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ኴ૞ 

ᦸ࣍෼ڶ፿ߢᇷᄭՠࠠኙ࣍ ESL/EFL ᖂ฾ृ࣍૎፿ᐊ܂Ղ༼ࠎऱפܗ࠰౨ૻڶΔءઔ
ބᎁव࿓৫යٙՀΔൕ፿ற஄խߢऱ፿ٵլڇᇷಛᛀ౉ֱऄΔ౨ߢԫጟ፿נ༽࣍ીԺߒ

ऱၲᙰ/࿨ڗΕ໢ဲڗᄷᒔࠎ༽ऄֱڼ؁Ζࠏհش܂೶ᅃڶޣ।ሒᏁ܂հᐊृشࠌኙנ
ຝࢨᖞֺኙݙشࠌࠀऱ՗؁࿛।ሒցైΔࡳցΕլૻڗشऱᆄڗΕԫଡ໢ࢤΕ૎፿ဲݠ

։ֺኙऱࠟጟֺኙֱڤᙇ؁ࠏ࠷Δۖ ৵ኙ࣍ᙇ࠷ऱڍشࠌ؁ࠏૹ٨ݧඈݾ٨๬ၞ۩ઌᣂ

 ؁Ζࠏऱޣ೶ᅃᏁٽေ۷Δ່৵ං៺່ฤࢤ

Abstract 
Current language resource tools provide only limited help for ESL/EFL writing. This 
research proposes a language information retrieval approach to acquire referential sentences 
from corpus under various levels of users�’ language cognition. The approach includes a set of 
expression elements, such as exact words, prefix, suffix, part-of-speech, wildcard, and 
subsequence. Sentence retrieval involves both exact match and partial match with user query. 
Finally, the set of retrieved sentences are evaluated and ranked by multiple sequence 
alignment for relevance to user expression needs.  

ᣂ᝶ဲΚᇷಛᛀ౉Δ፿ற஄Δᐊܗ᎖܂ 

Keywords: Information Retrieval, Corpus, Writing Assistance. 

ԫΕፃᓵ 

ኙ࣍Օຝ։ऱᐊؾ܂ऱۖߢΔᐊ܂ਢԫጟ෡৫ऱ।ሒመ࿓ΔᏁ૞ᇡጐۖ෡Եऱ༴૪౨ԺΔ 
壄ᄷۖᣤ᠃ऱ፿რܧ෼Δ֗ ᔞᅝऱဲ፿ᙇᖗڜඈΖኙ࣍૎፿੡ॺئ፿ऱᖂ฾ृ(English as 
Second Language - ESL/English as Foreign Language - EFL)ࠐᎅΔ૎፿ᐊࠡ֠܂ਢԫଡܺ
ᣄऱመ࿓Δൄൄᄎڂ੡໢ڗΕჸ಻ڗ(collocation)ΕဲٽิࢤΕൄׂش፿Ε؁ী࿨ዌ࿛
ֱ૿ऱ፿ߢवᢝլߩΔࢨਢئࠩ࠹፿ᎁवፖ฾ክऱ෰ࠫᐙ᥼ΔۖທဲشګΕ፿ऄΕ੷۟

፿რՂऱᙑᎄ[1]ΖٵழΔ૎፿ᐊ܂Ոਢԫଡ၄ழऱመ࿓Δ ESL/EFLऱൄൄृ܂૞क़၄
๺ڍழၴΔߪ۞ڇլߩऱ፿ߢवᢝխჼ༈ᔞᅝऱ।ሒֱڤΔࢨਢ૞ଗࠢڗ࣍ܗΕ᢯ࠢ࿛

ऱૻڶႛ౨ᛧ൓࢓࢓ԵދਢΔՕၦழၴऱ܀൓ॣၸऱဲ፿ᇷಛΖ࠷ᇷᄭՠࠠΔߢጟ፿ٺ

ᐊ܂঴ᔆऱ༼֒Δۖທګ๺ڍ ESL/EFL ނΔૉߢፖᎽᡶΖ᜔࿨ۖމऱ஫ृ܂ ESL/EFL
Εᇷߩᇷಛၦऱլ࣍ڇऱܺᣄ᣻࿨܂੡ԫଡᇷಛ๠෻ऱመ࿓Δຍႈՠီ܂ऱ૎፿ᐊृ܂

ಛ࠷൓ءګऱመ೏Ε֗ᇷಛشࠌऱய墿ૻڶΖ 

२ࠐڣΔ፿ற஄ऱ࿇୶൅ࠐ፿ߢઔߒՂऱᄅ૿ٻΖ፿ற஄ਢՕၦ፿ݮൣشࠌߢऱધᙕΔ 
լᓵਢࢨڗ֮אਢאՑ፿ֱڤऱ፿ߢ।ሒփ୲Δຟאױ๯Օၦ፦ႃნᖞΕ༴૪ᑑုΔۖ
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ᇷᄭΔլߢ।ထ᠆༄ऱ፿זΔ፿ற஄ڼڂ෼[2]Ζܧ෼ွشࠌߢԱ۞ྥۖటኔऱ፿ګݮ
ႛאױኙ፿ߢᖂऱઔߒΔ༼ࠎ๺ڍอૠ։࣫Ղऱᇷಛፖ෻ᇞᇭᤩՂऱࠉᖕΔՈאױ೚੡

፿ߢᖂ฾Ղٺጟ፿ڤֱشࠌߢऱ೶ᅃᇷற[3][4]ΖٵᑌऱΔא૎፿ᐊ܂੡ؾऱऱᨠរۖ
ߢயऱ፿ڶΔૉ౨࿇୶ԫଡၴ़شܓՂઌᅝՕऱ܂Աᇷಛ๠෻ՠࠎ༽ڇژΔ፿ற஄ऱߢ

ᇷಛشࠌՠࠠΔڇ ESL/EFL ऱ૎፿ᐊ܂መ࿓խΔಾኙृ܂ऱ፿ߢ।ሒᏁޣΔ༼ߩࠎജ
ऱΕᔞᅝऱΕ೶ᅃऱ፿شࠌߢᇷಛΔؘ౨ڶய᎖ܗ ESL/EFL ऱ૎፿ᐊ܂መ࿓Δ૾܅ᐊ
 ঴ᔆΖ܂ᎽᡶΔ༼֒ᐊ܂

אՠࠠشࠌᇷಛߢ፿ற஄ऱ፿شࠌছؾ concordanceݾ๬੡׌Δ༼ࠎ௽ဲڗࡳऱᛀ౉Δ
ല௽ڇဲڗࡳ፿ற஄խנ෼ऱՂՀ֮Δא௽ဲڗࡳ੡ഗᄷඈܧ٨෼Δᨃृشࠌᨠኘ௽ࡳ

೚׻Ζຍጟՠࠠԫ౳ݮऱჸ಻ൣဲڗઌᣂ֗ڤֱشࠌ౨ऱױဲڗ concordancerΔլႛױ
ە೚੡૎፿ᖂ฾ृऱᘬᇬ೶אױΔՈܗ᎖ߒᖂृऱઔߢ೚੡፿א [5][6][7]Ζ܀ਢ
concordancerࠀॺಾኙॺئ፿ԳՓऱ૎፿ᐊ܂ᏁޣΔኙ ESL/EFLऱᐊܺ܂ᣄࠎ༽ࢬऱ࠰
ऱයٙᛀࢤნፖဲဲࠎ༽׽ऱ਷ᇬᖲࠫΔૻڶਔΚ(1)ለץ૞ૻࠫ׌Δࠡ[8]ߩսྥլܗ
౉Δྤऄך։ኙᚨ ESL/EFL Ꮑ૞ऱࢬՀΔݮऱൣࡳլᒔࢨߩवᢝՂტࠩլߢ፿ڇृ܂
਷ᇬֱڤΙ(2)ለྤᐘࢤऱᛀ౉ᖲࠫΔ٤ݙࠎ༽׽ฤٽයٙऱᛀ౉Δृشࠌڇᎁवᙑᎄ
ՂՀ֮א෼ܧ۶਷ᇬ࿨࣠Ι(3)ᛀ౉࿨࣠ऱٚࠎ༽լᔞᅝऱ਷ᇬයٙழΔലྤऄشࠌۖ
੡׌Δۖॺݙאᖞऱܧ؁ࠏ෼ΔٵழΔڇ࿨࣠ऱ༼ࠎՂΔەآࠀၦڇृشࠌᐊ܂ՂࢬᏁ

ᇷಛऱᚌݧڻ٣Ζ 

౨ಾኙ׽౨ΔפΔconcordancerਢԫጟઌᅝॣၸऱᇷಛᛀ౉ߢ๬ऱᨠរۖݾᇷಛ๠෻א
ڂΖ࢚ऱᄗݧေ۷ፖඈڶ޲ऱ਷ᇬයٙΔၞ۩១໢ऱֺኙᛀ౉Δኙᛀ౉࿨࣠Ոڤݮૻڶ

ᇷಛΖشڶၦऱ֟ࠎ༽ᑑؾ౨ಾኙࣔᒔऱᛀ౉׽ՂΔconcordancerشࠌ፿ற஄ऱڇΔڼ
ຍᑌऱפ౨௽ࢤਢྤऄየߩլٵ࿓৫ऱ ESL/EFL ᑌ֏ᇷಛਐڍᏁऱࢬՂ܂ᐊڇΔृ܂
֧ፖ೶ᅃܗ࠰Ζᐊ܂ਢԫଡ፿ߢवᢝشࠌፖᙁנऱመ࿓Δؘृ܂ႊലࠡ༴૪ऱრቹΔࣔ

ᒔऱإشᒔऱ֗ᔞᅝऱ፿ნิٽඈ٨Δขࠠس᧯ऱ֮ڗփ୲ፖ࿨ዌΖۖ ESL/EFL ृ܂
࿠ޣ༈ࢨขመ࿓խΔൄൄؘႊಾኙጊ༝ၞ۩൶౉سփ୲ऱڗ֮ڇΔߩवᢝऱլߢ፿ڂൄ

ூΔ੷۟ױڇ౨ऱᎁवᙑᎄՀΔՈݦඨ൓ࠩᔞᅝऱ֧ᖄۖᛧإ࠷ᒔऱ፿شࠌߢᇷಛΖڂ

ऱ਷ᇬፖᛀ౉ᖲࠫΔࢤᐘڶޓࠎ༽ՠࠠΔؘႊشࠌᑑऱ፿ற஄ؾ੡ܗ࠰܂ᐊאΔԫଡڼ

܂ᐊ֒༽ृ܂ܗ࠰፿ற஄Δشܓயڶऱᛀ౉࿨࣠Δթ౨ޣᇷಛᏁߢ፿ृ܂౨ಾኙޓ෼ܧ

঴ᔆΖ 

ᇷಛᛀ౉ֱऄΔಾኙߢԫጟ፿נ༽ߒઔء ESL/EFL ߩवᢝլߢመ࿓Ղऱ፿܂ᐊڇृ܂
ଚݺΖܗ࠰ࠏऱᒤࢤಾኙࠎ༽Δၞۖࠏᒤشࠌߢऱ፿شױנބΔൕ፿ற஄խ༈ࡳլᒔࢨ

ऱ፿ߢᇷಛᛀ౉ֱऄܶץԿଡᑓิΔรԫଡᑓิਢԫଡڍցऱ।ሒցైᑓীΔ౨ಾኙᐊ

ޓאृ܂ࠎ༽፿Ε؁ী࿨ዌ࿛ΔׂشΕൄڗΕჸ಻ڗਔ໢ץΔޣᇷಛᏁߢመ࿓խऱ፿܂

ऱᛀ౉ᖲࠫΔࠠໂ壄ࢤΖรԲଡᑓิਢԫଡᐘޣᇷಛᏁࠡق।ࠐڤᑌऱຝٝᇷಛऱֱڍ

ᒔֺኙፖຝ։ֺኙࠟጟפ౨Δ౨ࠉᅃृ܂ऱᇷಛ༳༽࿓৫ۖᓳᖞΔൕ፿ற஄խֺኙ༈ބ

ฤृ܂ٽ፿რ।ሒᏁޣऱᒤࠏΖรԿଡᑓิਢԫଡေ۷ඈݧऱᖲࠫΔಾኙנބऱᒤࠏΔ

ေ۷ࠡฤृ܂ٽ፿რ।ሒᏁޣऱ࿓৫Δࠀലհඈܧݧ෼Δא༼֒ᒤࠏ೶ᅃऱشࠌய෷Ζ

 ՠࠠ - SAWشࠌऱऱ፿ற஄ؾ੡ܗ࠰܂ᐊאՂ૪ֱऄ੡ഗ៕Δ࿇୶Աԫଡאଚݺ
(Sentence Assistance for Writing)ߓอΔאࠀড়ᨠऱਐᑑၦྒྷ׌ࡉᨠऱം࠴ᓳ਷ࠟጟေ۷
ေၦࠐڤֱ SAWߓอऱګயΖຍࠟጟေ۷ֱڤຟ᧭ᢞ SAWߓอ౨ಾኙ ESL/EFLृ܂
ሒࠩᘬᇬਐ֧ऱய࣠Δᢞۖߩ࿓৫ऱየࡳΔ࿯ղԫޣᇷಛᏁشࠌߢመ࿓խऱ፿܂ᐊࠡڇ

 ᑑΖؾࡳऱਝܗ࠰܂ᐊګᇷಛᛀ౉ֱऄᒔኔ౨ሒߢऱ፿ߒઔءࣔ

6



ԲΕ૎፿ᐊ֗܂፿ߢᇷᄭՠࠠ 

૎፿ᖂ฾ፖشࠌऱψᦫΕᎅΕᦰΕᐊω؄ଡ૿ٻխΔψᐊω࢓࢓ਢለ੡ܺᣄऱຝ։Δೈ

ԱᏁ૞ለ੡ᐖऑΕ෡ԵΕ֗壄ᄷऱ፿ߢवᢝشࠌհ؆ΔՈൄᄎئࠩ࠹፿ᎁव፿฾ክऱ෰

ࠫᐙ᥼Δۖྤऄإشࠌᒔऱ૎፿ဲნ֗࿨ዌΖڕࠏኙ࣍ψ໌܂ଃᑗωऱ।ሒֱڤΔئ፿

੡խ֮ऱᖂאڍس makeΕcreateΕproduce ࡉ music ჸ಻Δྥۖإᒔऱ૎፿ဲნᚨᇠਢ
compose musicΖઔߒਐנ ESL/EFLࢬृ܂Ꮑऱছ༼वᢝڶԿଡΔ։ܑ੡૎፿໢ڗΕ૎
፿ჸ಻ࡉ૎፿֮ऄ؁ী[8]Ζ૎፿໢ڗਐृ܂ኙ࣍૎፿ڗნऱᎁव౨ԺΙ૎፿ჸ಻ਐ܂
ृኙ࣍௽ဲࡳნჸ಻Ղऱᎁव౨ԺΙ૎፿֮ऄ؁ীਐृ܂ኙ࣍૎፿֮ऄ؁ীګิߪء࿨

ዌऱᎁव౨ԺΖ 

ઌᣂઔٍߒਐ[10][9]נΔڇ૎፿ऱشࠌՂΔဲ፿ჸ಻(collocation)ਢ ESL/EFL ለ੡ृ܂
ᜳஇऱԫᛩΔᏁ૞ለڍऱ፿ߢᇷಛܗ࠰Ζဲ፿ჸ಻ਢਐנٵ٥෼ऱൣݮ೏࣍ԫ౳ᖲ෷ऱ

௽ဲࡳნิٽΖڕࠏΔڇ૎፿ऱشࠌ฾ክխΔ໢ڗ problem ࡉൄ causeΕcreateΕsolve
ԫٵჸ಻Δۖለ֟ش makeΔ଺ڂ੡ဲ፿ჸ಻੡ԫጟ௽ࡳऱ࿨ڤֱٽΔ२࣍ۿ፿شࠌߢ
Ղऱપࡳፖ฾ክΖIlson ࿛ᖂृലᓤᠧऱ૎፿ဲ፿ჸ಻։੡֮ऄჸ಻ (grammatical 
collocation)ፖဲნჸ಻(lexical collocation)ࠟᣊ[11]Ζ֮ऄჸ಻ਢਐܶץԫଡ׌૞໢ڗ
(dominant word)֗ԫଡտএဲΕগဲࢨຑ൷ဲऱׂ፿ΔڕࠏΔ determined byΖۖဲნჸ
಻ਢਐဲټΕ೯ဲΕݮ୲ဲΕ೫ဲ࿛௽ဲڗࡳհၴऱክٽิشΔڕࠏΔcompose musicΖ
ဲნჸ಻׌ڶ޲૞໢ڗΔՈਢ ESL/EFLृ܂ტࠩለ੡ܺᣄ֗୲࣐࿇سᙑᎄऱຝ։Ζ 

፿ற஄شࠌՠࠠऑਐ࿨ٽ፿ற஄ᇷᄭኙ࣍፿شࠌߢՂ༼ࠎᇷಛऱՠࠠΖ፿ற஄ᇷᄭΔਢ

ᖂ฾፿ߢՂ່ګڶயऱ೶ەᇷᄭΔ፿ற஄شࠌՠࠠ౨ಾኙਐࡳऱဲ፿Δ༼ࠎ๺ڍऱشࠌ

ߓΔᇠ[12]ࠏWord Sketch੡אயΖګऱ೶ᅃፖᖂ฾ࠋለڶृشࠌΔᨃࠏፖൣቼᒤڤֱ
อ៶ط፿ற஄ऱشࠌΔ༼ࠎ૎፿ဲ፿ݮൣشࠌ༴ᢄ(lexical profiling)ፖჸ಻ဲ(collocation)
᧩ထࢤऱᇷಛΖ׼ԫଡ፿ற஄شࠌՠࠠऱᒤࠏ੡ભഏ Brigham Young Universityઔ࿇ऱ
VIEW[13]ߓอΔױृشࠌᙁԵݙᖞऱࢨຝ։ऱࢤဲ֗ဲڗᑑ᧘(POS)࿛Δ਷ᇬऱ࿨࣠ঞ
א concordanceऱֱܧڤ෼Ζቹԫ᧩אق determined byऱဲ፿਷ᇬऱ࿨࣠Ζ 

ቹԫΚVIEW concordancerऱ፿ߢᇷಛ༼ࠎᒤࠏ 
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࣍ᇷᄭՠࠠኙߢवΔ፿ױߒઌᣂઔط ESL/EFL ਢઌᅝૹ૞ऱΔྥۖլܗ࠰܂ऱᐊृ܂
ᓵਢࠢڗ/᢯ࠢࢨਢؾছऱ፿ற஄شࠌՠࠠኙ࣍ᐊ܂ᏁޣՂऱየߩսྥਢઌᅝૻڶऱΖ
լٵऱ ESL/EFL ऱ।ሒრٵઌ࣍ኙ࢓࢓Δٵᎁवऱլ֗ٵवᢝ࿓৫ऱլߢ፿ࠡڂृ܂
ቹᄎشࠌլٵऱ਷ᇬය Δٙۖ ࣍ኙᚨڤऱ।ሒֱࢤജᐘߩ׎ᇷᄭՠࠠսྥ౒ߢছऱ፿ؾ

ጟٺ ESL/EFLױृ܂౨Ꮑ૞ऱ਷ᇬයٙΖᜰߢۖࠏΔᅝ ESL/EFLृ܂უ૞ᘬᇬڶᣂ by 
and largeऱڤֱشࠌΔڶऱृ܂౨إᒔऱݙאᖞऱׂ፿ิٽ਷ᇬΖ܀ਢڍޓऱृ܂থኙ
شࠌᎄᇞΔۖቫᇢࢬڶΔ੷۟ࡳլᒔࢨߩ፿ऱᎁवլׂڼ largeࢨ by large࿛਷ᇬයٙΖ
ຍࠄլإᒔऱࢨਢᑓᒫऱ਷ᇬය Δٙؾڇছऱ፿ߢᇷᄭՠࠠխྤࠀऄ൓ࠩऴ൷ऱ֗ڶய

ऱܗ࠰ΖຍՈإਢ ESL/EFL ᐊ܂Ꮑޣፖؾছऱ፿ߢᇷᄭՠࠠհၴؿએፖٶᇫհ๠Δኙ
૎፿ऱ፿ߢवᢝყլߩऱ ESL/EFL ᇷᄭߢ፿شࠌΔۖܗ࠰ᇷᄭՠࠠऱߢყᏁ૞፿ृ܂
ՠࠠऱګயথא፿ߢवᢝ༳༽ऱ࿓৫੡॰ាΔທګխ࿛࿓৫אՀऱ ESL/EFL ྤࠀृ܂
ऄڇᐊ܂ऱመ࿓խΔ࿳ش፿ߢᇷᄭՠࠠא༼֒ᐊ܂঴ᔆΔ੷۟ګݮԱᖂ฾ၞޡՂऱ෿᙭Ζ 

ԿΕ؁՗ᛀ౉ፖං៺ 

੡Աᇞެڇ፿ߢवᢝլߩऱൣݮՀشࠌ෼ڶ፿ߢᇷᄭՠࠠऱګயլኦऱംᠲΔݺଚ༼נ

Աԫଡ፿ߢᇷಛᛀ౉ֱऄΔ౨൷౏լإᒔऱࢨਢᑓᒫऱ਷ᇬයٙΔጐױ౨ऱאױנބ೶

ᅃऱشࠌᒤࠏΔᨃृشࠌ൶౉ࢨᒔᎁࠡటإᏁ૞ऱ।ሒֱڤΖٵழΔڇᛀ౉࿨࣠ऱ༼ࠎ

ՂΔݺଚՈኙᙇࠐנ࠷ऱشࠌᒤࠏΔၞ۩ፖृشࠌ፿ߢᇷಛᏁޣऱઌᣂࢤေ۷Δ٦௅ᖕ

ࠡଡܑઌᣂ࿓৫৬مඈݧΔאං៺ऱᘬᇬ೶ᅃ٣৵ݧڻΔቫᇢᨃृشࠌ౨ڶ່אய෷ऱ

ߢ࿓৫ऱ፿ٵऱ਷ᇬයٙ।ሒࠡլࢤᐘאृشࠌऄᨃֱڼΖڤऱ।ሒֱٽᒔᎁࠡᔞڤֱ

ᎁवΔჼ༈ᛀ౉ऱኙွਢ፿ற஄Δ਷ᇬ࿨࣠ਢא፿ற஄խऱଡܑ؁՗੡໢ցඈܧݧ෼Δ

 Ζڤऱ।ሒֱࡳ؁խᨠኘΕᖂ฾֗ᒔᎁ௽ࠏᖞऱݙԫଡڇृشࠌࠎ༽

Δ؁՗ᛀ౉ፖං៺ᖲࠫޣᇷಛᏁߢऱ፿ृشࠌࡳՀΚ࿯ڕᆠࡳᇷಛᛀ౉ֱऄߢଚല፿ݺ

ऱؾऱਢڃႚԫଡᆖመඈݧऱڍଡګิࢬ؁ࠏऱ؁ࠏႃٽΖֱڼऄױ։੡ԿଡᑓิΚ।

ሒցైᑓิΕᛀ౉ᑓิΕ֗ඈݧᑓิΖ।ሒցైᑓิਢᨃृشࠌ౨ലࠡ፿ߢᇷಛᏁ֗ޣ

ჸ಻Δٽऱิࢤᐘط៶ࠀଡ।ሒցై(expression elements)Δڍګຝ։ᎁवΔ᠏ངࢨᖞݙ
ઌኙᚨऱ਷ᇬයګխ᠏ངٽፖᎁवऱኙᚨΖᛀ౉ᑓิൕ।ሒցైऱิޣᐈᐖऱᏁࠎ༽

ٙΔൕ፿ற஄խֺኙᙇױ࠷౨ฤृشࠌٽ፿ߢᇷಛᏁޣऱ؁ࠏΖۖඈݧᑓิঞಾኙᛀ౉

ᑓิࢬᙇ࠷ऱ؁ࠏΔေ۷ࠡଡܑฤृشࠌٽ፿ߢᇷಛᏁޣऱ࿓৫ࠀ৬مඈݧΔڃ٦ႚڼ

ඈݧመऱ؁ࠏႃٽ࿯ृشࠌΖ 

(ԫ) ।ሒցైᑓิ 

।ሒցైᑓิؘႊᐘࢤऱւ๺լٵ፿ߢ࿓৫ऱृشࠌ।ݙࠡقᖞࢨຝ։ᎁवΔݺଚऱֱ

ऄؾছො።Հ٨।ሒցై(expression elements)Κ 

1. ᄷᒔဲڗ(exact words)Κᄷᒔဲڗᨃࠎ༽ृشࠌ਋ྤڗᎄऱ૎֮໢ࢨڗ໢ڗऱิٽ।
ሒࠡ፿ߢᇷಛᏁޣऱᎁवΖʳ

2. ໢ڗऱၲᙰ/࿨ݠ(prefix/suffix)Κ໢ڗऱၲᙰ/࿨ݠᨃאृشࠌ໢ڗऱຝٝᇷಛࠐ।ሒ
ࠡլݙᖞऱᎁवΖڇ ESL/EFLᐊ܂መ࿓խΔڂൄृشࠌ໢ڗऱݙᖞ਋ֱڗऄᙊۖݱ
ྤऄڶய෷ऱၞ۩ᘬᇬΖݺଚא"%"ฤᇆזࠐ।໢ၲڗᙰࢨ࿨ݠऱ।ሒֱڤΖ 

3. ԫଡ໢ڗऱᆄڗش(wildcard)Κԫଡ໢ڗऱᆄڗشᨃृشࠌ।قլᒔࢨࡳլ௽ࡳऱԫ
ଡ໢ڗΔᅝګ඿ᘬᇬऱ।ሒֱڤऱԫຝ։Ζݺଚא"#"ฤᇆזࠐ।ԫଡ໢ڗऱᆄڗش
ցऱ।ሒֱڤΖ 
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4. ૎፿ဲࢤ(POS)Κᅝ፿ற஄ܶڶ૎፿ဲࢤᑑ᧘ழΔאױृشࠌሎش૎፿ऱဲࢤᑑ᧘ᅝ
ᑑ᧘Օી։੡քᣊΔࢤല፿ற஄ऱဲߒઔءΔڍᑑ᧘ጟᣊ᜗ࢤᘬᇬයٙΖ૎፿ऱဲګ

։ܑ੡տএဲ(PREP)Εݮ୲ဲ(ADJ)Εဲټ(N)Ε೫ဲ(ADV)Ε೯ဲ(V)ࢤဲהࠡ֗א
(Other)Ζ 

5. լૻࡳ૎፿՗؁(subsequence)Κլૻࡳ૎፿՗ז؁।ሿଡ۟ڍଡլૻࡳऱ૎֮໢ڗ
ڕΔݮ՗؁ऱൣࡳլૻٽ፿࿨ዌ࿨ׂࡳ௽ڶၦ੡૎፿؁ীխൄە٨Δࠡݧ either Ξ 
orࢨ rather Ξ thanΖݺଚזࠐ"*"א।լૻࡳ໢٨ݧڗऱ૎፿՗؁Ζ 

Ղ૪ຍࠄ।ሒցైຝ։ਢא regular expressionհᄗ࢚੡ഗ៕Δࠎ༽܀Աڍޓցऱ፿ߢ।
ሒᏁޣհ़ၴΔאױᨃࠉृشࠌᅃࠡ፿ߢᎁवൣݮፖ।ሒᏁޣΔᙇشᔞᅝऱ।ሒցైΔ

૞।ሒխ֮հψᖺಁωհრ৸ΔृشࠌΔڕࠏᒤ໮ऱ਷ᇬයٙΖࡳ।ຝٝᒔᎁۖຝ։๻ז

شאױ୲ဲ੡۶Δ༉ݮψᖺωհق૎፿խ।ࡳլᒔ܀ ADJ teaࠐ।ሒࠡᎁवፖᏁޣΖ׼
؆Δຍࠄ।ሒցైՈאױ๯ᐘࢤऱิٽΔګݮԫଡ।ሒցై٨ݧΔڕࠏΔa pro% P ࢨ
would rather V than VΖຍז।ڇृشࠌለڍऱ፿ߢᎁवՀΔࠎ༽ࢬऱለך։ऱ।ሒრ
ቹΔۖዌޓګൎऱ਷ᇬයٙૻࠫΖ 

(Բ)ᛀ౉ᑓิ 

ᛀ౉ᑓิऱؾऱ੡ൕ፿ற஄խᙇ࠷ฤृشࠌٽ।ሒᏁޣऱ؁ࠏΖءઔٵߒழආݙشᖞֺ

ኙࡉຝ։ֺኙऱᙇ࠷ऄঞΔݙᖞֺኙਢ૞ޣ፿ற஄ऱ؁ࠏᙇࡳૻृشࠌࡉ࠷ऱ਷ᇬයٙ

ؘᏁݙᖞऱٽܭΖຝ։ֺኙঞ୲๺ற஄ऱ؁ࠏᙇࡳૻृشࠌࡉ࠷ऱ਷ᇬයٙڶຝ։ऱ஁

ฆΖݺଚቃཚ ESL/EFL شࠌᅃࠉ׽Δૉݮᒔऱൣإլࢨᖞݙ፿რᎁवլڶᆖൄᄎृ܂
ृऱૻࡳයٙၞ۩ݙᖞֺኙΔലᖄી࣍ᘬᇬګயृشࠌ࣍ެ࠷ᎁव࿓৫ऱؿએΖຝ։ֺ

ኙऱᙇࠎ༽ڤֱ࠷ԱለՕऱᐘၴ़ࢤΔ୲๺ڇृشࠌլݙᖞࢨլإᒔऱᎁवՀΔՈ౨ᛧ

൓شڶऱ೶ᅃᇷಛΖ 

ᜰߢۖࠏΔԫଡ࿓৫լ೏ऱ ESL/EFLृ܂ኙ࣍ not only Ξ but alsoऱׂ፿࿨ዌױ౨׽
પฃڶ only֗ alsoऱᎁवΖנ༽אױृشࠌ only alsoऱᏁޣ।ሒֱڤΔᆖطຝ։ֺኙ
ऱᙇ࠷ऄঞΔՈאױᛀ౉شࠌנ not only Ξ but alsoऱ؁ࠏΖۖृشࠌڇऱᎁवਢᙑᎄ
ऱൣݮՀΔຝ։ֺኙՈאױᙇױנ࠷౨ઌᣂऱ؁ࠏΔ༼ܒृشࠌࠎឰࠡᎁवਢإܡᒔऱ

ᖲᄎΖڕࠏΔאृشࠌ an university੡਷ᇬයٙΔࠡխ"an"ਢᙑᎄऱဲشΔإᒔऱဲش
ᚨ੡"a"ΔૉݙאᖞֺኙऱֱڤΔਢྤऄჼ༈؁ࠏ۶ٚנऱΔۖຝ։ֺኙঞ౨ڶܶנބ
an ၲᙰۖ university ؁ऱᛀ౉࿨࣠ေឰࠡ଺٣ᎁवऱࠏൕאױृشࠌ؁Ζࠏ৵ऱڇ an 
universityΔױ౨ܶဲڶ፿شऄჸ಻ՂऱᙑᎄΔאી࣍ᙇנ࠷ऱ࿨࣠ྤࠀ an universityጹ
യઌຑऱ؁ࠏΔۖၴ൷൓ࠩᘬᇬऱܗ࠰Ζ 

(Կ)ඈݧᑓิ 

ඈݧᑓิऱؾऱ੡ಾኙᙇࠐנ࠷ऱ؁ࠏΔေ۷ࠡฤृشࠌٽऱ፿რ।ሒᏁޣ࿓৫Δࠀല

հඈݧΔृشࠌ֒༽א೶ᅃ؁ࠏऱګயΖءઔߒආڍشૹ٨ݧඈ٨(Multiple Sequence 
Alignment �– MSA)ऱݾ๬[14]Δၞ۩਷ᇬයٙፖᙇ؁ࠏ࠷հၴऱઌᣂ࿓৫ေ۷ፖඈݧΖ
࿯ղڍଡ९৫լٵऱ٨ݧ(sequence) S1ΕS2ΕΞ SnΔnЊ3Δԫଡڍૹ٨ݧඈ٨੡ઌٵ९
৫ऱ٨ݧ A1ΕA2Ε�… AnΔࠡխ A1ኙᚨ S1ΕA2ኙᚨ S2Δڼࠉᣊංࠩ nΖۖ A1ΕA2Ε�… 
An٨ݧխւ๺ցైհၴנ෼ψၴሶωΔא" "।قΖ 

೗๻ࠟڶଡ٨ݧ S1= CCAATAΕS2= CCATΔ٨ݧցై੡Ӣ={A,C,T}Δঞඈ٨ऱ࿨࣠ױ
౨੡ S1 = �– �– �– �– C C A A T AΔS2 = C C A T �– �– �– �– �– �–Δࢨ S1 = C C A A T AΔS2 = C C A �– 

9



T �–Ζࠟጟ࿨࣠݁੡ S1ΕS2ऱMSAΔࠟጟඈڤ٨ֱհၴऱᚌࡵٽࢨ٭࿓৫Δױᆖطૠጩ
ԫଡᆜངఢೄאଚݺေ۷Ζຏൄࠐࡉᆜցైऱֺኙ։ᑇ᜔ۯԫઌኙٵ࣍ۯڶࢬ

(substitution matrix)זࠐ।Ղ૪ڶࢬցైၴऱֺኙ։ᑇΖۖࠟଡ٨ݧհၴऱ່ᚌඈ٨࿨
࣠(optimal MSA)Δאױຘመ Needleman-Wunsch algorithm[14]ޣ൓Ζྥۖඈݧᑓิऱՠ
شଚආݺၦՀΔەሎጩழၴऱڇඈ٨ፖေ۷Δ۩؁ၞࠏ࠷ՂऱᙇאᏁ૞ኙࠟଡ܂ the 
center star algorithmΔאԫଡ೶٨ݧەᅝഗᄷֺאشኙࠡהऱ٨ݧΔ༈ޣለࠋᇞۖլਢ
९৫݁੡࣍ᇞΖኙࠋ່ kऱ nଡ٨ݧΔthe center star algorithmऱய౨੡ O(k2n2)[15]Ζء
ઔאߒᖂ฾ृᙁԵऱ query੡೶٨ݧەΔױઊฃ༈ބխ֨٨ݧऱޡᨏΖ 

ലߒઔء MSA ऱ೶ᑇఢೄࠉᅃ।ሒցైऱᑓิ։੡ 11 ଡֺኙ໢ۯΔ։ܑ੡૎፿ဲࢤ
ᑑ᧘ 6 ଡΚPΕJΕNΕDΕVΕO(տএဲΕݮ୲ဲΕဲټΕ೫ဲΕ೯ဲΕࠡࢤဲה)Ιא
֗ᄷᒔဲڗ(exact)Ε໢ၲڗᙰ/࿨ݠ(prefix/suffix)Εᆄش໢ڗ(wildcard)אشࡉኙᚨ࣍լૻ
Ε(50)ڻࠡݠᙰׂၲڗ೏(100)Ε໢່ဲڗᄷᒔאඍ࠷ऱၴሶ(gap)Ζֺኙ೶ᑇՂऱۭڗࡳ
ז = אၦ੡਷ᇬයٙऱ壄ᄷ࿓৫೴։ΖૉەΔࠡ(5)܅່ڗ໢شհ(25)Εᆄڻᑑ᧘ࢤဲ
।ᄷᒔڗ Δဲ% ז।໢ၲڗᙰ/࿨ݠΔ# ז।ᆄش໢ڗΔ�– ז।լૻۭڗࡳऱၴሶΔX ז
।ྤᣂհ໢ڗΖᅝᖂ฾ृᙁԵऱ query੡ S0Κa pro% PΔS0ऱMSAז।ցై੡"= % P"Δ
ᙇ࠷ऱ؁ࠏ੡ S1ΕS2ΕS3Κʳ

S1. This(X) posed(X) a(=) particular(X) problem(%) for(P) an(X) agent(X).   
S2. Listening(X) to(X) all(X) these(X) personal(X) accounts(X) has(X) had(X) a(=) 

profound(%) effect(X) on(P) us(X). 
S3. Increasingly(X) acid(X) rain(X) is(X) a(=) problem(%) in(P) Europe(X) too(X). 

ࠡխ S1ΕS2ΕS3 ษ᧯ऱ໢ݧࠉڗ੡ᙇ࠷ऱ"a"(exact)Ε"pro%"(prefix)ࡉ"P"(տএဲ)Δਔ
փऱฤᇆ੡࢑ S1ΕS2ΕS3ऱMSAז।ցైΖזא।ᖂ฾ृऱ፿რ।ሒᏁޣհ਷ᇬයٙ
(S0)੡խ֨រΔࠉᖕ the center star algorithmඈݧΔױ൓࿛९ऱ٨ݧ A0ΕA1ΕA2ΕA3Δ

אࠀ sum-of-pair scoreࠐૠጩඈݧ৵ऱ։ᑇΔ೗๻ A1ઌኙ࣍ A0ऱ։ᑇ੡ C1ΕA2ઌኙ࣍

A0ऱ։ᑇ੡ C2ΕA3ઌኙ࣍ A0ऱ։ᑇ੡ C3Δࠡ խ S(x,y) ז। xցైֺኙ yցైऱ։ᑇΔ
Հऱ࿨࣠Κʳא൓ױଚݺ

A0 �– �– �– �– �– �– �– �– = % P �– �– �– 
A1 �– �– �– �– �– �– X X = X % P X X 
A2 X X X X X X X X = % X P X �– 
A3 �– �– �– �– X X X X = % P X X �– 

C1=S(�–,�–) + �… + S(=,=) + S(%,X) + S(P, %) + S(�–,P) + ... + S(�–,X) = 93 
C2=S(�–,X) + �… + S(=,=) + S(%,%) + S(P, X) + S(�–,P) + ... + S(�–,�–) =139 
C3=S(�–,�–) + �… + S(=,=) + S(%,%) + S(P, P) + S(�–,X) + ... + S(�–,�–) = 169 

௅ᖕ sum-of-pair scoreऱ։ᑇΔSAWߓอᄎං៺࿯ᖂ฾ृऱݧࠉ؁ࠏ੡ S3ΕS2ΕS1Κ 
S3. Increasingly acid rain is a problem in Europe too. 
S2. Listening to all these personal accounts has had a profound effect on us. 
S1. This posed a particular problem for an agent. 

 (؄)ኔߓ܂อፖ๠෻ੌ࿓ᒤࠏ 

ԫଡጠ੡ګݙᇷಛᛀ౉ֱऄኔᎾၲ࿇ߢՂ૪ऱ፿אଚݺ SAW(Sentence Assistance for 
Writing)ऱᠩীߓอΔࠡ।ሒցైᑓิऱຝ։ܶץԱքጟᎁव।قऱഗڤֱءΙᛀ౉ᑓ
ิঞױ։ܑၞ۩ݙᖞֺኙፖຝ։ֺኙΔאᙇ࠷ฤٽ਷ᇬයٙऱ؁ࠏΙ່৵Δඈݧᑓิঞ
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ආشMSAዝጩऄၞ۩ᛀ౉ࠐנऱ؁ࠏፖ਷ᇬයٙհၴऱඈࠀڤ٨ֱေ۷ࠡઌᣂ࿓৫Δ
 ΖقࢬቹԲڕอऱᖞ᧯ਮዌߓΖSAWृشࠌ෼࿯ܧං៺ݧࠉࢤᅃઌᣂࠉ٦

 

 

 

 

 

 

 

ቹԲΚSAWᠩীߓอਮዌቹ 

೗๻ृشࠌუ૞ჼ༈ not only Ξ but alsoऱ؁ࠏΔۖࠡᎁवऱ।ڤֱق੡ not only but 
alsoΔ؄ଡጹയઌຑऱ૎፿໢ڗΔۖ፿ற஄խڶԿଡઌᣂ؁ࠏΔ։ܑ੡ S1ΚWe must also 
make sure that future generations not only read, but also have a real enthusiasm for visiting 
bookshops and libraries.ʳ S2ΚThis was not only humiliating but also very awkward for 
Baldwin.ʳ S3ΚThis is not only easier, but also more fun.ʳ ଈ٣Δط៶ृشࠌᄷᒔဲڗ।ሒ
ྤࠀ፿ற஄խڂᖞֺኙݙΙᛀ౉ᑓิխऱڤֱقᎁवऱ।ࢬࠡ not onlyࡉ but alsoጹയ
ઌຑऱ؁ࠏΔਚྤऄჼ༈؁ࠏ۶ٚנΙۖຝ։ֺኙڂ୲๺լٵ໢ၴڶאױၴڗሶΔۖױ

ᙇנ࠷ S1ΕS2ΕS3؁ࠏΖۖඈݧᑓิ٦௅ᖕᖞ᧯؁ࠏऱ࿨ዌΔ؁אڕࠏ՗ऱ९࿍੡ەၦ

Δലైڂ S1ΕS2ΕS3ऱ؁ࠏඈݧ੡ S3ΕS2ΕS1ऱႉृشࠌࠎאݧ೶ᅃΖ 

ቹԿΚSAWߓอ։ܑא deter% by (ؐ)֗ native P(׳)ऱ਷ᇬ࿨࣠ 

່৵Δݺଚ୶ق SAWߓอऱտ૿֗ሎ܂࿨࣠Δ਷ᇬऱයٙ։ܑ੡ deter% byΕnative PΕ
responsible #Εeither * orΔٍאܛ prefixΕPOSΕwildcardΕsubsequence࿛।ሒցైิࢬ
Ζࠡխءऱ਷ᇬයٙᅝྒྷᇢᑌګ deter% byΕnative PΕresponsible #ലආݙ࠷ᖞֺኙऱᖲ
ࠫΔeither * orঞආ࠷ຝ։ֺኙऱᖲࠫΔࠡ࿨࣠྽૿։ܑطቹԿፖቹܧ؄෼Ζױृشࠌ
ᖞऱݙຝ։ֺኙΖᛀ౉࿨࣠ਢ壄១ۖࢨᖞֺኙݙᙇᖗאױ፿ற஄ၞ۩ᛀ౉Δࡳᙇᖗ௽א

ֹ᏾Кჹ!MSA

٬Ҕޣᇡ߄ޕҢ!

௨ׇኳಔ! ᔠ઩ኳಔ!

೽ϩКჹ
่݀௢ᙚᆶୖྣ!

!ϡનኳಔၲ߄

prefixsuffix 

POS wildcard 

exact subsequence
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ऱ׌ՂՀ֮੡אقࢬቹԫڕ؁Δۖॺࠏ concordanceΔߓอ༼ޢࠎ଄ 10ଡ؁ࠏΔृشࠌ
 %ΔdeterڕࠏԱᛀ౉࿨࣠ऱอૠᇷಛΖࠎ༽อՈߓΔSAW؆׼؁ΖࠏᏁ૞ᛀီՀ଄ऱီױ
byऱᛀ౉࿨࣠؁ࠏխΔشࠌ determined byऱᑇၦڶ 676ଡΔشࠌ deterred byऱᑇၦڶ
27ଡΔشࠌ determination byऱᑇၦڶ 12ଡΔشࠌ deterrence byऱᑇၦڶ 2ଡΔشࠌ
determine byऱᑇၦڶ 2ଡΔشࠌ determining byऱᑇၦڶ 1ଡΔ࿛࿛ΖຍࠄอૠᇷಛՈ
ല༼ࠎ࿯ၞޓृشࠌԫܒޡឰࢨ൶౉ऱਐ֧Ζ 

!

ቹ؄ΚSAWߓอ։ܑא responsible # (ؐ)֗ either * or (׳)ऱ਷ᇬ࿨࣠ 

؄Εኔ᧭ေ۷ 

࠷ኔ᧭ආء BNC(British National Corpus)፿ற஄Δᇠ፿ற஄گᙕऱ֮ີᣊܑץਔ۞ྥઝ
ᖂΕषᄎઝᖂΕᚨشઝᖂΕୃᖂΕᢌ๬Εઝ֤Ε८ᘜΕٖၵΕ׈੺԰ՕᣊΔזڣᒤ໮੡

1974-1994Δڶ٥પ 350 ᆄଡ؁ࠏΖ፿ற஄խڶփࡳऱ POS าؾ։ᣊΔ٥ૠ 62 ଡΖء
ኔ᧭ല BNCऱ 62ଡาؾ POS։ᣊኙᚨ੡ 6ଡ POSऱՕᣊΖ 

ʻԫʼေ۷ֱऄʳ

੡Աড়ᨠေ۷ SAWߓอኙ࣍ ESL/EFLृ܂ऱ೶ᅃګயΔݺଚၞ۩Աࠟጟေ۷ֱऄΔ։
ܑ੡ᑓᚵྒྷᇢ(ኔ᧭ড়ᨠေ۷)ࡉം࠴ᓳ਷(׌ृشࠌᨠေ۷)Ζڇᑓᚵྒྷᇢֱ૿Δݺଚൕ
૎፿౨Ժྒྷ᧭ऱᇢᠲխΔᙇ࠷ૹ૞ऱ૎፿।ሒֱڤ(ڕ໢ڗΕׂ፿Ε؁ী࿨ዌ࿛)Δᑓᚵ
ESL/EFL Δྒྷᇢڤऱ਷ᇬֱٵᑇጟլࠎ༽ृ᧭ኔط౨ᔡሖऱܺᣄΔ٦ױՂ܂ᐊ࣍ृ܂
SAWߓอऱᛀ౉࿨࣠Δࠀᨠኘေ۷ࠡய౨ΖᇢᠲࠐᄭץਔՕᖂᜤࡉࢵՕᖂᖂྒྷऱەᠲΔ
٥ૠ 16ཚΔ֗ TOFELऱەᠲΔ٥ૠ 11ཚΖ᜔ ٥ᙇ࠷ 45ଡ໢ׂڗ፿Ε12ଡ؁ী࿨ዌ (ܶ
ڶ subsequence।ሒցైऱ؁ী)ᅝᇢᠲᑌءΖءኔ᧭ൕԲଡߡ৫։࣫ګயΔรԫଡߡ৫
੡໢ׂڗ፿ऱေ۷Κಾኙ 18ଡ໢ׂڗ፿Δא SAWߓอլٵऱ।ሒցై(exactΕprefixΕ
POSΕwildcard)Δᑓᚵլٵᎁव࿓৫ऱृشࠌΔאေ۷ኙᛀ౉࿨࣠ࢬ౨൓ࠩऱ೶ᅃᘬᇬ
ᎁवᙑᎄऱေ۷Κಾኙࡉ৫੡؁ী࿨ዌߡயΖรԲଡګ 12 ଡ؁ী࿨ዌΔᑓᚵڇृشࠌ
ᎁवڶຝ։ᙑᎄऱൣउՀΔSAWߓอ౨࿯ղृشࠌ೶ᅃᘬᇬՂऱګயΖʳ

ം࠴ᓳ਷ऱ׌૞ؾऱ੡ृشࠌאऱᨠរေ۷ SAWߓอࠎ༽ࢬऱ೶ᅃᘬᇬګயΖݺଚᙇ
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ਔ໢ᙇᠲץຝ։૎፿౨Ժྒྷ᧭ᇢᠲΔ࠷ 16ᠲ֗៬᤟ᠲ 3ᠲΔृྒྷ࠹طᑓᚵ૎፿౨Ժྒྷ
᧭Δא٦։ิྒྷ᧭ऱ࿨࣠Δֺለشࠌ࣍ृྒྷ࠹ SAW شࠌآࡉܗ࠰อߓ SAW ܗ࠰อߓ
հၴྒྷ᧭ګᜎՂऱ஁ฆΖ׼ԫຝٝऱֺለ੡ٵԫิऱृྒྷ࠹Δشࠌآڇ SAWߓอছࡉ
شࠌ SAWߓอ৵ऱྒྷ᧭ګᜎ஁ฆΖ 

੡ড়ᨠ׊ࠀᒔኔऱေ۷ SAWߓอऱګயΔءઔߒ೶ەං៺ߓอऱေ۷ֱ[16]ڤΔᚵࡳ 5
ႈᨠኘਐᑑΔᇡ૪ڕՀΚ  

1. ᇢᠲྒྷ᧭։ᑇΚءઔط៶ߒᇢᠲᑓᚵᖂ฾ृ࣍ᐊ܂ՂऱܺᣄΔۖᇢᠲࠠໂԱᙑᎄᙇ
ႈ֗إᒔऱ࿠ூΔڼڂΔط៶ױᖂ฾ृऱྒྷ᧭։ᑇࠐေ۷ߓอऱ೶ᅃᘬᇬګயΖ 

2. ං៺৫Κኙߓ࣍อ༼ࠎऱ፿شࠌߢᇷಛΔං៺৫ਢࢬृشࠌᎁ੡టإኔشऱ࿓৫Ζ
࠷ං៺৫ආ࣍ኙߒઔء 4ጟ೏܅࿓৫ऱၦ৫Δܛ೏ං៺৫Εխං៺৫Ε܅ං៺৫Ε
ྤං៺৫Ζං៺৫ਢ׌ृشࠌطᨠေ۷ऱΔءઔߒኙ࣍ං៺৫ऱᘝၦലृشࠌאऱ

 ൓Ζ࠷ڤᚨֱڃ

3. የრ৫Κኙߓ࣍อ༼ࠎऱ፿شࠌߢᇷಛΔየრ৫ਢृشࠌኙࠡᖞ᧯የრऱ࿓৫Ζء
ઔߒኙ࣍የრ৫ආ࠷ 5ଡ೏܅࿓৫ऱၦ৫ΔܛॺൄየრΕየრΕཏຏΕլየრΕॺ
ൄլየრΖየრ৫ٍਢ׌ृشࠌطᨠေ۷ऱΔءઔߒኙ࣍የრ৫ऱᘝၦലृشࠌא

ऱڃᚨֱ࠷ڤ൓Ζ 

4. ฤٽ৫Κฤٽ৫ਢࠉᖕࠎ༽ृشࠌऱ਷ᇬයٙΔߓอֺኙᙇנ࠷ऱ࿨࣠ृشࠌࡉቃ
ཚ࿠ூՂऱઌۿ৫Ζءઔߒኙ࣍ฤٽ৫ऱေ۷ֱڤ੡ڇԫࡳᙇ࠷ᑇၦऱ؁ࠏխΔట

ᖂ฾ृቃཚ࿠ூऱֺଖ(number of relevant retrieved / number of retrieved)ΔՈٽฤإ
༉ਢԫ౳ᇷಛᛀ౉խऱᄷᒔ৫(precision)հࡳᆠΖ 

Δኔ᧭ՂءګᏁक़၄ऱࢬ٨ݧڗᑇၦऱ໢ࡳԫݙᔹᦰृشࠌ੡ءګ؁ࠏΚءګ؁ࠏ .5
؁ΔኙࠏԺऱڶऱေ۷੡֘ᚨ១ᑥءګ؁ࠏၦΖءګᑇ੡ڗڗᏁᔹᦰऱ૎፿໢ࢬא

 Ζړ౨ለױ೶ᅃᘬᇬՂऱய࣠࣍

(Բ)ኔ᧭࿨࣠ 

1. ᑓᚵྒྷᇢհ໢ׂڗ፿ေ۷ 

໢ׂڗ፿ऱေ۷׌૞៶طᇢᠲᑓᚵᖂ฾ृ࣍ᐊ܂ՂࢬᏁऱܗ࠰Δࠀ೗๻լٵฤٽ৫ऱ਷

ᇬයٙΔေ۷ኙᎁव࿓৫լٵऱᖂ฾ृࢬ౨༼ࠎऱګܗ࠰யΖኔ᧭א 10 ଡࠟطଡ૎፿
໢ګิڗऱׂ፿֗ 8ଡڍطଡ૎፿໢ګิڗऱׂ፿ᅝྒྷᇢᑌءΔࠀආش exactΕprefixΕ
POSΕwildcard࿛।ሒցైګݮլٵऱ਷ᇬයٙΔᑓᚵᖂ฾ृױ౨ऱլٵᎁव֗ࢬ൓ࠩ
ऱլٵ೶ᅃ࿨࣠Δא٦࿨࣠ऱฤٽ৫ၞ۩ေၦΖ 

شኔ᧭ආء 4Օᣊীऱ਷ᇬֱڤΚ(1)exactΚݙᖞ༼ࠟࠎଡ૎፿໢ڗΔڕ specialize inΖ
(2)prefixΚലࠟଡ૎፿໢ࠡڗխԫଡऱรԫଡ૎፿ئڗᅝګ prefix ऱ֧ᖄ଺ঞΔאڕ
specialize in ੡ࠏΔല։੡ s% inࡉ specialize i% ࠟጟױ౨ऱ਷ᇬයٙΔࠟڼ࠷٦ጟ਷
ᇬයٙࢬ൓ᛀ౉࿨࣠ऱؓ݁ฤٽ৫Ζ(3)POSΚലࠟଡ૎፿໢ࠡڗխԫଡא POS ।ሒց
ై਷ᇬΔאڕ specialize in ੡ࠏΔല։੡ V inࡉ specialize Pࠟጟױ౨ऱ਷ᇬයٙΔٵ
ᑌऱΔࠟ࠷ጟլٵ਷ᇬයٙࢬ൓ᛀ౉࿨࣠ऱؓ݁ฤٽ৫Ζ(4)wildcardΚലࠟଡ૎፿໢ڗ
ࠡխԫଡא wildcard।ሒցై਷ᇬΔאڕ specialize inΔല։੡ # inࡉ specialize # ऱࠟ
ጟױ౨ऱ਷ᇬයٙΔࠟ࠷٦ጟլٵ਷ᇬයٙࢬ൓ᛀ౉࿨࣠ऱؓ݁ฤٽ৫Ζ 

ኔ᧭๻ࡳ SAWߓอࠎ༽ڻޢ 10ଡ؁ࠏΔٍܛႊං៺נছ 10ଡृشࠌࠎ؁ࠏ೶ᅃΖቹ
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ն᧩ق 10 ଡࠟطଡ૎፿໢ګิڗऱׂ፿ऱᇷಛᏁޣΔኙ࣍ SAW ऱ೶ᅃᇷࠎ༽ࢬอߓ
ಛհฤٽ৫ေ۷ΖԫڕቃཚऱΔexact਷ᇬයٙऱ࿨࣠ฤٽ৫່೏Δ੡ 100%Ζ׼؆Δprefix
਷ᇬයٙڼ࣍ 10ଡׂ፿խฤٽ৫೏࣍ POSය Ιٙۖ POS਷ᇬයٙฤٽ৫೏࣍ wildcard
਷ᇬයٙΔࠡխڶԫଡࠏ؆੡ native toׂ፿Ζຍࠄ࿨࣠પฃᎅࣔ prefix।ሒցై੡ૻࠫ
ለൎऱ਷ᇬයٙΔۖ POSڻհΔwildcard່܅Ζ 

ೈԱࠟଡ૎፿໢ګิڗऱׂ፿հ؆ΔءઔྒྷٍߒᇢԱԿଡ؄ࡉଡ૎፿໢ګิڗऱׂ፿Δ

ေ۷Ղ૪լٵ਷ᇬයٙऱᛀ౉࿨࣠հฤٽ৫ΖࡉՂ૪ࠟଡ૎፿໢ׂڗ፿਷ᇬֱڤഄԫլ

ऱڗऱਢΔԿଡ૎፿໢ٵ prefix਷ᇬֱױڤ౨ऱ਷ᇬයٙڶԿଡΔאڕࠏ a proportion of
੡ࠏΔױ౨ڶ a% proportion ofΕa p% ofΕa proportion o% Կጟլٵऱ਷ᇬයٙΔڼழΔ
ኔ᧭ਢڼ࠷Կጟ਷ᇬයٙࢬ൓ᛀ౉࿨࣠ऱؓ݁ฤٽ৫ΖٵᑌऱΔא a proportion of੡ࠏΔ
POS਷ᇬֱױڤ౨ڶ O proportion ofΕa N ofΕa proportion PԿጟլٵऱ਷ᇬයٙΙۖ
wildcard਷ᇬֱױڤ౨ڶ # proportion ofΕa # ofΕa proportion # Կጟլٵऱ਷ᇬයٙΔ
ڗ؄ଡ૎፿໢࣍Δᣂ؆׼৫Ζٽ൓ᛀ౉࿨࣠ऱؓ݁ฤࢬԿጟ਷ᇬයٙڼ࠷ழΔኔ᧭ਢڼ

ऱ prefixΕPOSΕwildcard ਷ᇬֱױڤ౨ऱ਷ᇬයٙ؄ڶଡΔڼழΔኔ᧭ਢ؄ڼ࠷ጟ਷
ᇬයٙࢬ൓ᛀ౉࿨࣠ऱؓ݁ฤٽ৫Ζ 
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ቹնΚ໢ׂڗ፿ऱฤٽ৫ေ۷ 

ኔ᧭࿨࣠᧩قΔ਷ᇬයٙխܶץऱڗᑇ။ڍΔSAWߓอ༼ࠎऱ೶ᅃᇷಛऱฤٽ৫။೏Δ
଺ڍ࣍ڇڂଡ૎፿໢ګิڗऱׂ፿Δࠡߪء࿨ዌࢤለൎΔࠡڇխԫଡڗ੡ᑓᒫऱൣउ

ՀΔᖂ฾ृᝫਢ౨൓ࠩለಾኙࠡ।ሒᏁޣऱ೶ᅃܗ࠰Ζۖ࿨ٍ࣠᧩قΔprefix਷ᇬֱڤ
ऱګய೏࣍ POS਷ᇬֱڤΔPOS਷ᇬֱګڤய೏࣍ wildcard਷ᇬֱڤΔ᧩ق prefix।
ሒցై੡ૻࠫයٙለൎऱ਷ᇬයٙΔۖ wildcard।ሒցైऱૻࠫය່ٙ੡ᐈᠾΖ 

2. ؁ী࿨ዌࡉᎁवᙑᎄऱေ۷ 

࠷ኔ᧭ᙇء 12ଡ؁ী࿨ዌΔץਔΚenable * toΙderive * fromΙexpose * toΙnot only * but 
alsoΙwould rather * thanΙdistinguish * fromΙdivide * fromΙexpand * intoΙprovide * withΙ
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the same * asΙeither * orΙso * that Δאေ۷ subsequence।ሒցైऱ਷ᇬֱڤհ೶ᅃګ
யΔࠥࠀრኙ࣍ 12ଡ؁ী࿨ዌխ༼ࠎຝ։ᙑᎄऱ਷ᇬයٙΖᜰߢۖࠏΔኙ࣍ enable Ξ 
toऱׂ፿Δࠥ რא enable * andࡉ enable * butऱຝ։ᙑᎄ਷ᇬයٙᑓᚵᖂ฾ृᎁवՂऱ
ᙑᎄΔ݁ؓאࠀฤٽ৫ࠐ༴૪ߓอऱ೶ᅃګܗ࠰யΖڼ 12 ଡ՗؁խΔ݁ڶԫଡૹ૞ऱ
ᣂ᝶տএဲΔݧࠉ੡ to, from, to, but, than, from, from, with, into, as, or, soΖءኔ᧭ലຝ։
ᙑᎄऱᎁव݁א andࡉ butז࠷ࠐՂ૪ऱᣂ᝶ڗΔഄԫࠏ؆ऱਢ not only * but alsoխऱ
butΔڂ butਢإᒔشऄΔኔ᧭ല butז࠷੡ orᅝຝ։ᙑᎄᎁवऱ਷ᇬයٙΖ 

ኔ᧭࿨࣠ڕቹք᧩قΔ؁ڇী࿨ዌ਷ᇬයٙՀ SAWߓอ݁౨ኙᖂ฾ृ༼ࠎಾኙࢤऱ೶
ᅃܗ࠰(ฤٽ৫ 100%)Ζڇᖂ฾ृຝ։ᙑᎄऱᎁवֱ૿Δ਷ᇬ࿨࣠ᄎ؁ڂী࿨ዌᣂ᝶ڗ
ڕࠏயΔګऱٵլڶऱൎ৫ۖၴڼ࢖ enable * toߪءڂᣂ᝶ڗለൎΔਚࠌܛല toᙁԵ
ګ andࢨ butΔٍ౨៶ߓطอऱຝ։ֺኙ൓ࠩԫࡳऱ೶ᅃܗ࠰Ζઌ֘ऱΔ壆ڕ either * or
ࡉ so * that՗؁խऱᣂ᝶ڼ࢖ڗऱᣂຑൎ৫լൎΔ᜕ࠌᆖመຝ։ֺኙऱᙇڤֱ࠷Δ༼ࠎ
࿯ᖂ฾ृऱ೶ᅃฤٽ৫ٍૻڶΖ܀ਢΔطം࠴ᓳ਷ऱ࿨࣠᧩قΔᖂ฾ृٍ౨܅࣍ฤٽ৫

ऱൣउՀΔᨠኘං៺؁ࠏ࿨࣠ۖေ۷ߪءਢڶܡᙑᎄ(false query)ृࢨլജᣤ᠃(vague 
query)ऱ਷ᇬයٙ࿇سΔאױᎅၴ൷ᨃᖂ฾ृ൓ࠩԫࡳऱ೶ᅃܗ࠰Ζ 
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ቹքΚsubsequenceࡉ partial errors਷ᇬයٙ࿨࣠հฤٽ৫ေ۷ 

3. ം࠴ᓳ਷ေ۷ 

ᇢᠲڃᚨڶ 19ሐᇢᠲ(16 ᠲ໢ᙇ 3 ᠲ៬᤟)Δ SAWߓอ։ܑ༼ࠎፖଡܑᇢᠲઌኙᚨऱ
BNC ፿ற஄խऱઌᣂ؁ࠏΔ೚੡܂ृྒྷ࠹࿠ழऱ೶ᅃΖ៶طᇢᠲྒྷ᧭։ᑇՂऱ஁ฆΔ
ऱ೶ᅃං៺৫ፖየრ৫Δေ۷ࠎ༽ृྒྷ࠹֗א SAWߓอ࿯ղृྒྷ࠹ᐊ܂೶ᅃܗ࠰ऱ࿓
৫Ζኔ᧭ലृྒྷ࠹։੡؄ิΚรԫิჄ࿠ 19 ሐᇢᠲழΔ۶ٚྤࠀ೶ᅃ؁ࠏΙรԲิჄ
࿠ٵᑌऱ 19ሐᇢᠲΔۖڶ׊೏ฤٽ৫ऱ೶ᅃ؁ࠏΙรԿิჄ࿠ٵᑌऱ 19ሐᇢᠲΔ܀༼
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ᑌऱٵՀჄ࿠ݮ؁ऱൣࠏ೶ᅃྤڇ؁Ζร؄ิਜྒྷழ٣ࠏ৫ऱ೶ᅃٽฤ܅ऱ੡ࠎ 19 ሐ
ᇢᠲΔڃگᇢᠲ৵Δࠎ༽࣍٦೏ฤٽ৫೶ᅃ؁ࠏऱൣݮՀΔჄ࿠ٵᑌऱ 19 ሐᇢᠲΖം
ਜྒྷऱኙွ੡࠴ ኙृྒྷ࠹ᛵᇞױΔ[17]࠴ნ࿓৫ྒྷᇢംڗᖕ૎፿ࠉΖۖسऱնറۯ125
ش૎፿ൄ࣍ኙسऱնറྒྷ࠹।ࠡ૎֮࿓৫Ζזნऱᎁव৫Δٍપฃڗ૎፿࣍ 1000 ໢ڗ
પڶ 80.44%ऱᎁव৫Ιኙ࣍૎፿ൄش 2000໢ڶڗ 46.10%ऱᎁव৫Ζۖ௅ᖕ Nationऱ
ઔ[18]ߒΔ૎፿ൄش 1000໢נڗ෼࣍૎፿֮ີऱ᙮෷੡ 74%Δ૎፿ൄش 2000໢ڗ᙮෷
੡ 81%ΖངۖߢհΔം࠴ᓳ਷ྒྷᇢኙွؓ݁լ၌መ 2000໢ڗऱڗნ࿓৫Δٍޢ݁ؓܛ
նଡ໢ڗխृྒྷ࠹પڶԫଡ໢ڗլᑵᢝΖ 

ംگڃ࠴ऱٝᑇ੡ 125ٝΔࠡխྤயऱംڶ࠴ 12ٝΔץਔᢆٌࡉ࠴ػෲᠲ܂࿠(ڕᙇႈ
ڶ׽ ࡉ1 2Δृྒྷ࠹ᙇ ࢨ3 4Ιृྒྷ࠹ࢨލኙ࣍ᙇႈ܂٤࿠ 1Ε2Ε3ࢨ 4)Ζ᜔ૠڶயം
੡࠴ 113 Δٝࠡ խߓشࠌྤڶอՂऱ೴։ം٥࠴ 86 Δٝา։੡ྤߓشࠌอ೶ᅃऱ 44 Εٝ

؁ऱࠏ৫೶ᅃٽ೏ฤشࠌ 20ٝΕ܅شࠌฤٽ৫೶ᅃ؁ࠏऱ 22ٝം࠴Ιۖߓشࠌอছࡉ
٥࠴อ৵ऱംߓشࠌ 27ٝΖ 

࠴யംڶอՂऱ೴ܑߓشࠌྤڶڇ 86ٝխΔ໢ᙇᇢᠲڶ 44ٝം࠴੡ߓشࠌڶ޲ृྒྷ࠹
อऱۖܗ࠰Ⴤ࿠ᇢᠲΕ20ٝ੡ߓشࠌอለ೏ฤٽ৫ऱ೶ᅃ؁ࠏჄ࿠ᇢᠲ(ؓ݁ฤٽ৫੡
62.48%)Ε22ٝ੡ߓشࠌอለ܅ฤٽ৫ऱ೶ᅃ؁ࠏჄ࿠ᇢᠲ(ؓ݁ฤٽ৫੡ 34.69%)Ζࠡ
խ໢ᙇᇢᠲڶ٥ 16ᠲΔޢᠲ੡ 0.625։Δየ։੡ 10։Ζۖط࿨࣠࿇෼ߓشࠌڶอ೶ᅃ
ऱ։ᑇ݁೏ߓشࠌآ࣍อܗ࠰ऱ։ᑇΔࠡխྤߓشࠌอ೶ᅃऱ։ᑇ੡ 4.42 ։Δᑑᄷ஁
੡ 1.95Ιۖشࠌ೏ฤٽ৫ऱ೶ᅃ؁ࠡࠏ։ᑇ੡ 6.69 ։Δᑑᄷ஁੡ 2.23Δֺྤߓشࠌอ
೶ᅃऱ։ᑇ೏ 2.27։Ιۖ܅شࠌฤٽ৫ऱ೶ᅃ؁ࠡࠏ։ᑇ੡ 5.97։Δᑑᄷ஁੡ 1.85Δ
อ೶ᅃऱ։ᑇ೏ߓشࠌྤֺ 1.55։Δᢞኔ SAWߓอ౨࿯ղᖂ฾ृԫࡳ࿓৫ऱᐊ܂Ղऱ
೶ᅃܗ࠰Ζڼຝ։ऱઌᣂം࠴։࣫࿨࣠ნᖞ࣍।ԫխΖ  

।ԫΚߓشࠌྤڶอհം࠴࿨࣠։࣫ 

! ค٬Ҕس಍! ಄ӝࡋଯྣୖޑ! ಄ӝࡋեྣୖޑ!

ൂᒧ၂ᚒϩኧ(0~10)! 4.42 6.69 5.97 
ᙌ᝿၂ᚒϩኧ(0~10)! 4.2 5.83 
ൂᒧ၂ᚒ௢ᙚ(4~1)ࡋ! --- 2.78 2.70 
ᙌ᝿၂ᚒ௢ᙚ(4~1)ࡋ! --- 2.80 
ѡࠠ(3~1)ࡋߏ! --- 2.09 
ᅈཀ(5~1)ࡋ! --- 2.76 

੡Ա᧭ᢞՂ૪࿨࣠ࠀॺೝྥ࿇سΔݺଚאอૠᖂऱ᧩ထֽᄷ(significance level)ᎅࣔ SAW
อߓشࠌྤאࠀΔ܉։ᑇ੡ൄኪ։ྒྷ࠹ऱ᧯ئΖ೗๻ࢤய᧩ထګܗ࠰ऱࡳԫڶอᒔኔߓ

೶ᅃऱᇢᠲ։ᑇᅝئ᧯ऱྒྷ࠹։ᑇΖ೗๻ Null Hypothesis (H0) ੡ SAWߓอګڶ޲ய(ؓ
݁։ᑇ੡ 4.42)ΔAlternative Hypothesis (H1)੡ SAWߓอګڶய(ؓ݁։ᑇՕ࣍ 4.42)Δڇ
᧩ထֽᄷ 5%ՀΔኙ࣍೏ฤٽ৫೶ᅃ؁ࠏऱ 20 ٝᑌءΔױ൓ࢴ࿪ H0 ऱᜯ੺։ᑇ੡

4.42+(1.65*1.95/(20)1/2) =5.14Δڂኔ᧭ࢬ൓ऱؓ݁։ᑇ੡ 6.69ΔՕ࣍ᜯ੺։ᑇ 5.14Δࢬ
ࡳܡאױא H0Δٍڇܛ 5%᧩ထֽᄷՀ SAWߓอኙृྒྷ࠹࣍ਢګܗ࠰ڶயऱΖࠉᖕٵ
ᑌऱอૠ։ֱ࣫ऄΔኙ܅࣍ฤٽ৫೶ᅃ؁ࠏऱ 22 ଡᑌءΔࠡᜯ੺։ᑇ੡
4.42+(1.65*1.95/(22)1/2)=5.10Δۖشࠌ SAWߓอ൓ࠩऱ։ᑇ੡ 5.97Δڂ 5.97Օ࣍ᜯ੺։
ᑇ 5.10Δᢞࣔڇ 5%᧩ထֽᄷՀ SAWߓอኙृྒྷ࠹࣍սྥਢګܗ࠰ڶயऱΖ 
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ೈ໢ᙇᇢᠲ؆Δംڶ࠴Կᠲ៬᤟ᇢᠲΔ៬᤟ᇢᠲ౨ޓᒔኔچᑓᚵᖂ฾ृ࣍ᐊ܂Ղࢬሖࠩ

ऱܺᣄΖڇՂ૪ 86ٝം࠴խΔڶ 44ٝം࠴੡ߓشࠌڶ޲ृྒྷ࠹อऱۖܗ࠰Ⴤ࿠ᇢᠲΔ
42 ٝ੡ߓอ࿯ղٵᑌऱ೶ᅃ؁ۖࠏჄ࿠ᇢᠲΖ៬᤟ᇢᠲऱေ։ᑑᄷ੡؁ী࿨ዌ 50%Ε
ဲش 25%Εࠡה የ։אΔԿᠲᇢᠲ(፿რΕ֮ऄ࿛ܶץ)25% 10 ։੡ᑑᄷΖ࿨࣠᧩قΔ
อ೶ᅃऱؓ݁։ᑇ੡ߓشࠌྤ 4.20Δᑑᄷ஁੡ 2.56Ιۖߓشࠌڶอ೶ᅃऱؓ݁։ᑇ੡
5.83Δᑑᄷ஁੡ 2.46Δ։ᑇ೏ߓشࠌྤ࣍อऱം࠴ 1.63։Ζٵᑌࠉᖕอૠऱ᧩ထࢤ։࣫Δ
೗๻ߓشࠌྤאอ೶ᅃऱኙွ੡ئ᧯Δۖߓشࠌอ೶ᅃऱኙွ੡ᑌءΔڇ᧩ထֽᄷ 5%
Հᜯ੺։ᑇ੡ 4.97Δڂ 5.83Օ࣍ 4.97Δڇܛ 5%᧩ထֽᄷՀ SAWߓอኙृྒྷ࠹࣍៬᤟
ᇢᠲਢګܗ࠰ڶயऱΖ 

ං៺৫ਢृشࠌطေ۷ߓอਢڶܡኔࢤش(usefulness)Δംא࠴։ᑇ 1~4։੡ᑑᄷΔ։ᑇ
။೏ז।ृྒྷ࠹။ᤚ൓ڶኔࢤشΖۖ࿨࣠᧩ߓشࠌڇقอ೶ᅃऱ 44 ٝം࠴խΔࠡխ໢
ᙇᇢᠲشࠌ೏ฤٽ৫೶ᅃ؁ࠏऱം݁ؓ࠴੡ 2.78Ε܅شࠌฤٽ৫೶ᅃ؁ࠏऱം݁ؓ࠴੡
2.70Δۖ៬᤟ᇢᠲؓ݁੡ 2.80Ζᖞ᧯ۖߢΔߓشࠌڶอऱؓ݁ං៺৫տ࣍ 2.7~2.8հၴΔ
।ृྒྷ࠹قᎁ੡ SAWߓอਢڶԫࡳऱܗ࠰ኔࢤشΖྥڼᑇଖլጩ֜೏ऱ଺ڂਢ࣍ૻ࠹
ნ࿓৫լࠩڗ݁ؓृྒྷ࠹ լس࿇ृྒྷ࠹ګ؁ऱ࿓৫ለ෡ΔທࠏΔBNC፿ற஄ऱڗ2000
੷ᛵᇞ؁ࠏऱणउΔאીृྒྷ࠹࣍ᎁࡳ SAWߓอऱ೶ᅃ࿨࣠ං៺৫լ೏ΔۖՂ૪ऱ೗
๻ٍᆖृྒྷ࠹طऱംڃ࠴墅ᢞኔൣڼउਢ࿇سऱΖ 

।ԲΚߓشࠌอছ৵հം࠴࿨࣠։࣫ 

! ٬Ҕس಍߻! ٬Ҕس಍ࡕ!

ൂᒧ၂ᚒϩኧ(0~10)! 4.99 6.53 
ᙌ᝿၂ᚒϩኧ(0~10)! 4.56 5.42 
ൂᒧ၂ᚒ௢ᙚ(4~1)ࡋ! --- 2.59 
ᙌ᝿၂ᚒ௢ᙚ(4~1)ࡋ! --- 2.53 
ѡࠠ(3~1)ࡋߏ! --- 2.16 
ᅈཀ(5~1)ࡋ! --- 3.16 

࠴யംڶอՂছ৵ऱ೴ܑߓشࠌڇ 27ٝխΔ໢ᙇᇢᠲڶ٥ 16ᠲΔޢᠲ੡ 0.625։Δየ
։੡ 10։Ζઌᣂം࠴։࣫࿨࣠ნᖞ࣍।ԲխΖߓشࠌอছृྒྷ࠹ऱؓ݁։ᑇ੡ 4.99Δ
ᑑᄷ஁੡ 2.49Ιߓشࠌอ৵ऱؓ݁։ᑇ੡ 6.53Δᑑᄷ஁੡ 2.00Δ։ᑇᏺף 1.54 ։Ζٵ
ᑌऱΔૉߓشࠌאอছऱ࿨࣠੡ئ᧯Δߓشࠌอ৵ऱ࿨࣠੡ᑌءΔڇ 5%᧩ထֽᄷՀऱ
ᜯ੺։ᑇ੡ 5.71Ζڂ 6.53Օ࣍ 5.71Δᢞኔ SAWߓอኙ࣍໢ᙇᇢᠲਢګܗ࠰ڶயऱΖ 

؁ী࿨ዌאᑌٵอՂছ৵ऱ೴ܑխΔ៬᤟ᇢᠲߓشࠌڇ 50%Εဲش 25%Εࠡה ץ)25%
ܶ፿რΕ֮ऄ࿛)੡ေ։ᑑᄷΔየ։੡ 10։Ζۖߓشࠌอছऱؓ݁։ᑇ੡ 4.56Δᑑᄷ஁
੡ 2.59Ιߓشࠌอ৵ऱؓ݁։ᑇ੡ 5.42Δᑑᄷ஁੡ 2.60Δ։ᑇᏺף੡ 0.86։ΖٵᑌऱΔ
ڇΔءอ৵ऱ࿨࣠ᅝᑌߓشࠌΔۖ᧯ئอছऱ࿨࣠ᅝߓشࠌא 5%᧩ထֽᄷՀऱᜯ੺։
ᑇ੡ 5.38Ζڂ 5.42Օ࣍ 5.38Δᢞኔ SAWߓอኙ࣍៬᤟ᇢᠲਢګܗ࠰ڶயऱΖ 

(Կ)࿨࣠ಘᓵ 

৫ΔSAWߡอছ৵ऱߓشࠌृࢨ৫ߡอऱߓشࠌྤڶᢞኔྤᓵൕߒᓳ਷խΔઔ࠴ംڇ
Ιۖൕං៺৫ऱᨠរ֊ԵΔܗ࠰ൕᇢᠲ։ᑇऱᨠរ֊ԵΔ౨࿯ղᖂ฾ृ։ᑇՂऱڕอߓ

ᖂ฾ृٍᎁ੡౨ൕ SAW Δᢞኔܗ࠰ऱ೶ᅃࡳอխ൓ࠩԫߓ SAW ԫࠡڶ܂ᐊ࣍อኙߓ
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ნ࿓৫լ၌መڗਜྒྷऱኙွཏሙ࠴ംءڂயΖྥګܗ࠰ऱࡳ Δۖڗ2000 BNCऱ؁ࠏኙ
ለᔞ࠷ආط៶ױຝ։ڼየრ৫ՀᄶΔۖࡉऱං៺৫ृྒྷ࠹ګທ࣐ཏሙೣᣄΔ୲ृྒྷ࠹࣍

 ࿳Ζݙޓऱ፿ற஄ᨃ࿨࣠ࡵ

 I would rather going shopping than ڕᙑᎄၞ۩ྒྷᇢΔ܂ኔᎾऱᐊسᖂאՈ؆׼ଚݺ
staying home. ڼᖂحࢬسऱᙑᎄ੡ኙ࣍ would rather Ξ than ऱ؁ীլ֜ᑵ൜Δࠡխ
would rather ৵ૉ൷೯ Δဲᚨא଺ݮ।ሒΔٍ ᒔऱ؁ীᚨ੡إܛ I would rather go shopping 
than stay home. ݺଚشࠌ SAWߓอא would rather V than Vࡉ would rather * than * ᑓ
ᚵᖂ฾ृױ౨ऱ਷ᇬයٙΔۖط࿨࣠࿇෼Δشࠌ would rather V than Vऱ਷ᇬයٙאױ
৫੡ٽΔฤڤݮᒔऱ೯ဲإ൓वאױ؁խຟࠏছն؁ං៺࣍ 5/5Ιۖشࠌ would rather * 
than *ऱ਷ᇬයٙ࣍אױছԼ؁ං៺؁ࠏխऱԮଡ؁ࠏ൓वإᒔऱ೯ဲڤݮΔࠡฤٽ৫
੡ 7/10ΔᢞኔאՂ૪ࠟጟ਷ᇬֱऄΔSAWߓอ݁౨࿯ղᖂ฾ृઌᣂऱ೶ᅃܗ࠰Ζ 

նΕઌᣂઔߒ 

२ࠐڣΔሎشᇷಛݾ๬ܗ࠰૎፿ᖂ฾ऱઔ֧ߒದᄕڍऱᘋᔊΔݺଚႛಘᓵፖءઔߒለ੡

ऴ൷ઌᣂृΖଈ٣ਢ CMUऱ REAPߓอ[19]Δࠡ׌૞ؾऱ੡༼ࠎᖂ฾ृ૎፿ᔹᦰऱ࠰
شࠌڇေ۷ᖂ฾ृऱဲნ࿓৫Δڤऱֱ᧭ྒྷאᅃᖂ฾ृᎁव࿓৫ΔࠉਔץऄֱߒΔઔܗ

REAPߓอছ৵Δਢڶܡ᧩ထࢤऱ஁ฆΔאࠀം࠴ᓳ਷ࡉอૠᑇଖᖞٽ։࣫ REAPߓอ
ऱګயΖءઔߒ೶ەԱ REAP ေ۷ڤอऱေ۷ֱߓ SAW ΔGsearch؆׼யΖګอऱߓ
ऱمᖕ৬ࠉאױ؁ऄᄷঞ(syntactic criteria)Δۖᖂ฾ृم፿ற஄խ৬ڇऱ੡ؾ૞׌อߓ
؁ऄᄷঞڶய෷چൕ፿ற஄խᙇࡵٽ࠷ऱ[20]؁ࠏΖGsearch ऱ؁ऄᄷঞለ੡ࠎ༽อߓ
ᐘࢤΔኙ࣍լٵऱᖂ฾ृ౨ࠉᖕڍᑌऱ؁ऄᄷঞڶய෷چ਷ᇬΖءઔ࢏ߒᥛࠡ෻࢚Δ܀

௽ܑᣂࣹ࣍ᎁवլݮൣߩՀհ।ሒֱڤ਷ᇬΔۖ ຍՈਢ ESL/EFL່ृ܂੡ᣂ᝶ऱܺᣄΖ
່৵ΔTANGO ೯ဲፖڇፖ਷ᇬΔ֠ࠡထૹ࠷ࢼխ૎ᠨ፿ऱဲ፿ჸ಻ᣂএࠎ༽อ[21]ߓ
ኙᛀ౉࿨࣠ၞ۩ေࠀΔڤ।ሒፖ਷ᇬֱޣցऱᏁڍለࠎ༽ߒઔءऱઌյჸ಻ᇷಛΖဲټ

۷ፖඈݧΔृشࠌ֒༽א೶ᅃऱய෷ΖٵழΔءઔޓאߒᣤ᠃ऱֱڤေၦߓอऱګயΖ 

քΕ࿨ᓵ 

࣍ᇷᄭՠࠠኙߢ፿ڶ෼࣍ᦸߒઔء ESL/EFL ᖂ฾ृ࣍૎፿ᐊ܂Ղ༼ࠎऱפܗ࠰౨ڶ
ૻΔીԺࠎ༽࣍ԫጟ፿ߢᇷಛᛀ౉ֱऄΔ౨ڶய෷چ௅ᖕլٵᖂ฾ृऱᎁव࿓৫ղאԫ

ᑓิԿଡຝٝΖ੡Աݧऄ։੡।ሒցైᑓิΕᛀ౉ᑓิΕඈֱڼΔۖܗ࠰ऱ೶ᅃᘬᇬࡳ

ᢞኔֱڼऄऱګயΔݺଚኔګݙ܂ SAWߓอΖSAWߓอشࠌױᄷᒔဲڗ(exact)Ε໢ڗ
ऱၲᙰ/࿨ݠ(prefix/suffix)Ε૎፿ဲࢤ(POS)Εԫଡ໢ڗऱᆄڗشց(wildcard)Εլૻࡳऱ
՗؁(subsequence)࿛೚੡।ሒցై(expression elements)Δݙشࠌױࠀᖞֺኙࢨຝ։ֺኙ
ऱࠟጟֺኙֱڤΔ࣍ᛀ౉ᑓิխᙇ؁ࠏ࠷Δۖ৵ኙ࣍ᙇ࠷ऱشࠌ؁ࠏMSAݾ๬੡ඈݧ
ᑓิऱေ۷ֱऄΔ່৵༼ࠎං៺ऱઌᣂࠎ؁ࠏᖂ฾ृ೶ᅃΖ 

੡Աေ۷ SAWߓอऱګயΔኔ᧭։੡ᑓᚵྒྷᇢ(ኔ᧭ড়ᨠေ۷)ࡉം࠴ᓳ਷(׌ृشࠌᨠ
ေ۷)ࠟጟֱڤΔ៶طᇢᠲ։ᑇΕං៺৫Εየრ৫Εฤٽ৫Ε؁ীءګնႈਐᑑΔ᧭ᢞ
Ղ૪ࠟጟေ۷ֱऄՀΔSAWڇ ࠀଚݺհ؆ΔڼயΖೈګܗ࠰࿓৫ऱࡳอ݁౨൓ࠩԫߓ

࣍ᑓᚵᙁԵࠏΔലᒤࠏᒤ֮܂ऱسᖕᖂࠉ SAW อխΔ࿇෼ߓ SAW อٍ౨࿯ղᖂ฾ߓ
ृԫࡳऱ೶ᅃܗ࠰Δףޓ᧭ᢞ SAWߓอऱګܗ࠰யΖጵᨠאՂ༓រΔءઔߒऱ፿ߢᇷ
ಛᛀ౉ֱऄᒔኔ౨ಾኙ ESL/EFLᖂ฾ृ࣍૎፿ᐊ܂ழ࿯ղᔞ৫ऱܗ࠰Ζ 
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Bayesian Topic Mixture Model for Information Retrieval 
 ࡲ๺ನጔ ១ո ු࡯ܦ

ഏפګمՕᖂᇷಛՠ࿓ᖂߓ  
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mswu@chien.csie.ncku.edu.tw 

ኴ૞ 

ᑨم৬ࠀઌյᣂএංឰဲڗᠲᑓীൕ׌ᖲ෷شܓଚൄݺխΔߒ೯֮ٙ๠෻հઌᣂઔ۞ڇ

੡ီܛᑓীٽ෗ڇဲڗԫଡޢ፿რᑓী(PSLA)ᇙΔ֮ٙխऱڇᖲ෷ᑨڇᠲ᧢ᑇΖ׌ڇ
ԫଡᑌءΔࠡ෗ګٽ։ਢڍشࠌႈ։ࠐ܉।قऱΖྥۖΔڍႈ։ەڶ޲ڤֱ܉ᐞ֮ࠩႃ

խ࿇سऱડ࿇෼ွΖឈྥ PLSAᑓীڍق᧩אױૹ׌ᠲᑌڤΔ܀ਢޢଡ׌ᠲᑓীຟԼ։
១໢ΖءڇઔߒխΔݺଚ༼נԫጟᄅীհ׌ּߦᠲ෗ٽᑓীࠐᇞެڍႈ։ؒڶࡐऱԫࠄ

ംᠲΖشࠌ Dirichlet։܉।ޢقԫଡ׌ᠲऱයٙᖲ෷։܉Δڇઌٵጟᣊփऱլٵऱ֮ٙ
ᆖطլٵऱڍႈ։ؒࠐขسΖڇ TREC ֮ٙႃհᇷಛᛀ౉ኔ᧭ՂΔ֮ٙشܓᛀ౉֮֗ٙ
ᑓิ֏հေ۷ࠐ᧭ᢞ׌ּߦᠲᑓীऱᚌ။ࢤΖ 

Abstract 

In studies of automatic text processing, it is popular to apply the probabilistic topic model to 
infer word correlation through latent topic variables. Probabilistic latent semantic analysis 
(PLSA) is corresponding to such model that each word in a document is seen as a sample 
from a mixture model where mixture components are modeled by multinomial distribution. 
Although PLSA model deals with the issue of multiple topics, each topic model is quite 
simple and the word burstiness phenomenon is not taken into account. In this study, we 
present a new Bayesian topic mixture model (BTMM) to overcome the burstiness problem 
inherent in multinomial distribution. Accordingly, we use the Dirichlet distribution for 
representation of topic information beyond document level. Conceptually, the documents in 
the same class are generated by the associated multinomial distribution. In the experiments on 
TREC text corpus, we show the results of average precision and model perplexity to 
demonstrate the superiority of using proposed BTMM method. 

ᣂ᝶ဲΚּߦᖲ෷ᑓীΔቹݮᑓীΔᖲ෷ᑨڇ፿რᑓীΔDirichletࠃছᖲ෷Δᇷಛᛀ౉ 

Keywords: Bayesian model, Graphical model, PLSA, Dirichlet Prior, Information Retrieval 

ԫΕፃᓵ 
ᙟထᇷಛՕၦجᛒΔٺጟᑇ֮ٙۯΰdigital documentsαऱᝪᏺΔࠌ൓ᇷಛᛀ౉壄

ᒔ৫֮ٙࡉᑓীऱ৬ֲم᧩ૹ૞Ζڇᇷಛᛀ౉ࡉᖲᕴᖂ฾ઔߒՂΔอૠী֮ءᑓী

(statistical text model)բດዬګ੡ԫଡૹ૞ऱᤜᠲΖ༉ᇷಛᛀ౉ऱઔߢۖृߒΔՕڍᑇല
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֮ٙီ੡ਢ bag-of-word ऱ।قऄΔቫᇢشอૠऱֱऄΔឯڗ֮࠷ऱ௽ᐛא৬ዌᇷಛᛀ
౉ऱᑓڤΔڼᣊֱऄٍጠ੡ٻၦ़ၴᑓী[32]ΖBag-of-word ऱ౒រਢլەᐞԳᣊ፿ߢ
ऱٵᆠဲڗΰsynonymαڍ֗אᆠဲڗΰpolysemyαΖ٦ृΔֱڼऄऱ़ၴፂ৫।قઌᅝ
᣸ՂΔ֮ڇΖ܅ᖄીய౨ऱ૾࣐ऱ೶ᑇؘႊ๯۷ૠΔ୲ڍ๺ڶଡᑇऱՕ՛Ζຍრᘯࠢڗ࣍

բڶԫ֮ٙࠄ।قऄ๯༼נᇞެ bag-of-word ֱ૿ऱԫࠄംᠲΖଈ٣Δᑨڇ፿რ։࣫
(Latent Semantic Analysis, LSA)[10]Δਢല֮ٙဲڗ“אЁ֮ٙ”ఢೄ।قऱֱऄΖຘመ࡛
ฆଖ։ᇞ(Singular Value Decomposition, SVD)ല֮ٙދ୴ࠩԫଡ܅ፂ৫ऱ፿რ़ၴΔࠀ
೗๻ޢԫ࡛ฆଖ֗ࠡኙᚨऱ࡛ฆٻၦ(singular vector)ז।ࠡᑨ׌ڇᠲࢨᄗ࢚Δޢ׊ԫ֮
Ꮭଖऱ։࣫ڶ፿ଃᙃᢝՂբᢞࣔਢࡉᇷಛᛀ౉ڇΖقၦ।ٻ۩ฆఢೄ᠏ᆜऱ࡛׳طױٙ

ՠࠠ[2][3][24]ΖรԲΔᖲ෷ᑓী(Probabilistic Model)ऱഗء೗ࡳ੡ᨠྒྷᇷறՀऱԫଡس
Ζشࠌچ๬๯ᐖऑݾᖲ෷ᑓীऱࠄԫڶছΔբؾऱਮዌΖߪءᑓী֘ᚨᇷறڼᑓীΔګ

֗א፿რ։࣫(Probabilistic Latent Semantic Analysis)[16][17]ڇΔᖲ෷ᑨڕࠏ Latent 
Dirichlet Allocation[6]Ζ PLSA ᑓী܂ऄਢឯ࠷ፖ֮ٙᣂᜤऱრٻᑓী (Aspect 
model)[18]ΖPLSA ᑓীڶ༓ႈ౒រ[6]Δଈ٣Δਢڶ޲ऴ൷ऱֱऄലᖲ෷։಻࿯٣ছآ
ᖞݙឩᏺΖLDA[6]੡ԫଡለࢤΔ೶ᑇᑇၦᄎᙟထ֮ٙᑇၦᒵڻ෼(unseen)ऱ֮ٙΖࠡנ
ऱګسᑓীΔֱࠡऄਢലޢԫᒧ֮ٙऱᖲ෷ီ੡ᑨ׌ڇᠲխᙟᖲဲڗᖲ෷ऱ෗ٽᑓীΔ

ኔ෼Ζ٦ृΔ࣐֮ٙլ୲ࠀංᓵዝጩऄۿ෼ऱᖲ෷ଖΖྥۖΔࠡ२נ൓ᇠᒧ֮ٙޣۖၞ

խऱડ࿇෼ွ֮ٙڇဲڗ൓࠷யڶऄΔྤऄق।܉ႈ։ڍא (burstiness 
phenomenon)[12][25]Ζࢬᘯψડ࿇෼ွωრਐΔ֮ٙڇဲڗխנ෼መԫڻհ৵Δৰױڶ
౨ᄎנ٦෼ऱൣ[22]ݮΖԫ౳ۖߢΔ֮ڇဲڗႃᇙԫ౳։੡ԿጟᒤᡱΔߠൄܛ(common)Ε
ԫ౳(average)ࡉ࿕ڶ(rare)Ζឈྥڍႈڤ।ق౨ᛧ൓ൄဲڗߠऱડ࿇ࢤΔ܀ਢኙ࣍ԫ౳ࡉ
࿕ဲڗڶऱડ࿇آࠀࢤ๯إᒔऱᑓิ֏Ζۖຘመ Dirichlet։ࠐ܉ཙڍזႈ։܉Δאױ᝟
ᒷડ࿇෼ွऱംᠲ[25]ΖءڇઔߒխΔኙ࣍ᖲ෷׌ࡉᠲ෗ٽᑓীംᠲტᘋᔊΔല൶ಘ༓
ଡለ٣ၞऱቹݮᑓী[6][16][23][25]Δཚඨ៶طઌᣂહནΔޏࠐ࿳෼ڶऱ֮ٙᑓীਮዌΖ
אխ֮ء PLSA ᖲ෷ᑓী੡ഗ៕Δڇ෗ٽᑓڤऱ࿨ٽՂΔຘመֱּߦऄشࠌ Dirichlet
։ٺࡳެ܉ଡ։಻۾ࢬऱֺࠏΔጠհ੡׌ּߦᠲ෗ٽᑓী(Bayesian Topic Mixture Model, 
BTMM )Ζຘመ Gibbs Ꮑऱ೶ᑇΖGibbsࢬ۷ૠࠐᑌऄࢼ چᑌऄऱᚌႨਢլᏁ૞ࣔᒔࢼ
।قᑓী೶ᑇΔဲڗڇאױ։಻ࠩז।ऱᑨ׌ڇᠲֱ૿Δ១໢ࡳᆠᑓীΖءઔߦشܓߒ

ઌڶ࣐ࠠอᛀ౉ለߓ࿳ჼ༈ޏ࣍ኙ࣠ګᛧ൓ࢬΔߒᑓীၞ۩ᇷಛᛀ౉ઌᣂઔٽᠲ෗׌ּ

ᅝऱᚨشᏝଖΖڼ؆Ոࠎ༽ױઌᣂᏆ഑ڕᇷற൶೮Εᖲᕴᖂ฾࿛Ꮖ഑ၞ۩෡Ե൶ಘΖء

֮൷Հີࠐᆏิ៣ڕՀΖรԲີ൶ಘؾছ֮᣸խٺጟઌᣂऱ֮ٙᑓীઔֱߒऄΖรԿີ

ലᎅࣔנ༽ࢬ֮ءऱֱऄΔֺࠀለ༓ጟ׌૞ᑓীऱ஁ฆΖร؄ີ੡נ༽֮ءऱֱऄࠡࡉ

ऄऱய墿֗࿨࣠ಘᓵΖ່৵Δรնֱߒઔءᢞࣔאشऄֺለኔ᧭ய౨։࣫ऱ࿨࣠Δ܂ה

ີ੡֮ءऱ࿨ᓵࠐآ֗אऱઔٻֱߒΖ 

ԲΕઌᣂ֮᣸൶ಘ 

ለࠄଚല൶౉ԫݺΔີء։Ζױᎅയլאױᖲᕴᖂ฾ࡉՂΔᇷಛᛀ౉شऱᚨڍ๺ڇ

ࠠ᧯Εᑵवऱᖲ෷อૠᑓীΖଈ٣Δ១໢༴૪ڇᇷಛᛀ౉խለൄߠऱ֮ٙ।قऄ

[10][32]Ζ൷ထΔಾኙᐖऑऱګسᑓী೚ޓ෡Եऱ൶ಘΔࠡխܶץԫࠄᖲ෷ᑓীࡉ෗ٽ
ᑓী࿛ቹݮᑓী।[31] [23][17][16][6]ڤقΖ  

(ԫ)Ε֮ٙ।قऄ 

ᒧ֮ٙޢڇ෼נဲڗΔრਐီ੡௽ᐛऱقၦ।ٻطอխΔ֮ٙຏൄߓᇷಛᛀ౉ڇ

ऱ෼ွΔڼጟ।قऄጠ੡ bag-of-wordٻृࢨၦ़ၴᑓী(Vector Space Model)[32]Ζࠡխ
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iw ।ࠢڗقխऱ֮ٙڇဲڗխנ෼ऱ᙮෷ଖΔۖࠢڗຏൄ֮ٙطႃխऱಝᒭႃࢬٽឯ
 قࢬՀڕΔق।ࠐఢೄ֮ٙဲڗطຘאױ൓ࠩΖᖞଡ֮ٙႃ࠷
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ࠡխ ijw ।ࠢڗقխऱร iڇဲڗร jᒧ֮ٙխנ෼ऱ᙮෷ଖΖڇՂ૪।قऄխΔ౒ٚ׎
༴૪֮ٙΔጠ੡ᑨࠐᣊઌᣂಛஒڼᐞەᖂृהࠡڶΔڼڂհၴऱ፿რಛஒΖဲڗᣂڶ۶

ٵፂ৫ऱ٥܅אਢ࢚ऱᄗء፿რ։࣫ΰLatent Semantic Analysis, LSAα[10]ΖLSAഗڇ
፿რڂ՗ܧ෼଺ဲڗࡉ٣֮ٙհၴऱᣂᜤΖ࡛شܓฆଖ։ᇞΰSingular Value 
Decomposition, SVDαဲڗנބኙᚨ֮ٙऱ፿რ࿨ዌΔױല೏ፂ৫ऱఢೄᇷற૾܅੡ rፂ
৫Օ՛հ௽ࢤΖ࡛ࠡฆଖ։ᇞհਮዌقრቹΔڕቹԫقࢬΖ 
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ቹԫΕ࡛ฆଖ։ᇞհਮዌقრቹ 

 (Բ)Ε֮ٙ෗ٽᑓীհ൶ಘ 

1ΕMixture of Unigrams 

Mixture of Unigram (MU)ᑓীਢല Unigram ᑓীᆖطᠦཋᙟᖲ׌ᠲ᧢ᑇۖឩᏺ
[31]Ζڼڇ෗ٽᑓীՀΔ֮ٙٝޢᆖࢬطᙇᖗऱ׌ᠲࢬขسΔ൷ထΔൕ׌ᠲઌᣂऱڍႈ
 ՀڕقΖ֮ࠡٙऱᖲ෷।ဲڗسขمᗑڤ

wzw zw

z

zwPzPzPzwPwPdP

zPzwPwP

)|()()()|()()(

)()|()(
   (2) 

ᅝᖞଡ֮ႃ(corpus)๯۷ૠழΔဲڗ։ီאױ܉੡ޢڇԫଡ֮ٙኙᚨԫଡ׌ᠲऱ೗๻հ
Հऱ׌ᠲ।قΖ 

2ΕProbabilistic Latent Semantic Analysis 

٣ছࢬ༼ LSAᑓীဲڗࡉ֮ٙڇՂऱܧ෼Δࠀॺאอૠᨠរנ࿇ΖڼڂΔHofmann
፿რ։࣫ᑓীΰProbabilistic Latent Semantic Analysis, PLSAα[16][17]Δࠡڇᖲ෷ᑨנ༽
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ᑓীڕቹԲقࢬΖPLSA ᑓীլ࣍ٵ LSA ല֮ٙٻဲڗࡉၦދ୴۟ᑨڇ፿რ़ၴऱ೚
ऄΔֱࠡऄਢא Aspect Model܂੡׌૞ਮዌ[18]Δشࠌᖲ෷യ৫܂ڤࠤ੡բᨠኘࠩऱ֮
Աٽ৫۷ྒྷऄঞΔ࿨ۿՕઌ່شܓࠀΔڤ෼ֱܧऱࢤ፿რᣂᜤڇհၴᑨဲڗࡉٙ EMዝ
ጩऄ[11]ං۷נឆܶऱᑓী೶ᑇΖPLSA ᑓীؾছ๯ᐖऑᚨڍڇشଡᏆ഑Δץਔ֮ٙ։
੄[7]Εጻ଄൶೮[19]Ε፿ଃᙃᢝݾ๬֗፿ߢᑓীᓳᔞ[1][8][9][29]࿛ᚨشΖ 

ˡ

ˠ

d z w
)(dP )|( dzP )|( zwP

 

ቹԲΕPLSAᑓীقრቹ 

PLSA ᑓী׌૞ऱ௽ᐛΔਢಾኙٙࠃٵ٥֮ٙࡉဲڗ༈ޣԫଡګسᑓী[16][17]Ζ
ኙ֮ٙ-ဲڗطᇷறႃਢ֮ء ),( wd אΔ֮ٙګิࢬ },,{ 1 Nddd ।قΔࠡଡᑇ੡N ;
אဲڗΔ؆׼ },,{ 1 Mwww ।قΔࠢڗઌᅝ࣍ਢM ଡګݮࢬဲڗհႃٽΖ೗๻ޢԫ

ᠲ׌ڇऱ֮ٙխᑨࡳ࿯ڇဲڗ },,{ 1 Kzzz ՀขسΖലဲڗ-֮ٙኙ ),( wd ෼נٵ٥

(co-occurrence)ऱᜤٽᖲ෷(3)ڤא।ق 
 

z

z

dzPzwPdP

zdPzwPzPwdP

)|()|()(

)|()()(),(
     (3) 

ڇ PLSA ᑓীխΔ֮ٙঞᆖط )|( zwP ऱڂ՗ऱ෗ٽ༴ᢄࠡ௽ࢤΖല z ီ੡ᑨڇ᧢ᑇΔ
ኙچ࣐୲אױ PLSAᑓীشܓ EMዝጩऄࠐᖂ฾೶ᑇΖ່Օ֏ኙᑇઌۿ৫אױ।ګقΚ 

d w zd w
zwPzdPzPwdnwdPwdnL )|()|()(),(),(log),(PLSA    (4) 

ࠡ ),( wdn ।֮ٙڇဲڗقխऱᑇၦΖڇ E-step խΔؾشܓছ۷ૠऱ೶ᑇࠐૠጩᑨڇ᧢
ᑇऱࠃ৵ᖲ෷Δࠡڤ՗ڕՀ 

z
zwPzdPzP

zwPzdPzPwdzP
)|()|()(

)|()|()(),|(PLSA      (5) 

ڇ M-stepխΔشܓᑨڇ᧢ᑇڇ E-step խऱ۷ྒྷΔࠌ൓ᨠኘऱᜤٽኙᑇઌۿ৫ऱཚඨ່
Օ֏Ζࠡڶࢬ೶ᑇऱޓᄅڕՀ 

w d

d

wdzPwdn

wdzPwdn
zwP

),|(),(

),|(),(
)|(ˆ

PLSA       (6) 

d w

w

wdzPwdn

wdzPwdn
zdP

),|(),(

),|(),(
)|(ˆ

PLSA       (7) 

d w

d w

wdn

wdzPwdn
zP

),(

),|(),(
)(ˆ

PLSA       (8) 
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PLSA ፂऱ܅ط៶אױᇷಛᛀ౉խΔڇ ”ᑨڇ ڇΖقऱ।֮ٙࡨཙ଺זၴ़”
Hofmann[16][17]ᇙΔא )|( dzP հ֮(unseen)ߠ઎آ࣍Δኙګፂ़ၴհ֮ٙऱิ܅ڇ੡܂
ࡳࡐࡉ৫ۿՕ֏ኙᑇઌ່ط਷ᇬ؁Δᆖࢨٙ )|( zwP ֗ૠጩۖ൓Ζ 

3ΕLatent Dirichlet Allocation 

२༓ࠐڣΔLatent Dirichlet Allocation (LDA)๯༼ࠐנᑓิ֮ႃऱᑨ׌ڇᠲ[6]Ζڇ
Օဲნ۞೯፿ଃᙃᢝߓอՀڇشࠌ፿ߢᑓীऱᓳᖞ[30][33]Δהࠡ֗אᖲᕴᖂ฾ᚨشՂ
ઃڶլᙑऱګய[4][5]ΖLDA׌૞ਢࣚ܌ PLSAᑓীխՂ૪ऱ౒រΔֺለ LDAፖ PLSA
ᑓীઌฆհ๠Δ࣍ڇ LDAലޢԫᒧ֮ٙऱᖲ෷ຟီ੡ᑨ׌ڇᠲխᙟᖲဲڗᖲ෷ऱ෗ٽ
ᑓীΔ៶࠷ڼ൓ᇠᒧ֮ٙנ෼ऱᖲ෷ଖΖLDAᑓীشࠌᙟᖲ᧢ᑇ ཙזࠐ PLSAᑓীխ

)|( dzP ೶ᑇΖ ࡉ zڶઌٵऱፂ৫Δ।֮ٙقխ׌ᠲऱ෗ٽΖ ኙޢԫ֮ٙൕ Dirichlet
։࠷܉ᑌΔזཙ۷ૠޢԫಝᒭ֮ٙऱ෗ٽᖲ෷ )|( dzP Δኙ PLSAᑓীۖߢΔLDAࢬᏁ
૞ऱ೶ᑇၦለ֟Ζڇ PLSA ᑓীխΔڶ K*N ଡ )|( dzP ೶ᑇΔۖ LDA ᑓীΔኙ֮ٙऱ
ᑌΔ࠷ Ꮑ׽ Kଡ೶ᑇΖ 

ڇ LDAᑓীᇙΔ೗๻֮ٙൕᑨ׌ڇᠲՂᙟᖲ෗࠷ٽᑌΔຘመဲڗՂऱ։܉༴ᢄޢ
ԫ׌ᠲऱ௽ࢤΖڼڇᑓীխΔ֮ٙ੡ᨠኘ᧢ᑇΔီ੡ဲڗऱႃٽΔ },,1{ Md Δޢԫ

ᨠኘ᧢ᑇ(Ո༉ਢآ࣍ެ࠷ဲڗ topic) zΔ।ڇق },,1{ K ऱױ౨ଖΔ׊ࠀ K ၌೶ᑇ
(hyperparameter)ؘႊ๯ެࡳΖၴ़֮ٙڇᇙΔ LDA ᑓীآڇژᨠኘ᧢ᑇΔ

0),,,( 1 kK ׊ 1
k

k ΖࠡᑓীڕቹԿقࢬΔ ।ق੡׌ᠲ෗ٽ հ Dirichlet 

prioriΔۖဲڗᖲ෷ຘመ MK * ఢೄ ೶ᑇ֏Δࠡխ )|( zwP Ζ 

z w
ˠ
ˡ

theta

alpha beta

 
ቹԿΕLDAᑓীقრቹ 

֮ٙ d׌ࡉᠲ෗ٽ ऱᜤٽ։܉੡ 

w

wdn

z
zPzwPPP

),(

LDA )|()|()|()|,( d    (9) 

ࠡխΔ ),( wdn ।ဲڗق w֮ٙڇ dխנ෼ऱଡᑇΔ )|(P ੡ ऱ Dirichletᖲ෷։ؒΖ
 ܉൓֮ࠩٙऱᢰᎾ։אױଚݺ

dzPzwPPP
wdn

w z

),(

LDA )|()|()|()|(d   (10) 

ྥۖΔ੡Ա۷ૠຍࠄ೶ᑇؘႊૠጩࠃ৵։܉ )|,( dzP Δຏൄຍࠄංᓵਢլ࣐ኔ෼ऱΖ

ڕΔנ༽๬๯ݾංᓵۿऄऱ२ֱ֏᧢࣍ഗࠄ᣸ՂΔԫ֮ڇ Variational Methods[6][21]Ε
Expectation Propagation[28]ࡉ Gibbsࢼᑌऄ[14]ΖڼڇΔኙ Blei et al.[6]נ༽ࢬऱֱऄ೚
ᎅࣔΔڇቹݮᑓীࠐᎅΔVariational Methodਢലԫଡᓤᠧऱቹݮᑓী᠏ང੡ԫଡ១໢ऱ
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ቹݮᑓীΔڕቹقࢬ؄Δཚඨ១֏መ৵ऱᑓী౨ജإشංᓵ(exact inference)ᇞެΖ 

z w
ˠ
ˡ

theta

gamma phi

 
ቹ؄Ε२ࠃۿ৵ LDAᑓীհ Variational։ق܉რቹ 

Blei et al. [6] ࡳᆠԫଡ։܉ ),|,( zq ऱ२ۿᆢΔ׊ࠀᙇᖗ Variational 
Parameters ࡉ ൷२టኔऱᑇଖΖVariational։ࡳ܉ᆠ੡ 

z
zzqqzq )|(),(),|,(      (11) 

ኙ࣍ຍᄅᑓীΔאױᆖط Variational Distributionࡉ True Posteriorհၴऱ KL Divergence
່Օ֏൓ࠩ ),,|,( dzP ऱ२ۿΔ 

)),,|,(||),|,((minarg),(
),(

** dzPzqD    (12) 

೶ᑇ۷ྒྷመ࿓شܓ variational EMΔࠌ൓ኙᑇઌۿ৫່܅੺ૻ(lower bound)່Օ֏Δഗ࣍
२ࠃۿ৵։܉ )|,( dzP ऱԫጟ᧢֏։ޓࠐ܉ᄅ೶ᑇΔຘመՀ٨ࠟଡޡᨏ૯זመ࿓Ζڇ

E-stepխΔشࠌ᧢֏ऱࠃ৵։܉२ۿΔኙڍࠩބ֮ٙٝޢ᧢೶ᑇ },{ ऱ່ࠋ֏ଖΔ 
]}|)[log(exp{En       (13) 

n
n          (14) 

ᄅޓႈ೶ᑇऱڍ৫່՛੺ૻ່Օ֏Δኙයٙۿᣂᑓী೶ᑇኙᑇઌڶ൓ࠌM-stepᇙΔڇ
 Հڕق।אױ

d n
dndn w        (15) 

ۖ೶ᑇ ຘመאױ Newton-Raphsonዝጩऄޣ൓[27]ΖGirolaminࡉ Kaban [13]ᎅࣔᅝ
Dirichlet։܉ઌٵழΔPLSAᑓীኔᎾՂਢ LDAऱԫଡ௽ࠏΖ 

4ΕTheme Topic Mixture Model 

ૠጩᓤᠧ৫׊ᇞ(Exact Solution)إऄ൓ࠩྤࠀංᓵዝጩऄۿ૪ΔLDAᑓী२ࢬছڕ
ᏺףΖ੡Աࣚ܌ຍଡംᠲΔKellerࡉBengio[23]༼נԫଡإංᓵ࣐׊๠෻ऱᑓীΔጠհ੡
Theme Topic Mixture Model (TTMM)ΖڇTTMMᇙΔ़֮ٙၴऱ᧢ᑇጠ੡ThemeΔլٵ
זࠐႃ(discrete finite set)ૻڶᠦཋشܓࠏऱֺ۾ࢬ࿓৫ٽtopicऱ෗࣍LDAΔTTMMኙ࣍
ཙຑᥛ़ၴऱشࠌΖڕቹնقࢬΔڼᑓীऱᨠኘ᧢ᑇ੡֮ٙdΔီױ੡ဲڗwऱႃٽΔ
אᨠኘ᧢ᑇ੡themeΔآۖ },,1{ Jh ।قΔ֗אtopicΔא },,1{ Kz ।قΖࠡ೶ᑇ ,
ࡉ ଡܑ।ق themeऱ෗ٽ࿓৫۾ࢬऱֺࠏ )( jhP Ε topic࿯ࡳ themeऱ෗ٽ࿓৫

)|( jhzP ᠲऱᖲ෷ଖ׌ԫޢࡳ࿯ဲڗԫޢ֗א )|( zwP Ζ 
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z w
ˠ
ˡ
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betataupi

 

ቹնΕTTMMقრቹ 

੡ီאױଡ֮ٙޢ theme hऱ෗ٽΔ।ق੡ 

j w

wdn

zj
jhzPzwPjhPjhdPjhPP

),(

)|()|()()|()()(d  (16) 

ࠡխΔ )|( jhdP ।ق࿯ࡳԫଡ׌ᠲ jh Δ֮ࠡٙऱګسᖲ෷Δۖ ),( wdn ।ڇဲڗق

֮ٙխऱ᙮෷Δ׊ )(),( dnwdn
w

Ζ೗֮ࡳႃ D੡ Nᒧ֮ٙऱႃٽΔ࿯֮ٙࡳᑓীΔ

֮ࠡႃ Dऱኙᑇઌۿ৫אױ।ق੡ 

d j w

wdn

z

jhzPzwPjhPL
),(

TTMM )|()|()(log   (17) 

ٵڕ PLSAԫᑌΔ೶ᑇ۷ૠٍױᆖط EMዝጩऄࠌ൓ኙᑇઌۿ৫່Օ֏Ζڇ E-stepխΔ
ᑨڇ᧢ᑇऱࠃ৵ᖲ෷๯۷ૠΔڕՀقࢬ 

j w

wdn

z

w

wdn

z

jhzPzwPjhP

jhzPzwPjhP
djhP ),(

),(

)|()|()(

)|()|()(
)|(     (18) 

z
zwPjhzP

zwPjhzPjhwzP
)|()|(

)|()|(),|(      (19) 

ڇ M-step ՀΔࠡኙᑇઌۿ৫ཚඨଖਢڇشࠌՂԫၸ੄۷ྒྷऱࠃ৵ଖΔࠌ൓ڇᑑᄷ֏ૻ
ࠫ(normalization constraint)යٙՀ່Օ֏Ζᑓী೶ᑇऱૹᄅ۷ྒྷΔאױ।ق੡ 

N

djhP

djhP

djhP
jhP d

j d

d
)|(

)|(

)|(
)(TTMM        (20) 

࿯ࡳයٙૻࠫ 1)|(
j

djhP Δױ൓ 

d

wd

djhPdn

jhwzPwdndjhP
jhzP

)|()(

),|(),()|(
)|(T̂TMM        (21) 
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යٙૻࠫࡳ෻Δ࿯ٵ 1),|(
z

jhwzP Δױ൓ 

w d j

d j

jhwzPdjhPwdn

jhwzPdjhPwdn
zwP

),|()|(),(

),|()|(),(
)|(T̂TMM    (22) 

ԿΕ׌ּߦᠲ෗ٽᑓী 

 (ԫ) ᑓীࡳᆠ 

Madsen et al. [25]༼ࠩڍႈᑓীֺለᔞߠൄٽऱဲڗΔ܀ਢኙהࠡ࣍ለԫ౳ࢨਢ࿕
ءഗ(counts distribution)܉ऱૠᑇ։سขڤႈڍ׊யᛧ൓ࠡડ࿇෼ွΖڶऄྤဲڗऱڶ
Ղլ֮ءྥ۞࣍ٵऱૠᑇ։܉Ζኙ֮ء࣍ऱᑓิ֏ΔDirichlet։٣ڇ܉ছઔߒբ๯ᐖऑ
ڶழᖑٵᑓীΔٽᠲ෗׌ּߦհנ༽ࢬ֮ءΖ[25][12][6]شࠌ PLSA֗א Dirichlet։܉
ऱ׌૞ᄗ࢚Ζشࠌ Dirichletᑓীޢ࣍ԫଡ׌ᠲऱයٙ։܉Δ֮ٙ׊ᇙޢԫଡطאױဲڗ
լٵऱ׌ᠲࢬขسΔࠌ൓֮ٙڇᑓীऱ।قՂޓ᠆༄Ζᑓীਮዌڕቹքقࢬ 

ˡ
ˠ

d phi wz

beta

 

ቹք BTMMقრቹ 

ڇ BTMMᇙΔ೗๻֮ٙႃ D֮ٙܶץᑇNᒧΔ֮ٙ।ق੡ },,{ 1 Nddd ΔۖࠢڗV
ઌᅝ࣍ਢM ଡګݮࢬဲڗऱႃٽΔאဲڗ },,{ 1 Mwww ।قΖآᨠኘ᧢ᑇ੡׌ᠲΔ

א },,{ 1 Kzzz ।قΖ೗๻֮ٙ dဲڗࡉ wයٙᗑ࣍م࿯ࡳऱآᨠኘ׌ᠲ᧢ᑇ zΔኙ࣍
܉ႈ։ڍᠲऱ׌طਢᆖဲڗऱᑓী೶ᑇΔسขࢬ ᠲ׌᧯ऱࠠ܉։ဲڗ࣍Δۖኙسขࢬ

܉ႈ։ڍ Δאױൕ Dirichlet priori೶ᑇ ኙᚨऱ׌ᠲ z൓ࠩΖ׼؆Δ֮ٙਢڇ Kଡᑨ
شࠌᠲՂ׌ڇ N ଡ෗ٽᑇऱڍႈ։ࠐ܉।قΔ׊ 1)|(

z
dzP ΖڇᑓীᇙΔ೶ᑇႃא

ႃٽ )}|(,,{ dzP شࠌංዝመ࿓խΔڇΔق।ࠐ Dirichlet ։׌࣍܉ᠲڍႈ։܉հՂΔ
ឆ៲೶ᑇڼڂ ኙڇ១֏መ࿓ΔլᏁ૞ڼ๯۷ૠΔچլᏁ૞ࣔᒔۖٽ࿨؆ڇ๯אױ ࠷

ᑌΖڼڕԫࠐΔࢬᏁ૞ऱ೶ᑇၦڶ٥ KN + KଡΖࠉᖕګسመ࿓Δ׌ࡉဲڗᠲऱᜤٽ։
 ੡ق।אױ܉

dzPwPzwP ),|()|(),|(      (23) 

ኙဲڗ-֮ٙۖ ),( wd ऱᜤٽᖲ෷אױᐊګ 

z

z

dzPwPdzPdP

zwPdzPdPwdP

),|()|()|()(

),|()|()()|,(
    (24) 
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(Բ) ංᓵ 

ᑇ੡᧢ڇଚऱᑓীᇙΔᑨݺڇ wdz , Δ֮ٙܛऱဲڗ dw ᠲΖଈ٣Δᨠኘૠ׌෼ऱנࢬ
ጩ )|( dP wz ऱᓤᠧ৫Δڼ։ࡉ܉ᜤٽ։ֺإګ܉Ζ௅ᖕּߦ๵ঞΔኙᑨڇ᧢ᑇ zհයٙ
 ੡ࡳ࿯(conditional posterior distribution)܉৵։ࠃ

z
d

d
d P

PP
),(

),(
)|(

zw
zw

wz       (25) 

אଚݺΔڼڇ },{ zw d ᖞऱᨠኘᇷறΔݙ।ז dw ।ٻ֮ٙقၦΖૠጩ )|( dP wz რ࠺ထڇ

Օऱᠦཋणኪ़ၴေ۷ᖲ෷։܉ΖᙊᖌऱਢΔຍ։ྤ܉ऄऴ൷๯ޣ൓Δ׌૞ਢڂ੡։ئ

ຝ։᜔ֺףለᣄေ۷[14]Δܶץ׊ࠀ MZ ଡᠦཋᙟᖲ᧢ᑇΔࠡM।֮ٙڇقႃխဲڗऱ
᜔ᑇΖ༉ຍᨠរΔءڇઔߒխΔቫᇢᢅ׬چ֛፞ױ್אऄ[20]אᑓᚵ೶ᑇऱࠃ৵։܉
(posterior distribution)۷ࠐૠآव೶ᑇΖ֮ٵڕ᣸[14]ԫᑌΔشࠌ Gibbs sampling۷ࠐૠ
೶ᑇΖኙءઔנ༽ߒऱᑓীࠐᎅΔGibbs samplingዝጩऄ୲࣐ኔ෼ΔᏁ૞ለ֟ऱᚏژಖ
ᖋ᧯़ၴΔڇ׊ࠀᑇ৫ࡉച۩Ղࡉ෼ڶऱዝጩऄࠠڶᤁञࢤΖኙޢ࣍ԫଡဲڗᑑಖۖ

ছؾ۷ૠࠐᠲऱ։಻Δ׌࣍ኙဲڗהࠡࡳխΔ࿯܉ΔGibbs samplingൕኙᚨऱයٙ։ߢ
ΔࠐՀژ։಻ᚏڼല׊ࠀᠲՂΔ׌๯։಻ࠩאױဲڗছؾᠲऱᖲ෷Ζྥ৵׌։಻ࠩဲڗ

ঁא Gibbs samplingထ֫ࠡဲڗהૠጩழشࠌΖ੡Աᑓᚵ )|( dP wz ΔGibbs samplerشࠌ
։යٙך ),|( dizP wz ച۩Markov chainΖך։යٙຘመ۷ጩ࿛(25)ڤ ឆ៲᧢ᑇऱֱऄ
 ګᐊאױ

z d

d
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wz       (26) 

ࠡխΔ iz ᆠ੡ࡳ }{ izz Δ।قೈԱؾছऱဲڗ iw հ؆Δኙဲڗڶࢬऱ׌ᠲ։಻Ζڇ
BTMMխΔᜤٽ։אױ܉๯։ᇞ੡ 

)|(),|(),|,( dzPzwPdwzP       (27) 
࿛׳ڤᢰऱࠟଡցై౨ജ๯։ܑ๠෻Δรԫႈ ),|( zwP ᠲऱ๯ᨠኘ׌ઌᣂࡳ࿯طאױ

 قࢬ(28)ڤڕΔנᖄڤႈڍᑇհ᜔ဲڗ
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  (28) 

ࠡխΔ zn ဲڗᆠ੡ࡳ w ๯։಻ࠩᑨ׌ڇᠲ᧢ᑇ z ࿇سऱڻᑇΖ(28)ڤڇխΔ
w

n
w

w ࡉ

w
w

w 1 ࿨ٽਢ Dirichlet ։܉ )|( wwnP ऱإآ๵֏᧢֏ڤݮΔشܓࠀ

1)|( dnP ww ංᖄࢬ൓Ζመ࿓խΔլᏁᖄԵ೶ᑇ Δڂ੡הଚ׽ਢڇ๯ᨠኘᇷற

(d,w)ࡉኙᚨ׌ᠲ zհ್֛ױᢸऱणኪ᧢ᑇհၴऱᣂᜤอૠΖەᐞ(28)ڤխऱ։܉Δ׽ኙ
౉֧ܶץ i հᑨڇ᧢ᑇ z ଊᗨႈঅఎΔࠡ٤הຝ௣װΖၞޓԫچޡΔشܓ࿛ڤ
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  (29) 
܉ᠲ։׌ڇ෻Δᑨٵ )|( dzP  Հ࿨࣠א๯ං൓אױ
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BTMM ),|(ˆ
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z
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dzP z       (30) 

ࠡխΔ ),( wdn ।ဲڗق w֮ٙڇ dխנ෼ऱଡᑇΖ່৵Δኙ࣍ᑨڇ᧢ᑇΔ(29)ڤطΕ(30)
 Δࠡ࿨࣠੡ڤᄅ࿛ޓנංᖄאױଚݺ
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ࠡխΔ )(
,

w
zin ।ဲڗقw։಻࿯׌ᠲ zऱڻᑇ Δ )(

,
z

idn ᠲ׌ܶץ  z֮ٙڇ dᇙ๯։಻ࠩԫ

ဲڗࠄ wऱڻᑇΔۖ )(
, zin ।ဲڗڶࢬق։಻࿯׌ᠲ zऱ᜔ᑇΔᑑಖ i।قᅝছဲڗ iw ڇ

ຍࠄૠᑇբ๯ฝװΔլ๯٨ԵૠጩەᐞΖ ।ق Dirichlet prioriΔءڇᑓীᇙΔኙ٤ຝڗ
ဲ ೗๻ਢઌٵऱΔٍ ܛ ऱګิڶࢬຝ։ຟઌٵΖ iz ऱॣࡨ๯๻ࡳտ࣍ଖ 1ࠩ Kհ Δၴ

ᑑ։ؾᑇΔऴࠩᢸ൷२ڻזणኪΖྥ৵ച۩༓ଡ૯ࡨᢸ(Markov chain)ऱॣ֛ױ್ࡳެ
Δ܉ iz  Ζࠐছଖലᄎ๯ಖᙕՀؾ

(Կ) լٵᑓীհᣂᜤֺࡉለ 

઎ڤ૞ऱֱ࿓׌༴૪ऱ༓ଡᑓীΖൕࢬለছ૿ີᆏֺࠀଚലಘᓵݺᆏխΔີءڇ

ऱֱנ༽ࢬ֮ءऱ஁ฆΖಾኙګس෻ᇞ֮ٙᑓী࣐՛ฆΖ੡Ա୲ٵΔᑓীհၴ஁ฆՕࠐ

ऄࡉรԲີࢬ༼ࠩऱᑓীΔڕ PLSAΕLDA֗א TTMM࿛Δኙࠡิګցై(ဲڗΕ׌ᠲ
֮֗ٙ)հګسᖲ෷/։܉।قΔ១໢ូ౏ڕՀ।ԫقࢬΖ 

।ԫΕլֱٵऄհګิٺցైᖲ෷։܉।ق 
 Word Topic Document 

PLSA )|( zwP  )|( dzP  ),( wdP  
LDA )(~,| Multzw  )(~ Multz  )(~ Dir  
TTMM )(~,| Multzw  )(~ Multz  )(~ Multh  
BTMM )(~ zMultw , )(~ Dirz )|( dzP  ),( wdP  

೗๻֮ٙڇႃᇙڶ N ᒧ֮ٙΔࠢڗᑇՕ՛੡ MΔ|d|।֮ٙق९৫Δٍ֮ٙڇܛऱ
ᠲ(Topic)ଡᑇΔJ੡׌ଡᑇΔK੡ဲڗ themeᑇ֗אؾᆢิଡᑇ੡ CΖኙ࣍ᑓীऱ़ၴ
ᓤᠧ৫ֺለΔא।Կ೚ԫ១໢ऱ᤭૪ΖٺଡᑓীࢬᏁऱ೶ᑇၦΔൕ।Բאױ൓वΔTTMM
Ꮑ૞ J(1 + K) + KMଡ೶ᑇΔۖ LDA׽Ꮑ K + KMଡ೶ᑇΖ׌૞ਢ࣍طຑᥛ։شࠌ܉ԫ
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ଡ೶ᑇΔڇ LDAขس෗ࠏֺٽ ೶ᑇΔڇז࠷ TTMMࠟଡᠦཋ։܉ΖೈڼΔᅝ֮ٙຘ
መ׌ᠲ(theme)๯ᆢፋڇԫದΔڼڕ J < NΔঞ TTMMऱ೶ᑇၦױ౨֟࣍ PLSAऱ೶ᑇၦ
KN + KMΖڇ BTMMᑓীխΔဲڗਢᆖ׌طᠲ zऱڍႈ։܉ ։ဲڗ࣍Δۖኙسขࢬ

܉ႈ։ڍᠲ׌᧯ऱࠠ܉ Δאױൕ Dirichlet priori೶ᑇ ኙᚨऱ׌ᠲ z൓ࠩΔࠡ೶ᑇၦ
ֺ PLSA֟Δ׽Ꮑ KN + KଡΖ 

।ԲΕኙլٵᑓীհ़ၴᓤᠧ৫ֺለ 
 PLSA LDA TTMM BTMM 
Parameters  O(KN+KM) O(K+KM) O(J+JK+KM) O(KN+K) 

 

؄Εኔ᧭  

(ԫ)Εኔ᧭֮ႃ֗๻ࡳᎅࣔ 

شࠌଚݺऱኔ᧭խΔ֮ءڇ TRECگࢬႃऱ֮ႃΔ։ܑ੡ Associated Press newswire 
(AP) 88ࡉWall Street Journal (WSJ) 89ΔᇷறऱอૠᇷಛΔڕ।ԿقࢬΖݺଚྒྷشࠌࢬ
ᇢऱ਷ᇬ؁՗੡ Topics 101-150Δ׌૞ٺ࠷ଡ׌ᠲխऱᑑᠲ(title)ࡉඖ૪(description)ຝ։
ଡ਷ᇬ؁ऱؓ݁९৫੡ޢ੡਷ᇬ؁Δ܂ 14.48ଡڗΖ֮ ٙᄎ٣ᆖመ stop wordࡉ stemming
ऱছ๠෻Ζ֮ء։ܑኙ֮ࠟڼႃ֮ٙאᛀ౉֮ٙࡉᑓิ֏᧭ᢞֱ֮ءऄऱإᒔױࡉࢤ۩

૞ਢಾኙ׌ኔ᧭խڇΖࢤ Language Model (LM)ΕPLSAΕLDA֗נ༽ࢬ֮ءऱ BTMM
೚ֺለΖኙ࣍ᑨڇ᧢ᑇ k ऱଡᑇΔॣࡨኔ᧭๻ࡳ੡ 16Ζኔ᧭։੡ࠟଡຝ։Δรԫေ۷
אᛀ౉Ղऱய౨Δ֮ٙڇشଡᑓীᚨٺ Precision-Recall curve ࡉ mAP ੡ေ۷ऱᄷঞ܂
[15]ΖรԲଡਢא perplexityေ۷֮ٙᑓীऱய࣠Ζ 

।ԿΕTREC֮ႃऱอૠᇷಛ 
Collection Description Size 

(MB) 
#Doc. Vocabulary Size

WSJ89 Wall Street Journal (1989), Disk2 36.5 12,380 17,732 
AP88 Associate Press (1988), Disk1 237 79,908 8,783 

 (Բ)Εኔ᧭࿨࣠ 

1Εլٵᑓীڇᛀ౉ய౨ऱᐙ᥼ 

ଈ٣Δֺለլٵऱֱऄኙ TREC֮ٙႃ֮ٙڇᛀ౉Ղய౨ऱֺለΖൕቹԮࡉቹԶ।
ᑓীհٵլق Precision-RecallڴᒵΔ։ܑWST89ࡉ AP88ऱ࿨࣠Δۖ।؄੡ mAPڇլ
ߢᠲ੡ഗ៕ऱ֮ٙᑓীΔઃֺ፿׌אנ઎אױቹ।ᅝխΔࠄૠጩऱ࿨࣠Ζൕຍࢬᑓীٵ

ᑓীړޓڶऱய౨ΖBTMMऱய౨ឈྥֺ PLSAړΔྥۖய࣠ࠀլࣔ᧩Ζ։࣫ࠡ଺ڂΔ
ࠡᐙ᥼ऱױైڂ౨ࠐ۞ᑨ׌ڇᠲ᧢ᑇ kଖऱ๻ࡉࡳ೶ᑇଖॣࡨऱ๻ࡳΖ׼؆Δ֮ٙছ๠
෻ stemmingٍױ౨ທګᐙ᥼ΖڼڂΔࠐآڇऱኔ᧭Δലಾኙຍࠄຝ։ၞޓԫޡ൶ಘΖ 
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ቹԶΕPrecision-recall curvesኙլֱٵऄڇ AP88֮ႃՂऱֺለ 

 
।؄ΕLMΕPLSAΕLDA֗א BTMMڇլ֮ٵႃխ mAPհֺለ 

 LM PLSA LDA BTMM 
AP88 0.2128 0.2507 0.2411 0.2536 

WSJ89 0.2761 0.3448 0.3507 0.3486 

2Εլٵᑓী֮ٙڇᑓิ֏ऱေ۷ 

אᑓิ֏ऱኔ᧭መ࿓ᇙΔ֮ٙڇ WSJ8ˌ ੡ኔ᧭ᇷறΔല֮ٙ։੡ࠟଡຝ։ΔԿ։
հԲऱᇷறၦ܂੡ഗ៕ᑓীऱಝᒭᇷறႃΔ٥ 7,931ᒧ֮ٙΔ׼؆ΔԿ։հԫຝٝ೚ྒྷ
ᇢऱ֮ٙᇷறႃٽΔܶץ 4,449 ᒧ֮ٙΖॣޡኔ᧭࿨࣠ڕ।նقࢬΖൕ।խאױ઎נ
BTMM ֺ LM ࡉ PLSA ᑓীڶለړऱ࿨࣠Δࠡ perplexity ։ܑط 257.59 ࡉ 251.8 ૾۟
250.42Ζ 
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।նΕլٵᑓীհၴ perplexityհֺለ 
 LM PLSA LDA BTMM 

Perplexity 257.59 251.8 248.63 250.42 
BTMM ၞޏ૞ਢ׌ PLSA խΔ׌ࡉဲڗᠲհၴऱ।قীኪΔא Dirichlet ։܉ཙז଺ࡨ
ऱڍႈ։܉Δဲڗڇऱ׌ᠲ։܉ՂᖄԵ Dirichletࠃছᖲ෷Δࠌ൓ᇷಛݙޓᖞࡉ᠆༄Ζྥ
ۖΔൕኔ᧭࿨࣠ݺଚאױ࿇෼ֺ LDAฃ஁Ζಾኙڼຝ։Δݺଚലኙࠢڗଡᑇऱᐙ᥼ޓ
ၞԫޡऱ൶ಘ։࣫Ζࠡ։࣫࿨࣠ڕ।քقࢬΖݺଚ։ܑᙇڗࠢڗ࠷ᑇԫᆄΕԲᆄ֗Կᆄ

੡ࡳᠲ᧢ᑇଡᑇ๻׌ڇ೚ኙᅃΔᑨࠐڗ 8Ζ 

।քΕլࠢڗٵଡᑇኙ perplexityଖऱᐙ᥼ 
 10,000 20,000 30,000 

LM 247 380 511 
PLSA 240 372 504 
LDA 205 365 505 

BTMM 232 369 495 
ൕ।քאױ൓वΔᅝࠢڗᑇᏺףழΔᑓীಾኙ֮ڗ࿇سᖲ෷ऱቃྒྷ։֭৫။೏Δאࢬ

perplexityຟܧ෼Ղ֒ऱ᝟ႨΖᅝࠢڗՕ՛પ੡ 3ᆄڗழΔBTMMऱ perplexityֺ LDA
ழΔડ࿇෼ွኙᑓীऱᐙ᥼᧢൓᎘პΖ྇ܔᑇ೚ࠢڗଚመ৫ኙݺ੡ᅝڂਢڂ૞଺׌Ζ܅

࣍طۖ LDAᑓীኙ֮ٙၸᐋףԵࠃছᖲ෷Δࠌ൓۷ጩ֮ٙऱ׌ᠲ։܉ழΔለ၀२టኔ
ऱ։ݮൣ܉ΖྥۖΔࠢڗڇᑇለՕழΔൕኔ᧭ᑇᖕΔאױ࿇෼ડ࿇෼ွለ੡᧩ထΔࠌ൓

࣍طᐙ᥼Δسኙᑓীขဲڗऱࢤᦸܑڶথࠠ܀ڶխለ࿕֮ٙڇ BTMMᑓীኙဲڗऱ׌
ᠲ։܉ᖄԵ Dirichletࠃছ։܉Δࠌ൓ڇ perplexityऱေ۷Ղฃֺ LDAࠋΖ 

նΕ࿨ᓵ 

෻ᓵऱ֮ٙᑓীΔીԺᇞެּߦԫଡנ༽ᖲ෷ᑓী੡ഗ៕א૞ਢ׌խ֮ء

bag-of-word ।قऄऱംᠲΔࠀኙ෼ڶᑓী೚ၞޏΔאཚሒࠩړޓऱய౨Ζࠡਮዌۼ࢏
଺ࡨ PLSA ᑓীऱᄗ࢚Δኙ࣍ԫଡ׌ᠲऱයٙ։א܉ Dirichlet ।܉ႈ։ڍऱڶཙ଺ז
شܓᑓীΖ֮խٽᠲ෗׌ּߦጠհ੡ڼڇΔق Gibbsွࢼऄ۷ૠᑓীآव೶ᑇΔֱڼऄ
ऱᚌរਢլᏁ૞ࣔᒔچ।ሒᑓী೶ᑇ׊ኔ೚Ղֺለ୲࣐Δኙಖᖋ᧯ᏁޣၦՈֺለ֟Ζڇ

مհၴਢᗑڼ࢖ဲڗፖ֮ٙ܀Δسขࢬᠲ׌ٵլطױᑓীխΔឈྥ೗๻֮ٙٽᠲ෗׌

ऱΖྥۖΔڇటኔ׈੺ᇙΔ֮ٙհၴຏൄਢڶᣂᜤऱΖڕࠏΔڇᄅፊऱ֮ٙᑑᠲխΔױ

ڇᠲΖ׌૞ڻࡉᠲ׌૞׌։੡א Tamࡉ Schultz[34]ऱઔߒխΔא Dirichlet Tree[26]זཙ
LDAխ Dirichlet PriorΔࠌ൓ᑨ׌ڇᠲאױ।ሒڍޓᣂᜤΖࠐآڇऱઔٻֱߒΔኙ֮࣍
ٙᑓীዝጩऄΔݺଚᚵ۟ۼ࢏ᐋ్ᄗ࢚Δല֮ٙ֟אၦऱᄗࢨ࢚ਢ׌ᠲܧࠐ෼Δࠌ൓ᑓ

ীڶࠠޓൎ೜ࢤΖ׼؆Δؾছ֮ٙऱᖲ෷ᑓী।قऄΔՕીא Unigram੡׌Δ۶ڕ࿨ٽ
n-gram፿ߢᑓীΔࠌ൓֮ٙᑓীࠠޓൎ೜ࢤΔٍਢࠐآઔߒՠ܂Ζ 
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Abstract

This paper describes our Korean-Chinese cross-language information retrieval system. Our
system uses a bi-lingual dictionary to perform query translation. We expand our bilingual
dictionary by extracting words and their translations from the Wikipedia site, an online en-
cyclopedia. To resolve the problem of translating Western people’s names into Chinese, we
propose a transliteration mapping method. We translate queries form Korean query to Chinese
by using a co-occurrence method. When evaluating on the NTCIR-6 test set, the performance
of our system achieves a mean average precision (MAP) of 0.1392 (relax score) for title query
type and 0.1274 (relax score) for description query type.

摘要

本文描述我們所提出之韓中雙語跨語言檢索系統。我們採用韓中雙語辭典進行問題之翻譯，並
利用線上維基百科以及韓國 Naver 網站來擴增我們雙語辭典的覆蓋率。此外，針對韓文中西
方人名的翻譯，我們提出一音譯對應的搜尋方法。對於韓中翻譯時的歧義性問題，我們採用
Mutual Information方法來解決。我們使用 NTCIR-6之 test set測試我們韓中跨語言檢索系統
之效率，其使用標題部分進行查詢時之 Mean average precision (MAP)之結果為 0.1392；使
用敘述部分進行查詢時之MAP 為 0.1274。
Keywords: Korean-Chinese cross-language information retrieval, query translation
關鍵詞：韓中跨語言資訊檢索，問題翻譯

1 Instroduction

The contents of whole Internet are growing explosively due to the improvement of the com-
puter and web technology. Besides English, the web pages written in other languages also
increase tremendously. In order to get the useful information from the Internet, many advanced
modern search engines are developed, like Google1, Yahoo2, AltaVista3, and so on. However,
for the users that do not have any knowledge about other languages, it is impossible to get the
information in other languages by current single-language web search engines.

Therefore, the research of cross language information retrieval (CLIR) is rising quickly.
Cross language information retrieval systems allow the users to input the key words in their
own languages and then the systems will retrieve the relevant documents written in the other
language that the users want to search based on the queries the users inputted.

1http://www.google.com
2http://www.yahoo.com
3http://www.altavista.com
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There are many different approaches of CLIR. The first is the translation methods. There are
two kinds of approaches usually adopted: translation approach and statistical approach. The
translation approach uses the bilingual dictionaries, ontology, or thesaurus to translate either
queries or documents. The statistical approach uses pre-constructed bilingual corpora to extract
the cross-lingual associations without any language translation methods [1–3]. The translation
approach is restricted with the coverage and the precision of the dictionaries. The statistical
approach can extract bilingual lexicons automatically; however, it bases on a well-constructed
and large-scaled bilingual corpus which requires a lot of human effort.

In translation approach, there are two different targets to do the translation. One is doc-
ument translation; the other is query translation. The document translation approach is to
translate all the documents in the collection from the target language to the source language the
users use. Then, while the users give the query, the system will do a monolingual information
retrieval. The query translation translates the query in the source language that user inputted
into the target language and then retrieval the documents which is written in the target language.
The document translation approach is possible if there exists a high quality machine transla-
tion system. [4, 5] However, the document translation approach is not very practical when the
documents are not stable or can be updated frequently, like the web text retrieval.

In this paper, we propose a Korean-Chinese cross-language information retrieval system.
We adopt the query-translation approach because it is effective. Moreover, the translation
method, which is dictionary-based, does not involve a great deal of work. In CLIR, the most
serious problem is that unknown words cannot be translated correctly. To resolve the problem,
we utilize Wikipedia, an online encyclopedia, to expand our dictionary to make higher cover-
age of vocabulary. Another difficult issue involves translating Western people’s names written
in Korean into Chinese. As a solution, we propose a transliteration mapping method to deal
with the problem.

The remainder of the paper is organized as follows. In Section 2, we give an overview of
our system and describe its implementation, including the translation and indexing methods
adopted. In Section 3, we detail the evaluation results of our CLIR system based on the topics
and the document collections provided by NTCIR CLIR task, and discuss the effectiveness of
our method, as well as some problems that have to be solved. Finally, in Section 4, we present
our conclusions and indicate the direction of our future work.

2 System Description

Figure 1 shows the architecture of our CLIR system. It is comprised of four stages. First, a
Korean query is chunked into several key terms, which are then translated into Chinese by three
dictionaries. In the third stage, we disambiguate the translated terms and transform them into a
Lucene query. Finally, the query is sent to the Lucene IR engine and the answer is retrieved.

2.1 Query Processing

Unlike English, Korean written texts do not have word delimiters. Spaces in Korean sentences
separate eojeols, which are composed of a noun and a postposition, or a verb stem and a verb
ending. Therefore, Korean text has to be segmented. There are two types of queries that the
users might make. One is composed of several key words; the other is an natural language
sentence. Therefore, we use two different segmentation methods to deal with these two query
types separately.

Due to the characteristics of the Korean language, the keyword-typed queries written in
Korean are comprised mainly of nouns. We use spaces to split the title into several eojeols, and
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Figure 1: System Architecture of Our CLIR System

then remove the postpositions at the end of the eojeols according to our predefined rules.
For the natural language sentence of a Korean query, we use the KLT Term Extractor4,

developed by Kookmin University in Korea. KLT term extractor will do the word segmentation
to extract vital key words which are useful for information retrieval and remove stop words.

2.2 Query Translation
2.2.1 Bilingual Dictionary Translation

Due to copyright restrictions, we use the free online Korean-Chinese dictionary provided by the
Daum Korean web site5. We send the key terms obtained in the query processing stage to the
online dictionary. However, as a general bilingual dictionary is not suitable for proper nouns,
we use Wikipedia6, an online encyclopedia, to expand our dictionary. In Wikipedia, an item
might contain inter-language links to the same item in Wikipedia written in other languages.
Therefore, we send a Korean term to Korean Wikipedia. If it contains an inter-language link to
Chinese Wikipedia, we can find the corresponding Chinese word. This method is very efficient
because it yields accurate Chinese translations of Korean words.

The Daum Korean-Chinese dictionary is written in simplified Chinese, as are many pages
in Chinese Wikipedia. We use a simple mapping table to convert simplified Chinese characters
to traditional Chinese characters.

If some terms cannot be found in the Daum dictionary or Wikipedia, we apply the maximal
matching algorithm to split a long term into several shorter terms. Then, the shorter terms are
sent to the Daum dictionary and Wikipedia to search for Chinese translations.

4http://nlp.kookmin.ac.kr/HAM/kor/index.html
5http://cndic.daum.net
6http://www.wikipedia.org
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2.2.2 Person Name Translation

The person names may often appear in the query. Although Wikipedia contains many fa-
mous people’s names around the world, some people’s names are still excluded. Therefore,
it is necessary to deal with this person name translation problem. Unlike Korean-English or
Korean-Japanese CLIR, transliteration methods are not appropriate for Korean-Chinese CLIR
because so many Chinese characters have the same pronunciation in Korean. Besides, to trans-
late Japanese personal names, Korean uses the Hangul alphabet to pronounce the names of
Japanese people; however, Chinese uses original Chinese characters with Mandarin pronunci-
ation, instead of Japanese pronunciation of Chinese characters. Thus, transliteration methods
are not useful in this context. To solve the problem, we use Naver People Search7, a database
containing the basic profiles of famous people, including their original names. We can submit
person names in Korean to Naver people search and get their original names. If the original
name is composed of Chinese characters, it is clearly Chinese, Japanese, or Korean; therefore,
we can send it to next stage directly, i.e., the disambiguation stage. If, however, the original
name is in English, we use the English name translation table provided by Taiwan’s Central
News Agency (CNA)8 to translate it into Chinese and the proceed to the next stage.

2.3 Term Disambiguation

In the past, the Korean language adopted many Chinese words. More than half of its vocabulary
comprises Chinese words. Now, however, Koreans use Hangul, an alphabet writing system,
instead of Chinese characters, which is an ideograph writing system. As a result, many different
Chinese loanwords have the same pronunciation when written in the Hangul alphabet. For
example, the four different Chinese loanwords with different meanings: “理想” (ideal), “以上”
(above), “異常” (unusual), and “異狀” (indisposition) are written in the same way as the Hangul
word “이상” because their pronunciation is the same in Korean. This creates a very serious
ambiguity problem when Korean is translated into Chinese. Therefore, choosing the correct
translation term among translation candidates is important.

For each term in a given query Q, there may be several possible translation candidates. To
select the best translation term among all the candidates, we must not only consider the original
query term qt but also consider all the other terms in Q and their translation candidates. We
denote the j-th translation candidate for the i-th term qti in Q as tcij . We adopt the mutual
information score (MI score) [6] to evaluate the co-relation between the tcij and all translation
candidates of all the other terms in Q. The MI score of tcij given Q is calculated as follows:

MI score(tcij|Q) =
|Q|∑

x=1,x !=i

Z(qtx)∑

y=1

Pr(tcij, tcxy)

Pr(tcij)Pr(tcxy)
,

where Z(qtx) is the number of translation candidates of the x-th query term qtx; Pr(tcij, tcxy)
is the probability that tcij and tcxy co-occur in the same sentence; and Pr(tcij) is the proba-
bility of tcij . The values of the probabilities are obtained from Chinese Information Retrieval
Benchmark (CIRB) Chinese corpus which is provided by NTCIR CLIR task [7]. The higher the
translation candidate’s MI score is, the higher weight is assigned to it in the retrieval module.

7http://people.naver.com
8http://client.cna.com.tw/name/
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2.4 Chinese Document Indexing

The Chinese documents we use is CIRB 4.0 documents which is provided by NTCIR. The
CIRB 4.0 documents are pre-processed to remove noise and then segmented by CKIP AutoTag
[8] to obtain words and part-of-speech (POS). We use Lucene9, an open source information
retrieval engine, to index Chinese documents. Our index is based on Chinese characters.

2.5 Lucene Queries

After processing a Korean query into several terms and translating it into Chinese, we transform
the Chinese terms into a Lucene Query. Different Chinese terms are separated by a space, which
means an “OR” operator in the Lucene format. If a term has different translation candidates,
the weight of the candidate with highest mutual information score will be increased by 1 by the
boost operator. The other candidates are boosted by a weight that is the reciprocal of the total
number of candidates. The boost operation affects the ranking of the documents the Lucene
returns. The default boost value of each terms is 1, and we decrease the weight of the candidates
with lower mutual information score to make them not affect the ranking so much.

3 Evaluation and Analysis

In order to evaluate our CLIR system, we use the topics and the document collections which is
provided by NTCIR-6 CLIR task [7]. The topics contains 50 Korean queries composed of four
parts: title, description, narration, and keywords. We use these topics as the queries that users
inputted in our system.

The main metric to evaluate the performance of information retrieval is Mean Average
Precision (MAP) [9]. Average precision is based on the whole list of documents returned
by the system and emphasizes returning more relevant documents earlier. The Mean Aver-
age Precision is the mean value of the average precisions computed for each query. Besides,
R-precision [10] is also a good metric which is the precision among the front of R relevant
documents.

There are two kinds of relevance judgments: Rigid and Relax. A document is rigid relevant
if it is highly relevant; a document is relax relevant if it is highly relevant or partial relevant.
Our evaluation is based on the 50 topics which is selected by NTCIR-6 CLIR task to compute
among all 140 topics they provided.

In order to evaluate the effectiveness of our CLIR system, we build a monolingual Chinese
IR system for comparison. NTCIR-6 CLIR test set also contains the Chinese topics which
meanings are the same as Korean ones. We use these Chinese topics as queries and apply CKIP
AutoTag to do Chinese word segmentation and remove Chinese stop words. Then, we use
Lucene search engine we use in our CLIR system to retrieve related Chinese documents.

We do the four different runs:

• KC-title-run: a run using a Korean title field to retrieve Chinese documents.

• KC-description-run: a run using a Korean description field to retrieve Chinese docu-
ments.

• CC-title-run: a monolingual Chinese run using Chinese title field to retrieve Chinese
documents.

9http://lucene.apache.org/
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Table 1: Evaluation Results

Run Rigid Relax
MAP R-precision MAP R-precision

KC-title-run 0.1118 0.1420 0.1392 0.1781
KC-description-run 0.1022 0.1311 0.1274 0.1760

CC-title-run 0.1501 0.1961 0.2141 0.2747
CC-description-run 0.1567 0.2111 0.2157 0.2788

• CC-description-run: a monolingual Chinese run using Chinese description field to re-
trieve Chinese documents.

Table 1 shows the performance of our Korean-Chinese CLIR system and the monolingual
Chinese IR system. The performance of Korean-Chinese CLIR is not as good as that of Chinese
monolingual IR. We have investigated why it is difficult to retrieve high precision answers to
some queries.

3.1 Problems of Bilingual Dictionaries

We use a general bilingual dictionary and Wikipedia to translate most of the words in 50 topics
provided by NTCIR-6 CLIR task. Although we have used Wikipedia to expand our dictionary,
there are some problems that cause translations to fail. The first problem is that there are still
some unknown words. For example, the word “배아” (embryo) is not listed in the dictionaries.
The other problem is that the dictionaries do not always have the proper translation candidates
of the words and terms in queries. For instance, the word “감청” (monitor) is not translated
correctly because the dictionary lacks the correct translation and provides another translation
instead, i.e., “紺青” (deep blue). Also, the word “암” (cancer) in one topic is translated as “岩”
(rock), “庵” (nunnery), and “雌” (female), but no correct translation, i.e., “癌” (cancer).

3.2 Different Phraseology Used in Taiwan and China

The Daum Korean-Chinese dictionary that we use was written people studying Mainland Chi-
nese, i.e., Pinyin. However, the CIRB 4.0 document collection contains Taiwanese newspapers.
Taiwanese people use traditional Chinese characters, whereas Mainland Chinese people use
simplified characters. Besides the difference in characters, the vocabulary and grammar used
in Taiwan and China are slightly different. The differences between Taiwanese Chinese and
Mainland Chinese can make IR difficult.

The following are some examples of the difficulties we face. The term “휴대폰” (mobile
phone) is translated into Mainland Chinese word as “移動電話” (the phone that can move);
however, the correct word used in Taiwan is “手機” (the machine held in the hand). The word
“유전자” (gene) is translated to “遺傳子” (the factor of heredity) , not to correct word “基因”
(the Mandarin transliteration of the English word “gene”) used in Taiwan. The word “인터넷”
(internet) in some topics is translated to “互聯網” (the net connecting to each other) , but the
correct word used in Taiwan is “網際網路” (cyber network).

3.3 The Limitations of Maximal Matching Algorithm

If a term is not defined in our dictionaries, we split it into several shorter terms by the maximal
matching algorithm discussed in Section 2.2.1. In some cases, however, the algorithm do not
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segment a term correctly. For example, for the term “비접촉형”(contactless), the correct
segmentation is 비(not)-접촉(contact)-형(type). However, it is segmented as 비접-촉-형 so
that the wrong word, “비접”(convalescing), is retrieved.

3.4 Different Expressions Used in Korean and Chinese

In some topics, different expressions used in Korean and Chinese may cause translation prob-
lems. In one of the topic, the word “10대” refers to people aged between 10 and 19. Similarly,
“20대” means people aged from 20 to 29. Therefore, the corresponding translation of the word
“10대” in this topic is “青少年” (teenager). However, our system translates the numbers and
the Hangul characters separately so that the final translation is “10代” (ten generations). This
is a semantic problem that our system has difficulty coping with.

Another problem relates to abbreviations used in Chinese. For instance, in another topic,
“왜국인 노동자” (foreign worker) is translated into “外國人勞工” (foreign worker) by our
system. However, in Taiwanese newspapers, the abbreviation “外勞” , which is composed of
the first characters of the two words : “外國人” (foreigner) and “勞工” (worker), is used more
frequently. Our translation in one of the topic for the phrases “원자능 반대” is “反對 核能”
(anti-nuclear), but the abbreviation “反核” is frequently used.

4 Conclusions and Future Works

We have described our Korean-Chinese CLIR system. It is based on a query-translation ap-
proach and uses a general Korean-Chinese dictionary and Wikipedia to translate words and
terms. To obtain person names, we use the Naver people search website and the CNA translit-
eration table to translate the names.

We have evaluated the performance of our Korean-Chinese CLIR system with the Korean
topics and the Chinese document collection which is provided by NTCIR-6 CLIR task. Our
translation method is effective, but there are still some cases where the precision is low. We
believe the problems are due to the limitations of the dictionaries, the different phraseology
used in Taiwan and China, and the expressions used in Chinese and Korean.

In our future work, we will apply a Chinese thesaurus to overcome the problem of different
Chinese phraseology and use more bilingual dictionaries to reduce the number of unknown
words. We will also incorporate a query expansion method into our CLIR system to improve
its precision.
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Abstract 

In this paper, we propose several compensation approaches to alleviate the effect of additive 
noise on speech features for speech recognition. These approaches are simple yet efficient noise 
reduction techniques that use online constructed pseudo stereo codebooks to evaluate the statistics in 
both clean and noisy environments. The process yields transforms for noise-corrupted speech features 
to make them closer to their clean counterparts. We apply these compensation approaches on various 
well- known speech features, including mel-frequency cepstral coefficients (MFCC), autocorrelation 
mel-frequency cepstral coefficients (AMFCC), linear prediction cepstral coefficients (LPCC) and 
perceptual linear prediction cepstral coefficients (PLPCC). Experimental results conducted on the 
Aurora-2 database show that the proposed approaches provide all types of the features with a 
significant performance gain when compared to the baseline results and those obtained by using the 
conventional utterance-based cepstral mean and variance normalization (CMVN). 

ᣂ᝶ဲΚ۞೯፿ଃᙃᢝΕဠᚵᠨຏሐᒘ᡻Εଙ᙮ᢜอૠᇖᚍऄΕᒵ່ࢤ՛ֱؓូڃऄΕԲ່ڻ

՛ֱؓូڃऄ 

Keywords: automatic speech recognitionΕpseudo stereo codebooksΕcepstral statistics compensation, 
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linear least squares regression, quadratic least squares regression 
 

ԫΕፃᓵ 
ᇢ፿ଃऱྒྷࠌऱਢؾᠧಛᛩቼՀΔኙ፿ଃ௽ᐛ೶ᑇᇖᚍऄऱ൶ಘΔࢤګףڇ૞ૹរਢ׌ᓵ֮ء

อૠ௽ڇࢤᆖመᇖᚍ৵౨ޓ൷२ಝᒭ፿ଃऱอૠ௽ࢤΖ 
ᨠኘࠟᣊ௽ᐛ೶ᑇᇖࠀՕᣊ௽ᐛ೶ᑇᇖᚍऄΔࠟٽ๬࿨ݾ࠷؄ጟ፿ଃ௽ᐛ೶ᑇឯشଚሎݺ

ᚍऄհၴऱ஁ฆፖᚌ౒រΖءᓵ֮խࢬಘᓵऱࠟՕᣊ௽ᐛ೶ᑇᇖᚍऄ։ܑ੡Κ 
 ๵֏ऄإ੄ᆵ੡ഗ៕հ௽ᐛ೶ᑇא(1)
๵֏ऄإଙ᙮ᢜؓ݁ፖ᧢ฆᑇڤႚอऱᖞ੄ܛ  [1](utterance-based cepstral mean and 
variance normalizationΔU-CMVN)ፖ։੄ڤଙ᙮ᢜؓ݁ፖ᧢ฆᑇإ๵֏ऄ[2](segmental cepstral 
mean and variance normalizationΔS-CMVN)Ζছृਢאԫᖞ੄፿؁੡ഗᄷ۷װጩᇠፂ௽ᐛ೶ᑇऱ
อૠଖΔࠀച۩௽ᐛ೶ᑇإ๵֏ऄΙ৵ृঞਢലޢ੄፿א؁ԫ՛੄ऱׂ੄੡ഗᄷΔ۷װጩᇠׂ

੄ऱอૠଖΔྥ৵ച۩௽ᐛ೶ᑇإ๵֏Ζ 
 ᒘ᡻੡ഗ៕հ௽ᐛ೶ᑇᇖᚍऄא(2)
 ੡Աޓ壄ᒔ۷ྒྷچ፿ଃ௽ᐛ೶ᑇอૠଖΔאച۩௽ᐛ೶ᑇᇖᚍፖإ๵֏ऄၞۖ௣ೈᠧಛᐙ

᥼Δݺଚ༼נຘመဠᚵᠨຏሐᒘ᡻Δࠐᚥݺܗଚޓᄷᒔ۷چጩזנ।ಝᒭ፿ଃፖྒྷᇢ፿ଃऱอ

ૠଖΔط៶ࠀለᄷᒔऱอૠଖࠐച۩௽ᐛ೶ᑇᇖᚍΔא༼֒ᙃᢝய෷ΖࠡխܶץԿጟֱऄΚଙ

᙮ᢜอૠᇖᚍऄ(cepstral statistics compensation, CSC)Εᒵ່ࢤ՛ֱؓូڃऄ(linear least squares 
regression, LLS)ፖԲ່ڻ՛ֱؓូڃऄ(quadratic least squares regression, QLS)Ζ 

࿓ΖรԿີտੌ࠷ࢼऱ؄ጟ፿ଃ௽ᐛ೶ᑇشࠌࢬᓵ֮ءଚ១໢տฯݺհ৵ऱรԲີᇙΔڇ

ฯႚอհא੄ᆵ੡ഗ៕௽ᐛ೶ᑇإ๵֏ऄΔร؄ີհಘᓵܛ੡ءᓵ֮հૹរΚץਔဠᚵᠨຏሐ

ᒘ᡻ऱ৬ֱمऄΔ֗Կጟאᒘ᡻੡ഗ៕հ௽ᐛ೶ᑇᇖᚍऄΖรնີፖรքີ։ܑ੡ኔ᧭ᛩቼտ

ฯፖኔ᧭࿨࣠֗ಘᓵΖ່৵ΔรքີܶץԱ១૞ऱ࿨ᓵΖ  
 

ԲΕٺጟ፿ଃಛᇆ௽ᐛ೶ᑇੌ࠷ࢼ࿓ऱտฯ 
࿓Δ։ܑ੡මዿଙ᙮ᢜੌ࠷ࢼऱ፿ଃ௽ᐛ೶ᑇ֗ࠡش፿ଃಛᇆ๠෻խ؄ጟൄڇᆏտฯີء

এᑇ(mel-frequency cepstral coefficientsΔMFCC)Ε۞ઌᣂමዿଙ᙮ᢜএᑇ[3](autocorrelation 
mel-frequency cepstral coefficientsΔAMFCC )Εᒵࢤቃྒྷଙ᙮ᢜএᑇ[4][5](linear prediction cepstral 
coefficientsΔLPCC)֗אტवᒵࢤቃྒྷଙ᙮ᢜএᑇ [6](perceptual linear prediction cepstral 
coefficientsΔPLPCC)Ζ ݺଚലشࠌຍ؄ጟ፿ଃ௽ᐛ೶ᑇࠐ᧭ᢞءᓵ֮נ༽ࢬऱൎ೜ࢤ፿ଃ௽
ᐛ೶ᑇݾ๬Δ׊ࠀፖࠡהൎ೜ֱࢤऄሎڇشຍ؄ጟ௽ᐛ೶ᑇՂ೚ֺለΖ 
(ԫ) මዿଙ᙮ᢜএᑇ (mel-frequency cepstral coefficientsΔMFCC) 
ቹԫ੡මዿଙ᙮ᢜএᑇឯੌ࠷࿓ቹΔමዿଙ᙮ᢜএᑇ࿨ٽԱԳڇ࿇ଃՂፖᦫᤚՂऱ壆ࢤڍᔆΔ

ਢؾছ፿ଃઔߒՂΔ່ൄ๯شࠌऱ௽ᐛ೶ᑇΖ  
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ቹԫΕමዿଙ᙮ᢜ௽ᐛឯੌ࠷࿓ቹ 

 
(Բ) ۞ઌᣂමዿଙ᙮ᢜএᑇ (autocorrelation mel-frequency cepstral coefficientsΔAMFCC) 
 ۞ઌᣂමዿଙ᙮ᢜএᑇਢشܓ۞ઌᣂ٨ݧ࿨ٽමዿଙ᙮ᢜএᑇޡ࠷ޣᨏࠐ೚௽ᐛ೶ᑇࢼ

 ઌᣂএᑇ(biased۞ڤฝೣࠡ࠷ԫଃ௃փऱ፿ଃಛᇆᆖመዧࣔီ࿗๠෻৵ΔڇܛΔࠡੌ࿓[1]࠷
autocorrelation coefficients)Δࠀඍඵࠡছጤપ 2msএᑇ৵Δ٦ᆖመԫ້ᅖီ࿗܅૾א೏᙮யᚨΖ
ೈԱՂ૪ޡᨏ؆Δࠡ塒࠷᙮ᢜΕኙᑇ᠏ང֗ᠦཋ塒࢐᠏ང࿛ੌ࿓Δઃፖමዿଙ᙮ᢜএᑇੌ࠷ࢼ

࿓ઌٵΖቹԲ੡۞ઌᣂමዿଙ᙮ᢜএᑇհੌ࠷ࢼ࿓Ζ 
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ቹԲΕ۞ઌᣂමዿଙ᙮ᢜ௽ᐛឯੌ࠷࿓ቹ 
 (Կ) ᒵࢤቃྒྷଙ᙮ᢜএᑇ(linear prediction cepstral coefficientsΔLPCC) 

ᒵࢤቃྒྷ(linear prediction)ऱഗء଺෻ਢ೗๻ؾছऱᜢଃ࠷ᑌଖڇطױছ૿ऱ p ଡ࠷ᑌ
ଖΔאᒵࠐٽิࢤቃྒྷΖቹԿܛ੡ᒵࢤቃྒྷଙ᙮ᢜএᑇհឯੌ࠷࿓ቹΖٵڕছࠟጟ௽ᐛ೶ᑇឯ

۞ࠡ࠷ԫ՛੄ऱଃ௃ፖዧࣔီ࿗ऱ๠෻৵ڍ๺ګ໊֊ଚല፿ଃಛᇆᆖመቃൎᓳ৵Δݺ๬Δݾ࠷

ઌᣂএᑇΔຘመ Levinson Durbin ዝጩऄޣ൓ᒵࢤቃྒྷএᑇΔ່৵ലᒵࢤቃྒྷএᑇ᠏ངګଙ᙮
ᢜΔঁ൓ࠩᒵࢤቃྒྷଙ᙮ᢜএᑇ(linear prediction cepstral coefficientsΔLPCC)Ζ 
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Ծ࣬ᜢϩॣ݋ਣϯ

 
ቹԿΕᒵࢤቃྒྷଙ᙮ᢜ௽ᐛឯੌ࠷࿓ቹ 

 
(؄) ტवᒵࢤቃྒྷଙ᙮ᢜএᑇ(perceptual linear prediction cepstral coefficientsΔPLPCC) 

ტवᒵࢤቃྒྷଙ᙮ᢜএᑇऱឯੌ࠷࿓ቹڕቹ؄Δፖᒵࢤቃྒྷএᑇଙ᙮ᢜឯੌ࠷࿓լٵհ๠

᙮෷ீᄷ(frequency warping)ऱ๠෻Ζ(2)܂᙮ᢜ࣍Κ(1)،ᆖመᑓᚵԳۘऱමዿៀंᕴิΔኙ࣍ڇ
ᆖመቃൎᓳ৵ऱൎ৫᙮ᢜ࣍ᒵ(equal loudness curve)ኙൎ৫᙮ᢜ೚ቃൎᓳΖ(3)ኙڴ࿛᥼৫شܓ،
Ζຍ܂ኙൎ৫ፖ᥼৫հၴ೚ீᄷ(intensity-loudness warping)ऱ೯࣍௅(cubic root)ΔઌᅝֱڻԿ࠷
 ೚ऱΖۖࢤຟਢಾኙԳऱᦫᤚ௽᧢ޏࠄ
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ቹ؄Εტवᒵࢤቃྒྷଙ᙮ᢜএᑇऱឯੌ࠷࿓ቹ 
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ԿΕᖞ੄ڤፖ։੄ڤհൎ೜ࢤ፿ଃ௽ᐛ࿛֏ݾ๬ 
 ଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(CMVN)ਢൄ๯ࠐشࠌൎ೜፿ଃ௽ᐛ೶ᑇऱֱऄհԫΔࠡ
௣ೈᠧಛኙ፿ଃऱঁאԫፂଙ᙮ᢜ௽ᐛ೶ᑇ೚อૠၦऱᓳᖞΔޢऄਢലԫຑۭ፿ଃᇷறխऱ܂

ᐙ᥼Ι܂ڇऄՂΔᖞ੄ڤऱଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ[1](U-CMVN)ਢشܓԫᖞ੄፿ଃ௽
ᐛ݁ؓ࠷ޣଖፖ᧢ฆᑇΔشࢬڼڂऱଃ௃९৫ᙟ௽ᐛএᑇ٨ݧ९࿍ۖฆΔۖ։੄ڤଙ᙮ᢜؓ݁

ଖፖ᧢ฆᑇإ๵֏ऄ[2](S-CMVN)ऱ܂ऄΔਢലޢԫፂ፿ଃ௽ᐛ೶ᑇΔאᅝழऱଃ௃੡խ֨Δ
ኙࠡছ৵ᑇԼଡଃ௃೚։੄อૠၦऱૠጩΔྥ৵ኙᅝՀऱଃ௃إ܂๵֏๠෻ΔאՀല։ܑኙຍ

ࠟጟֱऄᇡףտฯΖ 

 
(ԫ ) ᖞ੄ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ (utterance-based cepstral mean and variance 
normalizationΔU-CMVN) 
 ೓෣ऱ፿ଃಛᇆڇᆖመࢤګףᠧಛեឫ৵Δࠡଙ᙮ᢜհؓ݁ଖᄎࡉ଺ءऱ೓෣፿ଃଙ᙮ᢜ

ऱؓ݁ଖհၴᄎڇژԫଡೣฝၦΔۖࠡ᧢ฆᑇઌኙ࣍೓෣፿ଃ௽ᐛ೶ᑇۖߢঞᄎڶᚘᜍࢤΔڂ

ଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇ࿛֏ऄشࠌᙃᢝய࣠Ζۖ܅಻ۖ૾֐ಝᒭፖྒྷᇢ௽ᐛऱլګᄎທڼ

[1](CMVN)ױലޢԫፂଙ᙮ᢜ௽ᐛ೶ᑇհؓ݁ଖ֏੡ሿΔࠀലࠡ᧢ฆᑇإ๵֏੡ 1Δຍᑌ༉౨
 ΖࢤΔၞۖ༼֒ଙ᙮ᢜ೶ᑇऱൎ೜ࢤᘯऱೣฝၦፖᚘᜍࢬՂ૪܅૾

ᖞ੄ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇ࿛֏ऄऱ܂ऄڤ)ڕ 3-1)Δ೗๻ , 1,2, ,Y n n N ੡ԫط፿

ଃᇷறឯࢬ࠷൓ࠩऱਬԫፂଙ᙮ᢜ௽ᐛ೶ᑇ٨ݧΔۖᆖመᖞ੄ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇ࿛֏ऄ

๠෻৵Δ൓ࠩᄅऱ௽ᐛ೶ᑇ , 1,2, ,U CMVNY n n N Δࠡխऱ , 1,2, ,U CMVNY n n N ؓ݁ଖ

ፖᑑᄷ஁ਢᆖطᖞ੄፿ଃऱଃ௃ۖ࠷ޣ൓Δ(2-3)ڤڕፖ(3-3)ڤΖ 

 

              [ ]
[ ] , 1,2,....,Y

U CMVN
Y

Y n
Y n n N            ( ڤ 3 - 1 ) 

ࠡխ 

                
1

1
[ ]

N

Y
n

Y n
N

ڤ)                                 3 - 2 ) 

             2

1

1
( [ ] )

N

Y Y
n

Y n
N

ڤ)                          3 - 3 ) 

 
(Բ ) ։੄ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ (segmental cepstral mean and variance 
normalizationΔSCMVN) 
๵֏ऄ[2]إଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇڤ๵֏ऄΔ։੄إଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇڤᖞ੄ٵڕ 
๵֏ழΔࠡإऱਢٵᠧಛኙ፿ଃऱեឫΔլ܅ऱٍਢ૾ؾ ؓ݁ଖፖ᧢ฆᑇਢ։੄ޣ൓ۖॺᖞ੄Δ

ڤ)ڕ 3-4)Ε(ڤ 3-5)ፖ(ڤ 3-6)Ζ೗๻ᅝร n ଡଃ௃੡ᅝழऱإ๵֏հ௽ᐛ೶ᑇΔঞࠡছ P/2 ଡ
ଃ௃ፖࠡ৵ P/2ଡଃ௃ऱ೶ᑇઃ࠷ޣאشอૠଖΖՈ༉ਢᎅΔ९৫੡ P+1ऱီ࿗ڇԫ੄፿ଃ௽
ᐛऱழၴၗՂ܂ᖩฝΔီ࿗ऱխ֨រז।ᅝழऱଃ௃Δࠡছ৵ऱ P/2 ଡଃ௃੡ࠡ࠷ޣอૠଖհ
ׂ੄Δച۩ؓ݁ଖፖ᧢ฆᑇإ๵֏Ζ۟࣍፿؁խছ੄ऱ௽ᐛٻၦխΔ࣍ط௽ᐛٻၦᑇ࣍֟ؾ

P/2 Δ࠷ޣאࢬอૠଖհ९৫੡௽ᐛ೶ᑇऱದࡨଃ௃۟ᇠଃ௃ऱ৵ P/2 ଃ௃Ι፿؁խ৵੄հޣ
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 ቹնΖڕऄق൓Δࠡ।ױ෻ٵอૠଖհ९৫ٍ࠷
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P/21
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P/2 1

 
ቹնΕ௽ᐛ೶ᑇᆖ։੄إ๵֏ီ࿗๠෻ऱقრቹ 

 
(Կ) ಘᓵ 
ಝ܅૾ࠐ๵֏ଙ᙮ᢜอૠଖΔإط៶ඨݦऱຟਢؾ๵֏ऄإտฯࠟጟ፿ଃ௽ᐛ೶ᑇࢬີء 

ᒭ፿ଃፖྒྷᇢ፿ଃհၴऱլ֐಻ΖࠡխΔᖞ੄ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(U-CMVN)ਢ
Հאڇژऄֱڼૠጩ௽ᐛ೶ᑇऱอૠଖΔച۩Ղֺለ១໢Δլመװଃ௃Δڶࢬԫᖞ੄፿ଃऱא

༓ଡ౒រΚ(1)ڇ፿ଃ௽ᐛ೶ᑇឯੌ࠷࿓խΔڇ൓່ࠩ৵ԫଡଃ௃ছΔݺଚྤऄച۩ U-CMVNΖ
אࢬ๵֏ऱഗ៕Δإ۩௽ᐛ೶ᑇऱଃ௃Δᅝ೚อૠଖऱૠጩፖၞڶࢬԫᖞ੄፿ᓳխא੡،ਢڂ

U-CMVNਢྤऄאᒵՂֱڤ(on-line manner)ച۩ऱΖࢬᘯᒵՂֱڤ(on-line manner)Δݺܛଚڇ
ឯޢ࠷ԫ੄ଙ᙮ᢜ௽ᐛ೶ᑇ৵Δܛאழ(real-time)ऱֱڤૠጩנ᥆࣍ᇠ௽ᐛ೶ᑇհอૠଖΔࠀച
ࡨଚྤऄ൳ࠫ଺ݺ܀ΔైڂհࢤᒔإΖ(2)ԫ੄፿ଃऱଃ௃ᑇຏൄਢᐙ᥼อૠଖ܂๵֏ऱ೯إ۩
ԫᖞ੄፿ଃऱ९࿍Ζ(3)ڂ੡լٵᜢᖂ໢ۯ(acoustic units)ऱ९৫᜔ࢨᑇၦΔڇլٵ੄፿ଃհၴᄎ
Ζٵ౨ᄎլױԫ੄፿ଃխ׼ڇ๵֏৵ऱ௽ᐛ೶ᑇΔإ๯ۯԫଡᜢᖂ໢ٵԫ੄፿ଃխאࢬΔ֏᧢ڶ

ቹք (a)ਢൕ AURORA2 խ೓෣ऱಝᒭ፿ற஄խΔԿ੄լٵ፿ଃ "FAC_1911446"Δ
"FAC_1473533A"ፖ"FAC_1O1"ឯנ࠷ᜢᖂ໢ۯ"one"հ଺ࡨรԫፂଙ᙮ᢜ೶ᑇ c1հᔚኢΙቹք
(b)ঞਢቹք(a)ᆖመ U-CMVN ๠෻৵ऱठءΖൕቹք(a)ױ࿇෼آᆖ CMVN ๠෻ऱ c1Δࠡᔚኢ
णउΙ֘ᨠቹք(b)Δ܉ऱ։ۿઌڶຍԿଡᒤ໮փ(Δ[-11.6Δ13.0]֗[-11.0Δ15.0][10.3Δ12.8-])ڇ
๵֏৵Կଡإࠌ๵֏Δإ܂ऱؓ݁ଖፖ᧢ฆᑇٵ፿ଃխऱ௽ᐛ೶ᑇਢ๯լٵ੡լڂ c1ऱᔚኢ᧢
൓լ֜ઌٵΔ،ଚऱ։܉णउڇ([-0.5Δ2.0]Δ[-0.5Δ2.8]֗[-1.1Δ2.3])ΔຍԿଡᒤ໮ᇿհছઌֺ
ՀਢֺለլٵऱΖ 
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(a) (b) 

ቹքΚAURORA2 խ೓෣ऱಝᒭ፿ற஄խΔԿ੄լٵ፿ଃ"FAC_1911446"Δ"FAC_1473533A"
ፖ"FAC_1O1"ឯנ࠷ᜢᖂ໢ۯ"one"հ(a)଺ࡨรԫፂමዿଙ᙮ᢜ௽ᐛ c1 ᔚኢ(b)ᆖ U-CMVN ๠
෻৵รԫፂමዿଙ᙮ᢜ௽ᐛ c1ᔚኢ 

 
ૠࠐ९ऱ։੄ီ࿗ࡳࡐฝ೯ԫא๵֏ऄΔ،ਢإଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇڤԫֱ૿Δ։੄׼

ጩإ๵֏ޢଡଃ௃ࢬ૞ࠩشऱอૠଖΔ܂ࠀอૠଖإ๵֏ऄΖ೗ݺڕଚࠌ൓ᇠ։੄ီ࿗ജ࿍ऱ

ᇩΔڇച۩Ղ،ਢאױለ൷२࣍ᒵՂֱڤ(on-line manner)ऱΖ٦ृΔڂ੡ڇԫଡ࿍։੄խऱᜢ
ᖂ໢᜔ۯᑇؾઌኙۖߢለ֟Δشࠌאࢬ։੄ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄΔ܅૾ױઌٵᜢ

ᖂ໢ڇۯլٵ੄፿ଃၴऱ௽ᐛ೶ᑇ᧢ฆࢤΖۖ௅ᖕհ৵ऱኔ᧭࿨࣠᧩قΔشࠌ։੄ڤଙ᙮ᢜؓ

݁ଖፖ᧢ฆᑇإ๵֏ऄ(S-CMVN)ءڇᓵ֮խشࢬհ؄ጟ፿ଃ௽ᐛ೶ᑇՂ(MFCCΕAMFCCΕ
LPCCΕPLPCC)Δࢬ൓ࠩऱᙃᢝய Δ࣠ऱᒔֺױᖞ੄ڤଙ᙮ᢜؓ݁ଖፖ᧢ฆᑇإ๵֏ऄ(U-CMVN)
ய࣠ࠐ൓ړΖຍՈၴ൷ᢞࣔԱΔא։੄ၞڤ۩௽ᐛ೶ᑇอૠଖऱ۷ጩΔઌኙ࣍ᖞ੄ࠐڤऱᄷᒔΖ

ᠧಛ܅૾ףޓ൓ࠩհ௽ᐛ೶ᑇՈ౨ࢬ๵֏ऄإऱอૠଖΔၞ۩௽ᐛ೶ᑇอૠଖנছृ۷ጩאۖ

ኙ፿ଃऱᐙ᥼Ζ 

 
؄Εሎشဠᚵᠨຏሐᒘ᡻੡ഗ៕հᠧಛൎ೜ݾ๬ऱտฯ 

 ੡ଙ᙮ᢜอૠᇖᚍऄ[7](cepstralݧࠉ๬ΔݾԿጟ௽ᐛ೶ᑇᇖᚍऄ፿ଃൎ೜נ༽ࢬᓵ֮ء
statistics compensationΔCSC)Εᒵ່ࢤ՛ֱؓូڃऄ[7](linear least squares regressionΔLLS)֗א
Բֱ່ڻ՛ֱؓូڃऄ[7](quadratic least squares regressionΔQLS)Ζڇച۩ຍ༓ଡ௽ᐛ೶ᑇᇖᚍ
ऄছΔݺଚ٣ಝᒭࠟิ։ܑז।೓෣፿ଃፖᠧಛ፿ଃऱᒘ᡻(codebooks)Δݺଚጠհ੡ဠᚵᠨຏ
ሐᒘ᡻(pseudo stereo codebooks)Ζ៶طຍࠟิᒘ᡻ऱشࠌΔݺଚ൓א࿇୶Ղ૪Կጟ௽ᐛ೶ᑇᇖ
ᚍऄΖ 
 ሎࢬشᘯऱဠᚵᠨຏሐᒘ᡻ࠐૠጩ೓෣፿ଃፖܶᠧಛ፿ଃհอૠଖΔၞۖച۩Կጟ྇܅ᠧ

ಛऱݾ؏ਢ១໢ۖԾڶய෷ऱΖଙ᙮ᢜอૠᇖᚍऄ(CSC)Εᒵ່ࢤ՛ֱؓូڃऄ(LLS)֗אԲڻ
ֱ່՛ֱؓូڃऄ(QLS)ΔຍԿጟ௽ᐛ೶ᑇอૠၦᇖᚍऄऱᄗ࢚༉ਢኙܶᠧಛհ፿ଃଙ᙮ᢜএ
ᑇ೚᠏ང(transformation)Δࠌ൓ᆖመ᠏ང৵ऱ፿ଃଙ᙮ᢜࠡอૠଖޓઌ࣍ۿ೓෣ಝᒭ፿ଃଙ᙮
ᢜऱอૠଖΔၞۖ༼֒፿ଃᙃᎁൎ೜ࢤΖ 
(ԫ) ဠᚵᠨຏሐᒘ᡻հ৬ֱمऄ 
Δଈ٣قࢬቹԮڕᨏޡऄΔֱࠡم࿓ऱဠᚵᠨຏሐᒘ᡻հ৬ੌ࠷ᓵ֮խ؄ጟ፿ଃ௽ᐛ೶ᑇឯء
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ؘႊڇឯאشڶࢬ࠷ಝᒭհ೓෣፿ଃಛᇆऱMFCCΕAMFCCΕLPCCΕPLPCCլٵऱଙ᙮ᢜ௽
ᐛ೶ᑇխΔঅఎՀࠠڶ፿ଃፖᠧಛ੡ᒵࢤઌף௽ࢤऱխտ௽ᐛ೶ᑇ(intermediate feature)Δലຍ
ፖྒྷᇢ፿ଃڗऱᒘڶࢬ೓෣፿ଃᒘ᡻խڼԫิᒘ᡻Δ൷ထലګ೓෣፿ଃऱխտ௽ᐛ೶ᑇಝᒭࠄ

խࢬᙇ࠷ऱԫ੄ొᠧಛհխտ௽ᐛ೶ᑇ܂ᒵࢤઌףΔױঁڼڕ൓ࠩࠟิ։ܑז।೓෣፿ଃፖྒྷ

ᇢ፿ଃڇᇠխտ௽ᐛ೶ᑇ഑խऱᒘ᡻Δ່৵ലຍࠟิխտ௽ᐛ೶ᑇऱᒘ᡻᠏ࠩଙ᙮ᢜ഑խΔא

।೓෣፿ଃፖᠧಛ፿ଃऱଙ᙮ᢜ௽ᐛ೶ᑇᒘ᡻Δז։ܑิࠟڼհ৵௽ᐛᇖᚍዝጩऄऱၞ۩Δܓ

    ଚጠհ੡ဠᚵᠨຏሐᒘ᡻ (pseudo stereo codebooks)Ζݺ

 
   

x n

[ ]n p

x n

аVQࡌҥ΋ಔڀж܄߄
ዸᛛޑ

ᙯඤԿॹᓎ᛼ୱ

ଳృᇟॣॹᓎ᛼ዸᛛ

Ԗଳృ૽ግᇟ਑ϐ܌
ύϟ੝ቻୖኧ

ᆄપᚇૻ߻

ᙯඤԿॹᓎ᛼ୱ

ᚇૻᇟॣॹᓎ᛼ዸᛛ

ᙯඤԿॹᓎ᛼ୱ

CSCǵLLS܈QLS

؂΋ѡᚇૻᕉნෳ၂
ᇟ਑ϐύϟ੝ቻୖኧ

࿶ၸံᓭࡕϐෳ၂ᇟॣॹᓎ᛼੝ቻୖኧ

[ ]f x n ( [ ])f y m

[ ] [ ] [ ]y m x n n p

[ ]y m

iy

( )cep iy

x

 

 ቹԮΚဠᚵᠨຏሐᒘ᡻հ৬مਮዌ֗אဠᚵᠨຏሐᒘ᡻ച۩௽ᐛ೶ᑇᇖᚍऄհੌ࿓ቹ 

 
ဠᚵᠨຏሐᒘ᡻հ৬مመ࿓ᇡ૪ڕՀΚ 

ଈ٣ല፿ற஄խڶࢬ೓෣፿றऱޢԫ੄፿ଃΔຘመ௽ᐛ೶ᑇឯੌ࠷࿓᠏ངګԫ٨ݧऱխտ

௽ᐛٻၦΔڕ।ԫࢬ૪Ζຍڶࢬطࠄ೓෣፿றऱ፿ᓳࢬ൓ࠩऱխտ௽ᐛٻၦΔຘመٻၦၦ֏

(vector quantizationΔVQ)৵ױ৬ګمԫิܶץ Nଡᒘڗ(codewords)ऱႃٽΔא{ [ ],1 }n n Nx ।

ᨏޡ࠷ᆖመໍՀऱ௽ᐛ೶ᑇឯױΔຟڗᒘڶࢬխտ௽ᐛ೶ᑇ഑Ղऱ೓෣፿ଃᒘ᡻խڇΖຍิق

᠏ང۟ଙ᙮ᢜ഑Δڤ)ڕ  Κقࢬ(4-1
              [ ] [ ]n f nx x Δ ڤ)                                4 - 1 ) 
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।ԫΚءᓵ֮խشࠌࢬհ؄ጟ፿ଃ௽ᐛ೶ᑇΔ֗ࠡࠠໂ፿ଃፖᠧಛᒵࢤઌף௽ࢤհխտ௽ᐛ೶

ᑇΖ 

ଙ᙮ᢜ௽ᐛ೶ᑇীኪ ࠠໂ፿ଃፖᠧಛᒵࢤઌףհխտ௽ᐛ೶ᑇ 

මዿଙ᙮ᢜএᑇ(MFCC) මዿ᙮ᢜ(mel-spectrum) 

۞ઌᣂමዿଙ᙮ᢜএᑇ

(AMFCC) 

මዿ᙮ᢜ(mel-spectrum) 

ᒵࢤቃྒྷଙ᙮ᢜএᑇ 

(LPCC) 

۞ઌᣂএᑇ(autocorrelation coefficients)Εൎ৫᙮ᢜ

(magnitude spectrum) 

ტवᒵࢤቃྒྷଙ᙮ᢜএᑇ

(PLPCC) 

۞ઌᣂএᑇ(autocorrelation coefficients)Εൎ৫᙮ᢜ

(magnitude spectrum) 

 
ࠡխ .f ੡᠏ངࠤᑇΔ،ਢᙟထݺଚࢬᙇᖗऱ௽ᐛ೶ᑇীኪۖլٵΖڼڂ [ ],1n n Nx ຍิ

ᆖ᠏ང۟ଙ᙮ᢜ഑ऱᒘ᡻Δܛጠհ੡೓෣፿ଃऱଙ᙮ᢜᒘ᡻Ζ 
ᔾױԫิم৬װ੄១࿍ऱྒྷᇢ፿ଃ੡ഗ៕Δޢא٤ݙ੡૞ڂᠧಛऱྒྷᇢ፿ଃֱ૿Δܶ࣍۟

ऱᒘڗਢৰܺᣄऱΔݺאࢬଚᇢထ៶ط೓෣፿ଃڇխտ௽ᐛ೶ᑇ഑ՂऱᒘڗΔࠐ৬مኙᚨ۟ᇠ

੄ऱܶᠧಛհྒྷᇢ፿ଃऱᒘ᡻ΖޡᨏڕՀΚ 
ኙ࣍ԫ੄ྒྷᇢ፿ଃΔݺଚ೗๻۷ૠࠩऱొᠧಛڇխտ௽ᐛ೶ᑇ഑Ղشױԫิٻၦזࠐ।Δ

א [ ],1p p Pn ।قΖڂ੡೓෣፿ଃፖᠧಛڇխտ௽ᐛ೶ᑇ഑Ղਢ२ۿᒵࢤઌףऱΔܶڼڂ

ᠧಛ፿ଃऱᒘױڗ।ڤ)ګق 4-2)Κ 
  ( 1)[ ] | [ ] [ ]m n P pm n py x n ڤ)                             4-2) 

൷ထݺଚല my ᆖመໍՀऱ௽ᐛ೶ᑇឯޡ࠷ᨏ᠏ང۟ଙ᙮ᢜ഑Δڤ)ڕ  Κقࢬ(4-3
[ ] ( [ ])m f my y ڤ)                                        4-3) 

}Δڼڂ [ ],1 }m m NPy ຍิᒘזܛڗ।ᠧಛ፿ଃڇଙ᙮ᢜ഑Ղऱᒘ᡻Ζ{ [ ]}nx  ፖ{ [ ]}my ຍࠟ

ิᒘױڗ։ܑז।೓෣ಝᒭ፿ଃፖᠧಛྒྷᇢ፿ଃΔݺଚጠհ੡ဠᚵᠨຏሐᒘ᡻(pseudo stereo 
codebooks)Ζࢬᘯ"ဠᚵ"Δڂܛ੡ᠧಛ፿ଃऱᒘ᡻ࠀॺऴ൷طᠧಛ፿ଃ൓ࠩऱΔۖਢຘመ࿨ٽ೓
෣፿ଃᒘ᡻ፖᠧಛ۷ጩଖࢬ൓ࠩऱΖଖ൓ࣹრऱਢΔݺଚڇ৬م೓෣፿ଃᒘ᡻ nx ழਢԫڻ

ല፿ற஄խڶࢬ೓෣ಝᒭ፿ଃ೚๠෻Δຍਢ᥆࣍ॺᒵՂֱڤ(off-line manner)ऱ๠෻ΖլመΔᅝ
ᙁԵޢԫ੄լٵऱྒྷᇢ፿ଃΔࢨᠧಛᛩቼޏ᧢ழΔᠧಛ፿ଃᒘ᡻{ [ ]}my ؘႊᙟհޓᄅΖڂ੡ᠧ

ಛ۷ጩଖ [ ]pn }ᠧಛ፿ଃऱᒘ᡻ڼڂԫ੄ྒྷᇢ፿ଃऱছ༓ଡଃ௃൓ࠩΔޢאچษฃױ [ ]}my אױ

 ΖمᙈழၴऱሎጩൣउՀ৬࢏९ऱ֜ڶլᄎڇܛΔ(on-line manner)ڤ੡ᒵՂሎጩֱ׏ԫଡ༓ڇ
ᠧࢤګף܅૾אച۩Կጟ௽ᐛ೶ᑇᇖᚍऄΔࠐဠᚵᠨຏሐᒘ᡻੡ഗ៕אଚݺᓵ֮խΔءڇ 

ಛऱᐙ᥼ΖאՀΔݺଚኙԿጟ௽ᐛ೶ᑇᇖᚍऄ೚ݙᖞऱտฯΖ 

 
(Բ) ଙ᙮ᢜอૠᇖᚍऄ(cepstral statistics compensationΔCSC) 
ڤ)ڕ।೓෣፿ଃፖᠧಛ፿ଃऱอૠଖΔז։ܑנጩאױဠᚵᠨຏሐᒘ᡻Δشܓଚݺ  4-4)Ε
ڤ)  Κقࢬ(4-5

2 2
, , ,

1 1

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

N N

x i i x i i x i
n n

n n
N N

x x ڤ)                        4-4) 
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2 2
, , ,

1 1

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

NP NP

y i i y i i y i
m m

m m
NP NP

y y ڤ)                    4-5) 

ࠡխ( )iv ၦٻ।ԫଡٚრז vร i ፂٝګΔ ,x iፖ
2
,x i։ܑז।೓෣፿ଃ௽ᐛٻၦ xร i ፂऱؓ݁

ଖፖ᧢ฆᑇΙ ,y iፖ
2
,y i։ܑז।ᠧಛ፿ଃ௽ᐛٻၦ yร iፂऱؓ݁ଖፖ᧢ฆᑇΖאຍࠄอૠଖࠐ

ച۩ଙ᙮ᢜอૠଖᇖᚍऄΔݺଚ᠏ངޢԫ੄ᠧಛ፿ଃհଙ᙮ᢜٻၦΔڤ)ڕ 4-6)Κ             

,
, ,

,

( ) [ ]x i
i y i x ii

y i

z y ڤ)                                  4-6) 

)෻უऱൣउՀΔڇ )iz ፖ೓෣፿ଃ௽ᐛٻၦ( )ix ᄎڶઌٵऱؓ݁ଖፖ᧢ฆၦΔ࣍طᠧಛ፿ଃଙ᙮

ᢜऱਬࠄอૠଖ๯ᇖᚍΔࠌ൓ᇖᚍመ৵ऱᠧಛ፿ଃଙ᙮ᢜࠡอૠଖਢ२࣍ۿ೓෣፿ଃଙ᙮ᢜऱ

อૠଖΔݺڼڂଚലֱڼऄጠ੡ଙ᙮ᢜอૠᇖᚍऄ(cepstral statistics compensationΔCSC)Ζݺଚ
ڤ)ᐊޏڤݮఢೄऱشאױ 4-6)ऱଙ᙮ᢜอૠᇖᚍዝጩऄΔڤ)ڕ 4-7)Κ 
                        ( )y xz y ڤ)                          4 - 7 ) 

ࠡխ ,1 ,2 ,1 ,2[ , , ] , [ , ]T T
x x x y y y Δ ਢԫኙߡᒵ੡ , ,/i ix y հኙߡఢೄ(diagonal matrix)Ζ 

੡ຍࠟጟዝڂ๵֏ऄ(CMVN)Δإႚอऱଙ᙮ᢜؓ݁ፖ᧢ฆᑇۿਢᣊ࢚ኔՂΔCSCऱᄗࠃ 
ጩऄऱؾऱຟਢݦඨಝᒭ፿ଃፖྒྷᇢ፿ଃ౨൓ࠩઌۿऱอૠଖΖլመ CSCᖑڶՀ٨༓ႈᚌរΚ 
(1)CSCאױԫଡ༓׏੡ᒵՂֱڤ(on-line manner)ऱ๠෻࿓ࠐݧച۩Δڂ੡೓෣፿ଃऱᒘ᡻ਢࠃ
٣৬ړمऱΔۖڇ৬مᠧಛ፿ଃᒘ᡻ழࢬᏁऱᠧಛ۷ጩଖΔຏൄޢڇאױ੄ྒྷᇢ፿ଃऱছ༓ଡ

ଃ௃ࠐ൓ࠩΖ 
ڇ(2) CSCխΔอૠၦਢشܓಝᒭ፿ற஄խڶࢬಝᒭ፿ଃࢬ৬مऱᒘ᡻ࢬ൓Ιڇ܀ CMVNխΔ
ᄷᒔऱ௽ᐛޓ൓ޣଚݺܗቃཚᒘ᡻ᚥאױଚݺΔڼڂଖፖ᧢ฆၦΖ݁ؓࡳެװ໢ԫ፿؁شܓ׽

೶ᑇอૠଖΖ 
ڇ (3) CSCխΔઌٵᠧಛᛩቼՀլٵ፿؁ऱ௽ᐛ೶ᑇ൷࠹ઌٵऱ᠏ངΔຍࠌ൓լٵ፿؁հၴऱ
௽ᐛ೶ᑇΔڇኙᚨ۟ઌٵऱᜢᖂ໢ۯழΔ౨অ਍௽ᐛઌۿ৫Ζຍਢ CMVNྤऄ೚ࠩऱΔݺଚڇ
Ղԫີऱቹքբ೚ԱᎅࣔΖ 

 
(Կ) ᒵ່ࢤ՛ֱؓូڃऄ(linear least squares regressionΔLLS)ፖ Բ່ڻ՛ֱؓូڃऄ(quadratic 
least squares regressionΔQLS) 
 ऄ(polynomialូڃڤႈڍ࣍ऄຟਢ᥆ូڃ՛ֱ່ؓڻऄፖԲូڃ՛ֱ່ؓࢤຍᇙΔᒵڇ 
regression approaches)Δࠡᄗ࢚༉ਢݦඨᠧಛ፿ଃऱᒘ᡻Δڇຘመԫଡ᠏ངࠤᑇऱሎጩ৵౨ࡉ೓
෣፿ଃᒘ᡻ऱᖞ᧯၏ᠦਢ່՛ऱΔݺڼڕଚঁױቃཚΔᅝᠧಛ፿ଃଙ᙮ᢜᆖመઌٵ᠏ང৵Δᄎ

 ଚ೚ᇡาऱտฯΖݺՀא൷२೓෣፿ଃଙ᙮ᢜΖޓ
ڗଡᠧಛ፿ଃᒘޢଚवሐݺছ૿ऱտฯխΔڇ  my ኙᚨऱ೓෣፿ଃᒘڗ੡ [ ]nx Δࠡխ

/n m P ( . ।ྤقයٙၞۯሎጩΔP੡ొᠧಛऱٻၦᑇؾ)Δ [ ]nx ፖ [ ]my ຍࠟิᒘڗ։ܑ

।೓෣፿ଃፖᠧಛ፿ଃଙ᙮ᢜז xፖ yΖૉݺଚ౨ኙޢԫଡᠧಛ፿ଃᒘڗ [ ]my ࠤԫଡ᠏ངࠩބ

ᑇ Δࠌ൓ [ ]my ፖ [ ]nx հၴऱᖞ᧯၏ᠦਢ່՛ऱΔ߷ݺଚٽאױ෻ऱቃཚᠧಛ፿ଃଙ᙮ᢜ

yᆖ᠏ང৵ ( )y Δᄎޓ൷२೓෣፿ଃଙ᙮ᢜ xΖ੡Ա១໢ದߠΔݺଚ೗๻᠏ฝࠤᑇਢച۩ڇ yऱ

ԫፂՂΖ೗๻ޢ ( )i ਢ yऱร i ፂٝګऱ᠏ฝࠤᑇΔঞࡳᆠԫؾᑑࠤᑇ iJ ലࠌ൓ [ ]i i
my ፖ
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[ ]
i

nx ऱᖞ᧯ֱؓ၏ᠦ່՛Δڤ)ڕ 4-8)Κ 

2

1

[ ] [ ]
NP

i i i i
m

J m ny x ڤ)                              4-8) 

ࠡխ /n m P Δ೗๻ ( )i ਢԫଡ KڍڻႈڤΔঞ(ڤ 4-8)խא๠෻ ( )i ֏՛່ࠐ iJ Δ༉᧢ګ

ԫଡࠢীऱ່՛֏ֱؓ(least squares)ऱംᠲΔڤ)ڕ 4-9)Κ 
1

1 0
i K i K i

i K Ku a u a u a ڤ)               4-9) 

ڤ) 4-8)խऱؾᑑࠤᑇޏאױᐊٻګၦఢೄऱڤݮΔڤ)ڕ 4-10)Κ 
2

=i i i iJ Ya - b ڤ)                                      4-10) 
ࠡխఢೄ iY ऱร(m,n)ႈڤ)ڕ  Κقࢬ(4-11

1[ [ ] ] ,1 ,1 1K n
i mn i

m m NP n KY y ڤ)                  4-11) 

1               ׊ 0[ ]i i i T
i K Ka a aa Δ 

              1 2
T

i
i i i

NP
P P Pb x x x Ζ 

ڤႈڍ ( )i խ່՛֏ iJ ऱএᑇٻၦ ia ڤ)Հڕ੡່՛ֱؓᇞΔܛ 4-12)Κ 

1
�ˆ T T
i i i i ia Y Y Y b ڤ)                                       4-12) 

ଖ൓ࣹრऱਢΔڍႈڤ ( )i ऱڻᑇ K լאױ๻֜ՕΔאᝩڶ܍መ৫ᚵٽ(over-fitting)ൣउࢨլ

णउऱఢೄ(ill-conditional matrix)ߜ T
i iY YขسΖڼڂΔݺଚە׽ᐞ K = 1ፖ K = 2ࠟጟൣउΚᅝ

K = 1ழΔ᠏ฝࠤᑇ ( )i ਢԫଡᒵࠤࢤᑇΔݺଚጠհ੡ᒵ່ࢤ՛ֱؓូڃऄ(linear least squares 
regression, LLS)Ζᅝ K = 2ழ᠏ฝࠤᑇ ( )i ូڃ՛ֱ່ؓڻଚጠհ੡ԲݺᑇΔࠤڻ੡ԫଡԲܛ

ऄ(quadratic least squares regression, QLS)Ζ 
ຘመڇඨᠧಛ፿ଃऱᒘ᡻Δݦ༉ਢ࢚ऄऱᄗូڃڤႈڍຍࠟጟشΔࠩ༽ࢬࡨᆏԫၲءٵڕ

ԫଡ᠏ངࠤᑇऱሎጩ৵౨ࡉ೓෣፿ଃᒘ᡻ऱᖞ᧯၏ᠦਢ່՛ऱΔᅝᠧಛ፿ଃଙ᙮ᢜᆖመઌٵ᠏

ང৵ᄎޓ൷२೓෣፿ଃଙ᙮ᢜΔױঁڼڕ༼֒ᙃᢝய࣠Ζ 

 
նΕኔ᧭๻ࡳ 
 (ԫ) ፿ଃᇷற஄១տ 
 ᄎ(European Telecommunication Standard࠰ऱ፿ଃᇷற஄੡ᑛ੊ሽॾᑑᄷشࠌࢬᓵ֮ء 
InstituteΔETSI)࿇۩ऱ AURORA2፿ଃᇷற஄Δ،ਢԫ୚ຑᥛऱ૎֮ᑇۭڗڗΔփ୲ਢאભഏ
ԶጟΔ։ܑ੡ڶᠧಛ٥ࢤګףՂᠧಛፖຏሐயᚨΖףΔ٦ڗᙕ፹ऱ೓෣ᛩቼຑᥛᑇࢬՖߊڣګ

࿛Δছ؄ጟូᣊ੡ీ߫־Ε୶ᥦ塢Ε塊ᨚΕဩሐΕᖲ໱Ε߫޳ՀᥳΕԳᜢΕچ Set AΔ৵؄ጟូ
ᣊ੡ Set BΖ 
ಛᠧֺ(signal-to-noise ratio, SNR)ঞڶԮጟΔ։ܑ੡ 20dB, 15dB, 10dB, 5dB, 0dB. -5dBፖ٤ݙ೓
෣णኪΖ 

 
(Կ) ௽ᐛ೶ᑇऱ๻ࡳፖᙃᢝߓอऱಝᒭ 
؄ጟ௽ᐛ೶ᑇ։ܑ੡මዿଙ᙮ᢜএᑇ(MFCC)Ε۞ઌᣂමዿଙ᙮ᢜএᑇشࠌᓵ֮٥ء 
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(AMFCC)Εᒵࢤቃྒྷଙ᙮ᢜএᑇ(LPCC)֗ტवᒵࢤቃྒྷଙ᙮ᢜএᑇ(PLPCC)Δࠡઌᣂ๻ࡳፖଡ
ܑኙᚨհխտ௽ᐛ೶ᑇΔڕ।ԲقࢬΖኙޢ࣍ଡ඿ᙃᢝऱᑇڗᑓীۖߢΔءᓵ֮شࠌឆ៲್ڤ

ܶץಝᒭΔࠐᑓীՠࠠ(hidden Markov model toolkitΔHTK)֛ױ 11ଡᑇڗᑓী(0~9֗א oh 11
ଡᑇڗᑓী)֗אᙩଃᑓীΔޢଡᑇڗᑓীܶץ 10 ଡणኪΔٺणኪܶץ 4 ଡ೏ཎയ৫෗ٽΖឆ
شٽऱመ࿓Δઌᅝᔞس༴૪፿ଃขࠐشऱᑓীΔࠐנอૠ෻ᓵංᖄشᑓীਢԫጟሎ֛ױ್ڤ៲

ຑᥛ፿ଃऱᙃᎁΖHMMڇ ՀڇଡणኪޢΔՈ༉ਢڤݮऱ׳ࠩؐطشᓵ֮ආءጟᣊীΔڍৰڶ

ԫଡழၴ׽౨ሂࠩࠥڼणኪࢨՀԫଡᔣ२ऱणኪΔᙟထழၴऱᏺףΔणኪݧࠉ׳۟ؐط᠏ฝΖ

 ᑇ(Gaussian Mixtureࠤᖲ෷യ৫ٽऱ೏ཎ෗ڤຑᥛشᑇਢᙇࠤΔᑓীխऱणኪᨠྒྷᖲ෷؆׼
probability density functionΔ១ጠ GM)ΔݺڼڂଚՈጠڼᑓী੡ຑᥛയ৫ឆ៲֛ױ್ڤᑓী
(continuous density HMMΔ១ጠ CDHMM)Ζ 

।ԲΕኔ᧭խشࢬऱ௽ᐛ೶ᑇᇡาᇷற 

௽ᐛ೶ᑇጟᣊ ௽ᐛ೶ᑇፂ৫ խտ௽ᐛ೶ᑇፂ৫ 

MFCC 

12 ፂଙ᙮ᢜףՂ 1 ኙᑇ౨ၦ
ፂΔࠡ࠷ࠀԫၸࡉԲၸ஁ၦΔ

᜔٥ 39ፂ௽ᐛ೶ᑇΖ 
23ፂමዿ᙮ᢜףՂ1ኙᑇ౨ၦፂΖ 

AMFCC 

12 ፂଙ᙮ᢜףՂ 1 ኙᑇ౨ၦ
ፂΔࠡ࠷ࠀԫၸࡉԲၸ஁ၦΔ

᜔٥ 39ፂ௽ᐛ೶ᑇΖ 
23ፂමዿ᙮ᢜףՂ1ኙᑇ౨ၦፂΖ 

LPCC 
13ፂଙ᙮ᢜΔࠡ࠷ࠀԫၸࡉԲ
ၸ஁ၦΔ᜔٥ 39ፂ௽ᐛ೶ᑇΖ

23ፂൎ৫᙮ᢜΔ 
ਢࢨ 24ፂ۞ઌᣂএᑇΖ 

PLPCC 
13ፂଙ᙮ᢜΔࠡ࠷ࠀԫၸࡉԲ
ၸ஁ၦΔ᜔٥ 39ፂ௽ᐛ೶ᑇΖ

23ፂൎ৫᙮ᢜΔࢨਢ 23ፂ۞ઌᣂ
এᑇΖ 

               
(؄) ൎ೜ࢤ௽ᐛ೶ᑇݾ๬ኔ᧭๻ࡳ 

ڤחଚݺ๵֏ऄ(S-CMVN)Δإଖፖ᧢ฆᑇ݁ؓڤ։੄ڇ 3-5ፖڤ 3-6խشࠌऱ։੄९৫੡
P+1 = 101ଡଃ௃ΔܛՕપ੡ 1ઞऱ९৫Ζ 

ဠᚵᠨຏሐᒘ᡻ऱ৬ֱمऄᅝխΔ೓෣፿ଃᒘ᡻੡{ [ ],1 }n n Nx Δࠡխ Nଖݺଚ։ܑ๻

੡ 32Ε64Ε128Ε256Ε512Ε1024Ζڇኔ᧭࿨࣠խΔݺଚലܧ׽෼൓່ࠩࠋᙃᢝ෷ழऱ Nଖհ
ᖞ᧯ኔ᧭ᑇᖕΖ 

ኙొ࣍ᠧಛऱ۷ྒྷଖ pn Δݺଚਢڇאխտ௽ᐛ೶ᑇ഑ՂΔޢԫ੄ྒྷᇢ፿ଃऱছ 5ଡଃ

௃ᅝ܂ᇠ੄፿ଃऱొᠧಛଃ௃Ζ 
ڇ LPCC ፖ PLPCC ࠟጟ௽ᐛ೶ᑇឯ࠷መ࿓ᇙΔڂ੡ࠡࠠໂ፿ଃፖᠧಛ੡ᒵࢤઌףऱխտ

௽ᐛ೶ᑇࠟڶጟΔ։ܑ੡ൎ৫᙮ᢜ (magnitude spectrum)ፖ۞ઌᣂএᑇ (autocorrelation 
coefficients)Δڇڼڂኔ᧭࿨࣠խݺଚאMS-ፖ AC-։ܑז।հΖ 

 
քΕኔ᧭࿨࣠ፖ։࣫ 
    ଈ٣Δ।Կፖ।؄։ܑ੡ᖞ੄ڤଙ᙮ᢜؓ݁ፖ᧢ฆᑇإ๵֏ऄ(U-CMVN)ፖ։੄ڤଙ᙮ᢜ
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ؓ݁ፖ᧢ฆᑇإ๵֏ऄ(S-CMVN)ऱᙃᢝ壄ᒔ৫Δઌኙ࣍଺آࡨ๠෻ऱٺጟଙ᙮ᢜ௽ᐛۖߢΔ
U-CMVN ፖ S-CMVN ઃ౨ڶய༼֒ٺጟᠧಛᛩቼՀऱᙃᢝ෷Δຍრᘯຍࠟጟֱऄऱᒔࠠڶ༼
֒௽ᐛ೶ᑇൎ೜ࢤऱய౨Δۖᅝݺଚല।؄ፖ।ԿऱᑇᖕֺለΔࣔױ᧩઎נ S-CMVN ઌኙ࣍
U-CMVNڇᙃᢝ෷౨ࣔޓڶ᧩ऱ༼֒Ζຍፖݺଚհছ։࣫ऱ࿨࣠ઌٽܭΔشܓܛ։੄ऱֱ۷ڤ
ྒྷ௽ᐛ೶ᑇऱอૠଖ౨ֺشܓᖞ੄ऱֱޓڤ壄ᒔΖ 
൷ՀࠐΔݺଚ൶ಘءᓵ֮נ༽ࢬऱԿጟאᒘ᡻੡ഗ៕ऱ௽ᐛ೶ᑇᇖᚍऄऱய࣠Δ।նΕ।քፖ

।Ԯ։ܑ੡ଙ᙮ᢜอૠᇖᚍऄ(CSC)Εᒵ່ࢤ՛ֱؓូڃऄ(LLS)ፖԲ່ڻ՛ֱؓូڃऄ(QLS)
ऱᙃᢝ壄ᒔ৫Ζ੡ԱֺለದߠΔݺଚല।؄հ S-CMVNऱ࿨ٍ࣠ٺ࣍٨।խΖൕຍԿଡ।ऱᑇ
ᖕױवΚ 

।ԿΕᖞ੄ڤଙ᙮ᢜؓ݁ፖ᧢ฆᑇإ๵֏ऄհᙃᢝ壄ᒔ৫(%) 

PLPCC
LPCC

AMFCC
MFCC
Set B

PLPCC
LPCC

AMFCC
MFCC

Set A

76.48

73.44

72.89

71.60

restaurant

75.24

72.25

68.60

72.91

subway

75.79

72.82

71.23

72.16

street

74.34

71.32

72.02

69.71

babble

77.01

74.68

73.35

71.00

airport

73.72

71.50

68.94

68.71

car

73.23

70.69

70.23

68.28

train station

74.60

70.18

65.58

69.22

exhibition

54.5175.63

49.5872.91

59.4371.93

55.7870.76

baselineaverage

57.3874.48

51.2671.31

65.5268.78

61.9970.14

baselineaverage

PLPCC
LPCC

AMFCC
MFCC
Set B

PLPCC
LPCC

AMFCC
MFCC

Set A

76.48

73.44

72.89

71.60

restaurant

75.24

72.25

68.60

72.91

subway

75.79

72.82

71.23

72.16

street

74.34

71.32

72.02

69.71

babble

77.01

74.68

73.35

71.00

airport

73.72

71.50

68.94

68.71

car

73.23

70.69

70.23

68.28

train station

74.60

70.18

65.58

69.22

exhibition

54.5175.63

49.5872.91

59.4371.93

55.7870.76

baselineaverage

57.3874.48

51.2671.31

65.5268.78

61.9970.14

baselineaverage

 
।؄Ε։੄ڤଙ᙮ᢜؓ݁ፖ᧢ฆᑇإ๵֏ऄհᙃᢝ壄ᒔ৫(%) 

U-CMVN

PLPCC

LPCC

AMFCC

MFCC

Set B
PLPCC

LPCC

AMFCC

MFCC

Set A

77.69

76.08

75.58

75.65

restaurant
76.07

74.53

72.12

75.71

subway

77.48

76.63

76.11

75.23

street
75.14

74.20

74.82

73.42

babble

78.21

76.87

75.02

74.97

airport
75.72

75.30

73.49

72.36

car

75.13

73.84

72.14

71.93

train station
76.06

74.38

70.21

72.63

exhibition

75.6377.13

72.9175.86

71.9374.71

70.7674.45

U-CMVNaverage
74.4875.75

71.3174.60

68.7872.66

70.1473.53

average U-CMVN

PLPCC

LPCC

AMFCC

MFCC

Set B
PLPCC

LPCC

AMFCC

MFCC

Set A

77.69

76.08

75.58

75.65

restaurant
76.07

74.53

72.12

75.71

subway

77.48

76.63

76.11

75.23

street
75.14

74.20

74.82

73.42

babble

78.21

76.87

75.02

74.97

airport
75.72

75.30

73.49

72.36

car

75.13

73.84

72.14

71.93

train station
76.06

74.38

70.21

72.63

exhibition

75.6377.13

72.9175.86

71.9374.71

70.7674.45

U-CMVNaverage
74.4875.75

71.3174.60

68.7872.66

70.1473.53

average

 

1. ઌኙ࣍଺آࡨ๠෻ऱଙ᙮ᢜ೶ᑇΰᑇᖕ࣍٨।ԿαۖߢΔຍԿጟᄅऱ௽ᐛ೶ᑇᇖᚍऄຟ౨
ജՕ༏༼ࣙᙃᢝ壄ᒔ৫Δრᘯٺጟլٵऱ௽ᐛ೶ᑇຟ౨៶طຍԿጟֱऄۖ༼֒ࠡൎ೜ࢤΖ 

࣍ՀΔຍԿጟᄅऱ௽ᐛ೶ᑇᇖᚍऄऱ।෼ຟᚌݮՕຝ։ऱൣڇ .2 S-CMVNፖ U-CMVNΔຍࡅ
ᚨԱݺଚհছऱංᓵΚشܓᒘ᡻۷ྒྷࠐ௽ᐛ೶ᑇऱอૠଖઌለشܓ࣍ᖞ੄ࢨ։੄ऱֱ۷ڤ

 ऱ壄ᒔΖࠐޓྒྷ
3. ឈྥຍԿጟ௽ᐛ೶ᑇᇖᚍऄ؄࣍ش܂ጟ௽ᐛ೶ᑇՂऱኔ᧭࿨࣠Δࢬ൓່ࠩࠋᙃᢝ෷ழऱ N
ଖຟլઌٵΔլመૉଡܑᨠኘଡ௽ᐛ೶ᑇऱኔ᧭࿨࣠Δױ࿇෼ࠡࠠڶ๵ঞࢤΖڇڕ௽ᐛ೶

ᑇ੡MFCCழΔԿጟ௽ᐛ೶ᑇᇖᚍऄհ່ࠋኔ᧭࿨࣠ຟڇ Nଖ੡ ࢨ512 256ຍֺࠄለխ੄
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ऱଖΙۖ௽ᐛ೶ᑇ੡ LPCCழঞڇ Nଖ੡ለՕଖ 1024ழΔױ൓່ࠩࠋᙃᢝ෷Ζ 
4. ԫ౳ۖߢΔଙ᙮ᢜอૠᇖᚍऄऱய࣠ᚌ࣍ᒵ່ࢤ՛ֱؓូڃऄፖԲ່ڻ՛ֱؓូڃऄΔྥ
ۖΔࠡ।෼ऱ஁ฆڶ޲ࠀԼ։ࣔ᧩Ζ 

 
।նΕଙ᙮ᢜอૠᇖᚍऄ(CSC)հᙃᢝ壄ᒔ৫(%)Δࠡխ N।ق೓෣ᒘ᡻ऱᒘڗᑇ 

S-CMVN

77.13

75.86

74.71
74.45

S-CMVN

75.75

74.60

72.66
73.53

78.4778.7181.2576.1477.79MS-PLPCC (N=128)
76.6074.5481.1975.7174.94AC-LPCC (N=1024)

78.6679.5580.4077.4777.24MS-PLPCC (N=128)
78.0479.6180.2475.9576.35AC-LPCC (N=1024)

77.2279.1077.2879.3673.15AMFCC (N=512)
76.9577.7777.1577.8275.08MFCC (N=512)

averagetrain stationairportstreetrestaurantSet B
77.8777.7078.5576.5778.64AC-PLPCC (N=32)

76.2874.6282.3872.3175.81MS-LPCC (N=1024)
78.0275.9182.8074.2679.11AMFCC (N=512)
78.1277.4080.5475.8478.71MFCC (N=512)

averageexhibitioncarbabblesubwaySet A

76.9379.1678.4876.5573.57MS-LPCC (N=1024)

77.9578.0779.9077.0676.76AC-PLPCC (N=32)

S-CMVN

77.13

75.86

74.71
74.45

S-CMVN

75.75

74.60

72.66
73.53

78.4778.7181.2576.1477.79MS-PLPCC (N=128)
76.6074.5481.1975.7174.94AC-LPCC (N=1024)

78.6679.5580.4077.4777.24MS-PLPCC (N=128)
78.0479.6180.2475.9576.35AC-LPCC (N=1024)

77.2279.1077.2879.3673.15AMFCC (N=512)
76.9577.7777.1577.8275.08MFCC (N=512)

averagetrain stationairportstreetrestaurantSet B
77.8777.7078.5576.5778.64AC-PLPCC (N=32)

76.2874.6282.3872.3175.81MS-LPCC (N=1024)
78.0275.9182.8074.2679.11AMFCC (N=512)
78.1277.4080.5475.8478.71MFCC (N=512)

averageexhibitioncarbabblesubwaySet A

76.9379.1678.4876.5573.57MS-LPCC (N=1024)

77.9578.0779.9077.0676.76AC-PLPCC (N=32)  

 
।քΕᒵ່ࢤ՛ֱؓូڃऄ(LLS)հᙃᢝ壄ᒔ৫(%)Δࠡխ N।ق೓෣ᒘ᡻ऱᒘڗᑇ 

77.13

75.86

74.71

74.45

S-CMVN

75.75

74.60

72.66

73.53

S-CMVN

79.5179.2281.3777.7079.74MS-PLPCC (N=64)

74.5870.9178.2277.4871.70AC-LPCC (N=1024)

79.8180.4481.1778.9178.71MS-PLPCC (N=64)

77.7378.1280.6674.3277.82AC-LPCC (N=1024)

76.5676.9577.2977.5574.45AMFCC (N=512)

77.3577.6277.7278.1978.89MFCC (N=512)

averagetrain stationairportstreetrestaurantSet B
76.4375.9376.0277.1576.63AC-PLPCC (N=64)

74.7771.1879.7975.2372.85MS-LPCC (N=1024)

76.4673.4680.3575.0676.97AMFCC (N=512)

77.9076.5780.0176.0978.92MFCC (N=512)

averageexhibitioncarbabblesubwaySet A

76.9077.9779.4274.9175.29MS-LPCC (N=1024)

77.3676.6979.4075.5677.79AC-PLPCC (N=64)
77.13

75.86

74.71

74.45

S-CMVN

75.75

74.60

72.66

73.53

S-CMVN

79.5179.2281.3777.7079.74MS-PLPCC (N=64)

74.5870.9178.2277.4871.70AC-LPCC (N=1024)

79.8180.4481.1778.9178.71MS-PLPCC (N=64)

77.7378.1280.6674.3277.82AC-LPCC (N=1024)

76.5676.9577.2977.5574.45AMFCC (N=512)

77.3577.6277.7278.1978.89MFCC (N=512)

averagetrain stationairportstreetrestaurantSet B
76.4375.9376.0277.1576.63AC-PLPCC (N=64)

74.7771.1879.7975.2372.85MS-LPCC (N=1024)

76.4673.4680.3575.0676.97AMFCC (N=512)

77.9076.5780.0176.0978.92MFCC (N=512)

averageexhibitioncarbabblesubwaySet A

76.9077.9779.4274.9175.29MS-LPCC (N=1024)

77.3676.6979.4075.5677.79AC-PLPCC (N=64)  

 
ԮΕ࿨ᓵፖࠐآ୶ඨ 
ဠᚵᠨຏሐᒘ᡻੡ഗ៕ऱ௽ᐛ೶ᑇᇖᚍऄΔ։ܑ੡ଙ᙮ᢜอૠᇖᚍऄאԿጟנ༽ᓵ֮ء 

(CSC)Εᒵ່ࢤ՛ֱؓូڃऄ(LLS)ፖԲ່ڻ՛ֱؓូڃऄ(QLS)Δଡܑ؄࣍ش܂ጟ፿ଃ௽ᐛ೶
ᑇΚමዿଙ᙮ᢜএᑇ(MFCC)Ε۞ઌᣂමዿଙ᙮ᢜএᑇ(AMFCC)Εᒵࢤቃྒྷଙ᙮ᢜএᑇ(LPCC) ፖ
ტवᒵࢤቃྒྷଙ᙮ᢜএᑇ(PLPCC)ՂΖݺଚ࿇෼Δאဠᚵᠨຏሐᒘ᡻੡ഗ៕հ௽ᐛ೶ᑇᇖᚍऄΔ  
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।ԮΕԲ່ڻ՛ֱؓូڃऄ(QLS)հᙃᢝ壄ᒔ৫(%)Δࠡխ N।ق೓෣ᒘ᡻ऱᒘڗᑇ 

77.13

75.86

74.71
74.45

S-CMVN

75.75

74.60

72.66
73.53

S-CMVN

78.5877.9482.8076.7476.83MS-PLPCC (N=64)
72.54*69.5477.8175.4567.35AC-LPCC (N=1024)

78.8981.1981.2276.6076.53MS-PLPCC (N=64)
75.34*76.9778.9270.1775.28AC-LPCC (N=1024)

76.9178.7278.9575.5074.47AMFCC(N=512)
76.9979.1877.7077.1973.88MFCC (N=256)

averagetrain stationairportstreetrestaurantSet B
72.82*72.4874.2973.0571.48AC-PLPCC (N=512)

74.1671.0480.8074.9969.82MS-LPCC (N=1024)
75.4171.0281.0876.9472.61AMFCC (N=512)
78.5377.3882.6076.4477.71MFCC (N=256)

averageexhibitioncarbabblesubwaySet A

76.2578.5579.6572.0674.75MS-LPCC (N=1024)

73.41*74.2476.1970.6272.61AC-PLPCC (N=512)
77.13

75.86

74.71
74.45

S-CMVN

75.75

74.60

72.66
73.53

S-CMVN

78.5877.9482.8076.7476.83MS-PLPCC (N=64)
72.54*69.5477.8175.4567.35AC-LPCC (N=1024)

78.8981.1981.2276.6076.53MS-PLPCC (N=64)
75.34*76.9778.9270.1775.28AC-LPCC (N=1024)

76.9178.7278.9575.5074.47AMFCC(N=512)
76.9979.1877.7077.1973.88MFCC (N=256)

averagetrain stationairportstreetrestaurantSet B
72.82*72.4874.2973.0571.48AC-PLPCC (N=512)

74.1671.0480.8074.9969.82MS-LPCC (N=1024)
75.4171.0281.0876.9472.61AMFCC (N=512)
78.5377.3882.6076.4477.71MFCC (N=256)

averageexhibitioncarbabblesubwaySet A

76.2578.5579.6572.0674.75MS-LPCC (N=1024)

73.41*74.2476.1970.6272.61AC-PLPCC (N=512)  
۩൓ചࠌऱอૠଖለ੡ᄷᒔΔՈנ۷ጩࢬᠧಛ፿ଃ௽ᐛ೶ᑇอૠଖΔנ۷ጩچழܛڤᒵՂֱא

௽ᐛ೶ᑇᇖᚍऄ৵፿ଃ௽ᐛ೶ᑇޓ੡ൎ೜Ζઌኙ࣍ႚอ௽ᐛ೶ᑇإ๵֏ऄਢאᖞ੄ࢨ։੄፿؁

੡ഗ៕۷װጩ፿ଃ௽ᐛ೶ᑇऱอૠଖ৵Δۖച۩௽ᐛ೶ᑇإ๵֏Δאဠᚵᠨຏሐᒘ᡻੡ഗ៕ऱ

௽ᐛ೶ᑇᇖᚍऄΔޓ౨૾܅ᠧಛኙ፿ଃऱᐙ᥼Ζ 
ဠᚵᒘ᡻੡ഗ៕ऱאଚཚඨ౨ݺΔࠐآڇڼڂΔߒᠧಛᛩቼՀऱઔࢤګף࣍ထૹ׽ᓵ֮ء 

ൎ೜ࢤ፿ଃݾ๬Δ៶ط࿨ٽԫࠄຏሐᇖᚍڕ؏ݾΚઌኙ᙮ᢜऄ(RASTA) [8]Δࠌຍࠄဠᚵᒘ᡻੡
ഗ៕ऱൎ೜ࢤ፿ଃݾ๬౨࣍ۼ࢏௣ೈຏሐ؈టऱயᚨՂΖ 
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 



 









 


   
 

  

 




 
   



    
  

    
  



  

   
   

      

61



      
 

 
 



 






   


 


 
 
 
 
 



 
 
 
 
 



 


  


 


  

 
 

 
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   
  





  

   
 

  



 


 

     
   








 

 






 












 

 




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 

 
   
 

   



    
   
 

  
 

  


      
 



 

 


  
 

 
 




 
 






 
  
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  

   

   
       

   

   






 





   















  























 
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
   

   
    

 










  

 
 

 
  

 






 












 

 





  

 
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 
   


 


 





 


     

  
   
       
  

  

 





 

 



  


 

   
  






  


  
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 




 



 


 




 

    

  
  

  
   




 


















     
  
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 


  




 
  


    

     

     

     

     

     

     

     

     

     

     

     

     

     

     




   

  
  

  


  


 
  

      
 

  
 
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   
    
   
   




  


  

   
   

   
   
   

   
   
   
   

   
   
   
   
   




     

 





 

 
 




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  




 









 
 



 




   






 
 






 














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

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խ֮ຑᥛ࣍ᜢᖂᑓীಝᒭڤ՛֏ଃైᙑᎄ੡ഗ៕ऱᦸܑ່א࿳ޏ

፿ଃᙃᢝհઔߒ 
 

ᏥՓؖ, ॑ڹᔕ, ຫਹྱ 
ഏمፕ᨜ஃᒤՕᖂᇷಛՠ࿓ᖂߓ 

{ g93470185, g94470144, berlin}@ntnu.edu.tw 
 

ኴ૞ 
խ֮Օဲნຑᥛ፿ଃ࣍ᜢᖂᑓীಝᒭڤ࿳່՛֏ଃైᙑᎄ੡ഗ៕ऱᦸܑޏᓵ֮൶ಘء

ᙃᢝհઔߒΖଈ٣Δءᓵ֮༼נԫଡᄅऱଃ௃ᐋڻଃైإᒔ෷ࠤᑇ່ז࠷ࠐ՛֏ଃైᙑ

ᎄಝᒭऱ଺ࡨଃైإᒔ෷ࠤᑇΔڼᄅऱଃైإᒔ෷ࠤᑇڇਬጟ࿓৫Ղ౨ך։چᡕፆܔೈ

ᙑᎄΖࠡڻΔءᓵ֮༼נԫଡאଃ௃ᐋإڻ๵֏ⰶଖ੡ഗ៕ऱኛᄅᇷறᙇֱ࠷ऄၞޏࠐ

ᦸܑڤಝᒭΔࠡإ๵֏ⰶଖਢطಝᒭ፿றࢬขسհဲቹխ೏ཎ։ؒհࠃ৵ᖲ෷ޣࢬ൓Ζ

ႃऱگࢬءᢰ੺ለ२ऱಝᒭᑌࡳᠦެࠄ߷ڇႃխޓಝᒭڤᨃᦸܑאױऄֱ࠷ᇷறᙇڼ

อૠଖΔאሒࠩለࠋऱᦸܑԺΖشࠌࢬऱኔ᧭ᠲޗਢֆီᄅፊ؆໱ಖृ፿றΖॣޡऱኔ

᧭࿨࣠᧩قΔ࿨ٽழၴଃ௃ᐋڻऱᇷறᙇֱ࠷ऄࡉᄅऱଃైإᒔ෷ࠤᑇڇছ༓ڻऱ૯ז

ಝᒭխᒔኔࠄڶპ׊ԫીऱၞޡΖ 

ᣂ᝶ဲΚ່՛֏ଃైᙑᎄಝᒭΔᦸܑڤಝᒭΔᇷறᙇֱ࠷ऄΔՕဲნຑᥛ፿ଃᙃᢝ 

ԫΕፃᓵ 

፿ଃΔਢԳፖԳհၴ່۞ྥऱᄮຏᖯᑚΔଣૉ፿ଃ౨ജګ੡ᇷಛข঴ऱ׌૞ᙁԵڤݮΔ

߷ᏖԳፖᖲᕴհၴऱᄮຏ༉ᄎ᧢൓១໢๺ڍΔאױ׊ࠀጐၦᝩ֮ࣔ܍ఐऱขسΖڼڂ۞

೯፿ଃᙃᢝ(Automatic Speech Recognition, ASR)ऱઔߒբ᧢൓ॺൄૹ૞ΔຍՈਢؾছ፿
ଃፖ፿ߢ๠෻Ꮖ഑խᑷ॰ऱઔߒᤜᠲհԫΖ 

Օဲნຑᥛ፿ଃᙃᢝ(Large Vocabulary Continuous Speech Recognition, LVCSR)ࢬ
ᑑΔۖؾ৫੡ۿՕ֏ಝᒭ፿றऱઌ່אಝᒭऄঞਢլڤऱᦸܑشࠌ ؾ՛։ᣊᙑᎄ੡່א

ᑑΔၞۖᏺၞᙃᢝ෷ΖႚอڇᜢᖂᑓীհಝᒭՂΔՕຟ່شࠌՕ֏ઌۿ৫(Maximum 
Likelihood, ML)ऄঞΔ಻ּंٽૹ۷ዝጩऄ(Baum-Welch algorithm)ၞࠐ۩ᜢᖂᑓীऱಝ
ᒭΔڼ܀ጟಝᒭֱऄەڶ޲ࠀᐞ፿ଃᙃᢝழᜢᖂᑓীၴڼ࢖ऱᣂএΔڇᓳᖞᜢᖂᑓী೶

ᑇհ৵Δࠌאױ൓ઌᣂऱ፿ଃ௽ᐛᆵڼڇᜢᖂᑓীऱઌۿ৫(Likelihood)᧢ՕΔথՈױ౨
Δ२ڼڂᙃᢝՂऱ෗෤ΖګՕΔທޓ৫ۿᜢᖂᑓীऱઌڼڇழᨃॺઌᣂऱ፿ଃ௽ᐛᆵٵ

ޏאףࠐಝᒭ(Discriminative Training)ऄঞڤᦸܑנ༽ႈ౒រΔڼಾኙߒլ֟ઔڶࠐ
Ζၞਚ֮ءထૹ࣍൶ಘ່א՛֏ଃైᙑᎄ(Minimum Phone Error Training, MPE)੡ഗ៕ऱ
ᦸܑڤಝᒭऄঞΔ៶ထ༼נԫଡᄅऱଃ௃ᐋڻଃైإᒔ෷ࠤᑇޏࠐ࿳଺ࡨଃైإᒔ෷ࠤ

ᑇհ౒រΔٵழՈ༼נԫଡאଃ௃ᐋإڻ๵֏ⰶଖ੡ഗ៕ऱኛᄅᇷறᙇֱ࠷ऄ່ၞޏࠐ

՛֏ଃైᙑᎄಝᒭΖ 

ଅᙠፖ٤૿ଅᙠΙรԿີঞտฯּ່ߦՀΚรԲີലտฯڕඈڜऱࠐᓵ֮൷Հء

՛֏ଃైᙑᎄᜢᖂᑓীಝᒭΙร؄ີ൶ಘ່՛֏ଃైᙑᎄಝᒭհၞޏΙรնີঞ൶ಘᇷ

 
73



றᙇֱ࠷ऄ່ၞޏ࣍՛֏ଃైᙑᎄᜢᖂᑓীಝᒭΙรքີ੡ኔ᧭ፖಘᓵΙรԮີ੡࿨ᓵ

ፖࠐآ୶ඨΖ 

ԲΕּߦଅᙠፖ٤૿ଅᙠ 

፿ଃᙃᢝऱመ࿓ီױ੡ԫଡ։ᣊऱ೯܂Δലױ؁ޢ౨ऱဲ٨ݧຟီ੡ԫᣊΔ፿ଃᙃᢝܛ

ਢ૞ൕױڶࢬ౨ᣊܑ(ဲ٨ݧ)խࠋ່נބऱԫᣊ(ԫ؁)Ζૉ ੡ԫ፿؁ऱ፿ଃ௽ᐛٻၦ

٨Δലݧ ូᣊ۟ဲ٨ݧWழΔࠤشאױᑇ ᣊ۩੡ऱଅᙠ(Risk)Ιូڼ।ז
ۖ፿ଃᙃᢝঞီױ੡ڼנބଅᙠ່܅ऱဲ٨ݧΖ  Հ[1]Κڕᆠࡳױ
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),( WWl ੡ԫ྇ჾࠤᑇ(Loss Function)Δאش
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ჾ؈(Expected Loss)ΔԾጠ੡ּߦଅᙠ(Bayes Risk)ࢨයٙଅᙠ(Conditional Risk)Ζڇ፿
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ଅᙠּߦڼ֏՛່ܛ෻(Bayesian Decision Theorem)Δࡳ࿜ެּߦᙃᢝᕴ௅ᖕڍ๺ڶছؾ
 ৵ᖲ෷ᇞᒘֱऄ(Maximum a Posterioriࠃ֏ᑑᄷ່Օڕ๻ૠࠡჼ༈ዝጩऄΔࠐ((2)ڤ)
Decoding, MAP)[2]ΕROVER(Recognizer Output Voting Error Reduction)[3]Ε່՛֏ּߦ
ଅᙠ(Minimum Bayes Risk, MBR)[4]Ε່՛֏ழၴଃ௃ᙑᎄჼ༈(Minimum Time Frame 
Error Search)[5]֗ဲᙑᎄ່՛֏(Word Error Minimization) [6]࿛Ζ 

ྥۖΔૉڇᜢᖂᑓীࡉ፿ߢᑓীऱಝᒭՂΔঞᏁ૞ૠጩ٤૿ଅᙠ(Overall Risk)Δࠀ
٤૿ଅᙠڼ֏՛່׊ [1]Κ 
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ૉ೗๻ ኙڶࢬO ႈፖᑓী೶ᑇڼ׊ԫી(Uniform)ऱᖲ෷Δڶ݁ ֗ ྤᣂΔঞױ
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ᆠࡳᒔࣔڶ޲ࠀᑇ(Generalized Loss Function)Δࠤᑇਢԫ౳֏྇ჾࠤऱ྇ჾق।ࢬڼڇ
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ࠡխ qm ),(MPEHqmፖ ੡៱ڶᑓীऱؓ݁ଖٻၦፖ٥᧢ฆఢೄΖݺଚאױኙ ࢏شࠌ

ᅝ೗๻፿)ڤᄅֆޓዝጩऄ൓ࠩᜢᖂᑓী೶ᑇ۷ྒྷ(Extended Baum-Welch ΔEBW)ڤंۼ
ଃ௽ᐛٻၦፂ৫ၴ੡ྤᣂழΔٍ٥ܛ᧢ฆఢೄ੡ኙߡఢೄ)[12]Κ 
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،Ոᄎᐙ᥼گᚹຒ৫Ζԫ౳ۖߢΔ ऱଖຟ๻੡່՛ᒔঅ᧢ฆᑇ੡إᑇऱࠟ଍Ζ׼

؆Δ੡Ա૞ᏺإףᒔဲ٨ݧऱኙ࣍ᑓী೶ᑇಝᒭழऱಥ᣸Δ֧אױԵࢬᘯऱ I-Smoothing
 ՀΚڕڤ๬[12]Δࠡֆݾ
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qmd )(OML

qmd )( 2OML
qmd

qm੡ಝᒭழ๻ࡳհൄᑇΖ່৵Δኙဲ࣍ቹ Ղଢᙇဲإ٨ݧᒔ෷ޢאאױԫଢᙇဲ

՛֏ଃైᙑᎄ(MPE)ᜢᖂᑓীಝᒭऱૠጩ່ࡨ।Δ଺זࠐ᜔ףᒔ෷إଃైऱګิࢬ٨ݧ
ଢᙇဲ٨ݧխޢԫଡิګଃైqإᒔ෷ऱֆڤਢΚ 
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ࠡխ ੡ଃైqፖإᒔဲ٨ݧխଃైuऱૹᦤֺࠏ(௅ᖕإᒔଃై ऱ९৫)Δ࣠ڕ
ፖu੡ٵԫଃైঞ୚شૠጩڤ Δ֘հ୚شૠጩڤ

),( uqe u
),u

q
),(21 uqe (1 qe Δ່৵ ࠷

ፖڶࢬૹᦤऱإᒔဲ٨ݧխଃై ૠጩڤଖ່Օृ੡ଃై 1-࣍ᒔ෷(տإ ፖ 1 հၴ)Δ
ቹ 1 ੡ૠጩ଺ࡨଃైإᒔ෷ऱԫଡᒤࠏΖۖ ঞطאױছٻ৵ٻዝጩऄ

(Forward-Backward Algorithm)ޣ൓[12]Ζ 

)(qA
u q

MPEz
q

bॣޑન҅ዴ౗ڗࣁനε=1

a b c҅ዴᙯ᝿
ॣનׇӈ

b
timeᒣ᛽ϐॣન

-1+3/3=0 -1+3/3=0-1+2*(3/3)=1

a b c

bॣޑન҅ዴ౗ڗࣁനε=1

҅ዴᙯ᝿
ॣનׇӈ

b
timeᒣ᛽ϐॣન

-1+3/3=0 -1+3/3=0-1+2*(3/3)=1

 
ቹ 1 ່՛֏ଃైᙑᎄಝᒭհ଺ࡨଃైإᒔ෷ࠤᑇऱᒤࠏ 

؄Ε່՛֏ଃైᙑᎄಝᒭհၞޏ 

່՛֏ଃైᙑᎄ(MPE)ಝᒭ׌૞ࠟڶଡ౒រ: 

1. ່՛֏ଃైᙑᎄխऱ଺ࡨଃైإᒔ෷ࠤᑇ(Raw Phone Accuracy Function)ڶ޲ࠀ࿯ղ
ᙑᎄז࠷ࡉԵᙑᎄ(Insertion Errors)༻࣍ኙڶ׽ೈᙑᎄ(Deletion Errors)ᔞᅝऱᡕፆΔܔ
(Substitution Errors)࿯ղᔞᅝऱᡕፆΖ 

2. ଺ࡨଃైإᒔ෷ࠤᑇਢאଃై੡໢ۯ(Phone-by-Phone)ࠐ೚ૠጩΔقࢬ(28)ڤڕΔ׊
ࠡଖ഑ᒤ໮੡-1 ࠩ+1Δຍᑌऱᒤ໮ױ౨መ࣍௿ాΖޢଡଃై੄ᆵ(Phone Arc)گࢬႃ
ࠩऱإᒔ෷อૠଖ່Օ੡ 1Δڼڂሖࠩಝᒭ፿றլߩऱٚ೭ழΔᑓীಝᒭگࢬႃࠩऱ
อૠଖᄎլജൎ೜Ζ 

੡Աࣚ܌Ղ૪հംᠲΔܠԳ༼נԱழၴଃ௃ଃైإᒔ෷(Time Frame Phone Accuracy 
Function, ಖ܂ TFA)ࠤᑇז࠷ࠐ଺ࡨଃైإᒔ෷ࠤᑇ[13]Κ 
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ࠡխq੡ဲቹխਬԫଃై੄ᆵΔ qࡉ q։ܑ੡ଃై੄ᆵqऱၲࡨழၴ֗࿨ޔழၴΔ )(t
੡إᒔଃై੄ᆵ uڇழၴ tழऱଃైᑑಖ(Phone Label)Δ

u
੡ܔೈᙑᎄऱᡕፆᦞૹ

(Deletion Penalty Weight)Δࠐشᡕፆਬլإ٤ݙᒔଃై੄ᆵqऱإᒔ෷Δڼڂਬԫଃై
੄ᆵڇਬଡழၴរ tऱإᒔ෷ଖ഑ᒤ໮ տ࣍੡ ࠩ 1 հၴΖழၴଃ௃ଃైإᒔ෷ֆڤ
ਢ઎ޢԫଡଃ௃ऱଃైᑑಖਢܡፖإᒔଃైᑑಖԫીࠐૠጩଃై੄ᆵऱإᒔ෷Δڼڂኙ

Δۖ(Substitution)ז࠷ࢨᚰխ(Hit)ܡ૞ૠጩਢ׽٨Δ༉ݧኙᚨऱဲࢬᖞऱ፿؁ݙԫଡ࣍
լەشᐞ༺Ե(Insertion)ܔࢨೈ(Deletion)Δڇڼڂଃై੄ᆵֺኙழֺૠጩᒳᙀ၏ᠦ(Edit 
or Levenshtein Distance)ڶய෷Δ׊ழၴଃ௃ଃైإᒔ෷ፖݺଚ૞೚ေ۷ऱଃైإᒔ෷ڶ
ৰՕऱإઌᣂ[5]Δشࠌאࢬழၴଃ௃ଃైإᒔ෷ऱᒔװאױ२ۿਬଡଃై੄ᆵऱଃై
ᒔ෷Ζቹإ ڶ՗Δ೗๻ਬଡ፿؁ࠏᒔ෷(TFA)ऱԫଡإ੡ૠጩழၴଃ௃ଃైܛ2 30ଡଃ
௃Δڼ፿؁ऱإᒔ᠏᤟ଃైڶ٥ԿଡΔܛ aΕb ࡉ ˶Ιۖڼ፿؁ऱᙃᢝଃైࠟڶ׽ଡΔ
ܛ aࡉ cΔ߷Ꮦ b༉ਢܔೈᙑᎄΖڇቹ 2խۥۊຝٝז।נ෼ܔೈᙑᎄΔܔڼೈᙑᎄ࿇
รڇس 11ଡࠩร 20ଡழၴଃ௃Δݺଚ෻ᅝ࿯ղຍࠄᙑᎄऱழၴଃ௃ԫܔࠄೈᙑᎄऱᡕ
ፆΖۖဲڇቹխԫᖞයሁஉ(ဲ٨ݧ) iW ऱழၴଃ௃ଃైإᒔ෷੡: 

iWq
i qccuracyTimeFrameAWccTimeFrameA )()(        (31) 

ല(28)ڤז࠷(31)ڤΔءܛᓵ֮נ༽ࢬऱ່Օ֏ழၴଃ௃ଃైإᒔ෷(Maximum Time 
Frame Phone Accuracy, ಖ܂MTFA)ऱؾᑑࠤᑇ: 
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1ࠩ-࣍੡տٵᒔ෷إଃైࡨଖ഑ፖ଺ࠡࠌ׊ೈᙑᎄܔᡕፆچ։ךޓΔ੡Ա؆׼ 1հၴΔ
Աشࠌᓵ֮ء S ীࠤᑇ(Sigmoid Function)إࠐ๵֏ழၴଃ௃ଃైإᒔ෷ࠤᑇ((29)ڤ)ऱ
։՗ႈΔጠհ੡ Sীழၴଃ௃ଃైإᒔ෷ࠤᑇ(Sigmoid Time Frame Phone Accuracy, ಖ
܂ STFA): 
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ቹ ˅ʳ ່՛֏ଃైᙑᎄಝᒭհ଺ࡨଃైإᒔ෷֗ழၴଃ௃ଃైإᒔ෷ኙܔ࣍ೈᙑᎄऱᐙ᥼ʳ
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ࠡ )( ऱࡳᆠ(30)ڤٵΔ ֗ ੡ Sীࠤᑇխױᓳᖞऱ೶ᑇΔ ൳ࠫ Sীࠤᑇऱڴ৫Δ
ঞ൳ࠫ SীࠤᑇऱؓฝΖਚ(33)ڤऱଖ഑ᒤ໮տ1+1ࠩ-࣍հၴΖۖဲڇቹխԫᖞයሁஉ
(٨ݧဲ) ऱ Sীழၴଃ௃ଃైإᒔ෷੡: iW

qmeAccuracySigTimeFraWmeAccSigTimeFra )()(
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ല(28)ڤז࠷(35)ڤΔঞءᓵ֮נ༽ࢬऱ່Օ֏ S ীழၴଃ௃ଃైإᒔ෷(Maximum 
Sigmoid Time Frame Phone Accuracy, ಖ܂MSTFA)ऱؾᑑࠤᑇ੡: 
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ڶਢ׽ሓ२ᒳᙀ၏ᠦΔۖװॺࠀ૞׌ᑇࠤᒔ෷إऱழၴଃ௃ଃైנ༽ࢬᓵ֮ءࠡ

ᜢᖂᑓীಝᒭΖڤ՛֏ଃైᙑᎄ(MPE)ᦸܑ່ၞޏאᔞᅝᡕፆΔࠄೈᙑᎄԫܔၦ࿯ղە
 Ζ[14]ە೶אױૠጩᒳᙀ၏ᠦΔچᒔإቹխဲڇ۶ڕᣂڶ࣍۟

նΕᇷறᙇֱ࠷ऄ່ၞޏ࣍՛֏ଃైᙑᎄᜢᖂᑓীಝᒭ 

२ࠐڣΔ່࣍طՕᢰᎾ։ᣊᕴ(Large Margin Classifier)[15]ڇᖲᕴᖂ฾(Machine Learning)
ऱᏆ഑խբڶ೏৫ऱ࿇୶Δڇ׊։ᣊ(Classification)ٚ೭խຟբሒࠩॺൄլᙑऱ։ᣊய
࣠Ζࠡ๻ૠ෻࢚༉࣍ڇ༼֒։ᣊᕴऱԫ౳֏౨Ժ(Generalization Ability)Δאી౨ജآڇ
वऱྒྷᇢᑌءխሒࠩለړऱ։ᣊய Ζ࣠ڇᨠ࢚ՂΔݺଚאԲցᣊܑױ׊։ᠦऱ(Separable)
ಝᒭᑌء੡ࠏΔڂಝᒭᑌءຏൄፖྒྷᇢᑌءᄎڶլԫી(Mismatch)ऱ෼ွΔ૞༼֒։ᣊ
ᕴऱԫ౳֏౨ԺΔ༉૞ࠌ൓ಝᒭᑌڇءਬጟࡳᆠ഑խ(ڕઌۿ৫ࡳᆠ഑(Likelihood 
Domain))ᠦࡳڼᆠ഑ऱެࡳᢰ੺(Decision Boundary)။᎛။ړΔಝᒭᑌࡳެࠩءᢰ੺ऱ
່२၏ᠦݺଚԫ౳ᄎጠհ੡ᢰᎾ(Margin)ΔۖڼᢰᎾ။Օ׊ᢰᎾփהࠡڶ޲ऱಝᒭᑌء
 Ζ[16]ړ।ԫ౳֏౨Ժ֗୲ᙑ౨Ժᄎ။ז

່ՕᢰᎾ۷ྒྷऄ(Large Margin Estimation, LME)[17]ਢאઌۿ৫(Likelihood)੡ഗ៕
ऱ։ᠦᢰᎾ(Separation Margin)ࠐᙇ࠷၏ᠦެࡳᢰ੺(Decision Boundary)ለ२ऱ፿ଃ௽ᐛ
Δ٦(Support Vector Set)ٽၦႃٻ਍֭נᆠࡳאױ॰ា(Threshold)Δ࠷ᙇࠡࠉ٨Δݧၦٻ
ءᇙऱಝᒭᑌٽၦႃٻ਍֭ڇլࠄ߷࣍ՕᢰᎾ۷ྒྷऄঞၞۖᓳᖞᜢᖂᑓীΖኙ່شܓ

(ಝᒭ፿؁)Δڂ੡၏ᠦެࡳᢰ੺ለ᎛ΔאࢬለլࠠᦸܑԺΔڼڂ༉ڶ޲ஞࠐᓳᖞᜢᖂᑓ
ীऱ೶ᑇΖݺאࢬଚ່ီאױՕᢰᎾ۷ྒྷऄ੡אઌۿ৫܂੡ᙇ࠷ᄷঞऱᇷறᙇֱ࠷ऄΔ

ᙇנለ੡ૹ૞ऱ፿ଃ௽ᐛٻၦ٨ݧ (ಝᒭ፿؁ )ΖڇਫࢤᢰᎾ۷ྒྷऄ (Soft Margin 
Estimation, SME)[18]խΔՈਢאઌۿ৫܂੡ᙇ࠷ᄷঞΔ៶ࡳطᆠլٵऱ॰ាଖΔၞۖᙇ
ᣊֺܑኙشچޡԫၞޓऱಝᒭ፿؁խΔࠐנ࠷ൕᙇ׊ᐙ᥼Ժऱಝᒭ፿؁Δۖڶለנ࠷

(Label Matching)ऱֱڤᙇנ࠷ૹ૞ऱழၴଃ௃(Frame)ΖݺאࢬଚՈီאױਫࢤᢰᎾ۷
ྒྷऄ(SME)੡אઌۿ৫ࡉᣊֺܑኙ੡ഗ៕ऱၞၸᇷறᙇֱ࠷ऄΖ 

່ՕᢰᎾ۷ྒྷऄፖਫࢤᢰᎾ۷ྒྷऄشࠌࢬऱᇷறᙇֱ࠷ऄຟਢڇઌۿ৫ࡳᆠ഑
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(Likelihood Domain)խࠐച۩ᇷறऱᙇ࠷Ζءڇᓵ֮խΔܠԳ༼אנⰶଖ(Entropy)੡ഗ
៕ऱழၴଃ௃ᇷறᙇ࠷(Data Selection)ֱऄ່ၞޏࠐ՛֏ଃైᙑᎄᜢᖂᑓীಝᒭΖࠡխ
ਢא࿯ڇࡳਬ፿ଃ௽ᐛٻၦ٨ݧ(ಝᒭ፿؁) zOΔਬଡणኪխऱਬଡ೏ཎ։ؒנ෼ऱࠃ৵
ᖲ෷(Posterior ProbabilityΔࠃڼ৵ᖲ෷ەڶᐞࠩဲፖဲհၴऱ᠏ฝᖲ෷Δܛ፿ߢᑓীᖲ
෷)ޣࠐ൓ⰶଖΔࢬ٣ࠃشܓ٦๻ࡳऱ॰ាଖࠐᙇ࠷ᇷறΔਚီױ੡ࠃڇ৵ᖲ෷ࡳᆠ഑
խ࠷ࠐᙇᇷறΖࠡڂⰶ㯍ऱૠጩਢࠃڇ৵ᖲ෷ࡳᆠ഑(Posterior Domain)խΔਚאܑ࣍ڶ
ઌۿ৫ࡳᆠ഑੡ഗ៕ऱႚอᇷறᙇֱ࠷ऄΖྥۖႚอⰶ㯍ऱଖ഑੡ 0ࠩ Δࠡխ

੡೶ፖⰶ㯍ૠጩऱᑌءଡᑇΔ܀੡Աֱঁެࡳ॰ាଖၞۖᙇ࠷ழၴଃ௃Δਚݺڼڇଚࠌ

࣍ଖ഑տࠡࠌࠐ๵֏ⰶଖ(Normalized Entropy)إش 0ࠩ 1հၴΔࠡֆڕڤՀΚ 

N2log N
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1log)(
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tE z
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z
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         (37) 

ࠡխ ੡ڇร ؁ಝᒭ፿؁ழၴ tழऱإ๵֏ⰶ㯍Δ ੡ڇร ؁ಝᒭ፿؁ழၴ t
ழΔڇଃై੄ᆵ խհ೏ཎᑓী ऱࠃ৵ᖲ෷Δ ੡ڇழၴ ழڶࢬऱଃై੄ᆵଡᑇΔN
੡ڇழၴ tխࠃڶࢬ৵ᖲ෷լ੡ሿऱ೏ཎᑓী Ζ 

)(tEz z )(tz
qm

t
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zz
z
q

z
qm

num
qmd tEItotO 22 ))(()(),0max()()(

፿ଃᙃᢝ੡אՂΔۯऱ໢ٵլڇᆠࡳאױ(ءᑌࢨ)ऄխΔᇷறֱ࠷ᇷறᙇڇۖྥ
 Sentence or)ಝᒭ፿؁)٨ݧၦٻ፿ଃ௽ᐛڇᆠࡳאױ(Training Sample)ءΔಝᒭᑌࠏ
Utterance))Εဲቹխऱਬဲ੄(Word Arc)Εଃై੄ᆵ(Phone Arc)ࢨழၴଃ௃(Frame)࿛Ζ
ࢬΔۯழၴଃ௃(Frame)੡່՛໢אႃอૠଖழਢگಝᒭڤ፿ଃᙃᢝऱٚ೭խΔᦸܑڇ
ԫଡழၴଃ௃ီ੡ԫଡಝޢലࠀΔ(Frame Selection)࠷ழၴଃ௃հᙇڇᓵ֮ലထૹءא
ᒭᑌء(Training Sample)Ζᦸܑڤಝᒭழਢലڶࢬऱழၴଃ௃گࢬႃࠩऱอૠଖຟࠐش
ᓳᖞᑓীऱ೶ᑇΔࠃኔՂࠄڶழၴଃ௃ኙ࣍ᦸܑڤಝᒭਢڶ޲ᚥܗऱΔࠄ߷ڕࠏբᆖױ

։ᣊګᅝࠐᑓী(CDHMM)֛ױ್ڤ៲ຑᥛയ৫ឆشࠌ፿ଃᙃᢝխΔຏൄڇ)๯։ᣊᕴא
ᕴ)ৰإᒔ։ᣊࢨৰᙑᎄ։ᣊऱழၴଃ௃Δਚءᓵ֮༼נऱאⰶ㯍(Entropy)੡ഗ៕ऱழ
ၴଃ௃ᙇֱ࠷ऄ(Frame Selection)נބڇڱୌࠄழၴଃ௃ਢᄎ๯ৰإᒔࢨৰᙑᎄچ։
ᣊΔୌࠄਢլ୲࣐๯։ᣊإᒔΔၞۖهඵ߷ࠄ๯ৰإᒔ։ᣊࡉ๯ৰᙑᎄ։ᣊհழၴଃ௃

ᜢڤᦸܑܗᚥאᓳᖞᑓী೶ᑇΔࠐႃࠩऱอૠଖگ๯ࠄຍشܓ׽׊ႃࠩऱอૠଖΔگࢬ

ᖂᑓীಝᒭΖڼشࠌڼڂᇷறᙇֱ࠷ऄאױᔞڶࢬ࣍شऱᦸܑڤᜢᖂᑓীಝᒭΔլႛ౨

ജঅ਍ᦸܑڤಝᒭ່՛֏ಝᒭᑌء։ᣊᙑᎄ෷Δᝫאױᏺၞ։ᣊᕴऱԫ౳֏౨ԺΖ່א

՛֏ଃైᙑᎄ(MPE)ಝᒭऱอૠଖگႃ੡ࠏΔޢଡழၴଃ௃૞٣ጩإ๵֏ⰶ㯍Δࠡط٦
॰ាଖެࡳਢףีܡอૠଖΔঞࠡᑇᖂױڤ।ق੡(א numᣊ੡ࠏ): 
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z q stlatticez q1  ,W

੡ࡳ٣ࠃᆠऱ॰ាଖ(Threshold)Δࠡ㯍տ࣍ 0ࠩ 1հၴΔ ))(( tEI z
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ᑇΔࠡଖॺࠤقऱਢਐشࠌ(39)ڤ 0 ܛ 1Δਚݺଚױല،ီ੡ਢԫጟ࿏ࢤᙇ࠷(Hard 
Selection)ऱᇷறᙇֱ࠷ऄΖ׼ԫֱ૿Δݺଚٍױലޢଡழၴଃ௃ࢬૠጩנऱإ๵֏ⰶଖ
ழၴଃ௃ऱૹ૞ڼॺൎᓳ(Deemphasized)ࢨൎᓳ(Emphasized)ࠐش੡ᦞૹ(Weight)Δ܂
ՀڕڤऄΔࠡᑇᖂֱ࠷ऱᇷறᙇ(Soft Selection)࠷ᙇࢤԫጟਫ׼ऄီ੡ֱڼଚലݺΔࢤ
 :قࢬ

)(1)()( tEtt z
z
qm

z
qm            (40) 

੡ԫֺࠏ൳ࠫ೶ᑇΖ ࠡխ

քΕኔ᧭ፖಘᓵ 

ΰԫαኔ᧭ਮዌፖ๻ࡳ 

อߓ࿇୶ऱᄅፊ፿ଃᙃᢝࢬছؾऱՕဲნຑᥛ፿ଃᙃᢝᕴ੡ፕ᨜ஃՕشࠌࢬᓵ֮ء

[19]Δ׌૞ץਔছጤ๠෻Εဲნᖫᓤ፹ჼ༈(Tree-Copy Search)֗ဲቹჼ༈(Word Graph 
Rescoring)[11]࿛ຝ։Ζ 

 ᦸܑ։࣫(Heteroscedastic Linearࢤᒵࢤऱਢฆᔆشආࢬᓵ֮ءছጤ๠෻ֱ૿Δڇ
Discriminant Analysis, HLDA)[20]Ζڇ׊೚ݙᦸܑ։࣫հ৵ᝫᠰ؆່شࠌՕ֏ઌۿ৫෼
ݺছؾٽऱਢ੡Ա಻ؾ᠏ང(Maximum Likelihood Linear Transform, MLLT)[21]Δࠡࢤ
ଚڇຑᥛയ৫ឆ៲֛ױ್ڤᑓীشࠌࢬऱኙߡ֏(Diagonal)հ٥᧢ฆఢೄΖٵழΔ੡Ա
 ,๵֏ऄ(Cepstral Normalizationإଙ᙮ᢜشࠌڼڇຏሐயᚨኙ፿ଃᙃᢝऱᐙ᥼Δ܅૾
CN)Ζ 

شଚආݺᜢᖂᑓীֱ૿Δڇ 151 ଡຑᥛയ৫ឆ៲֛ױ್ڤᑓী܂੡խ֮
INITIAL-FINALऱอૠᑓীΔۖޢଡᑓীऱणኪᑇ։ܑ੡ 3۟ 6ଡլ࿛Δޢଡणኪઃ
੡೏ཎ෗ٽ։ؒΔࠡխޢଡ೏ཎ෗ٽ։ؒऱ։ؒଡᑇ։ܑ੡ 1۟ 128ଡլ࿛Δءᓵ֮
પࠩشࠌ٥᜔ 14,396ଡ೏ཎ։܉Ζ׼ԫֱ૿Δءᓵ֮شࠌࢬऱဲࠢપܶڶԮᆄԲՏଡ
ԫ۟ԼဲڗΔאࠀൕխ؇ຏಛष(Central News Agency, CNA) 2001ፖ ႃࠩگࢬڣ2002
ऱપԫᏙԮՏᆄ(170M)ଡխ֮ڗ፿ற܂੡હན፿ߢᑓীಝᒭழऱಝᒭᇷற[22]Ζءڇ
֮խऱ፿ߢᑓীشࠌԱ Katz ፿ߢᑓীؓᄶݾ๬[23]Δڇಝᒭழਢආش SRL Language 
Modeling Toolkit (SRILM)[24]Ζဲڇნᖫჼ༈ழΔߓءอආဲشᠨຑ፿ߢᑓীΙဲڇ
ቹჼ༈ழΔঞආဲشԿຑ፿ߢᑓীΖ 

ΰԲαኔ᧭፿ற 

ऱಝᒭፖྒྷᇢ፿ற੡شࠌ᧭ᓵ֮ኔء MATBN ሽီᄅፊ፿ற஄[25]Δਢطխ؇ઔߒೃ
ᇷಛࢬՑ፿՛ิ[26]౛ழԿڣፖֆ٥ሽီ؀[27]܂ٽᙕ፹ګݙΖݺଚॣچޡᙇᖗආ๶ಖ
ृ፿ற܂੡ኔ᧭፿ޗΔࠡխܶץ 25.5՛ழऱಝᒭႃ(5,774؁)ΔࠎᜢᖂᑓীಝᒭհشΔ
ࠡխߊՖ፿றתٺΙ1.5՛ழऱေ۷ႃ(292؁Δ٥ Ζಝᒭشᙃᢝေ۷հࠎΔ(ڗ26,219
ႃط 2001 ֗ 2002 ऱΙေ۷ႃঞ݁੡ࠐנᗴᙇࢬऱᄅፊ፿றڣ 2003 խطऱ፿றΔڣ
ઔೃऱေ۷፿றᗴᙇࠐנΔ׽ᙇᖗԱආ๶ಖृ፿றࠀៀൾԱܶڶ፿ဲܗհ፿؁Ζ 

ΰԿαኔ᧭ေ۷ֱڤ 

 ,๬խ֨(National Institute of Standards and Technologyݾભഏഏ୮ᑑᄷፖشᓵ֮ආء
NIST)ࢬૡمऱေ۷ᑑᄷإ۩ၞࠐᒔ᠏᤟ဲ٨ݧፖᙃᢝဲ٨ݧऱֺለΖڼေ۷ᑑᄷᏁ
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૞شࠌ೯ኪ๵྽(Dynamic Programming)ࠐ೚ဲ٨ֺݧኙΖྥۖڇڂխ֮խڇژထឰဲ
լԫીऱംᠲΔਚ֮ءڇऱኔ᧭խઃਢڗא੡ֺኙ໢ۯΖחH੡إᒔ᠏᤟ဲ٨ݧፖᙃ
ᢝဲ٨ֺݧኙ৵ઌٵ(Match)ऱڗցଡᑇΕI ੡ᙃᢝဲڍ٨ݧ塒༺Ե(Insertion)ऱڗցଡ
ᑇΕ ੡إᒔ᠏᤟ဲ٨ݧऱڗց᜔ᑇΔঞ፿ଃᙃᢝߓอհإᒔ෷(Accuracy)ऱૠጩֱ
੡ڤ

N
%100

N
H I Δᙑᎄ෷(Error Rate)ঞ੡ ᙑڗאऱኔ᧭ᑇᖕխΔઃਢ֮ءᒔ෷Ζإ-1

ᎄ෷(Character Error Rate, CER)ܧࠐ෼ኔ᧭࿨࣠Ζ 

ΰ؄αഗ៕ኔ᧭࿨࣠ 

৫(ML)۷ྒྷऄಝᒭۿՕ֏ઌ່شܓഗ៕ኔ᧭խΔ٣࣍ ᙑᎄ෷(CER)ڗ൓ࠩऱࢬΔڻ10
੡ 23.64% (ಖ܂ Baseline)Ζ൷ထၞ۩່՛֏ଃైᙑᎄ(MPE)ಝᒭ ൓ࠩऱࢬΔ່৵ڻ10
ᙑᎄ෷(CER)੡ڗ 20.77%Ζਚ࣍൷Հࠐऱኔ᧭խΔઃאຍิኔ᧭੡ֺለኙွΖ 

20

20.5

21

21.5

22

22.5

23

23.5

24
ᙑᎄ෷ʻʸʼڗ

0 1 2 3 4 5 6 7 8 9 10
ಝᒭڻᑇ

MPE MSTFA Lo=0.1 alpha=0.5 MTFA Lo=0.5

 
ቹ ˆʳ ழၴଃ௃إᒔ෷ࠤᑇፖ່՛֏ଃైᙑᎄհֺለ࿨࣠ʳ

ΰնα່ၞޏ՛֏ଃైᙑᎄհኔ᧭࿨࣠ 

إऱ່Օ֏ழၴଃ௃ၞޏᓵ֮ಾኙ່՛֏ଃైᙑᎄಝᒭ(MPE)ऱ౒រۖء෼ܧ՛ᆏء
ᒔ෷ࠤᑇ(MTFA)ಝᒭհኔ᧭ᑇᖕΖࠃኔՂΔءᓵ֮נ༽ࢬऱழၴଃ௃إᒔ෷ࠤᑇࠀ
լਢ૞྇֟ܔೈᙑᎄऱଡᑇ(܀ኔᎾՂ٥࣍ 26,219 ऱေ۷ႃխΔMPEڗ รڇ 10 ૯ڻ
ڶಝᒭՂז 359ଡܔೈᙑᎄΔྥۖMSTFAঞ࿑პ྇੡ګ 345ଡ)Δۖਢەװၦဲቹխ
ਬဲ੄ܔࠩ࠹ೈᙑᎄऱᐙ᥼Δۖ྇֟ࠡگႃࠩऱإᒔ෷อૠ㯍Δܓאᜢᖂᑓীಝᒭհ

ൎ೜Ζኔ᧭࿨࣠ױ೶ە। 1Δࠡխܔೈᙑᎄऱᡕፆᦞૹ(Penalty Weight)א Lo( )।قΖ
֏ᑇຟᄎ࿑ֺ່՛ࠤᒔ෷إಝᒭխΔழၴଃ௃זऱ૯ڻছ༓ڇ൓वΔق᧩ኔ᧭ᑇᖕط

ଃైᙑᎄࠐ൓ړΖլٵऱܔೈᙑᎄᡕፆᦞૹ๻ࡳᄎڶլٵऱܔೈᙑᎄᡕፆհய࣠Ζط

। 1ऱᑇᖕ᧩قΔ֜Օ( )՛֜ࢨ(0.8= =0.1)ऱܔೈᙑᎄᡕፆᦞૹ๻ࡳΔڇԫၲࡨऱ
૯זಝᒭՂྤࠀऄ൓ࠩࣔ᧩ऱய࣠Δ܀ຟֺ່՛֏ଃైᙑᎄಝᒭࠐ൓ࠋΔլመڇร 10
ೈᙑᎄᡕፆܔऱړᙑᎄ෷૞೏ԫរΖ່ڗಝᒭՂথֺ່՛֏ଃైᙑᎄಝᒭऱזऱ૯ڻ

ᦞૹ๻ࡳ(Lo=0.5)ऱழၴଃ௃إᒔ෷ࠤᑇڇร 10 ಝᒭՂֺ່՛֏ଃైᙑᎄזऱ૯ڻ
(MPE)ಝᒭऱᙃᢝڗᙑᎄ෷ړ 0.05%Δઌኙڗᙑᎄ෷ല܅પ 0.1%Δಝᒭڻᑇ 1 ࠩ 10
ቹەᒵቹᓮ೶ڴᙑᎄ෷ڗऱڻ 3Ζ 

ऱߠԫଡൄشࠌᓵٍ֮ء Sীࠤᑇؓࠐᄶழၴଃ௃إᒔ෷ࠤᑇΔಖ܂ MSTFAΖ
ࠡխ Sীࠤᑇࠟڶଡ೶ᑇױᓳᖞΔءڇኔ᧭խ׽ᓳᖞ (alpha)Δۖ ๻੡ሿ( 0 )Ζ
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ኔ᧭࿨࣠ٵᑌ೶ە। 1Δኔ᧭ᑇᖕ᧩נق MSTFA ಝᒭխຟᄎֺ່՛֏ଃז૯ڻޢڇ
ైᙑᎄ(MPE)ಝᒭࠐ൓ړΔ່ړऱ๻ࡳ( 0.1Δ 5.0 รڇ( אױಝᒭՂזऱ૯ڻ10
ֺ່՛֏ଃైᙑᎄऱᙃᢝڗᙑᎄ෷ړ 0.31%Δઌኙڗᙑᎄ෷૾܅પ 1.5%Ζ 

। 1ழၴଃ௃إᒔ෷ࠤᑇհኔ᧭࿨࣠ 

CER(%) MPE 
MTFA 

=0.1 
MTFA 

=0.3
MTFA 

=0.5
MTFA 

ΰքαᇷறᙇֱ࠷ऄհኔ᧭࿨࣠ 

՛֏ଃైᙑᎄ(MPE)ಝᒭհኔ᧭࿨࣠Ζࠡխ່՛֏ଃై່࣍ऄֱ࠷෼ᇷறᙇܧ՛ᆏء
ᙑᎄऱ I-ؓᄶݾ๬೶ᑇ๻ࡳ੡ 10[28]Ζشࠌࢬऱழၴଃ௃ᇷறᙇֱ࠷ऄ։੡࿏ࢤᙇ࠷
(HS)ࡉຌࢤᙇ࠷(SS)Δࠡኔ᧭࿨࣠ઃױ೶ە। 2Ζڇຌࢤᙇ࠷ຝ։Δࢬ൓ࠩऱ࿨࣠ᇿ
ഗ៕ኔ᧭࿨࣠լઌՂՀΔۖࠡ࿏ࢤᙇࠋ່࠷॰ាଖ(ಖ܂ Thr)հ๻ࡳ੡ 0.05(ࠡழၴଃ
௃᜔ᑇ੡ 4,214,360ଡΔڶࢬ۾ழၴଃ௃᜔ᑇऱ 45.88%)Ζڕኔ᧭ᑇᖕق᧩ࢬΔᇷறᙇ

=0.8

MSTFA 
=0.1 

0.5

MSTFA 
=0.5 

0.5

MSTFA 
=0.1 

1 

MSTFA 
=0.5 

1 

Baseline 23.64 

Itr01 22.82 22.85 22.73 22.74 22.80 22.88 22.82 22.83 22.77 

Itr02 22.44 22.35 22.33 22.36 22.39 22.37 22.34 22.37 22.38 

Itr03 22.28 22.07 22.13 22.14 22.19 22.06 22.10 22.02 22.05 

Itr04 21.79 21.65 21.50 21.56 21.69 21.52 21.58 21.41 21.56 

Itr05 21.48 21.26 21.14 21.26 21.34 21.23 21.47 21.3 21.52 

Itr06 21.24 20.98 20.97 21.09 21.23 21.05 21.27 21.06 21.32 

Itr07 21.10 20.91 20.87 21.09 21.19 20.89 21.11 20.80 21.19 

Itr08 21.06 20.87 20.81 20.82 20.93 20.50 20.97 20.54 20.98 

Itr09 20.97 20.84 20.74 20.85 20.90 20.58 20.82 20.57 21.03 

Itr10 20.77 20.82 20.80 20.72 20.93 20.46 20.87 20.65 21.10 

। 2ᇷறᙇֱ࠷ऄհኔ᧭࿨࣠ 

CER(%) MPE MPE 
Random

MPE HS 
Thr=0.05

MPE HS 
Thr=0.08

MPE SS 
=1.0

MPE SS 
=0.5 

Baseline 23.64 

Itr01 22.82 23.02 22.63 22.43 22.84 22.88  

Itr02 22.44 22.62 22.05 21.80 22.40 22.43  

Itr03 22.28 22.22 21.60 21.45 22.21 22.25  

Itr04 21.79 22.16 21.40 21.34 21.65 21.73  

Itr05 21.48 21.76 21.19 20.94 21.34 21.31  

Itr06 21.24 21.66 20.92 20.82 21.33 21.18  

Itr07 21.10 21.74 20.91 20.73 21.29 21.29  

Itr08 21.06 21.62 21.22 20.74 21.00 21.06  

Itr09 20.97 21.78 21.08 20.65 21.02 20.93  

Itr10 20.77 21.84 21.29 20.63 20.94 20.89  
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รڇ܀ᚹຒ৫Δگݶףאױ՛֏ଃైᙑᎄ(MPE)ಝᒭᒔኔ່ڇشऄᚨֱ࠷ ऱಝᒭڻ10
Ղࣔڶ޲᧩ֺ່՛֏ଃైᙑᎄऱڗᙑᎄ෷ࠐ൓܅Δࠡய࣠ਢ஁լڍऱΖ௽ܑࣹრऱਢ

ڇ Thr=0.08ऱຍิኔ᧭խΔݺଚቫᇢނ॰ាଖᙟထ૯זಝᒭڻᑇۖᎠ྇ٞאቹᝩ܍መ
৫ಝᒭհ෼ွΔࢬ൓࿨ٍ࣠ฤݺٽଚࢬཚඨΖਚאױ൓वᇷறᙇֱ࠷ऄࠠگݶףڶᚹ

ຒ৫հ౨Ժٵழڇร 10 ٵհ࿨࣠Ζڍ஁լڶಝᒭՂፖ່՛֏ଃైᙑᎄಝᒭᖑז૯ڻ
ழޓᎅࣔԱإא๵֏ⰶଖ੡ഗ៕ऱᇷறᙇֱ࠷ऄᒔኔ౨ᙇࠃڇנ৵ᖲ෷ࡳᆠ഑խᠦ

ᦸܑԺΔਚᇷڶለֺࠠߪءءழၴଃ௃ᑌࠄຍ࣍༡࠹Δءᢰ੺ለ२ऱழၴଃ௃ᑌࡳެ

றᙇֱ࠷ऄኙ࣍ᦸܑڤಝᒭ௽ܑڶᚥܗΖ 

ԫֱ׼ Δ૿ܠԳشࠌᙟᖲᙇ࠷(Random Selection)ֱऄၞ۩ֺለ᧭ᢞإא๵֏ⰶଖ
੡ഗ៕ऱᇷறᙇֱ࠷ऄऱᒔڶயشऱΔۖॺ႖ᙇΖኔ᧭࿨࣠ٵᑌ೶ە। 2Δࠡխᙟᖲ
ᙇ࠷(ಖ܂ MPE Random)ֱऄޢڇԫڻऱ૯זຟᙟᖲᙇڶࢬ࠷ழၴଃ௃᜔ᑇऱ
45.88%(ፖMPE HS Thr=0.05ຍิኔ᧭ऱழၴଃ௃᜔ᑇԫી)Ζ 

ΰԮαᇷறᙇֱ࠷ऄ࿨ٽழၴଃ௃إᒔ෷ࠤᑇհኔ᧭࿨࣠ 

່৵ء՛ᆏലܧ෼ᇷறᙇֱ࠷ऄ່࣍Օ֏ Sীழၴଃ௃إᒔ෷ࠤᑇ(MSTFA)հኔ᧭࿨
࣠Ζ່ࠡՕ֏ Sীழၴଃ௃إᒔ෷ࠤᑇऱ I-ؓᄶݾ๬೶ᑇ່ࠋ֏๻ࡳ੡ 10Ζشࠌࢬऱ
ழၴଃ௃ᇷறᙇֱ࠷ऄ੡࿏ࢤᙇ࠷(HS)Εຌࢤᙇ࠷(SS)֗א࿨ٽ࿏ࡉࢤຌࢤᙇ࠷
(HS+SS)Δኔ᧭࿨࣠ױ೶ە। 3Ζࠡխ່Օ֏ S ীழၴଃ௃إᒔ෷ࠤᑇऱ೶ᑇ๻ࡳ੡

0.˄Ε 5.0 Ιۖٺᇷறᙇֱ࠷ऄհ೶ᑇ๻ࡳઃ࣍٨। 3խΖطᑇᖕ᧩ق൓वΔᇷ
றᙇֱ࠷ऄᚨ່ڇشՕ֏ Sীழၴଃ௃إᒔ෷ࠤᑇྥࠉঅگݶףڶᚹຒ৫հګயΔ܀
รڇ 10 ֏౨ֺ່Օ޲ಝᒭՂথז૯ڻ S ীழၴଃ௃إᒔ෷ࠤᑇऱڗᙑᎄ෷ࠐ൓܅Ζ
รڇΔړ൓ࠐய࣠࠷ᙇࢤऄֺ࿏ֱ࠷ᇷறᙇࢤΔຌ؆ڼ 10 ֏ಝᒭՂᇿ່Օז૯ڻ S
ীழၴଃ௃إᒔ෷ࠤᑇऱڗᙑᎄ෷஁լڍΖ່৵Δ࿨ٽ࿏ࢤፖຌࢤᙇ࠷(HS+SS)ऱኔ
᧭࿨࣠থڶ޲ࠀሒࠩݺଚࢬቃཚऱࢤګףய࣠Ζ 

। 3ᇷறᙇֱ࠷ऄ࿨ٽழၴଃ௃إᒔ෷ࠤᑇհኔ᧭࿨࣠ 

CER(%) MPE
MSTFA

=0.1 
0.5

MSTFA 
HS 

Thr=0.05

MSTFA 
SS 
=1.0

MSTFA 
HS+SS 
Thr=0.1 

=0.5

Baseline 23.64 

Itr01 22.82 22.88 22.46 22.75 22.53

Itr02 22.44 22.37 21.87 22.25 21.72

Itr03 22.28 22.06 21.40 21.83 21.45

Itr04 21.79 21.52 21.38 21.45 21.38

Itr05 21.48 21.23 21.08 21.27 21.03

Itr06 21.24 21.05 21.03 20.94 20.90

Itr07 21.10 20.89 21.02 20.65 21.14

Itr08 21.06 20.50 21.15 20.78 21.14

Itr09 20.97 20.58 20.86 20.56 21.07

Itr10 20.77 20.46 21.43 20.86 21.37

 

 
85



ԮΕ࿨ᓵፖࠐآ୶ඨ 

ᦸܑڤᜢᖂᑓীಝᒭڇՕဲნຑᥛ፿ଃᙃᢝऱઔߒՂԫऴފዝထૹ૞ऱߡ ڱᓵ֮ءΖۥ

൶܂ࠐٻൕՀ૿ࠟଡ૿ױ࣠ګփ୲ፖߒ࿳່՛֏ଃైᙑᎄհᜢᖂᑓীಝᒭΔઌᣂઔޏڇ

ಘ: 

(1) ଈ٣Δءᓵ֮༼נԱᄅऱழၴଃ௃إᒔ෷ࠤᑇ່ז࠷ࠐ՛֏ଃైᙑᎄಝᒭऱ଺ࡨଃ
֏ኔ᧭࿨࣠ՂΔ່ՕڇೈᙑᎄᔞᅝऱᡕፆΖܔ࿯ղچ։ךᑇΔၞۖࠤᒔ෷إై Sীழ
ၴଃ௃إᒔ෷ࠤᑇ(MSTFA)౨ሒֺ່ࠩ՛֏ଃైᙑᎄ(MPE)ಝᒭપ1.5ڶ%ऱઌኙڗᙑ
ᎄ෷૾܅Ζ 
(2) ࠡ ᜢᖂᑓীڤ࿳ᦸܑޏࠐऄֱ࠷๵֏ⰶଖ੡ഗ៕հᄅऱᇷறᙇإאנ༽ᓵ֮ءΔڻ
ಝᒭΔإ࣍ط๵֏ⰶଖਢא࿯ࡳਬಝᒭ፿؁ऱ፿ଃ௽ᐛٻၦ٨ݧխΔਬଡणኪխऱਬ

ଡ೏ཎ։ؒנ෼ऱࠃ৵ᖲ෷ޣࠐ൓ऱΔီאױאࢬ੡ਢࠃڇ৵ᖲ෷ࡳᆠ഑խࠐᙇ࠷ಝ

ᒭᑌءΔࢬ׊ᙇࠐנऱಝᒭᑌءਢֺለ෗෤ऱΔኙᦸܑڤಝᒭࠐᎅΔຍࠄ෗෤ऱಝᒭ

ᑌءਢለࠠڶᦸܑԺऱΖ௅ᖕॣޡऱኔ᧭࿨࣠᧩قΔڼᇷறᙇֱ࠷ऄگݶףאױᚹຒ

৫Δڇছ༓ڻऱ૯זಝᒭխΔֺ່՛֏ଃైᙑᎄಝᒭڶৰՕ׊ԫીऱڗᙑᎄ෷૾܅Ζ

รڇऱ࿨࣠ړ່ ಝᒭՂΔֺזऱ૯ڻ6 ່՛֏ଃైᙑᎄಝᒭપڶ 1.5%ऱઌኙڗᙑᎄ෷
  Ζ܅૾

ᑇऱ๻ૠԫऴຟਢԫଡૹ૞ࠤᜢᖂᑓীಝᒭխΔ྇ჾڤ٤૿ଅᙠ੡ഗ៕ऱᦸܑא

ऱᤜᠲΔੌ່ڕ۩ऱ່՛֏ଃైᙑᎄಝᒭؾᑑࠤᑇխΔאᣊֺܑኙ੡ഗ៕ऱ଺ࡨଃైإ

ᒔ෷ࠤᑇ༉ᝫڇژထၞޏऱ़ Ζၴբڶᖂृ༼אנᜢᖂᑓীၴऱᣂএࠐૠጩإᒔ෷࠷א

ᣂၴڼ࢖ᜢᖂᑓীࡉᑇࠤᒔ෷إᑇΖᣊֺܑኙ੡ഗ៕ऱଃైࠤᒔ෷إᣊܑ੡ഗ៕ऱאז

এऱ྇ჾࠤᑇઃࠡڶٺᚌ౒រΔܠࠐآԳუ૞ቫᇢലຍࠟጟլٵऱᇷಛ࿨ٽΔٞቹၞޏ

ᦸܑڤᜢᖂᑓীಝᒭΖ 

ऱᦸהࠡࠩشऄᚨֱ࠷๵֏ⰶଖ੡ഗ៕ऱᇷறᙇإאՈუቫᇢലࠐآԳܠழΔٵ

՛֏։ᣊᙑᎄΕ່່ڕಝᒭΔڤܑ ՛֏ּߦଅᙠᦸܑڤಝᒭ࿛Δא᧭ᢞֱڼऄऱԫ౳ࢤΖ

๵֏ⰶଖ੡ഗ៕հᄅऱᇷறإאڼ઎Δࠐᚹຒ৫گ՛֏ଃైᙑᎄಝᒭऱ່ףطኔՂΔࠃ

ᙇֱ࠷ऄऱᒔ੡ᦸܑڤᜢᖂᑓীಝᒭ༼ࠎԱԫଡᄅऱֱٻΖ 
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ኴ૞ 

อய౨ᆖൄᄎՀߓ፿ଃᙃᢝ࣍಻Δᖄી֐ᛩቼࠟृհၴऱլشᚨࡉ࿇୶ᛩቼ࣍ط    
૾Δ֧ۖದຍլ֐಻ऱ׌૞଺ڂհԫਢࢤګףᠧಛΔ๠෻ࢤګףᠧಛऱֱऄݺଚאױ։

ಘᓵऱࢬᓵ֮ء፿ଃᑓীᓳᔞऄΔۖ֗א፿ଃ௽ᐛ೶ᑇΕࢤԿᣊΔ፿ଃൎ֏ऄΕൎ೜ګ

ֱऄ׌૞ਢ᥆࣍ൎ೜ࢤ፿ଃ௽ᐛ೶ᑇհݾ๬Ζ  

፿ଃጤរೠྒྷऱ࣍ऱॾᇆ௽ᐛኙٵ൶ಘլ࣍ڇ૞ऱૹរ׌ଚݺᓵ֮խΔءڇ    
ᐙ᥼Δشܓࢬऱ௽ᐛ։ܑ੡܅᙮൅᙮ᢜൎ৫Ε٤᙮൅᙮ᢜൎ৫Εีᗨၦ֏᙮ᢜΕ

൓հొࢬऱ௽ᐛၞ۩፿ଃհጤរೠྒྷΔٵլࠄՂຍאشܓ೏ຏኙᑇ౨ၦ࿛Ζ֗א

ᠧಛऱۯᆜᇷಛࠎ༽אױ᙮ᢜ௣װऄፖᙩଃኙᑇ౨ၦإ๵֏ऄխࢬᏁऱᠧಛ᙮

ᢜࢨ౨ၦऱ۷ྒྷΖ  

شଚආݺኔ᧭ᛩቼՂڇ     Aurora2፿ற஄ΔڇԶጟહནᠧಛ֗אಛᠧֺ 0~20dB
Հ೚ኔ᧭Ζڇรնີխܧࢬ෼ऱኔ᧭ᑇᖕፖ։࣫ױᢞࣔאՂࢬ૪ऱٺጟ௽ᐛ᧩ྥ

ऱ᙮ᢜ௣شࠌࢬհ৵ࠌԫ੄፿ଃխొᠧಛຝ։ፖ፿ଃຝ։Δנயऱᦸܑڶאشױ

ᠧಛᛩቼڇ֒༽᧩ࣔא๬Δ൓ݾ፿ଃ௽ᐛࢤ๵֏ऄ࿛ൎ೜إऄፖᙩଃኙᑇ౨ၦװ

Հ፿ଃᙃᢝऱ壄ᒔ৫Δᏺף፿ଃᙃᢝߓอऱൎ೜ࢤΖ  
 
ᣂ᝶ဲΚጤរೠྒྷऄΔ౨ၦ௽ᐛΔ᙮ᢜ௣װऄΔ۞೯፿ଃᙃᎁ 
 

Abstract 
The performance of a speech recognition system is often degraded due to the mismatch 

between the environments of development and application. One of the major sources that 
give rises to this mismatch is additive noise. The approaches for handling the problem of 
additive noise can be divided into three classes: speech enhancement, robust speech feature 
extraction, and compensation of speech models. In this thesis, we are focused on the second 
class, robust speech feature extraction.    

The approaches of speech robust feature extraction are often together with the voice 
activity detection in order to estimate the noise characteristics. A voice activity detector (VAD) 
is used to discriminate the speech and noise-only portions within an utterance. This thesis 
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primarily investigates the effectiveness of various features for the VAD. These features 
include low-frequency spectral magnitude (LFSM), full-band spectral magnitude 
(FBSM), cumulative quantized spectrum (CQS) and high-pass log-energy (HPLE). 
The resulting VAD offers the noise information to two noise-robustness techniques, 
spectral subtraction (SS) and silence log-energy normalization (SLEN), in order to 
reduce the influence of additive noise in speech recognition.  
    The recognition experiments are conducted on Aurora-2 database. Experimental results 
show that the proposed VAD is capable of providing accurate noise information, with which 
the following processes, SS and SLEN, significantly improve the speech recognition 
performance in various noise-corrupted environments. As a result, we confirm that an 
appropriate selection of features for VAD implicitly improves the noise robustness of a 
speech recognition system. 
 
KeywordsǺ voice activity detection, spectral magnitude, spectral subtraction, speech 

recognition 
 
ԫΕፃᓵ 
੡፿ଃᙃైڂΖࠡխԫૹ૞ऱڍৰైڂ੒ᛩቼխΔᐙ᥼፿ଃᙃᢝ࿨࣠ऱسଚऱݺڇ    
ᢝߓอಝᒭፖᚨشᛩቼՂऱլ֐಻(environmental mismatch)Δڼլ֐಻ऱઌᣂైڂ
ԾܶץԱࢤګףᠧಛ(additive noise)Εኹᗨࢤᠧಛ(convolutional noise)֗א᙮ᐈૻ
ࠫ(bandwidth limitation) ࿛ైڂΖࠡխࢤګףᠧಛՈױᎅਢહནᠧಛΔຍਢڂ੡፿ଃ
ᙃᢝߓอࢬ๠ڇऱᛩቼΔࠀॺຟቝኔ᧭৛ශྤࠡהեឫᠧಛΖՈ๺ߓอਢ๠چ࣍ᥳీ

խΕ塊ᨚΕᖲ໱࿛ຍהࠡڶࠠࠄեឫᄭऱᛩቼΖ੷۟லԳܮࡅ໙ஒᜢଃຟᄎ෗ၞ፿ଃᇙ

૿Δທګᙃᢝ෷ऱ૾܅ΖኹᗨࢤᠧಛՈጠ੡ຏሐᠧಛࢨਢຏሐ؈టΔ׌૞ਢڂ੡ຽ܌ଅ

ऱլٵΕႚᙁᒵޗऱᔟᓈயᚨլڇ؆࠹ۖړሽ጖ंᐙ᥼ࢬທګऱΖ᙮ᐈૻࠫՈਢڂ੡گ

ଃຏሐऱ஁ฆࢬ൅ࠐऱᐙ᥼Ζ৵૿ࠟႈऱڇైڂሽᇩ፿ଃᙃᢝߓอ༉ॺൄऱࣔ᧩Ζڶڇ

ૻ᙮ᐈऱሽᇩᒵΔނຏᇩृ᙮ᐈ೚ૻࠫܓঁאႚᙁΔຍ࢓࢓ᄎທګ፿ृऱᜢଃ᧢ᓳΔ੷

۟ຏሐ؈టऱᐙ᥼ᝫᄎທࠟृشࠌګጤᄎ࿇ܵܵسऱᠧଃΔທګ፿ଃᙃᢝৰՕऱܺឫΖ 

੡Աޏ࿳אՂࢬ૪հᛩቼՂऱլ֐಻Δڶฒڍᖂृ༼ٺנጟၞޏऱֱऄΔࠡխԫᣊ

ऱֱऄ੡ൎ೜ࢤ፿ଃ௽ᐛ೶ᑇݾ๬Δൎ೜ࢤ፿ଃ௽ᐛ೶ᑇݾ๬ऱ׌૞ؾऱਢנ࠷ࢼڇլ

୲ڇ؆ࠩ࠹࣐ᛩቼեឫۖ؈టऱ፿ଃ௽ᐛ೶ᑇΔၞۖડ᧩נ፿ଃ᧢֏ऱຝ։Ζڇ๺ڍಾ

ኙࢤګףᠧಛࢬ࿇୶ऱൎ೜ࢤ፿ଃ௽ᐛ೶ᑇݾ๬ᇙΔ࠷۶ڕ൓ᠧಛຝ։ऱᇷಛਢৰૹ૞

ऱΔٍڇܛԫ੄፿ଃಛᇆխΔݺଚຏൄؘႊೠྒྷొᠧಛڇࢬऱۯᆜΔ࣍ܓאᠧಛᇷಛऱ

១ጠ੡ጤࢨ๬ঞอጠ፿ଃ੒೯ೠྒྷऄ(voice activity detection, VAD)Δݾ൓Δࠡઌᣂऱ࠷
រೠྒྷऄ(endpoint detection)Ζءᓵ֮ऱૹរڇܛ࿇୶ԫشࠌ٨ߓጤរೠྒྷऄऱॾᇆ௽
ᐛΔ៶طຍࠄ௽ᐛΔࠌጤរೠྒྷऱ࿨࣠ޓ壄ᒔΔၞۖࠌհ৵ऱൎ೜ࢤ፿ଃ௽ᐛ೶ᑇݾ๬

౨ሒࠩړޓऱய࣠Ζڇᓵ֮խΖݺଚലտฯ༓ଡאش፿ଃೠྒྷऱॾᇆ௽ᐛΔ։ܑ੡܅᙮

൅᙮ᢜൎ৫(low-frequency spectral magnitude, LFSM)Ε٤᙮൅᙮ᢜൎ৫(full-band 
spectral magnitude, FBSM)Εีᗨၦ֏᙮ᢜ(cumulative quantized spectrum, CQS)Ε
ጤរೠྒྷऱֱࠄຍނଚቫᇢݺ೏ຏኙᑇ౨ၦ(high-pass log-energy, HPLE)࿛Ζ֗א
ऄፖࠟጟൎ೜ڤ፿ଃ௽ᐛ೶ᑇឯ࠷ऄ࿨ٽΔܛ᙮ᢜ௣װऄ(spectral subtraction)ፖᙩ
ଃኙᑇ౨ၦإ๵֏ऄ(silence log-energy normalization, SLEN)࿛Δ࿇෼ઃڶઌᅝ࿓
৫ऱ༼೏ᙃᢝய෷Ζ  

90



 
                        ቹԫΕᠧಛեឫ፿ଃհقრቹ  
 

ጟॾᇆٺհጤរೠྒྷऱנ༽ࢬᓵ֮ࠡ塒ຝ։٥։੡նີΔࠡխรԲີᇡาտฯء

௽ᐛΔรԿີտฯءᓵ֮شࢬऱࠟጟൎ೜፿ଃ௽ᐛݾ๬Δร؄ີ੡ኔ᧭ᛩቼऱ๻

Ա១૞ऱ࿨ᓵΖܶץΔรնີ੡ኔ᧭࿨࣠ፖಘᓵΔ່৵Δรքີঞࡳ  

 

ԲΕጤរೠྒྷشࠌࢬհॾᇆ௽ᐛ 
ጤរೠྒྷऄ(endpoint detection)ࢨጠ੡፿ଃ੒೯ೠྒྷऄ(voice activity detection, VAD)ਢਐ
யऱጤរೠྒྷऄΔڶԫଡط៶ऱዝጩऄΖࠐנᆜೠྒྷۯലԫ੄፿ଃխᠧಛፖ፿ଃऱאױ

᙮ᢜ౨ၦ࿛Ζၞۖࠡڕࠏ൓ऱొᠧಛଃ௃Δᄷᒔऱ۷ྒྷᠧಛऱᇷಛΔޣࢬشܓאױଚݺ

আٺګጟൎ೜ݾ๬ऱشࠌΔאሒࠩᠧಛऱࠫލΔ૾܅ᠧಛኙ፿ଃಛᇆऱᐙ᥼ΖאڇՀ༓

ᆏΔݺଚലտฯאشጤរೠྒྷऱٺጟॾᇆ௽ᐛΖ 
ΰԫα܅᙮൅᙮ᢜൎ৫(low-frequency spectral magnitude, LFSM) 

᙮൅ڇଚᨠኘࠩྤᓵٚ۶ጟᣊऱᠧಛΔݺ [0,50Hz]հၴຟڶઌᅝֺࠏऱ౨
ၦΖٵழΔ፿ଃ܅ڼڇ᙮൅ऱ౨ၦՈࠠڶԫࡳ࿓৫ऱֺࠏΖݺڼڂଚ௅ᖕڼ᙮ᢜ

Ղऱ௽ࢤΔװૠጩޢଡଃ௃܅ڼڇ᙮൅ऱ᙮ᢜൎ৫Ζ௅ᖕڼൎ৫ଖΔܒឰڼ፿ଃ

ଃ௃ਢܡ੡ొᠧಛଃ௃Δࢨਢܶץ፿ଃऱଃ௃Ζ  
    ଈ٣Δݺଚ೗๻ ,1mx n n N ਢ፿ଃಛᇆऱร m ଡଃ௃Δലࠡ࠷

 ( )K K N រऱᠦཋແمᆺ᠏ངΔݺଚലױ൓ࠩڼଃ௃ࢬኙᚨհ᙮ᢜڕՀ(1)ڤΚ 

          
21

0

,    0 1
nkN jm m K

k m
n

X f X k x n e k K           (1) 

ࠡխ kf ੡᙮෷ΔࠡଖڕՀڤΚ  

               
2
s

k

F
f k

K
                                       (2) 

ࠡխ sF ੡࠷ᑌ᙮෷Δݺڼڂଚࡳᆠנ᙮൅ ,L UF F հ᙮ᢜൎ৫ૠጩֱڤ੡Κ  

              
,[ ]L U

L k U

m
F F m k

F f F

Y X f                               (3) 

௅ᖕ(3)ڤΔݺଚאױૠጩޢԫଃ௃հ܅᙮൅᙮ᢜൎ৫Δܛ 0۟ 50Hzאփऱ܅᙮൅᙮ᢜ
ൎ৫ڕՀΚ 
                         0,50

0 50k

m m
Low m k

f

Y Y X f                       (4) 

൷ထݺଚאԫ੄፿ଃছPଡଃ௃հ܅᙮൅᙮ᢜൎ৫ऱؓ݁੡೶ەଖΔࠡૠጩڕՀΚ 
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1

1 P
m
Low

m

Y
P

                                  (5) 

ࠡխP।ॣޡ೗๻੡ొᠧಛհଃ௃ᑇΖኙ࣍ԫ੄፿ଃۖߢΔছ༓ଡଃ௃ຏൄਢॺ፿ଃऱ
ొᠧಛଃ௃Δאࢬԫၲݺࡨଚ೗๻ছPଡଃ௃ז।ొᠧಛΖ൷ထݺଚലޢԫଡଃ௃܅᙮
൅փऱ᙮ᢜൎ৫ m

LowY ፖ॰ាଖ ೚ֺለΔૉছृ՛࣍৵ृΔঞࠡូᣊ੡ొᠧಛଃ௃Δ֘

հঞ੡፿ଃଃ௃ΖጤរೠྒྷऱܒឰڕڤՀΚ 

             
  

     

m
Low

m
Low

Y
m

Y

પᚇૻॣਣǴऩ
ಃ ঁॣਣࣁ

ᇟॣॣਣ Ǵऩ
                  (6) 

 
ΰԲα٤᙮൅᙮ᢜൎ৫(full-band spectral magnitude, FBSM) 
ݺऱਢΔٵছԫᆏΔլۿऄᣊ܂٤᙮൅᙮ᢜൎ৫௽ᐛၞ۩ጤរೠྒྷΔࠡشܓ    
ଚࠀլಾኙ௽ࡳ᙮൅۷ྒྷࠐᠧಛΖ೗๻࠷ᑌ᙮෷੡ 8kHzΔݺଚਢޢނଡଃ௃ऱ
٤ຝ᙮൅[0, 4kHz]ऱ᙮ᢜൎ৫٤ຝຟەᐞǴ(7)ڤڕǴݺଚૠጩޢԫଃ௃٤᙮൅ऱ
᙮ᢜൎ৫Ǻ 
                        0,4000

0 4000k

m m
Full m k

f

Y Y X f                      (7) 

 

 
ቹԲΕ፿ଃं֗ݮ᙮ᢜൎ৫։܉ቹ  

 
ቹԲقࢬऱԿ੄፿ଃΔ։ܑ੡೓෣፿ଃΕچ࠹Հᥳᠧಛեឫऱ፿ଃ(SNR=5dB)

࣍Δኙࠐቹ઎܉᙮ᢜൎ৫։֗ݮ塊ᨚᠧಛեឫऱ፿ଃ(SNR=5dB)Ƕൕ፿ଃं࠹֗
፿ଃಛᇆݺଚאױৰפګऱ೴ሶנ፿ଃऱຝ։ፖॺ፿ଃຝ։Ζ܀ਢڇ SNR ৰ՛
ऱൣउՀΔ೴ሶ፿ଃࡉॺ፿ଃຝ։᧢൓ֺለܺᣄΖլࢬ[1]࣍ٵ༼ࠩΔ፿ଃ༓׏լ
։࣍܉[0,50Hz]ऱ܅᙮൅ΔڇรԿ٨ऱ܅᙮൅᙮ᢜൎ৫։܉ቹխݺଚױ઎ࠩΔ፿
ଃڼڇ᙮൅սڶ׭ઌᅝऱֺࠏΔٵழױ઎ࠩڼ᙮൅ऱ᙮ᢜൎ৫ڶאױயࠐش೴ሶ

፿ଃࡉॺ፿ଃຝ։ΖᨠኘรԲ۩ऱچᥳᠧಛՀऱ፿ଃΔՕપڇ 0.5 ࠩ 0.6 ઞհၴ
ᐙ᥼ΖۖᨠኘรԿࠡ࠹լ׏᙮൅᙮ᢜൎ৫༓܅܀ᠧಛΔף෼ऱለՕ౨ၦհॵנࢬ

۩հ塊ᨚᠧಛՀऱ፿ଃΔՕપڇ 0.7 ࠩ 0.8 ઞհၴΔՈਢנ෼ᏅቝለՕ౨ၦऱॵ
լՕΖรԲ٨ऱ٤ࠀ᙮൅᙮ᢜൎ৫ऱᐙ᥼܅ڇᠧಛףॵڼଚ࿇෼Δݺ܀ᠧಛΔף

᙮൅᙮ᢜൎ৫ױ൓إኙొᠧಛፖ፿ଃଃ௃Ոڶৰړऱᦸܑய࣠Δ੡ࠡለ୲ࠩ࠹࣐

ለ೏᙮ᢜൎ৫ᐙ᥼ۖທګᎄܒΖ  
ΰԿαีᗨၦ֏᙮ᢜऄ(cumulative quantized spectrum, CQS) 
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೚੡ጤរೠྒྷࠐ᙮൅ፖ٤᙮൅ऱ᙮ᢜൎ৫܅Աشܓଚ։ܑݺছࠟ՛ᆏᇙΔڇ    
ऱᑑᄷΔࠩشࢬऱ᙮ᢜൎ৫੡شࢬऱ᙮൅փհޢଡ᙮෷ኙᚨհൎ৫᜔ࡉΖڇຍᇙ

֏ऱ௽ᐛጠ੡ีᗨၦشࢬጤរೠྒྷऱֱऄΔګݙࠐᔆࢤ᙮ᢜشܓԫጟ׼נ༽ଚݺ

᙮ᢜ(cumulative quantized spectrum, CQS)Ƕࠡഗءᓵរ੡Δലొᠧಛፖᠧಛ፿ଃ
հᠦཋ᙮ᢜֺለΔݺଚאױ࿇෼ొᠧಛଃ௃ܶࢬለ೏ൎ৫հ᙮෷ଡᑇΔຏൄֺᠧ

ಛ፿ଃଃ௃հ೏ൎ৫ऱ᙮෷ଡᑇ֟Δݺڼڂଚีط៶אױᗨԫଃ௃խ೏ൎ৫հ᙮

෷ऱଡᑇࢬ൓Δܒࠐឰڼଃ௃ऱጟᣊΖڂ੡ຍᑌऱ೚ऄΔઌᅝ࣍ലޢଡ᙮෷ऱൎ

৫೚ၦ֏(೏ृ੡ 1Ǵृ܅੡ 0)Δ٦ലຍࠄၦ֏৵ऱൎ৫ଖ᜔ףΔݺڼڂଚጠࢬ൓
հ௽ᐛଖ੡ีᗨၦ֏᙮ᢜΖݺଚ೗๻ޢ੄፿ଃऱছPଡଃ௃੡ొᠧಛଃ௃Δشܓ
ԫ᙮෷հൎ৫ऱ॰ាଖ੡ΚޢᆠࡳଚݺPଡଃ௃հൎ৫᙮ᢜऱؓ݁Δڼ  

                        
1

1 P

m
m

k X k
P

                      (8) 

    ࠡխ mX k ।قรmଡଃ௃ಛᇆ࠷N រ DFT ৵հ᙮ᢜΖݺଚലޢԫଡଃ௃

հ ᠦ ཋ ᙮ ᢜ ൎ ৫ ,  0,  1,  2,  ......,  
2m

N
X k k ፖ ࢬ ൓ հ ॰ ា ଖ

,  0,  1,  2,......,  
2
N

k k ֺለՕ՛Δࢬ൓ࠩၦ֏৵ऱ᙮ᢜڕՀΚ  

        
1   

 0,  1,  2,......,  
20   

m

m

m

if X k k N
Y k k

if X k k
               (9) 

൷ထലޢԫଃ௃ऱၦ֏᙮ᢜ mY k ೚ีףΔ൓Κ  

                          
2

0

N

m m
k

Z Y k                        (10) 

൓հีᗨၦ֏᙮ᢜࢬڼڂ mZ ॰ាଖऱ᙮෷ଡᑇΔ࣍੡รmଡଃ௃խΔൎ৫Օܛ mZ
။ՕΔঞრ࠺ထڼଃ௃ڶ။Օऱᖲ෷ਢ౨ၦለՕऱଃ௃(፿ଃଃ௃)Ι֘հΔঞڼ

ଃ௃੡ԫొᠧಛଃ௃Ζ່৵ݺଚ੡ีᗨၦ֏᙮ᢜ mZ ԫ॰ាଖࡳ 4
N
Δܛપ੡᙮෷

រᑇऱԫתΔᅝ mZ ՛࣍ 4
N
ழΔঞڼଃ௃ូᣊ੡ొᠧಛଃ௃Ι֘հΔঞ੡፿ଃଃ

௃Κ  
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m

m

N
Z

m
N

Z

ᇟ ॣ ॣ ਣǴऩ

ಃ ঁॣਣࣁ

પᚇૻॣਣǴऩ

                    (11) 

ቹԿقࢬऱࠟ੄፿ଃΔ։ܑ੡೓෣፿ଃፖీ߫࠹ᠧಛեឫऱ፿ଃ

(SNR=5dB)Ζรԫ٨ࠟቹ੡፿ଃऱंݮቹ(ቹԿ(a)ፖ(b))ΔۖรԲ٨ࠟቹ(ቹԿ(c)
ፖ(d))რᆠ੡ଃ௃ࡳܒऱ࿨࣠Δૉ೏ൎ৫հ᙮෷ऱଡᑇڍ׭ᑇΔঞ੡ᠧಛ፿ଃଃ
௃Δڇቹխא 1 ।قΙ֘հΔૉ೏ൎ৫հ᙮෷ଡᑇ֟׭ᑇΔঞڼଃ௃ࡳܒ੡ᠧಛ
ଃ௃Δቹխא 0 ।قΖڇรԫ۩ऱࠟଡิቹ(ቹԮ(a)ፖ(c))Δݺଚ࿇෼ีאᗨၦ֏
᙮ᢜ։܉ኙ࣍೓෣ऱ፿ଃխΔኙ࣍፿ଃଃ௃ፖॺ፿ଃଃ௃Δࠠڶထৰړߜऱᙃܑ

৫Ζۖ࣍ڇ SNR ለ՛ऱ፿ଃᛩቼ(ቹԿ(b)ፖ(d))Δڇಛᇆለ৵੄ຝ։Δࠡ፿ଃګ
։༓׏૞๯હནᠧಛ࿯៿።መװΔ܀ਢᆖመีᗨၦ֏᙮ᢜ೚ࡳܒ๠෻৵Δݺଚױ

࿨ࡳܒ٤೓෣ऱ፿ଃݙᠧಛ፿ଃຝ։ֺದ֗אᠧಛຝ։ొנᦸܑ࣍࿇෼ࠡኙא
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࣠(ቹԿ(c))׽ਢฃ஁ԫࠄΔኙ࣍፿ଃຝ։ᖞ᧯ࠐᎅ֜ڶ޲ࠀՕऱᙊዥࢨਢᎄܒΖ 

 
                 ቹԿΕ፿ଃंี֗ݮᗨၦ֏᙮ᢜऄհᦞૹቹ  
ΰ؄α೏ຏኙᑇ౨ၦ(high-pass log-energy, HPLE) 
౨ၦՕ՛ԫٻਢࡳܒԫଃ௃ਢܡ੡ᠧಛࢨ፿ଃऱૹ૞ਐᑑΔ[6-2]ڇ࿛壆֮ڍ᣸ᇙ
༼ࠩଃ௃౨ၦהࠡࢨ᧢֏ऱڤݮ(ڕኙᑇ౨ၦΔ౨ၦऱ஁։࿛)܂شױጤរೠྒྷऱ
٨ៀंݧଚऱᨠኘ࿇෼Δലଃ௃ኙᑇ౨ၦଖຏመԫ೏ຏऱழၴݺ૞௽ᐛΖ௅ᖕ׌

ᕴΔࢬ൓ࠩհ೏ຏኙᑇ౨ၦǴڶױயᦸܑొᠧಛፖ፿ଃଃ௃Ζઌኙڇ࣍ԫ౳شࠌ

հ౨ၦ஁։ऄխΔ஁ၦៀंᕴ(delta filter)ඍඵ౨ၦհᓳ᧢᙮ᢜ೏᙮ګ։Δݺଚ࿇
෼ࠡኔ೏᙮ګ։Ոਢܶץထৰڍૹ૞ऱ፿ଃᇷಛΖݺڼڂଚشࠌࢬԫ೏ຏழၴݧ

٨ៀंᕴࠐኙ౨ၦ೚๠෻Κݺଚ೚ԫྤૻ౧ᓢ᥼ᚨ(infinite impulse response, IIR)ऱ೏
ຏழၴ٨ݧៀंᕴࠐ๠෻ԫຑۭऱଃ௃ኙᑇ౨ၦΔࠡᙁԵፖᙁנऱᣂএڤ੡Κ 

1
1 - 1

2
E n e n E n                                               (12)  

ࠡխE n ਢޢଡଃ௃ޓᄅ৵ऱኙᑇ౨ၦଖΔۖe n ੡ޢଡଃ௃ऱ଺ࡨኙᑇ౨ၦଖΖڼ
೏ຏៀंᕴհ᙮෷᥼ᚨڕቹԿΖݺଚൕቹխױवሐΔڼ೏ຏழၴ٨ݧៀंᕴ޲ࠀ

௽ܑ܅ࠫލ᙮ຝ։Δۖڇ೏᙮ຝ։থڶထ࣋Օऱய࣠Ζ  
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       ቹԿΕ೏ຏៀंᕴፖ஁ၦៀंᕴ஡༏᙮෷᥼ᚨቹ  
     
 ՀΚڕᖞ੄፿ଃଃ௃೏ຏኙᑇ౨ၦऱؓ݁੡ԫ॰ាଖΔૠጩחଚݺ

1

1
[ ]

N

n

T E n
N

                                          (13)  

ࠡխN ੡ଃ௃᜔ᑇΖ፿ଃଃ௃ፖొᠧಛଃ௃ࡳܒऱ଺ঞ੡Κ 
   [ ] <

      [ ]      

E n T
n

E n T

પᚇૻॣਣǴऩ
ಃ ঁॣਣࣁ΋

ᇟॣॣਣ Ǵऩ
                      (14)              

ቹ؄੡೓෣፿ଃፖᠧಛ፿ଃհंݮፖ೏ຏኙᑇ౨ၦቹΔቹ؄(a)ፖ(c)।נقΔڇ
೓෣ൣउՀΔ೏ຏኙᑇ౨ၦऄኙ࣍ॺ፿ଃፖ፿ଃࠠڶৰլᙑऱᦸܑԺΖۖᅝݺଚ

ڇ SNR=5dB ழऱᠧಛᛩቼΔݺଚطቹ؄(b)ፖ(d)࿇෼Δᖞ੄ಛᇆأጤऱ፿ଃຝ
։Δ༓׏๯ᠧಛ࿯៿።መװΔྥۖᆖመ೏ຏኙᑇ౨ၦऄ๠෻መ৵Δຍຝ։ऱ፿ଃ

ᎅΔᖞ᧯፿ଃຝ։ࠐ᧯ऱԫ՛ຝ։ΖՕࡨଶၲڇຝ։ਢܒΔ൫ԫᎄࠐנ๯ᦸܑڶ

༓׏ຟڶ๯ᦸܑࠐנΔױڼڂ઎ֱڼנऄऱய౨Ζ  

 

ቹ؄Ε፿ଃंݮፖࠡ೏ຏኙᑇ౨ၦቹ  
 
ԿΕൎ೜ڤ፿ଃ௽ᐛ೶ᑇឯݾ࠷๬ 
ऱֱऄΔല፿ଃխ۷ྒྷऱᠧಛ௣࠷፿ଃ௽ᐛឯࢤଚലտฯࠟጟൎ೜ݺᆏխΔີء    
ೈΔאᝫ଺೓෣ऱ፿ଃ௽ᐛΖ 
 
ΰԫαॺᒵࢤ᙮ᢜ௣װऄ  (nonlinear spectral subtraction, NSS) 

᙮ᢜ௣װऄ[7-8]׌૞ؾऱਢ۷ྒྷࢤګףנᠧಛऱ᙮ᢜ։܉Δ٦ല๯ॵףᠧಛեឫऱ
፿ଃಛᇆ᙮ᢜڬೈנ۷ྒྷࢬऱᠧಛ᙮ᢜΔאᝫ଺଺ࡨऱ೓෣፿ଃ᙮ᢜΖشࠌ᙮ᢜ௣װऄ

խΔࠟڶଡഗء೗๻Κ 
ΰ1α೓෣፿ଃಛᇆፖᠧಛಛᇆڇอૠՂਢྤᣂऱ(uncorrelated)Δڇ׊ࠀழ഑ (time 

domain) ՂਢױᒵګףࢤऱΙ 
( 2 ) ᠧಛಛᇆઌኙ೓෣፿ଃಛᇆۖߢਢ᧢֏ለ੡ᒷኬऱΖ 
௅ᖕຍࠟଡ೗๻Δݺ࣠ڕଚ૞൓ࠩ೓෣፿ଃಛᇆΔຏൄؘႊൕॺ፿ଃऱ೴഑۷ྒྷנᠧಛ

ऱ᙮ᢜΔ٦ല࠹ᠧಛեឫऱ፿ଃ᙮ᢜ྇װᠧಛऱ᙮ᢜΔ(15)ڤᎅࣔԱᠧಛ፿ଃಛᇆΕ೓
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෣፿ଃಛᇆࡉᠧಛಛᇆऱᣂএΚ 
Fourier Transform( ) ( ) ( ) ( ) ( ) ( )i i i i i iy t x t n t Y f X f N f                     (15)      

ࠡխ ( )iy t Ε ( )ix t ፖ ( )in t ։ܑז।รiଡଃ௃ऱᠧಛ፿ଃಛᇆΕ೓෣፿ଃಛᇆ֗אᠧಛಛ
ᇆΔۖ ( )iY f Ε ( )iX f ፖ ( )iN f ঞਢ ( )iy t Ε ( )ix t ፖ ( )in t ऱൎ৫᙮ᢜ(magnitude spectrum)ଖΖ 
ଚૉ౨壄ᒔ൓ࠩᠧಛհൎ৫᙮ᢜݺΔ෻უՂΔڼڂ     ( )iN f Δঞױൕ ( )iY f ऴ൷ڬೈ

( )iN f ۖ൓ࠩ೓෣፿ଃൎ৫᙮ᢜ ( )iX f ΖኔᎾՂΔ ( )iN f ຏൄྤऄԼ։壄ᒔऱ۷ྒྷΔຍᄎ
ᖄીԫଡംᠲΚૉൎ৫᙮ᢜ ( )iY f ֺ۷ྒྷհᠧಛಛᇆൎ৫᙮ᢜ ( )iN f ᝫ՛ழΔઌ྇ऱ࿨࣠
ᄎ൓ࠩԫଡ૤ଖΔۖ೓෣፿ଃൎ৫᙮ᢜਢլᚨᇠנ෼૤ଖऱΔڼڂᇞެຍംᠲऱֱऄհ

ԫ༉ਢᅝ۷ૠࠩऱ೓෣፿ଃൎ৫᙮ᢜଖ੡૤ழΔݺଚ༉אԫଡᄕ՛ऱଖזཙΔຍᑌऱֱ

ऄݺଚጠ੡ॺᒵࢤ᙮ᢜ௣װऄ[8]Δقࢬ(16)ڤڕΚ 
( ) ( )      ( ) ( )

( )
    ( )          

i i

i
i

Y f N f if Y f N f
X f

Y f otherwise
                            (16) 

ࠡխ ( )N f ਢ۷ྒྷۖ൓ऱᠧಛൎ৫᙮ᢜΔ ਢመ৫۷ྒྷڂ՗(over-estimation factor)Δࠐش
൳ࠫ۷ྒྷᠧಛפ෷᙮ᢜ๯྇װऱ࿓৫Δۖ ਢڂૻࢍ՗(flooring factor)Ζءڇᓵ֮խΔ

( )N f ਢشܓছԫີհጤរೠྒྷऄࢬ൓հొᠧಛଃ௃ൎ৫᙮ᢜऱؓ݁ΔֆڕڤՀΚ 

                       
1

1
( ) ( )

M

j
j

N f N f
M

                               (17) 

ࠡխ ( )jN f ੡ร jଡ๯ᑑق੡ొᠧಛଃ௃հൎ৫᙮ᢜΔM ੡ొᠧಛଃ௃᜔ᑇΖ 
ΰԲαᙩଃኙᑇ౨ၦإ๵֏ऄ(silence log-energy normalization, SLEN)ʳ
    ᙩଃኙᑇ౨ၦإ๵֏ऄ [9]ऱ଺෻࣍ڇᨠኘ࿇෼Δڇᠧಛ፿ଃऱ౨ၦڴᒵ
ՂΔ࠹ᠧಛեឫለ੡ᣤૹຝ։੡౨ၦ՛ऱंߣΔۖ౨ၦՕऱं୽ຝ։ֺለլ࠹ᐙ

᥼Ζۖ׊๺ڍኔ᧭࿇෼Δ׽অఎ౨ၦं୽ຝ։ऱଃ௃Δۖඍඵ౨ၦ՛ऱଃ௃Δᆖ

Δ່ૹ૞ऱߢଚ೗๻Δኙ౨ၦ௽ᐛۖݺ؆ڼ൓ࠩլᙑऱᙃᢝ෷Ζאױྥࠉᙃᢝط

ਢ଺ࡨ፿ଃ౨ၦऱ᧢֏ڴᒵհंݮΔਢܡ๯ݙᖞঅఎΖՈ༉ਢᎅԫ੄፿ଃᖞ᧯ऱ

౨ၦंݮΔֺ໢ԫଃ௃հ౨ၦऱ૾؈܅ట၏ᠦૹ૞Ζૉਢঅఎ଺ࡨᖞ᧯౨ၦंݮ

ऱݙᖞΔࠌܛ଺ࡨ፿ଃ౨ၦڴᒵंڶݮ՛༏৫ऱۯฝΔ່৵ऱᙃᢝய࣠Ոլᄎઌ

஁֜ڍΖࠉᅃՂ૪ऱ଺෻Δݺଚנބ౨ၦڴᒵंݮխॺ፿ଃऱຝ։Δإ،ނ׊ࠀ

๵֏๠෻መ৵Δ೓෣ऱ፿ଃಛᇆ౨ၦڴᒵंݮലᄎፖ࠹ᠧಛᐙ᥼ऱ፿ଃ౨ၦڴᒵ

੡ొᠧಛଃ௃հኙᑇࡳܒଚലݺጟጤរೠྒྷऄΔٺΖ௅ᖕ؄հԫᆏऱۿԼ։ऱઌݮं

౨ၦإ๵֏੡ԫᄕ՛ଖΔۖ፿ଃଃ௃ऱኙᑇ౨ၦঞፂ਍լ᧢Κ 
   

�ˆ
             

E n n
E n

n

ऩಃ ঁॣਣࣁᇟॣॣਣ

ऩಃ ঁॣਣࣁપᚇૻॣਣ
                         (18)  

! ! ࠡխ ੡ԫᄕ՛ଖΖݺଚشܓቹնࠐᨠኘᙩଃଃ௃ኙᑇ౨ၦإ๵֏ऄऱش܂Ζ 
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   ቹն(a) ԫ੄፿ଃհ଺ࡨኙᑇ౨ၦ૩ᇾቹ  

 
ቹն(b) ԫ੄፿ଃᆖᙩଃଃ௃ኙᑇ౨ၦإ๵֏ऄ৵հኙᑇ౨ၦ௽ᐛ૩ᇾቹ  

 
ৰࣔ᧩࿇෼Δᠧಛ፿ଃ(SNR=10dBǴSNR=0dB)հࠟයኙᑇ౨ၦאױቹնط

ᙩଃኙᑇ౨ၦط಻(ቹն(a))Ǵᆖ֐ৰՕऱլڶᒵڴଖ๠ፖ೓෣౨ၦऱ܅ለڇᒵڴ
إΔᙩଃଃ௃ኙᑇ౨ၦڼڂΖ(ቹն(b))ڍ࿳Ա๺ޏ಻ऱ෼ွ֐լڼ๵֏հ৵Δإ
๵֏ऄ౨ڶய૾࠹܅ᠧಛۆ਩ऱ፿ଃፖ೓෣፿ଃڇ౨ၦՂհլ֐಻Δ྇֟ᠧಛኙ

፿ଃ౨ၦऱեឫΖ  
 
նΕኔ᧭๻ࡳ 
(ԫ) ፿ଃᇷற஄១տ 
 ᄎ(European Telecommunication࠰ऱ፿ଃᇷற஄੡ᑛ੊ሽॾᑑᄷشࠌࢬᓵ֮ء 
Standard InstituteΔETSI)࿇۩ऱ AURORA2፿ଃᇷற஄[10]Δ،ਢԫ୚ຑᥛऱ૎֮ᑇڗ
ףՂᠧಛፖຏሐயᚨΖףΔ٦ڗᙕ፹ऱ೓෣ᛩቼຑᥛᑇࢬՖߊڣګભഏאΔփ୲ਢۭڗ

ీ߫־Ε୶ᥦ塢Ε塊ᨚΕဩሐΕᖲ໱Ε߫޳ՀᥳΕԳᜢΕچԶጟΔ։ܑ੡ڶᠧಛ٥ࢤګ

࿛Δছ؄ጟូᣊ੡ Set AΔ৵؄ጟូᣊ੡ Set BΖࠡಛᠧֺ(signal-to-noise ratio, SNR)ঞڶ
ԮጟΔ։ܑ੡ 20dB, 15dB, 10dB, 5dB, 0dB. -5dBፖ٤ݙ೓෣णኪΖ 
 
(Բ) ௽ᐛ೶ᑇऱ๻ࡳፖᙃᢝߓอऱಝᒭ 
Ա12ፂමዿଙ᙮ᢜ೶ᑇፖ1ܶץऱ௽ᐛ೶ᑇشࠌଚݺᓵ֮ऱ፿ଃᙃᢝኔ᧭խΔءڇ 
ፂኙᑇ౨ၦΔॵףՂࠡԫၸፖԲၸ஁ၦΰڇຝ։ኔ᧭խΔݺଚᄎઊথኙᑇ౨ၦຝ։αΖ
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௽ᐛ೶ᑇ࠷ࢼհᇡา๻ࡳΔڕ।ԫقࢬΖኙޢ࣍ଡ඿ᙃᢝऱᑇڗᑓীۖߢΔءᓵ֮

ڗ11ଡᑇܶץಝᒭΔࠐᑓীՠࠠ(hidden Markov model toolkitΔHTK)֛ױ್ڤ៲ឆشࠌ
ᑓী(0~9֗אoh 11ଡᑇڗᑓী)֗אᙩଃᑓীΔޢଡᑇڗᑓী10ܶץଡणኪΔٺणኪץ
ܶ4ଡ೏ཎയ৫෗ٽΖឆ៲֛ױ್ڤᑓীਢԫጟሎشอૠ෻ᓵංᖄࠐנऱᑓীΔࠐش༴
૪፿ଃขسऱመ࿓Δઌᅝᔞڇشٽຑᥛ፿ଃऱᙃᎁΖHMMڶৰڍጟᣊীΔءᓵ֮ආش
Հԫଡᔣ२ऱणࢨणኪࠥڼ౨ሂࠩ׽ՀԫଡழၴڇଡणኪޢΔՈ༉ਢڤݮऱ׳ࠩؐط

ኪΔᙟထழၴऱᏺףΔणኪݧࠉ׳۟ؐط᠏ฝΖ׼؆Δᑓীխऱणኪᨠྒྷᖲ෷ࠤᑇਢᙇ

ᑇ(Gaussian Mixture probability density functionΔ១ጠࠤᖲ෷യ৫ٽऱ೏ཎ෗ڤຑᥛش
GM)ΔݺڼڂଚՈጠڼᑓী੡ຑᥛയ৫ឆ៲֛ױ್ڤᑓী(continuous density HMMΔ១
ጠCDHMM)Ζ 

    ।ԫ ࡳհ๻࠷ࢼ௽ᐛ೶ᑇشࠌࢬ᧭ᓵ֮ኔء   

ᑌ᙮෷࠷  8000 Hz 

ଃ௃९৫(frame size) 25 ms 

ଃ௃ؓฝ(frame shift) 10 ms 

ቃൎᓳៀंᕴ  1-(0.97) 1z  

ီ࿗ڤݮ  ዧࣔ࿗(Hamming window) 

ᆺ᠏ངរᑇمຒແݶ  256 រ  

ៀंᕴิ  ම ዿ ࠥ ৫ Կ ߡ ៀ ं ᕴ ิ (Mel-scaled 
triangular filter bank)Ǵ٥ 23 ଡៀंᕴ  

፿ଃ௽ᐛ೶ᑇ  13 ፂ MFCCs(ܶኙᑇ౨ၦ)+ 13 ፂ MFCCs 
+ 13 ፂ MFCCsǴ٥ 39 ፂ   

                 
 
 
նΕ ጤរೠྒྷऄ಻ٽൎ೜ࢤ፿ଃݾ๬հኔ᧭࿨࣠ 
፿ଃऱᙃᢝኔ᧭࿨ڤൎ೜ٽጤរೠྒྷऄ಻ڶࢬലᄎտฯร؄ີີء     Ζ࣠ݺଚ

ലኔ᧭೴։੡ψઊฃ౨ၦፂ௽ᐛ೶ᑇω֗אψףԵ౨ၦፂ௽ᐛ೶ᑇωຍࠟጟΔ៶

հֱऄ༓ࠩ༽ࢬᓵ֮ءᢞࣔאױ፿ଃᙃᢝՂऱᐙ᥼Ζኔ᧭࿨࣠࣍։࣫౨ၦፂኙڼ

ᠧಛኙ፿ଃऱեឫΖ܅ᠧಛᛩቼՀ፿ଃᙃᢝ෷Δ૾֒༽ױຟ׏  
ΰԫαමዿଙ᙮ᢜ௽ᐛ೶ᑇհኔ᧭࿨࣠ 
ऱ௽ᐛ೶ᑇ੡شࠌࢬ᧭ኔڶࢬᆏີء    12 ፂමዿଙ᙮ᢜ೶ᑇ֗ࠡԫၸࡉԲၸ
஁ၦΔ᜔٥੡ 36 ፂ௽ᐛ೶ᑇΖቹքፖቹԮ։ܑ੡ A ิᛩቼፖ B ิᛩቼՀٺጟֱ
ऄࢬ൓հؓ݁ᙃᢝ෷Ζࠡխψ baselineωਢਐڶ޲๠෻መऱ଺ࡨ௽ᐛ೶ᑇΕ
ψSS-baselineωਢਐޢشܓ੄፿؁ছնଡଃ௃܂੡ొᠧಛଃ௃܂ࢬऱ᙮ᢜ௣װ
ऄ Δψ (Energy-VAD)+SS ωΕψ (HPLE-VAD)+SS ωΕψ (CQS-VAD)+SS ωΕ
ψ (FBSM-VAD)+SSωፖψ (LFLE-VAD)+SSωঞ։ܑ੡אଃ௃౨ၦΕ೏ຏኙᑇ౨
ၦΕีᗨၦ֏᙮ᢜΕ٤᙮൅᙮ᢜൎ৫ፖ܅᙮൅᙮ᢜൎ৫܂੡ጤរೠྒྷ௽ᐛΔച۩

ጤរೠྒྷࠀፖ᙮ᢜ௣װऄ܂࿨ٽΖ  
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ቹքΕA ิᛩቼՀؓ݁ᙃᢝ෷(%)ֺለቹ  

 
      ቹԮΕB ิᛩቼՀؓ݁ᙃᢝ෷(%)ֺለቹ  

 
ൕቹքፖቹԮऱᙃᢝ࿨࣠ΔݺଚאڶՀ༓រऱ࿇෼Κ 
੡ጤរೠྒྷऱॾᇆ௽ᐛΔࠡய࣠լጐ෻უΔࠡ൓ࠩऱጤរೠྒྷ܂ႚอऱ౨ၦ௽ᐛא .1
հ࿨࣠಻ٽ᙮ᢜ௣װऄΔࢬ൓ࠩऱᙃᢝ෷੷ֺ۟ഗ៕ኔ᧭ᝫ஁Ζ 
੄፿؁ছޢאጤរೠྒྷۖొጰ܂آ .2 5 ଡଃ௃੡ొᠧಛ܂ࢬհ᙮ᢜ௣װऄΔઌለ࣍ഗ
៕ኔ᧭પױ൓ࠩ 2-4%ऱؓ݁ၞޡ෷Ζ 
ऱ؄ጟጤរೠྒྷऱ௽ᐛ(HPLE, CQS, FBSMנ༽ࢬᓵ֮ء .3 ፖ LFSM)ᚨ࣍شጤរೠ
ྒྷΔ಻ٽ᙮ᢜ௣װऄհՀΔຟ౨൓ࠩࣔ᧩ऱၞޡΖࠡխא೏ຏኙᑇ౨ၦ(HPLE)।෼࿑
஁Δ܀սֺႚอհ౨ၦ௽ᐛࠐऱړΖۖຍ؄ጟ௽ᐛԾ܅א᙮൅᙮ᢜൎ৫(LFSM)।෼່
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൓ࠩױഗ៕ኔ᧭પ࣍Δઌለړ 4-7%ऱؓ݁ၞޡ෷Ζ 
  
ΰԲαමዿଙ᙮ᢜߓᑇፖኙᑇ౨ၦհ௽ᐛ೶ᑇऱኔ᧭࿨࣠ 
ऱ௽ᐛ೶ᑇ੡شࠌࢬ᧭ኔڶࢬᆏີء    12 ፂමዿଙ᙮ᢜ೶ᑇፖ 1 ፂኙᑇ౨ၦΔ
ॵࠡףԫၸࡉԲၸ஁ၦΔ᜔٥੡ 39 ፂ௽ᐛ೶ᑇΖቹԶፖቹ԰։ܑ੡ A ิᛩቼፖ
B ิᛩቼՀٺጟֱऄࢬ൓հؓ݁ᙃᢝ෷Ζࠡխψbaselineωਢਐڶ޲๠෻መऱ଺
شܓ௽ᐛ೶ᑇΕψSS-baselineωΕψSLEN-baselineωፖψSS+SLEN baselineωਢਐࡨ
ऄ(SS)Εᙩଃଃ௃ኙᑇ౨ၦװ᙮ᢜ௣܂੡ొᠧಛଃ௃։ܑ܂੄፿؁ছնଡଃ௃ޢ
֗๵֏ऄ(SLEN)إ SS ࡉ SLEN ऱ࿨ٽΔψ(HPLE-VAD) SS+SLENωΕψ(CQS-VAD) 
SS+SLENωΕψ(FBSM-VAD) SS+SLENωፖψ(LFLE-VAD) SS+SLENωঞ։ܑ੡א
ଃ௃౨ၦΕ೏ຏኙᑇ౨ၦΕีᗨၦ֏᙮ᢜΕ٤᙮൅᙮ᢜൎ৫ፖ܅᙮൅᙮ᢜൎ৫܂

੡ጤរೠྒྷ௽ᐛΔച۩ጤរೠྒྷΔشࠌ٦᙮ᢜ௣װऄፖᙩଃଃ௃ኙᑇ౨ၦإ๵֏

ऄΖ  
ൕቹԶፖቹ԰ऱᙃᢝ࿨࣠ΔݺଚאڶՀ༓រऱ࿇෼Κ 
1. ઌለ࣍ছԫᆏऱഗءኔ᧭Δءᆏऱ௽ᐛ೶ᑇᠰ؆֧ၞԱኙᑇ౨ၦ֗ࠡԫၸፖԲၸ஁
ၦΔྥۖࠡഗءኔ᧭ᙃᢝ෷֘ۖለၞ֧آຍԿଡ౨ၦ೶ᑇऱ࿨࣠ᝫࠐऱ஁Δᙃᢝ෷૾

Ա܅ 3%۟ 7.8%Ƕຍױ౨ਢڂ੡Δឈྥ౨ၦ௽ᐛ،ܶץԱৰڍ፿ଃऱᇷಛΔ܀ਢ
ઌኙऱ،Ո෡࠹ᠧಛऱᐙ᥼Δ֘ۖլߓ࣍ܓอᙃᢝΖ  
੄፿؁ছޢאጤរೠྒྷۖొጰ܂آ .2 5 ଡଃ௃੡ొᠧಛ܂ࢬհ᙮ᢜ௣װऄΔઌለ࣍ഗ
៕ኔ᧭࿨࣠֘ۖಯޡԱપ 3%Δࠡױ౨଺ٵڕڂছ૪Δܛ౨ၦ௽ᐛऱ؈టࢬ൅ࠐऱᣤૹ
ᐙ᥼Ζ 
੄፿؁ছޢאጤរೠྒྷۖొጰ܂آ .3 5 ଡଃ௃੡ొᠧಛ܂ࢬհᙩଃଃ௃ኙᑇ౨ၦإ
๵֏ऄΔڇᙃᢝ෷ՂڶԼ։᧩ထऱ༼֒Δઌለ࣍ഗ៕ኔ᧭࿨࣠༼֒Ա 13%۟ 20%
հڍΖຍז।ԱڇᠧಛᛩቼՀΔ౨ၦ௽ᐛൎ೜ࢤ๠෻ऱૹ૞ࢤΔՈס᧩Աᙩଃଃ

௃ኙᑇ౨ၦإ๵֏ऄऱࣔ᧩ய౨Ζ  
੄፿؁ছޢאጤរೠྒྷۖొጰ܂آ .4 5 ଡଃ௃੡ొᠧಛΔٵழച۩᙮ᢜ௣װऄፖᙩଃ
ଃ௃ኙᑇ౨ၦإ๵֏ऄΔࠡᙃᢝ෷ֺ໢ొشࠌᙩଃଃ௃ኙᑇ౨ၦإ๵֏ऄ٦אױ

ޡၞ Ζ׳2%ؐ-1%  
ऱ؄ጟጤរೠྒྷऱ௽ᐛ(HPLE, CQS, FBSMፖנ༽ࢬᓵ֮ء.5 LFSM)ᚨ࣍شጤរೠྒྷΔ
಻ٽ᙮ᢜ௣װऄፖᙩଃଃ௃ኙᑇ౨ၦإ๵֏ऄΔຟ౨൓ࠩࣔ᧩ऱၞޡΖࠡխೈԱ೏ຏ

ኙᑇ౨ၦ(HPLE)ڇ Set BᛩቼՀ࿑პಯޡ؆ΔࠡݮൣהՀઃֺآ೚ጤរೠྒྷऱ࿨࣠ၞޡ
೚آ࣍Δઌለړ᙮൅᙮ᢜൎ৫(LFSM)।෼່܅אছԫᆏΔຍ؄ጟ௽ᐛԾۿՂΖᣊא1%
ጤរೠྒྷऱ࿨࣠Δױ൓ࠩ 3%-4%ऱؓ݁ၞޡ෷Ζ 
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ቹԶΕA ิᛩቼՀؓ݁ᙃᢝ෷(%)ֺለቹ  

 
ቹ԰ΕB ิᛩቼՀؓ݁ᙃᢝ෷(%)ֺለቹ  

     
 
քΕ࿨ᓵ 

᙮൅᙮ᢜൎ܅ਔץऱॾᇆ௽ᐛΔشࢬԱ༓ጟጤរೠྒྷנ༽ଚݺᓵ֮խΔءڇ

৫Ε٤᙮൅᙮ᢜൎ৫Ε௅ᖕ᙮ᢜൎ৫։܉ऱีᗨၦ֏᙮ᢜΕ֗௅ᖕ౨ၦᓳ᧢᙮ᢜ

௽ࢤऱ೏ຏኙᑇ౨ၦΖࠡؾऱਢೠྒྷొנᠧಛଃ௃Δၞۖ࿨ٽ᙮ᢜ௣װऄፖᙩଃ

ኙᑇ౨ၦإ๵֏ऄΔሒࠩൎ೜፿ଃ௣ೈᠧಛऱפ౨Ζࠡխ܅᙮഑᙮ᢜൎ৫հጤរ

ೠྒྷऄ಻ٽ᙮ᢜ௣װऄፖᙩଃኙᑇ౨ၦإ๵֏ऄΔڶ່אױயچ༼֒ᠧಛᛩቼՀ

ऱᙃᢝ෷ΖۖࠡהԿጟॾᇆ௽ᐛՈڶլᙑऱጤរೠྒྷய࣠Ζֺطለխױ൓ࠩΔຍ

༓ଡֱऄֺದഗءኔ᧭Δຟڶထ᧩ထऱၞޡΖ  
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Δᠧಛኙߢઌኙۖ܀፿ଃᦸܑᇷಛΔڍଚ࿇෼౨ၦፂ௽ᐛᤖ៲ထৰݺΔ؆ڼ

ࠡᐙ᥼ՈৰՕΖ܀ਢᆖመᙩଃኙᑇ౨ၦإ๵֏ऄ๠෻Δࣔאױ᧩༼֒ᙃᢝய࣠Ζ

ױ๵֏ऄإऄፖᙩଃኙᑇ౨ၦװ᙮ᢜ௣ٽ᙮൅᙮ᢜൎ৫հጤរೠྒྷऄ಻܅Δ؆ڼ

ሒࠩؓ݁ 80%ऱᚌฆ।෼Ζطኔ᧭࿨࣠Ո࿇෼ΔԶጟᠧಛᛩቼڇᠧಛֺ 0~20dB
ऱයٙՀΔޢଡᙃᢝ෷ຟৰ൷२Δܛ।ֱڼقऄլ࠹ᠧಛীኪऱᐙ᥼Ζڇ᡹ࡳፖ

ॺ᡹ࡳᠧಛຟڶৰړऱᙃᢝ෷Ζ  
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ኴ૞ 

؁৳ᣉڤऱψၸᐋנ༽ࢬ፿றऱഗ᙮᧢֏Δ᧭ᢞᔤટᘵ[1][2][3]ڤ؄ጟᣉ৳௑אᓵ֮ء

ᆢ HPG ਮዌωΔ࿨࣠ᢞࣔԫጟഗীױܛᇞᤩࠀข፹լٵऱᣉ৳௑ڤΖHPG ਮዌᇞᤩΚ

Ց፿፿ੌऱᣉ৳ᙁנΔࠀॺႛַڗ࣍ᓳፖ؁ᓳऱᒵۭࢤ൷Δۖٵழܶڶሀ࿍؁፿ᒧՂᐋ

ಛஒΔٺᣉ৳ၸᐋኙ᜔᧯ᣉ৳ᙁנऱಥ᣸৫ױ᧭ᢞΖشࢬ፿ற੡ிᦰ֮ࠢײ᧯ԿጟΰᇣΕ

ဲԲጟᣉ֮֗ࠢײཋ֮αΕ௛ွᐸ໴፿றԫጟΖݺଚආ Fujisaki modelᛀ᧭ഗ᙮ΰF0α೶

ᑇΔش HPG ၸᐋڤᑓীၞ۩։ᐋ։࣫ፖቃྒྷΔ࿨࣠࿇෼Κޢᣊ፿᧯ऱᣉ৳ᙁנຟܶڶ

Ղᐋ፿ᒧಛஒΰhigher level informationαயᚨΔഄᣉ৳ಥ᣸৫ࠉᣉ৳௑ܧڤլٵ։܉Ζ

Կጟ֮ࠢײ᧯፿றऱՂᐋಥ᣸৫݁೏࣍ॺ௛ွᐸ໴፿றΔ֮׊᧯࿨ዌ။ՠᖞΕ፿றऱᑗ

ၸᐋಥ᣸৫࣍ऱ஁ฆΔࠠ᧯।෼ڤᣉ৳௑ڼڂ။ૹΖࠏֺ۾ࢬ။೏ழΔՂᐋಥ᣸৫ࢤ৳

ऱ։܉Δۖ HPG ਮዌױᇞᤩᣉ৳ᙁנऱ஁ฆΖݺଚڼא࿨࣠ၞޓԫޡᢞࣔΚྤᓵ፿᧯

ڂ౒ऱࢨױऱሀ࿍؁ᣉ৳፿ቼΔຟਢ፿ੌᣉ৳լګທࢬ੡۶ΔՂᐋ፿ᒧயᚨڤᣉ৳௑ࢨ

ైΖݺଚՈڼڂංᓵΔ፿ଃګٽ፿ੌᣉ৳ᙁנழΔ׽Ꮑԫଡᣉ৳ഗীΔ಻אլٵऱᣉ৳

ᐋಥ᣸৫Δঁױขسլٵᣉ৳ᙁנΖ 

ᣂ᝶ဲΚၸᐋڤᣉ৳؁ᆢਮዌΔ፿ੌᣉ৳Δ֮ࠢײ᧯ΔFujisaki modelΔՂᐋயᚨΔ፿᧯ 

 

ԫΕፃᓵ 

ፖᣉ৳ಛஒઌᣂऱᜢᖂ፿ଃ೶ᑇ؄ڶΚഗ᙮ڴᒵ (F0 contour)Εଃᆏழ९ (syllable 

duration)Ε౨ၦ։܉(Intensity distribution)Εࡉೖቅழ९(pause duration)Ζፖᣉ৳ઌᣂऱ

֮᣸խΔ່࠹ૹီऱᜢᖂ೶ᑇԫٻਢഗ᙮Δઔߒᜢᓳ፿ߢழΔڗᓳഗ᙮ڴᒵऱ᧢֏Ոԫ

ऴਢૹរΔءᓵ֮ലאᣉ৳࿍؁ऱഗ᙮ڴᒵ᧢֏੡׌૞։࣫೶ᑇΔᦫტऱᣉ৳ᢰ੺ೖቅ

੡᎖Δ൶ಘլٵᣉ৳௑ڤऱᣉ৳ᙁנΔ۶ڕຶߒլٵΛਢאױܡຘመၦ֏፿றΔאף᧭
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ᢞΖ 

ႚอᣉ৳ઔߒԫٻထૹمࡰ࣍ଃᆏऱڗᓳ֗مࡰ࿍؁؁ᓳऱ։ Δ࣫ྥ ९ᒧՑ፿ඖ૪ڇۖ

੄ᆵऱ፿றխΔઌڗٵᓳऱଃᆏٵࢨᣊऱ؁ᓳΔথڶઌᅝՕऱ᧢ฆΔ፿ଃಛᇆऱ᧢֏ॺ

ൄᓤᠧΖᔤટᘵൕᦫტנ࿇Δ࿇෼ຍࠄ᧢ฆኙᦫृڶ޲٤ݙᐙ᥼Δᦫृ᎘࣐ऱٵழ๠෻

լٵᣉ৳ᒤ໮ऱᇷಛΔᙃᢝଃ੄ΕଃᆏΕڗᓳΕ؁ᓳ੷۟ޓՕ໢ۯऱᣉ৳ಛஒΔڶޓய

ऱᚨش࿍א؁Ղऱ፿ᒧ፿რಛஒΔאՂᐋ፿ᒧಛஒΰhigher level informationαऱயᚨΔ

ᙃᢝڗנᓳፖ؁ᓳאՂऱ፿੄໢ۯΔ܂੡Ց፿։࣫ऱഗ៕Ζڔᆖطၦ֏։࣫ՕޅՑ፿

றΔ࿇෼፿ੌխऱଃᆏ९࿍ڇழ࿓Ղऱ९࿍։܉Ε౨ၦ։܉Εೖቅழ९ΔຟܶڶՂᐋ፿

ᒧಛஒΔ፿ੌᣉ৳ᙁנլߓڶࠠ܀อࢤΔۖ׊ਢᐋᐋᣉ৳யᚨᦤףऱ᜔[3]ࡉΔՈڼڂ

ᢞࣔ፿੄խ፿ᒧ፿რऱຑ൷ፖຑ຃ࢤᒔኔ࣍ڇژ፿ੌ፿ଃॾᇆխΔૉە׽ᐞڗᓳፖ፿ᓳ

யᚨΔլ܀լאߩᎅࣔڍ࿍፿፿ੌऱᣉ৳௽ࢤΔྤ׊ऄߓอࢤऱܧ෼፿੄խٺ࿍፿ၴऱ

ᣂᜤࢤΰassociationαΔڼאڔഗ៕Δ༼נψၸᐋڍڤ࿍؁ᣉ৳ਮዌ Hierarchical Prosodic 

Phrase Grouping  Framework (HPG)ω֗ᑇᖂᑓী[3]Ζ2006ၞڔڣԫޡ൓ࠩഗ᙮ߨႨऱ

ᢞᖕ[Tseng 2006]Δ۟ڼ࿨ٽഗ᙮Εଃ९Ε౨ၦΕೖቅऱᢞᖕΔല HPGਮዌΰڕՀቹࢬ

 αឩ֗፿ᒧΖق

 
     
 
 
     
  
 
 
    
ቹԫΕၸᐋڍڤ࿍፿ᣉ৳؁ᆢਮዌቹΖࠡխ SYLΕPWΕPPhΕBGΕPG։ܑז।Ց፿

፿ੌխऱଃᆏΕᣉ৳ဲΕᣉ৳࿍፿Ε؁ܮࡅᆢΔᣉ৳؁ᆢΖΰTseng, 2006α 
 

ڇ HPG ਮዌխΔՀᐋᣉ৳໢ۯΰڕଃᆏΕᣉ৳ဲΕᣉ৳࿍؁α൷࠹Ղᐋᣉ৳໢ۯΰڕ

ᓳΰtoneαڗ࿍፿፿੄ΔೈԱڍԵၞ؟ଃᆏፖ࿍؁ԫڼڂ؁ᆢΕ፿ᒧαऱጥᝤΔ৳ᆢΕᣉܮࡅ

ፖ࿍፿ᓳ(intonation)؆Δڂ੡ࠐ۞Ղᐋ፿ᒧऱ፿რಛஒທګ፿ੌऱຑ൷ࢤΰcohesionα

ፖຑ຃ࢤΰcoherenceαΔ۟אᣉ৳࿍؁ၴขسᣉ৳ᣂຑࢤ(association)ΔٺՀ్ᣉ৳໢ۯ

ؘႊࠉᅃޓ፿ᒧᣉ৳ΰDiscourse ProsodyαऱՂᐋಛஒၞ۩ߓอࢤऱᓳᖞΔ༼ࠎ፿੄ൕ

104



۶๠ၲࡨΕፂ਍ࠩ࿨ޔऱᣉ৳፿ቼಛஒΔٺ፿੄Հᝤհ్ڻڻᣉ৳໢ۯᏁڼࠉ๵ᒤΔ೚

Δࢤ࿍؁யᚨ؆ऱ᧢ฆمࡰᓳ֗ڗ፿ੌխΔ༽ࢬΔছ֮נ༽ਮዌऱڼ࣍طऱᓳᖞΖࢤอߓ

ࠡኔઃطױၸᐋڤਮዌᣉ৳࿍؁ՂᐋऱᇷಛאףᇞᤩΔۖլ٦᥆ྤ࣍ऄቃྒྷऱ᧢ฆΖط

ڗਢ೚׽ᐋऱᣉ৳யᚨΔۖլႛٺழΔ፿ଃॾᇆؘႊଫ᥽ਮዌխګٽ൓वΔၞ۩፿ଃڼ

ᓳፖ؁ᓳऱᒵۭࢤ൷֗ؓᄶΔթ౨ലݙᖞچᑓᚵנຑᥛ፿ੌऱ௽ࢤΖ 

 

ԲΕFujisaki௽ᐛ೶ᑇ۞೯ឯߓ࠷อ 

(ԫ) Fujisaki model១տ 

ፖᣉ৳ઌᣂऱ֮᣸խΔছ֮؄༽ࢬႈᜢᖂ፿ଃ೶ᑇΰഗ᙮ڴᒵΕଃᆏழ९Ε౨ၦ։ࡉ܉

ೖቅழ९αԾאഗ᙮ڴᒵ່࠹ૹီΔഗ᙮ڴᒵऱ᧢֏Ոਢઔߒᜢᓳ፿ڗߢᓳऱૹរΔء

ᓵ֮אܛᣉ৳࿍؁ऱഗ᙮ڴᒵ᧢֏੡׌૞։࣫೶ᑇΖႚอઔߒխΔਢאऴᒵΕԲࢨֱڻ

Կࠤֱڻᑇڴᒵ᝟२ഗ᙮ڴᒵΔ܀ Fujisaki࿛ 1984נ༽[4]ڣഗ࣍࿇ᜢᕴࡴऱᑓীΚข

ழၴ࿓Ղขڇۯ໢ߢ፿࣍੡ᜢሐΰvocal tractα֗ઌᔣऱᙟრۜΔۖᚨࡴ૞ᕴ׌ഗ᙮س

ࢨॺٚრऴᒵࠀᒵڴഗ᙮אࢬऱૻࠫΔࢤढ෻௽ࡳԫڶऱ᧢֏ۖ൳ࠫᙟრۜழΔ܅೏س

ኙᑇ֡৫࣍෼נࠫૻڼ׊ऱ᧢֏Δسขࢬழၴ࿓ڇऱ๵ঞࡳԫ࣍ࠫ࠹ᒵΔۖਢؘႊڴ

ՂΔڼ੡ഗ᙮ڴᒵऱࠤᑇૻࠫΔڼԫᑓীԫ౳ຏጠ੡ Fujisaki modelΖFujisaki modelط

ԿଡլٵऱցٙΰcomponentαࢬዌګΔ։ܑ੡(1.)࿍፿ցٙ (phrase component Ap)Δ֘

ᚨ࿇ᜢᕴࡴข፹ለՕ໢ۯഗ᙮ڴᒵऱ൳ࠫፖ࿇ᜢૻࠫΙ(2.)፿௛ցٙ(tone component 

Aa)Δ֘ᚨ࿇ᜢᕴࡴข፹ለ՛໢ۯഗ᙮ڴᒵऱ൳ࠫ࿇ᜢૻࠫΙፖ(3.)ഗࢍऴᒵ(base 

frequency Fb) ז।ഗءଃ೏Ζ଺ Fujisaki modelխ tone component Aa խऱ toneΔऑਐ፿

௛᧢֏ΰtone of voiceαΔڕൎᓳΕףૹ፿௛ኙഗ᙮ڴᒵທګऱᐙ᥼Ζڼᑓীߪءኙ࣍ՕΕ

՛໢ۯ੡۶آࠀ๵ᒤΔԾڂ੡ഗ࣍࿇ᜢᕴࡴΔאࢬՈፖ፿ྤߢᣂΔ߱վբ๯פګࠐشऱ

ᑓᚵመڍጟ፿ߢΖᚨࠩش᎘ૹଃ፿ߢፖ૎፿Εᐚ፿ழΔՕ໢ۯਐऱਢׂ፿ࢨ࿍፿ऱ፿ᓳΕ

՛໢ۯঞࠐش।ףقૹΰemphasisαΙᚨࠩشᜢᓳ፿ߢᑓᚵխ֮ΰഏ፿αழΔՕ໢ۯ।

ᑇ֗ࠤԲցٙऱڼנᓳ᧢֏[5]ΖቹԲ։ܑ٨ڗق।ࠐش๯ۯ࿍፿፿ᓳऱՀႜΕ՛໢ق

ᙁנ௽ᐛΔࠡխ࿍፿ցٙࡉ፿௛ցٙࠤᑇ։ܑطԫଡࠤᑇ౨ၦ Ap ֗ Aa ۞ٺ൳ࠫΔࢬ

൳ࠫᙁנऱડದ࿓৫֗אՂ֒ЯՀ૾඙෷ΔAp ֗ Aa ။ՕΔցٙࠤᑇڴᒵסದ࿓৫။

ࣔ᧩ΔՀ૾඙෷Ոޓ೅୸Ζ  
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(a) (b)   
ቹԲΕ(a)Aa  (b)Ap ᙟࠤᑇ౨ၦ᧢֏ऱழၴ᥼ᚨቹ 

 

) ۞೯ឯ࠷ Fujisaki௽ᐛ೶ᑇऱֱऄ 

ujisaki model ೗๻Δഗ᙮ڴᒵطױ࿍፿ցٙΕ፿௛ցٙࡉഗࢍऴᒵᦤۖף᝟२ΔቹԿ

ق Fujusaki modelԿଡഗءցٙऱᦤףᙁנΖ  

    
 
 

 

ቹԿΕ࿍፿ցٙΕ፿௛ցٙፖഗࢍऴᒵᦤף৵ऱഗ᙮ڴᒵΰFujisaki, 1984α 

ᎅΔഗ࣍ Fujisaki Modelऱഏ፿ഗ᙮ڴᒵΔီױ੡፿ᓳՀႜΕڗᓳ᧢֏ፖഗءଃ

ԿցٙᦤګࢬףΔۖᇠᑓীऑਐ፿௛᧢֏ऱ፿௛ցٙΰtone componentαΔৰ؏ٽऱଶ

Աڶᓳΰtoneαऱ᧢֏Ζឈྥڗق।ࠐشױ Fujisaki model ܀፿ଃΔࡨ᝟२଺ࠐאױ

࣍ Fujisaki modelএطԿଡցٙዌګΔאࢬ᝟२଺ࡨഗ᙮ڴᒵؘႊאԿଡցٙऱ່ࠋ

Δ௅ᖕ؆ڼਐᑑΖە੡೶ٽ Fujisaki modelհࡳᆠΔઌٵऱ፿௛ցؘٙႊڇ፿ੌխٺ

ᆜঅ਍ՕીઌٵऱᦞૹΔڼڂႚอऱ܂ऄਢྒྷؾא଺ࡨഗ᙮ڴᒵΔ֫೯ᓳᖞެࡳຍԿ

ଡցٙऱ່ٽิࠋΔຍᑌऱ܂ऄઌᅝ౛၄ԳԺΖݺଚঞආشԱMixdorff 2000Ε2003ڣ

(Բ

F

।

 
 

 

 
 

 

ང؁ᇩ

೏

ړ

ط

ิ

ۯ
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࠷༽ᒵΔ۞೯ڴ։ᠦഗ᙮ࠐ೏ຏៀंᕴ(high-pass filter)א࿳Κޏאףࠀऱֱऄנ༽[7][6]

ኙᚨױΔۯ໢ء੡፿ੌऱഗܛᒵխ᧢֏Ꮳ௺ऱຝٝڴഗ᙮נ Fujisaki modelխऱ፿௛ց

ٙΙۖ᧢֏ࡉᒷऱຝٝΔঞ੡፿ੌխ፿ᓳऱՀႜ᝟ႨΔױኙᚨ Fujisaki modelխऱ࿍፿

ցٙΔڼڂආشԫิኲַ᙮෷੡ 0.5Hz ऱ೏ຏៀंᕴ։ᠦ଺ڶഗ᙮ڴᒵ੡Կଡຝٝ(1) 

೏ຏៀंᕴऱᙁࡳנᆠ੡೏ຏڴᒵ(HFC)Δ੡፿௛ցٙሓ२ऱؾᑑڴᒵΔ(2) ڬൾ೏ຏ

ຝٝໍ塒ؓᄶڴᒵঞࡳᆠ੡܅ຏڴᒵ(LFC)Δ܅ڼנބຏڴᒵऱ່܅រࡳࠀᆠ੡ຏመڼ

ᒵΔڴᑑؾᒵီ੡࿍፿ցٙऱڴऴᒵ৵ऱࢍൾഗڬ ऴᒵ(Fb)Δ(3)ࢍរऱऴᒵ੡ഗ܅່

ؘႊش࿍፿ցٙࠤᑇאףࠐሓ२Ζቹ؄ਢMixdorff۞೯ឯ࠷ Fujisaki೶ᑇਮዌΖ 

 
ቹ؄Εشܓៀंᕴലഗ᙮ڴᒵ։ᠦ੡೏ຏ֗܅ຏڴᒵΔ٦։ܑڗאᓳցٙፖ࿍፿ցٙ᝟

२೏ຏፖ܅ຏڴᒵΔၞ۩۞೯ឯ࠷࿓ݧ (Mixdorff, 2000)Ζ 
 

࠷༽೯۞࣍۟ Fujisaki೶ᑇऱֱऄΔ२ࠐԾڶ Bu࿛[8]༼אנԫၸპ։ڴᒵࠐΔլመΔ

Mixdorff๠෻ऱ፿ߢਢഏ፿Δۖ Bu࿛๠෻ऱਢֲ፿Δݺאࢬଚսፂ਍MixdoffऱֱऄΖ 

(Կ) ףԵᦫტᢰ੺ऱֱऄፖ۞೯ឯ࠷࿨࣠ 

ଚೈ᧭ᢞݺխΔߒઔءڇ HPG ᣉ৳ਮዌΔՈݦඨ൶ಘᦫტᛧ൓ऱᣉ৳ᢰ੺ᢰ੺ፖഗ᙮

܂Եᦫტऱᢰ੺ᇷಛףଚݺڼڂᒵऱᣂএΔڴ k modelऱ Ap೶ᑇΖ

۞Եᦫტᢰ੺ऱףڼڂ෼ᣉ৳࿍፿ऱᦫტᢰ੺ՂΔנរຏൄ༉܅ຝ່ݝΔق᧩ᨠኘޡॣ

੡۞೯ឯ࠷ Fujisa i 

೯ឯֱ࠷ऄΔ֟྇ױ Mixdorff ֱऄڇჼ༈ᖞය܅ຏڴᒵऱᒤ໮ऱሎጩழၴΖቹն੡ף

Եᦫტᢰ੺੡ᙁԵ೶ᑇ৵Δ۞೯ឯ࠷ Fujisaki model ऱ Ap೶ᑇ࿨࣠Ζ 
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ቹնΕףԵᦫტऱᢰ੺ᇷಛ৵۞೯ឯ࠷ Fujisaki೶ᑇऱ࿨࣠ 

 

ԿΕၸᐋڍڤցᒵࢤಱូᑓীፖૠጩ 

Nakai࿛࣍ 1994Δ1995 [9][10]༼ូנᣊ Apऱֱࠐڤ৬م፿ੌխऱ࿍፿ᑓীΔྥۖآࠀ

ല፿ੌխऱၸᐋࢤᣂএ٨ԵەᐞΔݺଚආشԱ Keller࿛[11]ፖ Zellner࿛[12]࣍شऄ፿ऱ

ၸᐋࢤᒵࢤಱូ։࣫Δەࠀᐞഏ፿ऱଃᣉ࿨ዌߜޏאףΔڼشᔞ࣍شഏ፿ऱᑓীࠐ։࣫

፿ଃॾᇆΖၸᐋࢤᒵࢤᑓীਢ១໢ᒵࢤಱូऱ૜س ଡᙁԵຟॵ

ດᐋ։۩ၞױΔࢤԣᣉ৳ᐋऱ೶ᑇፖ௽ޢڇ।ထזԣᑑု։ܑޢऱೖቅᑑုΔڻᐋڍڶ

ᐋழΔشܓ׽ᅝᐋऱ೶ᑇ೚੡ᒵࢤಱូऱ

ቃྒྷ᧢ႈࠀ൓ࠩڼᐋऱቃྒྷᑓীΔ(2)ޓڶ࣍طՂᐋऱᑑုΔݺଚ೗๻Δ଺ࡨଖፖቃྒྷ

 
 

Δ່Օऱլٵរ࣍ڇΚޢ

࣫Δ։࣫ޡᨏڕՀ: (1) ։࣫֗ቃྒྷਬԣᣉ৳

ᑓীऱ஁၏ࠀլ๯ီ੡ኔ᧭ᎄ஁Δۖਢီ੡ޓ۞ࠐՂᐋऱயᚨΔڼڂല։࣫֗ቃྒྷਬԣ

ᣉ৳ᐋऱྲྀ஁ΰ଺ࡨଖፖቃྒྷᑓীऱ஁၏α܂੡։࣫֗ቃྒྷՀԣᣉ৳ᐋऱᙁԵΔޓאՂ

ᐋऱᑑုၞ۩ᒵࢤಱូ։࣫Δױڼڂ൓ࠩޓՂᐋऱቃྒྷᑓীፖಥ᣸৫Δ(3) ດᐋ։࣫Ε

ቃྒྷ৵ૠጩٺנᣉ৳ᐋऱಥ᣸৫Ζቹքאቹڤ।قၸᐋڤᒵូڃࢤດᐋ։࣫Ζ 

 
 

 

 
 

ቹքΕאၸᐋڤᒵࢤಱូດᐋ։࣫قრቹ ΰTseng et al, 2004α 
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אߒઔء Ap੡ᙁԵ೶ᑇΔ࣍ط Apਢኙᚨᣉ৳࿍፿ऱ೶ᑇΔڼڂΔ։࣫ऱޡᨏطၸᐋ

ਮዌխᣉ৳࿍፿ᐋ(PPh)ၲࡨΕհ৵ኙՂᐋऱ؁ܮࡅᆢᐋ(BG)֗ޓՂᐋᣉ৳࿍፿؁ᆢ

(PG)ၞ۩ດᐋऱᒵࢤಱូΔ։࣫೶ᑇڕՀ: (1)PPh ᐋ: ؾאছ PPh ९৫(Current PPh 

ength)ፖছԫ PPh९৫(Preceding PPh Length)ऱิٽ೚੡։࣫೶ᑇΔၞ۩։࣫Δᆖመᒵ

ᆠ੡ࡳಱូ৵ऱྲྀ஁ࢤ Delta1ΔࠀᙁԵ BG ᐋၞ۩։࣫Δ(2)BG ᐋ: ؾאছ PPh ڇ BG

խऱۯᆜ(B BGհದ

ࡨ PPhΔڼאᣊංΔၞ۩ᒵࢤಱូΔ(3)PG ᐋ: ᇿ BG ᐋᙁԵ೶ᑇઌٵΔࠡᑇᖂࠤᑇ।

 

ڤ

L

G Sequence)೚੡։࣫೶ᑇΔૉ BG Sequence=1Δ।ؾقছ PPh੡ڼ

ՀΚڕق

 
 

؄Εኔ᧭፿ற  

Δ٥ૠءཋ֮αፖ௛ွᐾ໴֮ࠢײΰᇣΕဲ࿛ᣉ֮֗᧯֮ࠢײشຝٝΔආء֮ 26 ᒧײ

֮ࠢ᧯፿ᒧ੄ᆵΰܶץΚ4ᒧࠢײཋ֮Δ1ଈᓿΔѾଈاዚΔ6ଈײᇣΔ6ଈାזᑗࢌᇣ

ࡉ 8ଈဲݚαΔ֗א 34ঞ௛ွᐾ໴ऱ፿ᒧ੄ᆵѧѧڼא։ܑז।؄ጟᣉ৳௑ڤΖ֮ࠢײ

࿨ዌء֮ࠉଚݺΖءᇩ֮ػ܂ঞᅝءΔ௛ွᐾ໴֮ࢤऱᣉ৳᧢֏௽᧯֮ٵሉլࢭ۞ٺ᧯

ՠᖞ๵ঞࢤΔࡳᆠ؄ᣊᣉ৳௑ڤΚ ๵ঞ(R)Εת๵ঞ(SMR)Εլ๵ঞ(IR)ፖ௛ွᐾ໴

ᣉ֮׌૞੡๵ঞ֗ת๵ঞऱ֮᧯Δۖࡳࡐڶ޲ૹᓤ௽ᐛऱࠢײཋ֮

ঞ๯ូ࣍լ๵ঞᣊΙۖ௛ွᐾ໴ٍ֮ء᥆լ๵ঞᣊΔא׼܀ԫᣊૠΔقאፖڶ᧯֮ࠢײ

੄ᆵᑑរฤᇆΔڕΚ؁ᇆΔല֮ء։ڍܶץګ࿍፿ऱ੄ᆵ೴ჇΙ ࿍፿९৫Ζਗנઌ

ऱ

(WIR)Ζࠡխᇣဲ࿛

ܑΔױࠀፖ֮ࠢײ᧯ֺለΖ։ᣊᒤߠࠏॵုԫΖץء֮᧯֮ࠢײਔऱԿጟᣉ৳௑ڤ(RΕ

SMRΕIR) ΔආԳՠֱܑܒڤᇣዚऱՠᖞࢤΔࠉᖕᄷঞ੡Κ(1)ᑑរฤᇆΖආشለՕऱ

(2)

 ։ᣊΖאףΔࠏֺࢤ࿍፿੄ᆵ೴ჇΔԳՠᛀီૹᓤ೴Ⴧऱՠᖞڍխૹᓤऱء֮ٵ

፿றຝ։ΔطԿۯ࿇ଃԳிᦰאՂ֮ءΔشࠌ Sony ECM-77Bಮ܃ຽ܌ଅΕ֗א Cool Edit 

ࢤߊΔ(2)ء֮ڶࢬΔf054Δ ிᦰۯ࿇ଃԳԣࢤሶଃ৛ၞ۩ᙕଃΖ࿇ଃԳ੡(1)Ֆڇ2000
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࿇ଃԳࠟۯΔԫۯ m056 ிᦰԿጟଅ௑ऱ֮ࠢײ᧯፿றΰ26ᒧαΔ׼ԣۯ m054ிᦰ௛

ွ፿றΰ34ᒧαΖ।ԫอૠԿጟࠢײᣉ৳௑᜔ףڤ৵ऱଃᆏΕᣉ৳࿍؁ᑇ֗ؾᒧᑇΔࠀ

፿ؾ।ؓ݁፿ຒΙ।Բอૠ௛ွᐸ໴፿றऱଃᆏΕᣉ৳࿍؁Ε፿ᒧᑇזଃᆏؓ݁ழ९א

ற֗ؓ݁፿ຒΖ 

।ԫΕ֮ࠢײ᧯፿றऱଃᆏΕᣉ৳࿍؁Ε፿ᒧᑇؾ፿ற֗ؓ݁፿ຒอૠ 

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ᣉ৳໢ցᑇ˂ؓ݁፿ຒʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ࿇ଃԳʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ

ؓ݁፿ຒʳ

ΰශઞ/ଃᆏα
ଃᆏᑇʳ ᣉ৳࿍؁ᑇ ፿ᒧᑇʳ

Ֆ f054ʳ 3502 710 26 271 
m056ʳ ߊ 3510 711 26 202 

 

।ԲΕ௛ွᐸ໴፿றऱଃᆏΕᣉ৳࿍؁Ε፿ᒧᑇؾ፿ற֗ؓ݁፿ຒอૠ 

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ᣉ৳໢ցᑇ˂ؓ݁፿ຒʳ
ଃᆏᑇʳ ᣉ৳࿍؁ᑇ ፿ᒧᑇʳ

ؓ݁፿ຒʳ

ΰශઞ˂ଃᆏαʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ࿇ଃԳʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ

Ֆ ʳ 7054 720 34  f054 193 
ߊ ʳ m054 7096 747 34 165 

ൕ।ԫΕ।Բױ઎נΔءઔߒ፿ற๻ૠऱ׌૞൳ࠫิਢᣉ৳࿍ࡉ؁፿ᒧऱᑇؾΔۖॺଃ

ᆏऱᑇؾΖ֮ࠢײ᧯፿றڶ׽ԿՏնۍ塒ଃᆏΔ௛ွᐸ໴፿றঞڶԮՏ塒ଃᆏΔԲृ஁

ฆᏅՕΙ ৳࿍

ฆ  

 

նΕኔ᧭࿨࣠ፖ։࣫  

B5։ܑז।ଃᆏΕᣉ৳ဲΕᣉ৳࿍፿Ε

נൕ।Կ٨׊լՕΔۖࠀࢤԲԳऱ஁ฆق᧩؁ᆢαհᢰ੺Ζ࿨࣠৳؁ᆢΔ፿੄ΰᣉܮ

HPGᣉ৳ၸᐋՂᐋࠩՀᐋऱૹᦤֺࠏΔױ࿇෼Ղᐋᑑုऱૹᦤ෷ឈྥլڕՀᐋΔڇ܀

Ղᐋຟ౨ፂ਍ԫࡳऱૹᦤֺࠏΔ֮ࠢײڇߠױ᧯խΔ፿ᒧऱᣉ৳யᚨսڶژઌᅝऱԫી

塒Ε፿ᒧԲԼքΔ௛ွᐸ໴፿றঞٍܶᣉۍ፿றܶᣉ৳࿍؁Ԯ᧯֮ࠢײ܀

؁Ԯۍ塒Ε፿ᒧԿԼ؄Δᑇؾ஁ լՕΖࠀ

(ԫ) ᦫტᑑုऱૹᦤࢤ 

࿇ଃԳΰf054ፖۯ፿றխԲ֮᧯ࠢײଚ։࣫ݺ m056αᦫტᑑုᣉ৳ᢰ੺ऱૹᦤࢤ৵Δ

ല࿨࣠࣍٨।ԿΖ।Կխ B1ΕB2ΕB3ΕB4Ε

ࡅ

 Ζࢤ
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।ԿΕֺለࠟ፿ृிᦰ֮ࠢײ᧯ᣉ৳ᢰ੺ऱԫીࢤ࿨࣠ 

 

(Բ) Ap։࣫ 

፿றڇ໢ԣᣉ ๵ঞΕת๵ঞ

ᣉ৳࿍፿ (PPh ቃྒྷΔᙟ ൕ๵ঞࠩլ ऱ ፿

ृ Ap ෷ऱቃ ઌٵ Ո༉ਢ ྒྷऱإ ֮᧯ ࿓

৫Ղ֒ ။ਢ༼ࠎԱለڍऱቃྒྷᇷಛΔࠌլ๵ঞ፿ற

Ap೶ᑇڇ PPhᐋᛧ൓ለᄷᒔऱቃྒྷΖྥۖΔ؁ܮࡅڇᆢᐋ(BG)ऱቃྒྷΔথܧ෼ઌ֘

pቃྒྷإᒔ෷ᙟထ֮᧯ՠᖞࢤऱ༼֒Δܧ෼Ղ֒ऱ᝟ႨΔ᧩֮ڇق᧯။ՠ

ᖞΔՂᐋᣉ৳யᚨ။ࣔ᧩Ζڇڼڂ BGᐋխΔቃྒྷ৫ᙟထ֮᧯ՠᖞࢤፖ ApإܧઌᣂΖ

ૉലࠟᐋऱ Apቃྒྷإᒔ෷ઌףΔױ࿇෼ઌף৵ऱ Apቃྒྷ෷Δኙ᜔ቃྒྷ෷ࠠڶյᇖய

ᚨΖ ΔBGಥ᣸৫೏ΔPPhᐋಥ᣸܅Ιլ๵ঞ፿றխΔPPhಥ᣸৫೏ۖ BG

ಥ᣸৫܅Ιۖ ๵ঞ፿றऱת PPh֗ BGಥ᣸৫ঞտ࣍๵ঞᇿת๵ঞ Ζၴࠟ ृյᇖऱ࿨ Δ࣠

᜔ቃྒྷ෷ڴᒵঞ᝟ؓ࣍ᒷΖቹԮֺለԲ࿇ଃԳऱԿጟ֮ࠢײ᧯፿ற֮ײ፿ற Apቃྒྷإ

ᒔ෷Δڇ௽ࡳऱᣉ৳ᐋᙟԿጟլٵᣉ৳௑ڤ(RΕSMRΕIR)᧢֏ڴᒵΔ(a) PPhᐋ (b) BG

ᐋ (c) PPhᐋፖ BGᐋᦤף৵ऱ࿨࣠ (b)Δ᜔ף৵ڂઌࣂΔ່

৵ܧ෼ઌᅝԫીऱ᝟Ⴈ(c)Ζ 

᧯֮ࠢײଚֺለݺ ৳ᐋխ Apإ

)ऱ

ᒔ෷ᙟ֮᧯ΰ

ထ֮᧯

ࠩլ๵ঞαऱ

։ᣊΔࠟ᧢֏᝟Ⴈ৵࿇෼Κڇ ᐋ ๵ঞ

ऱإᒔ ྒྷઃܧ෼ ऱ᝟ႨΖ ᎅΔቃ ᒔ෷ᙟ ऱլ๵ঞ

Δ᧩נق။լ๵ঞऱ࿍፿࿨ዌ᧢֏Δ

ऱ

ऱ᝟ႨΔܛ A

๵ঞ፿றխڇ

Δ᧩قլٵᣉ৳ၸᐋऱ஁ฆ

 
ቹԮΕ֮ࠢײ᧯፿ற Apቃྒྷإᒔ෷ڇ௽ࡳऱᣉ৳ᐋᙟԿጟլٵᣉ৳௑ڤ(RΕSMRΕIR)

B1ଃᆏᢰ੺ ܮࡅᆢ B4ʳ
ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ᣉ৳ᢰ੺ʳ ʳ

ʳ ʳ ʳ ʳ ࿇ଃԳʳ ʳ ʳ ʳ ʳ ʳ ʳ

B2ᣉ৳ဲᢰ
੺ 

B3ᣉ৳࿍؁
ᢰ੺ 

፿੄ΰᣉ৳

؁ᆢαB5
f054 97.98% 86.46% 82.79% 76.76% 62.30% 
m056 96.71% 88.69% 80.19% 76.76% 80.85% 
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ᒵΔ(a) PPhᐋ (b) BGᐋ (c) PPhᐋፖڴ֏᧢ BGᐋᦤף৵࿨࣠Ζ 
 

ق।ۥΖᙨقቹԶႽ堿ቹ।אଚݺΔ܉։ࠏቃྒྷ෷ऱ᜔ֺڇᐋऱಥ᣸৫ٺ PPh ᐋऱಥ

᣸ֺࠏΔ࿫ۥ।ق BGᐋऱಥ᣸ֺࠏΔۖ႓ۥ।ق PGᐋऱಥ᣸ֺࠏΖՂ٨।ࢤߊق࿇

ଃԳΔՀ٨।Ֆࢤ࿇ଃԳΔ׳۟ؐطऱ։ᣊ։ܑ੡๵ঞ(R)Δת๵ঞ(SMR)Δլ๵ঞ(IR)Δ

່৵ঞ੡ֺለشऱ௛ွ፿ற(WIR)Ζઌኙ࣍ᣉ৳௑ڤऱ๵ঞࢤΔԲۯ࿇ଃԳऱ፿றຟ᧩

Δ່Ղᐋق PGऱಥ᣸৫ࠀլࣔ᧩Δݺଚᎁ੡Δຍਢڂ੡ڼԿᣊ֮ࠢײ᧯ऱ፿ᒧ९৫ೣ

࿍ΖլመΔڇ BGᐋঞ᧩قΔ፿ற௑ڤ။๵ঞΔBGᐋऱಥ᣸৫။೏Δ׊ BGಥ᣸৫ऱ

ࡉ28.1% 51.6%Ιת๵ঞ፿ற 22.7% (IR)։ܑਢ 8.7%

ࡉ 16.5%Ι௛ွᐸ໴່܅Δ։ܑਢ ࡉ5.6% 7.4%Ζ 

ֺૹᙟ፿ற௑ڤऱ๵ঞ৫ط๵ঞٻլ๵ঞᎠ྇ΖBG ऱಥ᣸৫ڇ๵ঞ፿ற(R)։ܑਢ

(SMR)։ܑਢ ࡉ20.4% Ιլ๵ঞ፿ற

 
ቹԶΕApቃྒྷإᒔ෷ڇլٵ፿ृፖլٵᣉ৳௑ڤऱ։᜔ֺࠏֺ܉ለ 

։࣫؄ጟ፿ற৵ऱ᜔᧯᝟Ⴈ᧩قΚᣉ৳௑ڤऱ஁ฆΔאױൕլٵᣉ৳ၸᐋኙᖞ᧯ᣉ৳ᙁ

။೏ழΔՂᐋᇷಛऱಥ᣸৫။ࢤ৳။๵ঞΕփܶᑗڤΖᣉ৳௑ق।᧯ࠠ܉ऱಥ᣸৫։נ

೏Εᣉ৳๵ቤऱᒤ໮။ՕΖᣉ৳௑ڤ။լ๵ঞΔՀᐋᣉ৳ᣉ৳࿍؁ऱಥ᣸৫။೏Δ।ق

ᣉ৳๵ቤऱᒤ໮။՛Ζഗ࣍ऱ࿨࣠Δݺଚᎁ੡Κᔤנ༽ࢬऱၸᐋڤᣉ৳؁ᆢ HPGਮዌΔ

რᆠΔ֗ش܂੡፿ੌᣉ৳ऱഗীΔࠡီױڼڂΔڤऱᣉ৳௑ٵข፹լࠀऱᇞᤩࢤอߓױ

ፖڗᓳኙᚨ࣍ଃᆏΕ؁ᓳኙᚨ࣍࿍؁ઌٵΖ᜔ਔۖߢΔHPG ਢኙᚨڍ࣍࿍፿፿ੌᣉ৳

ऱഗীΖ 
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քΕ࿨ᓵፖࠐآ୶ඨ 

Δ

૞։࣫೶ᑇΔᦫტऱᣉ৳ᢰ੺ೖቅ੡᎖Δൕ֮᧯ՠ׌ᒵ᧢֏੡ڴᣉ৳࿍؁ऱഗ᙮א֮ء

ᖞ֗ࢤփ৬ऱᣉ৳ࠐࢤᛀီ፿றΕଳ࣫ிᦰ֮ࠢײ᧯፿றऱᣉ৳௑ڤΔࠀൕၸᐋڤᣉ৳

؁ᆢ֗ਮዌ։࣫፿ੌᣉ৳խऱᣉ৳ګ։Δݺଚ൓ࠩऱ࿨࣠᧩قΔՂᐋ፿ᒧಛஒ༼ࠎሀ࿍

፿ᣉ৳፿ቼΔਢ፿ੌᣉ৳լࢨױ౒ऱګ։Ζᣉ৳௑ڤ။๵ঞ Ղᐋಛஒऱಥ᣸৫။೏Ζ

ᙟထՠᖞࢤ᧢֏ທګլٵऱಥ᣸৫։܉ऱઔߒ࿨࣠ױवΔ፿ृڇிᦰՕၦૹᓤ࿨ዌऱመ

࿓խΔᄎޓൎᓳ፿რऱᎲ൷ፖ፿ᒧऱ᠏ངயᚨΔڼڂՕᒤ໮ऱՂᐋ፿რᇷಛ֗፿੄Ε፿

ऱயᚨࣔޓ᧩Ζޓૹ૞ऱਢΔᣉ৳௑ڤऱլٵΔൕ HPG ᣉ৳ၸᐋಥ᣸৫ۖߢΔ׽լ

ࢤ؄ጟ፿றխ๵ঞڇΖۖ௛ွᐸ໴፿றقऱ।ࢤอߓױ٤ݙ

ࠎ༽௛ွᐸ໴፿றΔຟࢨ᧯֮ࠢײլᓵڼڂΔՂᐋயᚨ။լࣔ᧩Ζق᧩Δ։࣫࿨࣠܅່

ش Δ׽Ꮑԫጟሀ࿍፿ഗীΔ៶طᖙݫ ᠏ངڤᐋऱಥ᣸৫Δঁ౨ሒࠩᣉ৳௑ٺ

[1] Tseng, C. "Prosody Analysis", Advances in Chinese Spoken Language Processing, World 

Scientific Publishing, Singapore, pp. 57-76, 2006. 

ᒧ

መਢլٵऱ։܉ᑓۖڤբΔ

ၸᐋڍڤ࿍፿ᣉ৳؁ᆢਮዌ HPG ၸᐋᣉ৳ಥ᣸ऱᢞᖕΖءઔߒխഗ᙮ڴᒵऱኔ᧭ᢞᖕ

ᢞࣔԱڍ࿍፿ᣉ৳؁ᆢਮዌࠠڶԫࡳऱൎ೜ࢤΔᔞشլٵ፿᧯ऱ፿றΔאڼڂ HPG ೚

੡९ᒧ፿੄ऱഗءਮዌΔڶࠠ܀ԫࡳऱ۞ط৫Δࠉױᅃ፿᧯ۖ᧢֏ᓳᖞΔૉ౨ᔞᅝऱሎ

HPG HPG

ऱ࿨࣠Δլ܀౨ലຑᥛ፿ੌխᣉ৳ഗء௽ࢤ।෼ࠐנΔޓ౨ࠌ፿ଃߓګٽอऱᣉ৳ᙁנ

 Ζࢤ֏᧢༄ऱ᠆ࠠޓ

ଚൎᓳΔᣉݺ૞։࣫೶ᑇΔլመΔ׌ᒵ᧢֏੡ڴᣉ৳࿍؁ऱഗ᙮אᒧ༏Δႛ࣍ૻߒઔء

৳ऱઔࠀߒॺႛַഗ᙮Δࠡהऱᜢᖂ೶ᑇՈࠠڶᣉ৳யᚨΔ٤૿ऱᣉ৳ઔߒΔᚨەᐞ፿

ଃॾᇆխڶࢬऱᜢᖂ೶ᑇΔ֗א،ଚऱյ೯ᑓڤΖᔤለڰऱઔߒ࿨࣠[2, 3]᧩قΔ፿ੌ

ᣉ৳ऱᆏ৉ΔՈਢૹ૞ऱᜢᖂ೶ᑇΔڔՈᛧ൓ଃᆏழ९ڇழၴᐋऱ։܉ऱயᚨΔ൓ࠩኙ

ᚨ࣍ HPG ਮዌߓอࢤऱᆏ৉ᑓठΖݺࠐآଚലᤉᥛ։࣫լٵᣉ৳௑ڤऱ፿றխΔၞԫ

ऱࢤ٤૿ޓڶ৳ཚኙ፿ੌᣉאΔٽऱ࿨࣠ᖞߒፖഗ᙮ઔࠀΔࢤ፿ੌᣉ৳ऱᆏ৉௽࠷ޣޡ

ᛵᇞΖ 

 

೶֮ە᣸ 
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[2] Tseng, C., Pin, S., Lee, Y., Wang, H. and Chen, Y. "Fluent Speech Prosody: Framework 

and Modeling", Speech Communication, Special Issue on Quantitative Prosody Modeling 

for Natural Speech Description and Generation, Vol. 46:3-4, pp. 284-309, 2005. 

Tseng, C. and Lee, Y. “Speech rate and prosody units: Evidence of interaction from 

Mandarin Chinese”,  Proceedings of the International Conference on Speech Prosody 

. 251-254, 2004. 
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233-242, 1984. 

[5] W

esponse 

model", Proceedings of EUROSPEECH'99, pp. 1655-1658, 1999. 
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 2000, vol. 3, pp.1281-1284, 2000. 

[8] oto, M. and Itahashi, S. “An Automatic Extraction Method of F0 

[9] N prosodic segmentation 

[12] Keller, E. “Representing Speech Rhythm” Improvements in Speech 

 

[3] 

2004, pp

[4] Fujisaki, H. and Hirose, K. "Analysis of voice fundamental frequency contours for 

declarative sentences of Japanese", J.Acoust, J.A

ang, C., Fujisaki, H., Ohno, S. and Kodama, Tomohiro. "Analysis and synthesis of the 

four tones in connected speech of the standard Chinese based on a command-r

Mixdorff, H. "A Novel Approach to the Fully Automatic Extraction of Fujisaki Model 

Parameters", Proceedings of ICASSP

[7] Mixdorff, H., Hu, Y. and Chen, G. "Towards the Automatic Extraction of Fujisaki Model 
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Bu, S., Yamam
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akai, M., Singer, H., Sagisaka, Y. and Shimodaira, H. “Automatic 
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[10] Nakai, M., Shimodaira, H. and Sagayama, S. “Prosodic Phrase Segmentation Based on 

Pitch-Pattern Clustering”, Trans. IEICE, J77-A, 2, pp. 206–214, Feb. 1994. 
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ॵုԫΕ֮ࠢײ᧯Կጟ։ᣊᒤࠏʳ

ᇣײ

ᡙයࠡމዊΔലאᙊࢬ৸Ζ

ᤲଉઆᡖ๱Δሁ᎛๕ીհΖ

 
 ๵ঞ(SMR)ת .2
ၞ಺ ΰାזᑗػޕ ࢌα 

լ༚ڃΙܩլߠ೏ഘࣔᢴ༟ػᕓΔཛڕॹ࿭ᑈګຳΖ 
 ८ᖥ़ኙִΖࠌ൓რႊጐᦟΔ๕س

 ΖࠐΔՏ८ཋጐᝫ༚شڶ
 

๕ೖΖ 
Ζ 
ᣋᙌΖ 
 Ζټࠡ

 ழ୯ؓᑗΔ೐಺ԼՏ஌ᦟ⽢Ζ࣏׆
உႊࣿ࠷ኙ಼ܩΖ 

ભ಺Δፖዿٵ௣ᆄײღΖ 

ଥᅬΖ 
ΕᗑΕࡰ९Δ઒ΕኒΕࢬڶΔؔشࢬڶΔ݇ึࢬ

լߪ࣍נՈΔլؘ੡աΖ 
؆֪ۖլຨΖ 

 
1. ๵ঞ(R) 

Լ԰ଈհ԰ʳ (ዧזնײߢᇣ) 
அխ࡛ڶᖫΔጸᆺ࿇ဎྗΖ 

 
 

 ტܑᆖழΖ܀၆Δߩढ۶ڼ

ല

௧ࠩੌ࡞Δࠐ႓ࣾհֽ֚Ղߠլܩ

Գ

ؘޗݺس֚

෪ے୬ׄ׊੡ᑗΔᄎႊԫ堬ԿࣦۍΖ

Δലၞ಺Δࣦس׋՗Δկ֛ݢ

ፖܩዚԫڴΔᓮܩ੡ݺೡۘᦫ

ᤪቔ墆دլߩ၆Δ܀ᣋ९ᔨլ

堬ृఎڶᆣᔃઃഭነΔ൫ࠐײ

ຫ

ᙒΔ֟ߢԳ۶੡׌

նक़್ΔՏ८ᇗΔࠝࡅലנང

 
3. լ๵ঞ(IR) 
៖ሎՕٵᒧʳ (٣఻ཋ֮) 
Օሐհ۩ՈΔ֚Հ੡ֆΙᙇᔃᜰ౨ᝑॾ

ਚԳլᗑᘣࠡᘣΔլᗑ՗ࠡ՗Ιڶ۔ࠌ

ᐒఏृઃࢬڶ塄Ζ 
 Ζូڶ։ΔՖڶߊ
ຄ༞ࠡඵچ࣍ՈΔլؘ៲࣍աΙԺ༞ࠡ

ਢਚᘩຨۖլᘋΔ࿋᧗႖ᇶۖլ܂Ιਚ

ਢᘯՕٵΖʳ
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 ߒઔ֏ࠋ։ᣊհ່ۯ፿ᜢᖂ໢ڍ
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ኴ૞ 

᧢፿ऱ፿ଃᙃᢝՈڍڼڂΔߢԫጟ፿ٵ࣍ΔԳፖԳհၴऱᄮຏլ٦ૻګݮ٤෺֏ऱ࣍ط

ऱ௑؆ऱૹ૞Ζڶ۶ڕயᖞڍٽ፿ऱᜢᖂᑓীਢԫଡᣂ᝶ᤜᠲΔڂ੡ԫิړऱڍ፿ᜢᖂ

໢ۯലᐙ᥼ᙃᢝ࿨࣠Ζءᓵ֮༼נԱԫ୚ᖞٽറ୮હནवᢝፖኔᎾ፿ଃ։࣫ऱֱऄΔࠐ

ขسԫิᄅऱᜢᖂ໢ۯΔ׊ࠀኙຍิᜢᖂ໢ۯऱᑇؾΔشࠌ஁։ڤߦᇷಛऄঞࠐ೚່ࠋ

ऱ๠෻Ζൕಝᒭړऱឆ៲֛ױ್ڤᜢᖂᑓীխΔૠጩࠡ໢ၴۯऱઌۿ৫ఢೄΔհ৵ຘመ

፿ଃᖂࡉଃᣉᖂऱवᢝΔૻࡳԱٺଡᜢᖂ໢ۯ౨ᆢ֏ऱՂૻΔ௅ᖕլࡳૻٵऱᆢ֏Ղ

ૻΔشࠌፋٽၸᐋڤ։ᆢऄΔࠐ৬مլٵऱ࿨ዌᖫΖհ৵Δشܓ஁։ڤߦᇷಛऄঞΔല

ሿऱழଢΔ༉࣍ᇷಛऄঞऱଖ՛ڤߦΔᅝ஁։ࠓٽ೚ۯଡ࿨ዌᖫխ࿇ଃઌ२ऱᜢᖂ໢ޢ

ೖַࠓٽΔۖᄅګࠓٽԫᆢऱᜢᖂ໢ۯঞ੡ᄅऱᜢᖂ໢Ζݺଚലش GpsTEBU12 ဎ؀ᠨ፿

፿ற஄ࠐኔ᧭ေၦΔۖኔ᧭࿨࣠᧩قΔءᓵ֮נ༽ࢬऱᄅֱऄֺش׽റ୮वᢝࡳࢬᆠऱ

ᜢᖂ໢ࢬۯಝᒭנऱᙃᢝᕴڶለ೏ऱᙃᢝய࣠Ζ!

ᣂ᝶ဲΚڍ፿፿ଃᙃᢝΕଃైᆢ֏Ε஁։ڤߦᇷಛऄঞ 

 

ԫΕፃᓵ 

፿ଃਢԳፖԳᄮຏ່ऴ൷Ոਢ່଺ࡨऱԫጟՠࠠհԫΔຘመ፿ଃऱႚᎠΔ౨ജࢮ२

Ζຍߢլ٦ૻࠫ໢ԫऱ፿ࠀΔԳፖԳհၴऱٌᓫګݮऱޘ෺چ࣍طΔࠐऱ၏ᠦΖ२ڼ࢖

ጟ෼ွΔڇഏ୮ڼ࢖ઌᔣऱᑛ੊ࡉԳጟ෗ٽऱࠅ੊ຟᄎழൄ࿇سΖ؀ڕ᨜Δؾছဎ፿ࡉ

؀፿ਢ່׌૞ऱࠟጟ፿ߢΖڼڂΔ۞೯፿ଃᙃᢝऱઔߒᏆ഑ᇙΔൕ଺ءऱ໢ԫ፿ߢऱ፿

ଃᙃᢝΔዬዬऱΔբཛٻᠨ፿ڍࢨ፿ऱֱٻԱ\2^ΖٵᑌऱΔ࣠ڕԫ୚۞೯፿ଃᙃᢝᖲ

ᕴΔ౨ജԫڻᙃᢝࠟጟ፿ࠟࢨߢጟאՂऱ፿ߢΔຍᄎֺ׽౨๠෻໢ԫ፿ߢऱᖲᕴࠐऱޓ

ൎՕΖאࢬᎅΔڍ፿ߢऱ፿ଃᙃᢝΔਢଡᅝছૹ૞ؘ׊ႊ൶ಘऱᤜᠲΖ!

ߒᆠΔਢଡଖ൓ઔࡳऱۯᜢᖂ໢ၴߢ፿ٵլ࣍፿ऱ፿ଃᙃᢝᏆ഑ᇙΔኙڍڇΔ؆׼!!!!

ऱֱٻΖຍଡᤜᠲΔ׌૞ڇ൶ಘ۶ڕലڍଡ፿ߢऱ࿇ଃฤᇆ೚ڶயऱࡳᆠΔړᨃ່৵Δ

࿯ࡳԫآ؁वऱ፿ଃΔڇ௅ᖕຍࡳࠄᆠړऱ࿇ଃฤᇆࢬಝᒭࠐנऱᜢᖂᑓীΔ౨ജ່ڶ

ઌڶࠠၴߢ፿ٵլٽயऱᖞڶᆠԫิ࿇ଃฤᇆΔ౨ജࡳ۶ڕऱᙃᢝய࣠Ζང؁ᇩᎅΔࠋ
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।זᎅਢᆢᣊ֏)Dmvtufsjoh*ऱრ৸ΔຍאױΔՈ࢚ऱᨠٽऱ࿇ଃΖۖᖞۿઌࢨ࿇ଃٵ

ထᎅΔ៶طᆢᣊ֏ऱݾ๬Δലլٵ፿ၴߢ࿇ଃ൷२ऱ໢ۯᆢ֏Δᨃຍᆢ֏৵ऱ࿇ଃ٥ڶ

ऱய࣠Ζ௅ᖕհছᖂृऱኔ᧭࿨࣠\3-4^Δٽᖞၴߢ፿፿ڍΔ່ۖ৵൓ࠩڤऱᑑଃֱٵ

ԫิړऱڍ፿ᜢᖂ໢ۯΔല່࣍ܗڶ৵፿ଃᙃᢝऱ࿨࣠ΔױڼطڼڂवΔᜢᖂ໢ۯऱᙇ

!Ζۯچૹऱ᎘ߩထᜰڶ፿ऱ፿ଃᙃᢝᇙΔڍڇᆠࡳፖ࠷

!อ)JoufsobujpobmߓഏᎾଃᑑشࠌᖂृਢڶΔܫᖕհছऱ໴ࠉ!!!! Qipofujd!

BmqibcfuΔ១ጠ JQB*\5^ࠐอԫᑑಖլٵ፿ၴߢऱ࿇ଃΖຍ୚ߓอਢຘመ፿ଃᖂࢨଃᣉ

ᖂറ୮ऱवᢝΔലլٵ፿ߢऱ࿇ଃຟԫኙԫऱኙᚨࠩ JQB ᇙऱᑑଃฤᇆΔຘመຍ୚ᖲ

ࠫΔױലۖլٵ፿ၴߢറ୮ࢬᎁࡳઌٵ࿇ଃऱ፿ଃຟᑑಖګઌٵऱฤᇆ\27^Ζشܓຍጟ

ֱऄऱᜢᖂᑓীڶଡړ๠Δ༉ਢઌٵᑑଃฤᇆ܀լٵ፿ߢऱಝᒭ፿றΔ౨ജڼ࢖։ࠆΔ

ऱΔհ৵٦ᓮ፿ړ٣๵ቤࠃຟਢءΔՕຝ։ऱ፿ற஄ΔࠡᏣ܀ൎ೜Ζףޓ൓ᜢᖂᑓীࠌ

ृၞ۩ᙕଃΔ࣍طᇷறऱᡓՕΔᙕݙଃհ৵Δڶ޲ࠀ೚ᑑଃฤᇆፖటኔ࿇ଃհၴऱ٦ᒔ

ᎁΔ່ ৵ࠌ൓ΔటࢬإᙕՀࠐऱ࿇ଃΔࡉ଺ࠐऱᏣءᇙࢬᑑऱ࿇ଃฤᇆࠀլ٤ݙऱԫીΖ

הࠡڶΔڼڂΖݮ൴ۡϙཎϙऱൣ޲ګ፿ृᄎ࿇࢓࢓ᎅΔϙஃϙຍଡ࿇ଃΔࠐဎ፿אڕ

ᖂृΔ׼شԫ୚ֱऄΔ٣։࣫ਝڶऱ፿ଃᇷறΔۖ৵௅ᖕ࿇ଃઌۿ৫ऱၦྒྷΔലઌۿऱ

࿇ଃូᣊګԫᆢΔ່৵່נބ౨ฤٽຍޅ፿றऱᜢᖂ໢3\ۯ^Ζ२ࠐڣΔՈڶᖂृشܓ

ᜢᖂፖ֮౧ऱ։࣫ΔขسԱڍ፿፿ଃऱᜢᖂ໢4\ۯ^ΖױਢΔຍࠄᖂृࢬ༼ऱֱऄΔࠀ

ऱ॰ាٵլشܓऱ։࣫Δۖਢ֏ࠋՂ೚່ؾᑇۯ፿፿ଃᜢᖂ໢ڍऱࠩބࢬࠄലຍڶ޲

ଖΔขسլٵऱᜢᖂ໢ۯᑇࠐؾ೚ኔ᧭Ζ!

ԫิᄅऱسขࠐറ୮હནवᢝፖኔᎾ፿ଃ։࣫ऱֱऄΔٽԱԫ୚ᖞנ༽ᒧᓵ֮Δء!!!!

ᜢᖂ໢ۯΔ׊ࠀኙຍิᜢᖂ໢ۯऱᑇؾ೚່ࠋऱ๠෻Ζᜢᖂ໢ۯਢ׳ؐאઌᣂଃై੡

ᑓ֛ױᒘڤ៲ឆאΔಝᒭߢጟ፿ޢऄΔଈ٣ኙֱڼဎ፿֗؀፿ऱ፿ற஄ՂΖڇ᧭Δኔ׌

ী)Ijeefo!Nbslpw!npefmΔ១ጠ INN*੡׌ऱᜢᖂᑓীΔհ৵ຘመઌۿ৫ऱၦྒྷΔขس

ଡᜢᖂٺԱࡳଃᣉᖂऱवᢝΔૻ֗אԵԱ፿ଃᖂף৫ఢೄΖྥ৵Δۿऱઌۯᜢᖂ໢ڶࢬ

໢ۯ౨ᆢ֏ऱՂૻΔ௅ᖕլࡳૻٵऱᆢ֏ՂૻΔشࠌፋٽၸᐋڤ։ᆢ)Bhhmpnfsbujwf!

Ijfsbsdijdbm!DmvtufsjohΔ១ጠ BID*Δ৬مԱլٵऱ࿨ዌᖫΔڼ؆Δڇຍᇙ֧ၞԱ஁

։ڤߦᇷಛऄঞ!)efmub!Cbzftjbo!Jogpsnbujpo!DsjufsjpoΔ១ጠ efmub.CJD*\6^Δല

ᆢᣊऱࠟނՀۖՂΔطԫལ࿨ዌᖫᇙΔٵ efmub.CJD ଖՕ࣍ 1ऱᜢᖂ໢ۯ೚ᘜٽΔऴࠩ

efmub.CJD ଖ՛࣍ 1ঞೖַᘜٽΔ௅ᖕڤߦ෻ᓵΔא෼ڶऱᇷறࠐᎅΔຍᑌऱֱאױڤ

Ζ່৵Δലຍ֏ࠋऱ່ۯ೚ᜢᖂ໢ࠐຍጟֱऄشଚթݺڼڂΔؾᑇۯऱᜢᖂ໢ࠋ່ࠩބ

೚ಝᒭۯऱᜢᖂ໢ړᆠࡳࠄ INN ऱᑓীಝᒭΔޢڇଡᘜٽ৵ऱᜢᖂ໢ۯᇙΔڼ࢖։ࠆಝ

ᒭ፿றΔຍᑌױሒࠩڍ፿ᜢᖂऱᖞٽய࣠Ζ!

ԱࠟܶץΔᇙ૿ߒ։ᣊऱઌᣂઔۯ፿ᜢᖂ໢ڍՀΔรԲີΚտฯڕᒧ֮ີऱਮዌء!!!!

ጟ)റ୮वᢝࡉᇷறᦀ೯*ֱऄΖรԿີਢءᓵ֮נ༽ࢬऱᄅֱऄΔലছີऱࠟጟݾ๬೚

࿨ٽΔ׊ࠀ൶ಘԱނ۶ڕୌࠄᜢᖂ໢ۯᇠ։੡ԫᆢΔ່֗א৵ᇠࡳ۶ެڕᜢᖂ໢ۯऱᑇ

ᖞऱ༴૪Ζ່ۖ৵ԫີਢݙร؄ີ೚ڇ࿨࣠։࣫ຟࡉࡳऱ፿றΕᛩቼ๻ࠩشࢬ᧭Ζኔؾ

࿨ᓵΖ!

ԲΕڍ፿ᜢᖂ໢ۯ։ᣊઌᣂઔߒ  

റ୮वᢝऱֱऄΙ!)Բ*ൕא*։੡ࠟጟΚ)ԫױ։ᣊऱֱऄΔՕીՂۯ፿ᜢᖂ໢ڍ

ᇷற։࣫ऱߡ৫)ebub.esjwfo*Δڍࠓٽ፿ߢհઌۿଃైΖ෼։ܑտฯڕՀΚ!!
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ΰԫαشܓറ୮वᢝऱֱऄ!

ᜢᖂ໢شܓۯറ୮वᢝऱֱऄΔױ։੡!2/፿ߢઌᣂ)Mbohvbhf!Efqfoefou*ፖ!3/

፿ߢᗑم)Mbohvbhf!Joefqfoefou*ऱֱڤΖࠡխΔ፿ߢઌᣂऱᜢᖂ໢ۯਢ࿨ٺٽ۞፿ߢ

ऱଃైۖګऱΔࠉᖕֱڼऄΔᜢᖂᑓীऱಝᒭՂΔٺଡ፿ࠠၴߢઌٵ࿇ᜢऱଃైڼ࢖հ

Δࡳ0b0ऱ࿇ଃΔຘመറ୮ऱᎁڶຟߢ؀፿Δຍࠟጟ፿ࡉဎ፿ڕಝᒭ፿றΖشլ٥ࠀၴ

ല؀፿፿ଃ!0b0!ࡉဎ፿፿ଃ!0b0!ऱ࿇ଃΔᑑಖګ\b`U^ፖ\b`N^Δޢ܀ڼڂଡଃైฤᇆ

ᄎ։ܑ൅Ղٺଡ፿ߢऱᑑಖΖ܂ڼ܀ऄऱ౒រਢࠠઌٵ࿇ଃऱଃైڇլٵऱ፿ߢᇙΔ࢖

೚೶ڇᜢᖂᑓীګΔۖທߩಝᒭ፿றઌኙऱլࠄ൓ਬࠌ౨ᄎױΔۖشլ౨٥ࠀऱ፿றڼ

ᑇ۷ૠऱழଢᄎլജൎ೜Ζ!

ઌ֘ऱΔ፿ߢᗑمऱֱऄΔঞਢشܓԫ୚౨ڶࢬܶץ፿ߢऱଃᑑฤᇆΔڕ JQBΕTBNQB!

ڕΔڼڂऱฤᇆΔٵઌګ࿇ଃऱଃైᑑಖٵઌ܀ߢ፿ٵXpsmecfu!\8^࿛Δലլ!ࡉ!^7\

؀፿ऱ!0b0!ࡉဎ፿ऱ!0b0!ऱ࿇ଃຏຏຟᑑಖګ!\b^!ऱ࿇ଃฤᇆΖڼጟ܂ऄڶאױய

፿ಝڍऱڍᑌٵڇΔઌኙऱΔؾ፿ଃଃైऱᑇ֟྇אΔࠓٽ࿇ଃຝ։ऱଃై೚ٵലઌچ

ᒭ፿றՂΔڼጟֱऄࠡޢଡᜢᖂ໢ࢬۯ౨։಻ࠩऱಝᒭ፿றᄎֺࠡ፿ߢઌᣂऱֱऄࠐऱ

壂ዿᐰشൎ೜Ζ=।ԫ?ᇙಖሉԱဎ؀፿ףޓऱᜢᖂᑓী೶ᑇՈᄎࠐנಝᒭࢬΔڼڂΔڍ

ऱଃైΖGpsQBࠐנᆠࡳࢬ^อ)GpsQB*\9ߓᑑଃޥ ਢ௅ᖕറ୮वᢝࡳࢬᆠऱԫ୚ױᑑಖ

؀᨜׌૞Կጟ፿ߢ)ဎ፿Ε؀፿ࡉড়፿*ऱᑑଃߓอΔٵழΔຍ୚ᑑଃߓอᇙऱޢԫଡᑑ

ଃຟࡉאױ JQB ೚ԫኙԫऱኙᚨΖ!!

ྥۖΔشࠌ፿ߢᗑمऱֱऄऱ౒រ੡Κֱڼऄڶ޲ᙄऄ֘ਠנኔᎾ፿றऱ࿇ଃ௽

ၦΖ෻ەՂ೚ࢤറ୮ऱवᢝՂΔۖॺൕᇷற௽ڇم٤৬ݙᆠਢࡳਢΔࠡଃైऱڂΖ଺ࢤ

ᓵՂΔ೗๻ڶࢬऱ፿றຟ࿇ଃऱࡉᑑಖऱ٤ݙઌٵΔຍᑌאറ୮वᢝՂࡳࢬᆠऱᜢᖂ໢

Δᙕଃ୉ءऱᏣړ٣ᑑಖࠃΔ࢓࢓టኔൣउՀথլਢຍᑌऱΖڇΔ܀ભऱΖݙ։ᣊਢۯ

Δۖࠐנ࢚ᒔऱإऱ࿇ଃଃైء٤ᅃထᏣݙऱۍ։հԫۍլ౨ࠀ ທګ࿇ଃࡉଃైᑑಖՂ

ᄎขسլ֐಻ऱ෼ွΖڼڂΔݺଚՈ૞ൕటኔ፿றՂ೚อૠࡉ։࣫Δຍᑌթ౨ᒔኔ֘چ

ᚨటኔ፿றՂ࿇ଃଃైऱ௽ࢤΖ!

!

! ηॣ! ҆ॣ!

PCU! [bh] [gh] [r]! [ah] [ak] [annh] [annp] [ap] [at] [eh] [ennh] [erh] [et] 
[ih] [ik] [innh] [ip] [it] [oh] [ok] [onnh] [op] [uh] [ut]

UN! [b] [c] [d] [g] [h] [k] [l] 
[m] [n] [p] [s] [t] [z]!

[ann] [a] [enn] [e] [er] [i] [inn] [ng] [o] [onn] [unn] 
[u]!

PCN! [ch] [f] [rh] [sh] [zh]! [ernn] [err] [ii] [yu]!

।ԫΕא ForPA੡ᑑಖऱဎ؀፿ᇙऱଃై।Ζڇຍଡ।խΔױ։੡ 3ଡຝ։Δࠡխ OBT
ਢ؀፿௽ڶऱଃైΔOBMਢဎ፿௽ڶऱଃైΔۖ TMঞਢဎ؀፿ຟڶऱଃై 

ΰԲαشܓᇷறᦀ೯ऱֱऄ 

፿ᜢڍԫิנᆠࡳऱ፿றΔڶၦΔ௅ᖕ෼ە੡ࢤటኔ፿ଃᇷறऱ࿇ଃ௽אऄਢֱڼ

ᖂ໢ۯΖ׌૞ऱᨠ࢚ਢሎشᆢፋݾ๬Δലᇷறࠉᖕڼ࢖ऱઌᣂ࿓৫Δ։ګլٵऱᆢิΙ

ۖ๯ᕩፋٵڇԫᆢऱ࿇ଃᄎڶਬࠄ௽ࢤਢઌ२ऱΔՈ༉ਢᎅຘመటኔ፿றऱ։࣫Δڶઌ

Δ׌ऱ੡ڤၸᐋא๬ਢݾऱᆢፋࠩشࢬڼڇԫીऱ࿇ଃฤᇆΖګऱ࿇ଃᄎ๯ᑑಖࢤ௽ٵ

119



ຍଡݾ๬ױ։੡ࠟᣊΔ2/!։ါऄ)Ejwjtjwf!bmhpsjuin*!\:^!3/!ፋٽऄ)Bhhmpnfsbujwf!

Bmhpsjuin*!\21^!ԲጟΖ։ါऄਢނ٣ᖞଡᇷறႃٽ઎ګԫଡᆢፋΔྥ৵ດڻ։ါΔޢ

੡Բଡለ՛ऱᆢፋΔऴࠩᆢፋᑇګऱຑ࿨Δ܅৫່ۿխԫଡᆢፋᇙΔ֊໊ઌࠡڇຟᄎڻ

ലڻޢԫ࿝ᇷறီ੡ԫଡᆢፋΔྥ৵ޢऄਢ٣ലٽ੡ַΖۖፋؾऱᑇࡳ๻ࢬ٣ࠃሒࠩؾ

௽່ࢤઌ२ऱԲଡᆢፋۖٽ੡ԫΔऴࠩᆢፋᑇؾሒࠩࢬ٣ࠃ๻ࡳऱᑇؾ੡ַΖא৵ृ੡

ۯല૞ᆢፋऱᜢᖂ໢ڶࢬנ๬ऱዝጩऄհছΔᄎጩݾ*ऱᆢፋ)BIDڤၸᐋٽ೚ፋڇΔࠏ

ऱઌۿ࿓৫ఢೄΔۖڼఢೄऱᑇଖਢشܓಝᒭړऱᜢᖂᑓী೶ᑇࠐጩၴڼ࢖נऱ၏ᠦΔ

ۖ၏ᠦࠟڶጟཏሙऱૠጩֱऄΔ։ܑ੡ b/! Cibuubdibszzb! ejtubodf! ࡉ!^3\

Lvmmcbdl.Mfjcmfs!ejwfshfodf!\22^-ࠡֆڕڤՀΚ!
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ۖࠡ BID ऱေ۷ֱ؄ڶڤጟ\23^Δ։ܑ੡!B/ૹ֨ຑ࿨ፋٽዝጩऄΕC/ؓ݁ຑ࿨ፋ

!ዝጩऄΖٽE/!໢ԫຑ࿨ፋ!֗אዝጩऄٽᖞຑ࿨ፋݙ/ዝጩऄΕDٽ

լᓵਢطՂۖՀ)upq.epxo*ऱ։ါऄطࢨՀۖՂ)cvuupo.vq*ऱፋٽऄΔ່ࠡ৵ऱ

ᜢᖂ໢ۯᑇؾΔຟਢړࡳ٣ެࠃऱΔհ৵ขࡳࡐسऱᜢᖂ໢ࠐۯಝᒭᜢᖂᑓীΖհছऱ

ᖂृشࠌຍࠟጟၸᐋֱڤऄΔڶ޲ࠀኙຍֱࠄऄ೚נᜢᖂ໢ۯᑇؾऱ່ࠋ֏Ζೈڼհ

؆ΔຍࠄፋֱٽऄΔඍඵԱറ୮वᢝΔۖऴ൷׽ආش෼ڶऱ፿ଃᇷಛ܂װ։࣫ࡳװᆠ່

৵ऱᜢᖂ໢ۯΔޅڼ࣠ڕ፿றኾᠧԱ๺ڍऱᠧಛࢨਬࠄᜢᖂ໢ۯऱಝᒭ፿றլߩऱழ

ଢΔױ࢓࢓౨ᄎขشֺسറ୮वᢝֱऄᝫ஁ऱᙃᢝ࿨࣠Ζ  

<ቹԫ>խ੡شᑑᄷ AHCࢬขسऱဎ፿ፖ؀፿ࠡئଃፖ՗ଃऱᖫणቹΔࠡխ၏ᠦऱ
ૠጩਢආشᑛഗߺᐚ၏ᠦΔۖ BID ऱေ۷ֱڤ੡ݙᖞຑ࿨ፋٽዝጩऄΖۖڇ BID հছऱ

ઌۿ৫ఢೄଖޢطଡᜢᖂ໢ࠡۯ INN ᇙऱԿଡणኪՀऱ Cibuubdibszzb ၏ᠦऱؓ݁ଖΖ 
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ቹԫΕᑑᄷ AHCࢬขسऱဎ፿ፖ؀፿ئଃፖ՗ଃऱᖫणቹ 

!

ԿΕᜢᖂ໢ۯऱ։ᣊፖᑇؾऱ່ࠋ֏ 

፿፿றᅝڍऱڶᇷறᦀ೯ऱֱऄΔൕਝࡉԱറ୮वᢝٽԱԫ୚Δ࿨נ༽ᒧᓵ֮ء    
խΔ༈ބԫิᄅऱᜢᖂ໢׊ۯᨃࠡᑇࠋ່ؾ֏Ζݺଚࠉᖕᜢᣉᖂࡉ፿ଃᖂऱ፿ଃवᢝΔ

אԱم৫ऱᗴᙇᖲࠫΔ৬ۿΔຘመઌۯ๬ᇙऱ։ᣊΔᨃ࿇ᜢઌ२ऱᜢᖂ໢ݾԱᆢፋࡳૻ

AHC ੡ֱऄऱ࿨ዌᖫΔڇઌٵऱ࿨ዌᖫխΔᜢᖂ໢ڶۯᖲᄎ೚ࠓٽΖྥۖΔլٵऱ࿨
ዌᖫխऱᜢᖂ໢ڼ࢖ۯհၴլ౨೚ࠓٽΖຍᑌऱᖲࠫΔᝩ܍Ա࿇ᜢ஁ৰڍऱᜢᖂ໢ۯΔ

 ΖٽᠧಛαΔۖઌյᘜڕ੡፿ற঴ᔆऱᐙ᥼ΰڂ

ୌࡳ۶ެڕΔՈ༉ਢᎅΔؾᑇۯऱᜢᖂ໢ࠋ່נބऱ࿨ዌᖫխΔ່৵ٵઌڇ۶ڕΔ؆׼

ଚ֧ၞԱݺΔڼڇΖࠓٽᆢլᇠࠄΔୌࠓٽᇠۯᜢᖂ໢ࠄ delta-BIC ࡳڤߦ๬Ζ௅ᖕݾ
෻Δൕ෼ڶऱಝᒭ፿றխΔشܓ delta-BIC ᑓীᙇᖗऱֱऄΔࠋ່נބױऱᑓীΖઌٵ
ऱΔݺଚലຍଡᨠ࢚Δᚨࠋ່נބ۶ڕڇشऱᜢᖂ໢ۯΖۖᖞଡ༈ބᜢᖂ໢ۯᑇؾऱ່

 ቹԲ>Ζ>ڇق᧩መ࿓֏ࠋ

 

ቹԲΕ࿨ٽറ୮वᢝࡉᇷறᦀ೯ֱऄขࠋ່سᜢᖂ໢ۯᑇؾऱੌ࿓ቹ 
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ցٙ࿓ਢؘႊ൶ಘऱΚࠟڶΔۯԫิᄅऱᜢᖂ໢נބΔ૞༈נ઎ױ<ቹԲ>طΔڼڂ
AHC࿨ዌᖫऱૻࠫፖᜢᖂ໢ࠓٽۯऱᖲࠫΔאՀΔݺଚ༉։ܑาᎅຍࠟႈցٙΖ 

ΰԫαૻࡳ࿨ዌᖫᒤ໮ - ࠉᖕറ୮वᢝ 

௅ᖕొᇷறᦀ೯ऱ೚ऄΔൕᜢᖂ໢ۯઌۿ৫ఢೄࠩขس AHC࿨ዌᖫழΔڶ޲ࠀ೚
չᏖᖲࠫڂַ߻ࠐ፿ற঴ᔆऱ౒ະΔۖທګ AHCڇ৬م࿨ዌᖫऱழଢΔലԫࠄ࿇ᜢ஁
ܑৰՕऱᜢᖂ໢ڜۖ֘ۯඈऱৰ२Δڂ੡ᑑᄷऱ AHCਢ٤ݙਊᅃઌۿ৫ఢೄࠐ೚ᜢᖂ
໢ۯऱ։ᣊΔۖઌۿ৫ఢೄਢط፿ற஄ࢬ৬مऱᜢᖂᑓীࢬขسऱΔڼڂ AHC࿨ዌᖫ
९ऱړլړΔڶৰૹऱຝٝਢࠉᘸ፿ற஄ऱ঴ᔆᚌ٭ΖڼڂΔݺଚڇຍԫᆏല೚ԫૻࠄ

ࠫΔޏࠐ࿳ڂ፿றऱᙕଃ঴ᔆ౒ະࢬທګ AHC९ऱլړऱംᠲΖ 

ط IPA ࢨ ForPA ࿛ᑑଃߓอࡳࢬᆠנऱٺ፿ߢᜢᖂ໢ۯΔڇ፿ߢᖂࢨᜢᣉᖂՂਢ
ױଚݺᆠΔࡳࠄऱΖ௅ᖕຍࠐנᆠࡳࢬറ୮ࠄԫطΔຟਢۯᜢᖂ໢ࠄ੡ຍڂሐ෻ऱΔڶ

ڂ໫ᙰଃ࿛ΖࡉΔᏗଃګ։ࠐऱ࿇ᜢዌທٵլطࢨଃΕئΔษ։੡՗ଃΕۯ໢ࠄലຍא

ڇΔڼ AHCհছΔݺଚ٣ലڶࢬऱᜢᖂ໢ۯ։ګ՗ᆢΔۖຍࠄ՗ᆢऱمګΔਢ௅ᖕא
Հऱ؄ጟ։ᆢૻࡳΖݺଚڼࠉሐ෻ࠐലݺଚൕط Bhattacharyya ۯଡᜢᖂ໢ޢऱנጩࢬ
ᇙऱणኪ෗෤ఢೄΔࠩط AHCࢬขسऱ։ᣊᖫհၴΔ೚؄ጟၸᐋऱૻࠫΖۖլٵऱૻ
ࠫΔՈലᄎขسլٵ࿨ዌऱ։ᣊᖫΖ 

I. ٵ٥ᜢᖂ໢ۯऱૻࠫΚ 

ऱٵઌڶऱࠠၴߢ፿ٺಾኙ׽ΔؾՀΔAHC࿨ዌᖫऱᑇࡳຍଡૻڇ IPAᑑଃऱᜢ
ᖂ໢ۯΔۖޢଡ՗ᆢᇙऱᜢᖂ໢ۯ੡ؐ׳ઌᣂଃైΖאဎ؀፿ᜰࠐࠏᎅΔ[b-a+ng_T, 
b-a+ng_M]Δຍᑌऱ࿨ዌᖫڶ٥ 284ଡΖڼڂΔຍࠄ࿨ዌᖫΔࠟڶ׽ᐋΔԫᐋ༉ਢဎ؀
፿ऱؐ׳ઌᣂଃైΔรԲᐋ༉ਢהଚࠟଡऱࠓٽ [b-a+ng]ΖຍଡૻࠫΔ׌૞ਢڇᨠኘΔ
ဎ؀፿հၴ׳ؐٵ٥ઌᣂଃైਢܡᚨᇠࠓٽΔࠓٽ٤ݙ࣠ڕΔঞਢ፿ߢᗑمऱֱऄΔઌ

֘ऱΔ٤࣠ڕຝլࠓٽऱᇩΔ༉ಯڃ፿ߢઌᣂऱֱऄԱΖ 

II. ଃైऱૻࠫΚ 

ຍଡૻࡳΔਢڇᨠኘؐ׳ઌᣂଃైፖؐ׳ᗑمଃైհၴऱᣂএΖڼڂΔޢལᖫऱ່

৵່ࠩ࣠ڕΔڼڂΖقࢬ<ቹԿ>ڕଃైΔمᗑ׳ઌᣂଃైΔ່ۖՂᐋ੡ؐ׳ᐋਢؐࢍ
ઌᣂଃైΔ༉׳ऱؐ׌੡[*+b]אءΔঞ଺ࠓٽઌᣂଃైຟ౨ജ׳ଡؐޢຍལᖫᇙऱڇ
ᄎಯ֏ګ፿ߢᗑمऱؐ׳ᗑمଃైऱ[b] 
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ቹԿΕא[b]੡ࠏऱ AHC࿨ዌᖫ 

 

III. ෗෤ଃైऱૻࠫΚ 

    ௅ᖕ[13]ΔݺଚԱᇞࠩΔࠄڶଃైਢৰ୲࣐෗෤ऱΔֺڕဎ፿ऱ൴ۡଃࡉլ൴ۡଃΔ
൅-pڕ؀፿ऱԵᜢଃΔࢨ k-ࡉ ࿨ݠऱଃైΔڼڂΔຍଡૻࠫᇙΔݺଚឩՕࠓٽאױऱ
ᒤ໮ࠩ෗෤ଃైΖڕ<ቹԫ>ऱڗଃئࡉଃ AHC ऱ࿨ዌᖫቹխΔݺଚش delta-BIC ऱݾ
๬(Հԫᆏᄎᓫࠩ)Δല࿨ዌᖫխΔdelta-BICଖՕ࣍ሿऱᜢᖂ໢ۯᆢิ֏Δۖ๯ᆢิ֏ऱ
ᜢᖂ໢ۯ༉๯ᎁࡳਢԫิ෗෤ଃైิΔհ৵Δิڼאଃైࢬ૜سऱؐ׳ઌᣂଃై༉شױ

AHCऱֱڤขسԫལ࿨ዌᖫΖڕ<ቹԫ>ᇙݺଚאױ઎נΔ՗ଃڶ٥ 13ิ෗෤ଃైΰش
௃௃໮۰ऱαΔۖئଃঞڶ 19 ิΖຍࠄ෗෤ଃైΔ່՛ऱਢࠟطଡଃైګิࢬऱΔۖ
່Օऱਢ؄ଡଃైΖڕ-apፖ-ak༉ਢԫิ෗෤ଃైΔۖא-apࡉ-ak੡׌ऱؐ׳ઌᣂଃై
ऱسขࢬ AHC࿨ዌᖫ᧩ڇق<ቹ؄>խΖ 

 

ቹ؄Εئଃխ൅-apࡉ-ak࿨ݠଃైऱ AHC࿨ዌᖫ 
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IV.՗ئଃऱૻࠫΚ 

ଃᣊΖۖᖫ௅ঞ੡ဎ؀ئࡉല։ᣊᖫऱᖫᙰ։੡ࠟᣊΔ՗ଃᣊ׽ଚݺຍଡၸ੄Δڇ

፿ڶࢬऱؐ׳ઌᣂᜢᖂ໢ۯΖ່ڇڼڂᄕጤऱൣउՀΔဎ؀፿ऱᜢᖂ໢ۯΔ່৵ঞᄎ։

 ଃࠟଡΖئࡉଃڗڶ׽ګ

 

ΰԲαެࠋ່ࡳᑇࠉ - ؾᖕ஁։ڤߦᇷಛऄঞ (delta Bayesian Information Criterion) 

ᇷಛऄঞ)១ጠڤߦ CJD*Δط Tdixbs{ ڇ 2:89 ࠷Δਢԫጟॺኙጠᑓิᙇ^3\נ༽ࢬ

ऱᄷঞΖ່ࠡشܓՕᄗۿ৫)Nbyjnvn!Mjlfmjippe*ऱֱڤൕ qଡᑓীխ່נބ౨ז। o

ֺᇷற ऱ່ࠋᑓীΖ೗๻Δޢ࿝ᇷறຟਢઌյᗑمऱΖۖร q ଡᑓী

ऱ CJD ֆڕڤՀ!

d
in RxxxX ,,...,1

)(                                                                                 log
2
1)(log ԿndXLBICڤ ppp

!

ࠡխ ਢᑓী qऱ່Օᄗۿ৫ΔpL ਢԫଡპᓳଖΔۖ ਢ qᑓীᇙऱ೶ᑇᑇؾΖ!pd

efmub.CJD ঞਢലࠟᆢլٵऱڤߦᇷಛऄঞଖ೚ઌ྇Δ១֏հ৵Δאױ᠏֏ࠟګଡ

լٵᆢऱ່Օᄗۿ৫ଖ೚ઌףΔհ৵྇ࠟװᆢิࠓٽ৵ऱ່Օᄗۿ৫ଖΔף٦Ղᑓী೶

ᑇؾऱࠤᑇଖΖຍႈݾ๬ൄൄ๯ஞࠐᅝ܂፿ृٌངរࢨ፿ٌߢངរೠྒྷऱԫଡܒឰ

\6^Δຏൄԫ౳ऄঞਢᅝ efmub.CJD Օ࣍ 1 ऱழଢΔ༉ࠟࡳܒᆢิऱᢰ੺ᇷற੡ԫଡٌ

ངរΖۖءᒧᓵ֮ലֱڼऄஞ܂ࠐ੡ڍ፿ᜢᖂᑓী໢ࠋ່ۯᑇؾऱ௅ᖕΖ௅ᖕ\6^Δಾ

ኙร qଡΕร rଡᑓীࠟࡉଡࠓٽհ৵ऱ sᑓীऱ efmub.CJD!ֆڕڤՀقࢬΚ!

)(        log)
2

)1((
2
1||log

2
||

2
||log

2
؄rrڤ             

r
q

q
p

p

qppq

ndddnlpg
nn

BICBICBIC

!

ࠡխ ։ܑ੡ᑓী qࡉ rࢬኙᚨऱಝᒭ፿றᑇؾΔqp nn , qpr nnn
Δۖ ։ܑ੡ᑓ

ী qࡉ rऱ٥᧢ฆᑇఢೄऱ۩ڤ٨Δ!e ੡೶ᑇᑇؾΖ!

qp ,

ᑓী࣠ڕΔנ઎ױଚݺ*؄ڤ(طΔڼڂ!!!! qࡉ rࠓٽ֗אհ৵ऱ sᑓীΔ່ࠡՕᄗۿ

৫ᝫՕࠓٽ࣍հছଡܑᑓী qࡉ rऱ່Օᄗۿ৫᜔ࡉΔঞݺଚઌॾΔຍࠟଡᑓীਢאױ

։ᣊᒤ໮ΔຘመۯΔಾኙՂ૪ऱᜢᖂ໢אࢬऱΖࠓٽ efmub.CJD ऱֱऄΔ່৵່נބױ

խऱࠡ࣠ڕΖۖؾᑇۯऱᜢᖂ໢ࠋ ଖ੡ሿऱᇩΔ)؄ڤ*༉ಯ֏ګԫ౳ऱ່Օᄗۿ৫۷

ૠԱΖ܀ԫ౳ڇ೚ᑓิᙇ࠷ழਢආش efmub.CJDΔڂ੡ऴ൷شՕࢨ࣍՛࣍ሿ༉ܑܒױΔ

ڂΔࡳެ܂॰ាଖΔթ౨ٵऱणउ๻Հլٵଡլޢ৫۷ૠΔঞ૞ኙۿԫ౳່Օᄗشڕ܀

شᓵ֮Ոආءڼ efmub.CJD !ᄷΖܒऱ֏ࠋ፿ᜢᖂᑓী່ڍ೚ࠐ

!!!!௅ᖕհছࠉլࢬࡳૻٵขسऱ࿨ዌᖫΔݺଚൕ࿨ዌᖫ່Հ૿ࠟࠟᜢᖂᑓীࢨᆢิၴ

ऱ efmub.CJD!ଖՕ࣍ሿऱຝ։೚ࠓٽΔۖࠓٽ৵ऱᜢᖂ໢ۯΔ25\شܓ^ऱݾ๬Δല଺

հছᑓীࠓٽآء qࡉ rࢬኙᚨऱಝᒭ፿ற։ࠆ࿯ᄅऱࠓٽհ৵ऱ sᑓীΔۖ ሒࠩᜢᖂ

໢ۯᖞٽऱؾऱΖຍᑌऱࠓٽᄎආطՀۖՂऱֱڤԫऴၞ۩Δऴࠩᅝ efmub.CJD!ଖ՛
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ಝᒭᜢᖂᑓࠐشΔۯऱᆢิঞ੡ᄅऱԫิᜢᖂ໢ࠓٽࢬሿऱழଢթᄎೖַΖೖַ৵࣍

ীΔ೚፿ଃᙃᢝΖ!

؄Εኔ᧭ፖ࿨࣠  

ΰԫαኔ᧭፿ற 

ऱ፿ࠋ౨ሒ່ࠩۯᜢᖂ໢ิڼᢞ᧭׊ࠀΔۯ፿ᜢᖂ໢ڍऱࠋ່נބኔ᧭Δਢ੡Աء    
ଃᙃᢝ࿨࣠ΖڼڂΔݺଚشԱဎ؀ᠨ፿፿ଃᇷற஄ ForSDATխऱ ଅ፿ற[8]Ζ܌ຽڣ01
ຍଡ፿ற஄ᇙܶץԱ 100Գऱಝᒭ፿ற׼ࡉ؆ 20Գऱྒྷᇢ፿றΖڇಝᒭ፿றխΔޢଡ
፿ृຟᙕ፹Աࠟጟ፿ߢΔߊ׊Ֆֺ෷ؓ݁Ζࠡઌᣂऱอૠᑇڇ٨ڗ=।Բ?!

!

 ፿ߢ Գᑇ ፿ଃ؁ᑇ ᜔ழ ΰၴ՛ழα 
ဎ፿ 100 43078 11.3 ಝᒭ፿ற 
؀፿ 100 46086 11.2 
ဎ፿ 10 1000 0.28 ྒྷᇢ፿ற 
؀፿ 10 1000 0.28 

।ԲΕGpsTEBU12  ڗဎ؀ᠨ፿፿ଃᇷற஄ऱઌᣂอૠᑇڣ

ΰԲαኔ᧭๻ࡳ 

ઌᣂߢ։ᣊΔ։ܑ੡፿ࠐԿጟֱऄࠉ᧭ऱኔۯ፿ᜢᖂ໢ڍലױଚݺհছऱտฯΔط

(Lang-De)Εᗑم፿ߢ(Lang-In)ءࡉᒧנ༽ࢬऱᜢᖂ໢ۯᑇࠋ່ؾ֏Δۖءڇᓵ֮נ༽ࢬ
ऱֱऄխΔԾࠉլٵऱૻࡳΔױ։੡ 4ᣊΔ։ܑਢٵ٥ᜢᖂ໢ۯऱૻࠫ(C-I)Ε෗෤ଃై
ऱૻࠫ(C-II)Εଃైऱૻࠫ(C-III)ࡉ՗ئଃऱૻࠫ(C-IV)Ζ 

මዿଙ᙮এᑇ(១ጠאԱشଚආݺՂΔ࠷௽ᐛឯڇ MFCC)੡׌ऱֱऄΔۖ 20 ශ࠷
ԫଡଃٯΔޢ 10ශઞฝ೯ԫଡଃ௃Δޢଡଃڶٯ 39ፂ৫Ζޢଡᜢᖂᑓীشࠌ HMMࠐ
೚ಝᒭΔۖᑓীऱ໢ۯ੡ؐ׳ઌᣂଃైΔۖޢଡ HMMڶ 3ଡणኪΔޢଡणኪՀऱ೏ཎ
։܉ᑓী(១ጠ GMM)ᑇؾΔঞਢࠉᅃޢଡणኪՀࢬ౨ኙᚨࠩऱಝᒭ፿றၦࡳެࠐΔ௅
ᖕ[15]଺ঞΔࢬኙᚨࠩऱಝᒭ፿றၦ။ڍऱणኪΔࠡ GMMᑇؾՈᄎ။ڍΔ٨ߓڼڇኔ
᧭խΔݺଚ๻ޢࡳଡ GMM ؘႊ૞ڶ 30 ଡאՂऱଃٯΖޢ࣠ڕאࢬଡणኪՀऱ GMM
ᑇؾऱᏺףਢ௅ᖕಝᒭ፿றऱڍኒࡳެࠐΔ߷ጠհ੡”೯ኪ GMM”Ζۖઌ֘ऱΔޢ࣠ڕ
ଡणኪՀऱ GMMᑇؾਢࡳࡐאऱ଍ᑇᏺףΔ߷ݺଚጠհ੡”ࡳࡐ GMM”Ζ 

࣍ط delta-BICऱૠጩਢࠉᅃ GMMऱ໢ࠐۯ೚ऱΔۖᜢᖂ໢ۯԾਢא HMM੡໢
אऱመ࿓խΔೈԱ֏ࠋ່ۯ೚ᜢᖂ໢ڇΔڼڂΔۯ HMM੡ࠓٽ໢ۯհ؆Δݺଚᝫشण
ኪ੡໢ࠓٽࠐۯΖא HMM ੡໢ۯऱழଢΔਢࠓٽܡΔਢᨠኘ HMM ՀԿଡणኪऱ

delta-BICؓ݁ଖܒࠐឰΖۖ௅ᖕݺଚᨠኘΔࠄڶ HMMխছࠟଡणኪࠡ delta-BICຟ՛
ᐈࠋޓࠓٽΖ੡Աᨃࠓٽլ౨ڼڂሿΔ࣍հ৵ᝫਢ՛݁ؓ܀ሿΔ࣍ሿΔۖรԿଡথՕ࣍

ᠾΔᨃޢଡणኪຟ౨۞طऱ೚ࠓٽፖܡऱܒឰΔݺଚՈආشԱणኪ੡໢ۯऱࠓٽΖ 

ኔ᧭ऱؾऱ૞ᨠኘլٵऱᜢᖂᑓীၴऱ፿ଃᙃᢝ෷ΔڼڂΔ፿ߢᑓীऱᖲ෷ڇຍԫ

ΔՈ༉ਢᎅΔࠡ੡݁֌։ٵଡլ൅ᜢᓳऱଃᆏհၴऱᖲ෷๻੡ઌޢ٨ऱኔ᧭խΔຟᨃߓ
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ऱჼ༈ጻሁᓤᠧ৫੡سขࢬڼࠉΖۖ܉ 924Ζ 

 

ΰԿα࿨࣠։࣫ 

    A. אറ୮वᢝ੡ءऱࡳࡐ GMMፖ೯ኪ GMMᙃᢝ࿨࣠ 

ଚലݺ     Lang-Deፖ Lang-Inऱᜢᖂᑓীࠐش೚ࡳࡐ GMMፖ೯ኪ GMMऱֺለΔ࿨
।Կ>Δۖઌኙᚨऱ>ڇق᧩࣠ GMM᜔ᑇ݁ؓࡉᑇڇ٨<।؄>Ζ 

ʳ ʳ 8-mixʳ 16-mixʳ 32-mixʳ 64-mixʳ
Lang-De (1503)ʳ 60.7 63.9 62.1 60.2

೯ኪ GMM 
Lang-In (1242)ʳ 62.5 64.7 64.3 63.0
Lang-De (1503)ʳ 59.3 62.8 60.2 58.6

ࡳࡐ GMM 
Lang-In (1242)ʳ 61.4 63.1 62.5 61.6

।ԿΕ Lang-Deፖ Lang-Inऱᜢᖂᑓীࠐش೚ࡳࡐ GMMፖ೯ኪ GMMऱ፿ଃᙃᢝإᒔ
෷Ζ 

ʳ ʳ 8-mixʳ 16-mixʳ 32-mixʳ 64-mixʳ
Lang-De (1503)ʳ 32,848(7.1) 54,824(12.1) 88,000(17.8)ʳ 109,905(24.3)

೯ኪ GMM 
Lang-In (1242)ʳ 26,328(7.1) 46,360(12.4) 69,328(18.6) 98,857(26.5)
Lang-De (1503)ʳ 36,054(8.0) 72,144(16.0) 126,252(28.0)ʳ 261,522(58.7)

ࡳࡐ GMM 
Lang-In (1242)ʳ 29,787(8.0) 59,616(16.0) 115,506(31.1) 219,834(59.6)

।؄ΕLang-Deፖ Lang-Inऱᜢᖂᑓীࠐش೚ࡳࡐ GMMፖ೯ኪ GMMऱ GMM᜔ᑇࡉ
ؓ݁ᑇ(ਔ࢑խऱଖ੡ؓ݁ଖ) 

೯ኪנ઎ױ।Կ>խΔ>ڇ     GMM ऱ፿ଃᙃᢝ࿨ֺ࣠ࡳࡐऱֱڤऱ࿨࣠ࠐऱࠋΖຍ

।قᎅΔGMM ऱᏺףΔؘႊەᐞࠩኔᎾ፿ଃಝᒭၦऱणउΔۖլ౨ԫਡထᏺף GMM
ऱᑇؾΖ׼؆Δኙ࣍೯ኪࡳࡐࡉऱֱऄΔ່ࠡࠋᙃᢝ෷ຟנ෼ޢڇଡणኪᇙ່೏ڶ 16
ଡ GMMऱ๻ࡳՀΔհ৵٦ᏺף GMMऱᑇؾΔᙃᢝ෷֘ۖᄎՀ૾ΖֱۖࡳࡐऄऱՀ૾
෷ᄎֺ೯ኪֱऄऱՀ૾෷ࠐऱڍΖڼڂΔݺଚڇ Lang-Inش೯ኪֱڤขسGMM࣍ 16-mix
ኔࠋ່ڶऱᙃᢝ෷Δ੡ 64,7%Ζݺ࣍طଚشࠌࢬऱຌ᧯੡ HTK[14]Δ۷ڇאࢬૠ GMM
೶ᑇழΔᄎലޢଡ GMMऱֺૹ೚ᓳᖞΔڼڂΔֺࠄڶૹለ᎘ऱ GMMᄎ๯ܔೈΔۖທ
ऄऱֱࡳࡐګ GMMؓ݁ᑇऱՀ૾ΖࠡխΔLang-Deऱᜢᖂᑇؾ੡ 1503Δۖ Lang-Inऱ
ᜢᖂᑇؾ੡ 1242Ζ 

    ឈྥנ೯ኪ GMM ऱ፿ଃᙃᢝ࿨ֺ࣠ࡳࡐऱֱڤऱ࿨࣠ړΔ܀<।؄>ᇙΔ೯ኪֱ
ऄऱ᜔ GMMᑇᄎֱֺࡳࡐऄऱ᜔ GMMᑇࠐऱ Δ֟ڼڂΔຍᇙױ઎נΔࠀլਢ᜔ GMM
ଡणኪՀؓ݁ޢΖ֘ۖଙਢ૞᥽ᐞړ᧢Δᙃᢝ෷༉ᄎᇿထڍ GMMᑇ૞಻ٽኔᎾऱಝᒭ
፿ଃၦΔຍᑌթ౨൓ࠩړऱ᥯ᢝ࿨࣠Ζ 

 B. א HMM੡໢ۯऱ່ࠋ֏ᜢᖂᑓীऱ࿨࣠ 

ףᏺࠐڤ೯ኪऱֱشհছऱ࿨࣠൓वΔط     GMMᄎڶլᙑऱ࿨࣠Δء՛ᆏՈਢڼش
ֱऄΔ܀থਢءشࠌᓵ֮༼נऱ࿨ٽറ୮वᢝፖᇷறᦀ೯ऱֱऄࠐขࠋ່س֏ऱᜢᖂᑓ

ী໢ۯΖᙃᢝ෷ፖ GMM ઌᣂᇷಛ։ܑ࣍٨<।ն>ࡉ<।ք>Ζรԫ᥏ۯխऱᑇڗ੡່
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৵ޢଡլࡳૻٵՀࢬขسऱᜢᖂ໢ۯᑇؾΖ 

 
ʳ ʳ 8-mixʳ 16-mixʳ 32-mixʳ 64-mixʳ

C-I (1242)ʳ 62.5ʳ 64.7 64.3 63.0
C-II (527)ʳ 51.7ʳ 56.7 60.4 59.4

C-III (1083)ʳ 59.5ʳ 64.2 65.7 66.1
C-IV (862)ʳ 56.4 59.6 61.8 61.5

।նΕૻࠫՀ່ࠋ֏ᜢᖂᑓীऱᙃᢝ࿨࣠ 

ʳ ʳ 8mixʳ 16mixʳ 32mixʳ 64mixʳ
C-I (1242)ʳ 26,328(7.1) 46,360(12.4) 69,328(18.6) 98,857(26.5)
C-II (527)ʳ 12,578(7.8) 24,671(15.6) 41,459(26.2) 55,285(36.4)

C-III (1083)ʳ 24,618(7.5) 46,256(14.3) 78,841(24.3) 98,754(30.4)
C-IV (862)ʳ 19,590(7.6) 38,498(14.9) 63,784(24.6) 84,059(32.5)

।քΕլࠫૻٵՀ່ࠋ֏ᜢᖂᑓীऱ GMM᜔ᑇ݁ؓࡉᑇ(ਔ࢑խऱଖ੡ؓ݁ଖ) 

    C-I ੡ٵ٥ᜢᖂ໢ۯऱૻࠫΔࠡᜢᖂᑇࡉؾ Lang-In ऱᑇؾਢԫᑌऱΔຍ।قᎅΔ
Δࠡۯऱᜢᖂ໢ߢ፿ٵជ᥆լ܀ᑑଃฤᇆٵઌڶࠠ delta-BIC ଖຟՕ࣍ሿΔࠡڼڂᜢᖂ
໢ۯຟᄎࠓٽΖڇ<।ն>խΔݺଚ່ࠋऱᙃᢝ࿨࣠ਢආش C-IIIऱֱऄΔᙃᢝ෷੡ 66.1%Δ
ش෗෤ଃైຟਢسऄຑขֱڼ delta-BIC ऄΔൕֱڼشܓऱΖଖ൓ԫ༼ऱਢΔࡳ೚ެࠐ
8-mixࠩ 64-mixऱ࿨࣠ຟਢᆏᆏՂ Δֱ֒הࠡࡉऄլٵΔڶऱൕ 16-mixࢨ 32-mixհ৵Δ
ᙃᢝ෷༉ၲߨࡨՀࡕԱΖፖ Lang-Inࢨ C-IֺࠐለΔڇ 32-mixፖ 64-mixழΔC-IIIຟڶ
ለࠋऱᙃᢝ෷Ζڼ؆Δᨠኘ<।ք>ݺଚՈױ࿇ᤚࡉ<।ڶ<؄ઌٵऱ࿨ᓵΔ༉ਢ GMM
᜔ᑇࠀڍլԫזࡳ।ᙃᢝ෷ԫࡳ೏Ζᝫ૞಻ޢٽଡणኪՀ GMMऱؓ݁ଖΔթ౨ࠌᙃᢝ
෷Ղ֒Ζֺڕለ C-Iࡉ C-IIIڇ 64-mixழऱᙃᢝ෷ፖ GMMऱᣂএΔאױ࿇෼ຍࠟଡऱ
GMM᜔ᑇ஁լڍΔ܀৵ृऱޢଡणኪؓ݁ GMMᑇথ೏࣍ছृΔຍ।قᎅΔC-IIIऱֱ
ऄլႛױല࿇ଃઌۿऱ࿇ଃࠓٽΔࠓٽ܀ऱٵழΔՈࠐءࠄ߷ނಝᒭ፿றઌኙ֟ऱᜢᖂ

ᑓীፋڇٽԫದΔڂ੡ delta-BIC ऱֆڤխՈەᐞࠩࠓٽ৵ࠓٽࡉছऱಝᒭ፿றנ෼ऱ
ᑇؾΔڇڼڂຍࠟଡైڂՀΔթ౨ലᙃᢝ෷ٻՂ༼֒Ζۖ C-II ऱֱऄΔឈྥޢڇଡण
ኪՀڍ່ڶ GMMؓ݁ᑇΔ່܀৵ऱᜢᖂᑓীᑇؾਢ଺ࡨऱԿ։հԫؐ׳Δࠌ൓ᜢᖂ໢
 ஆΖأ।ն>ᇙࠡᙃᢝ෷ਢၞຩ>ڇګऱᦸܑ෷ΔۖທړߜڶຍᏖ֟ൣउՀ౨ڇۯ

 C. אणኪ੡໢ۯऱ່ࠋ֏ᜢᖂᑓীऱ࿨࣠ 

אdelta-BICऱૠጩਢ܀Δۯऱ໢ࠓٽ੡܂HMMאՂC-IࠩC-IVऱᜢᖂᑓীຟਢא    
णኪ੡໢ۯΔڼڂຍᇙݺଚ೚Աֺለڶᐘࢤऱ᧢೯Δലࠓٽ໢ۯൕHMM᠏੡णኪΖ፿
ଃᙃᢝ࿨࣠ܧ෼ڇ<।Ԯ>ΖࠡխC-IፖC-IIऱ࿨࣠ࡉ<।ն>ઌٵΔຍ।قᎅΔຍࠟଡऱ
delta-BICଖΔࠡޢଡणኪਢܡ૞אࡉࠓٽHMM੡໢ۯਢԫᑌऱΖรԫ᥏ۯխऱᑇڗ੡
णኪᑇؾΖ 
࿜ᖫ(decision tree)ެشઌᣂᖂृਢආڶᇙΔࠓٽႚอᜢᖂᑓীऱڇԫֱ૿Δ؆׼ۖ    
ऱֱऄΔشԫࠄ፿ଃᖂΕࢨ፿ߢᖂՂऱറ୮वᢝ๵ঞΔࠐലᜢᖂᑓী೚೚։ᣊΔઌٵᣊ

ऱᜢᖂᑓী༉յઌ։ࠆಝᒭ፿ற[16]ΖڇڼڂຍᇙΔݺଚՈشܓຍᑌऱݾ๬Δءࡉࠐᒧ
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 ೚ֺለΖࠐऱֱऄנ༽ࢬ
    ۖެ࿜ᖫࡉ C-IIIऱֱऄ່Օ஁ܑ༉࣍ڇΔ1.ছृਢ່شࠌՕઌۿ৫ऄঞۖ৵ृਢ
ආش delta-BICࠐ೚։ᣊ֗א༈ބ෗෤ଃైΖ່شࠌՕઌۿ৫ऄঞழΔᏁ૞ࠫૡԫଡ॰
ាଖΔړᨃެ࿜ᖫڇ։ᣊऱழଢ౨ೖַ։ါΔլٵऱ॰ាଖᄎᐙ᥼່ࠩ৵ᜢᖂᑓীऱण

ኪᑇؾΔࢨᎅਢणኪऱᇞ࣫৫Ζۖ delta-BICঞլࠩش॰ាଖΔۖਢආشԫଡࡳࡐऱᡕ
ፆଖࠐཙזΔۖຍଡଖऱՕ՛Δ௅ᖕݺଚऱኔ᧭ᆖ᧭Δࠀլᄎኙ່৵ऱणኪ࿨࣠ڶৰՕ

ऱ೴ܑΖݺאࢬଚش delta-BICࠐ೚ᜢᖂᑓী່ࠋ֏ऱழଢΔەᐞࠩࠡ delta-BICଖਢܡ
՛࣍ 0Δࠀլ٦ش๻הࠡࡳऱ೶ەଖࠐ೚່ࠋ֏Ζױਢࡳެڇլެٵ࿜ᖫऱ॰ាଖழΔ
່ࠡ৵࿨࣠ΰणኪᑇؾαՈᄎᇿထլઌٵΖݺڼڂଚᇢထش༓ิլٵऱ॰ាଖࠐ೚ೖַ

։ါऱයٙΔړ່ނऱᙃᢝ࿨࣠ܧ෼ڇ।Ԯऱ່৵ԫ۩Ζ 
 

ʳ ʳ 8-mixʳ 16-mixʳ 32-mixʳ 64-mixʳ
C-I (3726)ʳ 62.5ʳ 64.7 64.3 63.0
C-II (1581)ʳ 51.7ʳ 56.7 60.4 59.4
C-III (3569)ʳ 61.9ʳ 65.1 66.4 66.7
C-IV (2760)ʳ 59.2 61.5 62.3 62.5
DT(3374) 62.2 63.4 64.7 64.9

।ԮΕאणኪ੡໢ۯऱ່ࠋ֏ᜢᖂᑓীऱᙃᢝ࿨࣠Δࠡխ່৵ԫ۩ਢެ࿜ᖫऱ࿨࣠Ζ 
 
ᖞ᧯ࠐᎅΔشࠌणኪ੡ࠓٽ໢ࢬۯಝᒭࠐנऱᜢᖂᑓী(C-III ፖ C-IV)Δࠡᙃᢝ෷

אֺ HMM੡ࠓٽ໢ࢬۯಝᒭࠐנऱᜢᖂᑓীࠐऱړΖެشࠌ؆׼࿜ᖫֱऄࢬ೚ࠐנऱ
ய࣠Δڇ 8-mixऱழଢڶ၌መ C-IIIऱ࿨࣠Δڇ܀ᏺף GMMऱᑇؾհ৵Δࠡய࣠༉޲
ڶ C-IIIࠐऱړΔ܀Ոਢֺ C-I,C-IIࡉ C-IVࠐऱړΖ։࣫ڕՀΚެ࿜ᖫᇙऱംᠲ٥։Կ
ՕᣊΔࠡ։ܑ੡Κ՗ଃΕئଃΕࡉ፿ߢᤜᠲΔڇຍࠄᤜᠲՀΔݺଚ᜔٥ขس 124ଡംᠲ
ڕشଚՈ༉լݺऱംᠲΔࠄԱຍڶᜢᖂᑓী೚։ᣊΖࠄലຍࠐ C-I ࠩ C-IV ऱૻࠫԱΖ
ᐞࠩຍ؄ᣊऱംᠲΔۖլەڻ੡ਢԫڂऱᚌរΔהڶՀΔެ࿜ᖫᝫਢࡳૻࠄຍڇΔאࢬ

ਢڕ C-I ࠩ C-IVΔਢԫە׽ڻᐞࠩ໢ԫጟणउΖެ࿜ᖫऱᖫᙰਢᖞଡؐ׳ઌᣂᜢᖂᑓ
ী(3726ʼΔ່৵ঞໍՀ 3374ଡणኪΖ່ڇ܀৵࿨࣠ՂΔᝫਢ C-IIIऱ 64-mix໏נΔٵழ
ຍՈขسԱءᓵ֮ऱ່ࠋᙃᢝ෷ 66.7%Ζ 
     

նΕ࿨ᓵ  

፿ଃᖂࡉᜢᣉᖂشܓറ୮હནवᢝፖኔᎾ፿ଃ։࣫ऱֱऄΔٽԱԫ୚ᖞנ༽ᓵ֮ء

ऱवᢝΔല BID ऱ࿨ዌᖫ೚։ᣊऱૻࡳΔط٦ efmub.CJD ऱܒឰٵނࠐԫལᖫխऱᜢᖂ

໢ۯ೚ࠓٽΔࠋ່נބ׊ࠀᑇؾऱԫิᄅऱᜢᖂ໢ۯΔ٦ലהଚא INN ૹᄅಝᒭΔኔ᧭

ڇ GpsTUEB12 ऱဎ؀ᠨ፿፿ற஄Ζኔ᧭࿨࣠᧭ᢞԱΔ2/شܓ೯ኪֱڤᏺף HNN ऱᙃᢝ෷

ಝᒭऱᄅᜢᖂᑓীΔࠡࢬറ୮वᢝፖᇷறᦀ೯ऱֱऄٽऱ೏Ζ3/࿨ࠐऱֱऄڤֱࡳࡐֺ

ᙃᢝ෷ֺش׽റ୮वᢝࢬಝᒭऱᄅᜢᖂᑓীࠐऱࠋΔڇಝᒭऱٵழΔ౨༼೏ޢଡणኪՀ
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ؓ݁ HNN ऱଡᑇΖ4/شܓणኪ੡ࠓٽ໢ֺۯ INN ੡ࠓٽ໢ۯΔޓ౨ך։ऱ֘ਠנୌࠄᜢ

ᖂᑓীᏁ૞೚ࠓٽΔขڶޓسᐘࢤऱࠓٽΔۖሒ່ࠩࠋऱᙃᢝய࣠Ζ 
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(Word Sense Disambiguation, WSD)
Naïve Bayes (classifier)

Le and Shimazu (2004) Forward Sequential
Selection Algorithm Senseval-2 English lexical sample

61.2% Senseval-2 64.2
3 4 0.5

(word sense disambiguation) (collocation)
(dependency relations) sketch engine Stanford parser Hownet Naïve Bayes Forward
Sequential Selection Algorithm

bank

bank
Senseval-2 English lexical

sample 2001 73

Senseval-2 XML

<instance id="art.40001" docsrc="bnc_ACN_245">
<answer instance="art.40001" senseid="art%1:06:00::"/>
<context>
Their multiscreen projections of slides and film loops have featured in orbital parties, at the
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Astoria and Heaven, in Rifat Ozbek's 1988/89 fashion shows, and at Energy's recent
Docklands all-­‐dayer.
From their residency at the Fridge during the first summer of love, Halo used slide and film
projectors to throw up a collage of op-­‐art patterns, film loops of dancers like E-­‐Boy and
Wumni, and unique fractals derived from video feedback.
&bquo;We're not aware of creating a visual identify for the house scene, because we're right
in there.
We see a dancer at a rave, film him later that week, and project him at the next rave.&equo;
Ben Lewis Halo can be contacted on 071 738 3248.
<head>Art</head>you can dance to from the creative group called Halo
</context>
</instance>

<head> </head>
senseid

(thesaurus)
Lesk (1986)

Walker (1987)
(thesaurus)

16 Senseval-2
(supervised learning) (unsupervised

learning)

Purandare and Pedersen (2004)
Wordnet

(co-occurrence matrix) Singular Value Decomposition (SVD) 100
Latent Semantic Indexing (LSI) Jurafsky and

Martin (2000) (collocational features)
bag of words information

Semantic Concordancer Senseval
pseudoword pseudoword Gale et al. (1992)

Schutze(1992)
banana-door banana door banana-door

duty
Brown et al. (1991) Gale et al. (1992)

50 (context vector),
Bayesian classification
Bayesian classification Bayesian classification
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Yarowsky (1995)
(One sense per discourse) (One sense per
collocation) Yarowsky (1995)

Lin (1997) (classifier)
(knowledge source)

MINIPAR (dependency
relations)

(local context) Lin (1997)
Lin (1997)

Le and Shimazu (2004) Forward Sequential
Selection Algorithm Le and Shimazu (2004) 5

4 Le and Shimazu (2004) Forward Sequential
Selection Algorithm

mutual information
Flip-Flop algorithm (Brown et al. (1991)), decision list (Yarowsky (1994))

Naïve Bayes
Maximum Entropy Support Vector Machine Conditional Random Field

Bayesian Classification

Bayesian Classification
Bayesian Classification

k
c
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Forward Sequential Selection Algorithm

7
127

Le and Shimazu (2004) Forward Sequential Selection
S S

S S
S

9 F1 F9
5 Le and Shimazu (2004)

HowNet HowNet
( )

F1 is, a (stop
words)
F2 art The art of design

{(The, -1), (of, 1), (design, 2)}
F3 F2 F3
F4 The art of design
{The-art, art-of, The-art-of, art-of-design, The-art-of-design}
F5 F4
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F6 Sketch Engine
F7 Stanford Parser Stanford Parser

F8 HowNet
F9 Stanford Parser HowNet

Sketch Engine (Kilgarriff et al. (2004))
Sketch Engine (http://www.sketchengine.co.uk/) word sketch

duty object_of
subject_of , a_modifier

n_modifier , modifies
20

Sketch Engine Word Sketch

Stanford Parser Klein and Manning (2003)
Pen Treebank

Stanford Parser
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, ,nsubj dobj
advmod amod

Stanford Parser
regular expression

Stanford Parser

The/DT government/NN first/RB established/VBD modern/JJ criminal/JJ investigation/NN
system/NN in/IN 1946/CD ./.

(ROOT
(S
(NP (DT The) (NN government))
(ADVP (RB first))
(VP (VBD established)
(NP
(NP (JJ modern) (JJ criminal) (NN investigation) (NN system))
(PP (IN in)
(NP (CD 1946)))))

(. .)))

det(government-2, The-1)
nsubj(established-4, government-2)
advmod(established-4, first-3)
amod(system-8, modern-5)
amod(system-8, criminal-6)
nn(system-8, investigation-7)
dobj(established-4, system-8)
prep(system-8, in-9)
pobj(in-9, 1946-10)

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

synset Wordnet
Hownet

Hownet
Hownet

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

Hownet
doctor human

ontology

F1~F6 Window Size
Window Size

Forward Sequential Selection Algorithm
Perl C++

F1
F1 is, a stop
words stop words F1
Window Size 3

F1 Window Size
Window Size (%)
1 52.7
2 54.2
3 54.6
4 54.6
5 54.1

F2
F2

F2 Window Size 1

F2 Window Size
Window Size (%)
1 54.9
2 53.6
3 51.1
4 47.9

F3
F2 F3 F2 F3
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F3 Window Size
Window Size (%)
1 44.6
2 35.5
3 30.7
4 27.7

F3 Window Size 1

F4
F4 The art of design
{The-art, art-of, The-art-of, art-of-design, The-art-of-design}

F4 Window Size
Window Size (%)
1 48.2
2 56.9
3 57.8
4 57.8
5 57.8

F4 Window Size 3

F5
F5

F5 Window Size
Window Size (%)
1 48.2
2 52.1
3 53.8
4 54.2
5 54.1

F5 Window Size 4

F6
F6 Sketch Engine Sketch Engine

minimum salience
Window Size minimum salience 0

minimum salience Window Size 5
minimum salience 0 window size 5
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F6 Window Size
Window Size (%) Window Size (%)

1 50.5 11 51.6

2 51.1 12 51.4

3 51.6 13 51.4

4 51.8 14 51.1

5 52.0 15 50.8

6 52.0

7 51.8

8 51.5

9 51.4

10 51.5

F6 Window Size 5

F6 minimum salience
Minimum salience (%)

0.0 52.0

1.0 51.8

2.0 51.8

3.0 51.3

F6 Minimum Salience 0.0

Forward Sequential Selection Algorithm

F6 ( )
Type (%) Type (%)

Object 49.2 and/or 49.4

object_of 47.5 pp* 49.4

Subject 48.4 possessor 46.6

subject_of 48.0 possessed 47.6

a_modifier 48.1 Modifier 48.4

n_modifier 49.0 part* 48.5

Modifies 50.1 *comp_of 48.3

*comp 48.2
modifies

F6 ( )
Type (%) Type (%)

Object 51.1 and/or 50.8

139



object_of 50.1 pp* 50.9

Subject 50.2 possessor 50.1

subject_of 50.1 possessed 50.0

a_modifier 50.3 Modifier 50.2

n_modifier 50.7 part* 50.2

*comp 50.1 *comp_of 50.1
object

F6 ( )
Type (%) Type (%)

object_of 51.2 and/or 51.5

Subject 51.1 pp* 51.4

subject_of 51.1 possessor 51.1

a_modifier 51.3 possessed 51.0

n_modifier 51.5 Modifier 51.2

Comp 51.1 Part 51.1

comp_of 51.2
n_modifier

F6 ( )
Type (%) Type (%)

object_of 51.6 and/or 51.7

Subject 51.5 pp* 51.6

subject_of 51.5 possessor 51.5

a_modifier 51.7 possessed 51.5

comp_of 51.4 Modifier 51.4

Comp 51.4 Part 51.3

a_modifier
F6 ( )

Type (%) Type (%)

object_of 51.6 and/or 51.9

Subject 51.7 pp* 51.8

subject_of 51.7 possessor 51.6

comp_of 51.7 possessed 51.7

Comp 51.8 Modifier 51.8

Part 51.7

and/or
F6 ( )

Type (%) Type (%)
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object_of 51.9 pp* 51.9

Subject 51.9 possessor 51.9

subject_of 51.9 possessed 51.9

comp_of 51.9 Modifier 52.0

Comp 51.9 Part 51.9

modifier
F6 ( )

Type (%) Type (%)

object_of 52.0 pp* 51.9

Subject 52.0 possessor 51.9

subject_of 51.9 possessed 51.9

Part 52.0

comp_of 52.0

Comp 52.0

{ modifies, object, n_modifier, a_modifier, and/or, modifier}

F7
F7 Stanford Parser

object_of, modifies 54.6%

F8
F8 HowNet 47.2%

F9
F9 Stanford Parser HowNet

54.1%

Forward Sequential Selection Algorithm

Step F1 F2 F3 F4 F5 F6 F7 F8 F9

1st 54.6 54.9 44.6 57.8 54.2 52.0 54.6 47.2 54.1

2nd 58.9 58.5 56.2 56.8 58.2 59.6 56.8 59.2

3rd 60.7 60.1 58.2 58.1 60.2 59.1 59.7

4th 61.2 60.1 58.8 60.6 60.4 60.7
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5th 60.3 59.4 60.8 60.4 61.1

step , step F4
F7, F1 F4+F1, F2 F4+F2..

F4+F7 F1 F4+F7+F1

Stanford Parser
61.2%

senseval-2

Senseval-2

Senseval-2 English Lexical Sample Result

64.2 JHU (R) 51.2 Baseline Lesk Corpus

63.8 SMUls 50.8 Duluth B

62.9 KUNLP 49.8 UNED -­‐ LS-­‐T

61.7 Stanford -­‐ CS224N 47.6 Baseline Commonest

61.3 Sinequa-­‐LIA -­‐ SCT 43.7 Baseline Grouping Lesk Corpus

59.4 TALP 42.7 Baseline Grouping Commonest

57.1 Duluth 3 41.1 Alicante

56.8 JHU 26.8 Baseline Grouping Lesk

56.8 UMD -­‐ SST 24.9 IRST

56.4 BCU -­‐ ehu-­‐dlist-­‐all 23.3 BCU -­‐ ehu-­‐dlist-­‐best

55.4 Duluth 5 23.0 Baseline Grouping Lesk Def

55.0 Duluth C 22.6 Baseline Lesk

54.2 Duluth 4 18.3 Baseline Grouping Random

53.9 Duluth 2 16.3 Baseline Lesk Def

53.4 Duluth 1 14.1 Baseline Random

52.3 Duluth A

14.1%
47.6% 61.2% baseline

Senseval 2
3%, Wordnet synset,

lexicographical file, (SVM) CRF
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ኴ૞ 

Աಝᒭၸ੄֗ྒྷᇢၸܶץଚऱֱऄݺᣂএᇞެဲნ៬᤟ऱᄅֱऄΖژࠉشܓԱԫଡנ༽ᓵ֮ء

੄Ζڇಝᒭၸ੄Δ࠷൓ፖኔဲࠠژࠉᣂএऱჸ಻ڗΔڇࠀຍژࠉࠄᣂএऱයٙՀΔᖂ฾։ᙃ៬

᤟ࣴᆠऱެ࿜।(decision list)Ζྒྷڇᇢၸ੄Δኙ؁࣍՗խޢଡኔဲᛀ਷ᇿࠡژࠉڶᣂএऱჸ಻

ଉཽشܓࠀΔڤଚኔᎾᐷᐊԱ࿓ݺᒔ៬᤟Ζإԫଡڗࠄᇢၸ੄Δֺኙެ࿜।Δ࿯ղຍྒྷڇΖڗ

ᄅፊ֗ଉཽمऄᄎᤜಖᙕ܂੡ಝᒭᇷறΖڇኔ᧭խݺଚشԱնጟլٵऱֱऄװ๠෻ྒྷᇢᇷறࠀ

ຘመԫଡ۞೯ऱᚵۿ BLEU ऱေ۷ֱऄֺװለኔ᧭࿨࣠Ζطኔ᧭࿨࣠᧩قΔژࠉᣂএऱᒔאױ

᧩ထऱᚥဲܗნ៬᤟Δۖኔ᧭Ոᢞኔਬژࠉࠄᣂএਢֺࠡהऱژࠉᣂএࠠޓᐙ᥼ԺऱΖ 

Abstract 
We introduce a new method for automatically disambiguation of word translations by using 

dependency relationships. In our approach, we learn the relationships between translations and 

dependency relationships from a parallel corpus. The method consists of a training stage and a runtime 

stage. During the training stage, the system automatically learns a translation decision list based on 

source sentences and its dependency relationships. At runtime, for each content word in the given 

sentence, we give a most appropriate Chinese translation relevant to the context of the given sentence 

according to the decision list. We also describe the implementation of the proposed method using 

bilingual Hong Kong news and Hong Kong Hansard corpus. In the experiment, we use five different 

ways to translate content words in the test data and evaluate the results based an automatic BLEU-like 

evaluation methodology. Experimental results indicate that dependency relations can obviously help us 

to disambiguate word translations and some kinds of dependency are more effective than others. 

 
ᣂ᝶ဲ : ៬᤟ᙇᖗΔอૠڤᖲᕴ៬᤟Δؓ۩፿ற஄Δެ࿜।Δژࠉᣂএ 
 
Keyword: translation selection, statistical machine translation, parallel corpus, decision list, 
dependency. 

1. Introduction 
English is the major language in today�’s world; for this reason, the latest knowledge and information is mostly 

written in English. People who want to get new information have to be good at reading English. Although 

non-native speakers of English can consult a dictionary to understand the meanings of a word, it is still difficult 
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to find the suitable translation of m-context meanings of the words in the specific sentence. Hence, there are 

more and more machine translation systems on the web to help people overcome the language barrier. For 

example, BABEL FISH(http://babelfish.yahoo.com/translate_txt) and Google Translate (http://google.com/tra 

nslate_t) are two representative machine translation services on the web. 

The traditional machine translation systems mostly translate by word or phrase. However, such a word 

(phrase)-based approach may lead to problems for not considering the structure of the sentence. Consider the 

word �“motion�” in the given sentence. When the sentence containing it was submitted to BABEL FISH (Figure 1) 

for translation, the incorrect answerȸ۩೯ȹ is returned. To improve the kind of limitation seen in BABEL 

FISH, many researchers consider cross-language phrasal information in statistical machine translation (SMT). 

At present, some machine translation systems (e.g., Google Translate) have been developed based on the idea to 

improve performance. However, we submit whole sentence containing �“motion�” and �“passed�” to Google 

Translate (Figure 2), we still cannot get the suitable translation like �“ຏመ�” of the word �“passed�”, especially 

when �“motion�” and �“passed�” are for apart. Sometimes, words are not translated at all. To obtain the proper 

translation of the words in a sentence, a promising approach is to consider the syntactic information of the 

sentence, and to use them for improving the performance of word translation disambiguation (WTD). 

 
Figure 1. Submitting text containing �“motion�” and �“passed�”  

to BABEL FISH for translation in Chinese 
We present a new method that automatically determines the translation of given words in the sentence by 

considering dependency relationships between the words in a sentence. Dependency information includes 

structure information and dependency can be established between two words that are far apart in the sentence. 

For example, consider the following sentence �“I move that the motion on "Education on media literacy" as set 

out on the Agenda be passed.�”, �“motion�” and �“passed�” has a dependency of subject-complement. Intuitively, by 

conditioning probability of translations of �“motion�” and �“passed�” on the dependency pair, nsubjpass (passed-20, 

motion-5), we can find the correct translation of the words for the context. 

The rest of the paper is organized as follows. We review the related work in the next section. Then we 

present our method in details for automatically training a word translation disambiguation system (Section 3). 
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Afterward we compare the quality of results between the proposed model and other models (Section 4). Finally, 

we discuss the results, make conclusion, and close with future work. 

 
Figure 2. Submitting text containing �“motion�” and  

�“passed�” to Google Translate for translation in Chinese 

2. Related Work 

Word translation disambiguation has been an important problem in natural language processing. This problem is 

related to the WSD tasks and is one of the difficult issues in machine translation. In our work, we focus on 

finding the translations of each content word in the given sentence. The contexts would be English and the target 

words will be their translations in a second language (e.g., consider the word �“motion�” can be translated as �“۩

೯�” or �“ᄎᤜ�” depending on the sentential content). 

Dagan, Itai, and Ulrike (1994) presented an approach for resolving lexical ambiguities in one language 
using a statistical data on lexical relationship in another language. Yarowsky (1994) showed that decision list 

(Rivest, 1987) is a good way to model the relation between the words and their translations. We also use the 

decision list in our approach for estimating translation probability of the word. Yarowsky (1995) exploited two 

powerful properties that one sense per collocation and one sense per discourse for WSD. He also presented a 

bootstrapping approach for word sense disambiguation. We also exploit one sense per dependency relationship 

in our approach.  

 Pedersen (2000) presented a corpus-based approach to word sense disambiguation that builds an ensemble 

of Naive Bayesian classifiers, each of which is based on lexical features that represent co-occurring words in 

varying sized windows of context. Koehn and Knight (2000) present a novel approach to the WTD problem that 

can be trained using only unrelated monolingual corpora and a lexicon to estimate word translation probabilities 

using the EM algorithm. Zhou, Ding, and Huang (2001) also proposed an approach to training the translation 

model by using unrelated monolingual corpora. They parsed a Chinese corpus and an English corpus with 
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dependency parsers, and two dependency triple databases are generated. Then, the similarity between a Chinese 

word and an English word can be estimated using the two monolingual dependency triple databases with the 

help of a simple Chinese-English dictionary. Their translation model overcomes the long distance dependence 

problem to some extent. Their model can be used translate Chinese collocations into English. In our approach, 

we only parse the English sentences in a parallel corpus with a dependency parser and try to translate English in 

to Chinese. 

Li and Li (2002, 2004) considered bilingual bootstrapping as an extension of Yarowsky�’s approach. When 

the task is word translation disambiguation between two languages, they used the asymmetric relationship 

between the ambiguous words in the two languages to significantly increase the performance of bootstrapping. 

They have developed a method for implementing this bootstrapping approach that combines the use of naive 

Bayes and the EM algorithm. Ng, Wang, and Chan (2003) considered WSD when manually sense-tagged data is 

not available for supervised learning. They evaluated an approach to automatically acquire sense-tagged training 

data from English-Chinese parallel corpora. Pham, Ng, and Lee (2005) have investigated the use of unlabeled 

training data for WSD, in the framework of semi-supervised learning. Empirical results show that unlabeled data 

can bring significant improvement in WSD accuracy. We used a bilingual corpus but we do not require sense 

annotation of the data, because we rely on word alignment tool to annotate translation information of the words 

in the source sentences.  

In a study more closely related to our work, Carpuat and Wu (2005) purposed a state-of-the-art Chinese 

word sense disambiguation model to choose translation candidates for a typical IBM statistical MT system. 

However, they did not obtain significantly better translation quality than using statistical machine translation 

system alone. But Cabezas and Resnik (2005) purposed using target language vocabulary directly as �“sense,�” 

leading to small improvement in translation performance over a state of the art phrase-based statistical MT 

system. In previous work, human judgment is required for evaluation of sample word tasks of WSD or WTD. In 

our research, our goal is to study all-word task of WTD and we propose an automatic evaluation methodology. 

3. Word Translation Disambiguation Via Dependencies 

Finding the appropriate translation of content words in a given sentence is important for machine translation as 

well as computer assisted language learning. State of the art phrase-based statistical MT systems do a good job 

if the word providing the �“hint�” is nearby. Unfortunately, a phrase-based MT system may fail to use of the word 

that is in a distant from the word we want to translate. To translate the words of the sentence, a promising 

alternative approach is to find the likely translation of each word through statistical analysis of its dependencies. 

3.1 Problem Statement 

We focus on a subtask of MT system; that is we focus on finding the appropriate translation of content words 

via dependencies. These dependencies provide recursive syntax structure information of the words in the 

sentence. We collect these dependencies and the relevant translations in a parallel corpus and find out the 

relationship between them. The goal is to find the proper translation of content words in the given sentence. 

Formal statement of the problem is as follows. 
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Problem Statement: We are given an English sentence S (e.g., �“A very big apple on the table was eaten by 
him.�”) that we want to translate. Our goal is to give each content word, w1, w2,�…, wm, in S a most appropriate 
Chinese translation relevant to the context of S. For this, we derive dependencies (e.g., advmod (big-3, very-2), 
amod(apple-4, big-3), nsubjpass(eaten-9, apple-4), etc.), d1,�…, dp, in S, then use the dependencies of the word w 
(i.e., dependency relationship (w, w�’) or dependency relationship(w�’, w)) to find the most appropriate translation 
for w. 

In the rest of this section, we describe our solution to this problem. First, we define a dependency-based 

translation model for word translation disambiguation (Section 3.2). This training strategy relies on a set of 

dependency relationships derived from a dependency relationships collection. In this section, we also describe 

the other two strategies that we use when no dependency information is available. Finally, we show how our 

method handles a given sentence at run time by using a decision list (Section 3.3). 

3.2 Training the Dependency-Based Translation Model 

We take advantage of a word-aligned parallel corpus as training data to establish a decision list for word 

translations based on dependency relationships. For each word in a sentence, we obtain the translation and 

dependency relationships using word alignment tool (e.g., Giza++) and a general purpose parser (e.g., Stanford 

parser). With that information, we compute the word translation probability for all dependency relationships 

based on logarithmic likelihood ratio (LogL): 

 
 
 
 
 
 

(1)  Parse the source language using a dependency parser (Section 3.2.1) 
(2) Use an alignment tool to align words in a parallel corpus (Section 3.2.2) 
(3) Compute the decision list for translation and dependency (Section 3.2.3) 
(4) Compute the probability of a translation for each word (Section 3.2.4) 

Figure 3. Outline of the process used to train in our method 

3.2.1 Parse the source language using a dependency parser 

In the first stage of the training process (Step (1) in Figure 3), we use the English part of an English-Chinese 

parallel corpus as the input data. First, we utilize a tagger to tokenize the sentences, give each word in the source 

sentences a part of speech (POS) tag, and obtain dependency relationships from the source sentences via a 

dependency parser. We use an English sentence as an example to show the process. (Figure 4). 

3.2.2 Use an alignment tool to align words in a parallel corpus 

In the second stage of the training process (Step (2) in Figure 3), we use a word alignment tool to align words in 

a parallel corpus. First, we lemmatize the tokens obtained from the first stage. Words that are tagged proper 
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noun are not lemmatized. Then, target language sentences are segmented using a word segmentation tool. 

Finally, each pair of source and target sentence is word-aligned using an existing word alignment model to 

produce word alignment information. Figure 5 shows an example of the process. 

 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

 

Figure 4. An example to show the result of the tagger and dependency parser 

3.2.3 Compute the decision list for each translation and dependency 

After deriving the translations and dependencies, we are in a position to train a classifier for WTD. We use the 

dependency relationship to condition the translation probability, and then we compute a score for each 

translation conditioned on one of the relevant dependency relationships. There are many different approaches to 

do this for various pattern recognition problems. We choose the decision list for simplicity and efficiency 

considerations. The algorithm we used is similar to the approach proposed in Yarowsky (1994) for WSD. For 

each possible translation of a given word, we compute the logarithmic likelihood ratio (LogL)  

 

 

where t is the translation of the word wt with dependency d with another word wd and count (t, wt, d, wd) is the 

number of instance of word wt aligned with the translation t under of dependency relationship d (wt , wd) d, and 

count ( t , wt, d, wd) is the number of instance of word wt aligned with the other translations t  under the same 
relationship.1 

Sample output is shown in Table 1. The LogL in Table 1 are computed by count (t, wt, d, wd) and count ( t , 

                                                 
1 Here d (wt, wd) and d (wd, wt) are treated as different dependency relationships. 

E: I move that the motion under the Interpretation and General Clauses 

Ordinance as set out in the Agenda be passed.

tokenizing, POS tagging, dependency parsing

E: I/PRP move/VBP that/IN the/DT motion/NN under/IN the/DT 

Interpretation/NNP and/CC General/NNP Clauses/NNP Ordinance/NNP as/IN 

set/VBN out/RP in/IN the/DT Agenda/NNP be/VB passed/VBN ./. 

nsubj(move-2, I-1)   complm(passed-20, that-3) 

det(motion-5, the-4)   nsubjpass(passed-20, motion-5) 

prep(motion-5, under-6)  det(Interpretation-8, the-7) 

pobj(under-6, Interpretation-8) cc(Interpretation-8, and-9) 

nn(Ordinance-12, General-10) nn(Ordinance-12, Clauses-11) 

conj(Interpretation-8, Ordinance-12) mark(set-14, as-13) 

dep(motion-5, set-14)            prt(set-14, out-15) 

)
),,,(
),,,(

(
dt

dt

wdwtcount
wdwtcount

LogLogL
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wt, d, wd). In the experiment described in Chapter4, we smooth count (t, wt, d, wd) and count ( t , wt, d, wd) by 
held out data. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

Figure 5. An example to show the data handling after word alignment 
Table 1. Calculating LOGL with N = count (t, wt, d, wd), N�’= count ( t , wt, d, wd), t   t 

dep wd wt t LogL N N�’ 
nsubjpass pass motion ᤜூʳ 1.608 294 58.8798 
nsubjpass pass motion ೯ᤜʳ -1.975 43 309.8798 
nsubjpass pass motion �… �… �… �… 

3.2.4 Parse the source language using a dependency parser 
In the last stage of the training process (Step (4) in Figure 3), we compute two types of word translation 

probability: P (t | w) and P (t | w, p). For unseen dependency relationships, we use P (t | w, p) to predict 

translation and for unseen word/POS combination, we use P (t | w) to predict translation for all POS�’s. 

The word translation probability is calculated based on sentences where the source and target words are aligned. 

E: I move that the motion under the Interpretation and General Clauses 

Ordinance as set out in the Agenda be passed.

Lemmatize 

E: I move that the motion under the Interpretation and General Clauses 

Ordinance as set out in the Agenda be pass. 

F: ݺ೯ᤜຏመ௅ᖕπᤩᆠ֗ຏঞයࠏρ༼נऱԫႈᤜூΔփ୲բ

 ᤜ࿓փΖ࣍ሉٱ

Segment Words 

E: I move that the motion under the Interpretation and General 

Clauses Ordinance as set out in the Agenda be pass. 

F: ݺ  ೯ᤜ  ຏመ  ௅ᖕ  π  ᤩᆠ  ֗  ຏঞ  යࠏ  ρ  ༼

 ᤜ࿓  փ  Ζ  ࣍  ሉ  ٱ  ऱ  ԫႈᤜூ  Δ  փ୲  բ  נ

Align Words 

Result: NULL ({ 3 4 7 17 19 }) ({ 1 }) ݺ ೯ᤜ ({ 2 }) ຏመ 

({ 20 }) ௅ᖕ ({ 6 }) π ({ }) ᤩᆠ ({ 8 }) ֗ ({ 9 }) ຏঞ ({ 10 

11 }) ය({ 12 }) ࠏ ρ ({ }) ༼נ ({ }) ऱ ({ }) ԫႈ ({ }) ᤜ

ூ ({ 5 }) Δ ({ }) փ୲ ({ }) բ ({ }) ({ 13 }) ٱ ሉ ({ 14 

 ᤜ࿓ ({ 18 }) փ ({ }) Ζ ({ 21 }) ({ 16 }) ࣍ ({ 15
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We compute the word translation probability for all word aligned with a translation by the ratio of two counts: 

 

where count (w, t) is the number of instance of word w aligned with some translation, and count (w) is the 

number of w instances. 

Table 2. An example to calculate         Table 3 Examples of P (t | w, p) for 
P (t | w) for �“plant�”                      the noun �“plant�” 

w t Count 

plant ுሽᐗʳ 342 

plant ཬढʳ 258 

plant ጟཬʳ 167 

plant Ξʳ �… 

P(ுሽᐗ|plant)=342/2172, P(ཬढ|plant)=258/2172 

 
We can then condition the translation probability using the POS information obtained from the first stage. Table 

3 shows an example for the word �“plant�” that is tagged noun. 

 

 

where count (w, t, p) is the number of instances of word w with the POS p aligned with some translation, and 

count (w, p) is the number of w with the POS p instances. 

3.3 Word Translation Disambiguation at Runtime 

After the decision list and context-independent translation probabilities are obtained in the training process, we 

can then use them to disambiguate translations for the words in a sentence containing the words. The process of 

word translation disambiguation at runtime is shown in Figure 6. 

Figure 6. Outline of the process at run time 
In Step 1 we exploit a parser to obtain word tokens, POS tags, and dependency relationships of given 

sentence, and then we lemmatize all tokens except for words that are tagged as �“NNP�”. In Step 2 we determine 

the translation of words by using the most reliable piece of evidence. Figure 6 shows the process at runtime by 

using the sentence �“In accordance with the Rules of Procedure, the motion and the amendment will be debated 

together in a joint debate.�” as an example. In some situation, there is no dependency relationships information 

available to help us translate the word. In Step 3 we use POS information to find the translation of the word for 

unseen dependency relationship. In Step 4 we take the highest frequency translation to be the translation of the 

w t Count 

plant ுሽᐗʳ 341 

plant ཬढʳ 245 

plant ࿇ሽᐗʳ 132 

plant Ξʳ �… 

P(ுሽᐗ|plant, Noun)=341/1852 

Step 1: Parse the input sentence by a dependency parser 
Step 2: Select the highest score translation by using dependencies 
Step 3: Use P (t | w, p) to predict translation for unseen dependency relationship 
Step 4: Use P (t | w) to predict translation for unseen word/pos combination 

)(
),()|(

wcount
twcountwtP

),(
),,(),|(

pwcount
ptwcountpwtP
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word. If the word is not in our training data, we cannot translate the word. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

dep wt wd t LogL 

conj motion amendment ᤜூʳ 1.556 

conj motion amendment ೯ᤜʳ -1.660 

conj motion amendment ଥإூʳ -6.986 

conj motion amendment �… �… 

nsubjpass debate motion ᤜூʳ 2.793 

nsubjpass debate motion ೯ᤜʳ -3.475 

nsubjpass debate motion ᥯ᓵʳ -5.235 

nsubjpass debate motion �… �… 

Figure 7 An example of Step 1 and Step 2 

4 Experiments and Evaluation 

This approach was designed to disambiguate the translation of the words in the given sentence, by using the 

statistical properties of the dependency relationships with word to translation. In this section, we first describe 

the details of the experiments for the evaluation (Section 4.1). Then, we introduce the test data and automatic 

evaluation methodology and results. (Section 4.2) 

E: In accordance with the Rules of Procedure, the motion and the amendment will be debated together in a joint debate. 

(Step 1) tokenize, lemmatize, tag POS, parse 

E: in accordance with the Rules of Procedure, the motion and the amendment will be debate together in a 
joint debate.   
In/IN accordance/NN with/IN the/DT Rules/NNPS of/IN Procedure/NNP ,/, the/DT motion/NN and/CC 
the/DT amendment/NN will/MD be/VB debated/VBN together/RB in/IN a/DT joint/JJ debate/NN ./. 
 
prep(debated-16, In-1)  pobj(In-1, accordance-2)  prep(accordance-2, with-3)           
det(Rules-5, the-4)   pobj(with-3, Rules-5)  prep(Rules-5, of-6) 
pobj(of-6, Procedure-7)  det(motion-10, the-9)  nsubjpass(debated-16, motion-10)      
cc(motion-10, and-11)  det(amendment-13, the-12) conj(motion-10, amendment-13) 
aux(debated-16, will-14)  auxpass(debated-16, be-15) advmod(debated-16, together-17)      
prep(debated-16, in-18)  det(debate-21, a-19)  amod(debate-21, joint-20) 
pobj(in-18, debate-21) 

(Step 2) translate content words (e.g., �“motion�”) based on dependencies 

(Step 2) Determine translation according to LogL 

motion: ᤜூ
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4.1 Experimental Setting 

In this section we will describe the implementation and experiments of the method described in section 3. For 

training the proposed model, we used a collection of approximately 740,000 sentence pairs from Hong Kong 

News English-Chinese Corpus (HKNC1997~2003) and approximately 1,375,000 sentence pairs obtained from 

Hong Kong Hansard English-Chinese Corpus (HKLC1985~2003). 

First, to preprocess the training data, we used Stanford Parser (Version 1.5.1) to implement tokenizing, 

POS tagging, and dependency parsing. We filtered out the English sentences with word length longer than forty 

or have some unusual letters. After filtering, we were left with approximately 630,000 sentence pairs from 

HKNC and approximately 1060,000 sentence pairs from HKLC. Then we use an in-house word lemmatization 

tool to lemmatize each word in the English sentences. We also segment each Chinese sentence using a word 

segmentation tool developed by CKIP in Academia Sinica. Finally, we use the Giza++v2 toolkit made available 

at (www.fjoch.com/GIZA++.html) to obtain word alignment information for the training data. In our experiment, 

we only use the direction of Chinese to English for word alignment information part. After filtering some errors 

that occurred in the word alignment process, we were left with about 556,000 sentence pairs from HKNC and 

about 983,000 sentence pairs from HKLC for training, and we reserved 3,500 sentence pairs obtained from 

HKNC and 9,500 sentence pairs obtained from HKLC for testing. 

Second, we grouped POS�’s used in the Stanford Parser into nine groups. Table 4 shows the grouping of 

parts of speech. The grouping was done to reduce sparseness. 

 

Table 4. The nine POS groups 
Pos Group Original tags Notes 

Light Verb have, do, know, think, get, go, say, see, come, 

make, take, look, give, find, use  

15 high-frequency verbs 

(Svartvil and Ekedahl 1995) 

V VB, VBD, VBG, VBN, VBP, VBZ, ask verb but not light verb 

N FW, NN, NNS, PDT noun 

NNP NNP, NNPS proper noun 

C CD quantifier 

$ $ $, no., rule, section, �… 

J JJ, JJR, JJS, a adjective 

R RB, RBR, RBS, RP adverb 

F the other tag function word 

Third, after calculating count (t, wt, d, wd ) and count ( t , wt, d, wd) described in section 3.2.3, we 

smoothed the counts for the unseen translations for wt and wd that have dependency relationship d using held out 

estimator that is purposed by Jelinek and Mercer(1985). We split training data into two parts that have equal 

number of sentence pairs. One was used as training data and the other was used as held out data, and then we 

changed the role of two parts and did held out estimation again. Table 5 shows the final modified number N. 

Table 6 shows the results of smoothing. Every count ( t , wt, d, wd) had to add the counts for unseen translations. 
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Table 5. The average of two held out estimators 
Count C Obs. counts Set 1 Obs. counts Set 2 Smoothing counts 

0 0.87995 0.87965 0.87980 

1 0.25552 0.25562 0.25557 

2 1.08762 1.08368 1.08565 

�… �… �… �… 

8 7.14678 7.13740 7.14209 

9 8.20037 8.15285 8.17661 

Table 6. An example of smoothing 
dep wd wt t LogL N smoothing N N�’ smoothing N�’ 

nsubjpass pass motion ᤜூʳ 1.608 294 294 58 58.8798 

nsubjpass pass motion ೯ᤜʳ -1.975 43 43 309 309.8798 

nsubjpass pass motion ᤜᠲʳ -5.100 3 2.1331 349 349.8798 

nsubjpass pass motion ެᤜூ -5.778 2 1.08565 350 350.8798 

nsubjpass pass motion ।ެʳ -7.228 1 0.25557 351 351. 8798 

nsubjpass pass motion �… �… �… �… �… �… 

Table 7. The properties of test data 
property HKNC HKLC 

sentences 1,500 3,800 

all words 31,569 84,290 

content words 16,980 (53.79%) 42,343 (50.23%) 

LV 585 (1.85%) 2,142 (2.54%) 

be 858 (2.72%) 2,798 (3.32%) 

F(Function words) 13,146 (41.64%) 37,007 (43.90%) 

4.2 Evaluation and Discussion 

In this section, we describe our test data and evaluation methodology (4.2.1). We then show the evaluation result 

of our experiment and give some discussions (4.2.2). 

4.2.1 Test Data and Evaluation Methodology 

We randomly choose 1,500 sentences out of 3,500 sentence pairs from HKNC and 3,800 sentences out of 9,500 

sentence pairs from HKLC for testing. Then we translate the content words in the given sentences of test data. 

We did not consider the translation of the words that POS tagged in the group F and LV, also not did we consider 

the translation of the verb �“be�”. Table 7 shows the properties of our test data. 

The traditional WSD evaluation methodology relies on human judgment. In our experiment, we do not 

focus on the sense of the words, but rather the translation of the content words in the given sentences. Since it is 
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infeasible for human to evaluate such a large set of data, we developed a BLEU-like automatic evaluation 

methodology. We evaluate one sentence at a time. First, we combine all translations of content words that in the 

given sentence. Identical an overlapping translations of two neighboring word are combined and redundancy are 

removed. For example, see Figure 8 for more details. 

EPD/ᛩঅᆟ and Transport/ሎᙁᆟ Department/ᆟ will also/ٍ step/ףൎ  up/ףൎ their 

programmes/ૠቤ to educate/ඒߛ vehicle/߫׌ owners/߫׌ and mechanics/ݾஃ to exercise/

  . ࿳ݔ/their responsibility/ຂٚ to maintain/ፂଥ vehicles/߫ᔖ properly ࠌ۩

 

 

ᛩঅᆟ  ᛩঅᆟሎᙁᆟ ᛩঅᆟሎᙁᆟ  ᛩঅᆟሎᙁᆟٍ  ᛩঅᆟሎᙁᆟٍףൎ  

ᛩঅᆟሎᙁᆟٍףൎ  ᛩঅᆟሎᙁᆟٍףൎૠቤ  ᛩঅᆟሎᙁᆟٍףൎૠቤඒߛ  ᛩ

অᆟሎᙁᆟٍףൎૠቤඒ׌߫ߛ  ᛩঅᆟሎᙁᆟٍףൎૠቤඒ׌߫ߛ  ᛩঅᆟሎᙁᆟٍ

�  ஃݾ׌߫ߛൎૠቤඒף…  ᛩঅᆟሎᙁᆟٍףൎૠቤඒݾ׌߫ߛஃ۩ࠌຂٚፂଥ߫ᔖ

 ࿳ݔ

Figure 8. An example to show how to combine the translations of the sentence 
 

Second, we calculated unigram precision rate based on the aligned Chinese sentence as the reference 

translation. Figure 9 shows an example of the process. Third, we filtered the highest ten percentage and lowest 

ten percentage sentences for data balance, and then we average the score of middle eighty percentage sentence 

to be the result. 

Result after combine:ᛩঅᆟሎᙁᆟٍףൎૠቤඒݾ׌߫ߛஃ۩ࠌຂٚፂଥ߫ᔖݔ࿳ 
 
Answer: ᛩቼঅᥨᆟࡉሎᙁᆟٍലףൎ৙ႚΔ૞ݾࡉ׌߫ޣஃݔ࿳چঅ塄ࡉፂଥ߫ᔖΖ
        the number of the Chinese characters matching the reference        19 
Score = -----------------------------------------------------------------------------  =  ------- 
           number of the Chinese characters produced                   27 
 

Figure 9. An example to show how to calculate the score of the sentence 

4.2.2 The Results of WTD of Different Methods 
We used five different methods to disambiguate word translations. Table 8 shows the results of WTD. Baseline 

is the result of using only P (t | w) to estimate the translation of the content words, while baseline with POS is 

the result of using both P (t | w, p) and P (t | w), dependency method (all) is the result of using the process 

described in 3.3, window size 1 is the result of using a window based co-occurrence ( the word to the right or 

left of the word in question) instead of dependency, and dependency method (some) is the result of using the 

process described in 3.3 leaving out five kinds of dependency relationships, including determiner, negative, 

possessive, coordinating conjunction, preposition. 

 

Combining translations 
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Table 8. Results of WTD in different methods 
Method HKNC HKLC HKNC+HKLC 
Baseline 0.582 0.564 0.569 

baseline + POS 0.589 0.569 0.575 
window size 1 0.698 0.643 0.659 

dependency method (all) 0.714 0.686 0.694 
dependency method (some) 0.716 0.685 0.694 

 The results in Figure 10 indicate that the dependency method obviously outperforms baseline with POS 

and also outperforms window based co-occurrence approach. We also found that using POS can only improve 

slightly and ignoring some kinds of dependency relationships does not affect the results too much. 

 
Figure 10. Results of WTD in different methods 

However, we did not evaluate the performance of translations based on dependency. As shown in Table 9 

that over ninety percent of the cases, words are translated via dependency. 

Table 9. The percentage of the word translations when we used dependency method (some) 
type HKNC HKLC 

all content words 16,980 42,343 
dependency method 15,698 (92.45%) 38,587 (91.13%) 

baseline +POS 1,199 (7.06%) 3,610 (8.53%) 
baseline 12 (0.67%) 34 (0.08%) 

no answer 71 (0.42%) 112 (0.26%) 
As shown in Figure 11, in different number of sentences, the results of HKNC are better than the results of 

HKLC. We believe this is a result of the different character of the corpora and not the different number of 

sentences in the two corpora. 

 Because of data sparseness, we may not calculate a suitable score for translations of the words with 

dependency relationships. If we use lager training set, we may improve the performance. Some word 

translation errors may be caused by word alignment errors. In addition, there also have some problems 

caused by incorrect segmentation. For example, �“ܮᄿृ�” is segmented into �“ܮᄿ�” and �“ृ�”, but in our 
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module we only consider the one to one case, therefore the word �“smoker�” will be translate to �“ܮᄿ�” and 

not �“ܮᄿृ�”.ʳ

 
Figure 11. Results of WTD in different corpora 

Table 10 an example to explain majority voting methodology 
Dep wt wd t LogL 

advmod plant at ཬढʳ 2.502 

Advmod plant at ᐗʳ -3.131 

Dep wt wd t LogL 

Amod plant chemical ๠෻ᐗʳ 1.290 

Amod plant chemical ԫଡഔʳ -3.568 

Amod plant chemical ᐗʳ -3.568 

5 Future Work and Conclusion 
In summary, we have introduced a method for word translation disambiguation, which improves the ability to 

disambiguate the translations of the content words in the given sentence using a dependency-based translation 

model trained as a parallel corpus.  We have implemented and evaluated the method using a bilingual 

English-Chinese corpus. We have shown that the method outperforms the baseline. In addition, we also found 

some kinds of dependency are more effective than others. Moreover, we have purposed an automatic BLEU-like 

evaluation methodology for WTD. The results of word translation disambiguation can assist user in reading 

English, and also can be used as additional input information for an MT system to improve the performance. 

 Many future directions present themselves. First, it would be interesting to extend the method to translate 

all words in the sentence including function words. Second, we can give different weight to different type of 

dependency since we believe different type of dependency relationships have different level of effectiveness. 

Third, we are currently using the dependency relationships with the highest score, but we can also consider all 

dependency relationships of the word in the given sentence. Table 10 shows an example that �“plant�” that has 

two dependency relationships with �“at�” and �“chemical�”. In the way we described in our approach, we will 

choose �“ཬढ�” as the answer. If we combine scores of two dependency relationships to calculate a new score for 
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each translation, we may choose �“ᐗ�”ʳ as our answer which seems to be more suitable. 
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Abstract 
In order to train machines to �‘understand�’ natural language, we proposed a universal concept 
representational mechanism called E-HowNet to encode lexical semantics. In this paper, we 
take interrogative constructions as examples, i.e. concepts or sentences for asking questions 
or making inquiries, to demonstrate the mechanisms of semantic representation and 
composition under the framework of E-HowNet. We classify the interrogative words into five 
types according to their semantic distinctions, and represent each type with fine-grained 
features and operators. The process of semantic composition and the difficulties of the 
representation, such as word sense disambiguation, will be addressed. Finally, we�’ll show 
how machine discriminates two synonymous sentences with different syntactic structures and 
surface strings to prove that machine understanding is achievable. 
 
Keywords: semantic representation, interrogatives, E-HowNet 
 

1. Introduction 

To understand natural language by machines, lexical semantic representation and 

composition are the most important techniques.  In this paper, we will take the interrogatives 

as examples to demonstrate the mechanism of lexical semantic representation and 

composition in E-HowNet (Chen et.al., 2004). E-HowNet uses the word sense definition 

mechanism of HowNet (Dong, 1988) and the vocabulary of WordNet (Fellbaum,1998) 

synsets to describe concepts.1 Its goal is to achieve near canonical semantic representation, 

                                                 
1 The advantage of using WordNet synsets is that each synset has unique sense and sense similarity between two 
synsets can be measured through WordNet ontology. But there is disadvantage of WordNet-like ontologies, for 
example, each concept class in WordNet has limited linking to other concepts. The major links are hyponymy 
relations which limit inheritance and inference capability to the classes on the taxonomy. So we adopt similar 
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that is, two sentences with different surface forms or in different languages may achieve 

similar E-HowNet representations. Take sentences (1) and (2) as examples: 

 ?ᅃΛIs it OK for me to take picturesࣁܡ౨ݺ (1)

 ?ᅃઌΛCan I take photosאױլױݺ (2)

Although the syntactic structure and surface strings of (1), (2) are very different, by using 

lexical sense definitions in E-HowNet, we hope machine can �‘understand�’ that they are 

synonymous sentences.  

Analysis of interrogative constructions is of great interest to linguists, as well as to 

computer scientists, for example, those who engaged in QA techniques. Interrogative 

constructions have played a central role in the development of modern syntactic theory. 

Ginzburg & A.Sag (2000) have pointed that interrogative has been at the heart of work in 

generative grammar, also in government and binding (GB) and head-driven phrase structure 

(HPSG). Nonetheless, to date most syntactic work has taken place quite separately from 

semantic and pragmatic work on interrogatives. Taking questions in Mandarin Chinese as 

example, Shao (1996) has summed up the current study of interrogatives and listed the main 

research themes as follows: the types of question, interrogative particles, querying focus and 

its answer, degree of doubt and special interrogative sentences pattern etc.. Most of the above 

themes are purely grammatical analysis. To build a frame-based entity-relation knowledge 

representation model, we find interrogative construction a good and challenging example, for 

it is feature-structured, free formed, and demanding for story comprehension. In other words, 

it combines problems of syntax, semantics and pragmatics. Our approach is to find a 

framework to represent interrogatives, therefore, semantic distinction of interrogatives is our 

focus.  

In E-HowNet, we made distinctions between content sense and relational sense and 

                                                                                                                                                        
mechanism in HowNet to define word sense, which represents concepts in more accurate way by not restricting 
the definition vocabulary to a closed set of primitives only, i.e., any well-defined concepts can be used to define 
a new concept. The detail discussions can be seen at (Chen et al., 2005). 
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represent senses of content words and senses of function words in different ways. For 

instance, we represent phrase �‘bathe with cold water�’ as (3) 

(3) bathe with cold water 

bathe  def: {clean|ࠌ෣: patient={body|ߪ᧯}} 
with   def: instrument={} 
cold water def: {water|ֽ: temperature={cold|ܐ}}}. 
composition: {clean|ࠌ෣: patient={body|ߪ᧯}, 
        instrument={water|ֽ: 
          temperature={cold|ܐ}}}. 

In this case, content words �‘bathe�’ and �‘cold water�’ are represented differently from function 

word �‘with�’, for the latter plays the role of linking concepts. In much the same way, 

interrogative words have more relational sense than content sense, so they are defined by 

semantic role to denote relational sense and the operator �‘.Ques.�’ to mark the querying focus 

that is the object or its discrimination features which speakers want to know. 

In the following section, we�’ll briefly describe the previous work for interrogatives. Then, 

we introduce our analysis of type classifications for interrogatives and their representation in 

E-HowNet. Next, we present the composition of interrogative sentences and the difficulties 

encountered. We conclude the paper by discussing our results and future works. 

 

2. Background 

Questions in Chinese studies traditionally attributed to mood category of syntactics.2 Most of 

linguists consider there are four grammatical devices that explicitly mark an utterance as an 

interrogative. 3First is question which can be answered by �‘yes�’ or �‘no�’, called factual 

question, true and false interrogative or yes/no interrogative. Second is question which 

includes Wh-words such as �‘who�’, �‘what�’ or �‘when�’ and so forth, called Wh-word 

                                                 
2 Ma (1989αwrote the first grammar book for Mandarin Chinese. He classified interrogative words into mood 
category. Later, Li (1930) and Lv (1942) have carried forward his viewpoint and influenced on modern research 
of questions deeply. 
3 Such as Lv (1942), Li & Thompson (1997), Tang (1983), Lu (1984), Shao (1996),etc..  
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interrogative, or information seeking interrogative. Third is question which mentions two or 

more possible alternative answers, called disjunctive interrogative or either/or interrogative. 

Fourth is question which is composed of a statement followed by an A not A form, such as 

dui bu dui �‘right not right�’, xing bu xing �‘Ok not Ok�’ etc., called A not A interrogative or tag 

interrogative.4 From different analytical perspective, these four question devices may have 

different hierarchy. For example, Lv (1942) framed them as (4) while Lu (1984) structured 

them as (5): 

(4) interrogative �– Wh-word interrogative 

�– true/false interrogative �– A not A interrogative 

        �– disjunctive interrogative 

(5) interrogative  �– true/false interrogative 

�– non true/false interrogative �– Wh-word interrogative 

                             �– disjunctive interrogative 

�– A not A interrogative 

Generally speaking, true and false interrogative and Wh-word interrogative are regarded 

as basic types. 

 

3. Semantic Representation 

3.1 Our classification of interrogatives 

As we focus on knowledge representation, we are more concerned about semantic 

discriminations for different interrogative sentences. Therefore, we take a sense-based 

approach to create a hierarchical classification which is guided by a layered semantic 

hierarchy of answer types, and eventually classifies interrogative sentences into fine-grained 

classes, shown as (6): 

                                                 
4 Tag interrogative is formed by adding a short A not A question form of certain verbs as a tag to a statement. In 
this paper, we regard it as a general A not A question device due to the same semantic performance. 
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(6) interrogative  �–(A) true/false interrogative 

    �– (B) Wh-interrogative �–(a) asking factual information 

        �– (b) asking relationship 

        �– (c) asking opinion 

                       �– (d) option choosing 

According to different querying focus, we separate (A) true/false interrogative from (B) 

Wh-interrogative. Take sentences (7), (8) as examples:  

 ໛լ໛ᦟຍଡሏᚭΛ܃ (7)

Do you like this game? 

 ຍଡሏᚭΛࠩބୌᇙڇאױݺᓴवሐڶ (8)

Who knows where I can find this game? 

Sentence (7) belongs to the former question device because the entire statement is a querying 

focus. Dissimilarly, sentence (8) indicates two querying focuses by using different 

interrogatives �‘who�’ and �‘where�’. In other words, the true/false interrogative asks truth value 

of the whole sentence. And the Wh-interrogative is used to ask information. By analyzing the 

querying focus, the latter can be further divided into four types: (B-a) asking factual 

information, such as time, location, quantity and so forth; (B-b) asking relationship, such as 

kinship; (B-c) asking opinion or attitude, such as possibility, capacity, volition etc.; and the 

last, (B-d) asking to choose an option. Sentence (8) refers to the type (B-a). For each of the 

remaining types, we give an example as follows: 

  ऱչᏖԳΛ܃ਢڔ (9)

 What is the relationship between you and her? 

 ᎚཭Λپאױլױה (10)

Can he eat hot peppers? 

(11) ෟֽۏਢᎨࢤᝫਢᨕࢤΛ 

Rice washing water is acidic or alkaline? 
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Here, two distinctions have to be made. First, sentence (9) refers to type (B-b), but why need 

we separate it from type (B-a) when they both use �‘what�’ to make questions? In sentence (9), 

the question word �‘չᏖ what�’ ask for relationship but not the type of a frame element or the 

value of a semantic role.5 Chen et. al. (2004) proposed a complex relation description, i.e. a 

representation denotes the relation between head and semantic role specifically. In general, 

E-HowNet semantic representation model presumes the relations variables is the head, for 

example, �‘white cloud�’ will be define as (12): 

(12) white cloud 
def:{cloud|ႆ: color(~)={white|ػ}} 

In the definition, �‘~�’ indicates the head �‘cloud�’, and normally be omitted in the expression. 

Conversely, word indicates complex relation always has another relation variable apart from 

the head, so the variable needs to be marked clearly. For example, we express �‘mother in law�’ 

as (13): 

(13) mother in law 
def:{human|Գ=mother(spouse(x:human|Գ))} 

According to the representation model, when our querying focus is complex relation, we put 

question mark before the relation role, such as mother, spouse, parents etc. to make the 

interrogative definition. It makes the difference between interrogative type (B-a) and (B-b). 

See more examples in section 4.  

Second, some may argue that there is no distinction between type (A) and (B-b). 

Comparing sentence (7) and (10), we find they both have a yes/no answer.  

 ໛լ໛ᦟຍଡሏᚭΛ܃ (7)

Do you like this game? 

 ᎚཭Λپאױլױה (10)

Can he eat hot peppers? 

But, further considering sentence (14): 

                                                 
5 The disambiguation of �‘չᏖ what�’, see section 4.1.1. 
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 ᎚཭Λپլپה (14)

Does he eat hot peppers? 

We can still find the slight difference between a yes/no question and an information seeking 

question. However, modal words like �‘can�’, �‘shall�’, �‘will�’ bring richer meaning then general 

verbs. They are not used to ask truth value but ask opinion or attitude. In Mandarin Chinese, 

 can not can�’ and �‘໛լ໛ᦟ like not like�’ are both with a A not A form, in אױլױ‘�

syntactical considerations, they are often assigned to the same type. But from the semantic 

point of view, we decide they belong to both types.6

 

3.2 Knowledge Representation for Interrogatives 

According to the classification above, we represent each type of interrogative as follows: 

(15)  true/false interrogative   def: truth={.Ques.} 

Wh-word interrogatives   

asking factual information def: role={.Ques.} 

asking relationship   def:. Ques.RelationRole() 

asking opinion    def: ModalityRole={.Ques.} 

option choosing      def: role={.Option.{{x}.or.{y}}} 

We use two operators, .Ques. and .Option., to denote querying focus or optional items. The 

real examples are shown in the following table 1. 

                                                 
6 Shao (1996) has classified A not A form into five classes according to A�’s part of speech, shown as follows: (1) 

A is a copula. e.g. ਢլਢ �‘be not be�’ (2) A is a modal word e.g. ړլړ �‘ok not ok�’ (3) A is an auxiliary e.g. 

्լ् �‘willing not willing�’ (4) A is a verb e.g. ᚩլᚩ �‘understand not understand�’  (5) A is an adjective e.g. 

ભլભ �‘beautiful not beautiful�’. From the semantic perspective, we merge (1),(4),(5) and (2),(3) to re-divide 

these five categories into two categories, i.e. modal A not A interrogatives and other A not A interrogatives. 
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Table 1. The Type Classification and Semantic Representation of Interrogatives 

Question devices Examples 
true/false interrogatives 
 

Ⴏma;7ਢڶ޲ڶ;ܡ;ਢլਢ;լਢႯ;A not A 
def: truth={.Ques.}; 

Wh-word interrogatives: 
asking factual information 

ᓴ        def: participant={animate:.Ques.}; 
༓រᤪ    def: time={.Ques.}; 
չᏖ      def: participant={inanimate:.Ques.}; 
չᏖ(߫)   def: formal={.Ques.}; 
੡۶,۶א  def: reason={.Ques.}; 
ୌᇙ,ୌࠝ  def: location={.Ques.}; 
ୌࠄ      def: quantifier={.Ques.}; 
৻Ꮦ      def: manner={.Ques.}; 
৻Ꮦ      def: means={.Ques.}; 
 ;def: degree={.Ques.}        ڍ
  def: quantity={.Ques.}      ֟ڍ

asking relationship   
asking opinion  ױլאױ  def: allowance={.Ques.}; 

 ;def: willingness={.Ques.}    ړլړ
౨լ౨    def: capacity ={.Ques. }; 
๕ॺ      def: possibility ={.Ques. }  

choosing options ᝫਢ;ࢨ   def: role={.Option.{{x}.or.{y}}} 

The interrogatives above are gathered from Li & Thompson�’s analysis, and integrated by 

checking over 1000 question titles manually in Baidu knows (http://zhidao.baidu.com/). 

 

4. Semantic Composition 

The previous discussion is about logical representation of events. To establish a formal 

system to handle the task requiring language understanding, we also need to address the issue 

of semantic composition. Through segmentation and parsing process, we get coarse-grained 

arguments and the head of the sentence. Take sentence (16) as an example: 

(16) ᇷற۶ڂዥ؈Λ 

 Why is the data missing? 

                                                 
7 In this paper, our focus is semantic representation, so we don�’t discuss the interrogative words �‘೿a�’; �‘ܣba�’ or 
  .ni�’. Because it depends on the tone to decide they are interrogative words or notࡋ‘�
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The segmentation and parsing result of (16) is: 

Theme[NP:ᇷற data]+ reason[Dj:۶ڂ why]+Head[VJ3:ዥ؈ lose]     

Then, we try to map surface syntax onto semantic structure for establishing truly integrated 

semantic relations. In example (16), we get the head �‘lose�’ from segmentation and parsing 

process, and base on E-HowNet, the arguments of event �‘lose�’ are �‘possessor�’ and 

�‘possession�’, we thus know the �‘data�’ here is the possession of �‘lose�’. Therefore, the 

composition is as follows:   

def:{lose|װ؈:possession={information|ಛஒ},reason={.Ques.}} 

The other types of interrogative words also can be combined into different sentences, shown 

as follows:  

true/false interrogative 

 ఐԱႯΛה (17)

 Is he sick? 

    def:{sick|ఐ:experiencer={he|ה},truth={.Ques.}} 

 མᎅመᝒΛܡਢ܃ (18)

Have you lied before? 

def:{lie|ᎅᝒ:agent={listener|ᦫृ},time={past|መװ}, truth={.Ques.}} 

Wh-word interrogative: 

asking factual information 

(19) ۪ࣚՂऱᕠֽ৻ᏖੑൾΛ 

 How to wash away ink stains on cloth? 

def:{wash|ੑൾ:patient={ink|ᕠֽ:place={clothes|۪ࣚ}},means={.Ques.}}  

(20) ୌࠄோ՗ᡏൾΛ 

Which tables are broken? 

def:{OutOfOrder|ᡏ:theme={table|ோ՗:quantifier={.Ques.}}} 

asking relationship 

 ऱչᏖԳΛ܃ਢڔ (21)

What is the relationship between you and her? 

def:{he|ה=.Ques.kinship(listener|ᦫृ)} 

asking opinion 
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(22) ๕ॺຍਢ೒ৄΛ 

Is it possible a ghost town? 

def:{be|ਢ:relevant={this|ຍ},content={ghost town|೒ৄ}, possibility ={.Ques. }} 

 լ۩Λ۩߫ၲ܃ط (23)

Is it ok for you to drive? 

def:{drive|ၲ߫:experiencer={listener|ᦫृ},willingness ={.Ques. }} 

choosing options 

 ຍࠝᝫਢ߷ࠝ۰Λڇה (24)

Does he live here or there? 

def:{live|۰:agent={he|ה},location={.Option.{{here|ຍࠝ}.or.{there|߷ࠝ}}}} 

 ԿΛ്ޣᇙ߷ڇᝫਢీࠐሄՀה (25)

Does he kneel on the ground or stand there to beg ChangShan?  

def:{beg|ޣ :agent={be|ה }, target={ChangShan|്Կ }, means={.Option.{{stand|

ీ}.or.{kneelሄ}}}} 

 

4.1 Disambiguation 

To achieve the goal of automatic composition, we have to face the challenge of sense 

ambiguities. In Chinese, �‘չᏖ she me�’, �‘৻Ꮦ ze me�’ and �‘ڍ duo�’ are most frequently used 

interrogatives with ambiguous senses. Their sense disambiguation rules and representations 

are discussed below:  

4.1.1 չᏖ 

�‘չᏖ what�’ plays the grammatical functions of adjective and pronoun. For each 

function, there are two senses. Accordingly, we generalize four rules to disambiguate the 

word sense of �‘չᏖ�’, and the details are shown in the table 2: 
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Table 2. Disambiguous Rules of �‘չᏖ�’ 

Rules of disambiguation E.g.    &         E-HowNet representation 
adjective 1: 
չᏖ �‘what�’ +semantic role: 
ask the value of the semantic role 

չᏖ N                  role={.Ques.} 
չᏖழၴ �‘what time�’      time={.Ques.} 
չᏖᏝᙒ �‘what price�’     price/cost={.Ques.} 
չᏖچរ �‘what place�’     location={.Ques.} 
չᏖणउ �‘what situation�’  condition={.Ques.} 
չᏖᠱۥ �‘what color�’     color={.Ques.} 

adjective 2: 
չᏖ �‘what�’+entity (nominalized 
verbs are included ): 
ask the type/restriction of a frame 
element/ participant role 

չᏖ N  participant={entity:formal={.Ques.}} 
չᏖԳ   �‘what person�’  
participant={human|Գ: formal={.Ques.}} 
չᏖ߫޳ �‘what car�’  
participant={car|߫޳:formal={.Ques.}} 
չᏖ᧢֏ �‘what change�’ 
participant={change|᧢֏:formal={.Ques.}} 
չᏖլٵ �‘what difference�’ 
participant={difference|լٵ:formal={.Ques.}} 

pronoun 1: 
use as an interrogative pronoun: 
function as NP 

VչᏖ         {event:participant={.Ques.}} 
 {patient={.Ques.} :پ|eat}   ’�չᏖ �‘eat whatپ
ᎅչᏖ �‘talk what�’{speak|ᎅ:content={.Ques.}} 

pronoun 2: 
use as an indefinite pronouns: 
function as NP, the played role is 
either coindexed or univarsal 
quantified. 

V չᏖΙչᏖ V      {event:participant={x}} 
or{event:participant={entity: quantity={all}}} 
ஞչᏖຟאױ �‘It�’s OK to get anything�’ 
{hold|ஞ:patient={entity: quantity={all}}} 
չᏖՈլࢢ �‘Be afraid of nothing�’ 
{.not.fear|୭ࢢ:cause={entity: quantity={all}}} 

 

4.1.2 ৻Ꮦ 

�‘৻Ꮦhow/how come�’ plays the role of adverb. It asks the value of an adverbial type of 

semantic role including mean/method (How) and reason (Why). Two meanings �‘how�’ and 

�‘why�’ can roughly be discriminated by the telicity of matrix verbs. That is, �‘৻Ꮦ�’in a 

sentence with telic verb or verb phrase refers to event that have endpoints means �‘why�’. 

Contrarily, �‘৻Ꮦ�’in an atelic sentence means �‘how�’. Take sentence (26), (27) as an example: 
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(26) ৻Ꮦࠐ 

 def:{come|ࠐ:means={.Ques.}} 

(27) ৻ᏖࠐԱ 

 def:{come|ࠐ:reason={.Ques.}} 

In short, we conclude the disambiguation rule as follows: 

(28) ৻Ꮦ(How)+event[-telic] 

৻Ꮦ(Why)+event[+telic] 

 ڍ 4.1.3

ڍ‘� how�’ also plays the role of adverb. It�’s usually followed by an attribute value, such as �‘ก

sweet�’, �‘ᜣࣔ smart�’, �‘᎛ far�’, �‘Օ big�’ and so forth. It can be used to express the feelings of 

exclamation or doubt. We can not simply distinguish these two senses by the context, but 

need to rely on the tone. For this reason, we will deal only with the senses of doubt. 

Incidentally, it is always possible to turn a declarative statement into a question by using a 

slightly rising intonation pattern. For the same reason, we do not deal with such sentences 

and few interrogative words such as �‘೿ a�’; �‘ܣ ba�’ ; �‘ࡋ ni�’ as well. 

ڍ‘�    how�’ with interrogative sense can be represent as below: 

 attribute value  def:{attribute value: degree={.Ques.}}+ڍ (29)

The real examples are: 

 ก �‘how sweet�’  def:{sweet|ก:degree={.Ques.}}  =    def: sweetness={.Ques.}ڍ (30)

 ᜣࣔ �‘how smart�’ def:{smart|ᜣࣔ:degree={.Ques.}}=    def: smartness={.Ques.}ڍ 

 ᎛ �‘how far�’     def:{far|᎛:degree={.Ques.}}    =    def: distance={.Ques.}ڍ 

 Օ �‘how big�’     def:{big|Օ:degree={.Ques.}}   =    def: size={.Ques.}ڍ 

 

5. Conclusion and Future Works  

To achieve near canonical semantic representation, we study the semantic representation and 

composition of interrogatives. According to the semantic classification of interrogative, we 
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represent interrogatives in a hierarchy as follows: 

true/false interrogative   def: truth={.Ques.} 

Wh-word interrogative   

asking factual information def: role={.Ques.} 

asking relationship   def:. Ques.RelationRole() 

asking opinion    def: ModalityRole={.Ques.} 

choosing options   def: role={.option.{{x}.or.{y}}} 

We have cited two examples (1),(2) earlier to illustrate what is the �‘understanding�’ of 

machine towards natural language. After the discussion above, let�’s see the result of this 

work:  

 ?ᅃΛIs it OK for me to take picturesࣁܡ౨ݺ (1)

Representation: 

 def:{speaker|ᎅᇩृ}       ݺ
౨ܡ  def:allowance={.Ques.}  
 {᥊ࣁ|TakePicture} :ᅃ     defࣁ

Composition: 

def: {TakePicture|ࣁ᥊:agent={speaker|ᎅᇩृ}, allowance={.Ques.}} 

 

 ?ᅃઌΛCan I take photosאױլױݺ (2)

Representation: 
 def:{speaker|ᎅᇩृ}   ݺ
  def:allowance={.Ques.} אױլױ
ᅃઌ  def: {TakePicture|ࣁ᥊} 

Composition: 

def: {TakePicture|ࣁ᥊:agent={speaker|ᎅᇩृ}, allowance={.Ques.}} 

 

Although the syntax surface of (1),(2) is different, we find the result of composition is the 

same. It means through the analysis of E-HowNet model, machine can judge the similarity of 

sentences, i.e. machine understand the sentences. However, this is only an example with 
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simple sentence structure. For future researches, we will implement a parsing system 

incorporated with E-HowNet model to demonstrate semantic composition process for more 

complex sentences. To achieve this goal, apart from sense disambiguation, discordance 

between synthetic structure and semantic relations is another critical problem. Take sentence 

(31) as an example: 

(31) ९ຜள۩լਢৰ߬ેႯΛ Isn�’t it hard for Long-distance travel?  

Its parsing result is: 

Theme[VP:(manner[A: ९ ຜ long distance]+Head[VA4: ள ۩ travel])]+negation[Dc: լ
not]+epistemics[Dbaa:ਢ be]+degree[Dfa:ৰ very]+Head[VH16:߬ે hard]+particle[Td:Ⴏ ma] 

Let�’s see the E-HowNet definition of (31) first: 

def:{hard| ߬ ે :theme={travel| ள ۩ :distance={far| ᎛ }},degree={very|
ৰ},truth={.Ques.}} 

Comparing the semantic representation with syntactic structure, we find rhetorical 

interrogative �‘լਢႯ Isn�’t it �’ is segmented into three words in syntax analysis, but in 

semantic point of view, they are integrated into one word and represented as �‘truth={.Ques.}�’. 

There are still many types of discordance between synthetic structure and semantic relations 

need to be studied. That is, we have to find out the mapping rules and match coarse-grained 

syntactic arguments to fine-grained semantic relations in the future. These rules should be 

able to use both on declarative sentences and interrogative sentences, because most of 

interrogative sentences are transformed from declarative sentences. Additionally, this study is 

also useful to question-answering system for it not only represents the sense of question, but 

also marks the focused information to be answered. As for the application on QA 

technologies, it�’ll be our future task as well. 
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Abstract 

Question answering systems provide an elegant way for people to access an 
underlying knowledge base.  Humans are not only interested in factual questions but 
also interested in opinions.  This paper deals with question analysis and answer 
passage retrieval in opinion QA systems.  For question analysis, six opinion question 
types are defined.  A two-layered framework utilizing two question type classifiers is 
proposed.  Algorithms for these two classifiers are described.  The performance 
achieves 87.8% in general question classification and 92.5% in opinion question 
classification.  The question focus is detected to form a query for the information 
retrieval system and the question polarity is detected to retain relevant sentences 
which have the same polarity as the question.  For answer passage retrieval, three 
components are introduced.  Relevant sentences retrieved are further identified 
whether the focus (Focus Detection) is in a scope of opinion (Opinion Scope 
Identification) or not, and if yes, whether the polarity of the scope matches with the 
polarity of the question (Polarity Detection).  The best model achieves an F-measure 
of 40.59% using partial match at the level of meaningful unit.  With relevance issues 
removed, the F-measure of the best model boosts up to 84.96%. 

1 Introduction 
Most of the state-of-the-art Question Answering (QA) systems serve the needs of answering 
factual questions such as �“When was James Dean born?�” and �“Who won the Nobel Peace 
Prize in 1991?�”.  In addition to facts, people would also like to know about others�’ opinions, 
thoughts, and feelings toward some specific topics, groups, and events.  Opinion questions 
(e.g. �“How do Americans consider the US-Iraq war?�” and �“What are the public�’s opinions on 
human cloning?�”) revealing answers about people�’s opinions have long as well as complex 
answers which tend to scatter across different documents.  Traditional QA approaches are not 
effective enough to retrieve answers for opinion questions as they have been for factual 
questions (Stoyanov et al., 2005).  Hence, an opinion QA system is essential and urgent. 

Most of the research on QA systems has been developed for factual questions, and the 
association of subjective information with question answering has not yet been much studied.  
As for subjective information, Wiebe (2000) proposed a method to identify strong clues of 
subjectivity on adjectives.  Riloff et al. (2003) presented a subjectivity classifier using lists of 
subjective nouns learned by bootstrapping algorithms.  Riloff and Wiebe (2003) proposed a 
bootstrapping process to learn linguistically rich extraction patterns for subjective expressions.  
Kim and Hovy (2004) presented a system to determine word sentiments and combined 
sentiments within a sentence.  Pang, Lee, and Vaithyanathan (2002) classified documents not 
by the topic, but by the overall sentiment, and then determined the polarity of a review.  
Wiebe et al. (2002) proposed a method for opinion summarization.  Wilson et al. (2005) 
presented a phrase-level sentiment analysis to automatically identify the contextual polarity.  
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Ku et al. (2006) proposed a method to automatically mine and organize opinions from 
heterogeneous information sources. 

Some research has gone from opinion analysis in texts toward that in QA systems.  Cardie 
et al. (2003) took advantage of opinion summarization to support Multi-Perspective Question 
Answering (MPQA) system which aims to extract opinion-oriented information of a question.  
Yu and Hatzivassiloglou (2003) separated opinions from facts, at both the document and 
sentence levels.  They intended to cluster opinion sentences from the same perspective 
together and summarize them as answers to opinion questions.  Kim and Hovy (2005) 
identified opinion holders, which are frequently asked in opinion questions. 

This paper deals with two major problems in opinion QA systems: question analysis and 
answer passage retrieval.  Several issues, including how to separate opinion questions from 
factual ones, how to define question types for opinion questions, how to correctly classify 
opinion questions into corresponding types, how to present answers for different types of 
opinion questions, and how to retrieve answer passages for opinion questions, are discussed.  
Note that the unit of a passage is a sentence in this paper, though a passage can sometimes 
refer to more sentences, such as a paragraph. 

2 An Opinion QA Framework 
Figure 1 is a framework of the opinion QA system.  The question is initially submitted into a 
part of speech tagger (POS Tagger), and then the question is analyzed in three aspects: the 
question focus, the question polarity, and the opinion question type.  The former two 
attributes are further applied in answer passage retrieval.  The question focus is the query for 
an information retrieval (IR) system to retrieve relevant sentences.  The question polarity is 
utilized to screen out relevant sentences with different polarities to the question.  With answer 
passages retrieved, answer extraction extracts text spans as answers according to the opinion 
question types, and outputs answers to the user. 

 
 

Q PolarityQ Focus

Input: Question Q

POS Tagger

Focus
Extraction

Two-Layered
Classification

Answer Extraction

Polarity
Detection

Answer Passages Retrieval

Output: Answer A

Opinion Q Type

 
Figure 1. An Opinion QA System Framework. 
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3 Experimental Corpus Preparation 
The experimental corpus comes from four sources, i.e. TREC1, NTCIR2, the Internet Polls, 
and OPQ.  TREC and NTCIR are two of three major information retrieval evaluation forums 
in the world.  Their evaluation tracks are in natural language processing and information 
retrieval domains such as large-scale information retrieval, question answering, genomics, 
cross language processing, and many new hot research topics.  We collect 500 factual 
questions from the main task of QA Track in TREC-11.  These English questions are 
translated into Chinese for experiments.  A total of 1,577 factual questions are obtained from 
the developing question set of the CLQA task in NTCIR-5.  Questions from public opinion 
polls in three public media websites, Chinatimes, Era, and TVBS, are crawled.  OPQ is 
developed for this research, and it contains both factual and opinion questions.  To construct 
the question corpus OPQ, annotators are given titles and descriptions of six opinion topics 
selected from NTCIR-2 and NTCIR-3.  Annotators freely ask any three factual questions and 
seven opinion questions for each topic.  Duplicated questions are dropped and a total of 1,011 
questions are collected.  Within these 1,011 questions in OPQ, 304 are factual questions and 
the other 707 are opinion questions.   

Overall, we collect 2,443 factual questions and 1,289 opinion questions from four different 
sources.  A total of 3,732 questions are gathered for our experiments, as shown in Table 1. 

 
 

                 Q 
type 
Corpus 

Factual Opinion Total 

TREC 500 0 500
NTCIR 1,577 0 1,577
Polls 62 582 644
OPQ 304 707 1,011
Total 2,443 1,289 3,732

Table 1. Statistics of Experimental Questions. 
 

There are some challenging issues in extracting answers automatically by opinion QA 
systems.  We categorize these challenges (indexed by numbers and enclosed by parentheses 
as follows) in question analysis into on holders, on opinions and on concepts. 

On holders, (1) to automatically identify named entities expressing opinions is imperative.  
(2) Grouping opinion holders is another issue.  Answers to the question, �“How do Americans 
feel about the affair of the U.S. president Clinton?�”, consist of opinions from any American.  
To answer questions like �“What kind of people support the abolishment of the Joint College 
Entrance Examination?�”, QA systems have to find people having opinions toward the 
examination and (3) classify them into correct category, such as students, teachers, scholars, 
parents, and so forth. 

On opinions, (4) knowing whether questions themselves contain subjective information 
and deciding their opinion polarities is necessary.  The question �“Who disagrees with the idea 
of surrogate mothers?�” points out a negative attitude and the answer to this question is 
expected to be a list of persons or organizations that have negative opinions toward the idea 
of surrogate mothers.  Another issue is (5) whether the comparison and the summarization of 
positive and negative opinions are required.  In the question �“Is using the civil ID card more 
advantageous or disadvantageous?�”, opinions expressing advantages and disadvantages have 

                                                 
1 http://trec.nist.gov/ 
2 http://research.nii.ac.jp/ntcir/index-en.html 
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to be contrasted and scored to represent answers as �“More advantageous�” or �“More 
disadvantageous�” with evidence listed to users. 

On concepts, it is essential (6) to understand the concepts of opinions and perform the 
expansion on concepts to extract correct answers.  In the question �“Is civil ID card secure?�” it 
is vital to know the definition and expansion of being secure.  Keeping public�’s privacy, 
ensuring system�’s security, and protecting fingerprints�’ obtainment are possible security 
points.  For (7) the concept of targets, the idea is the same as the concept of opinions except 
that it is about targets.  For instance, the question �“What do Taiwanese think about the 
substitute program of Joint College Entrance Examination?�” necessitates the comprehension 
of what the substitute program is or the alias of this program, and then the system can seek 
for text spans which hold opinions towards it. 

Among the 707 opinion questions from OPQ corpus, answers of 160 opinion questions are 
found in the NTCIR corpus. These 160 opinion questions are analyzed based on the above 
seven challenges.  Table 2 lists the number of questions (#Q) with respect to the number of 
challenges (#C).   

 

#C 1 2 3 4 5 6 7 Total
#Q 19 47 39 30 13 12 0 160

Table 2. Challenge of Opinion Questions. 
 

A total of 60 questions are selected for further annotation based on their challenges.  
Sentences are annotated as whether they are opinions (Opinion), whether they are relevant to 
the topic (Rel2T), whether they are relevant to the question (Rel2Q), and whether they contain 
answers (AnswerQ).  If sentences are annotated as relevant to the question, annotators further 
annotate the text spans which contribute answers to the question (CorrectMU). 

4 Two-layered Question Classification 
A two-layered classification, i.e. with Q-Classifier and OPQ-Classifier, is proposed.  Q-
Classifier separates opinion questions from factual ones, and OPQ-Classifier tells types of 
opinion questions. 

4.1 Types of Opinion Questions 
According to opinion questions themselves and their corresponding answers, we define six 
opinion question types as follows. 

 
(1) Holder (HD) 

Definition: Asking who the expresser of the specific opinion is. 
Example: Who supports the civil ID card? 
Answer: Entities and the corresponding evidence. 

 
(2) Target (TG) 

Definition: Asking whom the holder�’s attitude is toward.   
Example: Who does the public think should be responsible for the airplane crash? 
Answer: Entities and the corresponding evidence. 

 
(3) Attitude (AT) 

Definition: Asking what the attitude of a holder to a specific target is. 
Example: How do people feel about the affair of the U.S. President Clinton? 
Answer: Question-related opinions, separated into support, neutral, and non-support 
categories. 
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(4) Reason (RS) 

Definition: Asking the reasons of an explicit or an implicit holder�’s attitude to a specific 
target.   
Example: Why do people think better not to have the college entrance exam? 
Answer: Reasons for taking the stand specified. 

 
(5) Majority (MJ) 

Definition: Asking which option, listed or not listed, is the majority.   
Example: If the government tries to carry out the usage of the civil ID card, will its reputation 
get better or worse? 
Answer: The majority of support, neutral and non-support evidence.  

 
(6) Yes/No (YN) 

Definition: Asking whether their statements are correct. 
Example: Is the airplane crash caused by management problems? 
Answer: The stronger opinion, i.e. yes or no. 

4.2 Q-Classifier 
Q-Classifier distinguishes opinion questions from factual questions.  We use See5 (Quinlan, 
2000) to train Q-Classifier.  Seven features are employed.  The feature pretype (PTY) denotes 
types in factual QA systems such as SELECTION, YESNO, METHOD, REASON, PERSON, 
LOCATION, PERSONDEF, DATE, QUANTITY, DEFINITION, OBJECT, and MISC and 
extracted by a conventional QA system (reference removed for blind review).  For example, 
the value of pretype in �“Who is Tom Cruise married to?�” is PERSON.  

The other six features are operator (OPR), positive (POS), negative (NEG), totalow 
(TOW), totalscore (TSR), and maxscore (MSR).  A public available sentiment dictionary (Ku 
et al., 2006), which contains 2,655 positive opinion keywords, 7,767 negative opinion 
keywords, and 150 opinion operators, is used to tell if there are any positive (negative) 
opinion keywords and operators in questions.  Each opinion keyword has a score expressing 
the degree of tendency.  The feature operator (OPR) includes words of actions for expressing 
opinions.  For example, say, think, and believe can be hints for extracting opinions.  A total 
of 151 operators are manually collected.  The feature totalow (TOW) is the total number of 
opinion operators, positive opinion keywords, and negative opinion keywords in a question.  
The feature totalscore (TSR) is the overall opinion score of the whole question, while the 
feature maxscore (MSR) is the absolute maximum opinion score of opinion keywords in a 
question. 

Section 3 mentions that 2,443 factual questions and 1,289 opinion questions from four 
different sources are collected.  To keep the quantities of factual and opinion questions 
balanced, 1,289 factual questions are randomly selected from 2,443 questions and a total of 
2,578 questions are employed.  We adopt See5 to generate the decision tree based on 
different combinations of features. 

With a 10-fold cross-validation, See5 outputs the resulting decision trees for each 10 folds, 
and a summary with the mean of error rates produced by these 10 folds.  Table 3 shows 
experimental results.  Only with feature x shows the error rate of using one single feature, 
while with all but feature x shows the error rate of using all features except the specified 
feature. 
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feature x PTY OPR POS NEG
only with feature x 19.6 38.5 34.9 35.3

with all but feature x 16.3 12.7 13.7 12.2
feature x TOW TSR MSR ALL

only with feature x 21.9 26.6 29.6 12.2
with all but feature x 14.8 12.4 12.8  

Table 3. Error Rates of Q-Classifier. 
 

 
The features pretype (PTY) and totalow (TOW) perform best in reducing errors when used 

alone.  They also cannot be ignored since the error rate increases more when they are 
excluded.  The feature totalow shows that if a question contains more opinion keywords, it is 
more possible to be an opinion question.  After all features are considered together, the best 
performance is 87.8%.  

4.3 OPQ-Classifier 
OPQ-Classifier categorizes opinion questions into the corresponding opinion question types. 
We first examine if there is any specific patterns in the question.  If yes, then the rule for the 
pattern is applied.  Otherwise, a scoring function is applied. 

The heuristic rules are listed as follows. 
 

(1) The pattern �“A-not-A�”: Yes/No 
(2) End with question words: Yes/No 
(3) �“Who�” + opinion operator: Holder 
(4) �“Who�” + passive tense: Target 
(5) pretype (PTY) is Reason: Reason 
(6) pretype (PTY) is Selection: Majority 

 
A scoring function deals with those questions which cannot be classified by the above 

patterns.  Unigrams, bigrams and trigrams in training questions are selected as feature 
candidates.  These feature candidates are separated into two types.  A topic dependent feature 
is only meaningful in questions of some topics, while general features may appear in 
questions of all kinds of topics.  If a feature is topic dependent (e.g. human cloning and 
Clinton), it is dropped from the feature set.  Only general features (e.g. is or is not, whether, 
and reason) are kept.  Finally a set of features is obtained from the training questions.  Then 
the discriminate power of these features is calculated as follows. 

First, the observation probability of a feature i in the question type j is defined in Formula 
(1).  
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where i is the index of the feature, j is the index of the question type, and NumQ represents 
the number of questions.  The observation probability shows how often a feature is observed 
in each type.  It is then normalized by Formula (2).   
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Every feature has six normalized observation probabilities corresponding to the six types.  
With these probabilities, the score ScoreQ of a question can be calculated by Formula (3). 
 

n

i
o jiNPjScoreQ
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ʳ

(3)

 
where n is the total number of features in question Q, and ScoreQ(j) represents the score of 
question Q as type j.  Since there are six possible opinion question types, the six ScoreQ 
represent how possible the question Q belongs to each type.  These six scores form the 
feature vector of the question Q for classification. 

Training instances are used to find the centroid of each type.  The Pearson correlation is 
adopted as the distance measure.  The distances between the testing opinion questions and the 
six centroids are calculated to assign the opinion questions to the closest type. 

 
 

Opinion question type Number HD TG AT RS MJ YN
HD 27 0 0 1 0 0 
TG 0 5 0 0 0 0 
AT 0 0 68 0 0 0 
RS 1 0 4 17 0 0 
MJ 0 0 0 0 8 0 
YN 3 3 15 5 5 385C

la
ss

ifi
ed

 a
s 

Total 31 8 87 23 13 385

Table 4. Confusion Matrix (Number). 
 

 
Opinion question type % HD TG AT RS MJ YN

HD 87.1 0.0 0.0 4.4 0.0 0.0
TG 0.0 62.5 0.0 0.0 0.0 0.0
AT 0.0 0.0 78.2 0.0 0.0 0.0
RS 3.2 0.0 4.6 73.9 0.0 0.0
MJ 0.0 0.0 0.0 0.0 61.5 0.0
YN 9.7 37.5 17.2 21.7 38.5 100C

la
ss

ifi
ed

 a
s 

Total 100 100 100 100 100 100

Table 5. Confusion Matrix (Percentage). 
 
We use the OPQ corpus in Section 3 for the evaluation of the OPQ-Classifier.  The opinion 

types of these opinion questions are manually given.  Among the 707 opinion questions, 
answers of 160 opinion questions are found in the NTCIR corpus.  They are used as the 
training data for an intensive analysis of both questions and answers.  The rest 547 opinion 
questions are used as the testing data.  The confusion matrix of the OPQ-Classifier is shown 
in Table 4 and 5.  The average accuracy is 92.5%.  There are fewer questions of target (TG) 
and majority (MJ) types, 8 and 13 in testing collection respectively. The unsatisfactory results 
of these two types may due to the lack of training questions. 
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5 Answer Passage Retrieval 
Figure 2 shows the framework of answer passage retrieval in an opinion QA system.  The 
question focus supplied by the question analysis serves as the input to an Okapi IR system to 
retrieve relevant sentences from the knowledge base.  Relevant sentences are further detected 
to identify whether the focus (Focus Detection) is in a scope of opinion text spans (Opinion 
Scope Identification) or not, and if yes, whether the polarity of the scope matches with the 
polarity of the question (Polarity Detection).  The details are discussed in the following 
sections. 

 
 

 

 
Figure 2. Answer Passage Retrieval. 

 
 

5.1 Question Focus Extraction 
The first stage of answer passage retrieval is to input the question focus as a query into an IR 
system to retrieve relevant sentences from the knowledge base.  These retrieved sentences 
may contain answers for a question.  A set of content words in one question is used to 
represent its focus.   The following steps extract a set of content words as the question focus 
and formulate a query. 
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(1) Remove question marks. 
(2) Remove question words. 
(3) Remove opinion operators. 
(4) Remove negation words. 
(5) Name the remaining terms as focus. 
(6) Use the Boolean OR operator to form a query. 
 
Since question marks and question words are common in every question, they do not 

contribute to the retrieval of relevant sentences, and therefore are removed.  Opinion 
operators and negation words are removed as well since they represent the question polarity 
instead of the question focus.  Once we have the question focus, we use the Boolean OR 
operator rather than the AND operator to form a query.   This is because we prefer the IR 
system to return sentences that have any relevancy to the question. 

5.2 Question Polarity Detection 
The polarity of the question is useful in opinion QA systems to filter out query-relevant 
sentences which have different polarities from the question.  If the question polarity is 
positive, the sentences providing answers ought to be positive, and vice versa.  The polarity 
detection algorithm is shown as follows. 

 
(1) Determine the polarity of the opinion operator.  1 is for positive, 0 is for neutral, 

and -1 is for negative. 
(2) Negate the operator polarity if there is any negation word anterior to the operator. 
(3) Determine the polarity of the question focus.  1 is for positive, 0 is for neutral, and -

1 is for negative. 
(4) If one of the operator polarity and question focus is 0 (neutral), output the sign of 

the other; else output the sign of the product of the polarities of the opinion operator 
and the question focus. 

 
We regard the polarity of the question focus together with the polarity of the opinion 

operator because the opinion operator primarily shows the opinion tendency of the question 
and different polarities of the question focus can affect the polarity of the entire question.  A 
positive opinion operator stands for a supportive attitude such as �“agree�”, �“approve�”, and 
�“support�”.  A neutral opinion operator stands for a neutral attitude such as �“state�”, �“mention�”, 
and �“indicate�”.  A negative opinion operator stands for a not-supportive attitude such as 
�“doubt�”, �“disapprove�”, and �“protest�”.  In the question �“Who approves the Joint College 
Entrance Examination?�”, �“approve�” is a positive operator, and �“the Joint College Entrance 
Examination�” is a neutral question focus.  The overall polarity of this question is positive, so 
the opinion QA system needs to retrieve sentences that contain a positive polarity to �“the 
Joint College Entrance Examination.�”  In contrast, in the question �“Who agrees the 
abolishment of the Joint College Entrance Examination?�”, the question focus �“the 
abolishment of the Joint College Entrance Examination�” becomes negative because of �“the 
abolishment�”.  Even though the operator is positive, opinion QA systems still have to look for 
sentences that contain negative opinions toward �“the Joint College Entrance Examination.�” 

5.3 Opinion Scope Identification  
In Chinese, a sentence ending with a full stop may be composed of several sentence 
fragments sf separated by commas or semicolons as follows: �”sf1Ǵsf2Ǵsf3Ǵ�…ǴsfnǶ�”.  
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This paper (reference removed for blind review) shows that about 75% of Chinese sentences 
contain more than two sentence fragments.  

An opinion scope denotes a range expressing attitudes in a sentence.  It may be a complete 
sentence, a sentence fragment, or a meaningful unit (MU) based on different criteria.  It is 
very common that many concepts are expressed within one sentence in Chinese documents.  
Therefore to identify the complete concept, which is denoted as a meaningful unit, in 
sentences is necessary for the processing of relevant opinions.  As mentioned, a Chinese 
sentence is composed of several sentence fragments, and one or more of them can form a 
meaningful unit, which expresses a complete concept.  This paper (reference removed) 
employed linking elements (Li and Thompson, 1981) such as �“because�”, �“when�”, etc. to 
compose MUs from a sentence.  In S (in Chinese), �“ӢԜ�” (thus) is a linking element which 
links sf2, sf3, and sf4 together, and sf2 is a subordinate clause of the operator �“߄Ң�” (indicate) 
in sf1.  Therefore, sf1, sf2, sf3, and sf4 form a MU in this case.  

 
S:      sf1: ໳ے኷߄Ң(indicate:operator)Ǵ 

sf2: วՉ୯҇ ICь౐ੋډ୷ҁΓ៾Ǵ 
sf3: ӢԜ(thus:linking element)Ǵ 
sf4: ӧ،฼ၸำ΢Ѹ໪࣬྽ᝄஏǴ 
sf5: ٯӵВҁ൩҂วՉ୯҇يҽ᛾Ƕ 

 

5.4  Focus Detection 
The IR system takes a sentence as a retrieval unit and reports those sentences that are 
probably relevant to a given query.  The focus detection aims to know which sentence 
fragments are useful to extract answer passages.  Three criteria of focus detection, namely 
exact match, partial match, and lenient, are considered.  In an extreme case (i.e. lenient), all 
the fragments in a retrieved sentence are regarded as relevant to the question focus.  In 
another extreme case (i.e. exact match), only the fragment containing the complete question 
focus is regarded as relevant.  In other words, exact match filters out the irrelevant fragments 
from the retrieved sentences.  Partial match is weaker than exact match and is stronger than 
the lenient criterion.  Those fragments which contain a part of the question focus are regarded 
as relevant. 

There are three criteria for focus detection and opinion scope identification, respectively, 
thus a total of 9 combinations are considered.  For example, a combination of exact match 
and meaningful units means there is at least one focus in meaningful units.  Similarly, a 
combination of partial match and sentence fragments indicates that there is at least one 
partial focus in sentence fragments.  

5.5 Polarity Detection 
Given a combination of the above strategies, we have a set of opinion scopes relevant to the 
specific focus.  Polarity detection tries to identify the scopes which have the same polarities 
as the question.  How to determine the opinion polarity is an important issue.  Two 
approaches are adopted.  The opinion word approach employs a sentiment dictionary to 
detect if some words in this dictionary appear in a scope.  The score of an opinion scope is 
the sum of the scores of these words.  

People sometimes imply their feelings or beliefs toward a particular target or event by 
actions.  For example, people may not say �“Objection!�” to disagree an event, but they may try 
to abolish or terminate it as possible as they could.  On the other hand, people may not say 
�“I�’m loving it!�” to show their delight to an event, but they may try to fight for it or legalize it.  
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In both circumstances, what people take in action expresses their opinions.  Action words are 
those which indicate a person�’s willing of doing or not doing some behaviors.  For example, 
carry out, seek, and follow are words showing willingness to do something, and we name 
these words as do’s; substitute, stop, and boycott are words showing unwillingness to do 
something, and we name these words as don’ts.  In the action word approach, we detect 
opinions in scopes with the help of a seed vocabulary of do’s and don’ts, together with a 
sentiment dictionary/  

5.6 Experiments on Answer Passage Retrieval 
The F-measure metric is used for evaluation for the answer passage retrieval.  To answer an 
opinion question, all answer passages have to be retrieved for opinion polarity judgment.  
Therefore, the conventional evaluation metric that uses the precision and recall at a certain 
rank, e.g. top 10, may not be suitable for this task.  Since all answer passages, sentence 
fragments and meaningful units which provide correct answers are already annotated in the 
testing bed, the F-measure metric can be applied without questions.  Tables 6 and 7 show the 
F-measures of answer passage retrieval using the opinion word approach and the action word 
approach, respectively.  In these two approaches, adopting meaningful units as opinion 
scopes is better than adopting sentences and sentence fragments.  Considering both opinion 
and action words are better than opinion words only.  The best F-measure 40.59% is achieved 
when meaningful units and partial match are used.   

 
 

Opinion Scope!ʈ 
Focus Detection  

sentence sentence
fragment

meaningful 
unit 

Exact Match 32.09% 36.06% 36.25%ʳ
Partial Match 27.32% 27.46% 33.09%ʳ
Lenient 19.91% 19.95% 25.05%ʳ

Table 6. F-Measure of Opinion Word Approach. 
 

Opinion Scope!ʈ 
Focus Detection  

sentence sentence
fragment

meaningful 
unit 

Exact Match 28.75% 30.20% 36.36%ʳ
Partial Match 32.83% 35.09% 40.59%ʳ
Lenient 27.15% 29.19% 32.87%ʳ

Table 7. F-Measure of Action Word Approach. 
 

5.7 Experiments on Relevance Effects 
The previous experiments were done on sentences reported by the Okapi IR system.  These 
retrieved sentences are not all relevant to the questions.  This section will discuss how the 
relevance affects answer passage retrieval.  Recall that the experimental corpus is annotated 
with Rel2T (relevant or irrelevant to the topic), Rel2Q (relevant or irrelevant to the question), 
CorrectMU (text spans containing answers to the question). 

Assume meaningful units are taken as the opinion scope.  Tables 8 and 9 show how 
relevance influences the performance of answer passage retrieval using the opinion word and 
action word approaches, respectively. 
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Rel Degree!ʈ 
Focus Detection  

Rel2T Rel2Q CorrectMU 

Exact Match 36.69% 36.73% 50.43%ʳ
Partial Match 34.79% 47.15% 70.15%ʳ
Lenient 28.03% 48.35% 80.73%ʳ

Table 8. Relevance Effects on Answer Passage Retrieval Using Opinion Word 
Approach. 

 
 

Rel Degree!ʈ 
Focus Detection  

Rel2T Rel2Q CorrectMU 

Exact Match 36.88% 36.92% 48.99%ʳ
Partial Match 41.90% 50.37% 72.84%ʳ
Lenient 37.04% 53.06% 84.96%ʳ

Table 9. Relevance Effects on Answer Passage Retrieval Using Action Word 
Approach. 

 

Rel2T shows the performance of using answer passages relevant to the six topics, that is, 
the original relevant documents from NTCIR CLIR task.  Rel2Q shows the performance of 
using answer passages relevant to the questions, while CorrectMU shows the performance of 
using correct opinion fragments, which are relevant to the question focus, to decide opinion 
polarities.  Rel2T is similar to the relevant sentence retrieval, which was shown to be tough in 
TREC novelty track (Soboroff and Harman, 2003).  From Rel2T to Rel2Q and CorrectMU, 
the best strategy for matching the question focus switches from partial match to lenient.  This 
is reasonable, since the contents of Rel2Q and CorrectMU are already relevant to the question 
focus.  In Rel2Q, doing focus detection doesn�’t benefit or harm a lot (50.37% vs. 53.06%).  It 
shows that the question focus will appear exactly or partially in the relevant sentences.  
However, focus detection lowers the performance in CorrectMU (72.84% vs. 84.96%).  It 
tells that the question focus and the correct meaningful units may appear in different positions 
within the sentence.  For example, the first meaningful unit talks about the question focus, 
while the third meaningful unit really answers the question but omits the question focus since 
it is mentioned earlier.  From Rel2T to Rel2Q, the F-measure does not increase as much as 
that from Rel2Q to CorrectMU.  This result shows that finding the correct fragments of 
passages to judge the opinion polarity is very crucial to answer passage retrieval.  The F-
measure of CorrectMU shows the performance of judging opinion polarities without the 
relevant issue.  Using either the opinion word approach or the action word approach achieves 
an F-measure greater than 80%.  As a whole, including action words is better than using 
opinion words only. 

6 Conclusion 
This paper proposes some important techniques for opinion question answering.  For question 
classification, a two-layered framework including two classifiers is proposed.  General 
questions are divided into factual and opinion questions, and then opinion questions 
themselves are classified into one of the six opinion question types defined in this paperˁ 
With both factual and opinion features for a decision tree model, the classifier achieves a 
precision rate of 87.8% for general question classification.  With heuristic rules and the 
Pearson correlation coefficient as the distance measurement, the classifier achieves a 
precision rate of 92.5% for opinion question classification.   
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For opinion answer passage retrieval, we concern not only the relevance but also the 
sentiment.  Considering both opinion words and action words is better than considering 
opinion words only.  Taking meaningful units as the opinion scope is better than taking 
sentences.  Under the action word approach, the best model achieves an F-measure of 40.59% 
using partial match at the level of meaningful unit.  With relevance issues removed, the F-
measure of the best model boosts up to 84.96%.  Understanding the meaning of the question 
focus is important for the relevance detection, but some foci are quite challenging in the 
experiments.  Query expansion and concept ontology will be explored in the future. 
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ኴ૞ 

հჸ಻ဲΖٽิࢤဲࢨᠨຑဲΕԿຑဲΕ؄ຑဲհဲნנ࠷ᨏឯޡՀ؄ଡא࠷ආߒઔء

ଈ٣ආش Smadja’s Xtractऱؓ݁ᑇ֗᧢ฆᑇऱֱऄΔឯڶࠠ࠷᧢೯၏ᠦᑓנٵ٥ࢬڤ෼
ऱဲნࢤဲࢨऱิٽΔ൷ထشࠌჸ಻ဲ᧩ထࢤऱᘝၦֱऄΚઌյᇷಛଖ֗ T ᛀࡳଖΖ
ຏመאՂᛀ᧭ऱଢᙇჸ಻ဲΔᆖطኙᅃխ؇ઔߒೃဲᆠᑑق፿ற஄հؾᑑဲऱ࿨࣠Δڇ

ઔءΔ׊ࠀवᢝΖق੡ဲᆠᑑ܂ჸ಻ဲڼאଚݺ੡ԫଡဲᆠृΔঞٵᑌऱሀ၏ՀΔૉٵ

๠෻Δሒࠩقᆠ۞೯ᑑဲ࣍شհჸ಻ᇷಛᚨנലขߒ 20.07%ऱᚨش෷֗ 90.83%ऱإᒔ
෷Ζ 

Abstract 

We take the four following steps to extract collocations made of combinations of 2, 3, 4 
words and/or part of speech, respectively. First, we use “Smadja’s Xtract” to extract the 
co-occurrence combinations of words and/or part of speech of varying distance by  
computing means and variances. Second, we evaluate the significances of collocation 
candidates by 2 metrics: mutual information and t-test value. At last, we compare the head 
words of tagged word sense corpus made by Academic Sinica with the collocation candidates. 
If in the same distance, the head words of collocation candidates match the ones made by 
Academic Sinica, we say they are collocations. In addition, we apply the collocation 
information produced from this research to word sense disambiguation. It reaches application 
rate of 20.07% and precision rate of 90.83%. 
 

ᣂ᝶ဲΚխ֮ჸ಻ဲΔઌյᇷಛଖΔ۞ྥ፿ߢ๠෻ΔอૠֱऄΔTᛀࡳଖΔဲᆠᙃᢝ 

Keywords: Chinese collocation, mutual information, natural language processing, statistical 
method, t-test, word sense disambiguation. 
 

ԫΕ១տ 

լاٵගऱᖵ֮׾֏वᢝહན֗אԳଚऱ৸ە᧤ᙀᑓڤլٵΔ઎ৱٵᑌऱԳࠃढΕٵᑌ

ऱ۩੡ൣቼመ࿓Δڇ፿ߢऱ༴૪ՂՈᄎࢬڶլٵΖޢଡچ೴ऱ፿ߢຟࠡڶ฾ክࢤऱش
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ऄΔۖࢬᘯऱჸ಻ဲ (collocation) ᐖᆠۖߢΔ༉ਢਐࠟଡڍࢨଡဲࠉᅃ፿ߢ฾ክࢤ࿨
ऱᇞᦰΔٵլڶٺᏆ഑Ղߒऱઔٵլڇਬጟ௽௘რොऱဲნ෼ွΖჸ಻ဲقԫದ।ڇٽ

ऱᖂृټჸ಻ဲထߒᆠΖઔࡳऱࢤԫીڶآࡸ Smadja [1] ࡳᆠჸ಻ဲאڶՀ؄ଡ௽ᐛΚ
1Εჸ಻ဲਢٚრဲऱิٽΙ2Εჸ಻ဲࡉᏆ഑ઌᣂΙ3Εჸ಻ဲਢૹᓤנ෼ऱΙ4Εჸ಻
ഏԳ؆࣍ኙ܀Δ࣐Ո๺ઌᅝ୲ࡳܒჸ಻ဲऱ࣍ኙृشࠌ፿ئΖࢤ֧ܮნऱյઌဲڶࠠဲ

ऱ፿ߢᖂ฾Δൄᄎᎄشჸ಻፿ဲΖ࢓אኙ࣍ჸ಻ဲ۞೯ឯ࠷ऱઔߒΔՕڍਢಾኙ૎፿ߓ

፿ற೚๠෻Ζ۟࣍ឯ࠷խ֮ჸ಻ဲऱઌᣂ֮᣸սྥਢઌᅝ࿕֟ऱΔءڼڂઔشܓߒอૠ

ऱֱڤኙՕ๵ᑓऱխ֮ᇷறၞ۩։࣫אឯנ࠷խ֮ჸ಻ Ζဲࠡ ขנऱ࿨࣠ലאױᚨڇش

۞ྥ፿ߢઌᣂ๠෻ՂΔڕࠏΚဲᆠ۞೯ᑑقΕᇷಛᛀ౉Εᖲᕴ៬᤟֗א᢯ࠢᒳᤊΖ 

شჸ಻ဲऱૹ૞௽ᐛΔආ࠷੡ឯ܂ઃࢤᢰဲნ֗ဲࡌലנ༽ߒઔء Smadja’s Xtract 
[1] ഗ࣍อૠՂऱؓ݁ᑇ֗᧢ฆᑇհֱऄΔऴ൷ឯڶࠠנ࠷᧢೯၏ᠦᑓנٵ٥ࢬڤ෼ऱ
ဲნࢤဲࢨհิٽΔشࠌ٦ჸ಻ဲ᧩ထࢤऱᘝၦֱऄΚઌյᇷಛଖ (Mutual Information) 
ࡉ T ᛀࡳଖΖຏመאՂᛀ᧭ऱଢᙇჸ಻ဲΔ່ڇ৵ࡳܒჸ಻ဲऱഗᄷΔਢഗޢ࣍ଡჸ
಻ဲႛԫଡဲᆠऱ଺[2] طΔݺଚආ࠷ᆖطኙᅃխ؇ઔߒೃဲᆠᑑق፿ற஄ SSTC 
(Sinica Sense-Tagged Corpus) [3]Δڇઌؾٵᑑဲნࡌࡉᢰဲნᇷಛऱሀ၏ՀΔؾᑑဲڇ
፿ற஄ಝᒭᇷறऱࠏဲڶࢬխΔૉႛࠠഄԫဲᆠΔঞݺଚ༉ലڼჸ಻ဲឯ࠷੡ဲᆠᑑق

वᢝΙၞԫא٦ޡઌٵऱֱۖၞڤឯ࠷Կຑဲ֗؄ຑဲհჸ಻ဲΖ່৵ݺଚലขנհჸ

಻ᇷಛᚨဲ࣍شᆠ۞೯ᑑق๠෻Ζ 

ߒઔء๬հઌᣂ֮᣸൶ಘΖรԿᆏᎅࣔݾ࠷ᣂჸ಻ဲឯڶՀΔรԲᆏਢڕ៣ิ֮ء

 ऱ᜔࿨Ζ֮ءჸ಻ဲֱऄΖร؄ᆏ੡ኔ᧭๻ૠፖ࿨࣠ေ۷Ζ່৵Δਢ࠷հឯנ༽
 

ԲΕઌᣂ֮᣸ 

௅ᖕอૠֱऄឯ࠷ჸ಻ဲऱઌᣂ֮᣸խΔSmadja’s Xtract [1] ආ݁ؓشᑇ֗᧢ฆᑇऱֱ
ऄ࣍૎֮ऱ፿றխឯ࠷ᠨຑဲΔطࠀᠨຑဲհ࿨࣠ឩᏺឯ࠷ nຑဲΔֱڼऄ๯ᎁ੡ਢឯ
ჸ಻ဲऱᆖֱࠢऄΖBreidt [4] ലઌյᇷಛଖ֗࠷ Tᛀࡳ࿨࣍شࠌٽᐚ֮ऱ፿றխឯ࠷
೯ဲ-ဲټऱჸ಻ Ζဲڇխ֮ऱჸ಻ဲઔߒխΔLu [5] ࿛ԳऱCXtractઔߒխᚨشSmadja’s 
Xtractऱֱऄ࣍խ֮፿றխΔࠡ܀ઔߒመ࿓ࢬ๻ᆜऱ॰ាଖᄎലԫࠄᄕױڶ౨੡ჸ಻ဲ
ऱࡌᢰဲመៀൾΖലჸ಻ဲᚨࠡ࣍ش،۞ྥ፿ߢ๠෻ऱઌᣂᏆ഑հઔߒΔֱ߫࿴ [6] ࿛
ᑇΕ᧢ฆᑇ֗݁ؓش T ᛀࡳऱֱऄ൓ࠩဲፖဲհၴჸ಻ൎ৫এᑇΔࠀലڼ࿨࣠ᚨ࣍ش
ჼ౉֧ᚯխᜍ྇ᛀ౉؁՗խऱࣴᆠ৫Ζ࣑٤Ⴇ [7] ࿛شܓჸ಻ဲࠢऱ᎖ܗᛧ່࠷ᚌጟ
՗Δ່ط٦ᚌጟ՗۞೯ᖂ฾ឩךਐဲقႃΔဲܗڶᆠᙃᢝհ๠෻Ζڶᣂဲᆠᙃᢝऱઌᣂ

ઔߒխΔࠡխא፿ற੡ഗ៕ऱ጑ᅮڤᖂ฾ऄਢ່੡פګऱֱऄΔ׌૞ਢࠉᖕՂՀ֮ऱ௽

ᐛࠐ೴ܑࣴᆠဲΔڂ܀ՂՀ֮נٵ٥෼ऱဲნᑇၦ֜ڍΔૉ٤ຟ೚੡ಝᒭऱᑌءᄎࠌ൓

ᠧಛৰڍΔڇᑑࣴقᆠဲழঞ୲࣐ᑑقᙑᎄΖLi [8] ༼נᜍ՛ՂՀ֮ऱᒤ໮Δشࠌჸ಻
ᆠဲழΔᅝՂՀ֮ࣴقᑑڇΔ࢚ऱᄗࢤჸ಻ဲऱࣴᆠဲဲᆠഄԫ࣍ഗ׊ࠀ੡௽ᐛΔ܂ဲ

ឯࠩ࠷ჸ಻ဲழΔՂՀ֮խࠡ،ဲნऱᐙ᥼ࢤല๯྇֟Ζഏփಾኙឯ࠷ჸ಻ဲऱઌᣂઔ

 ऱ፿ற஄ᇷᄭΔChen [9]ࢤழၴڶऱᇷᄭ։੡ࠟՕᣊΔรԫΔലጻሁီ੡ࠠشࠌ૞׌Δߒ
࿛Գشܓጻሁੌၦધᙕࡉ Googleჼ༈֧ᚯאឯ࠷ჸ಻ဲΔTeng [10] ࿛Գشܓጻሁຝᆵ
௑ᨠኘழၴࡉࢤჸ಻ဲհၴऱᣂᜤΙรԲΔؓشܓ۩፿ற஄ [11, 12, 13]Δ௅ᖕ፿ߢऱ
௽ᐛࡉอૠ։࣫ऱֱऄΔ࠷൓૎֮ऱჸ಻ဲ࿨ዌΔၞۖឯ࠷ᠨ፿ჸ಻ဲΖ 

೯ဲፖڕऱჸ಻ဲ࿨ዌΔڤᑌࡳࡐਢࢨნऱჸ಻ဲဲנ࠷ႛ౨ឯߒऱઔװመܑ࣍ڶ
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࣍Δഗٽհิࢤဲࠡࢨᢰဲნࡌၦီ࿗ᒤ໮փەנ༽ߒઔء࿛Ζဲټ୲ဲፖݮΕဲټ

Smadja’s XtractऱዝጩऄࡉઌյᇷಛଖΕTᛀࡳଖհอૠᛀ᧭ऱֱऄΔ֗אՕ๵ᑓխ֮
ဲᆠᑑق፿ற஄ SSTC [3] ऱ᎖ܗΔאឯנ࠷ᠨຑဲΕԿຑဲΕ؄ຑဲհჸ಻ဲΖ  

 

ԿΕ۞೯ឯ࠷ჸ಻ᇷಛֱऄ 

شΔଈ٣ආقࢬቹԫڕჸ಻ᇷಛ๠෻ֱऄ࠷հ۞೯ឯנ༽ࢬߒઔء Smadja’s Xtractऱዝ
ጩऄ [1, 5]Δឯဲנ࠷፿ၴၴሶࠡ،ဲნנٵ٥ࢬ෼ऱଢᙇჸ಻ဲΔ൷Հࠐආشઌյᇷ
ಛଖ֗ T ᛀࡳଖऱֱڤᛀ᧭ࢬឯנ࠷ऱଢᙇჸ಻ဲڇ፿ற஄խנٵ٥෼ऱ᧩ထ࿓৫Δ
່৵੡ჸ಻ဲ࿨࣠ऱࡳܒΔݺଚኙᅃխ؇ઔߒೃ SSTCဲᆠᑑق፿ற஄Δૉؾᑑဲဲᆠ
 ੡ჸ಻ဲΖࠡࡳΔঞᎁृࢤഄԫڶࠠ

 
ᔈҔ Smadja’s XtractБݤᘏڗрڀԖᡂ୏ຯᚆኳԄ܌Ӆӕр౜ޑຒ༼ 

 
ीᆉ࣬ϕၗૻॶ(٩ྣॶޑଯե௨ׇ)

 
ीᆉTᔠۓॶ(ᔠᡍམଛޑᡉ๱܄)

 
(܄୤΋ޑ٩ᏵҞ኱ຒς኱Ңຒက)མଛຒۓ،

ቹԫΕ۞೯ឯ࠷ჸ಻ᇷಛ๠෻ֱऄհੌ࿓ቹ 

 

ΰԫαឯࠠ࠷᧢೯၏ᠦᑓڤհ٥෼ဲნ 

ଈ٣๻ؾࡳᑑဲΔ๻ᆜ؁א՗੡໢ۯΔᒳᙀؾᑑဲհࡌᢰဲნሀ၏੡ ˷ऱီ࿗փࡌᢰᇷ

ಛΖؾڇᑑဲऱʳ ±dʳ ሀ၏փऱࡌᢰဲጠ܂ iw  ( ni1 , n੡ࡌڶࢬᢰဲऱଡᑇἸ๻ࡳ iw

รڇ jଡۯᆜʳ ʻፖؾᑑဲऱ၏ᠦʼʳ ᆠ੡ࡳᑇڻ෼ऱנ jif , Ιࡌᢰဲ iw ᑑဲʳؾڇ ̈́˷ʳ ሀ၏

փ᜔נ٥෼ऱڻᑇࡳᆠ੡ʳ
d

d
jii ff , Ι if ऱؓ݁ڻᑇ੡

d

d
jii dff 2/, Ιಾኙޢԫଡؾ

ᑑဲΔؓ݁ڻᑇ
n

i
ifn

f
1

1
ᑑᄷ஁੡ࡉ

n

i
i ff

n 1

2)(1
Ιࡌᢰဲؾڇᑑဲʳ ̈́˷ʳ ሀ၏

փ᜔נ٥෼ऱڻᑇᆖᑑᄷ֏৵ࡳᆠ੡
ffk i

i Ιࡌᢰဲؾڇᑑဲʳ ̈́˷ʳ ሀ၏փנ෼ڻᑇ

հ᧢ฆᑇࡳᆠ੡
d

ff
U ji

i 2
)( ,
Δ।ࡌقᢰဲ։܉ऱ௽ᐛΖ੡Աመៀլ֜ױ౨੡ჸ಻

ဲऱิٽΔ๻ࡳ ),,( 010 UKK ऱᆖ᧭॰ាଖΔאՀ٨Կଡයٙʳ ˮ˄˰ʳ ᖕΚʳࠉ੡መៀऱ܂
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01 : K
ff

kC i
i ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˄ʼʳ

02 : UuC i ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻ˅ʼʳ

)(: 1,3 iiji uKffC ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˆʼʳ

ಾኙՂ૪Կଡයٙܒឰ։૪ڕՀΚ 1C යٙਢᘝၦࡌᢰဲؾڇᑑဲʳ ̈́˷ ሀ၏փנࢬ
෼ऱڻᑇΔመៀൾ٥෼ڻᑇ֜܅ऱࡌᢰဲΙ 2C යٙਢᘝၦࡌᢰဲؾڇᑑဲʳ ̈́˷ ሀ၏փ
ᑇؓ݁ΔঞലࠡመៀൾΔڻ׊։ཋ࣍መ܉ᆜ։ۯଡٺڇᢰဲࡌΔૉݮൣ܉ᆜऱ։ۯଡٺ

ఎՀנ෼ڻᑇٺڇଡۯᆜՂࠠڶ᧢ฆࢤለՕऱࡌᢰဲΖ 3C යٙঞឯࡌנ࠷ᢰဲؾڇᑑ
ဲʳ ̈́˷ʳ ሀ၏փנ෼ڻᑇለ੡ડנऱۯᆜΖ׊ࠀഗ࣍ჸ಻ဲؘႊנ෼࣍ഄԫۯࡳࡐ׊ᆜհ

଺طΔאࢬᆖ ˦̀˴˷˽˴ϗ̆ʳ ˫̇̅˴˶̇ ॰ាଖመៀ৵ऱଢᙇჸ಻ဲΔૉਢಾኙٵԫଡؾᑑဲΔ

ઌࡌٵᢰဲנ෼࣍լۯٵᆜृΔݺଚঞലڼଢᙇჸ಻ဲܔೈΔᎁࠡࡳլ੡ჸ಻ဲΖʳ

ΰԲαઌյᇷಛଖʳ

൷ထΔݺଚආشᘝၦࠟଡٙࠃઌᣂ࿓৫ऱઌյᇷಛଖʳ ˮ˄ˇ˰Δࠡࠐش।ࠟقଡဲნၴΔԫ

ଡဲנ෼ࢬ൅࿯׼ԫଡဲנ෼ऱᇷಛၦΖઌյᇷಛଖऱૠጩֱڕڤֆڤʳ ʻˇʼˍʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ )()(
),(log),(
yPxP

yxPyxMI
ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʻˇʼʳ

ʳ ᆖطรԫޡᨏऱֱऄመៀ৵Δݺଚ٦ૠጩؾᑑဲნፖࡌᢰဲნհઌյᇷಛଖΔࠀല

ઌյᇷಛଖ֜ृ܅۞ჸ಻ଢᙇ۩٨խඈೈΖʳ

ΰԿαTᛀࡳଖʳ

੡Աᒔࡳჸ಻ဲऱ᧩ထ࿓৫Δݺଚආش೗๻ᛀࡳխऱ ˧ᛀࡳଖʳ [14]ʳ ᛀ᧭ଢᙇჸ಻ဲࠐ
෼ऱဲნհၴյ੡ᗑנٵဠྤ೗๻Κࠟଡ٥ࡳ፿ற஄խ٥෼ऱ᧩ထ࿓৫Ζଈ٣Ꮑ๻ڇ

ʳڤֆڕڤଖऱૠጩֱࡳჸ಻ΖTᛀګݮΔլ౨م (5)Δࠡխ xࣁኬҁѳ֡ኧΙૉဠྤ೗
๻੡టΔܘ܄ࠩ࠹ٙࠃԺᇢ᧭ʳ (Bernoulli trial)ʳ ऱᐙ᥼Δঞؓ݁ᑇ pΙ᧢ฆᑇ

2s p(1-p) p Ζʳ

 

                                 

N
s

-xt
2

                                (5) 

ૉ T ᛀࡳଖՕ࣍ᜯ੺ଖΔঞݺଚലᄎࢴ࿪ဠྤ೗๻Δۖ൓נ࿨ᓵΚଢᙇჸ಻ဲڇ
፿ற஄խנٵ٥෼ਢࠠڶ᧩ထࢤऱΖ೗๻ T ᛀࡳଖ՛࣍ᜯ੺ଖΔঞݺଚךڶ޲։ᢞᖕ
 ଢᙇჸ಻ဲΖڼലᄎመៀൾאࢬ੡ჸ಻ဲΔࠡق᧩
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ΰ؄αެࡳჸ಻ဲ 

ഗ࣍ჸ಻ဲऱ໢ԫဲᆠ௽[2] ࢤΔၞԫݺޡଚطشܓխ؇ઔߒೃ SSTCဲᆠᑑق፿ற஄
[3] ऱᇷᄭΔലছԿၸ੄ᛀ᧭৵ऱ࿨࣠Δܒװឰؾᑑဲፖࡌᢰဲڇઌۯٵᆜऱ࿨ٽՀΔ
ၞ܂ଚ٦ݺᆠृΔࣴڶᑑဲࠠؾԫଡဲᆠΔૉٵઃ੡ܡᆠ፿ற஄խਢဲقբᑑڇᑑဲؾ

ԫޡऱመៀΙ࣍ط፿ߢऱڍᑌࢤΔSSTCဲᆠ፿ற஄ऱᇷᄭս᥆ྤૻڶऄᄗਔڶࢬᛀ᧭
ဲნΔڼڂΔૉਢؾᑑဲڇᇠ፿றխࠩބآᑑဲقᆠृΔݺଚՈᑉழലࠡመៀΖ 

 

؄Εኔ᧭ 

ಾኙኔࠀኔ᧭ऱ๻ૠΕ೶ᑇऱ๻ᆜΔኔ᧭࿨࣠Δ֗אऱ፿றΔشࠌࢬଚݺᆏଈ٣տฯء

᧭࿨࣠ၞ۩ေ۷Ζ 

ΰԫαኔ᧭፿றʳ

ਔץዧ፿ؓᘝ፿ற஄ΰ3.0ठαρΔࠡזೃ፿ற஄෼ߒπխ؇ઔشࠌኔ᧭፿றߒઔء 9,227
ᒧ֮ٙΔޢଡ؁՗բᆖឰဲ๠෻Δ׊ᑑಖဲࢤΔ٤ຝપ 500ᆄဲΔ፿றؓᘝ։ڇ܉լٵ
ऱ໾᧯ΰڕ໴౐Εᖂ๬ᓵ֮Εီᦫ໾᧯Εዝᎅ࿛αΕ፿ڤΰڕ஼૿᧯ΕዝᝑᒚΕᄎᤜಖ

ᙕ࿛α׌֗אᠲΰઝᖂΕୃᖂΕषᄎΕᢌ๬Εس੒Ε֮ᖂαՂΔਢଡᔞ࣍խ֮ઌᣂ๠෻

ऱז।ࢤ፿ற஄Ζ 

ΰԲαኔ᧭๻ૠʳ

ᠨຑဲΕԿנ࠷ΔឯٽऱิࢤဲࢨၦဲნەᨏΔޡᖕቹԫऱ๠෻ֱऄੌ࿓ቹհࠉ᧭ኔء

ຑဲΕ؄ຑဲհჸ಻ဲΖឯ࠷ჸ಻ဲऱᒤ໮๻ᆜΔሀ၏ਐऱਢؾᑑဲؐ׳၏ᠦࢬሀऱᒤ

໮Δࠡࠉױᅃ፿றऱլ܂ٵᓳᖞΔءኔ᧭ڂഗ࣍ჸ಻ဲլሀ။ᑑរฤᇆհ଺ঞΔࠉᖕݺ

ଚऱ፿றխ᧩قΔᑑរฤᇆፖᑑរฤᇆၴऱဲნؓ݁પ੡ 5.56 ଡΔݺڼڂଚലሀ၏ d
๻ࡳ੡ 5Ζڇឯ࠷Կຑဲ֗؄ຑဲऱছᆜ๠෻ؘႊ։ܑ٣ലؾᑑဲ (-5, -1) (5 ,1) ࡉ ሀ
၏փऱࡌᢰဲิګٽᠨຑဲ (bigram) ֗Կຑဲ (trigram)Δࡌᢰဲٚאױრဲ࠷ნࢨਢ
 Ζࢤဲ

    ଈ٣ආش Smadja’s Xtract [1] ऱዝጩऄΔڇයٙመៀழආشऱ॰ាଖʳ ),,( 010 UKK ʳ

๻ࡳ੡ (1, 1, 10)Δۖڇ Lu [5] CXtractઔߒխΔ๻ࡳ ),,( 010 UKK ੡ʳ (1.2, 1.2, 12)Δ܀௅
ᖕݺଚຘመ SSTC፿றऱᨠኘΔᅝ೶ᑇ ),,( 010 UKK ๻ࡳ੡ (1.2, 1.2, 12) ழΔᄎመៀൾ
ԫࠄᄕױڶ౨੡ჸ಻ဲऱࡌᢰဲΖאࢬΔ່৵ݺଚսආش Smadja’s Xtractઔߒऱ॰ាଖ 
(1, 1, 10)Ζشࠌ࣍ط Smadja’s Xtract [1] መៀֱऄ৵ऱࡌᢰဲΔսڶ๺נڍ෼ڻᑇᄕ೏
ऱೖڗش (stopword) ΔڕࠏψऱΕԱωΖڼڂΔݺଚە٦ၦࠡהอૠᘝၦֱऄΔڕΚઌ
յᇷಛଖΕ೗๻ᛀࡳ ( T ᛀࡳΕֱ׬ᛀࡳΕኙᑇᄗۿ෷ᛀࡳ࿛)Δݺଚ່৵ආشઌյಛ
ஒଖᘝၦࠟଡဲნၴऱჸ಻ൎ৫ΔࠉࠀᅃઌյᇷಛଖհՕ՛܂ඈݧΔ܅૾אױೖڇڗش

ଢᙇჸ಻ဲऱඈټΔݺଚലઌյᇷಛଖ՛࣍ 3ृհଢᙇჸ಻ဲඈೈΔۖݺڇ׊ଚऱኔ᧭
խբشࠌ ˦̀˴˷˽˴ϗ̆ʳ˫̇̅˴˶̇ʳˮ˄˰ʳ ऱයٙ 1C መៀ܅᙮ဲΔءאࢬኔ᧭شࠌઌյᇷಛଖऱऄΔ
ԫದհ౒រऱᐙڇٽ᙮ဲิ܅ॺ੡ჸ಻ऱࠀല፿ᆠઌ२࣐ۖઌյᇷಛଖ୲ࠩ࠹լᄎࠀ

᥼Ζءኔ᧭شܓ٦ T ᛀࡳଖᛀ᧭ଢᙇჸ಻ဲڇ፿ற஄խנٵ٥෼ਢܡ᧩ထΔۖࠡ᧩ထ
ֽᄷ๻ࡳ੡ 0.005Δૉ Tଖ < 2.576Δঞݺଚךڶ޲։ᢞᖕ᧩ࠡق੡ჸ಻ဲΔאࢬല
ᄎመៀൾଢᙇჸ಻ิٽΖ।ԫ੡ؾאᑑဲψᣂএω(ဲࢤ Na) ឯဲ࠷ნࢤဲࢨհᠨຑဲ

Z39 50 is protocol for

2. Works
Fi 1 Th D it
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ჸ಻੡ࠏΔᆖመ Smadja’s Xtract [1] ऱයٙመៀ֗ၞԫޡૠጩઌյᇷಛଖΕTଖऱ࿨࣠Ζr ʳ

 

।ԫΕᆖመයٙመៀ֗ૠጩઌյᇷಛଖΕ֗ Tଖऱ࿨࣠  

ᑑဲʳؾ ௽ᐛʳ ʳݧᆜۯ Kiଖʳ Uiଖʳ

ᑑဲፖؾ

ᢰဲʳࡌ

෼נٵ٥

ᑇʳڻ

ᑑဲʳؾ

፿றʳڇ

ᑇڻ෼נ

௽ᐛʳ

፿றʳڇ

ᑇʳڻ෼נ

MIଖʳ Tଖʳ

ᣂএ Na ԳᎾʳ -1 1.96 2732.36 175 2945 246 7.25 13.22

ᣂএ Na ࠟࡾʳ -1 1.55 1189.04 117 2945 601 5.95 10.79

ᣂএ Na യ֊ʳ -2 1.33 189.84 42 2945 305 5.61 6.46

*ᣂএ Na ڶ޲ʳ -1 1.60 764.20 95 2945 9775 2.95 9.24

*ᣂএ Na ऱʳ -1 21.79 57239.05 817 2945 296183 1.69 23.33

*ᣂএ Na ˔ʳ -1 1.80 438.56 76 2945 31426 1.56 6.89

*ᣂএ Na ˧ʳ 1 1.47 652.69 88 2945 46697 1.31 6.86

*ᣂএ Na ˡ̉ʳ -1 5.16 2372.21 178 2945 95563 1.30 9.71

*ᣂএ Na Ոʳ 1 1.11 117.61 34 2945 29759 0.81 3.24

*ᣂএ Na ˡ˸̃ʳ -1 2.68 395.65 61 2945 67325 0.58 3.44

*ᣂএ Na ˡ˴ʳ -1 38.68 52626.69 858 2945 1025464 0.50 11.55

*ᣂএ Na ଡʳ -4 1.21 66.64 27 2945 41143 0.26 1.18

*ᣂএ Na ˩˞ʳ -5 1.13 85.49 31 2945 57286 0.07 0.35

ࢨ।MIଖז*) Tଖ࣍܅॰ាଖ) 

 

 ່৵ࡳܒჸ಻ဲΔݺଚല SSTCဲᆠᑑق፿றऱᇷᄭΔᙟᖲ࠷ 4/5੡ಝᒭᇷறΔ1/5
੡ྒྷᇢᇷறΔאڼڇ।Բؾᑑဲψᣂএω(ဲࢤ Na) ឯ࠷ჸ಻ဲհᠨຑဲΕԿຑဲΕ؄
ຑဲհຝ։࿨࣠੡ࠏΔ।Բխऱჸ಻ิٽψԳᎾ ᣂএωڇ SSTC ဲᆠᑑق፿றᇙऱಝ
ᒭᇷறխڶ۾ 3࿝Δؾ׊ᑑ ψဲᣂএωઃઌဲٵᆠΔݺଚࠡࡳܒ੡ჸ಻ဲΙψࠟࡾ ᣂএω
ΔՈലࠡᑉழڼڇ੡ჸ಻ဲΔܡਢࠡࡳܒଚྤऄݺᇷᄭΔقբᑑ׎ಝᒭᇷறխΔ౒ڇڂ

ඈೈΙۖڇჸ಻ิٽψፖ Na DE ᣂএωڇಝᒭᇷறխΔؾᑑ ψဲᣂএωڶ 2ଡဲᆠΰࠠ
 լ੡ჸ಻ဲΖࠡࡳܒଚݺᆠαΔঞࣴڶ

ΰԿαኔ᧭࿨࣠ʳ

ᑑဲψᣂএؾא᧭ኔء NaωΕψړ VHωΕψ઎ VCωΕψᝑ VEωΕψᎅ VEω੡ࠏΔࠉᖕ SSTC
ဲᆠᑑق፿றᇙऱಝᒭᇷறΔឯဲנ࠷ნࢤဲࢨ࿨ٽհჸ಻ဲݙᖞ࿨࣠ᆜ࣍ॵᙕΖຝ։

࿨࣠ڕ।ԿقࢬΖ 
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।ԲΕط SSTCဲᆠᑑق፿றࡳܒਢܡ੡ჸ಻ဲ 

ᑑဲʳؾ ௽ᐛʳ ݧᆜۯ ᑑဲဲᆠʳؾ ࿝ᑇʳ
ʽਢܡ੡ʳ

ჸ಻ဲʳ

ԳᎾʳ -1 ˄ˁཏຏဲټΖԳࡉԳհၴڇषᄎࢨ

ᆢ᧯խऱᣂᜤࢤΖʳ

3 ԩʳ

ʳࡾࠟ -1 ྤᑑقᇷᄭʳ Λʳ

യ֊ʳ -2 ˄ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr ʳ 1 ԩʳ

VC_ԳᎾʳ -2 ˄ˁཏຏဲټΖԳࡉԳհၴڇषᄎࢨ

ᆢ᧯խऱᣂᜤࢤΖʳ

1 ԩʳ

Ո_ڶ޲ʳ -2 ˄ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr ʳ 6 ԩʳ

Naʳ_ڂ -2 ˄ˁཏຏဲټΖٙࠃ࿇سऱ଺ڂΖʳ 2 ԩʳ

ৰ_Օʳ -3 ˄ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr 1 ԩʳ

യ֊_DEʳ -2 ˄ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr ʳ 1 ԩʳ

Caa_Na_DE -3 ˄ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr 2 ԩʳ

Dfa_Օ_ऱ   -3 ˄ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr 3 ԩʳ

ৰ_Օ_ऱ -3 ˄ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr 1 ԩʳ

˄ˁཏຏဲټΖԳࡉԳհၴڇषᄎࢨ

ᆢ᧯խऱᣂᜤࢤΖʳ

1 

ᣂএ Naʳ
ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ʳ

ፖ_Na_DE -3 

˅ˁཏຏဲټΖٙࠃհၴऱᣂᜤࢤΖr ʳ 2 

ͪʳ

*ψਢܡ੡ჸ಻ဲω᥏ۯЁᑑಖʳԩʳ ੡ჸ಻ဲΙʳࡳܒଚऱኔ᧭࿨࣠ݺط।ᆖז
ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ᑑಖʳ ͪʳ ʳ ੡լਢჸ಻ဲΙࡳܒଚऱኔ᧭࿨࣠ݺط।ᆖז ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ

ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ʳ ᑑಖʳ Λʳ ܒऄྤאࢬΔߩᇷᄭլق፿றဲᆠᑑڂ।ז Ζܑr

 

।ԿΕࠉᖕ SSTCဲᆠᑑق፿றᇙऱಝᒭᇷறΔឯ࠷ჸ಻ဲհຝ։࿨࣠ 
 ᑑဲ ჸ಻ဲؾ
ᣂএNa ԳᎾ ᣂএΕVC ԳᎾ ᣂএΕയ֊ DE ᣂএΕCaa Na DE ᣂএ 
ړ VH ړ ޓΕ֨ൣ D ړΕCbb Na Dfa ړΕD ړ ڍ ڶΕړ DE ֱऄΕ೚ DE D ړ
઎ VC ઎ ஼Ε઎ ሽီΕ઎ Di Nb DEΕNh ࠐ ઎Ε઎ Di Nh NeuΕ઎ ထ Na Ncd 
ᝑ VE ᦫ Nh ᝑΕᝑ DE SHI NaΕኙ ݺ D ᝑΕᝑ ൓ ৰ VHΕD ᇿ Nh ᝑ 
ᎅ VE ᎅ լ נ ᇩΕᇿ Nh ᝑ ᎅΕᎅ Di Neu ؁Εה ూ Di ᎅΕNh ္ܫ Nh ᎅ

ʳ

ΰ؄αေ۷ʳ

ኔ᧭ൕء SSTCဲᆠᑑق፿றᙟᖲנ࠷ ܂ᒔ෷إ෷֗شᚨشආ׊ࠀ੡ྒྷᇢᇷறΔ܂1/5
੡ေ۷ऱᄷঞΔֆ(6)ڕڤΚ 
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   ᚨش෷= 100%
ᑑဲऱ࿝ᑇྒྷᇢᇷறխؾ

ᑑՂऱ࿝ᑇ

ܶץ
=ᒔ෷إ   100%

ᑑՂऱ࿝ᑇ

ᒔऱ࿝ᑇإ    (6)         

੡ჸ಻ဲࡳܒലՂ૪ࠀᆠဲհဲᆠΔڍᑑؾԺ೴ܑޔჸ಻ဲऱપشܓଚൕಝᒭᇷறխݺ

ऱ࿨࣠֗ؾᑑဲဲᆠᑑྒྷ࣍قᇢᇷறխΔኔ᧭࿨࣠ڕ।قࢬ؄Δڇ 543ଡྒྷᇢ؁խᑑנ
109ଡ؁՗Δࠡ խڶ 99ଡᑑق࿨࣠੡إᒔᑑقΔ᜔ڼڂૠሒࠩ 20.07%ऱᚨش෷֗ 90.83%
ऱإᒔ෷Ζ 
 

।א  ؄ჸ಻वᢝၞ۩ဲᆠ۞೯ᑑقհኔ᧭࿨࣠ 
ဲნ! !ࢤဲ ྒྷᇢ؁ᑇ ᑑ؁قᑇ ᒔ؁ᑇإ ᚨش෷ إᒔ෷

!ړ WI! 119 19 19 15.97% 100.00%
઎ VC 121 17 11 14.05% 64.71%
ᎅ VE 206 34 33 16.50% 97.06%
ᝑ VE 75 32 31 42.67% 96.88%
ᣂএ Na 22 7 5 31.82% 71.43%

  543 109 99 20.07% 90.83%
 

նΕ࿨ᓵ 

شܓᠨຑဲհჸ಻ဲΔ࠷հჸ಻ဲΖଈ٣੡Աឯٽิࢤဲࢨნဲ࠷ឯߒઔء Smadja’s 
Xtractऱؓ݁ᑇ֗᧢ฆᑇऱֱऄឯ࠷๯ࠡ،ဲნၴሶհנٵ٥෼ऱဲნᇷಛΔၞۖૠጩ
ઌյᇷಛଖΔࠉᅃჸ಻ൎ৫೏܅ඈݧΔط٦ T ᛀࡳଖᛀ᧭ଢᙇჸ಻ဲऱ᧩ထࢤΖݺଚ
ലຍԿጟֱऄ࿨شࠌٽΔૉڇຍԿጟֱऄՀຏመە᧭ऱଢᙇჸ಻ဲΔݺଚ٦ᆖطኙᅃխ

؇ઔߒೃԳՠᑑဲقᆠ፿ற஄հؾᑑဲऱ࿨࣠Δૉٵڇᑌؾᑑဲࡌࡉᢰဲऱሀ၏ՀΔؾ

ᑑဲ݁੡ٵԫଡဲᆠृΔঞݺଚ༉ࠡࡳܒᒔኔ੡ჸ಻ဲΙٵᑌΔݺଚՈٵאᑌऱֱڤឯ

፿ᆠᙃᢝΔሒࠩ࣍شऱჸ಻ဲᇷಛᚨנ࠷ଚലឯݺԿຑဲ֗؄ຑဲհჸ಻ဲΖ່৵Δ࠷

20.07%ऱᚨش෷֗ 90.83%ऱإᒔ෷Ζ 
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ॵᙕʳ

ᖕࠉ ˦˦˧˖ ဲᆠᑑق፿றᇙऱಝᒭᇷறΔឯ࠷ჸ಻ဲհݙᖞ࿨࣠ʳ

ʳ

 ᑑဲؾ ᑑဲؾ
ဲᆠ 

ჸ಻ဲ ආش 
ऱֱऄ 

ԳᎾ ᣂএ ᠨຑဲ 

VC ԳᎾ ᣂএ Կຑဲ 

ཏຏټ ΖဲԳ

ڇԳհၴࡉ

षᄎࢨᆢ᧯

խ ऱ ᣂ ᜤ

         Ζࢤ
P Nh V_2 × ᣂএΕP Nh ڶ × ᣂএΕ 
ፖ Nc DE ᣂএΕፖ Nc ऱ ᣂএ 

؄ຑဲ 

യ֊ × ᣂএ ᠨຑဲ 
VJ չᏖ ᣂএΕV_2 Dfa × × ᣂএΕV_2 Nep ᣂএΕ 
V_2 չᏖ ᣂএΕV_2 ৰ × × ᣂএΕՈ ڶ޲ ᣂএΕ 
Օ DE ᣂএΕՕ ऱ ᣂএΕڶ Dfa × × ᣂএΕ 
 ৰ × × ᣂএΕ ڶչᏖ ᣂএΕ ڶNep ᣂএΕ ڶ
ৰ Օ × ᣂএΕയ֊ DE ᣂএΕയ֊ ऱ ᣂএ  

Կຑဲ 
ཏຏټ Ζဲࠃ

ٙհၴऱᣂ

ᜤࢤΖ 

Caa Na DE ᣂএΕCaa Na ऱ ᣂএΕDfa Օ DEᣂএΕ 
Dfa Օ ऱ ᣂএΕNg VH DE ᣂএΕNg VH ऱ ᣂএΕ 
V_2 Dfa VH × ᣂএΕV_2 Dfa Օ × ᣂএΕ 
V_2 ৰ VH × ᣂএΕV_2ৰՕ × ᣂএΕ 
հၴ VH DE ᣂএΕհၴ VH ऱ ᣂএΕ 
 Dfa Օ × ᣂএΕ ڶDfa VH × ᣂএΕ ڶ
 ৰ Օ × ᣂএΕ ڶৰ VH × ᣂএΕ ڶ
 Na ऱ ᣂএΕৰ VH DE ᣂএΕ ࡉNa DE ᣂএΕ ࡉ
ৰ VH ऱ ᣂএΕৰ Օ DE ᣂএΕৰ Օ ऱ ᣂএ  

؄ຑဲ 

 Na ᣂএ Կຑဲ ڂ

ᣂএ Na 

ཏຏټ Ζဲࠃ

ٙ࿇سऱ଺

 Ζڂ
Cbb Na DE ᣂএΕCbb Na ऱ ᣂএ   ؄ຑဲ 

጑ီጥ෻Ζ   ઎ DE ৰ VHΕ઎ ൓ ৰ VH              ؄ຑဲ 

઎ Di NdΕNcd ԫ ઎ΕVA ԫ ઎Ε઎ Ա NbΕ 
઎ Ա NdΕ٦ D ઎Ε઎ ထ NbΕ઎ ထ NcΕ 
઎ ထ NepΕ઎ ထ NhΕ઎ ထ ݺ           

Կຑဲ ش ณ ᅪ ኘ

ᤚΖ         

઎ Di Na NcdΕNh VA ԫ ઎Ε઎ ထ Na Ncd ؄ຑဲ 

઎ ஼Ε઎ ሽီ ᠨຑဲ 
઎ Di DΕVC ࿯ × ઎Ε઎ Ա DΕ઎ լ VCΕ 
݄ P  ×  × ઎Ε݄ ڇ × × ઎      

Կຑဲ 
ຘመီᤚࠐ

෻ ᇞ ࢨ ࣲ

ᓾΖ    

DE Na װ ઎Ε઎ Di Nb DEΕ઎ Di Nb ऱΕ 
઎ Di Nh DEΕ઎ Di Nh ऱΕVC ࿯ Nh ઎Ε 
ऱ Na װ ઎     

؄ຑဲ 

ኪ৫ࡳ௽א

ኙৱΖ 
઎ Di Nh Neu     ؄ຑဲ 

ਈ๶Ε൶ඨ৵

૪ኙွΖ   
Nh ࠐ ઎Εࠩ Nc D ઎Εࠩ Nc װ ઎     Կຑဲ 

઎ VC 
 
 
 
 

ఐԳ൷်࠹

एΖ         
઎ Di Neqa        Կຑဲ 
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 ᠨຑဲ ړ ޓ

DE լ ړΕړ DE ֱऄΕDE ৰ ړΕDE ່ ړΕ 
D ֜ ړΕD ֺለ ړΕD ړ ޓΕDfa D ړΕ 
Dfa լ ړΕNa ట ړΕNa ່ ړΕNep Dfa ړΕ 
Nep լ ړΕNf Dfa ړΕNf ৰ ړΕSHI ່ ړΕ 
VC ൓ × ړΕVJ Dfa ړΕV_2 ړ ޓΕլ Dfa ړΕ 
լ ֜ ړΕչᏖ D ړΕչᏖ լ ړΕ֨ൣ D ړΕ 
֨ൣ լ ړΕڶ Dfa ړΕړ ڍ ڶΕړ ޓ ڶΕ 
 Εړ ່ Εਢړ ່ Εऱړ ऱ ֱऄΕऱ ৰ ړ
ଡ Dfa ړΕଡ ৰ ړΕ೚ DE × ړΕ೚ ൓ × ړΕ 
൓ D ړΕ൓ լ ړΕ൓ ৰ ړΕຟ Dfa ړΕ༉ լ ړΕ 
ᄎ Dfa ړΕᄎ ֺለ ړ                          

Կຑဲ 

ࡳ୲ኙ௽ݮ

ኙွऱ૿إ

ေᏝΖ 

Cbb Na Dfa ړΕDE Na լ ړΕړ DE Nv ֱڤΕ 
D D ֜ ړΕD D ৰ ړΕD Dfa D ړΕD Dfa լ ړΕ 
D SHI ່ ړΕD VC ൓ × ړΕD VJ Dfa ړΕ 
D V_2 ړ ޓΕD լ Dfa ړΕD լ ֜ ړΕD ڶ Dfa ړΕ
D ړ ڍ ڶΕD ړ ޓ ڶΕD ৰ D ړΕD ৰ լ ړΕ 
D ਢ ່ ړΕD ೚ DE × ړΕD ೚ ൓ × ړΕ 
Na DE Dfa ړΕNa DE ່ ړΕNa Dfa D ړΕNa Dfa լ ړΕ 
Na SHI Dfa ړΕNa SHI ৰ ړΕNa SHI ່ ړΕ 
Na VC ൓ × ړΕNa լ SHI × ړΕNa_լ_ਢ × ړΕNa ऱ 
Dfa ړΕNa ऱ ່ ړΕNa ਢ Dfa ړΕ 
Na ਢ ৰ ړΕNa ਢ ່ ړΕNf Na Dfa ړΕ 
Nh VC ൓ × ړΕNh VK Dfa ړΕNh ᤚ൓ Dfa ړΕVC DE 
D ړΕVC DE լ ړΕVC DE ৰ ړΕ 
VC ऱ ৰ ړΕVC ൓ D ړΕVC ൓ Dfa ړΕ 
VC ൓ լ ړΕVC ൓ ৰ ړΕVE DE D ړΕ 
VJ Nep D ړΕVJ Nep լ ړΕVJ չᏖ D ړΕ 
VJ չᏖ լ ړΕऱ Na լ ړΕړ ऱ Nv ֱڤΕ 
ଡ Na Dfa ړΕ೚ DE D ړΕ೚ DE Dfa ړΕ 
೚ DE ৰ ړΕ೚ ൓ D ړΕ೚ ൓ Dfa ړΕ 
೚ ൓ ৰ ړΕᇠ ڶ Dfa ړΕᇠ ړ ڍ ڶΕ 
ᎅ DE Dfa ړΕNa D Dfa ړΕNa D ৰ ړΕ 
P Nh Dfa ړΕP Nh լ ړΕP Nh ৰ ړΕP ݺ D ړΕ 
P ݺ Dfa ړΕኙ Nh D ړΕኙ Nh Dfa ړΕኙ Nh ৰ ړ 

؄ຑဲ 

।ٵقრࢨ

ւ๺Ζ    
DE Na ړ × ړΕDE VH լ ړΕDE ړ լ ړΕ 
D VH D ړΕNh VH D ړΕVA VH D ړΕ 
VA VH լ ړΕVA_ړ_DΕVA ړ լ ړΕ 
VE VH D ړΕVE VH լ ړΕVE ړ D ړΕ 
VE ړ լ ړΕऱ Na ړ × ړ  

؄ຑဲ 

୲ኪ৫ᘣݮ

֊ऱΖ       
 Կຑဲ ړ × ݺ ऱ ֖ࣛΕኙ ړDE ֖ࣛΕ ړ

ړ VH 
 

।ق࿨ޔছ

ԫଡᇩᠲΔၲ

ࡨ ᄅ ऱ ᇩ

ᠲΖ       

VE ൓ Dfa ؄      ړຑဲ 
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 ംଢ፿Δൄ ش

ኙᇩऱၲ࣍

໱Ζ 

ᄎ D ړ Կຑဲ 

ᝑ DE DΕᝑ DE NepΕᝑ DE ৰΕᝑ DE ຟΕ 
ᝑ DE ᇩΕD ݺ × × ᝑΕD ຍᑌ ᝑΕD ᇿ × ᝑΕNa ᇿ 
× ᝑΕᝑ × Nf ᇩΕNh P × ᝑΕNh ଶଶ ᝑΕNh ᇿ × ᝑΕ
Nh ᦫ × ᝑΕP ڔ ᝑΕP ܃ ᝑΕ 
ᝑ T TΕᝑ Ա ԫΕڔ D ᝑΕ܃ ଶଶ ᝑΕݺ P × ᝑΕݺ 
ᇿ × ᝑΕᝑ ऱ DΕᝑ ऱ DfaΕᝑ ऱ NepΕ 
ᝑ ऱ ຟΕᝑ ऱ ᇩΕᝑ ൓ ৰΕ༉ P × ᝑΕ 
༉ ᇿ × ᝑΕᇿ Na ᝑΕᇿ ܃ ᝑΕᇿ ݺ ᝑΕ 
ᝑ ᎅ NhΕᦫ Nh ᝑ                                 

Կຑဲ אՑ፿໾տ

֧૪ࢨຫ૪

ಛஒΖ       

ᝑ DE D VHΕᝑ DE Nep NfΕᝑ DE ৰ VHΕ 
D D ᇿ × ᝑΕD P Nh ᝑΕD P ה ᝑΕD P ݺ ᝑΕ 
D ᇿ Na ᝑΕD ᇿ Nh ᝑΕD ᇿ ה ᝑΕ 
D ᇿ ݺ ᝑΕᝑ Di Neu ଡΕᝑ Di ԫ ଡΕ 
Na ᇿ Nh ᝑΕNh D P × ᝑΕNh D ᇿ × ᝑΕ 
Nh Na D ᝑΕNh P Nh ᝑΕNh P ܃ ᝑΕNh P ݺ ᝑΕNh 
VE Nh ᝑΕNh ༉ P × ᝑΕNh ༉ ᇿ × ᝑΕ 
Nh ᇿ Nh ᝑΕNh ᇿ ܃ ᝑΕNh ᇿ ݺ ᝑΕ 
ᝑ ԫ Nf ᇩΕᝑ Ա Neu ଡΕᝑ Ա ԫ NfΕ 
ݺD P × ᝑΕ ݺ D ᇿ × ᝑΕݺ P Nh ᝑΕ 
 ᝑΕ ܃ ᇿ ݺᇿ Nh ᝑΕ ݺᝑΕ ܃ P ݺ
ᝑ ऱ Dfa VHΕᝑ ऱ Nep NfΕᝑ ൓ ৰ VHΕ 
༉ P Nh ᝑΕ༉ ᇿ Nh ᝑ                            

؄ຑဲ 

໾տڗ֮א

֧૪ࢨຫ૪

ಛஒΖ     

Na Ղ D ᝑ     ؄ຑဲ 

ᝑ DE SHIΕᝑ DE ਢΕᝑ ऱ SHIΕᝑ ऱ ਢ Կຑဲ ༴૪৵૪փ

୲Ζ       
 ᝑ DE SHI NaΕᝑ DE ਢ NaΕᝑ ऱ SHI NaΕ 

ᝑ ऱ ਢ Na 
؄ຑဲ 

Na ࠐ ᝑΕNc ࠐ ᝑΕNh ࠐ ᝑΕࠐ_ݺ ᝑΕ 
ኙ Nh × ᝑΕኙ ݺ × ᝑ                 

Կຑဲ 

ᝑ VE 

ေᏝ৵૪ኙ

ွΖ   

P Nh D ᝑΕP Nh ࠐ ᝑΕP ݺ D ᝑΕP ࠐ ݺ ᝑΕ 
ኙ Nh D ᝑΕኙ Nh ࠐ ᝑΕኙ ݺ D ᝑΕ 
ኙ ࠐ ݺ ᝑ             

؄ຑဲ 

ᎅ VE אՑ፿໾տ

֧૪ࢨຫ૪

ಛஒΖ 

 ᎅ ᠨຑဲ ࠐ
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ᎅ DE ᇩΕDE ኙ × ᎅΕᎅ D נΕD ຍᏖ ᎅΕ 
D ᇿ × ᎅΕNa ൄ ᎅΕNb ༉ ᎅΕNh ᇿ × ᎅΕNh ᝑ 
ᎅΕSHI ᤚ൓ ᎅΕVA ထ ᎅΕVH چ ᎅΕV_2 Գ ᎅΕ
V_2 ᇩ × ᎅΕᎅ լ נΕה ༉ ᎅΕ 
 ᇿ × ᎅΕ ᎅ ऱ ݺᎅΕ ݺ ္ܫᇩ × ᎅΕ ڶԳ ᎅΕ ڶ
ᇩΕऱ ኙ × ᎅΕਢ ᤚ൓ ᎅΕూ Di ᎅΕ 
ూ ထ ᎅΕ೏ᘋ DE ᎅΕം Nh ᎅΕം ה ᎅΕ 
აა D ᎅΕᇩ D ᎅΕᇿ Nh ᎅΕᇿ ה ᎅΕ 
ᇿ ܃ ᎅΕᇿ ݺ ᎅΕኙ Nh ᎅΕኙ ה ᎅΕᦫ Na ᎅ 

Կຑဲ  

DE P Nh ᎅΕDE P ה ᎅΕᎅ DE VH DfbΕ 
DE ኙ Nh ᎅΕD D ຍᏖ ᎅΕD D ᇿ × ᎅΕ 
D P ܃ ᎅΕD VA ထ ᎅΕᎅ D VE ᇩΕ 
D V_2 Գ ᎅΕᎅ D נ NaΕᎅ D נ ᇩΕ 
D ڶ Գ ᎅΕD ూ Di ᎅΕD ᇿ Na ᎅΕ 
D ᇿ Nh ᎅΕD ᇿ ܃ ᎅΕD ኙ Nh ᎅΕ 
ᎅ Di Neu ؁Εᎅ Di ԫ ؁ΕNa D ᇿ × ᎅΕ 
Na P ݺ ᎅΕNa ᇿ Nh ᎅΕNa ኙ Nh ᎅΕ 
Na ኙ ݺ ᎅΕNb VH DE ᎅΕNb VH ऱ ᎅΕ 
Nh D ຍᏖ ᎅΕNh D ኙ × ᎅΕNh P ܃ ᎅΕ 
Nh SHI VE ᎅΕNh SHI VK ᎅΕNh SHI ᤚ൓ ᎅΕ 
Nh VA ထ ᎅΕNh ္ܫ Nh ᎅΕNh ਢ VE ᎅΕ 
Nhਢ VK ᎅΕNh ਢ ᤚ൓ ᎅΕNh ూ Di ᎅΕ 
Nh ూ ထ ᎅΕNh ᇿ Nh ᎅΕNh  ᇿ ܃ ᎅΕ 
Nh ᇿ ݺ ᎅΕP Nh D ᎅΕP Nh ᝑ ᎅΕP ה ᝑ ᎅΕ 
P ܃ D ᎅΕP ݺ ᝑ ᎅΕᎅ SHI ຍ ଡΕ 
ᎅ × VE Na TΕᎅ × VE Na ࠐΕᎅ × VE ᇩ TΕ 
ᎅ × VE ᇩ ࠐΕVH DE ኙ × ᎅΕ 
VH ऱ ኙ × ᎅΕV_2 ᇩ D ᎅΕՈ V_2 Գ ᎅΕ 
Ո ڶ Գ ᎅΕᎅ լ VE ᇩΕᎅ լ נ NaΕᎅ լ נ ᇩΕ
 VE Nh ᎅΕ הVA ထ ᎅΕ הVA Di ᎅΕ ה
 ూ ထ ᎅΕ הూ Di ᎅΕ הᎅΕ ݺ VE ה
ᎅ × נ Na TΕᎅ × נ Na ࠐΕᎅ × נ ᇩ TΕ 
ᎅ × נ ᇩ ࠐΕڶ ᇩ D ᎅΕݺ D ኙ × ᎅΕ 
 SHI VE ᎅΕ ݺᎅΕ ܃ P ݺP Nh ᎅ Ε ݺ
 ਢ VE ᎅΕ ݺSHI ᤚ൓Ε ݺSHI VK ᎅΕ ݺ
 ᇿ Nh ᎅΕ ݺਢ ᤚ൓ ᎅΕ ݺਢ VK ᎅΕ ݺ
ᎅΕऱ ܃ ᇿ ݺ P  Nh ᎅΕऱ ኙ Nh ᎅΕ 
ৰ VK DE ᎅΕৰ VK ऱ ᎅΕᎅ ਢ ຍ ଡΕ 
ᎅ ൓ VH DfbΕ༉ VE Nh ᎅΕᇩ D D ᎅΕ 
ᇿ Nh Na ᎅΕᇿ Nh VE ᎅΕᇿ Nh ᝑ ᎅΕ 
ᇿ ה VE ᎅΕᇿ ה ᝑ ᎅΕᇿ ݺ VE ᎅΕ 
ᇿ ݺ ᝑ ᎅ                                         

؄ຑဲ 

Caa SHI ᎅΕCaa ਢ ᎅΕृࢨ SHI ᎅΕृࢨ ਢ ᎅ    Կຑဲ 

 

۩Ց፿ၞא

Εሐࡅࢵؚ

᝔Εࢴ࿪࿛ߢ

ᓫ۩੡Ζ 
Nh D ᤚ൓ ᎅΕNh ༉ VK ᎅΕNh ༉ ᤚ൓ ᎅΕ 
             D ᤚ൓ ᎅ ݺ

؄ຑဲ 

 

203



 

     

 

{d91013, r95116, hhchen}@csie.ntu.edu.tw  

 

(Time Domain)

(sentiment )

 

1.  

    (World Wide Web; Web)

2005

2005 Web

2005 Web

Web

( nyyimes.com cnn.com) (

 Yahoo! Google2)

                                                 
1 http://www.yahoo.com/ 

2 http://www.google.com/ 
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( Blogger3) ( 4) ( YouTube5)

Web

Web

 

(

Weblog Blog)

Technorati6

7,000 12

(Blogosphere)

37% 36%

8%  

    

TREC 2006

Blog Track7(Macdonald, de Rijke, Mishne, and Soboroff, 2006)

Opinion Retrieval Task

Blog Distillation (Feed Search) Task

 

                                                 
3 http://www.blogger.com/ 

4 http://www.wretch.cc/ 

5 http://www.youtube.com/ 

6 http://www.sifry.com/alerts/archives/000493.html 

7 http://ir.dcs.gla.ac.uk/wiki/TREC-BLOG 
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    Web (Ku and Chen, 2007; Lin, Yang, and Chen, 

2007)

Web

Web

)  

(2007)

 

ID

Web 2.0 Tim O'Reilly 2007

 (Blogger’s Code of Conduct8)

 

                                                 
8 http://radar.oreilly.com/archives/2007/03/call_for_a_blog_1.html 
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2.  

 

 

 

 

 Crawler
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(Blog Database)

(Language Processing System) Stanford Natural Language Processing Group9 

Stanford Chinese Word Segmenter10 Metadata

 

 (Physical Dataset)

(Time-sliced Dataset)

(General )

(Permalink)

(Time-associated Search)

 

3.  

    

Web Deep Web (He et al., 2007)

Deep Blogosphere Deep Blogosphere  

    Blogosphere

Permalink Deep Blogosphere

Permalink Permalink

(Hyperlink)

                                                 
9 http://nlp.stanford.edu/ 

10 http://nlp.stanford.edu/software/segmenter.shtml 
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    Hyperlink

Deep Blogosphere

(Bloggers) Bloggers

Bloggers Permalink

 

    Deep Blogoshpere Yahoo!

yam Bloggers

“Bloggers” 6/20 7/8 322,792

Blogger

1 yam

250  

 

    

Yahoo!  132,661 6,982 RSS  

 185,234 9,749 Ping Server 

yam  4,897 258 ( ) 

 

Bloggers
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3.1 RSS 

 Yahoo!

RSS RSS

URL RSS (Resource Description Framework) XML

URL XML 100

 

 

Yahoo!  

 

Yahoo!  

                                                 
11 http://tw.blog.yahoo.com/rss/newarticle.xml 

12 http://tw.blog.yahoo.com/newarticle/newarticle.php 
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yam yam

 

3.2  Ping Server  

    RSS (push)

Ping

Ping XML-RPC(

 “Ping Servers” “Ping Servers”

Ping Server VeriSign

Weblogs.com Yahoo! blo.gs

 

Ping Server Weblogs.com “weblog change list”

Ping Weblogs.com

 

4.   

Mishne (2005) Livejournal

Support Vector Machine (SVM; Cortes and Vapnik, 1995)

                                                 
13 http://blog.yam.com/ 

14 http://Web.weblogs.com/ 

15 http://blo.gs/ 

16 http://rpc.weblogs.com/shortChanges.xml 

17 http://www.livejournal.com/ 
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Mishne (2006)

(Love) (Drunk) (2006)

SVM

(Taggings) (Features)

Yang (2007)

(joy) (angry) (sad) (happy) 

…

 

  

(joy) 
 

 

 

 

(angry) 
 

 

 

 

(sad) 
 

 

 

 

(happy) 
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Yahoo! 2006 1 6

560,127 Collocation Model 500

Fan (2005) LibSVM LibSVM

 

30,000 12

(2006) 4,000 30

Intel Xeon 5320 30

4,120

4,000 6

4 7  












































 

 

                                                 
18 http://rpc.weblogs.com/shortChanges.xml 
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4,000 1 6  1 

8,000 2 25  4 

40,000 10 31  310 

120,000 30 6 52  4,120 

 

 

5.  

    

 

 

 

215



 

    2007 6 20 7 8

6/20-6/21

6/22-6/23 6/26 7/8  

 

      

 12% 14% 11% 63%  

 14% 13% 12% 61%  

 7% 11% 9% 72%  

 10% 22% 19% 48%  

 11% 21% 18% 50%  

 7% 14% 7% 73%  

 14% 15% 10% 62%  

 10% 18% 10% 62%  

 14% 17% 12% 57%  

 17% 21% 15% 48%  

    

150
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5.1  

 

6.  

    

 

 

Corinna Cortes and V. Vapnik. 1995. “Support-Vector Network,” Machine Learning, Vol. 20, 

pp. 273–297. 

Rong-En Fan, Pai-Hsuen Chen and Chih-Jen Lin, “Working Set Selection Using Second Order 

Information for Training Support Vector Machines,” Journal of Machine Learning 

Research, Vol. 6, pp. 1889–1918, 2005. 

Bin He, Mitesh Patel, Zhen Zhang, and Kevin Chen-Chuan Chang, “Accessing the Deep 

Web,” Communications of the ACM, Vol. 50, 5, pp. 94–101, 2007.  

Lun-Wei Ku and Hsin-Hsi Chen, “Mining Opinions from the Web: Beyond Relevance 

Retrieval.” Journal of American Society for Information Science and Technology, Special 

Issue on Mining Web Resources for Enhancing Information Retrieval, accepted. 
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Kevin Hsin-Yih Lin, Changhua Yang and Hsin-Hsi Chen, “What Emotions Do News Articles 

Trigger in Their Readers?” Proceedings of 30th Annual International ACM SIGIR 

Conference, pp. 733–734, Amsterdam, Netherland. 

Gilad Mishne. 2005. Experiments with Mood Classification in Blog Posts. Proceedings of 1st 

Workshop on Stylistic Analysis of Text for Information Access. 

Gilad Mishne and Maarten de Rijke. 2006. Capturing Global Mood Levels using Blog Posts. 

Proceedings of AAAI 2006 Spring Symposium on Computational Approaches to Analysing 

Weblogs, 145–152. 

I. Ounis, Macdonald, M. de Rijke, G. Mishne, and I. Soboroff, “Overview of the TREC 2006 

Blog Track,” Proceedings of the 15th Text REtrieval Conference, Gaithersburg, Maryland, 

2006. 

Changhua Yang, Kevin Hsin-Yih Lin, and Hsin-Hsi Chen, “Building Emotion Lexicon from 

Weblog Corpora,” Proceedings of ACL-2007, poster, Prague, Czech, pp. 133–136, 2007. 

Sheng-Chuan Yen, A Study of Identifying Implicit Trackback in Weblogs and Its Application on 

Weblog Search, Master Thesis, National Taiwan University, 2007. 

” ”

253–269 2006  
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Language Identification on Code-Switching Speech

1, 2 , 1
1.
2.

E-mail: rylyu@mail.cgu.edu.tw, TEL:886-3-2218800ext5967

(Code-Switching
Speech)

83.4% 78%

LID
How are you …

/

Code-Switching

Code-Switching Speech 2 2

Star Bucks
2

2

Code-Switching Speech

e
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Code-Switching Speech

Joyce Y. C. CHAN 2004 2006
[7][9] Knowledge Base Data

Driven Bi-phone
69.62% 76.54%

Chi-Jiun Shia Chung-Hsien Wu [4-6] BIC
(Latent Semantic Indexing) [2,3]

74%
Joyce Y.

C. CHAN

syllable syllable

Language
Model

Feature
Extraction

Speech

Acoustic
Model l̂

Ŝ
Syllable

Sequence

Language
Model

Feature
Extraction

Speech

Acoustic
Model l̂

Ŝ
Syllable

Sequence
Language
Category

1.Free Syllable

2.N-gram

1.Language Independent Acoustic
Model (LIAM)

a ap e err cai cang ih ik…etc.

2.Language Dependent Acoustic
Model (LDAM)

a_M a_T ak_T err_M i_M i_T…etc.

1.Language Independent Acoustic
Model (LIAM)

a ap e err cai cang ih ik…etc.

2.Language Dependent Acoustic
Model (LDAM)

a_M a_T ak_T err_M i_M i_T…etc.
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( Formosa Phonetic Alphabet, ForPA )
ForPA ( ) 37

56 63 32

ForSDAT ( Formosa Speech Database )
Training Data ForSDAT MD01 100

11.3 ForSDAT TW01 100
11

3 Hidden Markov
Model HMM

Language Dependent Acoustic Model,
LDAM a ap e err cai cang
ih ik etc

[11]
Language Independent Acoustic Model, LIAM

a_M a_T ak_T err_M i_M i_T etc.

N-gram
N-gram W n w w

n N-1
N

N

1 2 3 1 2 1 1 2 1

1 2 1
1

( ) ( ) ( ) ( | ) ( | )

         ( | )

n n n
n

i i n i i
i

P W P w w w w P w P w w P w w w w

P w w w w

+
+ +

221



N-gram N=2
bi-gram Syllable Bi-gram

1 7 17203 23 230236
9 9539 10 104324

Bi-gram Bi-gram
1

1
1

( , )( | )
( )
t t

t t
t

C w wP w w
C w t-1 tw w Syllable

1( , )t tC w w 1,t tw w 1( )tC w t-1w

syllable sequence
syllable sequence

syllable
2

Result
Laguage Category

Input
Syllable Sequence

yes

no

yes

no

Result
Laguage Category

Input
Syllable Sequence

yes

no

yes

no
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14 (143705)
M 8

(88675) T 5 (53499)
*M/*T (1531)

1010
230 580

200

word word word word
syllable

sequence
uo zuei si huan cyu ia ci a chii

dong si uo zuei si huan
cyu ia ci a chii dong si uo zuei si huan cyu

M || ia ci a T || chii dong si M ||

syllable sequence syllable
dou hern tien syllable

syllable dou M ||hern
M || tien M ||

*M/*T lai a *M/*T ||

zuei zin der (M)|| lai a (*M/*T)|| dou (M)|| hern (M)|| tien (M)||

CKIP

ker ci 149 79
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ker ci

syllable sequence

1 Language Independent Acoustic Model LIAM

LIAM syllable
syllable sequence syllable

2 Language Dependent Acoustic Model LDAM

LDAM syllable
word

syllable
syllable

2
N-gram

Dialect

[8]

75
10 750

2 (0:02.391) 32k
16KHz 16bits WAV
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Filename Text Transcription

MT_001
uo3_zuei4_si3_huan1_cyu4_ia2_ci2_a4_chii

1_dong1_si1

MT_005 ( ) painn4_se3_uo3_chii2_dau4_ler0

Free Syllable
Syllable Bi-gram Free Syllable

Syllable Bi-gram Syllable Sequence

LID
LID LID

LID

LID LID

LID

1

MMMMMTTTMMM
MMMMTTTTMTM 4

Hit
Deletion Insertion

Substitution
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M MM M M M T T T M MM MM M M M T T T M M

M M M M T T T T M T M

Precision Rate

HN (Hit ) LN

(Hit +Substitution +Insertion )

H

L

Np r e c is io n
N

Recall Rate

HN (Hit )

CN (Hit +Substitution +Deletion )

e H

c

Nr c a l l
N

F-Measure F-Measure

1 1

1 1 1 1( )
2

2 2
p r e c i s i o n r e c a l l

F m e a s u r e p r e c i s i o n r e c a l l
p r e c i s i o n r e c a l lF m e a s u r e
p r e c i s i o n r e c a l l

F-Measure

226



Syllable

P R F P R F

LIAM+Free Syllable 72.63% 68.55% 70.53% 58.67% 93.75% 72.17%

LDAM+Free Syllable 69.9% 65.7% 67.6% 69.11% 86.82% 76.96%

LIAM+Syllable Bi-gram 72.73% 68.71% 70.66% 82.26% 76.26% 79.14%

LDAM+Syllable Bi-gram 78.1% 68.51% 73.02% 82.35% 79.0% 80.67%

LDAM+Syllabe Bi-gram

2

(Duration)
[10] (Speaker)

[10]

Alignment

Hit Deletion Insertion Substitution 4

M M M M T T T T M T M
0 0.1 0.2 0.3 0.55 0.650.7 0.8 0.95 1.1 1.2 1.3

M MM M M M T T T M M
0 0.1 0.2 0.3 0.45 0.55 0.72 0.83 0.95 1.1 1.2 1.3

M M M M T T T T M T MM M M M T T T T M T M
0 0.1 0.2 0.3 0.55 0.650.7 0.8 0.95 1.1 1.2 1.3

M MM M M M T T T M MM MM M M M T T T M M
0 0.1 0.2 0.3 0.45 0.55 0.72 0.83 0.95 1.1 1.2 1.3

F
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MTM TTM
MTT

67%
0.35

0.55

M

M

T T

T T

M T M

0 0.55 0.65 1.0

1

2

(s)

Syllable

P A F P A F

LIAM+Free Syllable 75.3% 68.68% 71.84% 60.2% 52.78% 56.25%

LDAM+Free Syllable 77.1% 68.87% 72.75% 68.8% 58.05% 62.97%

LIAM+Syllable Bi-gram 84.1% 70.76% 76.8% 79% 60.57% 68.57%

LDAM+Syllable Bi-gram 84.6% 71.76% 77.3% 79.1% 61.67% 69.31%

1

1

*
*

H

L

N

i
i H H
N

L L
i

i

N Np r e c i s i o n
N N
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81.4% 73%

80.7%
74.8%

Word Syllable Bi-gram

word
word word

word word Bi-gram
word syllable

Bi-gram

10 100
code-switching

2

7

word 22731 15881
6765 85

word syllable bi-gram
syllable Bi-gram word syllable Bi-gram

Bi-gram 74.8%
word-base

Bi-gram
Bi-gram

Bi-gram Bi-gram
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Syllable

P R F P R F
LDAM+Syllable Bi-gram 78.1% 68.5% 73.0% 82.4% 79.0% 80.7%

LDAM+Word&Syl Bi-gram 86.4% 63.3% 73.0% 88.4% 78.9% 83.4%

Syllable

P R F P R F
LDAM+Syllable Bi-gram 78.8% 84.4% 81.5% 69.2% 79.0% 73.8%

LDAM+Word&Syl Bi-gram 78.2% 86.7% 82.2% 72.8% 84.1% 78.0%

Bi-gram  Bi-gram 3%
word-base Bi-gram  Bi-gram

39 MFCC
Bi-gram

Bi-gram Bi-gram

[1] ,” , ,2006

[2] Haizhou Li,Bin Ma,Chin-Hui Lee,”A Vector Space Modeling Approach to Spoken
Language Identification”,IEEE TRANSACTIONS ON AUDIO,SPEECH,AND LANGUAGE
PROCESSING,VOL.15,NO.1,JANUARY 2007,P271-P284

[3] Sheng Gao,Bin Ma,Haizhou Li,Chin-Hui Lee,”A Text Categorization Approach to
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Automatic Language Identification”,INTERSPEECH 2005

[4] Chi-Jiun Shia, Yu-Hsien Chiu, Jia-Hsieh and Chung-Hsien Wu,“Language Boundary
Detection and Identification of Mixed-Language Speech Based on MAP
Estimation”,ICASSP 2004

[5] Chung-Hsien Wu, Senior Member, IEEE, Yu-Hsien Chiu, Chi-Jiun Shia, and Chun-Yu
Lin,“Automatic Segmentation and Identification of Mixed-Language Speech Using
Delta-BIC and LSA-Based GMMs”,IEEE Transactions on audio, speech, and language
processing, Vol.14, No.1, January 2006, p266-p276

[6]
91

[7] Joyce Y. C. Chan, P.C. Ching, Tan Lee and Helen M. Meng,”Detection of Language
Boundary in Code-switching utterances by Bi-phone Probabilities”, ISCSLP, 2004

[8] Joyce Y.C. Chan, P. C. Ching and Tan Lee,“Development of a Cantonese-English
Code-mixing Speech Corpus”, in Proc. of Eurospeech 2005,pp.1533-1536, Lisbon,2005

[9] Joyce Y.C. Chan, P.C. Ching, Tan Lee and Houwei Cao ,“Automatic speech recognition of
Cantonese-English code-mixing utterance”,INTERSPEECH 2006

[10] Claude Barras, Xuan Zhu, Sylvain Meignier, and Jean-Luc Gauvain, Member,
IEEE,”Multistage Speaker Diarization of Broadcast News”, IEEE TRANSACTIONS
ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 14, 2006

[11] Dau-Cheng Lyu, Ren-Yuan Lyu, Yuang-chin Chiang and Chun-Nan Hsu,”Language
Identification by Using Syllable-based Duration Classification on Code-switching
Speech”, In Proceedings of Lecture Notes in Artificial Intelligence, Kent Ridge, 2006
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HNM

An HNM Based Method for Synthesizing Mandarin Syllable Signal

Hung-yan Gu and Yen-zuo Zhou

Department of Computer Science and Information Engineering
National Taiwan University of Science and Technology

{guhy, m9315058}@mail.ntust.edu.tw

HNM (Harmonic-plus-noise model)

HNM
HNM

HNM HNM

HNM
TIPW

Keywords: Speech Synthesis, Harmonic-plus-noise Model, Timbre Consistency.

PSOLA [1]
PSOLA
(pitch contour) (duration)

[2] (corpus based) [3, 4]
PSOLA

PSOLA

(
) ( ) (signal

model)
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PSOLA
HNM

HNM PSOLA

HNM Y. Stylianou [5 6] (
) HNM [7]

(noise) HNM
MVF(maximum voiced frequency) MVF

(frame) (spectrum)
(harmonic partials) (modeling)

(spectral envelope)
(cepstrum)

HNM HNM
(timbre)

(consistency)

HNM

(control point) [8, 9]
HNM

(mapping)
HNM

(warp) (fluent)
HNM

(linear warping )

HNM
1

1
(phoneme)

(duration) (piece-wise linear)
1

HNM
1

(unvoiced) (syllable initial)
HNM

(voiced)
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Syllable Signal Synthesis

Determine HNM parameters for
each control point

Determine phoneme lengths and
construct time-warping function
functionmeters

The initial is
short unvoiced?

Voiced part:
Synthesize HNM harmonic signal
Synthesize HNM noise signal

stop

Directly copy
signal samples
of the unvoicedYN

Synthesize the
long unvoiced as
HNM noise signal

1 HNM

CxVCn Cx
(null) Cn /n/ /ng/ V
Cx ( /b/) ( /p/) 1

Cx ( /m/)
Cx V( Cx null ) (
1 )

HNM

/bau/ /man/

Fu Fu
Fu 1.4 1.4

Fu 0.6 0.6
Du

Dv Du

/man/ /man/
/m/ /a/ /n/ Rm Ra Rn (ms)

Rv = Rm + Ra + Rn
Dm Da Dn Dv = Dm + Da + Dn Dm Da Dn

r = 0.6;
while ( r >= 0.1 ) {

Dm = (Rm/Rv) * r * Dv;
Dn = (Rn/Rv) * r * Dv;
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Da = Dv Dm Dn;
if (Da > Dv*0.4) break;
r = r 0.05;

}
Db = Dm + Dn;
if (Dm > 0 && Dm/Db < 0.35) { Dm = 0.35*Db; Dn=Db-Dm; }
if (Dn > 0 && Dn/Db < 0.35) { Dn = 0.35*Db; Dm=Db-Dn; }

/san/ /an/
Rm Dm 0 /ma/ /sa/

Rn Dn 0 Dm Da Dn
2

tDm Da Dn

Rm

Ra

Rn

2

(Rm + Rn) / Rv /man/ /man/
2

22,050Hz HNM
512 (23.2ms) 256

-- [8, 9]

HNM HNM
HNM

HNM HNM
3

3
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100
(4.5ms) 100

( ) (progressing)

Voiced partUnvoiced part

Unvoiced part Voiced part

Recorded Syllable, : analysis frame

Synthetic Syllable, : control point

3

HNM 2
ts

tr tr tr +1 HNM
HNM

ntw,tn
AwA)w(A

rr

n
i

n
ii

11
(1)

11 n
i

n
ii FwF)w(F (2)

n
i

n
i

n
ii )(w 1 (3)

n
iA

n
iF

n
i n i iA

iF i i 1n
i

1n
i

n
i (unwrap) )( 11 n

i
n
i

n
i ,puw 1n

i
-

2)( 111 M,puw n
i

n
i

n
i

n
i (4)

otherwise
if 11

2
1

,
,,M

n
i

n
icc

n
i

n
i
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HNM 10

10

(pitch) iA iF i
kA
~

kF
~

k
~

iF

iF
100Hz 150Hz
100150 /FF~ kk kk AA~ kk

~ 4
100Hz 150Hz (formant frequency) 1.5
4 240Hz 360Hz

[8] kF
~ k kA
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Abstract 

Over the past decade, computational linguists have been striving to design a speech 
recognition system that is able to identify standard speeches and to accommodate sound 
variables caused by different individual accents.  Furthermore, some speech recognition 
programs have been able to learn and identify distinctive sound frequencies due to the user�’s 
age and gender.  Nevertheless, regular sound alterations that occur in different varieties of a 
language have never been seriously considered in the design of the speech recognition system.  
Accordingly, this study proposes to incorporate the socio-phonological information about 
regular sound modifications to enhance the performance of Automatic Speech Recognition.  
To illustrate this point, this study investigates and analyzes the acoustic variation of the 
syllable-final nasal shift from the velar to the dental, which has been discovered to be one of 
the distinctive sound features that makes the variety of Mandarin spoken in Taiwan differ 
from that spoken in China.  Following the phonetic analysis, this study discusses the effect 
of the nasal merger on the development of phonology-dependent speech technologies.  It 
concludes by proposing a preliminary resolution to the identification of syllable-final nasals 
for the design of Automatic Speech Recognition. 
 
ᣂ᝶ဲΚխ֮፿ଃᖂΔ፿ଃ᧢֏ΔᏗଃΔ፿ଃᙃᢝߓอʳ

Key words: Mandarin phonetics, sound change, nasal, speech recognition system 
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1. Introduction 
My motivation to explore the nasal merger of Mandarin spoken in Taiwan originates from 

an incident in my life.  My brother�’s first baby was born on August 31st, 1999.  He gave his 

son a name called Geng-ren /k . n/ 1  (હϘ , meaning �“to cultivate benevolence�”).  

Interestingly, I found, as a native speaker of Mandarin in Taiwan, that I would easily 

mispronounce his name as Gen-ren [k n. n] (ၟΓ, meaning �“to follow people�”), rather than 

its standard pronunciation.  Since the name was subject to mispronunciation and 
misunderstanding, I suggested to my brother that he should change the name; hence, he later 
selected another name Jia-he (ৎک, meaning �“harmony in the family�”).  Because of this 
interesting incident, I came to realize that many native speakers of Mandarin in Taiwan seem 
to merge the syllable-final velar nasal / / with the dental nasal /n/, hence neutralizing such 
minimal pairs as geng /k / (હ, �“to cultivate�”) and gen /k n/ (ၟ, �“to follow�”).  To explore 
this possible sound change, I later conducted a speech production experiment, which is 
discussed in the subsequent section. 
 
 
2. Speech Production Experiment 

To investigate the possible nasal merger observed above, I addressed three research 
questions: 

 
1) Is the syllable-final nasal modification a free variation or a conditioned alteration? 
2) Does it occur in Mandarin spoken in Taiwan, China, or both? 
3) Is it an ongoing or complete sound change? 
 
To address these questions, I invited 30 native Mandarin speakers to participate in the speech 
production experiment, including 11 males and 19 females, who were students of the 
University of Hawaii at Manoa.  Fifteen of them were from Taiwan, and another fifteen 
were from China.  They were all young adults with the average age of 27, the eldest subject 
being 36 years old and the youngest one being 21.   

For this experiment, I designed a questionnaire to understand the subjects�’ basic 
sociolinguistic backgrounds.  In addition, I also created sixty easy and interesting riddles to 
elicit spontaneous speech data.  The answers to the riddles included the test words needed 
for this study--that is, words which end with three types of rhymes: �–ing, -eng, and �–ang.  
Three samples of the riddles are displayed below: 

                                                 
1  The character geng ( ౙ ) is phonemically transcribed as [g ] in Guó-tái Shu ngy  C di n 

[Mandarin-Taiwanese Dictionary], edited by Xing-chu Yang (1992). 
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Table 1. some examples of the riddles used for speech data collection 
Riddle Answer Pinyin 

ఁ΢཮วӀܲޑᙝǴࢂϙሶᙝ? 
(What kind of insect lights in the evening?) 

ᑻОᙝ 
(Firefly) 

Yíng-hu -chóng 

ӧੇᜐࡰЇಭрΕෝޑǴࢂϙሶ༣? 
(What kind of building stands on the coast and  

  guides boats in and out of a harbor?) 

ᐩ༣ 
(Lighthouse) 

 
D ng-t  

 
ӄᘄѺࢂϙሶౚᜪၮ୏ޑҔᇟ? 
( �“Home run�” is a term of what sports?) 

෇ౚ 
(Baseball) 

Bàng-qíu 

 
The test words were randomly mixed with 10 irrelevant words in order to avoid the subject�’s 
awareness of what words were being examined.  I interviewed each participant at a time and 
tape-recorded each interview.  The subject was first asked to answer the questionnaire which 
included questions concerning his or her basic sociolinguistic background.  Next, the 
interview proceeded with a riddle game, which was carried out in a relaxed atmosphere to 
collect data from the subject�’s virtually spontaneous utterances.  The informant was told to 
give the answer to every riddle as soon as possible.  If having no idea about the answer, the 
informant would be given clues to say the test word.  Furthermore, if the response was 
perceived to be not loud enough for sound analyses, the informant would also be asked to say 
the answer once more and aloud.  The recorded data were later analyzed on the computer 
using Praat, a sound-editing program.  The findings are presented in the ensuing section.    
 
 
3. Findings 

Regarding the first research question as to whether the final nasal shift from the velar to 
the dental (/ />/n/) occurs without syllabic constraints or appears only in certain 
environments, the results show that the nasal merger is not a free variation, but a conditioned 
sound change, which can be formulated by the following phonological rule: 
 
(1) Nasal Fronting: 
/ / [n]/{i, }_____. 

 
For example, the word ࿶ jing (/t i /, �“pass�”) is regularly pronounced by the Taiwanese 
respondents as ߎ jin (/t in/, �“gold�”) according to Rule 1.  Furthermore, this change in the 
rhyme also causes lexical neutralization.  For instance, the word jing-yu (ᜳങ, whale) is 
recurrently pronounced by the Taiwanese respondents as jin-yu (ߎങ , goldfish).  
Consequently, this nasal merger leads to lexical neutralization, creating homophones sharing 
the nasal endings with different meanings.   
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Notably, the nasal merger in Mandarin spoken in Taiwan is not only conditioned by the 
preceding vowel (Rule 1) but is also blocked by the bilabial onset, which is regularized by the 
following rule: 
 
(2) Vowel Labialization: 
/ / [o ]/[labial] _____ 
 
To my knowledge, such discovery has not been specifically analyzed in any previous studies.  
For instance, the sound meng (/m /) is pronounced as mong (/mo /), rather than men (/m n/) 
according to Rule 2, the vowel labialization rule.  Obviously, this sound modification 
displays articulatory assimilation because the vowel is labialized due to the influence of the 
initial bilabial consonant /m/.  This sound change, however, might not merely occur because 
of sound assimilation, but it might also exist to constrain the creation of homophones; for 
example, if the word meng (/m /, ფ, dream) is changed according to the nasal fronting rule, 
it would become neutralized with another word men (/m n/, ߐ, depressed), thus resulting in 
homophones.  By contrast, if the word meng is changed according to the vowel labialization 
rule, it would be pronounced as mong (/mo /), which does not appear in Mandarin 
vocabulary.  Therefore, the vowel labialization rule does not simply occur for ease of 
articulation but may also fill the vocabulary gap while avoiding creating homophones.  

In addition, the results demonstrate that the syllable-final nasal shift described above 
occurs mainly in Mandarin spoken in Taiwan, instead of China.  Specifically, when the 
preceding vowel is /i/, the final nasal merger occurs 96 percent of the time in the native 
speakers of Mandarin from Taiwan (MT).  By contrast, the final nasal alteration takes place 
only 38 percent of the time in the native speakers of Mandarin from China (MC).  Moreover, 
when the preceding vowel is / /, the nasal shift occurs 95 percent of the time in MT, while 
only 3 percent of the time in MC.  Nevertheless, the nasal merger never occurs when the 
preceding vowel is /a/.  The occurrence percentage of the nasal merger in Mandarin is 
displayed as follows:  
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        96             MT          
                         95       
                                     
  F                                 
  R        
  E               
  Q        
  U                   
  E 
  N    38              MC       
  C        
  Y                    3                 0          
        /[i]___       /[-labial][ ]____      /[a]____    ENVIRONMENT 
 

Figure 1 Occurrence percentage of the syllable-final nasal merger in three environments2

 
As Figure 1 displays, the syllable-final velar nasal / / in MT merges nearly completely with 
the dental nasal /n/ when preceded by /i/ or / /.  By comparison, MC in general does not 
undergo the nasal shift.   

Taken together, all of the Taiwanese respondents underwent the nasal fronting (Rule 1).  
More than 95 percent of the time they displayed the nasal shift when the final nasal was 
preceded by the vowel either /i/ or / /.  By comparison, Tse�’s 1992 survey suggests that 
73% of his Taiwanese informants could not distinguish the syllable-final nasal minimal pairs.  
Accordingly, the final velar nasal merger with the dental has evolved into a nearly complete 
status in MT. 

However, the final nasal modification described above only appears sporadically in MC.  
Specifically, Rule 1 occurs only 20 percent of the time in the Chinese responses.  
Comparatively speaking, Rule 1 occurs more than 95 percent of the time in the Taiwanese 
responses, making MT differ significantly from MC (P<0.05).  While some of the Chinese 
informants from southern China also consistently undergo the nasal shift , the findings do not 
allow this study to conclude that the final nasal modification occurs regularly in southern 
China.  First, although three of the speakers from southern China recurrently displayed the 
nasal merger, a couple of them were able to pronounce the test words according to the 
standard pronunciations without changing the final velar nasal into the dental one.  
Additionally, the number of the speakers from southern China was very few; only five 
informants participated in this study.  Accordingly, the nasal shift from the velar to the 
dental seems to present an ongoing phonological process of confusion and interchange in 

                                                 
2 The percentage of the nasal merger is obtained by excluding the pronunciations that follow Rule 2. 
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southern China.  To confirm whether the nasal merger is common in southern China, an 
empirical and quantitative study is needed in the future. 

In summary, the results demonstrate that the nasal shift (Rule 1) is nearly complete in 
MT, leaving very few lexical �“residues,�” which are usually high frequency words, such as 
sheng (ғ, life) and qing (మ, clear), instead of shen (ي, body) and qin (ᒃ, kin), respectively.  
Theoretically speaking, this nasal shift is consistent with Zee�’s prediction of the nasal shift 
from �–ng to �–n in Chinese dialects (1985) and is opposed to M. Chen�’s theory of 
unidirectionality of the nasal shift from �–n to �–ng (1972, 1973, 1975).  However, the 
syllable-final velar nasal remains unchanged when preceded by the non-palatal low vowel /a/.  

     
4. Phonetic Analyses 

The perceived transcriptions of the nasal shift in question are also supported by acoustic 
analyses.  First, the spectrogram of the word jing-yu (ᜳങ, whale) pronounced by the 
Taiwanese Mandarin speaker shows that the phonological change is a syllable-final nasal 
shift, rather than a nasal deletion with the preceding vowel nasalized, as shown below:  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Spectrogram of the test word jing-yu (ᜳങ, whale)  
pronounced by the Taiwanese informant 

 
The darker parts of the sound reflect the spectrograms of the vowels, while the whiter parts 
signal those of the consonants (Ladefoged, 2003).  In addition, the sound analysis via Pratt 
(a computer program for sound analyses) demonstrates that the syllable-final nasal still 
remains as shown in the middle whiter part of Figure 2.  
 The speculation that the sound alteration in question is a nasal deletion with the 
preceding vowel nasalized can also be cleared by comparing the spectrograms of the two 
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sounds ji-yu and ji-yu, as shown below.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Spectrogram of the sound ji-yu 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Spectrogram of the sound ji-yu 
 
At a glance, none of Figures 3 and 4 look similar to Figure 2.  Figure 3 (the spectrogram of 
the sound ji-yu ) does not display any whiter part between the vowels /i/ and /y/, but only 
parallel lines equally black present before the vowel /y/.  By contrast, Figure 2 exhibits a 
whiter part between the two vowels /i/ and /y/.  Therefore, the nasal does not disappear but 
remains. 

Furthermore, Figure 4 (the spectrogram of the sound ji-yu) also looks distinct from 
Figure 2.  Because the spectrogram of the word jing-yu (ᜳങ, whale) pronounced by the 
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Taiwanese informant neither look similar to the spectrogram of the sound ji-yu, nor does it 
look similar to that of ji-yu, the sound modification in question should not be the nasal 
deletion.  

Nonetheless, the spectrogram of the word jin-yu (ߎങ, goldfish) pronounced by the 
same Taiwanese informant looks similar to Figure 2, although their durations and intensities 
are slightly different, as presented below:  

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5. Spectrogram of the test word jin-yu (ߎങ, goldfish) 
pronounced by the same Taiwanese informant 

 
The spectrogram similarity between Figures 2 and 5 indicates that the Taiwanese Mandarin 
speaker does not distinguish the minimal pairs jing-yu (ᜳങ, whale) and jin-yu (ߎങ, 
goldfish), but pronounces them the same, changing the final velar nasal into the dental.  
Furthermore, this acoustic analysis is also supported by the discovery from my interview with 
the Taiwanese informant after the riddle game.  

By comparison, the spectrogram of the word jing-yu (ᜳങ, whale) pronounced by the 
Chinese informant is distinct from the spectrogram of the same word pronounced by the 
Taiwanese informant, as shown below: 
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Figure 6. Spectrogram of the test word jing-yu (ᜳങ, whale)  
pronounced by the Chinese informant 

 
Apparently, Figure 2 does not look similar to Figure 6; accordingly, it is safe to infer that the 
final velar nasal does not retain in MT, but must shift into another, either the bilabial or the 
dental.   

Finally, the comparison between Figure 2 and the spectrogram of the bilabial nasal 
demonstrates that the nasal does not shift to the bilabial because the two spectrograms are 
distinct from each other, as shown in Figure 7: 
 
  
 
 
 
 
 
 
 
 
 
 
 
 

Figure 7. Spectrogram of the sound jim-yu 
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The spectrogram comparison between Figures 2 and 7 eventually assures us that the 
syllable-final velar nasal does not switch to the bilabial but the dental.   

To summarize, the spectrograms presented above indicate that the syllable-final nasal 
changes from the velar to the dental when the preceding vowel is /i/ or / /, instead of 
vanishing with the preceding vowel nasalized.  
 
 
5. Implications for Automatic Speech Recognition 
 As phonetically presented above, the syllable-final velar nasal shift to the dental 
regularly occurs in the variety of Mandarin spoken in Taiwan.  While this nasal merger in 
phonologically independent words might not influence computer intelligibility, it might 
interfere with the computer word-identification process of the syllable-final nasal minimal 
pairs.  For instance, because of the nasal shift, Taiwanese Mandarin speakers tend to say the 
word gao-xing as gao-xin, changing the velar nasal into the dental one.  This sound 
alteration might not mislead the speech recognition system to misidentify gao-xing (ଯᑫ) as 
gao-xin (ଯߞ) because no such word as gao-xin (ଯߞ) exists in Mandarin.  Nonetheless, 
this nasal shift has resulted in considerable homophones, neutralizing many minimal pairs, 
such as jing-yu (ᜳങ, whale) and jin-yu (ߎങ, goldfish), and sheng-gao (ϲଯ) and 
shen-gao (يଯ).  Consequently, when a Taiwanese Mandarin speaker says jing-yu (ᜳങ, 
whale) as jin-yu (ߎങ, goldfish), the system might misidentify the intended word as jin-yu 
 rather than jing-yu (ᜳങ, whale), hence retrieving the wrong word.  To (ങ, goldfishߎ)
resolve word-identification problems like this, a possible approach might be to train the user 
to produce the standard pronunciations of the minimal pairs differing only in nasal endings.  
Specifically, the user might be trained to articulate the minimal pairs as the standard 
pronunciations so that the recognition system is able to retrieve the right words.   

Such sound training, however, is neither easy nor realistic.  While the speech 
recognition program may provide the standard pronunciations of the syllable-final nasal 
minimal pairs for the user to imitate and articulate, there is evidence that most people tend to 
mishear new sounds and mispronounce them according to their habitual articulation (Ohala, 
1992, 2001).  Furthermore, some recent research has demonstrated that Taiwanese Mandarin 
speakers tend to preserve their distinctive and unique sound features as their Taiwanese 
identities, instead of following the standard pronunciations associated with China (Hsu, 2005).  
Accordingly, a viable resolution might program the automatic speech recognition to 
distinguish syllable-final nasal minimal pairs, as represented in Table 2. 
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Table 2. Example of the minimal pairs that differ in the syllable-final nasals 
following the vowels /i/ or / / 

-ing/-in -eng/-en 
qing-xin/qin-xin  
ᇸߞ/ᒃߞ 

cheng-jio/chen-jio 
ԋ൩/ഋᙑ 

ying-qi/yin-qi 
म਻/഍਻ 

sheng-gao/shen-gao 
ϲଯ/يଯ 

jing-ying/jin-yin 
࿶ᔼ/ߎሌ 

seng-qing/shen-qin 
ᖂፎ/ҙፎ 

xing-xiang/xin-xiang 
 ຝ/ཥຝࢃ

zheng-zhi/zhen-zhi 
᏾ݯ/ບݯ 

jing-yu/jin-yu 
ᜳങ/ߎങ 

zheng-feng/zheng-fong 
 ॥/ତ॥ࡹ

 
Table 2, however, is not a complete list.  Further research is needed to include as many 
minimal pairs of the syllable-final nasals as possible in the corpus of the speech recognition 
system. 
 Most crucially, research into the context where minimal pairs differing in nasal endings 
is needed to enhance the performance of word identification.  For example, when the user 
says the word ying-qi (म਻) as yin-qi (഍਻), the speech recognition system might retrieve 
both of the words for the user to choose.  Nonetheless, if we would like to advance 
automatic speech recognition, we need to investigate the discourse where each of the words 
occurs.  For instance, the word ying-qi (म਻) often collocate with such words as huan-fa 
(ྨว) and lin-ran (ቂฅ), while the word yin-qi (഍਻) does not.  Furthermore, the word 
ying-qi (म਻) often occurs when the discourse includes words like zhen-pai (҅ࢴ), 
hao-shuang (ᇬ౏), and guang-ming (Ӏܴ).  Therefore, future research into the discourse 
where syllable-final nasal minimal pairs occur will facilitate the speech recognition system to 
retrieve the intended words. 

To conclude, this study has analyzed the phonetic attributes of the syllable-final nasal 
shift from the velar to the dental that occurs nearly completely in Mandarin spoken in Taiwan.  
To accommodate this nasal shift, a computational linguist needs to include as many minimal 
pairs ending with the nasal rhymes as possible in the corpus of the speech recognition system.  
In addition, to improve the efficiency of the word identification, this study has also proposed 
to investigate the discourse where each of the minimal pairs appears.  In short, future 
research into the syllable-final nasal minimal pairs and the context of their usages is needed 
to enhance the identification accuracy of the speech recognition system. 
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