ઎נԿጟႚอऱ௽ᐛอૠଖ۷ྒྷऄሎ࣍ش CMVN ழΔࠡᙃᢝ࿨࣠ઌለ࣍
ഗ៕ኔ᧭ۖߢΔڇ U-CMVNΕS-CMVNፖ C-CMVNխΔא C-CMVN (R=256)ࢬ൓ऱ᜔
ؓ݁ᙃᢝ෷່೏Δֺ ഗ៕ኔ᧭࿨࣠༼֒Ա 15.14%Δۖ ઌኙᙑᎄ෷૾܅෷ሒࠩԱ 53.27%Ζ 
    ൷ՀࠐΔءᓵ֮༼ࠟנጟڤٽࠓ௽ᐛอૠଖ۷ྒྷऄሎڇش CMVN ՂΔٵᑌࠡᙃᢝ
࿨࣠ઌለ࣍ഗ៕ኔ᧭Ոࣔڶ᧩ऱၞޡΖط।ԲقࢬΔڇ CU-CMVN ፖ CS-CMVN խΔ
א CS-CMVN (R=16)ऱ᜔ؓ݁ᙃᢝ෷່೏Δֺഗ៕ኔ᧭࿨࣠༼֒Ա 17.38%Δۖઌኙᙑ
ᎄ෷૾܅෷೏ሒ 61.15%Ζࠟڼڂጟڤٽࠓ CMVNڇ፿ଃ௽ᐛൎ೜૿ֱࢤΔᇿছԫᆏऱ
ڤٽࠓ CMSԫᑌΔઃᚌ࣍ U-CMVNΕS-CMVNፖ C-CMVNΖ 

Method Set A Set B Set C Average RR 

Baseline 71.92 68.22 77.61 71.58 ȋ 

C-CMVN (R=16) 85.75 85.5 83.78 85.26 48.14 
C-CMVN (R=256) 87.16 87.44 84.39 86.72 53.27 

U-CMVN 85.03 85.56 85.61 85.36 48.49 
CU-CMVN (R=16) 87.87 88.67 86.14 87.84 57.21 
CU-CMVN (R=256) 87.25 88.06 85.78 87.28 55.24 

S-CMVN 83.99 84.85 84.78 84.49 45.43 
CS-CMVN (R=16) 88.98 89.82 87.19 88.96 61.15 
CS-CMVN (R=256) 88.18 89.09 86.73 88.25 58.66 

।ԲΕٺጟ CMVNऱᖞ᧯ؓ݁ᙃᢝ෷ፖઌኙᙑᎄ૾܅෷(relative error rate reduction, RR)
հֺለ 
 
3Εٺጟ೏ၸଙ᙮ᢜ೯஁إ๵֏ऄհኔ᧭࿨࣠ʳ
    ।Կܧ෼Աٺጟ೏ၸଙ᙮ᢜ೯஁إ๵֏ऄ(HOCMN)ऱᙃᢝ෷ΔڇຍᇙΔխ؇೯஁
ऱၸᑇJ ઃ๻੡ 100Ζൕ।Կױ઎אנՀ༓រ෼ွΚ 
ႚอհڇ (1) U-HOCMNΕS-HOCMNፖ C-HOCMNխΔא U-HOCMNࢬ൓ऱ᜔ؓ݁ᙃ
ᢝ෷່ՕΔፖഗ៕ኔ᧭ઌֺΔ༼֒Ա 16.31%Δۖઌኙᙑᎄ૾܅෷ሒࠩԱ 57.39%Ζ
ऱڤ੡ᒘ᡻ڂΔٵլઌࠀ෼ऱ࿨࣠ܧࢬ෼ွᇿছࠟᆏڼ HOCMN(C-HOCMN)।෼ࠀ
լ෻უΔࠡױ౨଺ڂ੡Δᒘ᡻ኙ࣍ለ܅ၸऱ೯஁ଖΰ݁ؓڕࠏଖፖ᧢ฆᑇαհ۷ྒྷ

ለ੡ᄷᒔΔྤ܀ऄڶய۷ྒྷለ೏ၸऱ೯஁ଖΖ 
ڇش௽ᐛอૠଖ۷ྒྷऄΔᅝࠡሎڤٽࠓጟࠟנ༽ᓵ֮ء (2) HOCMNՂழΔࠡᙃᢝ࿨࣠
ઌለ࣍ഗ៕ኔ᧭࿨࣠սޏ᧩ࣔڶ࿳ΚCU-HOCMN(R=16)ፖ CS-HOCMN(R=16)։ܑ
ֺഗ៕ኔ᧭࿨࣠༼֒Ա 16.09%ፖ 17.78%Δઌኙᙑᎄ૾܅෷ಐ྇։ܑ೏ሒ 56.62%ፖ
62.56%Ζ 

ጟীኪऱٺڇ (3) HOCMNխΔא CS-HOCMN (R=16)ऱ᜔ؓ݁ᙃᢝ෷່ࠋΔࠡ،ٽࠓ
ڤ HOCMNઃ࣍܅ U-HOCMNΔլ࣍ٵছ૿༓ᆏࢬ૪ऱڤٽࠓ CMSፖ CMVNܧࢬ
෼ऱ࿨࣠ΖၞޓԫޡᨠኘΔױ઎נ CU-HOCMNڇ Set Cऱᙃᢝ෷ઌኙለ܅Δທګ
᜔ؓ݁ᙃᢝ෷լ֗ U-HOCMNΔڼ෼ွ࣍ڂូױ Set Cխऱ፿ଃܶץԱኹᗨࢤᠧಛ
(convolutional noise)Δۖᒘ᡻(codebook)խە׽ᐞࠩࢤګףᠧಛ(additive noise)Δאࢬ
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ທګ Set Cհᙃᢝ࿨࣠լጐ෻უΖ 
 

Method Set A Set B Set C Average RR 

Baseline 71.92 68.22 77.61 71.58 ȋ 

C-HOCMN (R=16) 84.86ʳ 83.40ʳ 85.68ʳ 84.44 45.25 
C-HOCMN (R=256) 86.30ʳ 86.34ʳ 83.53ʳ 85.76 49.89 

U-HOCMN 87.43 88.54 87.52 87.89 57.39 
CU-HOCMN (R=16) 87.55 88.85 85.57   87.67* 56.62 
CU-HOCMN (R=256) 86.66 88.15 85.12 86.95 54.08 

S-HOCMN 85.60 86.63 86.16 86.12 51.16 
CS-HOCMN (R=16) 89.17 90.26 87.96 89.36 62.56 
CS-HOCMN (R=256) 87.44 88.78 86.22 87.73 56.83 

।ԿΕٺጟHOCMNऱᖞ᧯ؓ݁ᙃᢝ෷ፖઌኙᙑᎄ૾܅෷(relative error rate reduction, RR)
հֺለ 
 
4Εٺጟଙ᙮ᢜᏺ墿إ๵֏ऄհኔ᧭࿨࣠ʳ
    ।נ؄٨Աٺጟଙ᙮ᢜᏺ墿إ๵֏ऄ(CGN)ऱᙃᢝ෷Δૉፖ।ԿઌֺለΔݺଚ࿇෼
،ଚऱ࿨࣠Լ։ᣊۿΔԿጟႚอ۷ྒྷऄࢬኙᚨऱU-CGNΕS-CGNፖC-CGNխΔאU-CGN
൓ऱ᜔ؓ݁ᙃᢝ෷່೏Δፖഗ៕ኔ᧭࿨࣠ઌֺΔ༼֒Աࢬ 16.33%Δۖઌኙᙑᎄ૾܅෷
੡ 57.46%ΔઌኙۖߢΔC-CGN।෼ለ஁Δױڼ౨଺ڂᇿՂԫᆏࢬ૪ᣊۿΔܛᒘ᡻ױ౨
ྤऄለ壄ᒔ۷ྒྷچ CGNࢬᏁࠩشऱ೯ኪᒤ໮ଖΔەآࠡ֗אᐞࠩ Set Cऱኹᗨࢤᠧಛ
եឫΖ 
    ྥۖΔᅝࠟጟڤٽࠓ௽ᐛอૠଖ۷ྒྷऄΔ։ܑڇشࠌ CGNழΔࠡᙃᢝ࿨࣠ຟ౨ڶ
Լ։᧩ထऱ༼ࣙΔࠡխא CS-CGN(R=16)ऱ᜔ؓ݁ᙃᢝ෷່೏Δֺഗ៕ኔ᧭༼֒Ա
17.88%Δۖ ઌኙᙑᎄ૾܅෷೏ሒԱ 62.91%ΔݺଚᢞኔԱڤٽࠓڇ CGNխΔೈԱ CU-CGN 
(R=256)ฃ࣍܅ U-CGNհ؆Δઃᚌ࣍ U-CGNΕS-CGNፖ C-CGNΖ 

method Set A Set B Set C Average RR 

Baseline 71.92 68.22 77.61 71.58 ȋ 

C-CGN (R=16) 85.60ʳ 84.29ʳ 84.82ʳ 84.92 46.94 
C-CGN (R=256) 86.65ʳ 87.07ʳ 84.41ʳ 86.37 52.04 

U-CGN 87.62 88.49 87.32 87.91 57.46 
CU-CGN (R=16) 88.11 89.14 86.07 88.11 58.16 
CU-CGN (R=256) 86.97 88.46 85.30 87.23 55.07 

S-CGN 86.36 87.31 86.99 86.86 53.76 
CS-CGN (R=16) 89.31 90.40 87.89 89.46 62.91 
CS-CGN (R=256) 88.42 89.73 86.92 88.64 60.03 

।؄Εٺጟ CGNऱᖞ᧯ؓ݁ᙃᢝ෷ፖઌኙᙑᎄ૾܅෷(relative error rate reduction, RR)
հֺለ 
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5Εٺጟอૠቹ࿛֏ऄհኔ᧭࿨࣠ 
    ।նנ٨Աٺጟլٵীኪऱอૠቹ࿛֏ऄʻHEQ)հᙃᢝ෷Δࠡ࿨࣠ፖ।Կፖ।؄ᣊ
ऱڤΔឈྥᒘ᡻נଚࣔ᧩઎ݺΔۿ HEQ(C-HEQ)ய࣠լጐ෻უΔྥۖᅝݺଚނᒘ᡻ፖᖞ
؁௽ᐛࠓٽΔނࢨᒘ᡻ፖׂ੄௽ᐛࠓٽΔࢬ։ܑኙᚨऱ CU-HEQ ፖ CS-HEQΔࠡ൅ࠐ
ऱᙃᢝ෷༼ࣙ࿓৫ઃԼ։᧩ထΔࣔ᧩၌။Աᖞڤ؁ HEQ(U-HEQ)ፖׂ੄ڤ
HEQ(S-HEQ)ΔۖࠡխԾא CS-HEQ ।෼່ࠋΖؓ݁ᙃᢝ෷೏ሒ 90.76%Δઌኙᙑᎄ૾
෷੡܅ 67.49%Ζ 

method Set A Set B Set C Average RR 

Baseline 71.92 68.22 77.61 71.58 ȋ 

C-HEQ (R=16) 80.15ʳ 80.41ʳ 76.03ʳ 79.43 27.62 
C-HEQ (R=256) 86.23ʳ 85.77ʳ 83.71ʳ 85.54 49.12 

U-HEQ 86.95 88.39 87.40 87.62 56.44 
CU-HEQ (R=16) 90.21 91.16 89.37 90.42 66.29 
CU-HEQ (R=256) 88.76 89.68 87.85 88.95 61.12 

S-HEQ 85.10 86.82 85.64 85.90 50.39 
CS-HEQ (R=16) 90.57 91.54 89.57 90.76 67.49 
CS-HEQ (R=256) 89.11 90.21 88.35 89.40 62.70 

।նΕٺጟ HEQऱᖞ᧯ؓ݁ᙃᢝ෷ፖઌኙᙑᎄ૾܅෷(relative error rate reduction, RR)
հֺለ 

(Կ) ጵٽಘᓵʳ

ˊ ˊ ˊ ˋ ˊˌ ˋ˃ ˋ ˄ ˋ˅ ˋˆ ˋ ˇ ˋˈ ˋˉ ˋ ˊ ˋˋ ˋˌ ˌ ˃ ˌ˄

a ve rag ed  reco g n iti on  accur acy (% )

C M S

C M V N

H O CM N

C G N

H E Q

˖˦ ˀ˵ ˴̆ ˸˷ ʳʻ˥ ː ˄ ˉ ʼ

˖˨ ˀ˵ ˴̆ ˸˷ ʳʻ˥ ː ˄ˉʼ

˖ˀ˵ ˴ ̆˸˷ ʳ ʻ˥ ː˅ˈˉ ʼ

˨ ˀ˵ ˴̆ ˸˷

˦ˀ˵ ˴̆ ˸˷

 
ቹԫΕٺጟ፿ଃ௽ᐛإ๵֏ऄڇլٵऱ௽ᐛอૠ۷ྒྷऄՀऱ᜔ؓ݁ᙃᢝ෷հֺለ 
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ቹԫਢֱڶࢬີءऄհ᜔ؓ݁ᙃᢝ෷ֺለቹΔൕڼቹፖছ૿ऱնଡ।խΔݺଚՕી

ᨠኘࠩאՀ༓ጟൣݮΚ 
(1) ᖞֱڤ؁ऄઃֺ։੄ֱڤऄᝫ૞ړΔࠡױ౨଺ڂ੡Δ։੄ֱڤऄਢނᖞ੄፿؁։໊
੄ᇷறၦऱլׂڂՈ܀ழ๠෻ऱய࣠Δܛۿሒࠩ२ױઌᔣऱׂ੄፿؁Δឈྥڍ๺ګ

ऄֱ૿ΔೈԱֱڤᒘ᡻ڇᙃᢝ෷ऱՀ૾Ζګທڼڂᖄીอૠ۷ྒྷଖለլᄷᒔΔߩ

C-CMS ፖ C-CMVN հ؆Δய࣠ઃ࣍܅ᖞڤ؁ፖ։੄ֱڤऄΔࠡױ౨଺ڂ੡Δဠᚵ
ᠨຏሐխऱᠧಛ۷ྒྷא׽ᖞ੄፿؁ऱছ༓ଡଃ௃ᅝᠧಛऱז।Δࢬ൓հᠧಛ௽ױࢤ

౨ለլ壄ᄷΔທګ৬مऱऱᒘ᡻ֺለլ壄ᒔΖ 
ΚCU-HEQ (90.42%)ڕࠏΔړऱࠐऄֱڤፖᒘ᡻ڤΕ։੄ڤઃֺᖞ؁׏ऄ༓ֱڤٽࠓ (2)
ፖ CS-HEQ (90.76%)ᚌ࣍ U-HEQ (87.62%)ΕS-HEQ (85.9%)ፖ C-HEQ (85.54%)Ζຍ
࿨࣠ᢞኔԱᖞڤ؁Ε։੄ڤፖᒘ᡻ֱڤऄΔᗑ۞ࢬ༼֒ऱᙃᢝ෷ለ՛Δ܀࿨ٽԱᒘ

᡻ڤፖᖞڤ؁(ࢨ։੄ڤ)ऱֱڤٽࠓऄΔലࠌᙃᢝ෷Օ༏چ༼֒Ζ 
ଚലݺऄխΔֱڤٽࠓڇ (3) ຟ๻੡ 0.5Δຍ।قထᒘ᡻ፖᖞ੄፿؁ऱอૠᇷಛհشࠌ
۶ೣ஁Ζឈྥٚڶ޲ઌ࿛Δۖࠏֺ ݺ।Աז֟۟܀೶ᑇΔࡳऱ๻ࠋਢؘ່آ0.5

ଚྤႊ壄პچਗᙇڼ೶ᑇଖΔঁ౨൓ࠩࣔ᧩ऱٽࠓய墿Ζ 
ؾᑇڗऄխΔᒘֱڤٽࠓጟࠟڇ (4) R=16 ֺ᧩ኙᚨऱᙃᢝ࿨࣠ࣔࢬ R=256 ኙᚨऱᙃࢬ
ᢝ࿨࣠ࣔڶ᧩ऱޏ࿳Δڼ෼ွڇ CMSΕCMVNΕHOCMNΕCGNፖ HEQઃਢڼڕΔ
࣍طΖࢤհၴऱլԫી(੄፿ଃᇷಛׂࢨ)ᒘ᡻ᇷಛፖᖞ؁፿ଃᇷಛ࣍ڇڂ౨଺ױڼ
ᒘ᡻ܧ׽෼ొ፿ଃຝ։ऱᇷಛΔۖᖞׂࢨ؁੄௽ᐛױ౨ٵழܶץԱ፿ଃፖॺ፿ଃຝ

։ऱᇷಛΔڼڂᏺףᒘڗᑇؾΔࠌᒘ᡻ࢬኙᚨऱ፿ଃറ᥆ᇷಛ။׊ڍ။ᇡาΔຍല

ᄎࠌᠨֱऱլԫીࢤ။ࠐ။ࣔ᧩Ζྥۖڼ࿨࣠থ֘ۖګ੡ݺଚנ༽ࢬհֱڤٽࠓऄ

ऱᚌរΔڂ੡ຍז।Աݺଚٺڇጟڤٽࠓଙ᙮ᢜอૠإ๵֏ऄխΔ׽૞شࠌለ՛ऱ

ᒘڗᑇؾΔ༉ױ൓ࠩለࠋऱᙃᢝ࿨࣠Δۖ׊Օ༏૾܅ዝጩऄߪءऱሎጩᓤᠧ৫Ζ 
ऄհᙃᢝֱڤԱ։੄ߩऄऱᙃᢝய౨່೏Δ،ᇖֱڤᒘ᡻/։੄אऄխΔֱڤٽࠓڇ (5)
෷ለ஁ऱ౒រΔۖսঅڶ։੄ֱڤऄհ२֗ۿழ๠෻ऱᚌរΔڼڂᄕࠠኔشᏝଖΖ 

 
նΕ࿨ᓵ 
ऱ௽ᐛอૠ۷ྒྷऄΔ،ଚਢല፿ଃ௽ᐛհᒘ᡻ڤٽࠓԱࠟጟנ༽ଚݺᓵ֮խΔءڇ    
ፖᖞࢨ؁։੄ऱ፿ଃ௽ᐛᔞᅝچ࿨ٽΔၞۖ۷ྒྷנ௽ᐛऱٺႈอૠଖΔݺଚലڼᄅֱऄ

։ܑڇشࠌնጟൎ೜ࢤ፿ଃ௽ᐛอૠإ๵֏ݾ๬ՂΚଙ᙮ᢜؓ݁௣װऄ(CMS)Εଙ᙮ᢜ
ؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(CMVN)Ε೏ၸଙ᙮ᢜ೯஁إ๵֏ऄ(HOCMN)Εଙ᙮ᢜᏺ墿إ
๵֏ऄ(CGN)֗אଙ᙮ᢜอૠቹ࿛֏ऄ(HEQ)Δݺଚ࿇෼Δᇿᖞڤ؁Ε։੄ڤፖᒘ᡻ڤ
อૠ۷ྒྷऄઌለհՀΔຍࠟጟڤٽࠓऱ۷ྒྷऄઃ౨چ᧩ࣔޓ༼ࣙ፿ଃ௽ᐛإ๵֏ݾ๬ऱ

ய౨Δڶޓயޏچ࿳ᠧಛᛩቼՀऱ፿ଃᙃᢝ෷ΔױڼڂංᓵΔݺଚנ༽ࢬऱᄅֱऄ൓א

൓ࠩޓ壄ᒔऱ፿ଃ௽ᐛऱอૠ௽ࢤΖ 
 ࿇୶ΚٻՀ༓ଡֱאڶଚݺՂΔߒऱઌᣂઔࠐآڇ    
         ࠏ๬ՂΔݾ֏๵إऱଙ᙮ᢜอૠהࠡڇش௽ᐛอૠ۷ྒྷऄΔሎڤٽࠓشܓඨݦଚݺ (1)
ၸᐋऱהࠡࢨ๵֏ऄ(CSN)إणݮΚଙ᙮ᢜڕ HOCMN࿛ݾ๬Δאᨠኘࠡய౨Ζ 
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       ᠧಛᛩቼՀऱࢤኹᗨڇ๬ݾ֏๵إऱଙ᙮ᢜอૠڤٽࠓଚ࿇෼Աݺኔ᧭࿨࣠խΔڇ (2)
ᙃᢝޏ࿳࿓৫Δለ஁ࢤګף࣍ᠧಛᛩቼΔݺڼڂଚཚඨ౨࿨ٽ௣ೈຏሐயᚨऱֱऄΔࠏ

 ᙃᢝ࿨࣠Ζ֒༽ࠡࠌઌኙ᙮ᢜऄ(RASTA)࿛Δڕ
(3) ೈԱءᓵ֮شࢬऱᑇڗ፿ଃᇷற஄؆Δݺଚലቫᇢࢬނ༼ऱᄅֱऄሎࠡڇش،ለՕ
 ᏝଖΖشऄऱኔֱࠄᢞຍ᧭ޡნऱ፿ଃᇷற஄ՂΔၞԫڗ
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