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༰֓ߎ

Β͔͘ݹ SFখઆөըͰඳ͔Ε͖ͯͨϩϘοτɾϰΝʔνϟϧΤʔδΣϯτͱਓؒͱͷձ
ରγεςϜεϚʔτεϐʔΧʔͳͲͷԻରγεςϜʹΑͬࣈνϟοτϘοτͳͲͷจࠓ
ͯҰ෦࣮͞ݱΕී͍ͯ͠ٴΔɽ͔͠͠ɼͦͷձ໋ྩࣜܗͰೖྗɾൃ͠؆୯ͳػΛ࣮͢ݱΔ
͚ͩʹͱͲ·͓ͬͯΓɼөըͰඳ͔Ε͍ͯΔΑ͏ͳࣗવ͔ͭଟ༷ͳձ·࣮͍ͩͯ͠ݱͳ͍
ͱ͑ݴΔɽͦΕΒͷձ͔࣮͠ݱͰ͖͓ͯΒͣ؆୯ͳ໋ྩΛ࣮ͤ͞ߦΔҎ֎ͷ༻్ʹΘΕͯ
͍ͳ͍ݪҼͷҰͭͱͯ͠ɼจࣈରγεςϜԻରγεςϜͷΤʔδΣϯτͷΩϟϥΫλʔ
ੑ͕ബ͍ͱ͍͏͕͋ΔɽͦͷΛղܾ͢Δํ๏ͷҰͭʹɼจࣈɾԻɾը૾ͱ͍͏ෳͷϝ
σΟΞΛ༻͍ͯΤʔδΣϯτΛ༰қʹ૾Ͱ͖ΔΑ͏ʹ͢Δํ๏͕͋ΓɼޙࠓͦͷΑ͏ͳԻର
γεςϜ͕ओྲྀʹͳΔͱ͑ߟΒΕΔɽطଘͷإʢ࣭ʣ͕ܾ·͍ͬͯΔରγεςϜΛͦͷࣜܗ
ʹ֦ு͢ΔʹͦͷΤʔδΣϯτͷ࣭ʢإʣΛܾΊΔඞཁ͕͋Δ͕ɼإɾͷରԠ͕ؔఆྔత
Ͱࠔదͳ߹ͤΛࣗಈతʹಋ͘͜ͱ࠷ʹͰऔΓग़͍ͤͯͳ͍ͨΊࣜܗར༻Մͳػࢉܭ͔ͭ
͋ΓɼରγεςϜͷଟ༷Խͷ͔ͤͱͳΓ͏Δɽͦ͜ͰຊڀݚͰɼإͱͷదͳΈ߹ͤΛ
ܾΊΔ্ͰॏཁͱͳΔͦΕͧΕͷҹɼಛʹإͷ੩తͳݸਓੑͱԻͷऀੑʹண͠ɼإͱͷ
ରԠؔΛϞσϧԽ࣮͠ࡍʹԠ༻͢Δ͜ͱΛతͱ͢ΔɽຊจͰɼإͷҹΛද͢ಛྔ͔
ΒରԠ͢ΔͷҹΛද͢ಛྔͱ౷ܭతʹมͦ͠Εʹ͍ͯͮجԻΛ߹͢ΔإมΛ
ͷྠֲඓͷҐஔΛද͢إͷಛྔͱͯ͠ɼ(1)إʹɽॳΊͨ͠౼ݕ Face Landmarkɾ(2)إͷ
ύʔπܗঢ়ʹணͨ͠ Iconified Face Feature (IFF)ɾ(3)ը૾ѹॖͱੜʹར༻ՄͳVariational

Autoencoder (VAE)ɾ(4)ਓछੑผͱ͍ͬͨϥϕϧใΛར༻ͨ͠ Conditional VAE (CVAE)

ͷ 4௨ΓͷಛྔΛݕ౼ͨ͠ɽ࣍ʹͷಛྔͱͯ͠ɼऀͷԻӆͷܗঢ়ʹͮ͘جಛྔͰ
͋Δ EigenvoiceΛݕ౼ͨ͠ɽޙ࠷ʹ౷ܭతࣸ૾ͱͯ͠ɼ(a)Gaussian Mixture Model (GMM)ɾ
(b)Canonical Correlation Analysis (CCA)ɾ(c)prpbabilistic CCA (pCCA)ɾ(d)mixure of pCCA

(mPCCA) ΛͦΕͧΕ༻͍ͯإͷಛྔ͔Βͷಛྔͱม͢Δ࣮ݧΛ͍ͦߦΕͧΕͷ౷ܭ
ϞσϧΛൺֱͨ͠ɽͦͷࡍɼϞσϧֶशɾධՁʹඞཁͳإͱ͕ରԠ͚ΒΕͨύϥϨϧίʔύ
εऩूͨ͠ɽύϥϨϧίʔύεΞδΞܥஉੑͷإը૾Λ༻ͨ͠ίʔύεʢΞδΞܥίʔύ
εʣͱຊਓஉੑͷإը૾Λ༻ͨ͠ίʔύεʢຊਓίʔύεʣͷ 2௨ΓΛऩूͨ͠ɽ݁Ռͱ
ͯ͠ɼίʔύεͷछྨʹؔΘΒͣɼإͷҹΛද͢ಛྔ͔ΒͷҹΛද͢ಛྔͷมʹ
֬ΛԾఆͨ͠ม๏ʢGMMɾpCCAɾmPCCAʣɼಛʹ pCCA͕༗ޮʹಇ͘͜ͱ͕ࣔ͞
ΕͨɽIFFʹͮ͘جಛྔͱ ͷҹΛද͢ಛྔͱͯ͠༗ޮͰ͋إͰѹॖͨ͠CVAE͕·ݩ࣍3
ΔՄੑͱύϥϨϧίʔύεͷਓछΛ౷Ұ͢Δ͜ͱͰͷಛྔͷมਫ਼্͕͢ΔՄ
ੑ͕ࣔࠦ͞Εͨɽ
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ୈ1ষ

ং

1.1 ܠͷഎڀݚ

Β͔͘ݹ SFখઆөըͰਓ͕ؒϩϘοτϰΝʔνϟϧΤʔδΣϯτͱձ͢Δγʔϯ͕
ඳ͔Ε͖ͯͨɽձͷࣜܗ face-to-faceͰ͏ߦͷจࣈͷΈɾԻͷΈͷΓऔΓ·Ͱ෯
͘ɼͦͷγʔϯʹਓ͕ؒίϯϐϡʔλͱձ͍ͨ͠ͱ͍͏ئ͕ද͞ݱΕ͍ͯΔͱ͑ߟΒΕΔɽ
ରγεςϜͰ࣮ࣈͷΈͰͷΓऔΓΧελϚʔηϯλʔͷνϟοτϘοτͷจࣈɼจࠓ
ΕɼԻͷΈͰͷΓऔΓ͞ݱ Siri 1ɾCortana 2ɾ͠ΌͬͯίϯγΣϧ 3ɾAmazon Echo 4ɾ
Google Home 5 ͳͲͷ༷ʑͳԻରγεςϜɾԻΠϯλʔϑΣʔεͱ࣮ͯ͠͞ݱΕීͯ͠ٴ
͍ΔɽಛʹAmazon EchoGoogle HomeͳͲͷεϚʔτεϐʔΧʔͷࢢ͞ޙࠓΒʹ֦େ͢
Δͱࠐݟ·ΕΔɽ͔͠͠ࡏݱɼจࣈରγεςϜ FAQʹ͑ΔͨΊʹɼԻରγεςϜ
Իࡧݕর໌ɾςϨϏՈిͷίϯτϩʔϧͳͲ؆୯ͳػΛϋϯζϑϦʔͷܗͰͨ͏ߦΊʹ
ؾɽʯʮ໌ͷఱͯ͑ڭ͍ͯͭʹΕΔαʔϏε͞ڙਓ͕ؒʮఏʹࡍΕΔ͜ͱ͕ଟ͘ɼͦͷ͞༺
ʁʯʮిؾΛ͚ͭͯɽʯʮςϨϏΛফͯ͠ɽʯͳͲͷ໋ྩࣜܗͰೖྗɾൃ͢Δձ͕ଟ͍ͱ͑ߟ
ΒΕɼөըͰඳ͔Ε͍ͯΔΑ͏ͳࣗવ͔ͭଟ༷ͳձ·࣮͍ͩͯ͠ݱͳ͍ͱ͑ݴΔɽ୯७ͳ
ձͰ؆୯ͳ໋ྩΛ࣮ͤ͞ߦΔҎ֎ͷ༻్ʹΘΕ͍ͯͳ͍ݪҼͷҰͭͱͯ͠ɼจࣈରγε
ςϜԻରγεςϜͷϰΝʔνϟϧΤʔδΣϯτͷΩϟϥΫλʔੑ͕ബ͘ਓؒͲ͏͠ͷΑ͏
ͳձΛఆͮ͠Β͍ͱ͍͏͕͋Δͱ͑ߟΒΕΔɽ

ࣗવͳձʹ͚ۙͮΔํ๏ͷҰͭʹɼจ͚ͩࣈɾԻ͚ͩͰͳͦ͘ͷऀͷإఏࣔ͢Δ͜ͱ
Ͱ༻ऀʢਓؒʣ͕ΤʔδΣϯτΛ༰қʹ૾Ͱ͖ΔΑ͏ʹ͢Δํ๏͕͋Δɽ࣮ࡍʹɼΤʔδΣ
ϯτͷإ্ը૾͕༩͞Ε͍ͯΔจࣈରγεςϜ 6 3DϞσϧͰશ͕ϞσϧԽ͞Ε
ͨϰΝʔνϟϧΤʔδΣϯτΛͭ࣋ԻରγεςϜ 7͋ΓɼจࣈɾԻɾը૾ͱ͍ͬͨෳ
ͷϝσΟΞΛΈ߹ΘͤΔ͜ͱͰΤʔδΣϯτͷΩϟϥΫλʔੑΛ্ͤ͞Α͏ͱ͢Δಈ͖͋
Γɼࣗޙࠓવͳձͷ࣮ݱɼಛʹөըͰඳ͔ΕΔΑ͏ͳϑϥϯΫ͔ͭ༑ਓͲ͏͠ͷΑ͏ʹػʹ

1http://www.apple.com/jp/ios/siri/ [Accessed 19 January 2017]
2https://www.microsoft.com/ja-jp/windows/cortana [Accessed 19 January 2017]
3https://www.nttdocomo.co.jp/iphone/service/entertainment/shabette_concier/index.html
[Accessed 19 January 2017]
4https://www.amazon.com/Amazon-Echo-Bluetooth-Speaker-with-WiFi-Alexa/dp/B00X4WHP5E
[Accessed 28 May 2017]
5https://store.google.com/product/google_home?hl=ja [Accessed 19 January 2018]
6http://www.relia-group.com/ [Accessed 19 January 2018]
7https://www.nitech.ac.jp/mei/index.html [Accessed 19 January 2018]
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ΜͩձΛ࣮ͤ͞ݱΔͨΊʹෳͷϝσΟΞΛ༻ͨ͠ԻରγεςϜ͕ओྲྀʹͳΔͱ͑ߟ
ΒΕΔɽ
Δͷ͍ͯͬ·ܾ͕إऀͷʹطΔͱɼ͑ߟ֦ு͢Δ͜ͱΛࣜܗଘͷରγεςϜΛͦͷط

Λ͋Δ࣭Ͱ͠ΌΒͤΔํ๏ʢΤʔδΣϯτͷإը૾͕༩͞ΕͨจࣈରγεςϜͷ֦ுʣ
طʹ࣭͕ܾ·͍ͬͯΔͷʹऀͷإΛׂΓͯΔํ๏ʢԻରγεςϜͷ֦ுʣ͕͋Γɼ
ͲͪΒإͱʢ࣭ʣͷదͳΈ߹ͤΛܾΊΔඞཁ͕ੜ͡Δɽଟ͘ͷ߹ڧҾʹͦΕΒͷ
Έ߹ͤΛܾΊͯ͠·͏ͩΖ͏͕ɼͦͷͱ͖ʹແҙࣝʹإͱͷࣗવͳΈ߹ͤΛ͑ߟͳ͕Β
ΒΕΔɽ͜ͷແҙࣝͷରԠ͚ͱɼจஶऀཝͳͲͷࣸਅͰ͑ߟऴతͳ͑Λग़͍ͯ͠Δͱ࠷
ͷͳ͍ਓͱॳΊͯձ͏ͱ͖ిͰͨ͠૬खʹॳΊͯձ͏ͱ͖ʹɼʮ͜ͷਓ͜ͷΑࣄͨݟ͔͠
͏ͳʢإʣΛ͍ͯ͠ΔͷͰͳ͍͔ʯʮ͜ͷΑ͏ͳإʢʣΛ͍ͯ͠Δͷ͔ͩΒ͋ͷΑ͏ͳ
ʢإʣͰ͋ͬͯ΄͍͠ʯͱ಄ͷதͰ༧ͨ͠ͱ͖ͷإɾͷରԠؔͰ͋ΓɼΞχϝ༸ըͷਧ͖
ସ͑ͷ༏ΛܾΊͨΓখઆͷొਓΛ૾ͨ͠Γ͢Δͱ͖ʹແҙࣝͰ͋Δ͕ৗతʹ৮Εͯ
͍Δ͍ͯͬ͘͠ߦΔͷͰ͋Δͱ͑ߟΒΕΔɽ͔͠͠ݱঢ়Ͱɼ͜ͷରԠ͚ʢإɾͷؔ
ੑʣ͕ఆྔత͔ͭػࢉܭར༻ՄͳࣜܗͰऔΓग़͍ͤͯͳ͍ͨΊʹɼରγεςϜ։ൃऀ͕Τʔ
δΣϯτͷ࣭ͱ༰࢟ͷదͳ߹ͤΛ؆୯ʹܾΊΔ͕ࣄͰ͖ͳ͍ͱ͍͏͕ੜ͓ͯ͡Γɼ͜
ΕରγεςϜͷଟ༷Խͷ͔ͤͱͳΓ͏Δɽ

1.2 ͷతڀݚ

ରγεςϜԻରγεςϜΛෳϝσΟΞΛ༻͍ͨԻରγεςϜʹࣗಈࣈଘͷจط
తʹ֦ு͢Δ͜ͱ͕Ͱ͖ΕɼγεςϜͷઃ͕ܭΑΓ؆୯ʹͳΓଟ༷ͳରγεςϜ͕։ൃ͞Ε
͘͢ͳΔͱ͑ߟΒΕΔɽͦͷͨΊʹɼਓ͕ؒແҙࣝʹ͍ͯͬߦΔإɾͷࣗવͳରԠ͚Λ
ఆྔత͔ͭػࢉܭར༻ՄͳࣜܗͰऔΓग़͢ඞཁ͕͋Δɽ͜ͷରԠ͚ͱ͔إΒड͚Δҹͱ
Λฉ͍ͨͱ͖ͷҹ͕߹க͢ΔΑ͏ͳରԠ͚Ͱ͋Δͱ͑ߟΒΕΔɽ
ͦ͜ͰຊڀݚͰɼإɾͷҹɼಛʹإͷ੩తͳݸਓੑͱԻͷऀੑʹண͠ɼإͱͷ

ରԠؔΛఆྔత͔ͭػࢉܭԠ༻ՄͳܗͰϞσϧԽ࣮͠ࡍʹԠ༻͢Δ͜ͱΛతͱ͢Δɽຊ
จͰಛʹɼإͷҹΛද͢ಛྔͱରԠ͢ΔͷҹΛද͢ಛྔͱͷؒͷ౷ܭతͳରԠ͚
ʢࣸ૾ʣʹ͍ͭͯݕ౼͠ɼ͞ΒʹͦΕʹإ͍ͯͮجͷಛྔ͔Βͷಛྔͱม͢Δإม
ݕ͍ͯͭʹͷࣸ૾ऀ྆ʹ࣍ɼ͠౼ݕ͍ͯͭʹɾͷҹͷಛྔԽإʹΔɽॳΊ͢౼ݕ͍ͯͭʹ
౼͢Δɽͦͷࡍʹ౷ܭϞσϧͷֶशʹඞཁͳإɾ͕ରԠ͚ΒΕͨύϥϨϧσʔλऩू͢Δɽ

1.3 ຊจͷߏ

ຊจશ 5ষͰܗ͞ΕΔɽୈ 1ষʢຊষʣͰڀݚͷഎܠɾతͱຊจͷߏʹ͍ͭͯ
ड़ɼୈ 2ষͰإɾͷؔੑإɾͷಛྔԽɼҟͳΔ৴߸ͷมɾੳख๏ʹؔ͢Δؔ
࿈ڀݚʹ͍ͭͯड़Δɽୈ 3ষͰإͷҹΛද͢ಛྔ͔ΒͷҹΛද͢ಛྔͱ౷ܭతʹ
ม͢ΔإมΛఏҊ͠ɼୈ 4ষͰఏҊख๏Λ࣮ݧΛ௨ͯ͢͡ূݕΔɽୈ 5ষͰ࣮݁ݧՌ͔Β
ಘͨՌͱ՝ʹ͍ͭͯड़ຊจΛ·ͱΊΔɽ
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ؔ࿈ڀݚ

2.1 ͡Ίʹ

ຊڀݚͰɼ͔إΒͷҹʹͮ͘ج౷ܭతରԠ͚ͱͦΕʹإ͍ͯͮجͷಛྔ͔Βͷ
ಛྔม͢Δإมݕ͍ͯͭʹ౼͢Δɽ·ͣɼ2.2અͰإɾͷҹͷؔ࿈ੑʹ͍ͭͯड़ɼ
2.3અɾ2.4અͰإɾͷಛྔԽʹ͍ͭͯͦΕͧΕड़Δɽޙ࠷ʹ 2.5અͰإɾͷಛྔؒͷ
มɾੳʹԠ༻ՄͳҟͳΔೋͭͷ৴߸ʹؔ͢Δมɾੳ๏ʹ͍ͭͯड़Δɽ

2.2 ͷௐࠪੑɾͷؔإ

ຊڀݚͰɼإͷಛྔ͔Βͷಛྔͱ౷ܭతʹม͢Δإมݕ͍ͯͭʹ౼͢Δɽͦ
ͷإมʹΑΓɼ͋Δإը૾͕༩͑ΒΕͨ࣌ʹͦͷإͱҹ͕߹க͢ΔΑ͏ͳ࣭Λͭ࣋Ի
ΛಘΔ͜ͱ͕Ͱ͖Δɽ͔͠͠ɼإը૾͔Βड͚ΔҹͱԻͷ࣭͔Βड͚Δҹͷؒʹؔ࿈͕
ແ͚Εɼ྆ऀͷ౷ܭతͳରԠ͚ແҙຯͳͷͱͳΔɽͦ͜ͰຊઅͰɼ৺ཧ࣮͍ͮجʹݧ
Λհ͢Δɽڀݚௐ͍ࠪͨͯͭ͠ʹੑɾͷؔإɼಛʹಉҰਓͷੑͱͷؔإͯ

2.2.1 ௨͢Δใ͕͋Δ͔ڞͱʹإ

ΕͧΕௐࠪ͞Ε͍ͯΔɽ͍ͦͯͭʹੑͷҹɾͷҹͱମʹൻ͞ΕΔϗϧϞϯͱͷؔإ
ྫ͑Penton-VoakΒɼஉੑϗϧϞϯͷҰछͰ͋Δςετεςϩϯͷൻྔ͕ଟ͍உੑൻྔ
͕গͳ͍உੑΑΓଞऀ͔ΒͯݟʮஉੑΒ͍͠ʯͱஅ͞Εͨͱใ͍ͯ͠ࠂΔ [1]ɽ·ͨɼAbitbol

Βςετεςϩϯͷྔ͕ͷஉੑΒ͠͞ʹӨڹΛ༩͑Δͱใ͍ͯ͠ࠂΔ [2]ɽ͜ͷΑ͏ʹɼإͷ
ҹͱͷҹಉҰͷϗϧϞϯ͔ΒӨڹΛड͚͍ͯΔՄੑ͕͋Δɽ
ͱͷإௐࠪ͞Ε͍ͯΔɽྫ͑ɼCollinsΒঁੑͷ͍ͯͭʹੑͷҹͱͷҹͷؔإ

ັྗΛඃऀݧʹผʑʹධՁͤ͞Δओݧ࣮؍Λ͍ߦɼͦͷ݁Ռ͔إΒड͚Δັྗͱ͔Βड͚
Δັྗͨࣅͱͳͬͨ [3]ɽ·ͨ SmithΒɼಉҰਓͷإͱΛผʑʹඃऀݧʹఏࣔ͠ɼͦ
ΕͧΕͷஉੑΒ͠͞ɾঁੑΒ͠͞ΛධՁͤ͞Δओݧ࣮؍Λͨͬߦ [4]ɽ݁Ռͱͯ͠ɼ͔إΒड͚ͨ
உੑΒ͠͞ɾঁੑΒ͠͞ͱ͔Βड͚ͨஉੑΒ͠͞ɾঁੑΒ͠͞ʹ͍ڧਖ਼ͷ૬͕ؔݟΒΕͨɽ
͞ΒʹɼإͰද͞ݱΕͨײͱͰද͞ݱΕͨײͷؒͷؔ࿈ੑΛௐࠪͨ͠ڀݚ͋Δɽాத

ΒتͼΛද͢ݱΔإͷಈըͱౖΓΛද͢ݱΔԻΛ߹ܹͤͨΛඃऀݧʹఏࣔ͠ɼ͔ܹΒ
ड͚ΔײΛਪఆͤ͞Δओݧ࣮؍Λͨͬߦ [5]ɽͦͷ݁Ռɼ͕إද͢ݱΔײʹ͕ද͢ݱΔײ
͕ӨڹΛٴ΅͢͜ͱ͕͋Γɼͦͷ߹͍ʹඃऀݧͷจԽ͕ࠩදΘΕΔ͜ͱ֬ೝ͞Εͨɽ
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ද 2.1: ৺ཧ࣮ͮ͘جʹݧઌڀݚߦɿఏࣔࣜܗͷʮ࿈ଓʯબࢶΛؚΉܹͷશ͕ͯॱ൪ʹఏࣔ͞ΕΔํ
ࣜͰ͋Γɼʮಉ࣌ʯ͕ܹఏࣔ͞Εͨޙʹબ͕ࢶಉ࣌ʹఏࣔ͞ΕΔํࣜͰ͋Δɽ

ఏࣔࣜܗ ಈըʢແԻʣ ੩ը

࿈ଓ [4, 6, 7] [4, 8]

ಉ࣌ - [8, 9]

͜ΕΒͷ͔ڀݚΒɼإɾͷҹͷதͰஉੑΒ͠͞ɾঁੑΒ͠͞ɾັྗɾײදݱʹؔ࿈
͕͋ΓɼಛʹஉੑΒ͠͞ɾঁੑΒ͠͞ʹϗϧϞϯ͕ӨڹΛٴ΅͢͜ͱ͕֬ೝ͞ΕͨɽΑͬͯɼإ
ͷҹͱͷҹͷؒʹগͳ͘ͱԿΒ͔ͷ͕ؔ͋ੑΔ͜ͱ͕ࣔࠦ͞Εͨɽ࣍ͷઅͰɼͦ
ͷؔੑΛ໌ࣔతʹࣄ͏ແ͘ɼಉҰਓͷإ·͔ͨΒଞํΛਪఆ͢Δ৺ཧ࣮ݚͮ͘جʹݧ
Λհ͢Δɽڀ

2.2.2 ಉҰਓͷإ·͔ͨΒଞํΛਪఆͰ͖Δ͔

͜Ε·ͰɼಉҰਓͷإͱʹ͍ͭͯɼإΛͦͯݟͷਓͷΛਪఆ͢Δɼ·ͨΛฉ͍ͯͦ
ͷਓͷإΛਪఆ͢Δͱ͍͏৺ཧ࣮ݧ͍͔ͭ͘ߦΘΕ͖ͯͨɽҎԼɼʮإΛͦͯݟͷਓͷΛਪఆ
͢Δʯ࣮ݧΛF-V࣮ݧɼʮΛฉ͍ͯͦͷਓͷإΛਪఆ͢Δʯ࣮ݧΛV-F࣮ݧͱݺͿɽ͜ΕΒͷ
ͷҰͭඞͣਖ਼ղͱࢶղ͔ͤΔํࣜΛऔ͓ͬͯΓɼͦͷબʹऀݧͷଟ͘ೋΛඃݧ࣮
ͳ͍ͬͯΔɽྫ͑ F-V࣮ݧͷ߹ɼબࢶͷҰͭͷԻ͕إը૾ʢಈըʣͷඃࣸମຊਓͷԻ
Ͱ͋Γ͏ҰͭͷબࢶͷԻผਓͷԻͱͳΔɽͦͷΑ͏ͳ৺ཧ࣮إ͍ͯͮجʹݧͱͷؔ
࿈ੑΛௐࠪͨ͠ڀݚΛܹͷఏࣔࣜܗͱఏࣔ͢Δ͕إಈը͔੩ը͔Ͱྨͨ݁͠ՌΛද 2.1ʹࣔ
͢ɽͨͩ͠ఏࣔࣜܗͷʮ࿈ଓʯɼྫ͑ F-V࣮إ͍͓ͯʹݧͷಈը·ͨ੩ը͕ఏࣔ͞Εͨ
ܹΛؚΉࢶೋͭͷԻ͕ྲྀΕΔɼͱ͍ͬͨΑ͏ʹબʹ࣍ͷҰͭͷԻ͕ྲྀΕࢶબʹޙ
ͷશ͕ͯॱ൪ʹఏࣔ͞ΕΔํࣜͰ͋Δɽ·ͨɼʮಉ࣌ʯ͕ܹఏࣔ͞Εͨޙʹબ͕ࢶಉ࣌ʹఏ
ࣔ͞ΕΔํࣜͰ͋ΔɽબࢶͷҰͭඞͣਖ਼ղͰ͋ΔʢಉҰਓ͔ΒಘΒΕͨإͱԻͷͰ͋
Δʣ͜ͱ͔ΒɼνϟϯεϨϕϧͰ͋Δ 50%Ҏ্ͷਫ਼ͰճͰ͖ͨ߹ʹإ·͔ͨΒଞํΛ
ਪఆՄͰ͋Δͱ͑ߟΒΕΔɽ͔͠͠ɼKamachiΒإͷ͕ܹ੩ըͰͳ͘ಈըͰͳ͚Εਪ
ఆՄͰͳ͍ͱ͍ͯ͠ΔҰํͰ [6]ɼKraussΒMavicaΒ੩ըͰਪఆՄͰ͋Δͱ͠
͓ͯΓໃ६͢Δ݁Ռ͕ಘΒΕ͍ͯΔ [8,9]ɽ͜ΕɼͦΕͧΕͷڀݚͰಠࣗͷίʔύεɾఏࣔํ๏
Λ༻͍͍ͯΔͨΊҟͳΔ݁Ռ͕ಘΒΕͯ͠·ͬͨͱ͑ߟΒΕΔɽ

ͦ͜ͰɼSmithΒ౷Ұ͞ΕͨίʔύεΛ༻͍ͯఏࣔࣜܗɾإͷܹͷछྨΛม͑ͨ࣌ʹਪఆ
ਫ਼͕ͲͷΑ͏ʹมԽ͢Δ͔ͨ͠ূݕ [10]ɽSmithΒ·ͣ࿈ଓఏࣔํࣜͰಈըͱ੩ըΛൺֱ͠ɼ
੩ըΛ༻͍ͯνϟϯεϨϕϧΛ͑Δ͜ͱ͕͋ͬͨಈըΛ༻͍ͨ߹ͷํ͕ਪఆਫ਼͔ͬߴ
ͨͱใͨ͠ࠂɽإʹ࣍ͷ੩ը·ͨແԻͷಈըͱԻΛ߹ͤɼҰͭͷ༗ಈըΛ࡞ͦ͠ΕΛ
બࢶͱ͢ΔఏࣔํࣜΛ৽ͨʹఏҊͨ͠͠ূݕɽ͢ͳΘͪɼF-V࣮ݧʹ͓͍ͯબࢶͷ༗ಈ
ըͷඃࣸମͷإಉҰͰԻҟͳΓɼٯʹV-F࣮ݧʹ͓͍ͯ༗ಈըͷԻಉҰͰඃࣸମ
ͷإҟͳΔɽ͜ͷͱ͖੩ըΛ༻͍ͨ߹ͰνϟϯεϨϕϧΛ͑Δ͜ͱ͋ͬͨͷͷɼແԻ
ͷಈըͱԻΛΈ߹Θͤͯ࡞ͨ͠બࢶΛఏࣔͨ͠ํ͕ਪఆਫ਼͔ͨͬߴɽޙ࠷ʹ Smith

Β੩ըΛ༻ͨ͠߹ͷਪఆʹ͍ͭͯΑΓݕ౼͢ΔͨΊʹɼV-F࣮ݧʹ͓͍ͯԻܹΛఏࣔ
ɽ͜Εͨ͠ূݕఏࣔ͢Δํ๏Ͱʹ࣌ͷ੩ըೋຕΛಉإͰ͋Δࢶɼબʹޙͨ͠ [8]ͱ [9]Ͱऔ
ΒΕͨํ๏Ͱ͋Δɽ݁Ռͱͯ͠ਪఆਫ਼ 61.0%ͱͳΓνϟϯεϨϕϧΛ͑ͨ͜ͱ͕֬ೝ͞Ε
ͨɽ͜ΕΒͷ݁Ռ͔ΒɼSmithΒ੩ըɾಈըͷͲͪΒΛ༻ͯ͠F-VɾV-F࣮ݧνϟϯεϨ
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ϕϧҎ্ͷਫ਼ͰਪఆՄͳ߹͕͋Γɼ੩ըɾಈըͷͲͪΒإɾʹڞ௨͢ΔใΛ͏ͪ࣋
Δͱ͚݁ͨɽಈըΛ༻͍ͨ߹ɼإͷಈ͖ͷใਪఆʹ༻͍Δ͜ͱ͕Ͱ͖ͨͨΊਪఆਫ਼
Λॱ൪ʹఏࣔ͢Δํ๏ΛࢶՄੑ͕͋Δɽ·ͨɼಈըɾ੩ըͷͲͪΒΛ༻͍ͯબ্͕ͨ͠
औͬͨ߹ͦͷఏࣔॱ͕ਪఆਫ਼ʹӨڹΛٴ΅͢͜ͱ͕͋Γɼಛʹ੩ըఏࣔॱʹහײͰ͋ͬ
ͨɽ͞Βʹɼਪఆਫ਼ʹ͍ͭͯɼඃىʹऀݧҼ͢ΔࢄΑΓ࣮ىʹܹݧҼ͢Δࢄͷํ͕େ
͖͔ͬͨ͜ͱ͔ΒɼF-VɾV-F࣮ݧͷͲͪΒఏࣔ͢ΔܹʹΑͬͯਪఆਫ਼͕มԽ͢ΔՄੑ
͕ࣔࠦ͞Εͨɽ

Ҏ্ͷઌ͔ڀݚߦΒɼF-VɾV-F࣮ݧͷͲͪΒ࣮ݧ݅Λஸೡʹ͑ΕνϟϯεϨϕϧҎ
্ͷਫ਼Ͱਪఆ͢Δ͜ͱ͕ՄͰ͋Δͱ͑ߟΒΕΔɽ͔͠͠ɼF-VɾV-F࣮ݧΛࡍ͏ߦͷඃऀݧ
ͷཱʹཱͭͱɼඃ͕ऀݧબΜͩબࢶʮ͜ͷإͷͪ࣋ओ͜ͷͩΖ͏ʯʢF-V࣮ݧʣʮ͜ͷ
ͷͪ࣋ओ͜ͷͩإΖ͏ʯʢV-F࣮ݧʣͱ͍ͬͨ͑ߟͷݩબΕͨ͑Ͱ͋Γɼఏࣔ͞Εͨإɾ
ͷҹʹͮ͘جબͰ͋Δͱ͑ߟΒΕΔɽ͢ͳΘͪɼඃ͕ऀݧબΜͩબ͕ࢶਖ਼ղͰ͔͋ͬͨ
ʢಉҰਓͷإ·ͨͰ͔͋ͬͨʣʹؔΘΒͣɼඃऀݧҹʹͮ͘جରԠ͚Λࣗવʹͨͬߦ
Մੑ͕͑ߟΒΕΔɽຊڀݚͰɼ͜ͷΑ͏ͳҹʹͮ͘جରԠ͚ʹ͍ͭͯௐࠪͦ͠ΕΛ౷ܭ
ϞσϧΛ༻͍ͯػࢉܭར༻ՄͳܗͰऔΓग़͢͜ͱΛݕ౼͢Δɽ

2.3 ը૾ͷಛྔԽإ

ຊڀݚͰѻ͏إɾͷҹʹͮ͘ج౷ܭతରԠ͚ͷͨΊʹɼإɾͷҹΛද͢ಛྔΛ
ͦΕͧΕઃ͢ܭΔ͜ͱ͕ඞཁͱͳΔɽͦ͜ͰຊઅͰɼ·ͣҰൠʹإೝࣝͰ༻͍ΒΕΔಛྔʹ
͍ͭͯ؆୯ʹհͨ͠ޙɼຊڀݚͰ࣮ݕʹࡍ౼ͨ͠ख๏ʹ͍ͭͯৄ͘͠հ͢Δɽ

2.3.1 ೝࣝʹ͓͍ͯ༻͍ΒΕΔಛྔإ

Ұൠతʹɼը૾தͷਓ͕୭Ͱ͋Δ͔ਪఆ͢Δʹɼ·ͣը૾தͷͲ͜ʹ͕͋إΔͷ͔Λݕग़
͠ಘΒΕͨإը૾͔ΒಛྔΛநग़͢Δඞཁ͕͋Γɼͦͷޙɼը૾ʹϥϕϧ͕༩͞Ε͍ͯΔ
߹ͦΕΛ׆༻͠ɼը૾ྨɾಉఆΛͨ͏ߦΊͷྨثΛֶश͢Δ [11]ɽຊઅͰɼإը૾͔Β
ಛྔΛநग़͢Δख๏ͷ͏ͪɼIDଐੑΛਪఆ͢ΔաఔΛ༻͍Δํ๏ɾࢣڭͳֶ͠शʹํͮ͘ج
๏ɾྠֲඓͷҐஔʹணͨ͠ํ๏ʹ͍ͭͯհ͢Δɽ

·ͣɼ֤إը૾͕୭͔Λද͢ ID͕༩͞ΕͨσʔλϕʔεΛ༻͍ͯ IDΛإը૾͔Βਪఆ͢
ΔΑ͏ͳ Deep Neural Network (DNN)Λߏ͠ɼͦͷதؒͷݩ࣍ͷͰಘΒΕΔಛ
ྔ (bottleneck feature)Λ༻͍Δ͕͋ڀݚΔɽྫ͑ɼ[12]Ͱ 4000ਓͷ IDΛਪఆ͢ΔDNN

Λɼ[13]Ͱ 800ສਓͷ IDΛਪఆ͢ΔDNNΛߏ͠ɼͦΕΒͷ bottleneck featureΛͦͷإ
ը૾ͷಛྔͱͯ͠ఆ͍ٛͯ͠ΔɽಛྔΛྨ͢ΔʹैདྷͷΫϥελϦϯάख๏͕༻͍ΒΕ
Δ͜ͱ͕ଟ͘ɼ[14]Ͱۙ࠷๏͕༻͍ΒΕ͓ͯΓɼ[13]Ͱ bottleneck feature͕ϢʔΫϦου
ۭؒʹ͋Δͷͱ͠ϢʔΫϦουڑ͕إը૾ͷྨࣅʹ݁͢ΔΑ͏ͳ੍ΛՃ͍͑ͯΔɽ

·ͨɼը૾தͷඃࣸମͲͷΑ͏ͳ֎ݟΛ͍ͯ͠Δ͔۩ମతʹهड़͢Δ͜ͱʹணͨ͠ڀݚ
͋Δɽ͢ͳΘͪɼʮڸ؟Λ͔͚͍ͯΔʯʮ͍ࡉΛ͍ͯ͠ΔʯͳͲͷଐੑ (Facial Attributes)Λը૾
͔Βਪఆ͢ΔڀݚͰ͋Δɽ[15]Ͱɼը૾ͷͲͷ෦ (ϐΫηϧ)͕ඓʹରԠ͍ͯ͠Δ͔Λਪఆ
ͷใΛೖྗͱͯ͠ଐੑΛਪఆ͍ͯ͠Δɽ·ͨɼ[16]ͰࣸਅͰͳ͘Πϥετ͔Βͦޙͨ͠
ͷ৭ɾੑผɾԿΛ͍ͯͬ࣋Δ͔ͳͲͷλάΛਪఆ͍ͯ͠ΔɽҰຕͷը૾ʹ͍ͭͯʮڸ؟Λ͔͚ͯ
͍ΔʯͳͲͷઈରతͳಛΛਪఆ͢ΔͷͰͳ͘ɼೋຕͷը૾͔Βʮը૾ 1ը૾ 2ΑΓ͕େ
͖͍ʯͱ͍ͬͨ૬ରతͳಛΛਪఆ͢Δڀݚ͋Δ [17]ɽ
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ਤ 2.1: 68ͷ Face Landmark

ҰํɼIDଐੑͳͲͷࢣڭσʔλΛ༻͍ͳ͍ࢣڭͳֶ͠शʹڀݚͮ͘جଟ͘ߦΘΕ͍ͯΔɽ
ྫ͑ɼTurkΒըૉΛओੳ (Principal Component Analysis: PCA)ͯ͠ը૾ͷಛ
ΛগͷجఈͰද͢ݱΔ EigenfaceΛఏҊͨ͠ [18] ʢAʣɽ·ͨɼAutoencoder (AE) [19]ɾ
Variational Autoencoder (VAE) [20]Λ༻͍ͨإը૾ͷѹॖɾ෮ݩʹΑΓإͷಛྔΛநग़͢Δ
͋Δڀݚ [21–24]ɽಛʹ RoscaΒɼGenerative Adversarial Network (GAN) [25]ͱ VAEΛ
߹ͤͯը૾ͷੜΛٻΊΔख๏ΛఏҊͨ͠ [24]ɽ
͜Ε·Ͱհͨ͠ख๏ը૾தͷࡱ͕إӨ͞Ε͍ͯΔ෦ͷϐΫηϧશͯΛ༻͍ͯಛྔΛਪ

ఆ͢Δख๏Ͱ͕͋ͬͨɼإͷྠֲඓͷҐஔʹॏతʹணͨ͠ಛྔͱͯ͠ Face Landmark

͕͋Δ [26, 27]ɽFace LandmarkͷҐஔ͔ؔΒإͷ͖ɾදɾࢹઢͷਪఆʹ༻͞Ε͍ͯ
ΔɽFace LandmarkͷΛ૿͢ࣄͰإͷܗঢ়ΛΑΓ͔͘ࡉදݱͰ͖Δ͕ɼ51 68ͳͲ
ेͷΛ༻͍Δ߹͕ଟ͍ɽखಈʹΑΓਪఆ͢Δํ๏͋Δ͕ [28]ɼࡏݱػցֶशΛ༻͍
ͯਪఆ͢Δํ๏͕ओྲྀͰ͋Δ [29]ɽ
Ҏ্ͷΑ͏ʹɼإೝࣝʹ༻͍ΒΕΔಛྔʹ༷ʑͳͷ͕͋ΔɽIDଐੑΛਪఆ͢ΔDNN

ͷ bottleneck featureΛ༻͍Δख๏ͰɼIDଐੑʹରԠͨ͠ը૾ͷಛΛ্ख͘ଊ͑Δ͜ͱ͕
Ͱ͖Δ͕ɼbottleneck featureͷ֤͕ݩ࣍ը૾தͷͲͷཁૉʹରԠ͍ͯ͠Δͷ͔ੳ͠ʹ͍͘ͱ͍
͏͕͋ΔɽҰํAEɾVAEΛ༻͍ͨಛྔ Face Landmarkɼલऀը૾ͷੜΛѻ
త؍ྠֲɾඓͷҐஔΛѻ͍ͬͯΔ͜ͱ͔Βɼಛྔͷੳ͕ൺֱత༰қͰ͋Γओऀޙ͍
ͳಛͰ͋Δإͷҹ͕ը૾ʹΑͬͯͲͷΑ͏ʹมԽ͢Δ͔͠ূݕ͍͢ͱ͑ߟΒΕΔɽैͬͯɼ
ຊڀݚͰ Face LandmarkAEɾVAEΛ༻͍ͨಛྔʹ͍ͭͯݕ౼͠ɼ࣍અ͔ΒͦΕΒͷந
ग़ํ๏Λ͍͔ͭ͘հ͢Δɽ

2.3.2 Face Landmark

ͷྠֲඓͷҐஔΛද͢إʹඪͷҰͭࢦग़ͷݕإೝࣝإ Face Landmark͕͋Δ [26]ɽFace

Landmark ͷ༷ʑ͕ͩɼ68 ͷ߹ͷ Face Landmark Λਤ 2.1 ʹࣔ͢ɽݕग़͞Εͨ Face

LandmarkͷҐஔ͔ؔΒإͷ͖ઢͷํͳͲΛਪఆ͢Δ͕ࣄՄͰ͋ΔɽFace Landmark

Λݕग़͢Δํ๏ͷҰͭʹ Constrained Local Neural Fields (CLNF)͕͋Δ [29]ɽCLNFɼࣜ
(2.1) ͷ Point Distribution Model (PDM) Ͱ Face Landmark ͷҐஔΛද͠ɼͦͷύϥϝʔλ
p = {s, t,R2D, q}Λ Face Landmarkपลͷը૾ใΛ༻͍ͯਪఆ͢Δख๏Ͱ͋Δɽ

xi = sR2D(Xi) + t (2.1)

Xi = Xi +Φiq (2.2)

͜͜Ͱɼxi = [xi, yi]T (i = 1, ..., N) i൪ͷ Face Landmarkͷը૾্ͷҐஔΛද͢ ϕΫݩ࣍2
τϧͰ͋Δɽ·ͣɼਓؒͷ͕إຊདྷۭؒݩ࣍ࡾʹҐஔ͢ΔͷͰ͋Δ͜ͱΛར༻͋͠Β͔͡Ίෳ
ͷ ݩ࣍3 Face Landmarkʹؔ͢Δ PCAΛ͍ߦɼಘΒΕͨฏۉXiͱجఈྻߦΦiΛ༻͍ͯࡾ
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ਤ 2.2: VAEͷߏɿ(a)άϥϑΟΧϧϞσϧɽന৭ͷؙϊʔυ؍ଌมΛɼփ৭ͷؙϊʔυજࡏม
Λද͠ɼܗ࢛֯ͷϊʔυύϥϝʔλΛද͢ɽ࣮ઢਅͷੜ֬ pθ(x|z)pθ(z)Λද͠ɼઢਅͷޙࣄ
֬ pθ(z|x)ͷมۙࣅ qφ(z|x)Λද͢ɽ(b)ωοτϫʔΫͷߏɽE EncoderΛɼD DecoderΛͦ
ΕͧΕද͢ɽ

ͷ্ۭؒݩ࣍ Face LandmarkͷҐஔXiΛࣜ (2.2)Ͱද͢ɽͨͩ͠ɼq֤ Face Landmarkʹͭ
͍ͯಉҰͰ͋Δɽ࣍ʹɼXiΛR2D Ͱճస͠͞Βʹ͔ݩ࣍ࡾΒೋݩࣹ࣍Ө͠ɼsͱ tͰ֦େॖ
খͱฏߦҠಈΛ͜͏ߦͱͰೋݩ࣍ը૾தͷ Face LandmarkͷҐஔ xiΛಘΔɽ͜ͷΑ͏ʹɼPDM

N ͷ܈Ͱ͋Δ Face Landmarkʹର͠ਓؒͷإͷܗঢ়ͱͯ͠ͷ੍ΛՃ͍͑ͯΔɽCNLF

Ͱɼಛ͕͋Δͱ͑ߟΒΕΔൣғ (ύον)ʹର͠ͷઙ͍ Neural Network (NN)Λద༻͠
Face Landmarkͷଘ֬ࡏΛٻΊɽͦΕʹ͍ͯͮج pΛٻΊΔɽͨͩ͠ɼNNΛ௨ͯ͠ಘΒΕΔ
֬ʹࡶԻ͕͍ࠞͬͯ͟ΔͨΊύον෦ͷ৴པΛಛࢉग़ʹ༻͍Δɽ͜ͷͱ͖ɼNNͷύ
ϥϝʔλखಈͰ Face LandmarkͷҐஔ͕༩͑ΒΕͨσʔλΛ༻͍ͯ͋Β͔͡Ίֶश͓ͯ͘͠ɽ

2.3.3 Variational Autoencoder (VAE)

Autoencoderͱɼmݩ࣍ͷใΛ nݩ࣍ͷใѹॖʢ֦ுʣ͢Δख๏ͷҰͭͰ͋Γɼm࣍
Β͔ݩ nݩ࣍ͷѹॖʢ֦ுʣΛ͏ߦEncoderͱ n͔ݩ࣍Βmݩ࣍ͷ෮ݩΛ͏ߦDecoderΛओ
ʹNNΛ༻͍ͯಉ࣌ʹֶश͢Δख๏Ͱ͋Δ [19]ɽVariational Autoencoder EncoderɾDecoder

͕֬Λද͢AutoencoderͰ͋ΓɼͦͷάϥϑΟΧϧϞσϧΛਤ 2.2(a)ʹࣔ͢ [20]ɽೖྗ x

ʹର͠ѹॖʢ֦ுʣઌͷજࡏม zΛԾఆ͠ɼޙࣄ qφ(z|x)Λ EncoderͰੜ pθ(x|z)
ΛDecoderͰද͢ɽ͜ͷͱ͖ɼࣄલ pθ(z)ඪ४ਖ਼نͰ͋Γɼqφ(z|x)ର֯ͳڞߦࢄ
ྻΛͭ࣋ਖ਼نͱ͢Δ߹͕ଟ͘ɼx͕ը૾ͷͱ͖ࣜ (2.7)ͷ pθ(x|z)ଟมྔϕϧψʔΠ
ʹै͏ͷͱ͢Δ߹͕ଟ͍ɽ͢ͳΘͪɼNNͰߏ͞ΕΔ Encoder(·)ͱDecoder(·)Λ༻͍ͯ࣍
ͷΑ͏ʹද͞ΕΔɽ

z = Encoder(x) ∼ qφ(z|x) = N (µ,Σ) (2.3)

x̂ = Decoder(z) ∼ pθ(x|z) (2.4)

z ∼ N (0, I) (2.5)

ਤ 2.2(b)ʹࣔ͢Α͏ʹɼEncoderͷNN xΛೖྗɼµͱΣΛग़ྗͱ͠ɼDecoderͷNN zΛ
ೖྗɼx̂Λग़ྗͱ͢ΔߏΛͭ࣋ɽͨͩ͠ɼz ϵ ∼ N (0, I)Λ༻͍ͯ z = µ+Σ

1
2 ϵͷΑ͏ʹα

ϯϓϦϯά͞ΕΔɽ͜ΕΒͷNNͷύϥϝʔλҎԼͷଛࣦؔLvaeΛ࠷খԽ͢Δ͜ͱͰٻΊΒ
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ਤ 2.3: CVAEͷߏɿ(a)άϥϑΟΧϧϞσϧɽന৭ͷؙϊʔυ؍ଌมΛɼփ৭ͷؙϊʔυજࡏม
Λද͠ɼܗ࢛֯ͷϊʔυύϥϝʔλΛද͢ɽ࣮ઢਅͷੜ֬ pθ(x|y, z)pθ(y)pθ(z)Λද͠ɼઢ
ਅͷ֬ޙࣄ pθ(z|x,y)ͷมۙࣅ qφ(z|x,y)Λද͢ɽ(b)ωοτϫʔΫͷߏɽE EncoderΛɼD
DecoderΛͦΕͧΕද͢ɽ

ΕΔɽ

Lvae = Lrec + Lkl (2.6)

Lrec = −Eqφ(z|x)[log pθ(x|z)] (2.7)

Lkl = Dkl[qφ(z|x)||pθ(z)] (2.8)

2.3.4 Conditional VAE (CVAE)

Conditional VAE (CVAE)ɼϥϕϧ͚͞ΕͨখنͳσʔλΛݩʹϥϕϧ͚͞Ε͍ͯͳ
͍େنͳσʔλʹ͍ͭͯಛྔΛநग़͠Α͏ͱ͢Δࢣڭ༗ΓֶशͷҰͭͰ͋Δ [30]ɽͦͷ
άϥϑΟΧϧϞσϧਤ 2.2(a)ͷ௨ΓͰ͋Γɼೖྗ xͱϥϕϧ yʹର͠જࡏม zΛԾఆ͢Δɽ
͜ͷͱ͖ɼEncoder(·)ͱ Decoder(·)ʹਤ 2.2(b)ͷΑ͏ʹ xͱ yͷ྆ํ͕ೖྗ͞ΕɼͦΕͧΕ
ҎԼͷ֬Λද͢ɽ

z = Encoder(x,y) ∼ qφ(z|x,y) = N (µ,Σ) (2.9)

x̂ = Decoder(y, z) ∼ pθ(x|y, z) (2.10)

z ∼ N (0, I) (2.11)

CVAEࣜ (2.6)ͱಉ༷ʹࣜ (2.12)ͷଛࣦؔΛ࠷খԽ͢Δ͜ͱͰֶश͞ΕΔɽ

Lcvae = L(cvae)
rec + L(cvae)

kl (2.12)

L(cvae)
rec = −Eqφ(z|x,y)[log pθ(x|y, z)] (2.13)

L(cvae)
kl = Dkl[qφ(z|x,y)||pθ(z)] (2.14)

2.4 ԻऀͷಛྔԽ

ຊڀݚͰѻ͏إɾͷҹʹͮ͘ج౷ܭతରԠ͚ͷͨΊʹɼإɾͷҹΛද͢ಛྔΛ
ͦΕͧΕઃ͢ܭΔ͜ͱ͕ඞཁͱͳΔɽͦ͜ͰຊઅͰɼ·ͣҰൠʹऀೝࣝͰ༻͍ΒΕΔಛྔ
ʹ͍ͭͯ؆୯ʹհͨ͠ޙɼຊڀݚͰ࣮ݕʹࡍ౼ͨ͠ख๏ʹ͍ͭͯৄ͘͠հ͢Δɽ
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2.4.1 ऀೝࣝʹ͓͍ͯ༻͍ΒΕΔಛྔ

Իʹͦͷൃ༰ʢޠݴใʣҎ֎ʹײɾൃҙਤɾऀͷੑผͳͲ༷ʑͳใؚ͕
·Ε͍ͯΔ [31]ɽԻʹؚ·ΕΔใͷʮ୭͕ൃ͔ͨ͠ʯͱ͍͏ใΛԻ͔Βਪఆ͢Δ
͕ऀೝࣝͰ͋ΓɼͦΕೖྗԻ͔Βͷಛྔநग़ͱͦͷࣝผͱ͍͏ೋͭͷϓϩηεʹେ͖
͚͘Δ͕ࣄͰ͖Δ [32, 33]ɽ͜ͷɼຊઅͰલऀͷಛྔநग़ʹ͍ͭͯѻ͏ɽ
ۙऀೝࣝʹ͍༷ͭͯʑͳ͕ڀݚͳ͞Ε͍ͯΔ͕ɼԻͦܗͷͷ͕ಛྔͱͯ͠༻͍Β

ΕΔ͜ͱগͳ͘ɼ·ͣԻ͔ܗΒޠݴใऀใΛؚΉͱ͑ߟΒΕΔಓΛϝϧप
έϓετϥϜ (Mel-Frequency Cepstrum Coefficient: MFCC)ϝϧέϓετϥϜͱ͠
ͯநग़͠ [34]ɼ͞ΒʹͦΕΒ͔ΒޠݴใΛ͢Δख๏͕ͱΒΕΔ͜ͱ͕ଟ͍ɽதͰɼ༷ʑ
ͳൃ༰ΛؚΉԻ͔Βऀ͕ͲͷΑ͏ͳൃԻΛ͍ͯ͠Δ͔Λද͢ԻӆΛਪఆ͠ɼͦͷ
ܗঢ়͔ΒऀใΛநग़͢Δ͜ͱ͕ݕ౼͞Ε͖ͯͨɽྫ͑ɼReynoldsΒෳൃ͔Βநग़
͞ΕͨMFCC͕ࠞ߹ਖ਼ن (Gaussian Mixture Model: GMM)ʹै͏ͷͱͯ͠ऀͷԻӆ
ۭؒΛදͦ͠ͷ࠷ج४ʹΑΔࣝผΛఏҊͨ͠ [32]ɽ͜͜ͰɼGMMͱෳͷਖ਼نʹର͠
શੵ͕ 1ͱͳΔΑ͏ͳॏΈΛ༩ͨ֬͠ϞσϧͰ͋Δɽ֬ม dݩ࣍ϕΫτϧ x͕ࠞ߹
M ͷGMMʹै͏ͱ͖ɼm൪ͷͷฏۉϕΫτϧ µmɾڞࢄྻߦࢄΣmΛ༻͍ͯ xͷ
֬ p(x)ࣜ (2.15)Ͱද͞ΕΔɽ

p(x) =
M∑

m=1

αmN (x;µm,Σm) (2.15)

M∑

m=1

αm = 1 (2.16)

N (x;µm,Σm) =
1

(2π)
d
2 |Σm|

1
2

exp

(
−1

2
(x− µm)TΣ−1

m (x− µm)

)
(2.17)

ಉҰऀͷෳൃ͔Βநग़͞ΕͨMFCCྻܥΛ༻͍ͯਪఆ͞ΕͨGMMऀใ͕౷Ұ͞
Ε͍ͯΔͨΊɼ֤͕Իૉʢ͋Δޠݴʹ͓͍ͯͦͷཧղऀ͕۠ผՄͳ࠷খ୯ҐʣΛද͍ͯ͠
ΔͱظͰ͖Δɽͦ͜ͰɼGMMͷύϥϝʔλ λ = {µm,Σm,αm}Mm=1ͷ͏ͪ µmʹண͠ɼࣜ
(2.18)ͷΑ͏ʹͦΕΒΛ࿈݁ͨ͠ಛྔGMM super vector (GMM-SV)͕ొͨ͠ [35]ɽ

ν = [µT
1 ,µ

T
2 , ...,µ

T
M ]T (2.18)

ͨͩ͠ɼऀೝࣝࣄલʹొ͞Εͨෳऀͷத͔ΒೖྗԻͷൃऀΛਪఆ͢Δͱͯ͠
ղ͔ΕΔ͜ͱ͕ଟ͘ɼೖྗԻ͕ݶ͔ͭؒ࣌ΒΕͨԻૉؚ͔͠·ͳ͍ͱ͍͏੍͕ݶੜ͡Δɽ͞
Βʹɼऀ͝ͱʹ GMMΛֶशͯ͠͠·͏ͱ GMMͷ֤͕ද͢ͱظ͞ΕΔԻૉऀʹ
ΑͬͯҟͳΔՄੑ͕͋Δɽͦ͜ͰɼࣄલʹେྔͷෆಛఆऀͷԻσʔλ͔ΒҰͭͷGMMΛ
Universal Background Model (UBM)ͱֶͯ͠श͓͖ͯ͠ɼٻΊ͍ͨऀͷԻӆΛUBMΛ
ͳσʔλ͔ΒنͱͰɼখ͜͏ߦ४ʹΑΔਪఆʢMAPਪఆʣΛج֬ޙࣄେ࠷લͱͨ͠ࣄ
Իૉ͕ڥ౷Ұ͞ΕͨऀGMM-SVΛಘΔख๏͕ఏҊ͞Εͨ [36]ɽGMM-SVͦͷ··Ͱ࣍
ੳࢠ͕େ͖͘Ͱ͋ΔͨΊɼҼݩ (Factor Analysis: FA) PCAʹΑͬͯݩ࣍ѹॖ͞ΕΔ
͜ͱ͕ଟ͘ɼલऀ i-vectorͱͯ͠ [37]ɼऀޙEigenvoiceͱͯ͠ [38]ͦΕͧΕఏҊ͞Ε͍ͯΔɽ
ಛʹ i-vectorۙऀใΛද͢ಛྔͱͯ͠ඪ४తʹ༻͍ΒΕ͍ͯΔɽ
Ұํɼ2.3અͱಉ༷ʹDNNΛ༻͍ͯMFCCͷԻڹಛྔ͔ΒऀใΛநग़͢Δ͜ͱݕ

౼͞Ε͍ͯΔɽྫ͑ɼSnyderΒԻͷؒ࣌෦ʢϑϨʔϜʣʹؔ͢ΔॲཧΛ͏ߦ෦ͱൃ
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ୈ 2ষ ؔ࿈ڀݚ

શମʹؔ͢ΔॲཧΛ͏ߦ෦Λͭ࣋DNNͷ bottleneck featureΛऀಛྔͱ͢Δख๏ΛఏҊ
͠ɼൃؒ࣌Ͱͷऀೝࣝੑ͕ i-vectorͱಉఔಘΒΕͨͱใ͍ͯ͠ࠂΔ [39]ɽ͔͠͠ɼ͜
ͷΑ͏ͳ DNNͷ bottleneck featureͷ֤͕ݩ࣍ͲͷΑ͏ͳऀͷ࣭Λө͍ͯ͠Δ͔ੳ͠
ʹ͘͘ɼຊڀݚͷରͰ͋Δͷҹʹؔ͢ΔಛྔΛநग़͢Δ͜ͱ͕ࠔͱͳΔՄੑ͕͋Δɽ
ҰํͰɼi-vectorͱ EigenvoiceऀͷԻӆۭؒͷϞσϧԽΛͨ͏ߦΊऀͷ࣭ͷੳ͕ൺֱ
త༰қͰ͋ΔՄੑ͕͋Δɽͦ͜ͰɼຊڀݚͰGMM-SVʹͮ͘ج i-vectorͱ Eigenvoiceʹͭ
հ͢Δɽʹࡉઅ͔ΒͦΕͧΕΛৄ࣍Δ͜ͱͱ͠ɼ͢౼ݕ͍ͯ

2.4.2 i-vector

i-vectorUBMͷGMM-SVͱऀGMMͷGMM-SVͷࠩʹؔ͢ΔҼࢠੳ͔ΒಘΒΕΔ
ऀಛྔͷҰͭͰ͋Γɼऀೝࣝʹ͓͚Δඪ४తͳಛྔͱͯ͠ࡏݱ༻͍ΒΕ͍ͯΔ [37]ɽ͢ͳ
ΘͪɼUBMͷGMM-SVΛ ν(0)ɼରͷൃΛ༻͍ͨMAPਪఆͰಘΒΕͨऀ sͷGMM-SV

Λ ν(s)ͱͨ͠ͱ͖ɼࣜ (2.19)ͷw(s)͕ i-vectorͰ͋Δɽ

ν(s) = ν(0) + Tw(s) (2.19)

ͨͩ͠ɼೖྗൃ͕খنͷ߹ ν(s)ʹऀͷҧ͍͚ͩͰͳ͘ऩڥͷҧ͍ʢνϟωϧ
ใʣؚ·ΕΔͨΊɼT ऀใɾνϟωϧใΛදࣸ͢૾ྻߦͱͳΔɽଟ͘ͷ߹GMMֶ
शʹ༻͍ΔԻڹಛྔMFCCͰ͋ΓɼҟͳΔऀ xɾyͷྨࣅࣜ (2.20)ͷίαΠϯྨࣅ
Ͱද͞ݱΕΔɽ

score(w(x),w(y)) =
w(x) ·w(y)

|w(x)||w(y)|
(2.20)

2.4.3 Eigenvoice

EigenvoiceɼऀඇґଘͷԻೝࣝϞσϧΛಛఆͷऀʹґଘͨ͠Ϟσϧʹগͷύϥϝʔλ
ͰదԠͤ͞Δख๏ͷҰͭͰ͋ΓɼऀͷԻӆۭؒΛGMMͰදͦ͠ݱͷओੳʹΑΓऀۭؒ
ΛಘΔ͜ͱ͕Ͱ͖Δ [38]ɽi-vectorͱಉ༷ʹɼෳऀͷԻσʔλ͔ΒUBMΛֶश͠ɼऀ͝ͱ
ͷԻσʔλΛ༻͍ͨదԠʹΑΓऀGMMΛֶश͢Δɽऀ sͷGMM-SV ν(s) (s = 1, 2, ..., S)

ʹର͢Δ PCAʹΑΓɼऀ sͷ Eigenvoiceࣜ (2.21)ͷ w(s)
i ͱఆٛ͞ΕΔɽ

ν(s) ≃
K∑

i=1

w(s)
i b(i) + b(0) (2.21)

b(0) =
1

S

S∑

s=1

ν(s) (2.22)

ͨͩ͠K < SͰ͋Γɼb(i) PCAʹ͓͚Δݻ༗ϕΫτϧΛɼb(0)ࣜ (2.22)ͷΑ͏ʹฏۉϕΫ
τϧΛද͢ɽb(0)ɾb(i)ʹ͍ͭͯmʹରԠ͢ΔϕΫτϧΛ bm(0)ɾbm(i)ͱ͢Δͱࣜ (2.21)ͷ
mʹରԠ͢Δ෦ࣜ (2.24)Ͱද͞ΕΔɽ

µ(s)
m =

K∑

i=1

w(s)
i bm(i) + bm(0) (2.23)

= Bmw(s) + b(0)m (2.24)
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ୈ 2ষ ؔ࿈ڀݚ

ͨͩ͠ɼBmͱw(s)ҎԼͰ͋Δɽ

Bm = [bm(1), ..., bm(K)] (2.25)

w(s) = [w(s)
1 , ..., w(s)

K ]T (2.26)

w(s) = [w(s)
1 , ..., w(s)

K ]T (2.27)

[38]ͰGMMֶशʹ͓͚ΔԻڹಛྔͱͯ͠ෆՄٯతॲཧΛؚΉPerceptual Linear Prediction

(PLP) ͍༺ಛྔͱͯ͠ϝϧέϓετϥϜΛڹΒԻాށಛྔΛ༻͍͍͕ͯͨɼͮ͘جʹ[40]
͞Βʹ 2.5.1અͰड़Δ GMMʹͮ͘ج࣭มͱΈ߹Θͤͨ Eigenvoice Conversion (EVC)

ΛఏҊͨ͠ [41]ʢ BʣɽEVCʹΑΓࢦఆͨ͠ॏΈwΛͭ࣋ऀͷԻΛ߹ՄͱͳΔͨ
Ίɼwͷҧ͍ΛԻΛฉ͘ࣄͰূݕͰ͖Δ͚ͩͰͳ͘ɼ࣭มͷͰ༻͍ΒΕΔࣜ (2.28)ͷ
ϝϧέϓετϥϜͻͣΈ (Mel-cepstral distortion: MCD)ʹΑͬͯ؍٬తʹධՁ͢Δ͜ͱՄ
Ͱ͋Δɽ

MCD[dB] =
10

ln 10

√√√√2
D∑

d=1

(
c(s1)d − c(s2)d

)2
(2.28)

͜͜Ͱ c(s1)d ɾc(s2)d ͦΕͧΕऀ s1ɾs2ͷϝϧέϓετϥϜͷ dݩ࣍ͷཁૉͰ͋ΓɼDϝϧ
έϓετϥϜͷݩ࣍Λද͢ɽ

2.4.4 i-vectorͱEigenvoiceͷҧ͍

2.4.2અͷ i-vectorUBMͱऀGMMͷࠩΛϞσϧԽ͠ɼ2.4.3અͷ Eigenvoiceෳऀ
ͷGMMؒͷࠩΛϞσϧԽ͍ͯ͠ΔͰҟͳΔ͕ɼڞʹෳऀͷԻ͔Βֶशͨ͠UBM͔Β
దԠͯ͠ಘΒΕΔऀGMM-SVʹؔ͢ΔPCAͱͯ͠ଊ͑Δ͜ͱ͕Ͱ͖Δ [33]ɽैͬͯຊڀݚͰ
ɼऀۭؒͰͷҧ͍ʢॏΈwͷҧ͍ʣΛ࣮ࡍʹԻΛฉ͍֮ͯ͢Δ͕ࣄͰ͖ɼ͔ͭऀͷ
࣭ͷࠩΛMCDͰఆྔతʹධՁ͢Δ͜ͱ͕Ͱ͖Δ Eigenvoiceʹ͍ͭͯݕ౼͢Δɽ

2.5 ҟͳΔ৴߸ͷมɾੳख๏

ຊڀݚͰѻ͏إɾͷҹʹͮ͘ج౷ܭతରԠٴͼͦΕʹإͮ͘جมͷͨΊʹɼ2.3અ
Ͱड़ͨΑ͏ͳإͷಛྔͱ 2.4અͰड़ͨΑ͏ͳͷಛྔͷؒͷؔੑΛੳͦ͠Εʹͮج
͍ͯม͢Δ͜ͱ͕ඞཁͱͳΔɽ͢ͳΘͪɼإͷಛྔۭ͔ؒΒͷಛྔۭؒͷదͳࣸ૾
ΛٻΊΔඞཁ͕͋Δɽͦ͜ͰຊઅͰɼ͋Δ৴߸͔Βผͷ৴߸ͷมɾੳΛͨ͏ߦΊͷख๏
ʹ͍ͭͯհ͢Δɽ

2.5.1 Gaussian Mixture Model (GMM)ʹͮ͘ج࣭ม๏

࣭ม (Voice Conversion: VC)ͱɼೖྗऀͷԻڹಛྔͱग़ྗऀͷԻڹಛྔΛରԠ
ͤͨ͞มϞσϧʹ͍ͯͮجೖྗऀͷ࣭Λग़ྗऀͷ࣭ʹม͢Δٕज़Ͱ͋Γɼ͜͜Ͱ
ม૾ࣸͱͯ͠GMMΛ༻͍ͨख๏Λհ͢Δ [42]ɽ

ࠁ࣌ tʹ͓͚Δೖྗɾग़ྗऀͷԻͷ੩తɾಈతಛྔΛͦΕͧΕXt = [xT
t ,∆xT

t ]ɼY t =

[yT
t ,∆yT

t ] (t = 1, 2, ..., T )ͱ͢Δɽ͜ΕΒΛ࿈݁ͨ͠Zt = [XT
t ,Y

T
t ]

TΛ༻͍ͯɼࣜ (2.30)ʹैͬ
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ͯGMMͷύϥϝʔλ λΛ݁߹֬ີ p(Zt|λ)͕࠷େͱͳΔΑ͏ʹֶश͢Δɽ

λ̂ = arg max
λ

T∏

t=1

p(Zt|λ) (2.29)

= arg max
λ

T∏

t=1

M∑

m=1

αmN (Zt;µ
(Z)
m ,Σm

(Z)) (2.30)

µ(Z)
m =

[
µ(X)
m

µ(Y )
m

]
, Σ(Z)

m =

[
Σ(XX)

m Σ(XY )
m

Σ(Y X)
m Σ(Y Y )

m

]
(2.31)

ֶशͨ͠ GMM ʹ͓͍ͯɼೖྗྻܥ X = [XT
1 , ...,X

T
T ]

T ͕༩͑ΒΕͨ࣌ͷग़ྗྻܥ Y =

[Y T
1 , ...,Y

T
T ]

T ͷ͖݅֬ p(Y |X,λ) Λ࠷େԽ͢Δ͜ͱͰɼೖྗऀͷԻڹಛྔΛग़ྗ
ऀͷͦΕʹม࣭͠มΛ͏ߦɽ

Ŷ = arg max
Y

p(Y |X, λ̂) (2.32)

= arg max
Y

T∏

t=1

M∑

m=1

p(m|Xt, λ̂)p(Y t|Xt,m, λ̂) (2.33)

͜͜ͰɺϑϨʔϜ tͷೖྗऀಛྔXt ͕͋Δm͔Βग़ྗ͞ΕΔ֬ࣜ (2.34)Ͱද͞
Εɼm͔ΒXt͕ग़ྗ͞ΕΔ߹ʹɼग़ྗऀಛྔ Y t͕ग़ྗ͞ΕΔ֬ࣜ (2.35)Ͱද
͞ΕΔɽ

p(m|Xt, λ̂) =
αmN (Xt;µ

(XX)
m ,Σ(XX)

m )
∑M

n=1 αnN (Xt;µ
(XX)
n ,Σ(XX)

n )
(2.34)

p(Y t|Xt,m, λ̂) = N (Y t;E
(Y )
m,t ,D

(Y )
m ) (2.35)

ͨͩ͠ɺE(Y )
m,t ͱD(Y )

m ҎԼͰද͞ΕΔɽ

E(Y )
m,t = µ(Y )

m +Σ(Y X)
m Σ(XX)−1

m (Xt − µ(X)
m ) (2.36)

D(Y )
m = Σ(Y Y )

m −Σ(Y X)
m Σ(XX)−1

m Σ(XY )
m (2.37)

ࣜ (2.32)ࣜ (2.38)ͷิॿؔQ(Y , Ŷ )Λ܁Γฦ͠࠷େԽ͢Δ͜ͱͰղ͘͜ͱ͕ՄͰ͋Γɼิ

– 12 –



ୈ 2ষ ؔ࿈ڀݚ

ॿؔΛ࠷େԽ͢ΔΑ͏ͳ ŷࣜ (2.39)Ͱද͞ΕΔɽ

Q(Y , Ŷ ) =
T∑

t=1

M∑

m=1

p(m|Xt,Y t,λ) log p(Ŷ t,m|Xt,λ) (2.38)

ŷ =
(
WTD(Y )−1W

)−1
WTD(Y )−1E(Y ) (2.39)

D(Y )−1 = diag

[
D(Y )−1

1 , ...,D(Y )−1
T

]
(2.40)

D(Y )−1E(Y ) =

[
D(Y )−1

1 E(Y )
1

T

, ...,D(Y )−1
T E(Y )

T

T
]

(2.41)

D(Y )−1
t =

M∑

i=1

γm,tD
(Y )−1
m (2.42)

D(Y )−1
t E(Y )

t =
M∑

i=1

γm,tD
(Y )−1
m E(Y )

m,t (2.43)

γm,t = P (m|Xt,Y t,λ) (2.44)

ͨͩ͠ɼW ੩తಛྔྻܥ y = [yT
1 , ...,y

T
T ]

TΛ੩తɾಈతಛྔྻܥ Y = [Y T
1 , ...,Y

T
T ]

Tʹ
ม͢ΔྻߦͰ͋Δɽ

Y = Wy (2.45)

2.5.2 Canonical Correlation Analysis (CCA)

ਖ਼४૬ؔੳ (Canonical Correlation Analysis: CCA)ɼಉ͡؍ଌର͔Βଌఆ͞Εͨೋͭ
ͷ৴߸͔ΒɼͦΕͧΕͷಠࣗҼࢠΛআ͖ɼ྆ऀʹڞ௨͢ΔҼࢠΛ͚ͭݟग़͢ੳख๏Ͱ͋Δ [43]ɽ
Ұͭͷ؍ଌ৴߸Λxnɼ͏Ұͭͷ؍ଌ৴߸Λ ynͱ͠ɼ྆ऀ͕ (xn,yn) (n = 1, 2, ..., N)ͷΑ͏ʹ
ϖΞΛ͍ͯ͠Δͱ͢Δɽxnͱ ynΛͦΕͧΕҎԼͷࣜͰεΧϥʔྔ unͱ vnͱઢܗม͢Δɽ

un = aT(xn − E[x]) (2.46)

vn = bT(yn − E[y]) (2.47)

ͨͩ͠ɼE[·]αϯϓϧฏۉΛද͢ɽunͱ vn͕ xnͱ ynͱͷؒͷڞ௨Ҽࢠͱͯ͠ଊ͑ɼuͱ v

ͷ૬ؔ ρ(a, b)Λ࠷େʹ͢ΔΑ͏ͳϕΫτϧ aͱ bɼ͢ͳΘͪ âͱ b̂ΛٻΊΔɽ

â, b̂ = arg max
a,b

ρ(a, b) (2.48)

= arg max
a,b

aTΣxyb (2.49)

ͨͩ͠ɼΣxx = E[xxT]ɼΣxy = E[xyT]ɼΣyy = E[yyT]Ͱ͋Γɼࣜ (2.50)ͷ੍݅ΛՃ͑ͯ
͍Δɽ

aTΣxxa = bTΣyyb = 1 (2.50)

͜ΕҰൠԽݻ༗ʹؼண͞Εɼͦͷݻ༗ λʹରԠ͢Δݻ༗ϕΫτϧ͕ âɼb̂ͱͳΓɼλ
૬ؔ ρ(â, b̂)ͱҰக͢Δɽࣜ (2.46)ͱࣜ (2.47) unͱ vn͕εΧϥʔྔͳͷͰҰݩ࣍ͷࣹ
ӨΛද͍ͯ͠Δ͕ɼෳͷݻ༗ʹରԠ͢Δݻ༗ϕΫτϧΛ͑ߟΔ͜ͱͰɼଟۭؒݩ࣍ͷࣹӨ
Λ͑ߟΔ͜ͱ͕Ͱ͖Δɽ
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h

x

y db
VU

� ⇤

ਤ 2.4: pCCAͷάϥϑΟΧϧϞσϧɿന৭ͷؙϊʔυ؍ଌมΛɼփ৭ͷؙϊʔυજࡏมΛද͠ɼ
ͷϊʔυύϥϝʔλΛද͢ܗ࢛֯

2.5.3 probabilistic CCA (pCCA)

֬తਖ਼४૬ؔੳʢprobabilistic CCA: pCCAʣɼ2.5.2અͷ CCAʹ֬తͳજࡏมΛ
Ծఆͨ͠ੳ๏Ͱ͋Δ [44]ɽpCCAͷάϥϑΟΧϧϞσϧਤ 2.4ͷΑ͏ʹͳΓɼ௨ৗͷCCAʹ
͓͚Δڞ௨ҼࢠΛ֬తજࡏม hͰද͍ͯ͠Δɽ؍ଌม xɼyͱજࡏม h͕ै͏֬
ΛҎԼͷΑ͏ʹఆٛ͢Δɽ

p(h) = N (0, I) (2.51)

p(x|h) = N (Uh+ b,Γ) (2.52)

p(y|h) = N (V h+ d,Λ) (2.53)

Αͬͯɼಉ֬࣌ p(x,y)ࣜ (2.54)ͱͳΔɽ

p(x,y) = N (µ,Σ) (2.54)

µ =

[
b

d

]
(2.55)

Σ =

[
UUT + Γ UV T

V UT V V T +Λ

]
(2.56)

BachΒɼϞσϧύϥϝʔλ θ = {U , b,Γ,V ,d,Λ} ΛҎԼͷΑ͏ʹղੳతʹٻΊΔํ๏ΛఏҊ
ͨ͠ [44]ɽ

U = ΣxxAM (2.57)

V = ΣyyBM (2.58)

Γ = Σxx −UUT (2.59)

Λ = Σyy − V V T (2.60)

bͱ dͦΕͧΕɼxɼyͷαϯϓϧฏۉͰɼΣxxͱΣyyαϯϓϧͷྻߦࢄͰٻΊΒΕΔɽͨ
ͩ͠ɼAͱB CCAͰಘΒΕ֤ͨ âɼb̂ΛߦϕΫτϧͱ͢ΔมྻߦͰ͋ΓɼM ɼCCAͰ
ಘΒΕͨݻ༗͕ର֯ʹฒΜͩྻߦΛ P ͱͨ͠ͱ͖ʹM = P

1
2 Ͱද͞ΕΔɽ

2.5.4 mixture of probabilistic CCA (mPCCA)

mixture of probabilistic CCA (mPCCA)ɼpCCAͷࠞ߹Ϟσϧʹͮ͘جੳ๏Ͱ͋Δ [45]ɽ
mPCCAͷάϥϑΟΧϧϞσϧਤ 2.5ͷΑ͏ʹͳΔɽજࡏม zࠞ߹Λද͢ϕΫτϧͰ͋Γɼ

– 14 –
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h

x

y
Um

�m ⇤m

V m
bm dm

z

�m

ਤ 2.5: mPCCAͷάϥϑΟΧϧϞσϧɿന৭ͷؙϊʔυ؍ଌมΛɼփ৭ͷؙϊʔυજࡏมΛද͠ɼ
ͷϊʔυύϥϝʔλΛද͢ܗ࢛֯

͜͜Ͱ z͕mݩ࣍ͷཁૉ zmΛ 1ͱ͢Δ one-hotϕΫτϧͰ͋Δ֬ p(zm = 1)Λ୯ʹ p(zm)

ͱද͢͜ͱͱ͢ΔɽͦΕͧΕͷมҎԼͷʹै͏ɽ

p(h) = N (0, I) (2.61)

p(x|h, zm) = N (Umh+ bm,Γm) (2.62)

p(y|h, zm) = N (V mh+ dm,Λm) (2.63)

p(zm) = φm (2.64)

ैͬͯɼಉ֬࣌ҎԼͷΑ͏ʹද͞ΕΔɽ

p(x,y) =

∫ ∑

m

p(x,y,h, zm)dh (2.65)

=

∫ ∑

m

{p(x|h, zm)p(y|h, zm)p(h)p(zm)} dh (2.66)

=
∑

m

φmN (µm,Σm) (2.67)

ͨͩ͠ɼµmͱΣmҎԼͰද͞ΕΔɽ

µm =

[
bm
dm

]
(2.68)

Σm =

[
UmUT

m + Γm UmV T
m

V mUT
m V mV T

m +Λm

]
(2.69)

ࠞ߹mʹؔ͢ΔϞσϧύϥϝʔλɼΘm = {Um, bm,Γm,V m,dm,Λm,φm} ͱͳΔɽ
ࠞ߹ M ͷ mPCCA ͷύϥϝʔλ Θ = {Θm}Mm=1 ͷֶशɼN ରͷֶशαϯϓϧ X =

[xT
1 , ...,x

T
N ]TɾY = [yT

1 , ...,y
T
N ]TΛ༻͍ͯࣜ (2.71)Ͱද͞Ε EMΞϧΰϦζϜʹΑͬͯٻΊΔ͜

ͱ͕Ͱ͖Δɽ

Θ̂ = arg max
Θ

p(X,Y ) (2.70)

= arg max
Θ

∫ M∑

m=1

p(X,Y ,H, zm)dH (2.71)

– 15 –
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ͨͩ͠ɼH = [hT
1 , ...,h

T
N ]TͰ͋Δɽ

ֶश͞Εͨ Θ̂Λ༻͍ͯɼ͋Δ x͔ΒରԠ͢Δ yͷมࣜ (2.73)Ͱද͞ΕΔɽ

ŷ = arg max
y

ln p(y|x, Θ̂) (2.72)

= arg max
y

ln

[∫ M∑

m=1

p(y,h, zm|x, Θ̂)dh

]
(2.73)

͜ΕEMΞϧΰϦζϜΛ༻͍ͯղ͘͜ͱ͕Ͱ͖ɼMεςοϓʹ͓͚Δߋ৽ࣜࣜ (2.74)Ͱ͋Δɽ

ŷ =

(
∑

m

Gm

)−1∑

m

Gm (ψm + dm) (2.74)

ͨͩ͠ɼGmͱψmҎԼͰ͋Γɼ⟨·⟩ظΛද͢ɽ

Gm = gmΛ−1
m (2.75)

ψm = V m

〈
h|x, ŷold, zm

〉
(2.76)

gm =
〈
zm|x, ŷold

〉
(2.77)

͜͜ͰɼŷoldલͷMεςοϓͰಘΒΕͨग़ྗ ŷΛද͢ɽ

– 16 –
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3.1 ͡Ίʹ

ຊڀݚͰɼإͷҹΛද͢ಛྔͱͷҹΛද͢ಛྔΛ౷ܭతʹରԠ͚ɼͦΕʹͮج
Δɽਤ͢౼ݕ͍ͯͭʹมإΔ͢ͷಛྔ͔Βͷಛྔͱมإ͍ͯ 3.1ʹࣔ͢Α͏ʹఏ
Ҋख๏େ͖ͭ͘ࡾͷॲཧʹ͚Δ͜ͱ͕Ͱ͖ΔɽҰͭإͷҹΛද͢ಛྔͷநग़Ͱ͋Γɼ
ೋͭͷҹΛද͢ಛྔͷநग़Ͱ͋Γɼͭࡾإͷಛྔͱͷಛྔͷؒͷࣸ૾ͷֶ
शͱධՁͰ͋ΔɽҎԼͰͦΕͧΕͷॲཧͷݕ౼ʹ͍ͭͯड़Δ͕ɼ͜͜ͰຊڀݚͰѻ͏إɾͷ
ҹʹ͍ͭͯ͢ߟ࠶Δɽ͋Δإ͔Βड͚ΔҹΛਓ͕ؒද͢ݱΔͱ͖ʹ࠷͏؆୯ͳํ๏
ʮூΓ͕ਂ͍ʯʮؙͩإʯʮଠ͍ʯʮ༏͍͠ʯͳͲͷݴ༿ʢҹޠʣΛ༻͍Δํ๏Ͱ͋Δɽྫ͑
༿ɾʮ໌Δ͍/҉͍ʯʮஆ͔͍/ྫྷ͍ͨʯͳݴ͍ʯʮେ͖͍/খ͍͞ʯͳͲͷ؆୯ͳ/͍ߴໆΒʮߴ
ͲͷΑΓநతͳݴ༿ɾʮણࡉʯʮૉͬؾͳ͍ʯʮ༏͍͠ʯʮՄѪ͍ʯͳͲͷओ؍తͳݴ༿Λ༻͍ͯԻ
ͷҹΛධՁͨ͠ [46–49]ɽ·ͨɼݸਓͷإͷҹͰͳ͍ͷͷɼӬాΒʮϓϩϨεϥʔʯ
ʮ౦ژେֶͷֶੜʯͳͲͷॴଐ͢Δ৬໊ۀ·ͨάϧʔϓ໊Λͦͷਓ͕ॴଐ͢Δूஂʹڞ௨͢
Δҹͱͯ͠࠾༻͠ɼإͷҹʹؔ͢ΔੳΛͨͬߦ [50]ɽओ؍తͳݴ༿ؚΉҹޠͰإɾ
ͷҹΛධՁ͢Δͱ͖ʹɼ[49]ͷΑ͏ʹଟ͘ͷҹޠΛ༻͍ͨΞϯέʔτௐࠪͱͦͷҼࢠ
ੳʹΑΓݩ࣍ͷಛྔʹѹॖ͞ΕΔ͜ͱ͕ଟ͍ɽզʑ͕͋ΔإɾͷҹΛ࣮ݴʹࡍ༿Ͱද͢
ͱ͖ʢྫ͑༑ਓʹ࿀ਓͷإɾΛ͑Δͱ͖ͳͲʣΛ͑ߟΔͱɼ༻͍Δݴ༿ਓͦΕͧΕͰ
ද͢ҹͷํੑݶΒΕ͍ͯΔͣͰ͋ΓɼҼࢠੳͳͲΛ௨ͯ͡ݩ࣍ͷಛྔʹѹॖ͢Δ
͜ͱଥͰ͋Δͱ͑ݴΔɽ͜ͷ͜ͱ͔Βɼإɾͷҹൺֱతݩ࣍ͰදݱՄͰ͋Δͱ͍
͏ԾఆΛཱͯΔ͜ͱ͕Ͱ͖ɼ͜ΕҹޠΛ༻͍ͨੳ͚ͩͰͳ͘ɼإը૾ɾԻ͔Βػցֶश
ʹΑΓಘΒΕΔఆྔతͳಛྔΛ༻͍ͨੳʹద༻Ͱ͖Δͱ͑ߟΒΕΔɽͦ͜ͰɼຊڀݚͰ
४ͷҰͭͱ͢جͰ͋ΔͱԾఆ͠ಛྔͷબఆݩ࣍ൺֱతݩ࣍ɾͷҹΛද͢ಛྔͷإ
Δɽ࣍અҎ߱ͰఏҊख๏ͷ֤ॲཧʹ͍ͭͯड़Δɽ

3.2 ͷҹΛද͢ಛྔͷநग़إ

ͷಛྔͷநग़ͱͯ͠إ 2.3અͰհͨ͠ Face LandmarkɾVAEɾCVAEΛݕ౼͢ΔɽVAEɾ
CVAEʹ͍ͭͯɼEncoderͰಘΒΕΔ µͱΣͷ͏ͪ µͷํ͕જࡏมͷੑ࣭ΛΑΓද͢ͱߟ
͑ɼµͷΈΛಛྔͱͯ͠༻͍ΔɽFace Landmarkʹ͍ͭͯɼෳͷ͕͍ͯؔ͠ʹ͍ޓΔ
ՄੑΛྀ͠ߟ PCAΛ͍ߦ Face LandmarkͷओΛಛྔͱͯ͠༻͍Δɽ͔͠͠ɼຊڀݚͰ
ѻ͏إͷҹʢإͷ੩తͳݸਓੑʣෳͷ Face Landmarkͷ߹͔ͤΒΔإͷύʔπͷܗঢ়
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ਤ 3.1: ఏҊख๏ͷ֓ཁɿoriginalͷը૾͔ΒإͷҹΛද͢ಛྔΛநग़͠ͷҹΛද͢ಛྔͱม
ͷಛྔͱͯ͠إΔɽ(1)͢ (a)Face Landmarkͷओɾ(b)IFFͷओɾ(c)VAEͷ µɾ(d)CVAEͷ
µΛɼ(2)ͷಛྔͱͯ͠ EigenvoiceΛɼ(3)ࣸ૾ͱͯ͠GMMɾCCAɾpCCAɾmPCCAΛͦΕͧΕݕ
౼͢Δɽ

ஔʹىҼ͢Δͱ͑ߟΒΕΔ͕ɼFace Landmarkͷ PCAͰ݁Ռతʹ͍͔ͭ͘ͷओ͕
ඓͷإͷύʔπʹରԠ͢ΔՄੑ͋ΔͷͷͦΕΒʹ໌ࣔతʹணͰ͖ͳ͍ͱ͍͏͕
͋Δɽͦ͜ͰຊڀݚͰɼإͷύʔπͷܗঢ়ɾஔΛද͢ 3.2.1અͷ Iconified Face Feature (IFF)

ΛఏҊͦ͠ͷ༗ޮੑݕ౼͢Δɽ

3.2.1 Iconified Face Feature (IFF)

ঢ়ɾஔΛ໌ࣔతʹѻ͏ͨΊɼܗͷύʔπͷإΒΕΔ͑ߟਓੑΛө͍ͯ͠Δͱݸͷ੩తͳإ
ද 3.1ͷΑ͏ʹإͷύʔπΛ؆୯ͳਤܗͰۙͦ͠ࣅͷܗঢ়Λද͢ ͷಛྔݩ࣍15 Iconified Face

Feature (IFF)ΛఏҊ͢ΔɽIFFۙࣅਤܗΛඳ͘͜ͱͰΞΠίϯը૾ͱͯ͠ՄࢹԽ͢Δ͜ͱ͕
Ͱ͖ɼͦͷ༷ࢠΛਤ 3.2ʹࣔ͢ɽຊจͰ 68ͷ Face Landmark f i (i = 1, 2, ..., 68)͔ΒҎ
Լͷنଇʹ͍ͯͮج IFFΛநग़͢Δํ๏ΛఏҊ͢Δɽͨͩ͠ɼFace Landmark͕ݕग़͞Εͨإը
૾ը૾αΠζ͕౷Ұ͞Ε͓ͯΓɼ͕إը໘͍ͬͺ͍ʹࡱӨ͞Ε͍ͯΔͷͱ͢Δɽ·ͨɼFace

Landmarkͷ࠲ඪը૾ͷ্ࠨΛݪͱ͢Δઈର࠲ඪͰද͞Ε͓ͯΓҰํͰ IFF૬ରతͳಛ
ྔͰ͋ΔͨΊɼඓͷઌۙΛද͢ f31Λը૾த৺ʹҠಈͤ͞Δਖ਼نԽ͏ߦɽIFFͷநग़ʹ͓
͍ͯΞΠίϯը૾͕ࠨӈରশʹͳΔΑ͏ʹฏۉॏ৺Λ༻͍ͨਖ਼نԽΛ͍ߦɼڑΛܭଌ͢Δ
ͱ͖ʹϢʔΫϦουڑΛ༻͍ΔɽFace Landmarkͷ֤ͷΠϯσοΫεਤ 2.1ʹै͏ɽ

f38,f39,f41,f42ͷ࠷খ֎ԁͷத৺Λ rcɾܘΛ pwrͱ͠ɼf44,f45,f47,f48ͷ࠷খ֎ԁ
ͷத৺Λ lcɾܘΛ pwlͱ͢Δɽ͜ΕΒͱࣜ (3.1)ͷඓͷઌ noseTopΛ༻͍ͯɼΛද͢ edɾ

– 18 –
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ද 3.1: Iconified Face Feature (IFF)ɿ()ਤ 3.2ͷ֤มΛද͢ɽ

෦Ґ ܗਤࣅۙ ಛྔ

 ପԁ ྆ͷڑ (ed)ɼத৺͔Βͷڑ (ey)ɼͷ෯ (ew)ɼͷ͞ߴ (eh)

ಏ ପԁ ෯ (pw)

ඓ ܗ֯ࡾ ෯ (nw)ɼ͞ߴ (nl)

ޱ ઢ த৺͔Βͷڑ (my)ɼ෯ (mw)

එໟ ઢ ྆එໟͷڑ (ebd)ɼத৺͔Βͷڑ (eby)ɼ͞ (ebl)ɼਫฏ͔Βͷ֯ (θ)

ྠֲ ପԁͱઢ ෯ (fw)ɼ͞ߴ (fh)

ew�

pw�

(/2�

×� ×�

nl�

×�×�

eby�

ey�

my�

×�

eh�

×�

ebl�
θ�

center	line�

center	line�x�

y�

fw�

mw�

nw�

ebd�

ed�

ਤ 3.2: IFFͷ֤มͱͦΕΒΛՄࢹԽͨ͠ΞΠίϯը૾ɿͷઢ IFFͷ֤มΛɼΦϨϯδͷઢத
৺ઢΛɼͷόπҹத৺ΛͦΕͧΕද͢ɽإͷྠֲͷ͋͝ͷ෦ପԁͰදͦ͠ͷଞઢͰද͠
͍ͯΔɽ

eyɾewɾehͱಏΛද͢ pwҎԼͷࣜͰٻΊΒΕΔɽ

noseTop =
1

3
(rc+ lc+

1

2
(f28 + f29)) (3.1)

ed = ||rc− lc|| (3.2)

ey = ||f31 − noseTop|| (3.3)

ew =
1

2
(||f37 − f40||+ ||f43 − f45||) (3.4)

pw =
1

2
(2pwr + 2pwl) = pwr + pwl (3.5)

eh = pw (3.6)

͜͜Ͱɼද 3.1Ͱಏͷܗঢ়Λପԁͱ͍ͯ͠Δ͕ɼࠓճ؆୯ͷͨΊਅԁΛԾఆ͠ ehͱ pw
͍͠ͱͨ͠ɽ·ͨɼpwrͱ pwlܘΛද͕͢ ehͱ pwܘΛද͢͜ͱʹҙ͞Ε͍ͨɽ

ඓΛද͢ nwͱ nlҎԼͷࣜͰٻΊΒΕΔɽ

nw = ||f32 − f36|| (3.7)

nl = 2||1
2
(f32 + f36)− noseTop|| (3.8)
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ΊΒΕΔɽٻΛද͢mwͱmyҎԼͷࣜͰޱ

mw = ||f49 − f55|| (3.9)

my = 2||f31 −
1

2
(f49 + f55)|| (3.10)

ӈͷඑͷத৺ rbcɾࠨͷඑͷத৺ lbcΛͦΕͧΕࣜ (3.11)ɾ(3.12)Ͱද͢ͱɼඑໟΛද͢ ebdɾ
ebyɾeblɾθҎԼͷࣜͰٻΊΒΕΔɽ

rbc =
1

2
(f19 + f22) (3.11)

lbc =
1

2
(f23 + f26) (3.12)

ebd = ||rbc− lbc|| (3.13)

eby = ||1
2
(rbc+ lbc)− f31|| (3.14)

ebl =
1

2
(||f22 − f19||+ ||f26 − f23||) (3.15)

θr =
arccos(e · (f22 − f19))

||f22 − f19||
(3.16)

θl =
arccos(e · (f26 − f23))

||f26 − f23||
(3.17)

θ =
θr + θl

2
(3.18)

ͨͩ͠ɼࣜ (3.16)ͱࣜ (3.17)ʹ͓͍ͯ e = [1, 0]TͰ͋Δɽ
ͷྠֲΛද͢إ fwͱ fhҎԼͷࣜͰٻΊΒΕΔɽ

fw = ||1
3
(f1 + f2 + f3)−

1

3
(f15 + f16 + f17)|| (3.19)

fh = 2||f31 −
1

3
(f8 + f9 + f10)|| (3.20)

Ҏ্ͷΑ͏ʹɼࣜ (3.2)͔Βࣜ (3.10)ɾࣜ (3.13)͔Βࣜ (3.15)ɾࣜ (3.18)͔Βࣜ (3.20)ʹΑΓFace

Landmark͔Β IFFͷมߦ͕ΘΕɼຊจͰ֤มΛࣜ (3.21)ͷॱʹฒͨϕΫτϧΓΛ
IFFͱͯ͠ѻ͏ɽ

Γ = [ed, ey, ew, eh, pw, nw, nl,my,mw, fw, fh, ebd, eby, ebl, θ]T (3.21)

3.3 ͷҹΛද͢ಛྔͷநग़

2.4અͰऀೝࣝʹ༻͍ΒΕΔಛྔͱͯ͠DNNͷ bottlenech featureɾi-vectorɾEigenvoice

Λհͨ͠ɽ͜ΕΒͷɼDNNͷ bottleneck feature֤͕ݩ࣍ͲͷΑ͏ͳऀͷ࣭Λө͠
͍ͯΔ͔ੳ͠ʹ͘͘ɼຊڀݚͷରͰ͋Δͷҹʹؔ͢ΔಛྔΛநग़͢Δ͜ͱ͕ࠔͱͳ
ΔՄੑ͕͋Δɽ·ͨɼ2.4.4અͰड़ͨΑ͏ʹ i-vectorͱ EigenvoiceʹGMM-SVͷ PCAΛ
ԻʹࡍͰ࣮ࣄͦ͠ͷԻΛฉ͘߹ʹࡍ௨͍ͯ͠Δɽͦ͜ͰɼEVCʹΑΓԻΛ࣮ڞͰ͏ߦ
ͷҹΛ֬ೝͰ͖Δ͜ͱ͔ΒɼຊڀݚͰ EigenvoiceΛͷҹΛද͢ಛྔͱͯ͠ར༻Ͱ͖Δ
Δɽ͢౼ݕ͔
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3.4 ౷ܭతإม

ຊઅͰإͷಛྔ x͔Βͷಛྔ yͱม͢Δࣸ૾ʹ͍ͭͯड़Δɽࣸ૾ͱͯ͠ 2.5અ
Ͱհͨ͠GMMɾCCAɾpCCAɾmPCCAΛݕ౼͠ɼ࣍અ͔ΒͦΕΒΛ༻͍ͨม๏ʹ͍ͭͯ
ॱʹड़Δɽͨͩ͠ɼxɾyͷݩ࣍ͦΕͧΕ dxɾdy ͱ͠ɼ౷ܭϞσϧͷֶशʹඞཁͳإɾ
ͷύϥϨϧσʔλ {xi,yi}Ni=1ͱ͢Δɽ

3.4.1 GMMʹإͮ͘جม๏

࿈݁ϕΫτϧ zi = [xT
i ,y

T
i ]

T͕ࠞ߹M ͷGMMʹै͏ͷͱ͢ΔɽϞσϧύϥϝʔλ λ̂Λ
ࣜ (3.22)ʹै͍݁߹֬ີ p(z|λ)͕࠷େͱͳΔΑ͏ʹֶश͢Δɽ

λ̂ = arg max
λ

N∏

i=1

p(zi|λ) (3.22)

= arg max
λ

N∏

i=1

M∑

m=1

αmN (zi;µ
(z)
m ,Σm

(z)) (3.23)

µ(z)
m =

[
µ(x)
m

µ(y)
m

]
, Σ(z)

m =

[
Σ(xx)

m Σ(xy)
m

Σ(yx)
m Σ(yy)

m

]
(3.24)

ֶशͨ͠ λ̂Λ༻͍ͯࣜ (3.25)ʹࣔ͢Α͏ʹΛ࠷େԽ͢Δ͜ͱͰإͷಛྔ x͔Βͷಛ
ྔ yͱม͢Δɽ

ŷ = arg max
y

p(y|x,λ) (3.25)

= arg max
y

M∑

m=1

p(m|x,λ)p(y|x,m,λ) (3.26)

p(m|x,λ) = αmN (x;µ(xx)
m ,Σ(xx)

m )
∑M

n=1 αnN (x;µ(xx)
n ,Σ(xx)

n )
(3.27)

p(y|x,m,λ) = N (y;E(y)
m ,D(y)

m ) (3.28)

ͨͩ͠ɼE(y)
m ͱD(y)

m ҎԼͰද͞ΕΔɽ

E(y)
m = µ(y)

m +Σ(yx)
m Σ(xx)−1

m (x− µ(x)
m ) (3.29)

D(y)
m = Σ(yy)

m −Σ(yx)
m Σ(xx)−1

m Σ(xy)
m (3.30)

ࣜ (3.25)ࣜ (3.31)ͷิॿؔQ(y, ŷ)Λ܁Γฦ͠࠷େԽ͢Δ͜ͱͰղ͘͜ͱ͕ՄͰ͋Γɼิ
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ॿؔΛ࠷େԽ͢ΔΑ͏ͳ ŷࣜ (3.32)Ͱද͞ΕΔɽ

Q(y, ŷ) =
M∑

m=1

p(m|x,y,λ) log p(ŷ,m|x,λ) (3.31)

ŷ =
(
D(y)−1

)−1
D(y)−1E(y) (3.32)

D(y)−1 =
M∑

m=1

γmD(y)−1
m (3.33)

D(y)−1E(y) =
M∑

m=1

γmD(y)−1
m E(y)

m (3.34)

γm = p(m|x,y,λ) (3.35)

3.4.2 CCAʹإͮ͘جม๏

ύϥϨϧσʔλ {xi,yi}Ni=1Λ༻͍ͨ CCAͰಘΒΕͨ âɾb̂ΛߦϕΫτϧͱ͢ΔมྻߦΛͦ
ΕͧΕAɾBͱ͢ΔɽCCAʹ͓͍ͯݻ༗͕ nݸಘΒΕͨ߹ɼA nߦ dxྻͷྻߦɼB
nߦ dy ྻͷྻߦͱͳΔɽ
ͷಛྔإ x͔Βͷಛྔ yͱม͢Δͱ͖ɼมྻߦAɾBΛ༻͍ͯҎԼͷઢܗมΛ

ɽ͏ߦ

u = A(x− E[x]) (3.36)

v = B(y − E[y]) (3.37)

͜͜ͰɼE[x]ͱE[y]ɼCCAʹ༻͍ͨN ରͷαϯϓϧฏۉͰ͋ΔɽCCAʹΑΓuͱ vͷ૬ؔ
࠷େͱͳ͍ͬͯΔͨΊ࣍ͷ͕ۙࣅΓཱͭͱͯࠩ͑͠͠ࢧͳ͍ɽ

u ∝ v (3.38)

͞ΒʹɼఆഒABͰٵऩͰ͖Δ͜ͱΛ͑ߟΔͱ࣍ͷ͕ۙࣅΓཱͭͱͯࠩ͑͠͠ࢧͳ͍ɽ

u ≃ v (3.39)

͜Εͱࣜ (3.36)ɾࣜ (3.37)ΑΓҎԼͷ͕ۙࣅΓཱͭɽ

A(x− E[x]) ≃ B(y − E[y]) (3.40)

ࣜ (3.40)Λຬͨ͢ yΛ࠷খೋ๏Λ༻͍ͯٻΊΔͱ࠷খϊϧϜղࣜ (3.42)ͷΑ͏ʹͳΔɽ

ŷ = arg min
y

||A(x− E[x])−B(y − E[y])||2 (3.41)

= E[y] +ΦΣ+ΘTA(x− E[x]) (3.42)

ͨͩ͠ɼΘɾΣɾΦBͷಛҟղͰಘΒΕΔྻߦͰ͋Δɽ

B = ΘΣΦT (3.43)

ΣͱΣ+ͷؔBͷಛҟΛର֯ʹͭ࣋ର֯ྻߦDΛ༻͍ͯҎԼͰද͞ΕΔɽ

Σ =

[
D O

O O

]
, Σ+ =

[
D−1 O

O O

]
(3.44)
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3.4.3 pCCAɾmPCCAʹإͮ͘جม๏

pCCAmPCCAͷࠞ߹͕ 1Ͱ͋ΔϞσϧͱͯ͠ଊ͑ɼ2.5.3અͰհͨ͠ղੳղΛॳظ
ͱ͢Δ EMΞϧΰϦζϜΛద༻͠ύϥϝʔλ θͷֶशΛ͏ߦɽ͢ͳΘͪɼإɾͷύϥϨϧσʔ
λΛ༻͍ͯ pCCA·ͨmPCCAͷύϥϝʔλ Θ̂Λࣜ (2.71)ʹैֶ͍श͢Δɽ
ֶश͞Εͨ Θ̂Λ༻͍ͯɼ͋Δإͷಛྔ x͔Βͷಛྔ ŷͱࣜ ͢ม͍ͯͮجʹ(2.73)

Δɽͨͩ͠ɼ[45]Ͱࣜ (2.73)Λղ͘ EMΞϧΰϦζϜͷॳظΛGMMʹ͍ͯͮجਪఆ͞Εͨ
ŷͱ͍͕ͯͨ͠ɼຊڀݚͰજࡏม hΛ໌ࣔతʹྀ͢ߟΔͨΊࣜ (2.74)ͷGmͱψmʹ͍ͭͯ
ҎԼͷॳظΛ༩͑Δํ๏ΛఏҊ͢Δɽ

Gm = ⟨zm|x⟩Λ−1
m (3.45)

ψm = V m ⟨h|x, zm⟩ (3.46)
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ୈ4ষ

ݧ࣮

4.1 ͡Ίʹ

ຊڀݚͰɼإͷҹΛද͢ಛྔͱͷҹΛද͢ಛྔΛ౷ܭతʹରԠ͚ɼͦΕʹͮج
Δɽୈ͢౼ݕ͍ͯͭʹมإΔ͢ͷಛྔ͔Βͷಛྔͱมإ͍ͯ 3ষͰड़ͨΑ͏ʹɼ
ຊఏҊख๏ҎԼͷͭࡾͷεςοϓʹ͚Δ͜ͱ͕Ͱ͖Δɽ

1. ͷҹΛද͢ಛྔͷநग़إ
2. ͷҹΛද͢ಛྔͷநग़
3. ྆ऀͷ౷ܭతରԠ͚͓ΑͼͦΕʹإͮ͘جม

·ͣεςοϓ 1ʹ͍ͭͯ 4.2અͰड़ɼ࣍ʹεςοϓ 2ʹ͍ͭͯ 4.3અͰड़Δɽ͞Βʹɼεςο
ϓ 3ͷ౷ܭϞσϧͷֶशʹඞཁͳҹ͕߹கͨ͠إɾͷύϥϨϧσʔλͷऩूʹ͍ͭͯ 4.4અ
Ͱड़Δɽޙ࠷ʹɼεςοϓ 3ʹ͍ͭͯ 4.5અͰड़Δɽ

4.2 ݧͷҹΛද͢ಛྔͷநग़ʹؔ͢Δ࣮إ

4.2.1 ֓ཁ

ຊఏҊख๏ͷҰͭͷεςοϓͰ͋ΔإͷҹΛද͢ಛྔͷநग़ʹ͍ͭͯຊઅͰड़Δɽಛ
ྔͱͯ͠ Face LandmarkɾIFFɾVAEɾCVAEʹͮ͘جಛྔΛݕ౼ͦ͠ΕͧΕʹ͍ͭͯॱ൪
ʹड़Δɽͨͩ͠ɼإը૾ͷݕग़ʹOpenCV1Λ༻͍ɼը૾ͷαΠζ͕ॎ 100ԣ 100ʹͳΔΑ
͏֦େॖখΛͨͬߦɽ

4.2.2 Face LandmarkΛ༻͍ͨಛྔநग़

ຊઅͰɼإը૾͔Β Face LandmarkΛநग़͠ PCAʹΑΓإͷҹΛද͢ಛྔΛಘΒΕΔ
͔Ͳ͏͔࣮ͨ͠ݧɽ

i) ݅ݧ࣮

ը૾σʔλϕʔεͱͯ͠MORPHإ [51]Λ༻͍ͨɽMORPHʹಉҰਓͰ͋Δ͕ࡱӨظ࣌
͕ҟͳΔը૾͕ଘ͢ࡏΔ͕ɼશͯͷը૾ʹͦΕͧΕҟͳΔਓ͕͍ࣸͬͯΔͷͱͨ͠ɽ·ͨɼಘ

1http://opencv.jp/ [Accessed 19 January 2017]
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ද 4.1: Face Landmarkͷओͱد༩ͷؔ (୯Ґ:%)

ओ 1 2 3 4

༩د 40.2 30.6 15.2 4.22

༩دੵྦྷ 40.2 70.8 86.1 90.3

ओ 5 6 7 8 9 10 11 12

༩د 3.83 2.89 1.01 0.605 0.400 0.232 0.190 0.189

༩دੵྦྷ 94.1 97.0 98.0 98.6 99.0 99.3 99.4 99.6

�������
��	�����
�����

	���
���� ����

ਤ 4.1: Face Landmarkͱ IFFΛՄࢹԽͨ͠ΞΠίϯը૾ɿ(a)Face LandmarkΛೖྗը૾ͷ্ʹඳըͨ͠
ը૾ (b)Face LandmarkͷΈΛඳըͨ͠ը૾

ΒΕΔۭؒͷଟ༷ੑΛ֬อ͢ΔͨΊɼ༻͢Δը૾ͷਓछੑผྀ͠ߟͳ͔ͬͨɽMORPHͷإ
ը૾ 54,147ຕʹର͠ɼCLNF͕࣮͞Ε͍ͯΔOpenFace [52]Λ༻͍ͯ 68ͷ Face Landmark

f i = [xi, yi]T (i = 1, 2, ..., 68)Λਪఆ͠ɼͦΕΒΛ࿈݁ͨ͠ϕΫτϧΓ = [x1, ...., x68, y1, ...., y68]T

Λ༻͍ͯ PCAΛͨͬߦɽ

ii) Ռ݁ݧ࣮

OpenFaceͰਪఆ͞Εͨ Face LandmarkͷྫΛਤ 4.1ʹࣔ͢ɽೖྗ͞Εͨը૾ͷඓͷҐஔͱ
Face LandmarkͷҐஔ΄΅߹க͓ͯ͠ΓɼFace Landmarkͷਪఆ͕ਖ਼֬ʹߦΘΕ͍ͯΔͱ͑ݴ
Δɽͨͩ͠ɼ(a)ͷը૾Ͱ͋͝ͷྠֲ͕શͯඳը͞Ε͍ͯͳ͍ͷͦͷҐஔͷ Face Landmark͕
ը໘֎ͷҐஔʹਪఆ͞ΕͨͨΊͰ͋Γɼ(b)ͷը૾ͰͦΕΛྀ͠ߟඓͷத৺͕ը૾த৺ͱͳΔΑ
͏ฏߦҠಈͤͯ͞ඳը͍ͯ͠ΔɽPCAʹ͓͍ͯͦͷΑ͏ͳฏߦҠಈߦΘͣਪఆ͞Εͨ݁ՌΛ
ͦͷ··༻͍ͨɽ
ओͱد༩ͷؔΛද 4.1ʹࣔ͢ɽୈ 3ओͷدੵྦྷʹ࣌༩ 80%Λ͑ɼୈ 9ओ

ͷ࣌ʹ 99%Λ͑ͨɽಘΒΕͨݻ༗ۭ͕ؒإͷҹΛө͍ͯ͠Δ͔֬ೝ͢ΔͨΊɼखಈ
ͰॏΈΛมԽͤͨ࣌͞ʹ Face LandmarkͲͷΑ͏ʹඳը͞ΕΔ͔Λௐͨͱ͜Ζɼد༩ͷେ
͖ͳୈ 4ओ·Ͱɼإͷݩ࣍ࡾతͳճసʹରԠ͍ͯͨ͠ 2ɽྫ͑ɼਤ 4.2ͷΑ͏ʹୈ 1ओ
͕େ͖͍࣌ʹ Face Landmark͕શମతʹܭ࣌ճΓʹճసͨ͠ɽ·ͨɼୈ 2ओ͕େ͖͍
ʹΔΑ͏ͳஔ͍͍ͯΛ্͕إʹ࣌ Face Landmark͕มԽͨ͠ɽͱ͜Ζ͕ɼد༩͕খ͍͞
ୈ 5ओ͔Βୈ 12ओͰإͷҹͷมԽ͕ݟΒΕͨɽྫ͑ɼਤ 4.2ͷΑ͏ʹୈ 12ओ
Λখ͘͢͞Δͱإͷྠֲ͕Γඓٯʹத৺ʹू·ΔΑ͏ʹ Face LandmarkมԽͨ͠ɽ
·ͨɼୈ 5ओୈ 7ओ͕มԽ͢Δͱɼإͷ͖΄΅ҰఆͰإͷ෯͕มԽͨ͠ɽճస
ຊڀݚͰѻ͏إͷҹͱಠཱͰ͋ΔͨΊɼຊڀݚͰ Face Landmarkʹͮ͘جಛྔͱͯ͠ୈ
5ओ͔Βୈ 12ओΛར༻ͨ͠ɽ

ՌΛ݁ݧ2࣮ https://goo.gl/Z3jhW7Ͱެ։͍ͯ͠Δ
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w1 = 52

w12 = �37

average	face�

ਤ 4.2: Face LandmarkͷओͷมԽɿwi ୈ iओΛද͢

ද 4.2: IFFͷओͱد༩ͷؔ (୯Ґ:%)

ओ 1 2 3 4

༩د 76.7 16.4 3.96 1.93

༩دੵྦྷ 76.7 93.1 97.0 99.0

4.2.3 IFFΛ༻͍ͨಛྔநग़

લઅͰݕ౼ͨ͠Face Landmarkͷओإͷճసͷد༩͕େ͖͍ҰํͰຊڀݚͷର
Ͱ͋ΔҹʹؔΘΔͷد༩͕খͦ͘͞ΕΒॏ͞ࢹΕͳ͔ͬͨɽͦ͜ͰຊઅͰɼ໌ࣔత
ʹඓͷإͷύʔπʹணͨ͠ 3.2.1અͷ IFFͷ༗ޮੑʹ͍ͭͯݕ౼͢Δɽ

i) ݅ݧ࣮

લઅͰMORPHͷإը૾ 54,147ຕ͔Βநग़ͨ͠ Face Landmarkʹର͠ 3.2.1અͷنଇʹͮج
͖ IFFͷมΛ͍ͦߦΕΒΛ༻͍ͨ PCAΛͨͬߦɽ

ii) Ռ݁ݧ࣮

OpenFaceͰਪఆ͞Εͨ Face LandmarkͱͦΕʹ͍ͯͮجਪఆ͞Εͨ IFFΛөͨ͠ΞΠίϯ
ը૾Λਤ 4.1ʹࣔ͢ɽΞΠίϯը૾ΛݟΔͱదʹೖྗإը૾ΛநԽͨ͠ը૾ͱͳ͍ͬͯΔɽ·
ͨɼओͱد༩ͷؔΛද 4.2ʹࣔ͢ɽୈ 2ओͷدੵྦྷʹ࣌༩ 90%Λ͑ɼୈ 4

ओͷ࣌ʹ 99%ͱͳͬͨɽओͷΛௐͨ͠߹ͷΞΠίϯը૾Λਤ 4.3ʹࣔ͢ɽୈ 1

ओ͕େ͖͘ͳΔͱ͕͋͝ΑΓؙ͘ͳΓඓ͘ͳͬͨΞΠίϯը૾ͱͳͬͨɽ·ͨɼୈ 3ओ
͕খ͘͞ͳΔͱإͷ෯͕͘ͳΓɼൺֱతؙإͷΞΠίϯը૾ͱͳͬͨɽैͬͯɼIFFͷओ
إͷҹΛද͢ಛྔͱͯ͠ར༻Մͱ͑ݴΔ 3ɽ

4.2.4 VAEΛ༻͍ͨಛྔநग़

4.2.2ɾ4.2.3અͰݕ౼ͨ͠ Face LandmarkɾIFFإͷྠֲඓͷҐஔʹॏతʹணͨ͠
ಛྔͰ͋Δ͕ɼը૾தͷࡱ͕إӨ͞Ε͍ͯΔ෦ͷϐΫηϧશͯΛ༻͍ͨը૾ѹॖɾ෮ݩ๏
ͷҰͭͰ͋ΔVAEΛ༻͍ͯإͷҹΛද͢ಛྔ͕ಘΒΕΔ͔࣮ݧͰݕ౼͢Δɽ

ՌΛ݁ݧ3࣮ https://goo.gl/4NCvFQͰެ։͍ͯ͠Δ
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Average	Face�

w3 = �16

w1 = 46

ਤ 4.3: IFFͷओͷมԽ: wi ୈ iओΛද͢

ද 4.3: Neural Network (NN)ʹؔͯ͠ຊจͰ༻͍Δུশ

ུশ ༰

full connected શ݁߹
conv ΈࠐΈ
deconv ΈࠐΈٯ
BN όονਖ਼نԽ [53]

F ΈࠐΈɾٯΈࠐΈʹ͓͚ΔϑΟϧλαΠζ
S ΈࠐΈɾٯΈࠐΈʹ͓͚ΔεϥΠυαΠζ
P ΈࠐΈɾٯΈࠐΈʹ͓͚ΔύσΟϯάαΠζ

i) ݅ݧ࣮

MORPHͷإը૾Λೖྗͱ͢ΔVAEΛߏͦ͠ͷੑΛͨ͠ূݕɽVAEͷEncoderɾDecoder

ʹ [23]Λߟࢀʹද 4.4ʹࣔ͢Convolutional Nerural Network (CNN)ΛͦΕͧΕ༻͍ͨɽͨͩ
͠ɼදͷུশද 4.3ͷ௨ΓͰ͋ΔɽCNNͷύϥϝʔλද 4.5ͷ௨ΓͰ͋Γɼֶशʹإը
૾ 50,000ຕΛ༻͍ධՁʹ 4,147ຕΛ༻͍ͨɽୈ 3ষͰड़ͨΑ͏ʹإͷҹൺֱతݩ࣍Ͱ
දݱͰ͖ΔͱԾఆͰ͖ΔͨΊɼજࡏม zͷݩ࣍ dz = 10ͱͨ͠ɽEncoderͷग़ྗͷҰͭΣ
ର֯Ͱ͋Δ͜ͱΛԾఆ͍ͯ͠ΔͨΊ zͷ֤ݩ࣍ಠཱͰ͋Δͱ͑ߟΒΕΔɽΑͬͯɼࣜ (4.1)ʹ
͞Εͨ࡞͍ै zΛDecoderʹೖྗ͢Δ͜ͱͰ zͷ֤ݩ࣍ͷੳΛͨͬߦɽ

z(i) = [0, 0, ..., 0, ẑd
(i), 0, ..., 0] (4.1)

ẑd
(i) = z(min)

d +
i

N
(z(max)

d − z(min)
d ) (4.2)

͜͜Ͱɼz(i) dݩ࣍ͷΈ ẑdͰͦΕҎ֎ 0ͱͳΔϕΫτϧͰ͋Γɼz(max)
d ͱ z(min)

d ͦΕͧ
ΕධՁηοτʹ͓͚Δ dݩ࣍ͷ࠷େɾ࠷খͰ͋ΔɽN ઢؒิܗͷׂͰ͋Γ iͦͷΠ
ϯσοΫε (i = 0, 1, ..., N)Ͱ͋ΔɽࠓճN = 10ͱͨ͠ɽ

ii) Ռ݁ݧ࣮

ਤ 4.4ʹࣔ͢Α͏ʹճసੑผɾਓछͳͲೖྗը૾ͷಛΛଊ͑ͨը૾Λߏ࠶Ͱ͖ͨɽzͷ֤
ͷมԽΛ࣌ͨ͠࡞Λૢݩ࣍ Cͷਤ C.1ʹࣔ͢ɽୈ 2ɾ3ɾ5ݩ࣍ͳͲ͍͔ͭ͘ͷݩ࣍ੑࠩɾ
ਓछɾճసͳͲʹରԠ͍͕ͯͨͦ͠ͷଞͷݩ࣍ΛมԽͤ͞Δ͜ͱͰҹͷҟͳΔإը૾͕࡞Ͱ
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ද 4.4: VAEͷߏɿNN-type Neural NetworkͷछྨΛද͠ɼදͷུশද 4.3ʹै͏ɽ

Encoder

NN-type (F, S, P) output size (ch × w × h)

input 3 × 100 × 100

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 32 × 50 × 50

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 64 × 25 × 25

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 128 × 12 × 12

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 256 × 6 × 6 (9,216)

full connected dz
Decoder

NN-type (F, S, P) output size (ch × w × h)

input dz
full connected 9,216 (256 × 6 × 6)

deconv (4, 2, 1) + BN 128 × 12 × 12

deconv (4, 2, 1) + BN 64 × 24 × 24

deconv (4, 2, 1) + BN 32 × 48 × 48

deconv (4, 2, 1) + BN 3 × 96 × 96

deconv (7, 1, 1) 3 × 100 × 100

ද 4.5: CNNͷֶशύϥϝʔλ

ύϥϝʔλ 

దԽख๏࠷ Adam [54]

όοναΠζ 100

Encoderͷ࠷ऴͷੑ׆Խؔ ͳ͠ʢ߃ࣸ૾ʣ
Decoderͷ࠷ऴͷੑ׆Խؔ sigmoid

ͦͷଞͷͷੑ׆Խؔ ReLU [55]

͖Δ͜ͱ͔ΒɼຊڀݚͷରͰ͋ΔإͷҹΛද͢ಛྔͱͯ͠ར༻Ͱ͖ΔՄੑ͕͋Δɽ4.2.2

અͱ 4.2.3અͰإͷҹʹؔ͢ΔओΛد༩Λࢦඪͱͯ͠બผ͕ͨ͠ɼVAEʹ zͷ֤
ද͢ಛ͕มԽ͢ΔՄੑ͕͕ݩ࣍ඪͳ͘ɼCNNͷֶश݅ʹΑ֤ͬͯࢦͷॏཁΛࣔ͢ݩ࣍
͋ΔͨΊɼຊจͰ VAEͰಘΒΕΔ zΛإͷҹΛද͢ಛྔͱͯͦ͠ͷ··༻͍Δ͜ͱͱ
ͨ͠ɽ

4.2.5 CVAEΛ༻͍ͨಛྔநग़

લઅͰVAEΛݕ౼͕ͨ͠ɼ݁Ռͱͯ͠જࡏม zͷۭؒʹੑࠩճసͳͲͷ͕ͯͬ͠·
͏ͱ͍͏͕ੜͨ͡ɽͦ͜ͰɼMORPHʹ༩͞Ε͍ͯΔϥϕϧͷਓछɾੑผʹؔ͢Δใ
Λ༻͍ͨCVAEΛֶश͠ɼzͷۭ͔ؒΒͦΕΒͷΛऔΓআ͘͜ͱ͕Ͱ͖Δ͔࣮ݕ͠ݧ౼ͨ͠ɽ
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ਤ 4.4: VAEɾCVAEͰߏ࠶ͨ͠ը૾ɿʢʣͷࣈ zͷݩ࣍Λද͢ɽMஉੑɼFঁੑɼWന
ਓɼBࠇਓɼAΞδΞܥɼHώεύχοΫɼOͦͷଞͷਓछΛද͢ɽͰғ·ΕͨҰ൪ӈͷྻ
4.4.3અͰड़Δౡσʔλϕʔεͷຊਓը૾Ͱ͋Γͦͷଞͷը૾MORPHͷը૾Ͱ͋Δɽ4

i) ݅ݧ࣮

MORPHͷإը૾Λೖྗ͢ΔCVAEΛߏͦ͠ͷੑΛͨ͠ূݕɽEncoderɾDecoderʹද
ͷߏͨࣔ͠ʹ4.6 CNNΛͦΕͧΕ༻͍ͨɽ4.2.4અͷ݅ͱಉ͡ dz = 10ͱ࣮ͨ͠͠ݧɽ͞Β
ʹɼ4.2.4અͷ݁Ռ͔ΒੑผɾਓछʹؔΘΔ͔͍͕ͨͬ͋ͭ͘͜ݩ࣍ͱ͔ΒɼCVAEͰͦΕΒͷ
ใΛϥϕϧͱͯ͠༩͑Δ͜ͱͰإͷҹʹؔΘΔΛ ҎԼʹ͑ΒΕΔՄੑ͕͋Δͱݩ࣍10
ͨ͠ݮʹΛ͞Βݩ࣍ΒΕɼ͑ߟ dz = 3, 6ͷ߹ʹ͍࣮ͭͯͨ͠ݧɽ·ͨɼϥϕϧ yੑ
ผʢஉੑ/ঁੑʣͱਓछʢࠇਓɼനਓɼΞδΞܥɼώεύχοΫɼͦͷଞʣͷ߹ͤΛද͢ ࣍10
ͷݩ one-hot ϕΫτϧͱͨ͠ɽͦͷଞͷ CNNͷֶश݅ 4.2.4અͷ݅ͱಉ͡Ͱ͋Δɽ·ͨɼ
ࣜ (4.1)ʹै͍ zͷ֤ݩ࣍ͷੳͨͬߦɽͨͩ͠CVAEͰDecoderʹϥϕϧ yΛೖྗ͢Δඞ
ཁ͕͋Δ͕ɼࣜ (4.1)ͷ z(i)ʹϥϕϧใ༩͞Ε͍ͯͳ͍ͨΊ 10छྨͷϥϕϧΛͦΕͧΕ
༩͑ͯDecoderʹೖྗͨ͠ɽ

ii) Ռ݁ݧ࣮

ਤ 4.4ʹࣔ͢Α͏ʹ dz͕େ͖͍΄Ͳਫ਼Α͘ը૾Λߏ࠶Ͱ͖͍͕ͯͨɼdz = 3, 6ͷ߹Ͱ
ೖྗը૾ͷಛΛଊ͑ͨը૾Λߏ࠶Ͱ͖͍ͯͨɽݩ͕࣍ dz = 3, 6, 10ͷͱ͖ϥϕϧΛࠇਓஉ
ੑͱͯ͠ zͷ֤ݩ࣍ΛมԽ༷ͤͨ͞ࢠΛ Cͷਤ C.2ɾਤ C.3ɾਤ C.4ʹࣔ͢ɽੑผɾਓछ
౷Ұ͞Εͨ··إͷҹʹରԠ͢Δͱճస͕ zʹݱΕͨɽ͜ͷ͏ͪɼճస dz = 3

ͷͱ͖ୈ ɼdzʹݩ࣍3 = 6ͷͱ͖ʹୈ 2ɾ3ݩ࣍ʹɼdz = 10ͷͱ͖ʹୈ 2ɾ3ɾ8ݩ࣍ʹओ
ʹදΕͨɽإͷҹʹରԠ͢Δʹؙ͔إΒ໘ͱมԽ͢Δඓͷେ͖͕͞มԽ͢Δ
ͳͲ͕͋ͬͨɽ͜ͷΑ͏ʹɼճసͨͬͷͷɼzʹੑผͱਓछͷใΛআ͍ͨإ
ͷҹʹؔ͢Δؚ͕·ΕΔ͜ͱ͕֬ೝ͞ΕͨͨΊɼલઅͱಉ༷ʹإͷҹΛද͢ಛྔͱ
ͯ͠ CVAEͰಘΒΕΔ zΛͦͷ··༻͍Δ͜ͱͱͨ͠ɽ
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ද 4.6: CVAEͷߏɿNN-type Neural NetworkͷछྨΛද͠ɼදͷུশද 4.3ʹै͏ɽ

Encoder

NN-type (F, S, P) output size (ch × w × h)

input 3 × 100 × 100

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 32 × 50 × 50

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 64 × 25 × 25

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 128 × 12 × 12

conv (4, 2, 1) + BN + max pooling (3, 1, 1) 256 × 6 × 6 (9,216)

yՃ (dy = 10) 9,226

full connected dz
Decoder

NN-type (F, S, P) output size (ch × w × h)

input dz
yՃ (dy = 10) dy + dz
full connected 9,216 (256 × 6 × 6)

deconv (4, 2, 1) + BN 128 × 12 × 12

deconv (4, 2, 1) + BN 64 × 24 × 24

deconv (4, 2, 1) + BN 32 × 48 × 48

deconv (4, 2, 1) + BN 3 × 96 × 96

deconv (7, 1, 1) 3 × 100 × 100

4.3 ͷҹΛද͢ಛྔͷநग़ʹؔ͢Δ࣮ݧ

4.3.1 ֓ཁ

ຊఏҊख๏ͷೋͭͷεςοϓͰ͋ΔͷҹΛද͢ಛྔͷநग़ʹ͍ͭͯຊઅͰड़Δɽಛ
ྔͱͯ͠ Eigenvoiceʹ͍ͭͯݕ౼ͨ͠ɽ

4.3.2 Eigenvoiceͷநग़

2.4.3અͰड़ͨ Eigenvoice͕ͷҹΛද͢ಛྔͱͯ͠ར༻Մ͔Ͳ͏͔࣮ݧͰͨ͠ূݕɽ

i) ݅ݧ࣮

JNAS5ͷԻૉόϥϯεจΛ༻͠ɼαϒηοτAʙIΛಡΜͩஉੑऀ127ਓΛ༻͍ͯEigenvoice

Λֶशͨ͠ɽͨͩ͠ɼEigenvoiceʹ͕ۭؒͮ͘جऀͷ࣭Λө͍ͯ͠Δ͔Ͳ͏͔ԻΛฉ͍
ͯ֬ೝ͢ΔͨΊɼผͷ͋ΔஉੑऀΛϐϘοτऀͱ͢Δ EVCͷΈͰ EigenvoiceΛֶश͠
ͨɽEVCGMMʹͮ͘ج࣭มʢ2.5.1અʣͱ EigenvoiceΛΈ߹Θͤͨख๏Ͱ͋Γʢ
BʣɼෳͷऀͷԻσʔλΛ༻͍ͯҰਓͷೖྗऀ͔Βෳͷऀͷ࣭มʢҰରଟม
ʣΛՄʹ͢Δख๏Ͱ͋Δ 6ɽ͜ͷͱ͖ग़ྗऀͷGMM-SVEigenvoiceɾجఈϕΫτϧɾό
ΠΞεϕΫτϧͰද͞ΕΔͨΊɼEigenvoice͕มԽ͢Δ͜ͱͰ༷ʑͳGMM͕දݱͰ͖ɼͦΕʹ

5http://research.nii.ac.jp/src/JNAS.html [Accessed 19 January 2017]
6ෳͷऀ͔ΒҰਓͷऀͷ࣭มʢଟରҰมʣՄͰ͋Δɽ
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ਤ 4.5: உੑऀ 127ਓͷ Eigenvoiceɿୈ iओ i൪ͷ EigenvoiceΛද͢

ද 4.7: Eigenvoiceͱد༩ͷؔ (୯Ґ:%)

ओ 1 2 3 4 5 6 33

༩د 14.9 10.9 9.66 6.74 5.17 3.68 0.48

༩دੵྦྷ 14.9 25.8 35.5 42.2 47.4 51.1 80.1

ै͏ԻӆۭؒΛͭ࣋ऀΛදݱͰ͖ΔɽԻڹಛྔͱͯ͠ɼαϯϓϦϯάप 16kHzɾྔࢠԽ
Ϗοτ 16bitͷԻ͔Β Β͔࣍1 ΛWORLDͷϝϧέϓετϥϜ࣍24 [56]ͱ SPTK7Λ
༻͠நग़ͨ͠ɽGMMͷࠞ߹ 256ͱͨ͠ɽ

ii) Ռ݁ݧ࣮

ಘΒΕͨୈ 1ɾ2ओʢҰ൪ɾೋ൪ͷ EigenvoiceʣΛਤ 4.5ʹɼEigenvoiceͱྦྷੵد༩
ͷؔΛද 4.7ʹࣔ͢ɽߏ͞Εͨݻ༗্ۭؒͷ 1ʹରԠ͢ΔऀͷԻσʔλΛ࣮ࡍʹฉ͍
ͨͱ͜Ζɼୈ 1ओ͕େ͖͘ͳΔఔଠ͘ͳΓɼখ͘͞ͳΔఔ͘ࡉͳͬͨɽ·ͨɼྦྷੵ
༩͕د 50%Λ͑Δୈ 6ओ·ͰͷॏΈʢ6ݩ࣍·ͰͷEigenvoiceʣΛखಈͰมԽͤ͞EVC

ʹΑΓԻΛ࡞ͨ͠ͱ͜ΖҟͳΔ࣭Λͭ࣋Ի͕࡞Ͱ͖ͨɽैͬͯɼEigenvoiceͷҹ
Λද͢ಛྔͱͯ͠ར༻ՄͰ͋Δͱ͑ݴΔɽ

4.4 खಈʹإͮ͘جɾͷύϥϨϧίʔύεͷऩू

4.4.1 ֓ཁ

ຊڀݚͰ 4.2અͰإͨ͠౼ݕͷಛྔ͔Β 4.3અͰݕ౼ͨ͠ͷಛྔͱ౷ܭతʹม͢
Δ͜ͱΛݕ౼͍ͯ͠Δɽ౷ܭϞσϧΛֶश͢ΔͨΊʹإͷҹͱͷҹ͕߹க͍ͯ͠Δύϥ
Ϩϧίʔύε͕ඞཁͰ͋Δ͕ɼͦͷύϥϨϧσʔλऀຊਓͷإͱͷΈ߹ͤͱݶΒͳ͍ɽ
ͦ͜Ͱɼ͋ΔإʹదͩͱࢥΘΕΔԻΛબ͢Δओݧ࣮؍Λإ͍ߦͱͷύϥϨϧίʔύεΛ
ऩूͨ͠ɽίʔύεऩूʹ͓͍ͯɼඃऀݧͱఏࣔ͢ΔԻɾإͷੑผʹΑΓ֮Ϟσϧ͕ҟͳΔ
Մੑ͕͋Δ͜ͱ͔Β [48]ɼఏࣔإը૾ͷඃࣸମɾԻͷൃऀɾओݧ࣮؍ͷඃऀݧͷੑผΛશ

7http://sp-tk.sourceforge.net/ [Accessed 19 January 2017]
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ද 4.8: ΞδΞܥஉੑإը૾Λ༻͍ͨύϥϨϧίʔύεͷऩू݅

σʔλ ༺

ը૾إ MORPHΞδΞܥஉੑ 44ຕ
Ի JNASஉੑऀ 127ਓ
ඃऀݧ ຊਓͷ 20உੑ 10ਓ

127

51 76

22 29 41 35

7 15 14 15 23 18 17 18

5 2 6 9 8 6 8 7 9 14 10 8 5 12 9 9

1 4 1 1 5 1 4 5 2 6 2 4 2 6 3 4 5 4 8 6 5 5 5 3 2 3 5 7 4 5 3 6

+ -

ਤ 4.6: JNASԻऀ 127ਓͷ Eigenvoiceʹͮ͘جೋɿαϒηοτ JΛಡΈ্͍͛ͯͳ͍உੑऀ
Λ༻ɽ֤ϊʔυͷࣈϊʔυʹଐ͢ΔऀΛද͢ɽ

ͯஉੑʹݻఆͨ͠ɽ͞ΒʹͦΕͧΕͷਓछإͱͷରԠؔʹӨڹΛٴ΅͢Մੑ͕͋Δͱߟ
͑ɼຊޠޠऀͷຊਓஉੑͰ͋Δஶऀ͕ίʔύεΛੳ͍͢͠Α͏ਓछΛຊਓʹݻఆ
͢Δ͜ͱΛݕ౼ͨ͠ɽͦ͜ͰɼԻΛຊޠޠऀ͕ൃͨ͠ຊޠԻʹݻఆ͠ɼओݧ࣮؍
ͷඃऀݧΛຊਓʹݻఆͨ͠ɽ͔͠͠ɼຊਓஉੑը૾ΛؚΜͩσʔλϕʔε΄ͱΜͲҰൠʹ
ެ։͞Ε͓ͯΒͣೖख͕ࠔͰ͋ͬͨͨΊɼ·ͣҰൠʹެ։͞Ε͍ͯΔإը૾σʔλϕʔεͷ͏
ͪΞδΞܥஉੑͷը૾ΛؚΉͷΛ༻͍ͯίʔύεͷऩूΛͨͬߦɽͦͷޙɼૣҴాେֶͷౡ
ൟੜઌੜΑΓओʹຊਓͷը૾Ͱߏ͞ΕͨσʔλϕʔεΛఏ͍͍ͨͨͩͨͯ͠ڙΊͦͪΒΛ༻
͍ͨίʔύεͷऩूͨͬߦɽҎԼͰͦΕͧΕͷৄࡉͳऩूํ๏ʹ͍ͭͯઆ໌͢Δɽ

4.4.2 ΞδΞܥஉੑͷإը૾Λ༻͍ͨύϥϨϧίʔύεͷऩू

i) ݅ݧ࣮

ը૾σʔλϕʔεMORPHɼإ 13,000ਓͷը૾ 5,5000ຕ͕ऩ͞ΕͨσʔλϕʔεͰ
͋ΓɼඃࣸମͦΕͧΕʹਓछɾੑผɾྸͷϥϕϧ͕༩͞Ε͍ͯΔɽ͜ͷMORPHʹऩ͞Ε
͍ͯΔΞδΞܥஉੑͷإը૾ 44ຕΛ༻͠ɼओݧ࣮؍ʹΑΓإͱ͕ରԠ͚ΒΕͨύϥϨϧ
ίʔύεΛऩूͨ͠ɽͨͬߦओݧ࣮؍ɼఏࣔ͞Εͨإը૾ʹର͠ඃ࠷͕ऀݧదͩͱ͏ࢥԻΛ
બ͢Δͱ͍͏࣮ݧͰ͋Δɽإը૾ɾԻɾඃऀݧͷΛද 4.8ʹࣔ͢ɽإը૾ͱԻʹ͍ͭͯͦ
ΕͧΕҎԼͷॲཧΛͨͬߦɽ

ఏࣔإը૾ʹ͍ͭͯ 4.2અͰ༻ͨ͠MORPHͷإը૾ʢॎ 100ԣ 100ͷը૾ʣΛ༻͍ͨɽͨ
ͩ͠ɼඃऀݧʹఏࣔ͢Δࡍʹ͔Γ͍͢Α͏ʹॎ 200ԣ 200ʹͳΔΑ͏֦େͯ͠දࣔͨ͠ɽ

ఏࣔԻʹ͍ͭͯ JNASͷऀͷαϒηοτ JΛಡΈ্͍͛ͯͳ͍உੑ 127ਓΛ࠾༻͠ɼ֤
ऀ͕ൃͨ͠αϒηοτͷҰจͷΈΛఏࣔͨ͠ɽඃऀݧͷෛ୲ΛݮΒͨ͢Ίɼ͋Β͔͡Ί
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ऀΛ 4.3અͰ࡞ͨ͠ Eigenvoiceʹ͖ͮجೋΛ༻͍ͯྨ͠ɼͦͷΛ୧Βͤ࠷ऴతʹ࠷
దͳԻΛબ͢Δํ๏Λͱͬͨɽ۩ମతʹ֘ऀͷ EigenvoiceͷॏΈͷਖ਼ෛΛར༻ͯ͠
ਤ 4.6ʹࣔ͢ਂ͞ 5ͷೋΛߏͨ͠ɽ͜͜Ͱਂ͞ dͷྨʹɼdݩ࣍ͷ Eigenvoice͕ਖ਼
ͷ࣌ࠨͷϊʔυʹඇਖ਼ͷ߹ӈͷϊʔυʹྨ͢Δํ๏Λͱͬͨɽ

͜ΕΒʹΑΓಘΒΕͨإը૾ɾԻΛ༻͍ͯҎԼͷखॱͰओݧ࣮؍Λͨͬߦɽ

1. 2ͭͷԻͷɼఏࣔ͞Εͨإը૾ʹΑΓ૬Ԡ͍͠ͱ͏ࢥԻΛબ͢Δɽ
2. खॱ 1Λ 5ճʢೋͷ༿ϊʔυʹ౸ୡ͢Δ·Ͱʣ܁Γฦ͢ɽ
3. ༿ϊʔυʹଐ͢Δऀͷɼఏࣔ͞Εͨإը૾ʹ࠷૬Ԡ͍͠ͱ͏ࢥԻΛҰͭબ͢Δɽ
4. खॱ 1͔Β 3·ͰΛશͯͷը૾ʹରͯ͠͏ߦɽ

ͨͩ͠ɼखॱ 1Ͱ֤ϊʔυʹଐ͢ΔऀͷϥϯμϜʹબ͞ΕͨऀͷԻΛྲྀͨ͠ɽ

ii) Ռ݁ݧ࣮

֤ඃऀݧʹ͍ͭͯ 44ରͷύϥϨϧσʔλ͕ಘΒΕͨɽશඃऀݧɾશإը૾ʹ͍ͭͯੳ͢Δͱɼ
44× 10 = 440ରͷύϥϨϧσʔλͷ 23ରʢ5.2%ʣͰબ͞Εͨऀ 15ରʢ3.4%ʣͰબ
͞ΕͨऀͳͲෳճબ͞Εͨऀ͕ଟ͘ 127ਓશһબ͞Εͳ͔ͬͨʢશඃऀݧɾશإը
૾ʹ͍ͭͯ 112ਓͷԻऀ͕গͳ͘ͱҰબ͞Εͨʣɽͨͩ͠ɼखॱ 1ͷબؚΊΔͱ
127ਓશһ͕গͳ͘ͱҰબ͞Ε͍ͯͨɽ֤ඃऀݧʹ͍ͭͯੳ͢Δͱෳͷإը૾ʹର
͠ಉ͡ऀͷԻΛબ͢Δ͜ͱ͕͋ΓɼͦΕඃ͝ऀݧͱʹ͕ҟͳͬͨɽ·ͨɼ֤إը૾
ʹ͍ͭͯੳ͢Δͱಉ͡إʹಉ͡ऀ͕બ͞ΕΔʢෳͷඃऀݧͷҙ͕ݟҰக͢Δʣ͜ͱ͕͋
ΓɼຊڀݚͷରͱͳΔإͷҹʹ߹க͢ΔΑ͏ͳͷબ͕ՄͰ͋Δ͜ͱ͕ࣔࠦ͞Εͨɽ

Ҏ্ͷΑ͏ʹɼ֤ඃ͘ڧʹऀݧґଘ͢Δͷͷإɾͷҹ͕ରԠ͚ΒΕͨύϥϨϧσʔλ
ΛಘΔ͕ࣄͰ͖ͨɽҎ߱͜ͷύϥϨϧίʔύεΛΞδΞܥίʔύεͱݺͿࣄͱ͢Δɽͨͩ͠ɼ͜
ͷओݧ࣮؍ͰಘΒΕΔύϥϨϧίʔύεإը૾ͱ࠷ऴతʹબ͞ΕͨԻϑΝΠϧ͕݁ͼ͚ͭ
ΒΕͨͷͰ͋ΔͨΊɼఏҊख๏ʹ͓͚ΔରԠ͚ʹ͓͍ͯإը૾ͱԻΛͦΕͧΕإɾͷ
ҹΛදۭؒ͢ʹࣹӨ͢Δඞཁ͕͋Δɽ͔͠͠ɼඃ͔ऀݧΒإը૾ͷਓछྸ͕ରԠ͚ʹӨ
ͷ݅ͷਓछɾྸΛ౷Ұ͢Δ࣌͜Γɼίʔύεऩू͕͋ݟΛ༩͑Δ͜ͱ͕͋ͬͨͱ͍͏ҙڹ
ͱͷॏཁੑ͕ු͖ூΓʹͳͬͨɽͦ͜Ͱɼ࣍અͰຊਓͷ 20உੑͷإը૾Λ༻͍ͨύϥϨϧ
ίʔύεͷऩूΛ͍ͦߦͷʹ͍ͭͯݕ౼ͨ͠ɽ

4.4.3 ຊਓஉੑͷإը૾Λ༻͍ͨύϥϨϧίʔύεͷऩू

લઅͰऩूͨ͠ύϥϨϧίʔύεΞδΞܥஉੑͷը૾Λ༻͓ͯ͠Γɼإը૾ɾԻऀɾ
ඃؒऀݧͰਓछͷ౷Ұ͕શʹऔΕ͍ͯΔͱ͑ݴͳ͍ɽ͜Εຊਓஉੑͷը૾͕ऩ͞Εͨ
ͷஉݍը૾σʔλϕʔε΄ͱΜͲҰൠʹެ։͞Ε͍ͯͳ͍͜ͱ͔Βɼຊਓ͕ଐ͢ΔΞδΞإ
ੑը૾Ͱ༻ͨͨ͠ΊͰ͋Δɽ͔͠͠લઅͷओݧ࣮؍ͷ݁Ռ͔Βਓछͷҧ͍ྸͷҧ͍͕ରԠ
͚ʹӨڹΛٴ΅͢͜ͱ͕ࣔࠦ͞Εɼલઅͷ࣮ݧ݅ͰෆेͰ͋ΔՄੑ͕ੜͨ͡ɽͦ͜Ͱɼ
ૣҴాେֶͷౡൟੜઌੜΑΓຊਓإը૾Λఏ͖͍ͩͨͯ͠ڙɼͦΕΒΛ༻͍ͨओݧ࣮؍Λߦ
͍ਓछɾྸ౷Ұͨ͠ύϥϨϧίʔύεΛऩूͨ͠ɽ
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ද 4.9: ຊਓஉੑإը૾Λ༻͍ͨύϥϨϧίʔύεͷऩू݅

σʔλ ༺

ը૾إ ౡσʔλϕʔεͷ 20உੑ 71ຕ
Ի JNASͷ 20உੑऀ 73ਓ
ඃऀݧ ຊਓͷ 20உੑ 17ਓ

73

28 45

12 16 28 17

5 7 9 7 17 11 11 6

4 1 4 3 4 5 3 4 7 10 7 4 4 7 3 3

1 3 0 1 4 0 1 2 1 3 2 3 2 1 3 1 3 4 7 3 4 3 2 2 1 3 5 2 0 3 1 2

+ -

ਤ 4.7: JNASԻऀ 73ਓͷ Eigenvoiceʹͮ͘جೋɿαϒηοτ JΛಡΈ্͍͛ͯͳ͍ 20உੑ
ऀΛ༻ɽ֤ϊʔυͷࣈϊʔυʹଐ͢ΔऀΛද͢ɽ

i) ݅ݧ࣮

ૣҴాେֶౡࣨڀݚ 8ͰਓؒͷإͷܦมԽʹؔ͢Δߦ͕ڀݚΘΕ͓ͯΓͦͷੳͷͨΊ
ʹऩू͞Εͨإը૾Λఏ͍͍ͨͩͨͯ͠ڙɽҎԼͰ͜ͷσʔλϕʔεΛౡσʔλϕʔεͱݺ
Ϳɽإը૾ࣗવޫԼͰࡱӨ͞ΕͨRGBਖ਼໘ը૾Ͱ͋Γඃࣸମ΄ͱΜͲ͕ຊਓஉੑͰ͋Δɽ
ը૾ͦΕͧΕʹྸϥϕϧ༩͞Ε͍ͯΔɽౡσʔλϕʔεͷ 20ʢ20͔ࡀΒ ʣͷࡀ29
ը૾إ 71ຕΛ༻͠ɼ4.4.2અͷ࣮ݧखॱͱಉҰͷखॱͰإͱ͕ରԠ͚ΒΕͨύϥϨϧίʔ
ύεΛऩूͨ͠ɽإը૾ɾԻɾඃऀݧͷΛද 4.9ʹࣔ͢ɽ

ఏࣔإը૾ʹ͍ͭͯ 4.4.2અͱಉ༷ʹOpenCVͰݕإग़ͨ͠ޙॎ 100ԣ 100ʹ֦େɾॖখͨ͠ɽ

ఏࣔԻʹ͍ͭͯ JNASͷऀͷαϒηοτ JΛಡΈ্͍͛ͯͳ͍ 20உੑ 73ਓΛ࠾༻͠ɼ
֤ऀ͕ൃͨ͠αϒηοτͷҰจͷΈΛఏࣔͨ͠ɽ4.4.2અͱಉ༷ʹ͜ΕΒͷऀΛਤ 4.7ʹ
ࣔ͢ਂ͞ 5ͷೋΛ༻͍ͯྨ͠ɼͦͷΛ୧Βͤ࠷ऴతʹ࠷దͳԻΛબ͢Δํ๏Λ
ͱͬͨɽ4.4.2અͷ࣮ݧͰखॱ 1ͰϥϯμϜʹબΜͩऀͷԻΛఏ͕ࣔͨ͠ɼͦͷํ๏Ͱ
քۙͷԻ͕બ͞Εͨ߹దͳஅ͕͞Εͳ͍Մੑ͕͋ΔͨΊɼ֤ڥӈͷϊʔυͷࠨ
ϊʔυͷऀͷ Eigenvoiceͷฏ࠷ʹۉ͍ۙऀΛͦͷϊʔυͷදऀͱͯ͠ݻఆͦ͠ͷԻ
Λఏࣔͨ͠ɽ

ii) Ռ݁ݧ࣮

֤ඃऀݧʹ͍ͭͯ 71ରͷύϥϨϧσʔλ͕ಘΒΕͨɽશඃऀݧɾશإը૾ʹ͍ͭͯੳ͢Δͱɼ
71× 17 = 1, 207ରͷύϥϨϧσʔλͷɼ126ରʢ10%ʣͰબ͞Εͨऀ 106ରʢ8.8%ʣͰ
બ͞ΕͨऀͳͲෳճબ͞Εͨऀ͕ଟ͘ɼखॱ 1ͷબΛؚΊͯ 73ਓશһબ͞Ε

8http://www.mlab.phys.waseda.ac.jp/ [Accessed 22 November 2017]
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ද 4.10: ౷ܭతରԠ͚ʹؔ͢Δ࣮ݧ݅

রʣࢀͷҹΛද͢ಛྔʢ4.2અإ

σʔλ MORPHإը૾ 54,147ຕ
ख๏ Face Landmarkͷ PCA IFFͷ PCA VAE CVAE

ݩ࣍ 8 3 10 3ɾ6ɾ10

ͷҹΛද͢ಛྔʢ4.3અࢀরʣ

σʔλ JNASͷஉੑऀ 127ਓ
ख๏ Eigenvoice

ݩ࣍ 6

ۭ྆ؒͷࣸ૾ʢୈ 3ষࢀরʣ

σʔλ 4.4.2ɾ4.4.3અͰऩूͨ͠ύϥϨϧίʔύε
ख๏ GMM CCA pCCA mPCCA

มࣜ ࣜ (3.25) ࣜ (3.42) ࣜ (2.73)

උߟ GMMɾmPCCAͷࠞ߹ 2ɼજࡏม hͷݩ࣍ dh = 3

ͳ͔ͬͨʢશඃऀݧɾશإը૾ʹ͍ͭͯ 71ਓͷԻऀ͕গͳ͘ͱҰબ͞ΕͨʣɽΞδΞ
ը૾ʹର͠ಉ͡ऀͷԻإͷੳͰෳͷ͍ͯͭʹऀݧͷը૾Λ༻͍ͨલઅͱಉ༷ʹɼ֤ඃܥ
Λબ͢Δ͜ͱ͕͋ΓɼͦΕඃ͝ऀݧͱʹ͕ҟͳͬͨɽ·ͨɼ֤إը૾ʹ͍ͭͯͷੳ
Ͱಉ͡إʹಉ͡ऀ͕બ͞ΕΔʢෳͷඃऀݧͷҙ͕ݟҰக͢Δʣ͜ͱ͕͋ͬͨɽ
Ҏ্͔Βɼإը૾ͷඃࣸମɾԻͷൃऀɾओݧ࣮؍ͷඃ͕ऀݧશͯຊਓͷ 20உੑʹ౷

Ұ͞ΕͨύϥϨϧίʔύε͕ऩूͰ͖ͨɽҎ߱͜ͷύϥϨϧίʔύεΛຊਓίʔύεͱݺͿࣄ
ͱ͢Δɽ͞Βʹ͋ΔإʹҹతʹରԠ͢ΔԻʢ࣭ʣඃ͘ڧʹऀݧґଘ͢Δ͜ͱ͕֬࠶ೝ͞
Εͨɽ

4.5 ౷ܭతإมʹؔ͢Δ࣮ݧ

4.5.1 ֓ཁ

ຊڀݚͰɼإͷҹΛද͢ಛྔͱͷҹΛද͢ಛྔΛ౷ܭతʹରԠ͚ͦΕʹ͍ͮج
ͱΛతͱ͍ͯ͠ΔɽຊઅͰ͜͏ߦΛมإͯ 4.2અͰநग़ͨ͠Face LandmarkɾIFFɾVAEɾ
CVAEʹإͮ͘جͷҹΛද͢ಛྔͱ 4.3અͰநग़ͨ͠ Eigenvoiceʹͮ͘جͷҹΛද͢ಛ
ྔΛ౷ܭతʹରԠ͚ɼલऀ͔Βऀޙม͢Δ͜ͱΛݕ౼͢Δɽ౷ܭϞσϧͱͯ͠ GMMɾ
CCAɾpCCAɾmPCCAΛݕ౼͠ɼͦͷֶशʹ 4.4અͰऩूͨ͠ΞδΞܥஉੑɾຊਓஉੑͷ
ը૾Λ༻͍ͨύϥϨϧίʔύεΛͦΕͧΕ༻͍ͨɽإ

4.5.2 ΞδΞܥίʔύεΛ༻͍ͨإมݧ࣮

i) ݅ݧ࣮

4.4.2અͰऩूͨ͠ΞδΞܥίʔύεΛ༻͍ͯGMMɾCCAɾpCCAɾmPCCAΛֶश͠ɼإͷ
ಛྔ͔Βͷಛྔͱ౷ܭతʹม͢Δ͜ͱΛݕ౼ͨ͠ɽಛྔͷݩ࣍GMMɾmPCCA

ͷࠞ߹ͷ࣮ݧ݅Λද 4.10ʹࣔ͢ɽ·ͨ 4.4અͰऩूͨ͠ύϥϨϧίʔύεɼإͱͱ͍
͏ҟͳΔϝσΟΞΛ݁ͼ͚ͭͨσʔλͰ͋Γɼίʔύεͷن͕খ͘͞ɼෳͷإʹରͯ͠ಉҰ
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ͷऀ͕બ͞ΕΔ͜ͱ͕ଟ͔ͬͨͨΊɼ֬ϞσϧΛ҆ఆֶͯ͠श͢Δʹ͍͔ͭ͘ͷ੍
͕݅ඞཁͰ͋ΓɼҎԼͰͦͷ੍݅ʹ͍ͭͯड़Δɽ
GMMͷֶशʹ͓͍ͯɼରͷ্ঢ෯Λᮢͱͯ͠EMΞϧΰϦζϜͷऩଋΛ֬ೝ͕ͨ͠ɼ

ର͕ਖ਼ʹͳͬͯ͠·ͬͨ߹ɾ͋Δ͔Βग़ྗ͞ΕΔαϯϓϧ͕ଘ͠ࡏͳ͍ͱ֬ޙࣄʹ
͖߹ʣɾࣜ͢ݮஅ͞Εͨ߹ʢࠞ߹Λ͍ͯͮج (3.24)ͷΣ(z)

m ͷਖ਼ఆੑ่͕Εྻߦٯ
Λͨ࣋ͳ͘ͳͬͨ߹ʹ 1ɾ2ΠλϨʔγϣϯલͷϞσϧΛ࠾༻͢Δ͜ͱͰGMMͷಛʢਖ਼ن
Λࠞ߹ͨ͠ϞσϧͰ͋Δ͜ͱʣΛଛͳΘͣࠞ߹Λอֶͨ࣋͠शΛͨͬߦɽ·ͨɼGMMֶ
शͷࡍʹࣜ (3.24)ͷΣ(z)

m ͷશΛࢉܭʹ༻͍͕ͨɼGMMʹإͮ͘جมͰɼࣜ (3.30)

ͷD(y)
m ͷର֯ͷΈΛࢉܭʹ༻͍ͨɽ͜ΕɽຊఏҊख๏Ͱѻ͏ೖग़ྗͷϝσΟΞҟͳΔͨ

Ίগͳ͘ͱΣ(xy)
m ͱΣ(yx)

m ର֯ྻߦͱͯ͠ѻ͏͜ͱ͕Ͱ͖ͣ݁Ռͱͯ͠Σ(z)
m ͷશͯͷΛ

GMMֶश͕ඞཁ͕ͩɼྀࣜͨ͠ߟ (3.30) yͷΈͷʢ୯ҰϝσΟΞͷʣͷڞࢄࢄ
Λදͨ͢ΊͰ͋Δྻߦ 9ɽ
pCCAɾmPCCAͷֶशʹ͓͍ͯɼΓm ͱ Λm ͦΕͧΕ xɾy ͷ୯ҰϝσΟΞͷΛද͢

ͨΊର֯ྻߦΛԾఆ͠ɼͦΕΒͷ֤ཁૉ͕ۃʹখ͘͞ͳΓࠞ߹͕อ࣋Ͱ͖ͳ͘ͳΔ͜ͱΛ
͙ͨΊͦΕͧΕͷॳظͷ 0.01ഒΛԼݶͱͨ͠ɽ·ͨɼmPCCAʹإͮ͘جมʹ͓͍ͯࣜ
(2.77)ͷ gmʹ͍ͭͯҎԼͷۙࣅΛ༻͍ͨɽ

gm =

{
1, if m = arg max

m
gm

0, otherwise
(4.3)

͜Εɼೖྗಛྔ xͱલͷMεςοϓͰಘΒΕͨ ŷoldʹ֬ޙࣄͮ͘جΛද͢ gm͕࠷େͷ
ࠞ߹ͷΈΛ͑ߟΔ͜ͱΛҙຯ͢Δɽ
4.4.2અͰإɾͷରԠ͚ඃऀݧʢإը૾Λͨݟਓʣʹґଘ͢ΔՄੑ͕ࣔࠦ͞ΕͨͨΊɼ

֤ඃ͝ऀݧͱͷύϥϨϧίʔύεΛ༻͍ͯඃऀݧґଘͷܗͰ౷ܭతରԠ͚ͱखಈͷରԠ͚Λ
ൺֱͨ͠ɽΞδΞܥίʔύεͰҰਓͷඃऀݧʹ͖ͭύϥϨϧσʔλ 44ରಘΒΕ͕ͨɼͦͷ
 40ରΛֶशσʔλɼ4ରΛධՁσʔλͱ͢ΔσʔληοτΛ 11ηοτ࡞͠ΫϩεɾόϦσʔ
γϣϯͰఏҊख๏ͷ༗ޮੑΛͨ͠ূݕɽධՁɼखಈ͘͠౷ܭϞσϧʹ͍ͯͮجม͞Εͨ
ऀۭؒͷ࠲ඪ (Eigenvoice)͔ΒEVCΛ༻͍ͯԻΛ߹͠ɼ྆ऀΛࣜ (4.4)ͷϝϧέϓετϥ
ϜͻͣΈ (Mel-cepstral distortion: MCD)Λ༻͍ͯൺֱͨ͠ɽ

MCD[dB] =
10

ln 10

√√√√2
24∑

d=1

(
c(est)d − c(ref)d

)2
(4.4)

ͨͩ͠ɼc(est)d ౷ܭϞσϧʹ͍ͯͮجม͞ΕͨऀͷԻͷϝϧέϓετϥϜͰ͋Γɼc(ref)d

खಈͰม͞ΕͨऀͷԻͷϝϧέϓετϥϜͰ͋ΔɽMCD͕খ͍͞ఔൺֱରͷೋͭͷ
Իࣅ௨͍ͬͯΔͱ͑ݴΔɽ߹ͨ͠Ի JNASͷαϒηοτ JͷԻ 53จͰ͋ΓɼͦΕΒ
ͷϝϧέϓετϥϜͻͣΈͷฏۉΛೋਓͷऀͷྨࣅͱͨ͠ɽ

ii) Ռ݁ݧ࣮

ՌΛද݁ݧ࣮ 4.11ʹࣔ͢ɽมख๏Λൺֱ͢ΔͱɼͲͷإͷಛྔΛ༻͍ͯ CCA͕࠷ม
ਫ਼͕͘ pCCA͕࠷͍ߴมਫ਼ͱͳͬͨͨΊɼGMMɾpCCAɾmPCCAͷΑ͏ʹ֬

92.5.1અͷGMMʹͮ͘ج࣭ม๏ͰɼೖྗX ͱग़ྗ Y ͕ಉ͡ϝσΟΞͰ͋ΔԻڹಛྔͰ͋ΔͨΊΣ(XX)
m ɾ

Σ(XY )
m ɾΣ(Y X)

m ɾΣ(Y Y )
m શͯର֯ྻߦͱͯ͠Ծఆ͞ΕΔ͜ͱ͕ଟ͍ɽ
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ද 4.11: ΞδΞܥίʔύεΛ༻͍ͨͱ͖ͷฏۉϝϧέϓετϥϜͻͣΈʢ୯ҐɿdBʣɿ()ͷதإͷಛ
ྔͷݩ࣍Λද͢ɽଠࣈ֤ม૾ࣸΛൺֱͨ͠ͱ͖ʹ࠷มਫ਼͕͔ͨͬߴͷΛࣔ͢ɽ

ࣸ૾ Face Landmark(8) IFF(3) VAE(10) CVAE(3) CVAE(6) CVAE(10)

GMM 2.90 2.36 3.13 2.40 2.63 3.13

CCA 3.46 2.66 3.36 2.62 3.18 3.36

pCCA 2.35 2.30 2.34 2.28 2.32 2.35

mPCCA 2.61 2.39 2.52 2.46 2.50 2.56

ΛԾఆͨࣸ͠૾͕༗ޮͰ͋Δͱ͑ݴΔɽGMMͱmPCCAΛൺֱ͢ΔͱɼFace Landmarkɾ
VAE(dz = 10)ɾCVAE(dz = 10)ͰmPCCAͷํ͕มਫ਼͕͕͔ͦͨͬߴΕҎ֎ͷಛྔͰ
͍ۙ͠ਫ਼Ͱ͋ͬͨɽ͜Εɼࣜ (2.67)Ͱಉ֬࣌ p(x,y)͕GMMͰද͞ΕΔΑ͏ʹmPCCA

GMMʹજࡏม hΛԾఆͨ͠ϞσϧͱղऍͰ͖Δ͜ͱ͔Β྆ऀͷද͕ྗݱಉͰ͋ͬͨͨΊ
Ͱ͋ΔՄੑ͕͑ߟΒΕΔɽ·ͨɼදྗݱͷ͍ࠞߴ߹ϞσϧͰ͋ΔGMMɾmPCCAΑΓ୯Ұ
ϞσϧͰ͋Δ pCCAͷํ͕มਫ਼͕͔ͨͬߴཧ༝ͱͯ͠ɼϞσϧֶशʹ༻ͨ͠ύϥϨϧσʔ
λ͕ 40ରͱগͳ͔ͬͨͨΊʹࠞ߹ϞσϧͷύϥϝʔλΛेʹֶशͰ͖ͳ͔ͬͨՄੑ͕͋
Δɽ͔͠͠ Dͷਤ D.1ͷΑ͏ʹmPCCAΛ༻͍ͨͱ͖ʹɼإͷಛྔͷܗঢ়ࣅ௨ͬ
͍ͯΔͷͷͷಛྔͷʹٸफ़ͳ͕ݱΕɼ͞Βʹٸफ़ͳʹؔ͢Δࠞ߹ॏΈ͕খ
͘͞ͳΔΑ͏ͳඃऀݧɾσʔληοτͷ߹͕ͤෳଘͨ͜͠ࡏͱ͔Βɼೖྗͷܗঢ়ͱग़ྗ
ͷܗঢ়͕ҟͳΔՄੑ͑ߟΒΕɼ͜ΕGMMɾmPCCAͰೖग़ྗͷܗঢ়͕͍͠
ʢࠞ߹͕͍͠ʣͱ͍͏Ծఆʹ͢Δ߹͕͋Δ͜ͱΛ͍ࣔࠦͯ͠Δɽ
ͷಛྔʹ͍ͭͯൺֱ͢ΔͱɼIFF·ͨإ dz = 3ͱͨ͠ CVAEΛ༻͍ͨ߹͕Ͳͷมख

๏Λ༻͍ͯมਫ਼͕͔ͨͬߴɽpCCAΛ༻͍ͨ߹ͷΈΛൺֱ͢Δͱ֤ಛྔͷ݁Ռશͯ
͍ۙ͠Λͱ͍ͬͯΔͷͷɼإͷಛྔͷݩ͕࣍͘ͳΔఔMCDͷݮগ͢ΔͨΊɼ3.1

અͰड़ͨإͷҹൺֱతݩ࣍ͰදݱՄͰ͋Δͱ͍͏Ծఆʹໃ६͠ͳ͍݁Ռͱͳͬͨɽ·
ͨɼಉ͡ݩ࣍Ͱ͋Δ IFFͱ dz = 3ͱͨ͠ CVAEΛൺֱ͢ΔͱͲͷมख๏Ͱେ͖ͳ͕ࠩͳ
͔ͬͨɽ
Ҏ্ͷ݁Ռ͔ΒɼإͷҹΛද͢ಛྔ͔ΒͷҹΛද͢ಛྔͱม͢Δࡍʹ֬

ΛԾఆͨ͠ม๏ɼಛʹ pCCAΛ༻͍ͨม๏͕༗ޮʹಇ͘͜ͱ͕ࣔ͞Εͨɽ·ͨɼإͷҹ
Λද͢ಛྔͱͯ͠ IFF dz = 3ͱͨ͠ CVAEʹͮ͘جಛྔ͕༗ޮͰ͋ΔՄੑ͕ࣔࠦ͞Ε
͕ͨɼύϥϨϧίʔύεͷن͕খ͍͜͞ͱͱCVAEʹ͓͍ͯݩ͕࣍͘ͳΔ΄Ͳมਫ਼͕
্͕ͬͨ͜ͱ͔Βɼ֤ಛྔͷੑ࣭͕มਫ਼ʹ༩͑ΔӨڹΑΓݩ͕࣍༩͑ΔӨڹͷํ͕େ
͖͔ͬͨՄੑແࢹͰ͖ͳ͍ɽ͞ΒʹɼຊઅͰ༻ͨ͠ύϥϨϧίʔύεΞδΞܥஉੑը૾
ʹؔ͢ΔͷͰ͋ΓɼإɾͷਓछͷෆҰக͕͜ΕΒͷ݁ՌʹӨڹΛ༩͑ͨՄੑഉআͰ͖ͳ
͍ɽͦ͜Ͱ࣍અͰΞδΞܥίʔύεΑΓن͕େ͖͘ਓछͱྸ͕౷Ұ͞Εͨຊਓίʔύ
εΛ༻͍࣮ͨݧΛ͍ͦߦΕΒͷՄੑʹ͍ͭͯͨ͠ূݕɽ

4.5.3 ຊਓίʔύεΛ༻͍ͨإมݧ࣮

i) ݅ݧ࣮

4.4.3અͰऩूͨ͠ຊਓίʔύεΛ༻͍ͯGMMɾCCAɾpCCAɾmPCCAΛֶश͠ɼإͷಛ
ྔ͔Βͷಛྔͱ౷ܭతʹม͢Δ͜ͱΛݕ౼ͨ͠ɽಛྔͷݩ࣍GMMɾmPCCA

ͷࠞ߹ͷ࣮ݧ݅લઅͷ࣮ݧ݅ͱಉ͘͡ද 4.10ͷ௨ΓͰ͋Δɽ·ͨɼલઅͱಉ༷ʹ֤ඃ
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ද 4.12: ຊਓίʔύεΛ༻͍ͨͱ͖ͷฏۉϝϧέϓετϥϜͻͣΈʢ୯ҐɿdBʣɿ()ͷதإͷಛྔ
ͷݩ࣍Λද͢ɽଠࣈ֤ม૾ࣸΛൺֱͨ͠ͱ͖ʹ࠷มਫ਼͕͔ͨͬߴͷΛࣔ͢ɽ

ࣸ૾ Face Landmark(8) IFF(3) VAE(10) CVAE(3) CVAE(6) CVAE(10)

GMM 2.13 1.89 2.28 1.88 2.04 2.24

CCA 2.81 2.15 2.75 2.20 2.77 2.78

pCCA 1.95 1.90 1.96 1.89 1.93 1.96

mPCCA 2.08 1.98 2.11 1.98 2.08 2.12

తରԠ͚ͱखಈͷରԠ͚ΛൺֱܭͰ౷ܗґଘͷऀݧͱͷύϥϨϧίʔύεΛ༻͍ͯඃ͝ऀݧ
ͨ͠ɽͨͩ͠ɼຊਓίʔύεͰҰਓͷඃऀݧʹ͖ͭύϥϨϧσʔλ 71ରಘΒΕ͕ͨɼͦͷ
 64ରΛֶशσʔλɼ7ରΛධՁσʔλͱ͢ΔσʔληοτΛ 10ηοτ࡞͠ΫϩεɾόϦσʔ
γϣϯͰఏҊख๏ͷ༗ޮੑΛͨ͠ূݕɽͦͷଞͷGMMɾpCCAɾmPCCAͷֶशʹ͓͚Δ݅
ͱධՁํ๏લઅͱಉ༷Ͱ͋Δɽ

ii) Ռ݁ݧ࣮

ՌΛද݁ݧ࣮ 4.12ʹࣔ͢ɽมख๏ͷൺֱɾإͷಛྔͷൺֱΛͨͬߦͱ͜Ζɼલઅͱಉ༷ͷ
๏͕༗ޮʹಇ͖ɼIFFͱΒΕͨɽ͢ͳΘͪɼ֬ΛԾఆͨ͠มݟ͕ dz = 3ͱͨ͠CVAE

ಛྔ͕༗ޮͰ͋ΔՄੑ͕ࣔࠦ͞ΕͨɽIFFͱͮ͘جʹ dz = 3ͱͨ͠ CVAEʹͮ͘جಛྔ
Λ༻͍ͨ߹Ͱɼ0.01ϙΠϯτ͚ͩGMMͷํ͕ pCCAΑΓMCD͕খ͔͕ͬͨ͞༗ҙͳࠩ
ͱͣ͑ݴ pCCAͱGMM΄΅ಉͷੑͱ͕ํͨ͑ߟଥͰ͋Δɽ·ͨɼֶशσʔλ͕લ
અͷ 40ର͔Β 64ରʹ૿͕͑ͨɼࠞ߹ϞσϧʢGMMɾmPCCAʣͱ୯ҰϞσϧʢpCCAʣͷؒͷ
ࠩલઅͷ݁Ռ͔Βେ͖͘ॖ·Δ͜ͱͳ͔ͬͨɽ͞ΒʹɼDͷਤD.2ͷΑ͏ʹmPCCAΛ
༻͍ͨͱ͖ʹɼΞδΞܥίʔύεΛ༻͍ͨ߹ͱಉ༷ʹإͷಛྔͷܗঢ়ͱͷಛྔͷ
ܗঢ়͕ҟͳΔ߹͕ෳ֬ೝ͞Εͨɽ
ද 4.11ͷΞδΞܥίʔύεΛ༻͍ͨ݁Ռͱද 4.12ͷຊਓίʔύεΛ༻͍ͨ݁ՌΛൺֱ͢Δ

ͱɼຊਓίʔύεΛ༻͍ͨํ͕શମతʹมਫ਼͘ߴͳ͍ͬͯΔɽΞδΞܥίʔύεͷऩू
ํ๏ͱຊਓίʔύεͷऩूํ๏͕ҟͳΔͨΊ҆қʹൺֱͰ͖ͳ͍͕ɼإը૾ͷඃࣸମɾԻ
ऀɾओݧ࣮؍ඃऀݧͷਓछɾੑผɾྸΛ౷Ұ͢Δ͜ͱͰإɾͷରԠؔʹ͋Δ੍͕͔͔
Γۭ྆ؒͷࣸ૾͕ΑΓ؆୯ͳͷʹͳͬͨͨΊʹมਫ਼্͕ͨ͠Մੑ͕͑ߟΒΕΔɽ
Ҏ্͔ΒɼإͷҹΛද͢ಛྔ͔ΒͷҹΛද͢ಛྔͱม͢Δࡍʹ֬ΛԾ

ఆͨ͠ม๏͕༗ޮʹಇ͘͜ͱ͕֬࠶ೝ͞ΕɼإͷҹΛද͢ಛྔͱͯ͠ IFFʹͮ͘جಛྔ
͕༗ޮͰ͋ΔՄੑͱύϥϨϧίʔύεͷਓछΛ౷Ұ͢Δ͜ͱͰશମతͳਫ਼ࠐݟ্͕ΊΔ
Մੑ͕ࣔࠦ͞Εͨɽֶशʹ༻͍ΔύϥϨϧσʔλΛ૿Ճ࣮ͯ͠ݧΛ͍ߦɼࠞ߹ϞσϧΑΓ
୯ҰϞσϧͷํ͕ਫ਼Α͘มՄͰ͋Δ͜ͱ͕֬࠶ೝ͞Ε͕ͨɼσʔλͷ૿Ճ͕ 24ରͷΈ
ʢ1.6ഒʣͱେ͖͘ͳ͔ͬͨͨΊʹࠞ߹ϞσϧͷύϥϝʔλΛेʹֶशͰ͖ͳ͔ͬͨՄੑ
ΒΕ͍ͯΔʢेରఔʣݶϞσϧֶशʹ༻͍ΔύϥϨϧσʔλ͕ܭɽ·ͨɼ౷ͨͬ·ͯͬ͠
߹Ͱࠞ߹ϞσϧʢGMMɾmPCCAʣΑΓ୯ҰϞσϧʢpCCAʣ͕༗ޮͰ͋ΔՄੑ֬࠶
ೝ͞Εͨɽ
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5.1 ·ͱΊ

ຊڀݚͰɼۙٸʹී͖ͨͯ͠ٴԻରγεςϜεϚʔτεϐʔΧʔͳͲͷϰΝʔνϟ
ϧΤʔδΣϯτͷΩϟϥΫλʔੑΛ্ͤ͞Δख๏ͷҰͭͰ͋ΔԻऀͷإͱԻΛಉ࣌ʹఏ
ࣔ͢Δํ๏ʹண͠ɼΤʔδΣϯτͷإը૾͕༩͑ΒΕͨจࣈରγεςϜΛͦͷΑ͏ͳإ͖
ͷԻରγεςϜʹ֦ு͢Δ߹ʹ͓͍ͯإը૾͔Βͦͷإʹ૬Ԡ͍࣭͠ͱม͢Δ͜ͱ
Λݕ౼ͨ͠ɽ͢ͳΘͪɼإͷҹʢإͷ੩తͳݸਓੑʣͱͷҹʢԻͷऀੑʣʹண͠ɼإ
ͷҹΛද͢ಛྔ͔ΒରԠ͢ΔͷҹΛද͢ಛྔͱ౷ܭతʹม͢Δإมʹ͍ͭͯ
ɽͨ͠౼ݕ
ͷಛྔͱͯ͠إ ͷྠֲɾඓͷҐஔΛද͢إ(1) Face Landmarkɾ(2)ΑΓإͷύʔπܗঢ়ʹ

ணͨ͠ IFFɾ(3)ը૾ѹॖ·ͨը૾ੜʹద༻ՄͳVAEɾ(4)ਓछੑผͱ͍ͬͨϥϕϧ
ใͰ੍Λ՝͢CVAEͷ 4௨ΓͷಛྔΛݕ౼ͨ͠ɽͷಛྔͱͯ͠ऀͷԻӆͷܗঢ়ʹ
ಛྔͰ͋Δͮ͘ج EigenvoiceΛݕ౼ͨ͠ɽ౷ܭతࣸ૾ͱͯ͠GMMɾCCAɾpCCAɾmPCCA

ΛͦΕͧΕݕ౼͠ɼϞσϧֶशɾධՁʹඞཁͳإͱ͕ରԠ͚ΒΕͨύϥϨϧίʔύεऩू
ͨ͠ɽύϥϨϧίʔύεΞδΞܥஉੑͷإը૾Λ༻ͨ͠ίʔύεʢΞδΞܥίʔύεʣͱ
ຊਓஉੑͷإը૾Λ༻ͨ͠ίʔύεʢຊਓίʔύεʣͷ 2௨ΓΛऩूͨ͠ɽ
݁Ռͱͯ͠ɼإͷҹΛද͢ಛྔ͔ΒͷҹΛද͢ಛྔͱม͢Δࡍʹ֬Λ

Ծఆͨ͠ม๏͕༗ޮʹಇ͘͜ͱ͕ࣔ͞Εͨɽಛʹɼ౷ܭϞσϧֶशʹ༻͍ΔύϥϨϧσʔλ͕
ΒΕ͍ͯΔʢेରఔʣ߹Ͱࠞ߹ϞσϧʢGMMɾmPCCAʣΑΓ୯ҰϞσϧʢpCCAʣݶ
͕༗ޮͰ͋ͬͨɽ·ͨɼإͷҹΛද͢ಛྔͱͯ͠ IFFʹͮ͘جಛྔͱ Ͱѹॖͨ͠·ݩ࣍3
CVAE͕༗ޮͰ͋ΔՄੑͱύϥϨϧίʔύεͷਓछΛ౷Ұ͢Δ͜ͱͰશମతͳਫ਼ݟ্͕
ঢ়͕ҟͳΔՄܗঢ়ͱͷಛྔͷܗͷಛྔͷإΊΔՄੑ͕ࣔࠦ͞Εͨɽ͞Βʹɼࠐ
ੑࣔࠦ͞ΕͨɽҎ্ͷݕ౼Λ௨ͯ͠ɼຊจͰإͷҹΛද͢ಛྔͱͷҹΛද͢ಛ
ྔͱͷ౷ܭతରԠ͚ͱͦΕʹإͮ͘جมͷΈΛఏҊɾߏஙͨ͠ɽ

5.2 ͷ՝ޙࠓ

ຊڀݚͷ՝ͱͯ͠ɼύϥϨϧίʔύεͷن͕খ͍͜͞ͱ͕͛ڍΒΕΔɽ౷ܭϞσϧֶशʹ
༻͍ΔύϥϨϧσʔλ͕গͳ͔ͬͨͨΊʹࠞ߹ϞσϧʢGMMɾmPCCAʣͷύϥϝʔλ͕े
ʹֶशͰ͖ͳ͔ͬͨ݁Ռ୯ҰϞσϧͰ͋Δ pCCAͷํ͕ਫ਼͕͔ͨͬߴՄੑ͕͋ΓɼύϥϨϧ
ίʔύεͷنΛ֦ுͨ͠ͱ͖ʹมਫ਼͕ͲͷΑ͏ʹมԽ͢Δ͔͢ূݕΔඞཁ͕͋Δɽ͔͠͠ɼ
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ύϥϨϧίʔύεऩूํ๏ʹ͋ͨΓຊڀݚͰͨͬߦओݧ࣮؍Ұਓͷඃऀݧʹ͖ͭ ఔͷؒ࣌2
ύϥϨϧίʔύޙࠓͰ͋ͬͨɽͦ͜Ͱɼݧෛ୲͕େ͖͍࣮ऀݧඇৗʹඃ͏·͔͔͕ͯͬؒ࣌͠
εͷऩूํ๏ؚΊͯίʔύε֦ுʹ͍ͭͯݕ౼͢Δඞཁ͕͋Δɽ·ͨɼຊจͰإͷಛྔ
͔Βͷಛྔͱ౷ܭతʹม͠ධՁ͢ΔΈΛఏҊ͕ͨ͠ɼͦͷΈΛར༻ͨ͠إͱ
ͷ݁ͼ͖ͭɾؔੑʹؔ͢Δௐ͖ࠪͩ͢ͱ͑ߟΔɽಛʹɼpCCA·ͨmPCCAʹ͓͚Δ h

 z͕ͲͷΑ͏ͳཧతҙຯΛͭ࣋ͷ͔ʹ͍ͭͯݕ౼͍͖͍ͯͨ͠ɽ
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ຊڀݚΛਐΊΔʹֶ͋ͨͬͯ෦ 4ੜʹࣨڀݚʹॴଐ͔ͯ͠Βम࢜՝ఔΛऴ͑Δ·ͰࠒΑΓ
ଟେͳΔ͝ࢦಋ͝ฬᎪΛࣀΓ·ͨ͠ࢦಋڭͰ͋Δ็দ৴໌ڭतʹਂ͍ͨ͘͠ँײ·͢ɽ็দઌ
ੜ͔Β࣮ݱͷॾΛͲͷΑ͏ʹٕज़Ͱղܾ͍͔ͯ͘͠ɼʹ໘͍ͯͬ͠ࠔΔਓʹզʑٕ
ज़ऀ͕ͲͷΑ͏ʹݙߩͰ͖Δ͔ʹ͍ͭͯ͑ߟଓ͚Δ࢟Λֶͼ·ͨ͠ɽ·ͨɼຊڀݚΛਐΊΔ্
Ͱ࣮͍͔ࡉํ๏ػցֶशʹؔ͢Δཧతͳ࣭ʹշ͑ͯͩͬͨ͘͘͞ᜊ౻େีࢣߨʹ
ͦΕΒͷؒͷؔ࿈ੑɾཧతଆܠɽᜊ౻ઌੜ͔Β༷ʑͳख๏ͷཧతഎ͢·͍ͨ͠ँײ͘ਂ
໘ʹֶ͍ͭͯͼ·ͨ͠ɽ͞ΒʹɼࣨڀݚͰͷੜ׆ΛૹΔ্ͰඞཁෆՄܽͳݯࢿػࢉܭͷαϙʔτ
Λखް͍͚͓͔ͯͨͩͨ͛͘͠Ͱෆࣗ༝ແ͘ڀݚΛਐΊΔ͕ࣄͰ͖·ͨ͠ɽ
ࠒͷڀݚੜ׆Λ༷ʑͳ໘͔Βٕొڮߴͨͬͩͯ͑͘͞ࢧͱൿॻͷ্ࢯܙʹް͘ྱޚਃ

্͛͠·͢ɽ͞ڮߴΜ͕ࣨڀݚઃඋͷඋΛ͓͔ͯͩͬͨ͛͘͠͞Ͱෆࣗ༝ແ༷͘ʑͳઃඋΛ
༻͢Δ͜ͱ͕Ͱ͖·ͨ͠ɽ্͞ΜʹॏͳΔओݧ࣮؍ͷਃʹ͍͖͍ͭͯͩͨͯ͝͠ྗڠେ
ม͓ͯ͠ँײΓ·͢ɽ
ɽઌഐํʹԻʹؔ͢Δ༷ʑͳࣝ͢·͍ͨ͠ँײʹഐͷօ͞Μޙɾظͷઌഐɾಉࣨڀݚ

ָ͠͞Λࠔ՝ఔΛա͢͝தͰͷ࢜ͷօͱಉ͡मظΛֶͼ·ͨ͠ɽಉ࢟ͱͯ͠ͷऀڀݚ
͔ͪ߹͑ͨͱ͍ͯͬࢥ·͢ɽޙഐͷօ͞Μ͕͍͔ͨΒͦ͜ઌഐͱͯ͠ͷ͕֮ࣗੜ·Εڀݚֶ
ʹର͢ΔϞνϕʔγϣϯΛ্ͤ͞Δ͜ͱ͕Ͱ͖ͨͱ͍ͯͬࢥ·͢ɽࣨڀݚͰͷੜ׆Λշ͘ա͝
ͤͨͷօ༷ͷ͓͔͛Ͱ͢ɽ͋Γ͕ͱ͏͍͟͝·ͨ͠ɽ
·ͨɼຊਓإը૾σʔλϕʔεΛఏૣͨͬͩͯ͘͞͠ڙҴాେֶͷౡൟੜઌੜʹް͘ྱޚ

ਃ্͛͠·͢ɽౡઌੜͷ͓͔͛Ͱຊڀݚͷ՝ͷҰͭͰ͋ͬͨίʔύεͷ݅ΛͦΖ͑Δ͜ͱ
͕Ͱ͖·ͨ͠ɽ
ɽ༑ਓͷօ͞Μͱ͢͢·͍ͨ͠ँײ͘ਂʹՈɾ༑ਓͨͬͩͯ͑͘͞ࢧΛࢲͰ·ࠓɼʹޙ࠷

͚ͩͰ҆Β͗ɼϞνϕʔγϣϯΛҡ࣋͢Δ͜ͱ͕Ͱ͖·ͨ͠ɽՈʹؼΔॴ͕͋Δ҆৺ײΛ
༩͑ͯͩ͘͞Γɼ্͔ͯ͠ژΒࠓ·Ͱ౦ژͰͷੜ׆Λ༷ʑͳ໘Ͱ͍ͩͯ͑͘͞ࢧ·ͨ͠ɽຊʹ
͋Γ͕ͱ͏͍͟͝·ͨ͠ɽ
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A

Eigenface

A.1 ֓ཁ

ʹ༗ۭؒͷҰʹࣸ૾͠ఆྔతʹධՁ͢Δख๏ͷҰͭݻը૾Λإ Eigenface ͕͋Δ [18]ɽॎ
ԣͦΕͧΕ N ͷըૉใ͕͋Δݸ 2 ը૾Λإݩ࣍ N2 ͷϕΫτϧͰද͢ɽMݩ࣍ ը૾إͷݸ
Γ1,Γ2, ...,ΓM ʹର͠ɼࣜ (A.1)ʹΑΓฏإۉΨΛٻΊɼ֤إը૾ͱฏإۉը૾ͱͷࠩΛࣜ (A.2)

Ͱද͢ɽࣜ (A.3)ͷڞྻߦࢄCΛ༻͍ͨओੳΛ͍ߦɼୈM ′(< M)ओ·ͰΛબ͠ɼ
ͦΕΒΛ Eigenface E(i) (i = 1, 2, ...,M ′)ͱ͢Δɽ

Ψ =
1

M

M∑

m=1

Γm (A.1)

Φm = Γm −Ψ (A.2)

C =
1

M

M∑

m=1

ΦmΦT
m (A.3)

͋Δը૾ ΓmɼॏΈ w(m)(i)(i = 1, 2, ...,M ′)Λ༻͍ͯࣜ (A.4)Ͱۙ͞ࣅΕΔɽ

Γm ≃
M ′∑

i=1

w(m)(i)E(i) +Ψ (A.4)

A.2 ݧ࣮

i) ݅ݧ࣮

ը૾σʔλϕʔεMORPHإ [51]ͷ 54,000ຕͷإը૾Λ༻͍࣮ͯࡍʹ EigenfaceΛநग़͠
ͨɽإը૾ॎ 100ԣ 100ͷനࠇը૾ʹ౷Ұ͠ɼࣜ (A.4)ͷΓmΛ ͷϕΫτϧͱͨ͠ɽݩ࣍10,000

ii) Ռ݁ݧ࣮

༩͕دੵྦྷ 80%Λ͑ͨୈ 13ओ·ͰΛEigenfaceͱ͠ɼͦΕΒͱฏإۉΛਤA.1ʹࣔ͢ɽ
ਤA.2ͷΑ͏ʹEigenfaceʹॏΈΛ͚ͯฏإۉʹՃ͢ࢉΔͱɼ߹͞Εͨը૾ਓؒͷإͱͯ͠
ผՄͳൣғ͕ͨͬݮը૾ͱͳͬͯ͠·ͬͨɽ͜ΕɼEigenface͕നإࠇը૾ͷೱ୶ͷΈΛ
ରͱͨ͠ओੳʢPCAʣͰ͋ΔͨΊը૾ʹ͍ࣸͬͯΔإͷಛΑΓࡱӨڥը૾ͷྼ
ԽͳͲͷը૾ͱͯ͠ͷಛ͕༏ઌ͞Εͯ͠·ͬͨͨΊͰ͋Δͱ͑ߟΒΕΔɽैͬͯɼEigenface

إͷҹΛද͢ಛྔͱͯ͠ෆదͰ͋Δͱ͑ߟΒΕΔɽ



A Eigenface

E(1)	 E(2)	 E(3)	 E(4)	 E(5)	

E(6)	 E(7)	 E(8)	 E(9)	 E(10)	

E(11)	 E(12)	 E(13)	 average	face	

ਤ A.1: ࣍ ͷݩ࣍13 Eigenfaceͱฏإۉ (average face): E(i) i൪ͷ EigenfaceΛද͢ɽ

=	0.9	×� +	0.21	×� 	+	0.16	×� +�

ਤ A.2: EigenfaceΛ༻͍ͨ৽نը૾ͷ࡞: ࣜ (A.4)ͰM ′ = 3ͱ͠ɼ[w(1), w(2), w(3)] = [0.9, 0.21, 0.16]
ͱͨ͠߹

– ii –



B

Eigenvoice Conversion (EVC)

B.1 ֓ཁ

Ұਓͷऀ͔Βෳͷऀͷ࣭มΛ࣌ͨ͑ߟɼGMMʹͮ͘ج࣭มͰɼGMMͷֶ
शʹಉҰൃ༰ͷೖग़ྗԻର͔ΒΔύϥϨϧσʔλ͕ඞཁͰ͋ΔͨΊɼಉ͡ޱௐͰܾΊ
ΒΕͨจΛൃ͢Δ͜ͱจͷ͕গͳ͍߹ͰऀʹͱͬͯେมͳෛՙͱͳΔɽ͞Βʹɼॴ
ͷೖग़ྗऀ͝ͱʹGMMΛߏ͢Δඞཁ͕͋ΔͨΊࣄલʹԻΛऩՄͳऀͷ࣭͔͠ද
๏࣭มͮ͘جʹ༗ݻͰ͖ͳ͍ɽҰํɼݱ (Eigenvoice Conversion: EVC)ɼ༧Ίऩͨ͠
ଟͷೖग़ྗऀͷύϥϨϧσʔλʹΑΓҙͷऀͷ࣭Λ࣮ݱՄͳख๏ͷҰͭͰ͋Δ [41]ɽ
EVCʹɼҰਓͷೖྗऀͷ࣭͔Βෳͷग़ྗऀͷ࣭ม͢ΔҰରଟม๏ͱෳͷೖ
ྗऀͷ࣭͔ΒҰਓͷग़ྗऀͷ࣭ม͢ΔଟରҰม๏͕͋Δ͕ɼҎԼͰҰରଟม
๏ʹ͍ͭͯઆ໌͢Δɽ

B.2 Ұରଟ࣭มͷͨΊͷύϥϝʔλֶश

લ߲ͱಉ༷ʹೖྗऀͷԻڹಛྔͱग़ྗऀͷಛྔΛ࿈݁ͨ͠ϕΫτϧ͕GMMʹै͏
ͷͱ͢Δ͕ɼm൪ͷͷग़ྗऀͷฏۉϕΫτϧ µ(Y )

m Λ֤ྻ͕ EigenvoiceͰ͋ΔྻߦBm

Λ༻͍ͯࣜ (B.1)ͷΑ͏ʹද͢ɽ

µ(Y )
m = Bmw(Y ) + b(0)m (B.1)

͜ͷͱ͖ߏ͞ΕΔGMMΛEV-GMMͱݺͼɼֶशύϥϝʔλ λ(EV )ॏΈϕΫτϧw(Y )ɾ֤
ͷॏΈ αmɾೖྗͷฏۉϕΫτϧµ(X)

m ɾग़ྗͷόΠΞεϕΫτϧ b(0)mɾग़ྗͷجఈϕΫτϧ͔
ΒΔྻߦBmɾڞྻߦࢄΣ(X,Y )

m ͷ 6ͭͰ͋Δɽ͜ΕΒͷɼw(Y )ग़ྗऀʹґଘ͠ɼαmɾ
µ(X)
m ɾb(0)m ɾBmɾΣ(X,Y )

m શग़ྗऀʹ͓͍ͯڞ௨Ͱ͋ΔɽEV-GMMͷֶशେ͖͘ 3ͭͷஈ
֊ʹ͚ΒΕΔɽ

Step1 ͋ΔऀΛೖྗͱͯ͠શͯͷऀΛग़ྗͱͨ͠ෆಛఆऀ GMM(λ(0))Λֶश͢Δɽೖ
ྗऀͷԻڹಛྔXtͱग़ྗऀ sͷԻڹಛྔ Y (s)

t (s = 1, 2, ..., S)Λ࿈݁͠Z(s)
t ΛಘΔɽ

λ(0) = arg max
λ

S∏

s=1

Ts∏

t=1

p(Z(s)
t |λ) (B.2)

͜͜ͰɼTsɼऀ sͷԻσʔλͷϑϨʔϜͰ͋Δɽࣜ (B.2)ɼશͯͷग़ྗऀʹؔͯ͠
݁߹֬ີΛ࠷େԽ͢ΔͰࣜ (2.30)ͱҟͳΔɽ
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Step2 λ(0)ͷύϥϝʔλͷɼࣜ (B.1)ʹ͓͚Δ µ(Y )
m ͷΈΛߋ৽͠ɼSਓͷग़ྗऀͦΕͧΕ

ʹԠͨ͡ग़ྗऀґଘGMM λ(s)Λֶश͢Δɽ

λ(s) = arg max
λ

Ts∏

t=1

p(Z(s)
t |λ) (B.3)

Step3 ͦΕͧΕͷग़ྗऀͷ֤ͷฏۉΛ࿈݁ͯ͠GMM-SVν(s)Λ࡞Γɼશग़ྗऀͷεʔ
ύʔϕΫτϧʹؔ͢ΔओੳΛ͜͏ߦͱͰ b(0)m ͱBmΛٻΊΔɽࣜ (B.4)ʹΑΓɼશऀͷ
ν(s)ͷฏ͔ۉΒ b(0)m ΛٻΊΔɽ

b(0) = [b(0)T1 , b(0)T2 , ..., b(0)TM ]T =
1

S

S∑

s=1

ν(s) (B.4)

v(s) = ν(s) − b(0)ͱ͠ɼྻߦ V = [v(1) v(2) ... v(S)]Λಛҟղ͢Δ͜ͱͰɼऀʹґଘ͠ͳ
Uྻߦఈج͍ = [BT

1 BT
2 ... BT

M ]Tͱऀʹґଘ͢ΔॏΈྻߦW = [w(1) w(2) ... w(S)]ΛಘΔɽ
͜͜ͰɼU  V ͷࠨಛҟϕΫτϧΛྻͱ͢ΔྻߦͰ͋ΓɼW  V ͷಛҟྻߦAͱӈಛҟϕ
ΫτϧΛྻͱ͢ΔྻߦDͷసஔྻߦͷੵͰ͋Δɽ

V = UADT = UW (B.5)

Αͬͯɼ֤ऀͷGMM-SVν(s)ࣜ (B.6)Ͱද͞ΕΔɽ

ν(s) = Uw(s) + b(0) (B.6)

Step1ͰಘΒΕͨ λ(0)ͱ Step3ͰಘΒΕͨBmɼb(0)m ͔ΒEV-GMM(λ(EV ))Λߏ͢Δɽ·ͨɼ
U ͓ΑͼBަྻߦͰ͋ΔͨΊࣜ (B.7)͕Γཱͭɽ

WWT = ADTDA = A2 (B.7)

A2ͷର֯ऀʹؔ͢Δڞྻߦࢄ V TV ͷݻ༗Ͱ͋Γɼ֤ݻ༗ʹରԠ͢ΔU ͷྻ͕
V ͷݻ༗ϕΫτϧͰ͋Δɽݻ༗͕େ͖͍ݻ༗ϕΫτϧΛEigenvoiceͱͯ͠બ͢Δ͜ͱͰɼࣜ
(B.6)ʹ͓͚ΔॏΈϕΫτϧw(s)ͷݩ࣍ΛݮΒ͢͜ͱ͕ՄͰ͋Δɽ

B.3 Ұରଟ࣭ม๏

ֶशͨ͠ EV-GMMΛ༻͍ͯɼಛఆͷॏΈϕΫτϧ w(tar) Ͱද͞ΕΔ࣭ͷԻΛಘΔʹɼ
ࣜ (B.1)Λࣜ (B.8)ʹஔ͠ 2.5.1અͱಉ༷ʹ࠷ج४Ͱ࣭มΛ͏ߦɽ͜ͷͱ͖ɼࣜ (2.36)ͷ
E(Y )

m,t ࣜ (B.10)Ͱஔ͞ΕΔɽ

µ(tar)
m = Bmw(tar) + b(0)m (B.8)

E(Y )
m,t = µ(tar)

m +Σ(Y X)
m Σ(XX)−1

m (Xt − µ(X)
m ) (B.9)

= Bmŵ + b(0)m +Σ(Y X)
m Σ(XX)−1

m (Xt − µ(X)
m ) (B.10)
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B.4 ऀͷॏΈͷਪఆ

ॏΈϕΫτϧw(tar)खಈͰܾఆ͢Δ͜ͱՄ͕ͩɼॴग़ྗऀͷԻ͕ଘ͢ࡏΔ߹
ͦͷԻͷԻڹಛྔϕΫτϧྻܥΛ Y (tar)ͱࣜ͠ (B.11)ʹ͖ͮجw(tar)Λਪఆ͢Δ͜ͱՄ
Ͱ͋Δɽ

w(tar) = arg max
w

∫
p(X,Y (tar)|λ(EV ))dX = arg max

w
p(Y (tar)|λ(EV )) (B.11)

w(tar)ͷਪఆࣜ (B.12)ͷิॿؔΛ࠷େԽ͢Δ͜ͱͰ͍ߦɼͦͷ݁ՌಘΒΕΔwͷਪఆࣜࣜ
(B.13)Ͱද͞ΕΔɽ

Q(w, ŵ) =
T∑

t=1

M∑

m=1

p(m|Y (tar)
t ,λ(EV )) log p(Y (tar)

t ,m|λ̂(EV )) (B.12)

ŵ =

(
M∑

m=1

γm
(tar)BT

mΣ(Y Y )−1
m Bm

)−1 M∑

m=1

BT
mΣ(Y Y )−1

m Y m
(tar)

(B.13)

ͨͩ͠ɼγm(tar)ͱ Y m
(tar)

ҎԼͰද͞ΕΔɽ

γm
(tar) =

T∑

t=1

p(m|Y (tar)
t ,λ(EV )) (B.14)

Y m
(tar)

=
T∑

t=1

p(m|Y (tar)
t ,λ(EV ))(Y (tar)

t − b(0)m ) (B.15)
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ਤ C.1: VAEͷ zͷ֤ݩ࣍Λૢ࣌ͨ͠࡞ͷ Decoderग़ྗͷมԽ

4.2.4અͰֶशͨ͠ VAEͱ 4.2.5અͰֶशͨ͠ CVAEʹ͍ͭͯࣜ (4.1)Λ༻͍ͯ zͷ֤ݩ࣍Λ
ΛͦΕͧΕਤࢠͷมԽͷ༷࣌ͨ͠࡞ૢ C.1ͱਤ C.2ɾਤ C.3ɾਤ C.4ʹࣔ͢ɽ
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ਤ C.2: CVAEͷ z (dz = 3)ͷ֤ݩ࣍Λૢ࣌ͨ͠࡞ͷ Decoderग़ྗͷมԽɿϥϕϧ yࠇਓஉੑͷͷΛ
ೖྗͨ͠ɽ
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ਤ C.3: CVAEͷ z (dz = 6)ͷ֤ݩ࣍Λૢ࣌ͨ͠࡞ͷ Decoderग़ྗͷมԽɿϥϕϧ yࠇਓஉੑͷͷΛ
ೖྗͨ͠ɽ
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ਤ C.4: CVAEͷ z (dz = 10)ͷ֤ݩ࣍Λૢ࣌ͨ͠࡞ͷ Decoderग़ྗͷมԽɿϥϕϧ yࠇਓஉੑͷͷ
Λೖྗͨ͠ɽ
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౷ܭతإมͷ݁Ռͷྫ

ਤ D.1: ΞδΞܥίʔύεΛ༻͍ͨ pCCAɾmPCCAͷྫɿ্ͷάϥϑ͕إͷಛྔͷΛɼԼͷάϥ
ϑ͕ͷಛྔͷάϥϑΛද͢ɽԼͷάϥϑͷΧϥʔόʔ͕બճΛද͓ͯ͠Γɼؙҹͷֶ͕शσʔ
λΛɼҹͷ͕ධՁσʔλΛද͢ɽ੨͍όπҹ͕ pCCAʹ͓͚Δฏۉ bɾdΛද͠ɼ͍όπҹͱߴ
ઢ mPCCAʹ͓͚Δࣜ (2.62)ͱࣜ (2.63)Ͱ h = 0ͱͨ͠߹ͷΛද͢ɽ͜ͷྫʹ͓͍ͯɼͷ
ಛྔͷͷٸफ़ͳͷʹؔ͢Δࠞ߹ॏΈ 0.200Ͱ͋ͬͨɽ

4.5અʹ͓͍ͯɼΞδΞܥɾຊਓίʔύεΛ༻͍ͨmPCCAͷ֤ΛՄࢹԽͨ͠ྫΛਤD.1ɾ
ਤD.2ʹࣔ͢ɽإʹڞͷಛྔͱͯ͠ IFFΛ༻͍͍ͯΔ͕ɼͦΕͧΕσʔληοτͱඃऀݧ
ҟͳΔɽ



D ౷ܭతإมͷ݁Ռͷྫ

ਤ D.2: ຊਓίʔύεΛ༻͍ͨ pCCAɾmPCCAͷྫɿ্ͷάϥϑ͕إͷಛྔͷΛɼԼͷάϥϑ
͕ͷಛྔͷάϥϑΛද͢ɽԼͷάϥϑͷΧϥʔόʔ͕બճΛද͓ͯ͠Γɼؙҹͷֶ͕शσʔλ
Λɼҹͷ͕ධՁσʔλΛද͢ɽ੨͍όπҹ͕ pCCAʹ͓͚Δฏۉ bɾdΛද͠ɼ͍όπҹͱߴઢ
 mPCCAʹ͓͚Δࣜ (2.62)ͱࣜ (2.63)Ͱ h = 0ͱͨ͠߹ͷΛද͢ɽ͜ͷྫʹ͓͍ͯɼͷಛ
ྔͷͷٸफ़ͳͷʹؔ͢Δࠞ߹ॏΈ 0.266Ͱ͋ͬͨɽ

– ix –


