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ୈ1ষ ং

1.1 എܠ

ԻݯɼෳͷԻ͔ݯΒൃͤΒΕͨԻ͕ࠞ͡Γ͋ͬͨ৴߸͔ΒݩͷԻΛ͢ݱ࠶Δٕज़Ͱ͋

ΓɼԻɾԻڹ৴߸Λ༻͍ͨύλʔϯೝࣝɾ߹Λ্͏ߦͰॏཁͳׂΛ୲͍ͬͯΔɽྫ͑ɼϚ

ΠΫϩϗϯͰ؍ଌ͞Εͨ৴߸͔Βɼ࣮ڥͰ͍͖ͯىΔԻڹΠϕϯτΛೝࣝ͢ΔͨΊʹɼԻݯ

͕ඞཁෆՄܽͳҰཁૉΛ୲͍ͬͯΔ [1]ɽ·ͨɼ࣮ڥʹ͓͍ͯԻೝࣝΛ͏ߦ߹ʹɼೝ

ࣝରऀͷԻ৴߸ͱͦΕҎ֎ͷԻ͔ݯΒൃͤΒΕͨԻͱΛ͢Δ͜ͱͰɼੑΛվળ͢Δ

͜ͱ͕Ͱ͖Δ [2]ɽଞʹɼԻݯΛ༻͍Δ͜ͱͰɼԻ͝ݯͱʹԻ૾ͷఆҐΛ੍͢ޚΔ͜ͱ͕Մ

ͱͳΔ [3]ɽԻݯΛύλʔϯೝࣝͷલॲཧͱͯ͠༻͍Δͱ͖ʹɼతԻ͔ݯΒൃͤΒΕͨ

ԻͷΈΛߴਫ਼ʹ͢Δٕज़͕ٻΊΒΕΔɽ͞ΒʹԕִձٞγεςϜऩԻγεςϜͳͲɼௌ

औΛతͱͨ͠໘ʹԠ༻͢Δ߹ͰɼԻΛௌऔͨ͠ͱ͖ʹҧײΛ༩͑ͳ͍͜ͱॏཁ

ͳ՝ͱͳΔɽ

զʑΛऔΓڥ͘רͰ͋ΒΏΔԻ͔ݯΒԻ͕ൃͤΒΕ͓ͯΓɼਓؒͦΕΒ͕ಉ࣌ʹൃԻ͞

Εͨঢ়ଶͰɼҙͷԻΛฉ͖͚Δ͜ͱ͕Ͱ͖Δ [4]ɽػցʹಉ༷ͷػΛͤͨ࣋ΔͨΊʹɼ

ϏʔϜϑΥʔϛϯάదԠϏʔϜϑΥʔϛϯάͳͲͷۭؒϑΟϧλϦϯά͕͘༻͍ΒΕ͍ͯΔɽ

ϏʔϜϑΥʔϛϯάɼϏʔϜ֯ࢮʢNullʣͳͲͷࢦಛੑΛܗ͢Δ͜ͱʹΑΓɼҙͷํ

ௐɾѹ͢Δɽදతͳͷͱͯ͠ɼԆʢDelayڧΒ౸དྷ͢Δ৴߸Λ͔ and sum: DSʣ

ϏʔϜϑΥʔϚ [5]ܕޚ੍֯ࢮϏʔϜϑΥʔϚʢNull Beamformer: NBFʣ [6] ͳͲ͕ఏҊ͞Ε

͍ͯΔɽ·ͨɼద༻ϏʔϜϑΥʔϛϯάɼपғͷࡶԻڥʹԠͯ͡ࢦಛੑΛ੍͢ޚΔ͜ͱͰɼ

తͷԻํݯͷԻΛڧௐ͢Δɽ࠷ʢMaximum likelihood: MLʣϏʔϜϑΥʔϚ [7]ɼ࠷খࢄ

ʢMinimum variance distortionless responce: MVDRʣϏʔϜϑΥʔϚ [8]ɼҰൠԽαΠυϩʔϒ

ΩϟϯηϥʢGeneralized sidelobe canceller: GSCʣ [9] ͳͲ͕͜ͷख๏ʹ͋ͨΔɽ͔͠͠ɼ͜ΕΒ

ͷٕज़Λ༻͍ΔͨΊʹɼԻݯͷํࡶԻۭؒ૬ؔྻߦͳͲͷऩԻڥʹؔ͢Δࣄલใ͕ඞཁ

ͱͳΔɽ࣮ࡍͷར༻໘ʹ͓͍ͯɼͦΕΒͷใ͕ಘΒΕͳ͍ͱ͍͏߹͕͜ىΔɽͦ͜Ͱɼऩ

Իڥʹؔ͢Δࣄલใ͕ෆཁͳϒϥΠϯυԻݯʢBlind Source Separation: BSSʣ [10] ͷݚ

1



ΘΕΔΑ͏ʹͳͬͨɽۙͰߦʹΜ͕ڀ SiSEC(Signal Separation Evaluation Campaign) [11]

ͱ͍ͬͨίϯϖςΟγϣϯ͕։͞࠵ΕΔͳͲɼߦ͕ڀݚʹൃ׆ΘΕ͍ͯΔͰ͋Δɽ

ఏҊ͞Ε͍ͯΔࡏݱ BSSख๏ɼ1ຊͷϚΠΫϩϗϯΛ༻͍Δγϯάϧνϟϯωϧ BSSͱɼ2

ຊҎ্ͷϚΠΫϩϗϯΛ༻͍ΔϚϧννϟϯωϧ BSSͱʹେผ͢Δ͜ͱ͕Ͱ͖Δɽγϯάϧνϟ

ωϧ BSSɼখنͳγεςϜͷԠ༻͕ՄͰ͋Δ͕ɼ1ຊͷϚΠΫϩϗϯͰͷ؍ଌ৴߸͔Β

ಘΒΕΔใͷΈ͔ΒԻݯΛ͢Δ͜ͱ͘͠ɼੑʹؔͯ͠·ͩվળͷ༨͕͋Δɽ

ҰํϚϧννϟϯωϧ BSSͰɼ֤ϚΠΫϩϗϯʹ͓͚Δ؍ଌ৴߸͔ΒಘΒΕΔใʹՃ͑ͯɼ

ۭؒతͳใѻ͏͜ͱ͕ՄͳͨΊɼߴਫ਼ͳԻݯͷ࣮ظ͕ݱͰ͖ΔɽϚϧννϟϯω

ϧ BSSख๏͞Βʹɼඇઢܗ BSSͱઢܗ BSSͱʹେผͰ͖Δɽඇઢܗ BSSɼతԻݯҎ֎ͷ

Λѹ͢Δੑ͕͍ߴɼϛϡʔδΧϧϊΠζͱ͍ͬͨඇઢܗ͕ൃੜ͢ΔɽҰํઢܗ

BSSɼඇઢܗ͕ݪཧతʹൃੜ͠ͳ͍ͱ͍͏༏Εͨಛ͕͋Δͷͷɼ݅ʹΑͬͯेͳ

ੑ͕ಘΒΕͳ͍ɽ͢ͳΘͪɼݱଘͷ BSSͰੑͱԻͷԻ࣭ͱͷؒʹτϨʔυΦ

ϑͷ͕ؔଘ͢ࡏΔɽԠ༻ઌʹറΒΕΔ͜ͱͳ͘ɺ൚༻తͳ໘Ͱ BSSΛԠ༻͢ΔͨΊʹɼ

ੑͱԻͷԻ࣭͕ٕ͍ߴʹڞज़ͷ։ൃ͕·ΕΔɽ͜ͷΛղܾ͢ΔͨΊͷํ๏ͱͯ͠ɼ

ෳͷԻݯख๏ΛΈ߹ΘͤͨλϯσϜଓܕԻݯ͕ఏҊ͞Ε͍ͯΔ͕ɼͲͷΑ͏ʹෳ

ͷԻݯख๏ΛΈ߹ΘͤΔͷ͔͕՝ͱͳΔɽ

1.2 ʢBSSʣख๏ݯଘͷϒϥΠϯυԻط

લड़ͷ௨Γʹɼطଘͷ BSSඇઢܗ BSSͱઢܗ BSSͱʹେผͰ͖Δɽ͜͜ͰɼͦΕͧΕͷ

ख๏ͷ֓ཁΛઆ໌͢ΔͱͱʹɼͦΕΒΛΈ߹ΘͤͨλϯσϜଓܕԻݯʹ͍ͭͯ֓؍

͢Δɽ

1.2.1 ඇઢܗBSS

ඇઢܗBSSͱͯ͠ɼؒ࣌पϚεΫʹͮ͘جख๏ [12, 13, 14]ɼDenoising autoencoderʢDAEʣ

Λ༻͍ͨख๏ [15, ΒΕΔɽ͛ڍ͕[16

ʢShortϑʔϦΤมؒ࣌Ͱؒ࣌ଌ৴߸ʹରͯ͠దͳ؍ time Fourier transform: STFTʣΛ

ద༻͢ΔͱɼԻݯʹओཁͳؒ࣌प্ۭؒʹ͓͍ͯૄʹଘ͢ࡏΔ͜ͱ͕ΒΕ͍ͯΔ [17]ɽ

͜ͷੑ࣭ʹ͖ͮجɼؒ࣌पϚεΫʹͮ͘جख๏ͰɼతԻݯ͕ࢧతʹଘ͢ࡏΔؒ࣌

पϏϯͷΈΛ௨աͤ͞ΔόΠφϦϚεΫ [17, 18, 19]Λ༻͍ͯɼෆཁͳΛޮՌతʹऔΓআ

͘ɽ͔͠͠ɼϛϡʔδΧϧϊΠζͳͲͷඇઢܗ͕ൃੜ͢ΔͨΊɼԻΛௌऔͨ͠ࡍʹҧײ
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Λ༩͑ΔɽϛϡʔδΧϧϊΠζͷӨڹɼιϑτϚεΫ [20, 12, 21] Λ༻͍Δ͜ͱͰ؇Ͱ͖Δ͜

ͱ͕ظͰ͖Δ͕ɼੑ͕ྼԽ͢Δͱ͍͏͕͋ΔɽϛϡʔδΧϧϊΠζͷӨڹΛ͢ݮ

ΔଞͷࢼΈͱͯ͠ɼؒ࣌पϚεΫ৴߸ΛέϓετϥϜྖҬʹͯฏԽ͢Δํ๏͕ఏҊ

͞Ε͍ͯΔ͕ɼײڹͱ͍ͬͨௌ্ײͷҧײΛ༩͑ͯ͠·͏͜ͱ͕ใ͞ࠂΕ͍ͯΔ [22, 23]ɽ࣌

ؒपϚεΫͷઃܭɼ֤ؒ࣌पϏϯʹ͓͍ͯԻؚ͕·ΕΔ͔Ͳ͏͔ͷࣝผͱ

ͱͯ͠DeepثΔ͜ͱ͕Ͱ͖Δɽͦ͜ͰۙͰɼࣝผ͑ߟ neural network(DNNʣ [24]Λ༻͍Δ

͜ͱͰɼؒ࣌पϚεΫΛߴਫ਼ʹਪఆ͢ΔࢼΈ͕ͳ͞Ε͍ͯΔ [25, 26, 27]ɽ͜ΕΒͷํ๏Ͱ

ɼֶशσʔλͱೖྗσʔλͱͷϛεϚονʹର͢Δੑ݈ؤΛͲ͏୲อ͢Δͷ͔͕՝ͱͳΔɽ

DAE [28]ɼϊΠζؚ͕·ΕΔύλʔϯ͔ΒݩͷύλʔϯΛ͢ݱ࠶ΔχϡʔϥϧωοτϫʔΫͰ

͋ΓɼࡶԻڥڹԼͷԻೝࣝʹ͓͍ͯޮՌతͰ͋Δ͜ͱ͕ใ͞ࠂΕ͍ͯΔ [29, 30, 31, 32, 33]ɽ

XuΒɼࡶԻΛॏͨ͠εϖΫτϧ͔ΒݩͷεϖΫτϧΛ͢ݱ࠶ΔԻڧௐͷ؍ͰDAE͕

༗ޮͰ͋Δ͜ͱࣔͨ͠ [34]ɽTuΒɼDAEʹΑΓ؍ଌ৴߸͔ΒಛఆͷతऀԻͱҙͷ

ɼతऀԻͱҙऀԻΛ͢Δํ๏ΛఏҊͨ͠͠ݱऀԻͷࣸ૾ؔΛ࣮ [15]ɽ

͜ͷํ๏ͷͱͯ͠ɼֶशσʔλͱೖྗͱͷϛεϚον͕ੜͨ͡߹ʹ͓͚ΔੑྼԽ͕͋

͛ΒΕΔɽ͜ͷΛղফ͢ΔͨΊʹ SNRຖʹ DAEΛઃ͠ܭɼೖྗ࣌ͷ SNRΛਪఆ্ͨ͠Ͱ

DAEΛબ͢Δͱ͍͏Έ͕ఏҊ͞Εͨ [16]ɽ͔͠͠ɼDAEʹΑΓग़ྗ͞ΕΔεϖΫτϧ౷

Λड͚ΔڹԽͷӨҼ͢Δฏىʹॲཧܭ [35]ɽۙͰɼDAEΛؒ࣌पϚεΫ [36]ɼWiener

filter [37]ɼඇෛྻߦղ (Non-negative matrix factorization: NMF)ʹํͮ͘ج๏ [38]ͳͲͷ

Իڧௐ·ͨԻݯख๏ͷҰ෦ʹΈࠐΉํ๏͕ఏҊ͞Ε͍ͯΔɽ

1.2.2 ઢܗBSS

ແڥڹʹ͓͍ͯɼෳͷԻ͔ݯΒൃͤΒΕͨ৴߸ s(t)͕ಉ࣌ʹϚΠΫϩϗϯʹ౸ୡ͢ΔͳΒ

ɼ؍ଌ৴߸ z(t)ࠞ߹ྻߦAΛ༻͍ͨઢܗม z(t) = As(t)Ͱද͢ݱΔ͜ͱ͕Ͱ͖Δɽઢܗ

BSSɼAͷӨڹΛଧͪফ͢ઢܗྻߦWΛ༻͍ͨઢܗมWz(t)ʹΑͬͯɼԻݯ৴߸ s(t)

Λ͢ݱ࠶Δɽදతͳख๏ͱͯ͠ɼಠཱੳʢIndependent component analysis: ICAʣ [39]ɼ

ಠཱϕΫτϧੳʢIndependent vector analysis: IVAʣ [40] ΒΕ͍ͯΔɽICAɼԻ͍༺͕͘

߸৴ݯ s(t)͕͍ޓʹಠཱͰ͋Δͱ͍͏ԻݯͷಠཱੑͷԾఆΛ༻͍Δɽ͜ͷԾఆʹ͖ͮجɼ৴߸

y(t) = Wz(t)͕͍ޓʹಠཱͱͳΔΑ͏ͳઢܗྻߦWΛਪఆ͠ɼs(t)Λ͢ݱ࠶Δ [39]ɽઢܗม

ཧతʹൃੜ͠ͳ͍ͱ͍͏ݪ͕ܗͰ͢ͱ͍͏ΈͰ͋ΔͨΊɼඇઢมܗΕͨͷΛઢ͞

ར͕͋Δɽ͔࣮͠͠ࡍͷڥͰɼୡܥͷӨڹΈࠐΈʹΑΓද͞ݱΕΔͨΊɼॠࠞ࣌߹ͷ
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ԾఆΛͦͷ··༻͍Δ͜ͱͰ͖ͳ͍ɽͦ͜ͰɼICAΛΈࠐΈʹ֦ு্ͨ͠ͰWΛਪఆ͢

Δํ๏ [41, 42]ɼपྖҬʹม͢Δ͜ͱͰॠ্ͨ͠ࣅۙʹ߹ࠞ࣌ͰWΛਪఆ͢Δํ๏ [39, 43]

͕ఏҊ͞Ε͍ͯΔɽલऀͷํ๏ऩଋʹ͍ۙॳظΛ༩͑Δ͜ͱ͕Ͱ͖Εੑ͍ߴ͕อূ͞

ΕΔɽ͔͠͠ɼ࣮ڥʹ͓͚ΔͰٻΊΔύϥϝʔλ͕ଟ͘ͳΓɼͦΕΒΛಉ࠷ʹ࣌ద

Խ͢ΔͨΊʹࢉܭίετ͕͘ߴͳΔɽऀޙɼগͳ͍ύϥϝʔλͷ࠷దԽΛ͜͏ߦͱ͕Մͱ

ͳΔͨΊࢉܭίετ͕͍ͱ͍͏ͰલऀΑΓ༏ΕΔɽҰํͰɼύʔϛϡςʔγϣϯε

έʔϦϯάͱΑΕΔ͕ൃੜ͢Δɽ͜ΕΒͷɼੑԻ࣭ྼԽΛҾ͖͢͜ىཁ

ҼͱͳΔͨΊɼ͜ΕΒͷΛղܾ͢ΔͨΊͷํ๏͕ɼ͍͔ͭ͘ఏҊ͞Ε͍ͯΔ [44, 45, 46, 47]ɽ

ۙͰɼύʔϛϡςʔγϣϯ͕ൃੜ͠ͳ͍Έͱͯ͠ɼICAΛ֦ுͤͨ͞ IVA͕ఏҊ͞

Ε͍ͯΔ [40]ɽIVA৴߸ͷεϖΫτϧ͕ɼ͍ޓʹಠཱ͢ΔϕΫτϧͱͳΔΑ͏ʹྻߦ

Λਪఆ͢ΔɽϕΫτϧͷཁૉؒͷ૬ؔΛྀ͢ߟΔଟݩ࣍Λ༻͍ͯಠཱੑΛධՁ͢Δ͜ͱʹΑ

ΓɼύʔϛϡςʔγϣϯͷൃੜΛ͙͜ͱ͕Ͱ͖Δɽ͔͠͠ɼґવͱͯ͠εέʔϦϯά

ͷൃੜΛ͙͜ͱ͍͠ɽ·ͨɼICA IVAʹ͓͍ͯಠཱੑΛධՁ͢ΔͨΊʹɼԻݯ৴߸͕

ੜ͞ΕΔ֬ΛԾఆ͢Δඞཁ͕͋Γɼͦͷͱ࣮ࡍͷσʔλͷͱͷؒʹϛεϚον

͕ੜ͡Δͱੑ͕ྼԽ͢Δɽ͜ͷʹରԠ͢ΔͨΊɼԻݯͷੑ࣭Λදͨ͠Λ༻͍Δख

๏ [48, 49, 50] ͕ఏҊ͞Ε͍ͯΔ͕ɼʹͮ͘جΈͰɼԻͷεϖΫτϧʹ͓͚Δௐߏ

ͳͲͷԻݯΒ͠͞Λతʹਪఆ͢Δ͜ͱ͍͠ɽ͞ΒʹɼಠཱੑͷԾఆͰ݅ʹΑͬͯ

ेͳੑ͕ಘΒΕͳ͍͜ͱ͕͋Δɽྫ͑ɼ͍ڧࣹԻ͕؍ଌ৴߸ʹࠞೖ͢Δ߹ʹࣹ

Ի·ͨಠཱͳԻͱΈͳ͢͜ͱ͕Ͱ͖ΔͨΊɼಠཱੑͷΈͰԻݯΛ͢Δ͜ͱ͕͘͠ͳΔ͜

ͱ͕༧͞ΕΔɽ

1.2.3 λϯσϜଓܕԻݯ

λϯσϜଓܕԻݯɼෳͷԻݯख๏ΛΈ߹ΘͤΔ͜ͱʹΑΓݸʑͷԻݯͷ

ܽΛิ͏ͨΊʹ༻͍ΒΕΔɽ

ઢܗBSSͷੑΛվળ͢ΔͨΊͷΈͱͯ͠ɼICAͷޙஈʹؒ࣌पϚεΫʹͮ͘جख

๏ΛΈ߹ΘͤΔ͜ͱͰɼICAʹΑͬͯऔΓআ͘͜ͱ͕Ͱ͖ͳ͔ͬͨ৴߸Λѹ͢Δํ๏ [51, 52]

ɼICAʹΑΓܗ͞ΕΔࢦಛੑΛ༻͍ͯԻݯͷεϖΫτϧΛਪఆ͠ɼεϖΫτϧࢉݮ๏ʹΑ

ΓԻݯΛํ͏ߦ๏ [53]ͳͲ͕ఏҊ͞Ε͍ͯΔɽ͔͜͠͠ΕΒͷख๏Ͱɼඇઢܗॲཧؚ͕·

Ε͍ͯΔͨΊඇઢܗͷൃੜΛ͙͜ͱ͍͠ɽ

ඇઢܗ BSSʹΑͬͯੜ͡ΔඇઢܗͷӨڹΛ͢ݮΔΈͱͯ͠ɼؒ࣌पϚεΫͷޙஈ
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ʹ NMFʹํͮ͘ج๏Λద༻͢Δ͜ͱʹΑΓԻ࣭Λվળ͢ΔࢼΈ [54]͕ఏҊ͞Ε͍ͯΔɽ͜ͷํ

๏ͰNMFͰ༻͍ΔԻࣙॻͷߏஙʹ༻͍ΔԻΛͲͷΑ͏ʹબ͢Δ͔͕ॏཁͳ՝ͱͳΔɽ

ଞʹɼؒ࣌पϚεΫͷग़ྗʹରͯ͠ ICAΛద༻͢Δ͜ͱʹΑΓɼؒ࣌पϚεΫʹΑͬ

ͯੜ͡ΔඇઢܗͷӨ͕ڹ͞ݮΕΔͱͷใࠂ͋Δ [55]ɽۙͰɼϏʔϜϑΥʔϛϯάͷύ

ϥϝʔλΛਪఆ͢ΔͨΊʹඇઢܗ BSSͰ͋Δؒ࣌पϚεΫΛΈ߹ΘͤΔ͜ͱͰɼੑ

Λվળ͢ΔΈ͕͍͔ͭ͘ఏҊ͞Ε͍ͯΔ [56, 57]ɽ͜ΕΒͷΈͰɼϏʔϜϑΥʔϛϯά

ʹඞཁͱͳΔεςΞϦϯάϕΫτϧ PSDྻߦͷਪఆʹͷΈؒ࣌पϚεΫΛ༻͍͓ͯΓɼඇ

ઢܗݪཧతʹൃੜ͠ͳ͍Έͱͳ͍ͬͯΔɽ͔͠͠ɼϏʔϜϑΥʔϛϯάۭؒతͳใ

ΔใཅʹѻΘΕ͍ͯͳ͍ɽؔ͢ʹݯͷͰ͋ΔͨΊɼԻ͏ߦΛ͖ͮجʹ

1.3 ຊจͷత

ຊจͰੑɼԻͷࣗવੑ͕͍ߴʹڞ BSSΛఏҊ͢Δɽ͜͜Ͱɼੑ͕͍ߴ

ͱԻʹର͢Δѹੑ͕͍͜ߴͱΛɼࣗવੑ͕͍ߴͱͷൃੜ͕গͳ͍͜ͱͱՁͷҙ

ຯͱͯ͠ఆٛ͢Δɽ

ਤ ଘͷطʹ1.1 BSSͱఏҊ๏ͷؔΛࣔ͢ɽBSSͷੑΛੑͱԻͷࣗવੑͰධՁ͢

Δͱ͖ɼཧతͳ BSS྆࣠ʹ͓͍͍ͯ͜ߴͱ͕·͍͠ɽ1.2.1અͰઆ໌ͨ͠Α͏ʹɼඇઢܗ

BSSͷҰख๏Ͱ͋Δؒ࣌पϚεΫʹͮ͘جख๏ɼੑ͕͍ࣗߴવੑ͍ɽ·ͨɼ

1.2.2અͰઆ໌ͨ͠Α͏ʹɼઢܗ BSSͷҰख๏Ͱ͋Δ IVAɼඇઢܗ͕ݪཧతʹൃੜ͠ͳ͍ͨ

Ίؒ࣌पϚεΫΑΓࣗવੑ͕͍ߴɼऩԻڥʹΑͬͯेͳੑ͕ಘΒΕͳ͍͜

ͱ͕͋Δɽ

ຊڀݚͰɼௌ্ײҧײΛ༩͑Δ͕গͳ͘ɼߴਫ਼ʹԻݯΛ͢ݱ࠶Δ BSSͷ࣮ํݱ๏ͱ͠

ͯɼ2ͭͷΞϓϩʔνΛݕ౼ͨ͠ɽ1ͭͷΞϓϩʔνͰɼ࿈هԱΛ༻͍ͯɼԻݯͰ͋ΔԻ

Β͠͞Λྀ͠ߟͳ͕ΒઢܗྻߦΛਪఆ͢Δɽ۩ମతʹɼࣄલʹԻͷεϖΫτϧΛֶश͞

ͤͨ࿈هԱϞσϧΛ༻͍ͯ৴߸͔ΒԻ৴߸ʢҎ߱ɼࢀর৴߸ͱΑͿʣΛਪఆ͢Δॲཧͱɼ

Γฦ͢ํ๏Λ܁Λิਖ਼͢ΔॲཧΛྻߦܗখͱͳΔΑ͏ʹઢ࠷͕ࠩޡর৴߸ͱ৴߸ͱͷࢀ

ఏҊ͢Δɽ͜͜Ͱɼ৴߸ͷεϖΫτϧʹԻͷফ͠͠ʹΑΓੜ͡ΔͳͲͷ

ϊΠζؚ͕·ΕΔͱԾఆ͠ɼ࿈هԱΛ༻͍ͯͦΕΒͷϊΠζΛऔΓআ͘͜ͱʹΑΓࢀর৴߸Λ

ਪఆ͢Δɽ͢ͳΘͪɼ࿈هԱϞσϧɼDAEͷํ͑ߟΛߏʹߟࢀங͢Δɽ1.2.1Ͱड़ͨΑ͏

ʹɼDAEΛԻݯख๏ʹΈࠐΉࢼΈߦʹطΘΕ͍ͯΔ͕ɼఏҊ๏ઢܗྻߦͷਪఆʹ

༻͍Δͱ͍͏ͰͦΕΒͱҟͳΔɽఏҊ๏ɼಠཱੑͷԾఆ͕ෆཁͰ͋Δ͚ͩͰͳ͘ɼԻ͕ݯ
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Separation performance
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(Nonlinear BSS)

ਤ 1.1: Relation between existing and proposed blind source separation (BSS). TF and SMO

denote time-frequency and separation matrix optimization, respectively.

ੜ͞ΕΔΛԾఆͨ͠ΈͰѻ͏͜ͱ͕͔ͬͨ͠εϖΫτϧͷඍߏࡉͳͲΛྀ͢ߟ

ΔͨΊɼIVA ΑΓߴਫ਼ͳ͕ՄͰ͋ΔͱظͰ͖Δɽ

2ͭͷΞϓϩʔνɼ࿈هԱΛ༻͍ͨઢܗྻߦਪఆ๏ͱඇઢܗ BSSΛΈ߹Θͤͨλ

ϯσϜଓܕԻݯΛఏҊ͢Δɽ·ͣɼ؍ଌ৴߸ʹରͯ͠ඇઢܗ BSSͰ͋Δؒ࣌पϚεΫ

Λద༻͢Δ͜ͱʹΑΓɼྻߦͷਪఆʹෆཁͳΛऔΓআ͘ɽ͜ΕʹΑΓɼྻߦͷਪఆ͕

༰қʹͳΔ͜ͱΛظͰ͖Δɽ͔͠͠ɼؒ࣌पϚεΫΛద༻͢Δ͜ͱʹΑΓඇઢܗ͕ൃੜ

ͯ͠͠·͏ɽͦ͜Ͱɼؒ࣌पϚεΫΛͦͷ··༻͍ΔͷͰͳ͘ɼؒ࣌पϚεΫͷೖग़

ྗ͔ΒઢࣹܗӨྻߦΛٻΊɼྻߦͷॳظͱͯ͠༻͍Δɽ͞Βʹɼ࿈هԱΛ༻͍ͯԻݯΒ

͠͞Λྀ͠ߟͳ͕ΒԻݯΛ͏ߦɽͰड़ͨΑ͏ʹɼؒ࣌पϚεΫΛϏʔϜϑΥʔϛϯά

ͷύϥϝʔλͷਪఆʹ༻͍Δํ๏طʹఏҊ͞Ε͍ͯΔ͕ɼఏҊ๏ԻݯΒ͠͞Λཅʹѻ͍ͬͯ

Δͱ͍͏ͰͦΕΒͱҟͳΔɽ
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ਤ 1.2: Structure of this study.

1.4 ຊจͷߏ

ຊจͷߏҎԼͷ௨ΓͰ͋Δʢਤ 1.2ʣɽ

ୈ 1ষͰɼຊڀݚͷత͓Αͼैདྷڀݚͱͷཱͷҧ͍ʹ͍ͭͯड़ΔͱͱʹɼैདྷͷBSS

ʹ͍ͭͯ֓ͨ͠؍ɽ

ୈ 2ষͰɼຊڀݚΛઆ໌͢Δ্ͰॏཁͱͳΔج൫ٕज़ʹ͍ͭͯ֓͢؍Δɽ·ͣɼϒϥΠϯυԻ

͍ͨ༺पϚεΫΛؒ࣌ຊతͳྲྀΕΛઆ໌͠ɼଓ͍ͯఏҊ๏Ͱ༻͍Δجॲཧͷݯ BSS͓Α

ͼઢܗྻߦΛ༻͍ͨ BSSʹ͍ͭͯ֓͢؍ΔɽಛʹઢܗྻߦΛ༻͍ͨ BSSͰɼICAͱ

IVAͷҧ͍ʹ͍ͭͯ͢ٴݴΔɽICAͰɼपϏϯຖʹ৴߸ؒͷಠཱੑΛධՁ͢ΔͨΊ

ʹɼύʔϛϡςʔγϣϯεέʔϦϯάͱ͍͕ͬͨൃੜ͢ΔɽҰํ IVAͰɼप

ϏϯؒͷؔΛྀ͠ߟͳ͕ΒಠཱੑΛධՁ͢ΔͨΊʹύʔϛϡςʔγϣϯ͕ݪཧతʹൃੜ͠ͳ

͍ͱ͍͏ར͕͋Δɽ͜͜Ͱ͞Βʹɼ࿈هԱϞσϧͱͯ͠ɼRestricted Boltzmann machine
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ʢRBMʣɼAutoencoderʢAEʣɼDenoising autoencoderʢDAEʣɼConvolutional autoencoder

ʢCAEʣɼConvolutional neural networkʢCNNʣʹ͍ͭͯ֓͢؍Δɽ

ୈ 3ষͰɼఏҊ๏ͷΞϧΰϦζϜʹ͍ͭͯड़Δ [58, 59]ɽఏҊ๏ɼ࿈هԱϞσϧΛ༻͍

ΛྻߦܗখͱͳΔΑ͏ʹઢ࠷͕ࠩޡর৴߸ͱ৴߸ͱͷࢀর৴߸Λਪఆ͢Δॲཧͱɼࢀͯ

ิਖ਼͢ΔॲཧͰߏ͞ΕΔɽ͜͜ͰɼͦΕͧΕͷํ๏ʹ͍ͭͯड़Δɽಛʹɼࢀর৴߸ͷਪఆ๏

Ͱɼ࿈هԱϞσϧͱͯ͠ɼDAEɼCNNɼDenoising convolutional autoencoderʢDCAEʣʹ

͍ͭͯઆ໌͢ΔɽDAEɼԻεϖΫτϧʹؚ·ΕΔϊΠζΛऔΓআ͘ͷʹޮՌతͰ͋Δ͜ͱ͕

ΒΕ͓ͯΓɼࡶԻআڈڹѹͳͲʹԠ༻͞Ε͍ͯΔɽ͔͠͠ɼϐονͷྻܥ࣌มԽͳͲͷ

ԻεϖΫτϧͷہॴతͳߏཅʹѻΘΕ͍ͯͳ͍ɽҰํɼCNNɼԻͷεϖΫτϧΛہॴ

తͳύλʔϯͷΈ߹Θͤͱͯ͑͠ߟΔͨΊɼہॴతʹଘ͢ࡏΔϊΠζʹର݈ͯ͠ؤͰ͋Δ͜ͱ

Ͱ͖Δɽ·ͨɼMax-poolingظ͕ [60]ͷॲཧΛ͜͏ߦͱʹΑΓɼϑΟϧλΛޮతʹֶशՄͰ

͋Δͱ͍͏ಛ͕͋Δɽ͔͠͠ɼMax-poolingʹΑΓɼϑΟϧλͷద༻Ґஔͷใ͕ࣦΘΕΔɽͦ

ͷͨΊɼ෮͞ݩΕͨεϖτϧʹݩԻΒ͕͠͞ө͞Εͳ͍Մੑ͕͋ΔɽຊڀݚͰɼ͜ͷ

Λղܾ͢ΔΈͱͯ͠ɼDCAEΛ։ൃͨ͠ɽDCAEɼCNNͱಉ༷ʹԻͷεϖΫτϧ

ΛہॴతͳύλʔϯͷΈ߹Θͤͱͯ͑͠ߟΔͱͱʹɼMax poolingͷߏΛ༗͢ΔɽҰํͰɼ

ϓʔϦϯάॲཧʹΑΓࣦΘΕΔใΛཅʹѻ͍ͳ͕ΒԻΛਪఆ͢ΔɽͦͷͨΊɼݩԻΒ͠͞

Λྀ͠ߟͳ͕ΒԻεϖΫτϧΛਪఆ͢ΔΈͰ͋Δͱ͍͑ΔɽධՁ࣮ݧͰɼೋऀಉൃ࣌

Իͷ͓ΑͼΤίʔআڈͷ࣮ݧΛ͏ߦɽೋऀಉൃ࣌Իͷ࣮ݧͰɼIVAͱఏҊ

๏ͱͰੑΛൺֱ͠ɼԻΒ͠͞Λྀ͢ߟΔ͜ͱͷޮՌΛ͢ূݕΔɽ͜͜Ͱɼ্ड़ͷDAEɼ

CNNɼDCAEͦΕͧΕΛ࿈هԱͱͯ͠༻͍ͨ߹ͷੑΛൺֱ͠ɼఏҊ๏ʹ༻͍Δ࿈هԱϞ

σϧͱͯ͠࠷దͳߏΛݕ౼͢ΔɽΤίʔআڈͷ࣮ݧͰɼಠཱੑͷԾఆཱ͕͠ʹ͍͘ঢ়گʹ

͓͚ΔఏҊ๏ͷ༗ޮੑΛ͢ূݕΔɽIVAͰɼԻݯͷಠཱੑΛԾఆ͍ͯ͠ΔͨΊɼΤίʔ৴߸ͷ

Α͏ʹԻݯʹରͯ͠ಠཱͱ͍ݴ͍৴߸ؚ͕·ΕΔͱ͖ɼੑ͕ྼԽ͢ΔɽҰํɼఏҊ๏

ԻݯͷಠཱੑͷԾఆ͕ෆཁͰ͋ΔͨΊɼͦͷΑ͏ͳঢ়گʹ͓͍ͯՄͰ͋Δ͜ͱ͕ظ

Ͱ͖Δɽ

ୈ̐ষͰɼAMMΛ༻͍ͨઢܗྻߦਪఆ๏ͷલஈʹؒ࣌पϚεΫΛΈ߹Θͤͨλ

ϯσϜଓܕԻݯͷΈΛఏҊͨ͠ɽؒ࣌पϚεΫΛ༻͍ͯɼઢܗྻߦͷਪఆʹ

ෆཁͳΛѹ͢Δ͜ͱͰɼޙଓ͢Δઢܗྻߦͷ࠷దԽ͕͘͢͠ͳΔ͜ͱΛظ͍ͯ͠

Δɽ͔͠͠ɼؒ࣌पϚεΫͷग़ྗʹରͯ͠ྻߦΛద༻͢Δͱɼ৴߸ඇઢܗͷӨ

पϚεΫͷೖྗؒ࣌पϚεΫΛͦͷ··༻͍ΔͷͰͳ͘ɼؒ࣌Λड͚Δɽͦ͜Ͱɼڹ
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͔Βग़ྗͷࣹӨྻߦΛٻΊɼͦͷΛఏҊ๏ʹ͓͚Δྻߦͷॳظͱͯ͠༻͍Δํ๏Λఏ

Ҋͨ͠ɽධՁ࣮ݧͰɼೋऀಉൃ࣌Իʹର͢ΔੑΛௐࠪ͠ɼલஈʹपϚεΫΛ

ΈࠐΉ͜ͱʹΑΓɼఏҊ๏ͷੑ͕վળ͠ɼͷൃੜྔΛ͢ݮΔ͜ͱ͕Ͱ͖Δ͜ͱΛ֬

ೝͨ͠ɽ͞Βʹɼ࿈ଓԻૉೝࣝʹΑΔධՁΛ͍ߦɼఏҊ͢ΔλϯσϜଓܕԻݯ͕࠷͍ߴ

ੑΛࣔ͢͜ͱ֬ೝͨ͠ɽ

ୈ 4ষͰɼఏҊ͢Δઢܗྻߦਪఆ๏ͱؒ࣌पϚεΫʹͮ͘ج BSSΛΈ߹Θͤͨλ

ϯσϜଓܕԻݯΛఏҊ͠ɼ༗ޮੑΛ݁ͨ͠ূݕՌʹ͍ͭͯใ͢ࠂΔ [59]ɽؒ࣌पϚε

ΫΛ༻͍ͯɼઢܗྻߦͷਪఆʹෆཁͳΛࣄલʹѹ͢Δ͜ͱͰɼޙଓ͢Δઢܗྻߦ

ͷ࠷దԽ͕͘͢͠ͳΔ͜ͱ͕ظͰ͖Δɽ͔͠͠ɼؒ࣌पϚεΫͷग़ྗʹରͯ͠ྻߦ

Λద༻͢Δͱɼ৴߸ඇઢܗͷӨڹΛड͚Δɽͦ͜Ͱɼؒ࣌पϚεΫΛͦͷ··༻͍

ΔͷͰͳ͘ɼؒ࣌पϚεΫͷೖग़ྗؔΛදࣹ͢ӨྻߦΛٻΊɼͦͷΛఏҊ๏ʹ͓͚Δ

ྻߦͷॳظͱͯ͠༻͍Δํ๏Λݕ౼͢ΔɽධՁ࣮ݧͰɼೋऀಉൃ࣌Իʹର͢Δ

ੑΛௐࠪ͠ɼલஈʹपϚεΫΛΈࠐΉ͜ͱʹΑΓɼఏҊ๏ͷੑ͕վળ͠ɼͷ

ൃੜྔΛ͢ݮΔ͜ͱ͕Ͱ͖Δ͜ͱΛ֬ೝ͢Δɽ͞Βʹɼ࿈ଓԻૉೝࣝʹΑΔධՁΛ͍ߦɼఏҊ

͢ΔλϯσϜଓܕԻݯ͕Իೝࣝʹ༗ޮͰ͋Δ͜ͱΛ͢ূݕΔɽ

ୈ 5ষͰɼຊڀݚͷ·ͱΊͱޙࠓͷలʹ͍ͭͯड़Δɽ
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ୈ2ষ ज़ٕૅج

ຊষͰຊڀݚΛઆ໌͢Δ্ͰॏཁͱͳΔج൫ٕज़ʹ͍ͭͯ֓͢؍Δɽ·ͣ࠷ॳʹɼԻ৴߸ॲཧ

ͷجຊతͳྲྀΕΛઆ໌͢ΔɽBSSɼؒ࣌ܗʹରͯ͠ํ͏ߦ๏ͱɼؒ࣌ܗΛؒ࣌पදݱʹ

ม্ͨ͠Ͱํ͏ߦ๏ͱ͕ଘ͢ࡏΔɽຊڀݚͰɼ͕ྔࢉܭগͳ͍͜ͱɼֶ श͕ऩଋ͍͢͠ͱ͍͏

Δɽ͍ͦͯ͠༺࠾ͷํ๏ΛऀޙͰ؍ ͜Ͱ·ͣɼ͔ؒ࣌ܗΒؒ࣌पදݱʹม͠ɼؒ࣌ܗ

Λ߹͢Δํ๏ʹ͍ͭͯઆ໌͢Δɽ࣍ʹɼBSSͷٕૅجज़ͱͯ͠ɼઢܗྻߦΛ༻͍ͨํ๏ [40]ɼ

͓Αͼɼؒ࣌पϚεΫΛ༻͍ͨํ๏ [12]ʹ͍ͭͯ֓આ͢Δɽؒ࣌पϚεΫɼඇઢܗBSS

͕ൃੜ͢ΔܗΒΕ͓ͯΓɼతԻҎ֎ͷͷѹੑʹ༏Ε͍ͯΔ͕ɼඇઢ͍༺͍͓ͯ͘ʹ

ͱ͍͏͕͋ΔɽҰํઢܗྻߦΛ༻͍ͨख๏ɼඇઢܗ͕ݪཧతʹൃੜ͠ͳ͍ͱ͍͏༏

Εͨಛ͕͋Δɽޙ࠷ʹɼ࿈هԱϞσϧͱͯ͠ɼRestricted boltzman machineɼAutoencoderɼ

Denoising autoencoderɼConvolutional autoencoderɼConvolutional neural networkΛհ͢Δɽ

2.1 Ի৴߸ॲཧͷྲྀΕ

ਤ 2.1ʹɼؒ࣌पදݱΛ༻͍ͨԻ৴߸ॲཧͷجຊతͳྲྀΕΛࣔ͢ɽ

·ͣɼADมʹΑΓσδλϧԽ͞Εͨ؍ଌ৴߸ͷྻܥ x = {x[i]|i = 0, · · · , Nt − 1}ʹର͠ɼ

ʢShortϑʔϦΤมؒ࣌ time Fourier transform: STFTʣΛద༻͢Δ͜ͱͰɼؒ࣌पදݱͰ

͋ΔεϖΫτϧͷྻܥ࣌X = {X[k, l]|k = 0, · · · , Nω − 1; l = 0, · · · , Nτ − 1} Λ͢ࢉܭΔɽ͜͜Ͱ

NtɼNωɼNτ ͦΕͧΕɼ؍ଌ৴߸ɼࢄपɼࢄϑϨʔϜͷ૯Λද͢ɽ࣍ʹɼXʹର͠

ྻܥ࣌ɼతͷεϖΫτϧͷ͍ߦΛͳͲͷεϖΫτϧͷՃมܗपϚεΫॲཧઢؒ࣌ͯ

X′Λ͢ࢉܭΔɽޙ࠷ʹɼX′ʹରͯ͠ɼٯؒ࣌ϑʔϦΤมʢInverse STFT: ISTFTʣΛద༻͢

Δ͜ͱͰɼՃ͞Εͨؒ࣌ܗ x′ΛಘΔɽ

ʢFourierɼϑʔϦΤมҬ͔ΒपྖҬͷมྖؒ࣌ Transform: FTʣ͕͘༻͍ΒΕ

Δɽ͜Εपظ৴߸ x(t)Λɼແݸݶͷप ωͷෳૉਖ਼ݭͰද͞ݱΕΔجఈۭؒʹࣹӨ͢Δ

ͷͰ͋ΓɼҎࣜͷΑ͏ʹఆٛ͞ΕΔɽ

X(ω) =

∫ ∞

−∞
x(t) exp (−j2πωt)dt , (2.1)
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ਤ 2.1: Procedure of sound signal processing via frequency domain.

|X(ω)| =
√

|Im[X(ω)]|2 + |Re[X(ω)]|2 . (2.2)

∠X(ω) = arctan (Im[X(ω)]/Re[X(ω)]) , (2.3)

|X(ω)|2 = X(ω)X∗(ω)ɽ (2.4)

͜͜ͰɼRe[X(ω)]͓Αͼ Im[X(ω)]ͦΕͧΕɼX(ω)ͷ࣮෦͓Αͼڏ෦Λද͢ɽ·ͨɼ∗ෳૉ

Εɼಛʹɼ|X(ω)|ɼ∠X(ω)ɼ͓Αͼɼ|X(ω)|2ݺΛද͢ɽX(ω)εϖΫτϧͱڞ ͦΕͧΕ

ৼ෯εϖΫτϧɼҐ૬εϖΫτϧɼύϫʔεϖΫτϧͱݺΕΔɽपྖҬ͔Βྖؒ࣌Ҭʹ

͢߹ɼҎԼʹࣔ͢Α͏ͳٯϑʔϦΤมʢInverse Fourier transform: IFTʣΛX(ω)ʹద༻
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͢Δɽ

x(t) =
1

2π

∫ ∞

−∞
X(ω) exp (j2πωt)dω . (2.5)

FT͓Αͼ IFTɼ࿈ଓؒ࣌৴߸ʹ͓͍ͯྖؒ࣌ҬʖपྖҬؒͷมΛ͏ߦɽ͔͠͠ίϯ

ϐϡʔλͰԻΛॲཧ͢Δࡍʹɼx(t)ɼαϯϓϦϯάपظʢαϯϓϦϯάपͷٯʣ1/fs

ඵִؒͰαϯϓϧ͞Εͨσδλϧ৴߸ྻܥ x = {x[i]|i = 0, · · · , Nt − 1} ͱͯ͠ѻΘΕΔɽࢄԽ

͞ΕͨσʔλྻܥΛपྖҬʹม͢ΔࡍʹɼҎԼʹࣔ͢Α͏ͳࢄϑʔϦΤมʢDiscrete

Fourier transform: DFTʣ͕༻͍ΒΕΔɽ

X[k] =
Nt−1∑

i=0

x[i] exp

[
−j2πki

Nt

]
(2.6)

·ͨɼपྖҬ͔Βྖؒ࣌Ҭʹ͢ࡍʹɼҎԼͷΑ͏ͳٯࢄϑʔϦΤมʢInverse DFT:

IDFTʣΛ༻͍Δɽ

x[i] =
1

Nω

Nω−1∑

k=0

X[k] exp

[
j2πki

Nt

]
. (2.7)

߹ʹɼDFT͏ߦΛࢉԋʹࡍ࣮ IDFTΛߴԽͨ͠ߴϑʔϦΤมʢFast Fourier Transform:

FFTʣߴٯϑʔϦΤมʢInverse FFT: IFFTʣ͕͘༻͍ΒΕ͍ͯΔɽ

FFT IFFTͰɼղੳରͷσʔλྻܥΛपظతͳఆৗ৴߸Ͱ͋Δ͜ͱΛલఏͱ͍ͯ͠Δɽ

͔͠͠ԻͳͲͷԻڹ৴߸ɼࠁ࣌ʹΑͬͯप͕มԽ͢Δඇఆৗ৴߸Ͱ͋Δ͜ͱ͕ଟ͍ɽ

ͦ͜Ͱਤ 2.2ʹࣔ͢Α͏ʹɼNdαϯϓϧͷσʔλΛ dαϯϓϧִؒͰΓग़͠ͳ͕ΒɼFFTΛ

ద༻͢Δ STFT͕༻͍ΒΕΔɽ͜ͷͱ͖ɼΓग़ͨ͠ܗͷ୯ҐΛϑϨʔϜɼNdɼdΛͦΕͧΕ

ϑϨʔϜɼϑϨʔϜγϑτͱΑͿɽl൪ͷϑϨʔϜʹ͓͚ΔεϖΫτϧɼ

X[k, l] =
ld+Nd−1∑

n=ld

w(a)[n− ld]x[n] exp

[
−j2πk(n− ld)

Nd

]
, (2.8)

wa[i] = 0.5− 0.5 cos

[
2πi

Nd

]
. (2.9)

ͱ͢ࢉܭΔ͜ͱ͕Ͱ͖Δɽ͜͜Ͱw(a)[n]ੳ૭ͱݺΕΔͷͰɼΓग़ͨ͠ܗͷத৺͕ 1ɼ

͕྆ 0ͱͳΔΑ͏ʹॏΈ͚ͮΔͷͰ͋ΔɽϑʔϦΤมɼΓग़ͨ͠ϑϨʔϜΛɼಉҰϑ

ϨʔϜ͕ແ܁ʹݶΓฦ͞Εͨ [−∞,∞]ͷपظ৴߸ͱΈͳ͢ɽੳ૭Λ͔͚ͣʹϑϨʔϜΛΓग़

ͨ͠߹ʹɼ྆Ͱෆ࿈ଓ͕ੜ͡ΔՄੑ͕͋ΓɼͦͷΑ͏ͳ߹ʹ͓͍ͯɼपྖҬ

ʹ͓͍ͯෆཁͳ͕ൃੜ͢Δɽؒ࣌૭ϑϨʔϜ྆ͷෆ࿈ଓΛղফ͢Δ͜ͱͰɼͦͷΑ͏

ͳӨڹΛ؇͢Δͱ͍͏ޮՌ͕͋Δɽ
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ਤ 2.2: Short time Fourier transform.

Ի৴߸ॲཧͰɼ͜͏ͯ͠ಘΒΕͨεϖΫτϧͷྻܥ࣌ʹରͯ͠ɼઢܗมؒ࣌पϚε

ΩϯάͳͲΛద༻͢Δ͜ͱͰɼεϖΫτϧΛՃ͢ΔɽઢܗมෳૉεϖΫτϧX[k]ΛՃ͢
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ਤ 2.3: Inverse STFT.

Δͷʹର͠ɼؒ࣌पϚεΩϯάͰɼৼ෯εϖΫτϧ |X[k]|ͷΈΛՃ͠ɼҐ૬εϖΫτϧ

∠X[k]ݩ৴߸ͷͷΛͦͷ··༻͍Δɽ͜ΕɼਓؒҐ૬εϖΫτϧΑΓৼ෯εϖΫτϧ

ͷҧ͍ʹහײͰ͋Δͱ͍͏͜ͱʹىҼ͢ΔɽՃͨ͠ৼ෯εϖΫτϧʹରͯ͠߹ੑͷ͋ΔҐ૬

εϖτϧΛಘ͍ͨͳΒɼ৴߸ߏ࠶ங [61]Λ༻͍ͯΑ͍ɽ
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Ճ͞ΕͨεϖΫτϧ͔Βɼؒ࣌ܗ x′ΛಘΔʹɼਤ 2.3ʹࣔ͢Α͏ͳ ISTFTΛ֤ϑϨʔϜ

ͷεϖΫτϧʹద༻͢ΔɽISTFTͰ·ͣɼ֤ϑϨʔϜʹ͓͚ΔεϖΫτϧX′[l]ʹ IFFTΛద༻

͢Δ͜ͱͰɼܗ x′[i]Λ͢ࢉܭΔɽ͜ͷͱ͖ɼϑϨʔϜ྆ͷ࿈ଓੑΛอূ͢ΔͨΊʹ࠶ͼؒ࣌

૭ ws[i]Λ͡Δɽͦͯؒ࣌͠૭Λͨ͡ܗ wa[i]x′[i]Λɼੳ࣌ͷαϯϓϧҐஔʹ͠߹Θͤ

͍ͯ͘ɼܗॏ๏ʢOverlap and add: OAAʣͱݺΕΔॲཧʹΑͬͯՃؒ࣌ͨ͠ܗ x′Λ

߹͢ΔɽNd͓Αͼ dɼΞϓϦέʔγϣϯʹΑͬͯҟͳΔ͕༻͍ΒΕΔ͕ɼՃͨ͠εϖΫ

τϧΛܗʹ͢ࡍʹɼdΛNd/4ҎԼʹ͢ΔͱΑ͍ [62]ɽ

15



2.2 ϒϥΠϯυԻݯ

͜͜ͰɼNm ଌ৴߸͔ΒNs؍ͷݸ ʢNsݯͷԻݸ ≤ NmʣΛ͢ݱ࠶ΔΛྫʹɼઢܗ

Δɽ͢؍͍֓ͯͭʹख๏ͮ͘جʹपϚεΫؒ࣌ख๏͓Αͼɼͮ͘جʹྻߦ

2.2.1 ઢܗͮ͘جʹྻߦख๏

ઢܗͮ͘جʹྻߦԻݯͷతɼԻํݯͳͲͷࣄલใ͕ະͱ͍͏੍ͷԼͰɼࠞ

߹աఔͷӨڹΛऔΓআ͘ઢܗϑΟϧλΛਪఆ͢Δ͜ͱͰ͋Δɽ

n ൪ͷԻݯ৴߸Λ sn = {sn[i]|i = 0, · · · , Nt}ɼm ൪ͷϚΠΫϩϗϯʹ͓͚Δ؍ଌ৴߸

Λ zm = {zm[i]|i = 0, · · · , Nt +Nh}ɼn൪ͷԻ͔ݯΒm൪ͷϚΠΫϩϗϯ·ͰͷΠϯύϧε

ԠΛ hmn = {hmn[i]|i = 0, · · · , Nh}ͱ͢Δͱɼྖؒ࣌Ҭʹ͓͚Δࠞ߹աఔҎԼͷΑ͏ʹॻ͘

͜ͱ͕Ͱ͖Δɽ

zm[i] =
Ns−1∑

n=0

Nh−1∑

d=0

hmn[i]sn[i− d+ 1] (2.10)

͜͜ͰɼNtɼNh؍ଌ৴߸ͷσʔλ͓ΑͼΠϯύϧεԠΛද͢ɽྖؒ࣌Ҭʹ͓͍ͯٯϑΟ

ϧλΛٻΊΔͱ͖ɼॳظ͕࠷దղͷۙͰ͋ΔͳΒऩଋੑ͕อূ͞ΕΔ͕ɼڹͳͲؚ͕·

ΕΔ߹ʹɼ࠷దԽ͕͘͠ͳΔɽ·ͨɼΈࠐΈԋ͕ࢉඞཁͳͨΊ͕ྔࢉܭଟ͘ͳΔɽ

ͦ͜ͰɼzmΛNhΑΓेʹ͍ੳͰ STFT͠ɼࠞ߹աఔΛҎԼͷΑ͏ͳॠࠞ࣌߹Ͱۙ

Δɽ͢ࣅ

Zm[k, l] =
Ns∑

n=1

Hmn[k]Sn[k, l] (2.11)

kɼlࢄप͓ΑͼϑϨʔϜΛද͢ɽ·ͨɼZm[k, l]ɼSn[k, l] ͦΕͧΕ؍ଌ৴߸ͷεϖΫ

τϧͱԻݯͷεϖΫτϧΛɼHmn[k]ୡؔΛද͢ɽ͢ͳΘͪɼपྖҬʹม͢ΔͱΈ

ྀ͢ߟΛڹͰ͖Δɽ·ͨɼΠϯύϧεԠͷӨݮ͕ྔࢉܭඞཁ͕ͳ͘ͳΓɼ͏ߦΛࢉΈԋࠐ

Δඞཁ͕ͳ͘ͳΔͨΊɼϑΟϧλͷਪఆ͕༰қͱͳΔɽ͜͜Ͱɼ؍ଌ৴߸ͷεϖΫτϧΛଋͶͨ

ϕΫτϧΛ Z[k, l] = [Z1[k, l], · · · , ZNm [k, l]]
T ʢTసஔΛද͢ʣɼࠞ߹ྻߦΛ H[k]ͱ͢ΔͱɼԻ

৴߸ͷεϖΫτϧΛଋͶͨϕΫτϧݯ S[k, l] = [S1[k, l], · · · , SNs [k, l]]
TɼҎԼͷΑ͏ͳઢܗม

Δ͜ͱ͕Ͱ͖Δɽ͢ݱͰද

Z[k, l] = H[k]S[k, l] (2.12)

H[k] =

⎡

⎢⎣
H11[k] · · · H1Ns [k]

...
. . .

...

HNm1[k] · · · HNmNs [k]

⎤

⎥⎦ (2.13)
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ઢܗͮ͘جʹྻߦBSSͰɼZ[k, l]ʹରͯ͠ҎԼͷΑ͏ͳઢܗྻߦW[k]ʹΑΔઢܗม

Λద༻͢Δ͜ͱʹΑΓɼग़ྗ৴߸ͷεϖΫτϧΛଋͶͨϕΫτϧY[k, l]=[Y1[k, l], · · ·, YNs [k, l]]
T

ΛٻΊΔɽ͜ͷͱ͖ɼYn[k, l]ਪఆ͞Εͨ n൪ͷԻݯͷεϖΫτϧΛද͢ɽ

Y[k, l] = W[k]Z[k, l] = W[k]H[k]S[k, l] (2.14)

W[k] =

⎡

⎢⎣
W11[k] · · · W1Nm [k]

...
. . .

...

WNs1[k] · · · WNsNm [k]

⎤

⎥⎦ (2.15)

ࣜ (2.14)ʹ͓͍ͯɼW[k] = H−1[k]Ͱ͋ΔͳΒɼԻݯ৴߸Λશʹ͢ݱ࠶Δ͜ͱ͕Ͱ͖Δɽ͢

ͳΘͪH[k]͕طͰ͋ΔͳΒɼٯϑΟϧλΛ༰қʹٻΊΔ͜ͱ͕Ͱ͖Δɽ͔͠͠ɼH[k]ϚΠ

ΫϩϗϯͱԻݯͷҐஔؔऩԻڥʹґଘ͢ΔɽͦͷͨΊɼH[k]Λࣄલใͱͯͭ࣋͜͠ͱ

࣮༻্͍͠ɽ

ͦ͜ͰɼW[k]ͷਪఆʹɼԻ͕ͦݯΕͧΕ౷ܭతʹಠཱͰ͋Δͱ͍͏Ծఆ͕͘༻͍ΒΕΔɽ

W[k] = H−1[k]Ͱ͋ΔͳΒɼ͞Εͨ৴߸·ͨԻݯͱಉ͔͡Βੜ͞Εͨͷͱ͑ߟ

Δ͜ͱ͕Ͱ͖Δɽ͢ͳΘͪɼ͞Εͨ৴߸͕͍ޓʹಠཱͱͳΔΑ͏ͳW[k]ΛٻΊΕΑ͍ɽ͜

ͷ͖ͮجʹ͑ߟɼICA IVA͕͘༻͍ΒΕ͍ͯΔɽ

ICAͰɼग़ྗ৴߸ͷεϖΫτϧ Yn[k, l]͕͍ޓʹಠཱͱͳΔΑ͏ͳW[k]Λप͝ͱʹ

ਪఆ͢Δɽ۩ମతʹɼҎԼͷࣜΛຬͨ͢ Ŵ[k]Λਪఆ͢Δɽ

Ŵ[k] = argmin
W[k]

KL
(
p(Y1[k, l], · · · , YNs [k, l])||ΠNs

n=1p(Yn[k, l])
)

= argmin
W[k]

− log |det(W[k])|−
Ns∑

n=1

E[log p(Yn[k, l])]

+ Const. (2.16)

͜͜Ͱp(·)ɼdet(·)͓ΑͼKL(p||q)ͦΕͧΕԻݯͷࣄલɼࣜྻߦΛٻΊΔ͓ؔΑͼKullback-

LiblerใྔΛද͢ɽKL(p||q)ɼ q͔Β pͷڑΛਤΔईͰ͋Γɼpͱ q͕Ұக͢

Δͱ͖ʹ 0ͱͳΔɽ͢ͳΘͪࣜ (2.16)͕ 0ʹͳΔͷɼಉ֬࣌ p(Y1[k, l], · · · , YNs [k, l])ͱɼ֤Ի

ͷੵΠNs֬ݱͷग़ݯ
n=1p(Yn[k, l]) ͕Ұக͢Δ߹Ͱ͋Γɼ͢ͳΘ֤ͪԻ͕ݯ౷ܭతʹಠཱͰ͋Δ

߹Ͱ͋ΔɽಠཱੑͷධՁΛͨ͏ߦΊʹԻݯͷΛԾఆ͢Δඞཁ͕͋Γɼۂઢ༨ݭϥϓ

ϥεͳͲ͕Α͘༻͍ΒΕΔɽ

Ŵ[k]Λղͨ͘Ίͷํ๏ͱͯ͠ɼࣗવޯ๏ [63]ɼิॿؔ๏ [64]ͳͲ͕ఏҊ͞Ε͍ͯΔɽࣗવ

ޯ๏ɼࣜ (2.16)͔Β͞ࢉܭΕΔޯΛ∆W[k]Λɼྻߦͷ֤جఈ͕ுΔۭؒʹ͓͚Δޯ

ʹ֦ு্ͨ͠Ͱɼޯ๏ʹΑΓ Ŵ[k]Λਪఆ͢Δɽ҆ఆͨ͠ऩଋੑ͕อূ͞ΕΔҰํͰɼֶश
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ֶशճͳͲͷνϡʔχϯά͕ඞཁͱͳΔɽิॿؔ๏ɼతؔ J(θ)Λ࠷খԽ͢

ΔΘΓʹɼJ(θ) = minη Q(θ, η)Λຬͨؔ͢ʢิॿؔʣΛ࠷খԽ͢Δ͜ͱʹΑΓɼύϥϝʔ

λ θΛਪఆ͢Δɽ͜ͷํ๏ʹΑΓɼνϡʔχϯάύϥϝʔλͷઃఆΛ͜͏ߦͱͳ͘ɼ҆ఆͨ͠ੑ

͕อূ͞ΕΔɽ

ICAʹΑΓ෮͞ݩΕΔ৴߸͍ޓʹಠཱͰ͋Δ͜ͱ͕ظͰ͖ΔɽҰํͰɼग़ྗ৴߸ͷॱ൪ͷ

ෆఆੑͷʢύʔϛϡςʔγϣϯʣେ͖͞ͷෆఆੑͷʢεέʔϦϯάʣ͕͋Δɽ

͜ΕΒͷʹΑΓपؒͷෆ߹͕ൃੜ͠ɼੑ͕ྼԽ͢ΔɽͦͷͨΊɼྻߦΛٻ

ΊͨޙʹͦΕΒΛղফ͢ΔͨΊͷޙॲཧ͕ඞཁͱͳΔ [44, 46]ɽ

ύʔϛϡςʔγϣϯΛղܾ͢ΔͨΊͷํ๏ͱͯ͠ɼICAΛ֦ுͨ͠ IVA͕ఏҊ͞Ε͍ͯΔɽ

IVAɼग़ྗ৴߸ͷεϖΫτϧͷϕΫτϧYn[l]=[Yn(1, l), · · ·, Yn(Nω, l)]T ಠཱͱʹ͍ޓ͕

ͳΔΑ͏ͳW[k]ΛٻΊΔɽ۩ମతʹɼҎԼͷࣜΛຬͨ͢ Ŵ[k]ΛٻΊΔɽ

Ŵ[k] = argmin
W[k]

KL
(
p(Y1[l], · · · ,YNs [l])||ΠNs

n=1p(Yn[l])
)

= argmin
W[k]

−
Nk−1∑

j=0

log |det(W[j])|−
Ns∑

n=1

E[log p(Yn[l])]

+ Const. (2.17)

͜͜ͰɼNK  FFTΛද͢ɽŴ[k]ͷਪఆ ICAͱಉ༷ʹɼࣗવޯ๏ิॿؔ๏ʹΑΓߦ

͏ɽIVAͰɼp(·)ͱͯ͠पؒͷؔΛྀͨ͠ߟଟݩ࣍ΛԾఆ͢ΔͨΊɼपؒͷ߹

ੑอূ͞ΕΔɽͦͷͨΊɼύʔϛϡςʔγϣϯ͕ൃੜ͠ͳ͍ͱ͍͏ར͕͋ΔɽεέʔϦ

ϯάʹରͯ͠ɼ࠷খఆཧʢminimal distortion principle: MDPʣ͕Α͘༻͍ΒΕ͍ͯΔɽ

MDPͰW[k]͕ਖ਼ํྻߦͷͱ͖ɼԼࣜͷΑ͏ͳૢ࡞ʹΑΓɼεέʔϧΛਖ਼نԽ͢Δɽ

W[k] ← diag
(
W−1[k]

)
W[k] , (2.18)

͜͜Ͱɼdiag(·)ඇର֯ཁૉΛ 0ʹஔ͖͑Δૢ࡞Λද͢ɽW[k]͕ਖ਼ํྻߦͰͳ͍ͱ͖ʹɼ

W−1[k]ͷ͔ΘΓʹɼW[k]ͷٖྻߦٯࣅΛ༻͍ΕΑ͍ɽMDPʹΑΓ֤पʹ͓͚Δग़ྗ

ਖ਼نԽ͞ΕΔ͕ɼਖ਼نԽ͞Εͨεέʔϧ؍ଌ৴߸ʹґଘ͓ͯ͠ΓɼΑΓਖ਼֬ʹԻݯΛ͢ݱ࠶Δ

ͨΊͷྀ͕ߟඞཁͰ͋Δɽ

2.2.2 ख๏ͮ͘جʹपϚεΫؒ࣌

֎पͷΈΛ௨աͤ͞ɼͦΕҎؒ࣌Δ͢ࡏతʹଘࢧ͕ݯपϚεΫɼతԻؒ࣌

ͷΛऔΓআ͘ඇઢܗͷϑΟϧλͰ͋Δɽ͜ΕɼԻͷεϖΫτϧओཁͳ͕ૄʹදΕɼ
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ਤ 2.4: Example of simultaneous speech spectrum. In this case, two speakers uttered difference

vowel of /a/ and /i/ simultaneously.

֤पʹ͓͍ͯ̍ͭͷࢧతͳԻݯͷͷΈ͕ଘ͢ࡏΔͱ͍͏εύʔεੑͷԾఆʹͮ͘جɽ

εύʔεੑͷԾఆཱ͕͍ͯ͠ΔྫΛਤ 2.4ʹࣔ͢ɽ͜Εɼೋਓͷஉऀ͕ಉ࣌ʹҟͳΔ

Իʢ/a/ɼ/i/ʣΛൃͨ͠ͱ͖ͷύϫʔεϖΫτϧΛॏͶͯදࣔͨ͠ͷͰ͋Δ͕ɼ/i/ͷओཁͳ

 400 HzҎԼͷൣғͰૄʹଘ͍ͯ͠ࡏΔͷʹର͠ɼ/a/ͷओཁͳ 100 Hz͔Β 1300 Hz

ͷൣғͰૄʹଘ͍ͯ͠ࡏΔɽ·ͨ/a/ͱ/i/ͦΕͧΕͷओཁͳ͕ॏͳΔ͜ͱكͰ͋Γɼॏͳͬ

ͨͱͯ͠Ұํͷ͕ࢧతͰ͋Δ༷ࢠΛ֬ೝ͢Δ͜ͱ͕Ͱ͖Δɽ͜͜Ͱ՝ͱͳΔͷɼ࣌

ؒपϚεΫΛͲͷΑ͏ʹઃ͢ܭΔ͔ͱ͍͏͜ͱͰ͋Δɽ

ಉൃ࣌Ի͞Εͨ 2ͭͷ৴߸Λ 2ͭͷϚΠΫϩϗϯͰ؍ଌ͠ɼҐ૬ࠩʖৼ෯ൺͷೋݩ࣍ͷώετ

άϥϜΛ࡞͢ΔͱɼԻݯ͚ͩͷϐʔΫ͕ଘ͠ࡏɼ֤ԻݯͦΕͧΕͷϐʔΫۙʹݱ

ΕΔ [17]ɽͦ͜Ͱɼͦ͜Ͱ؍ଌ৴߸͔ΒԻڹಛΛநग़͠ɼԻڹಛΛΫϥελϦϯά͢Δ͜ͱ

ʹΑΓɼ֤ TFϏϯ͕ॴଐ͢ΔԻݯΛௐΔͱ͍͏ํ๏͕ͱΒΕΔɽ

Z[k, n]=[Z1[k, l], · · · , Zm[k, l]]Λ؍ଌ৴߸ɼψ(Z[k, n])Λৼ෯ൺҐ૬ࠩͳͲΛද͢εϖΫτϧ

ಛɼͦͯ͠ P (n|ψ(Z[k, l]))Λɼn൪ͷԻ͕ݯ (k, l)൪ͷؒ࣌पϏϯʹׂΓৼΒΕΔޙࣄ

֬ͱ͢Δͱɼi൪ͷԻݯΛநग़͢Δؒ࣌पϚεΫMn[k, l]ɼҎԼͷΑ͏ʹઃ͞ܭΕΔɽ

Mn[k, l] =

{
1 if argmaxj P (j|ψ(Z[k, l])) = n

0 otherwise,
(2.19)

ΫϥελϦϯάΛࡍ͏ߦͷಛͱͯ͠ɼϊϧϜͰਖ਼نԽͨ͠ৼ෯ൺͱҐ૬ࠩΛΈ߹Θͤͨಛ
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 [19]ͳͲɼ༷ʑͳͷ͕ఏҊ͞Ε͍ͯΔɽ͜͜Ͱɼจݙ [12]Ͱ༻͍ΒΕ͍ͯΔΑ͏ʹɼҎԼ

ʹࣔ͢Α͏ͳϊϧϜͰਖ਼نԽͨ͠؍ଌ৴߸ϕΫτϧΛ༻͍Δɽ

ψ(Z[k, l]) =
Z[k, l]

||Z[k, l]|| (2.20)

Ҏ߱Ͱɼψ(Z[k, l])Λ xͱఆٛ͢Δɽ

͜ͷΑ͏ͳಛʹରͯ֬͠ޙࣄ P (n|x)Λ͢ࢉܭΔͨΊʹɼෳͷෳૉਖ਼نΛࠞ߹ͨ͠

֬ີ͕༻͍ΔɽP (n|x)ҎԼͷΑ͏ʹఆٛ͞ΕΔɽ

P (x;ai,σi) =
Ns∑

i=1

αi
1

(πσ2
i )

Nm−1
exp

(
− ||x− ai||2

σ2
i

)
(2.21)

Ns∑

i=1

αi = 1 , (2.22)

͜͜Ͱɼαi, ai, σ2
i ͦΕͧΕɼࠞ߹ॏΈɼi൪ͷਖ਼نʹର͢Δฏ͓ۉΑͼࢄΛද͢ɽ͜

ΕΒͷύϥϝʔλɼEMΞϧΰϦζϜ [65]Λ༻͍ͯਪఆ͞ΕΔɽࣜ 2.21ʹࣔ֬͢ີΑ

Γɼ֬ޙࣄҎԼͷΑ͏ʹ͞ࢉܭΕΔɽ

P (n|x;ai,σi) =
P (x; ai,σi)∑Ns
j=1 P (x;aj ,σj)

, (2.23)

ͳ͘ҰͭͷϞσϧΛ༻͍ͯΫϥελϦϯά͢ΔͳΒɼύʔϛϡςʔγϣϯपؔؒ࣌

ൃੜ͠ͳ͍ [19]ɽ͔࣮͠͠ࡍͷڥͰɼୡؔͷಛੑपຖʹҟͳ͍ͬͯΔɽͦ

ͷͨΊɼप͝ͱʹΫϥελϦϯάΛ্ͨͬߦͰɼύʔϛϡςʔγϣϯΛଗ͑Δํ๏͕༻͍Β

Ε͍ͯΔ [12]ɽ

,पϚεΫMn(ωؒ࣌ τ)Λ༻͍Δͱɼn൪ͷԻݯͷεϖΫτϧҎԼͷΑ͏ʹ͞ࢉܭΕΔɽ

Yn[k, l] = Mn[k, l]Zn[k, l] . (2.24)

ਤ 2.5ʹɼؒ࣌पϚεΫΛ༻͍ͨॲཧͷྫΛࣔ͢ɽ͜ͷྫͰɼ؍ଌ৴߸ͷεϖΫτ

ϧ (a)ΑΓతԻͷεϖΫτϧ (b)Λ͢ݱ࠶ΔɽʢaʣΑΓઃ͞ܭΕͨؒ࣌पϚεΫ (c)Λɼ؍

ଌ৴߸ͷεϖΫτϧΛద༻͢ΔͱɼഎࡶܠԻԻͳͲͷෆཁͳ͕औΓআ͔Ε͍ͯΔ༷ࢠ

͕֬ೝͰ͖Δ (d)ɽҰํͰɼతԻ͕ଘ͢ࡏΔ෦͕աʹফ͞Εͯ͠·͍ͬͯΔ༷ࢠ֬ೝͰ͖

Δɽ͜ͷΑ͏ͳɼԻ࣭ΛྼԽͤ͞ΔཁҼͱͳΔɽ
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(d) Separated signal

ਤ 2.5: Example of logarithmic power spectra when the time-frequency (TF) masking is applied.
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2.3 ࿈هԱϞσϧ

ύλʔϯAΛೖྗͨ͠ࡍʹύλʔϯBΛ͢ىΔͱ͍͏ؔΛهԱ͠ɼAʹྨ͢ࣅΔҙͷೖ

ྗύλʔϯA’ʹରͯ͠ɼBʹྨ͢ࣅΔύλʔϯΛग़ྗ͢ΔϞσϧΛ࿈هԱϞσϧͱݺͿɽݹయ

తͳ࿈هԱϞσϧͱͯ͠ɼ1980ॳ಄ʹ HopfildΒ͕ఏҊͨ͠ϗοϓϑΟʔϧυωοτϫʔ

Ϋ (Hopfield-type associative memory) ΒΕΔɽϗοϓϑΟʔϧυωοτϫʔΫͷ֤Ϣ͛ڍ͕[66]

χοτͷग़ྗɼ0͔ 1͔ͷೋ͕ܾఆతʹܾఆ͞ΕΔ͕ɼֶशΛہʹࡍ͏ߦॴղͷ͕ൃੜ

͢Δɽ͜ͷΛղܾ͢ΔͨΊʹɼ֤Ϣχοτ͕֬తʹܾఆ͞ΕΔΑ͏֦ுͨ͠ Boltzmann

machine (BM) [67]͕ఏҊ͞Ε͕ͨɼBMશ݁߹ͷωοτϫʔΫͰ͋ΔͨΊɼֶश͕͍͠ͱ͍

͏͕͋ͬͨɽͦ͜ͰɼֶशΛ༰қʹͨ͏ߦΊʹɼՄࢹɾӅΕͷ෦݁߹͠ͳ͍ͱ͍͏

੍ΛՃ͑ͨRBM [68]͕ఏҊ͞Ε͍ͯΔɽRBMͷ֤Ϣχοτͷग़ྗ͕֬ʹै͏͕ɼ֤Ϣ

χοτͷग़ྗ͕ܾఆతʹܾఆ͞ΕΔχϡʔϥϧωοτϫʔΫͱͯ͠ Autoencoder (AE) [69]͕

͋ΔɽAEͷओͳ֦ுͱͯ͠ɼDenoising Autoencoder (DAE) [28]ɼConvolutional autoencoder

(CAE) [70] ͕ఏҊ͞Ε͍ͯΔɼDAEͰɼೖྗύλʔϯʹϊΠζΛՃ͑Δ͜ͱʹΑΓɽϊΠζʹ

ର݈ͯ͠ؤͳ࿈هԱ͕࣮͞ݱΕΔɽCAEͰɼೖྗύλʔϯΛɼہॴతͳύλʔϯͷΈ߹Θ

ͤͱͯ͠ΈΔ͜ͱͰɼೖྗύλʔϯͷہॴతͳಈ͖Λྀ͢ߟΔ͜ͱ͕Ͱ͖ΔɽCAE CNN [71]

ʹ͓͚ΔΈࠐΈʹ͓͚ΔॏΈͷॳظͱͯ͠༻͍Δ͜ͱ͕Ͱ͖Δɽ͜͜Ͱɼ࿈هԱϞσ

ϧͱͯ͠ɼRBMɼAEɼDAEɼCAEɼCNNʹ͍ͭͯհ͢Δɽ

2.3.1 Restricted Boltzmann machine

RBMɼՄࢹͱӅΕͰߏ͞ΕΔ࿈هԱܕωοτϫʔΫͰ͋ΓɼՄࢹɾӅΕͷϊʔ

υ͕ 0·ͨ 1ͷ 2ఆٛ͞ΕΔ߹ Bernoulli-Bernoulli RBM (BB-RBM)ɼՄࢹͷϊʔ

υ͕࣮͔ͭӅΕͷϊʔυ͕ 0·ͨ 1ͷ 2Ͱఆٛ͞Εͨ߹ Gaussian-Bernoulli RBM

(GB-RBM)ͱΑΕΔɽBMͷํ͑ߟΛ౿ऻ͍ͯ͠Δͷͷɼਤ 2.6ʹࣔ͢Α͏ʹɼʮՄࢹͱӅ

Εͷؒʹແࢦͷґଘ͕ؔ͋Δͷͷɼ֤෦Ͱґଘ͕ؔଘ͠ࡏͳ͍ʯͱ͍͏ߏͷ

੍ΛՃ͑Δ͜ͱʹΑΓɼBMʹ͓͚ΔֶशࠔੑΛղܾ͍ͯ͠Δɽ·ͨɼิؒྗʹ༏ΕΔͱ

͍͏རΛͭ࣋ɽ

Մࢹ͓ΑͼӅΕͷϊʔυͷू߹ΛͦΕͧΕ v = {vn|1 ≤ n ≤ N}ɼh = {hm|1 ≤ m ≤ M}

ͱఆٛ͢Δͱ͖ɼRBMɼಉ֬࣌ p(v,h)ΛҎԼͷ Boltzmannʹै͏֬ϞσϧͰදݱ

22



!" !# !$%" !$!" #$%$&'()'*+(,

&" &$!" -$..(/)'*+(,

0/12.$/3 4(12.$/3

ਤ 2.6: Restricted Boltzmann Machineɽ

͢Δɽ

p(v,h) =
1

Z(v,h)
exp (−E(v,h)) (2.25)

Z(v,h) =
∑

v

∑

h

exp (−E(v,h)) (2.26)

E(v,h)ΤωϧΪʔؔͱΑΕɼRBMͷछྨʹΑͬͯҟͳΔ͕ؔఆٛ͞ΕΔɽ۩ମతʹ

BB-RBMͰɼ

E(v,h) = −
N∑

n=1

vnbn −
M∑

m=1

hmcm −
M∑

m=1

N∑

n=1

wnmhmvn (2.27)

GB-RBMͰɼ

E(v,h) =
N∑

n=1

(vn − bn)
2

2σn2
−

M∑

m=1

hmcm −
M∑

m=1

N∑

n=1

wnmhmvn
σn

(2.28)

ͷΑ͏ʹఆٛ͞ΕΔɽ͜ͷͱ͖ɼbnɼcmόΠΞεɼwnmɼn൪ͷϊʔυͱm൪ͷϊʔυ

ؒͷ݁߹ॏΈΛද͢ɽ·ͨɼσ2
nՄࢹͷ n൪ͷϊʔυʹ͓͚ΔࢄΛද͢ɽBB-RBMʹ͓

͚Δ֬ޙࣄ p(vn|h)ɼp(hm|v)ɼͦΕͧΕҎԼͷΑ͏ʹ͞ࢉܭΕΔɽ

p(vn|h) = sigmoid

(
M∑

m=1

wnmvn + cn

)
(2.29)

p(hm|v) = sigmoid

(
N∑

n=1

wmnvn + bm

)
(2.30)

͜͜Ͱɼsigmoid(·)ҎԼʹࣔ͢Α͏ͳγάϞΠυؔΛද͢ɽ

sigmoid(x) =
1

1 + exp(−x)
(2.31)

GB-RBMʹ͓͚Δ֬ޙࣄ p(vn|h)ɼp(hm|v)ɼͦΕͧΕҎԼͷΑ͏ʹ͞ࢉܭΕΔɽ

p(vn|h) = Norm

(
vi;

M∑

m=1

wnmhm + cn,σ
2

)
(2.32)
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p(hm|v) = sigmoid

(
N∑

n=1

wmnvn + bm

)
(2.33)

্ࣜͷ͏ͪɼNorm(·)ਖ਼نΛද͢ɽՄࢹ͔ΒӅΕͷɼೖྗ vΛM ϏοτͰද

ྻܥ߸ΕΔූ͞ݱ hʹΤϯίʔυ͢ΔաఔɼӅΕ͔ΒՄࢹͷɼh͔Β vσίʔυ

͢ΔաఔͰ͋Δͱղऍ͢Δ͜ͱ͕Ͱ͖Δɽ

BB-RBM͓ΑͼGB-RBMʹ͓͍ܾͯఆ͢Δ͖ύϥϝʔλɼͦ ΕͧΕɼθ(BB) = (wnm, bn, cm)

͓Αͼ θ(GB) = (wnm, bn, cm,σ2)ͱͳΔɽGB-RBMΛֶश͢Δࡍͷೖྗσʔλ v ͷฏ͓ۉΑͼ

ΕͧΕ͕ͦࢄ 0͓Αͼ 1ͱͳΔΑ͏ʹඪ४Խ͢Δͱɼσ2 = 1ͱஔ͖͑Δ͜ͱ͕Ͱ͖Δɽ͢ͳΘ

ͪɼGB-RBMʹ͓͍ܾͯఆ͢Δ͖ύϥϝʔλɼθ(RB) = (wnm, bn, cm) ͱͳΓ θ(BB)ͱҰக͢

ΔɽҎ߱Ͱɼֶशσʔλඪ४Խ͞ΕͨͷΛ༻͍Δ͜ͱͱ͠ɼθ(RB)͓Αͼ θ(BB)Λ θͱهड़

͢Δɽ࠷ऴతͳύϥϝʔλɼֶशσʔλ͕ೖྗ͞Εͨࡍͷରؔ L(θ)Λ࠷େͱ͢Δͷ

͕બΕΔɽରؔ L(θ)ɼҎԼͷΑ͏ʹఆٛ͞ΕΔɽ

L(θ) =
∑

v

(
∑

h

log p(v,h; θ)

)
q(v)

=
∑

v

(
log

∑

h

exp (−E(v,h; θ))

)
q(v)− logZ(v,h; θ) (2.34)

্ࣜʹ͓͍ͯɼq(v)؍ଌσʔλͷΛࣔ͢ɽ͜͜Ͱɼʢ2.34ʣࣜΛύϥϝʔλ θʹؔͯ͠ภඍ

͢ΔͱɼҎԼͷΑ͏ʹม͞ܗΕΔɽ

∂L(θ)

∂θ
=

∑

v

(
log

∑

h

∂

∂θ
E(v,h; θ)

exp (−E(v,h; θ))∑
h exp (−E(v,h; θ))

)
q(v)

− ∂

∂θ
logZ(v,h; θ)

= −
∑

v

∑

h

(
∂

∂θ
E(v,h; θ)

)
p(v|h; θ)q(v)

+
∑

v

∑

h

(
∂

∂θ
E(v,h; θ)

)
p(v,h; θ) (2.35)

্ࣜͷୈҰ߲ɼσʔλʹର͢ΔظΛද͠ɼֶशσʔλΛ༻͍ͯ༰қʹ͕ࢉܭՄͰ͋

ΔɽҰํɼୈೋ߲Ϟσϧʹର͢ΔظΛද͠ɼϚϧίϑ࿈ϞϯςΧϧϩ๏ (MCMC) ͳ

ͲΛ༻͍ͯ͢ࢉܭΔඞཁ͕͋ΔɽͦͷͨΊɼύϥϝʔλਪఆ͢ΔͨΊʹଟେͷ͕ࢉܭඞཁͱͳ

ΔɽྔࢉܭΛ͢ݮΔͨΊͷҰͭͷख๏ͱͯ͠ɼRBMͰද͢ݱΔϞσϧͱσʔλͷؒʹ

ؔ࿈͕͋ΔͱԾఆ͠ɼσʔλΛॳظͱ༻͍ͨ Contrastive Divergence (CD) ๏ [72] ͱݺ

ΕΔֶशํ๏͕ఏҊ͞Ε͍ͯΔɽAlgorithm 1ʹɼCD๏ʹΑΔύϥϝʔλਪఆͷྲྀΕΛࣔ͢ɽ
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Algorithm 1 Contrastive Divergence

1: Initialize model parameters θ = (wmn, bn, cm).

2: Estimate ĥ(t) using a posterior probability distribution p(h|v), where v represent training

data.

3: Estimate ṽ(t) using a posterior probability distribution p(v|ĥ(t)).

4: Estimate h̃(t) using a posterior probability distribution p(h|ṽ(t)).

5: Update θ as follows, where µ denotes learning rate:

w(t)
nm = w(t−1)

nm + µ(vnĥ
(t)
m − ṽ(t)n h̃(t)m ) (2.36)

b(t)n = b(t−1)
n + µ(vn − ṽ(t)n ) (2.37)

c(t)m = c(t−1)
m + µ(ĥ(t)m − h̃(t)m ) (2.38)

6: repeat from 2: to 5: until parameter update is converged.

ରύϫʔεϖΫτϧͷΑ͏ʹ࿈ଓͷσʔλΛ༻͍Δ߹ʹɼՄࢹʹ࣮Λఆ͍ͯ͠

ΔGB-RBMΛ࠾༻͢Δ͜ͱ͕·͍͠ɽ͜ͷͱ͖ɼೖྗ xʹର͢Δਪఆ yҎԼͷΑ͏ʹܭ

ΕΔɽ͞ࢉ

y = WTh+ c (2.39)

h = sigmoid(Wx+ b) (2.40)

T సஔΛද͠ɼbɼcͦΕͧΕ bmɼcnΛཁૉʹͭϕΫτϧɼW vn͔Β hmͷॏΈwmn

ΛཁૉʹͭྻߦΛද͢ɽ

2.3.2 Autoencoder

AEɼਤ 2.7ʹࣔ͢Α͏ʹɼதؒͷϊʔυ͕ೖྗͷϊʔυΑΓগͳ͍࠭ܕܭ࣌ͷߏ

Λͭ Feed-forwardܕͷχϡʔϥϧωοτϫʔΫʹΑΓ߃ࣸ૾Λ͏ߦɽதؒʹ͓͍ͯೖྗ

͞Εͨσʔλͷநද͕ݱநग़͞ΕΔ͜ͱΛظ͓ͯ͠Γɼೖྗ͔ΒதؒͷաఔΛதؒදݱ

ͷΤϯίʔυɼத͔ؒΒग़ྗͷաఔΛதؒද͔ݱΒͷσίʔυͱղऍ͢Δ͜ͱ͕Ͱ͖Δɽ

ೖྗɼதؒɼग़ྗͷϊʔυΛͦΕͧΕɼv = {vn|1 ≤ n ≤ N}ɼh = {hm|1 ≤ n ≤ N}ɼ

o = {on|1 ≤ n ≤ N}ͱ͢Δͱɼ࣍ͷΑ͏ͳཱ͕ؔ͢Δɽ

h = f(W(E)v + b) (2.41)

o = W(D)h+ c (2.42)
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ਤ 2.7: Autoencoderɽ

bɼcɼhɼoʹ͓͚ΔόΠΞεΛɼW(E)͓ΑͼW(D)ͦΕͧΕɼvn͔Β hmͷॏΈ w(E)
mn

Λཁૉʹͭྻߦɼ͓Αͼɼhm͔Β onͷॏΈw(D)
nm ΛཁૉʹͭྻߦΛࣔ͢ɽf(·)ඇઢؔܗ

Λද͠ɼγάϞΠυؔ tanhؔͳͲ͕༻͍ΒΕΔɽ

AEͷύϥϝʔλ θ = {W(D),W(E),b, c}ɼٯࠩޡ๏ [73]ʹΑΓֶश͢Δɽٯࠩޡ

๏Ͱɼ·ֶͣशσʔλΛೖྗ͔Βग़ྗ·Ͱͤ͞ɼϞσϧͷग़ྗͱࢣڭσʔλͱͷࠩޡ

J(θ)Λ͢ࢉܭΔɽ͜ͷͱ͖ɼࢣڭσʔλೖྗσʔλ͕༩͑ΒΕΔɽ·ͨɼJ(θ)తؔͱݺ

ΕΔɽͦͯ͠ɼؔࠩޡͷΛग़ྗ͔Βೖྗʹஞ࣍తʹͤ͞ɼ֤ͷύϥϝʔλͷ

ΛɼԼࣜʹ͍֬ͨͮجత߱Լ๏ʹΑΓิਖ਼͢Δɽ

θ(t) ← θ(t−1) − µ
∂

∂θ
J(θ) (2.43)

J(θ)ͱͯ͠ɼҎԼʹࣔ͢Α͏ͳɼೖग़ྗσʔλؒͷೋؔࠩޡ͕͘༻͍ΒΕΔɽ

J(θ) =
1

2

N∑

n

||vn − on||2

=
1

2

N∑

n=1

∣∣∣∣∣

∣∣∣∣∣vn −
M∑

m=1

w(D)
nm f

(
N∑

n=1

w(E)
mnvn + bm

)
− cn

∣∣∣∣∣

∣∣∣∣∣

2

(2.44)

AEΛֶश͢ΔࡍʹɼW(E) = (W(D))
T
ͷ੍ʢ”tied weights”ʣΛՃ͑ΔͱɼωοτϫʔΫߏ

ͱͯ͠RBMʹྨ͢ࣅΔɽ͔͠͠ɼRBMϞσϧʹର͢Δͷ࠷େԽΛతؔʹ͍ͯ͠Δ

ͷʹର͠ɼAutoencoderೖग़ྗͷೋࠩޡͷ࠷খԽΛతؔʹ͍ͯ͠Δͱ͍͏ͰҟͳΔɽ
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Algorithm 2 Greedy Layer-wise training for deep denoising autoencoder

Require: weight matrix and bias vector on n-th layer, W(n) and b(n), #layers N

1: Update W(1) and b(1) with contrastive divergence method assuming that first layer as

GB-RBM.

2: Calculate output of the first layer h(1) using W(1) and b(1) .

3: for i=2:N/2

4: Update W(i) and b(i) with contrastive divergence method assuming that i-th layer and

h(i−1) as BB-RBM and input.

5: Calculate output of the first layer h(i) using W(i) and b(i) .

6: end for

7: for j=1:N/2− 1

8: W(N/2+j) ← W(N/2−j)T (T denotes transposition)

9: b(N/2+j) ← b(N/2−j)

10: end for

11: Update all parameters of denoising autoencoder using back propagation method.

2.3.3 Denoising autoencoder

DAE AEͷ֦ுͰ͋ΓɼϊΠζʹΑΓΜͩ৴߸ ṽ = d(v)ʢd(·)ϊΠζΛॏ͢Δؔʣ

Λೖྗͱ͠ɼϊΠζ͕আ͞ڈΕͨ৴߸ vΛग़ྗ͢ΔɽAEΑΓࡶԻʹର݈ͯ͠ؤͳ࿈هԱͷ࣮

ɽ͜ͷͱ͖ͷతؔ͏ߦ๏ʹΑΓٯࠩޡͰ͖ΔɽAEͱಉ༷ʹɼύϥϝʔλͷֶशظ͕ݱ

ҎԼͷΑ͏ʹɼṽΛೖྗͨ͠ࡍͷग़ྗ oͱΫϦʔϯ৴߸ vͱͷೋࠩޡͱͯ͠ఆٛ͞ΕΔɽ

J(θ) =
1

2

N∑

n

||vn − on||2

=
1

2

N∑

n=1

∣∣∣∣∣

∣∣∣∣∣vn −
M∑

m=1

w(D)
nm f

(
N∑

n=1

w(E)
mnd(vn) + bm

)
− cn

∣∣∣∣∣

∣∣∣∣∣

2

(2.45)

DAEɼதؒͷΛ૿͢͜ͱʹΑΓɼදݱྗΛ૿͢͜ͱ͕Ͱ͖Δɽ͔͠͠ɼதؒ

ͷ͕ଟ͍χϡʔϥϧωοτϫʔΫΛٯࠩޡ๏Ͱֶश͢Δࡍʹɼ“vanishing gradient”ͱ

ఠ͞Ε͍ͯΔɽ͜ͷղܾ͢ΔͨΊͷࢦʹΑΓɼֶश͕͏·͘Ͱ͖ͳ͍ͱ͍͏͕ݱΕΔݺ

ํ๏ͱͯ͠ɼᩦཉֶश [24]ͱݺΕΔֶशํ๏͕ఏҊ͞Ε͍ͯΔɽAlgorithm 2ʹɼᩦཉֶशͷ

ΞϧΰϦζϜΛࣔ͢ɽ1:ʙ10:ͷॲཧɼύϥϝʔλͷॳظΛਪఆ͢ΔͷͰɼpre-trainingͱΑ

ΕΔɽ͜ͷͱ͖ɼRBMͷΘΓʹ tied weightsͷ੍ΛՃ͑ͨAEΛ༻͍Δ͜ͱՄͰ͋Δɽ

·ͨɼ11:ͷॲཧɼpre-trainingʹΑΓਪఆ͞ΕͨύϥϝʔλΛɼؔࠩޡʹ͖ͮجमਖ਼͢Δ͜
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ਤ 2.8: Convolutional autoencoderɽ

ͱΑΓɼfine-tuningͱΑΕΔɽ

2.3.4 Convolutional autoencoder

ೖྗύλʔϯͱͯ͠Իͷؒ࣌पύλʔϯͷΑ͏ͳ ͷσʔλΛ༻͍Δͱ͖ɼAEݩ࣍2

DAEɼؒ࣌ͱपͷؔΛྀ͠ߟͳ͍ɽҰํ CAEɼೖྗύλʔϯΛہ͍͔ࡉॴύλʔϯ

ͷΈ߹Θͤͱͯ͑͠ߟΔɽͦͷͨΊɼഒԻͷؒ࣌มԽͳͲͷہॴతͳมԽΛྀ͠ߟͳ͕Βɼ

ԻͷεϖΫτϧΛද͢ݱΔͷʹɽ;͞Θ͍͠ಛΛநग़͞ΕΔ͜ͱ͕ظͰ͖Δɽ

ਤ 2.8ʹ CAEͷߏΛࣔ͢ɽAEͱಉ༷ʹɼΤϯίʔυɼσίʔυͷॲཧ͔ΒͳΔͱղऍ͢Δ

͜ͱ͕Ͱ͖ΔɽΤϯίʔυॲཧͰ·ͣɼೖྗ͞ΕΔNI ×MI ͷ ύλʔϯݩ࣍2 x = {xij |0 ≤ i ≤

NI − 1, 0 ≤ j ≤ MI − 1}ʹରͯ͠ɼK छྨͷNF ×MF ͷೋݩ࣍ϑΟϧλW(E)
k = {W (E)

k |0 ≤

k ≤ K − 1} ΛΈࠐΉ͜ͱʹΑΓɼKछྨͷԠ h = {hkij |0 ≤ i ≤ (NI +NF − 1)− 1, 0 ≤ j ≤

(MI +MF − 1) − 1, 0 ≤ k ≤ K − 1}ΛಘΔɽW (E)
K ہॴಛ hk = {hkij |0 ≤ i ≤ NI − 1, 0 ≤

j ≤ MI − 1} Λநग़͢ΔϑΟϧλΛද͢ɽྫ͑ԻεϖΫτϧΛೖྗ͢Δͱɼہॴಛͱͯ͠

ഒԻߏͷ্ঢԼ߱ͳͲͷؒ࣌มԽΛද͢ಛ͕நग़͞ΕΔɽσίʔυͰɼhkʹରͯ͠ɼK

छྨͷNF ×MF ͷೋݩ࣍ϑΟϧλW(D)
k = {W (D)

k |0 ≤ k ≤ K − 1}ΛɼΈࠐΉ͜ͱʹΑΓύ

λʔϯ o = {oij |0 ≤ i ≤ NI − 1, 0 ≤ j ≤ MI − 1}Λग़ྗ͢Δɽ

CAEͷύϥϝʔλͰ͋ΔΈࠐΈϑΟϧλɼೖྗͱग़ྗͷೋࠩޡΛతؔΛ༻͍ͯɼޡ
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ਤ 2.9: Convolutional neural networkɽ

๏ʹΑΓֶश͢Δɽ͜ͷͱ͖ɼhkʹରͯ͠Max-poolingͷॲཧΛద༻͢ΔͱɼW(E)Λٯࠩ

ޮతʹֶश͢Δ͕ՄͱͳΔɽMax-poolingɼhkΛNp ×MpݸͷখྖҬʹׂ͠ɼ֤ྖҬʹ

͓͚Δ࠷େͦͷ··ʹ͠ɼͦΕҎ֎ͷΛ 0ͱ͢Δ͜ͱʹΑΓ࣮͞ݱΕΔɽ

2.3.5 Convolutional neural network

ਤ 2.9ʹ CNNͷߏΛࣔ͢ɽCNNɼԻೝࣝͷʹ͓͍ͯੑ͍ߴΛࣔ͢͜ͱ͕ใ͞ࠂ

Ε͍ͯΔ [71]ɽԻೝࣝͰ༻͍Δ߹ʹɼೖྗϕΫτϧʹରͯ͠ϑΟϧλΛΈࠐΈɼͦͷग़

ྗʹରͯ͠Max-poolingΛద༻͠ɼશଓͷωοτϫʔΫʹΑΓԻૉ֬ޙࣄΛग़ྗ͢Δͱ͍͏

ͷΘΓʹɼԻεϖΫτϧΛग़ྗͱͯ͠༻͍ΕɼԻ֬ޙࣄΒΕΔɽԻૉ͍༺͕͘ߏ

ͷہॴಛΛྀ͠ߟͳ͕ΒԻΛਪఆ͢ΔϞσϧΛߏங͢Δ͜ͱ͕ՄͱͳΔɽৄࡉɼ࣍ষʹ

ͯઆ໌͢Δɽ
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ୈ3ষ ࿈هԱΛ༻͍ͨઢܗྻߦਪఆ๏

3.1 ͡Ίʹ

ௌ্ײͷҧ͕ײগͳ͘Իݯ৴߸Λ෮ݩՄͳϒϥΠϯυԻݯͷ࣮ݱΛ͠ࢦɼઢܗ

ϑΟϧλʹͮ͘جΈʹ͓͍ͯɼ࿈هԱΛ༻͍ͨྻߦͷਪఆ๏Λ։ൃͨ͠ɽ

ಠཱੳʢIndependent component analysis: ICAʣ [39]ಠཱϕΫτϧੳ (Independent

vector analysis: IVA) [40]ͳͲʹද͞ΕΔઢͮ͘جʹྻߦܗΈɼௌ্ײҧײΛ༩͑Δ

ඇઢܗ͕ݪཧతʹൃੜ͠ͳ͍ͱ͍͏ར͕͋ΔɽICA IVAͰɼԻ͍ޓ͕ݯʹಠཱͰ͋Δͱ

͍͏ԾఆʢԻݯͷಠཱੑͷԾఆʣʹ͖ͮجɼ৴߸ؒͷಠཱੑ͕࠷େͱͳΔΑ͏ͳྻߦΛ

ਪఆ͢ΔɽͦͷͨΊɼԻݯͷಠཱੑͷԾఆཱ͕͠ͳ͍߹ʹɼੑ͕ྼԽ͢Δɽྫ͑

ԻͱนচͳͲ͔Β౸དྷ͢ΔࣹԻ͍ޓʹඇಠཱͰ͋ΔͨΊɼͦͷΑ͏ͳڥʹ͓͍ͯɼ

ԻݯͷಠཱੑΛཔΓʹΛ͜͏ߦͱ͍͠ɽ

ͦ͜ͰɼԻݯͷಠཱੑͷΘΓʹɼԻݯͰ͋ΔԻΒ͠͞Λཅʹѻ͍ͳ͕ΒྻߦΛਪఆ͢

ΔΈΛఏҊͨ͠ [58]ɽྨ͑ߟͨ͠ࣅͱͯ͠ɼԻݯΛද͢ݱΔͷʹదͳΛ༻͍ͯಠཱੑ

ΛධՁ͢Δ͜ͱͰɼԻΒ͠͞Λྀ͢ߟΔํ๏ [48, 49, 50]͕͍͔ͭ͘ఏҊ͞Ε͍ͯΔɽ͔͠͠ɼ

ΛԾఆ͢ΔΈͰɼΑΓతʹԻΒ͍͠ԻΛग़ྗ͢Δ͜ͱ͕͍͠ɽ

ఏҊ๏ɼྻߦΛਪఆ͢ΔࡍʹɼԻ৴߸ʹྨ͢ࣅΔ৴߸ʢࢀর৴߸ʣΛಋೖ͢Δɽࢀর

৴߸ɼࣄલʹԻͷεϖΫτϧΛֶशͤͨ͞࿈هԱϞσϧʹΑΓਪఆ͢Δɽࢀর৴߸ΛԻݯ

৴߸ͱΈͳ͠ɼྻߦʹΑΓਪఆ͞Εͨ৴߸ͱࢀর৴߸ͱͷ࠷͕ࠩޡখͱͳΔྻߦΛ

Δ৴߸ͷதͰɼԻ͏͠ݱ࠶ϑΟϧλͷΈͷதͰܗΊΔɽ͢ͳΘͪɼఏҊ๏Ͱɼઢٻ

Β͍͠৴߸͕͞ݱ࠶ΕΔ͜ͱ͕ظͰ͖Δɽ

ຊষͰɼఏҊ๏ͷΈͱͦͷ༗ޮੑʹ͍ͭͯड़Δɽ͜͜Ͱಛʹɼ࿈هԱϞσϧͱ͠

ͯDAEɼCNNɼDenoising convolutional autoencoderʢDCAEʣʹ͍ͭͯ֓͢؍Δɽ·ͨɼೋ

ऀಉൃ࣌Իͷ࣮ݧΛ͓͜ͳ͍ɼఏҊ๏͕ IVAʹΑΓੜ͡ΔΛ͢ݮΔޮՌ͕͋Δ͜ͱ

Λࣔ͢ɽ
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3.2 ख๏֓ཁ

3.2.1 ֓ཁ

ԻͷಛΛྀͨ͠ߟΈΛྀ͠ߟͳ͕ΒྻߦΛਪఆ͢ΔΈΛఏҊ͢ΔɽఏҊ๏ͷ

ॲཧͷྲྀΕΛਤ 3.1ʹɼΞϧΰϦζϜΛAlgorithm 3ʹࣔ͢ɽఏҊ๏ͰɼҎԼͷॲཧΛ܁Γฦ

͢͜ͱʹΑΓɼ࿈هԱʹΑΓಘΒΕΔ৴߸ͷεϖΫτϧY[k, l]ʹରԠ͢Δࢀর৴߸ͷεϖ

Ϋτϧ S[k, l]ͱɼY[k, l]ͱͷ࠷͕ࠩޡখͱͳΔઢܗྻߦW[k]ΛٻΊΔɽ

র৴߸ਪఆࢀ :

ྻߦW[k]Λ༻͍ͯ৴߸ͷεϖΫτϧY[k, l]ΛͱΊɼࣄલʹԻͷεϖΫτϧΛ

ֶशͨ͠࿈هԱϞσϧʹΑΓY[k, l]͔ΒԻݯΒ͠͞Λද͢εϖΫτϧ Ŝ[k, l]ʢҎ߱ɼࢀর

৴߸ͱΑͿʣΛਪఆ͢Δɽ

ߋྻߦ৽ :

߸র৴ࢀ Ŝ[k, l]ΛԻݯ৴߸ͱΈͳ͠ɼ৴߸Y[k, l]ͱ Ŝ[k, l]ͱͷ࠷͕ࠩޡখͱͳΔΑ͏

ʹྻߦW[k]Λߋ৽͢Δɽ

࿈هԱ͕Իݯ৴߸Λదʹਪఆ͢Δ͜ͱ͕Ͱ͖ΔͳΒɼ࠷ऴతʹಘΒΕΔ৴߸Իݯ৴߸

Λग़ྗ͞ΕΔ͜ͱΛظ͢Δ͜ͱ͕Ͱ͖Δɽ·ͨ͜ͷΈͰɼICA IVAͳͲͷैདྷͷઢܗ

ྻߦͷΈͰ͘༻͍ΒΕ͍ͯΔԻݯ৴߸ͷಠཱੑͷԾఆΛཱͯΔඞཁੑ͕ͳ͍ͨΊɼΤ

ίʔ৴߸͕ࠞೖ͢ΔͷԻݯͷಠཱੑͷΈͰղ͘͜ͱ͕ࠔͳঢ়گͰ͕ՄͰ͋ΔͱࢥΘ

ΕΔɽ

Ҏ߱Ͱɼࢀর৴߸Λਪఆ͢ΔͨΊͷ࿈هԱϞσϧͷߏஙํ๏ɼ͓Αͼɼྻߦͷߋ৽ํ

๏ʹ͍ͭͯड़Δɽ·ͨɼICA IVAͳͲʹද͞ΕΔಠཱੑʹ͖ͮجྻߦΛਪఆ͢Δ

ΈͱఏҊ๏ͱͷؔʹ͍ͭͯड़Δɽ

3.2.2 র৴߸ਪఆࢀ

৴߸ͷεϖΫτϧʹɼԻͷফ͠͠ॲཧʹΑΓੜͨ͡ͳͲͷϊΠζؚ͕·

Ε͍ͯΔͷͱ͑ߟΒΕΔɽͦ͜Ͱɼ৴߸ͷεϖΫτϧʹؚ·ΕΔϊΠζΛDAEͷΈΛ

༻͍ͯऔΓআ͘͜ͱʹΑΓɼࢀর৴߸Λਪఆ͢Δํ๏Λݕ౼ͨ͠ɽຊڀݚͰ༻͍Δ࿈هԱϞσϧ

ɼೖྗ͞Εͨ৴߸ͷεϖΫτϧ͔ΒɼԻΒ͠͞Λද͢ಛϕΫτϧΛநग़͢ΔΤϯίʔ

υɼநग़͞ΕͨಛϕΫτϧ͔Βࢀর৴߸Λ෮͢ݩΔσίʔυͷ 2ͭͷॲཧʹΑΓߏ͢Δɽ͜
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ਤ 3.1: Schematic diagram of proposed method when two sources are estimated from two obser-

vations. System method consists of reference spectrum estimation and linear separation matrix

update.

͜ͰɼશଓܕχϡʔϥϧωοτϫʔΫʹͮ͘ج࿈هԱϞσϧʢFull-FullʣɼCNNʹͮ͘ج

࿈هԱϞσϧʢConv-Fullʣɼͦͯ͠ఏҊ͢ΔDCAEʹͮ͘ج࿈هԱϞσϧ (Conv-Conv)

ͷ 3छྨͷҟͳΔ࿈هԱϞσϧΛߏங͠ɼੑΛൺֱͨ͠ɽ

Full-Fullͷ࿈هԱϞσϧɼDAEͰ͘༻͍ΒΕ͍ͯΔχϡʔϥϧωοτϫʔΫͷߏͰ

͋ΔɽԻΛද͢ݱΔͷʹෆཁͳΛऔΓআ͘ޮՌ͕ظͰ͖Δ͕ɼԻεϖΫτϧͷہॴత

ͳύλʔϯΛྀ͍ͯ͠ߟͳ͍ͱ͍͏͕͋ΔɽConv-Fullͷ࿈هԱϞσϧɼεϖΫτϧΛ

ؤΔΑ͏ͳϊΠζʹରͯ͢͠ࡏॴతʹଘہΔɽͦͷͨΊɼ͑ߟॴύλʔϯͷΈ߹Θͤͱͯ͠ہ

݈Ͱ͋Δ͜ͱ͕ظͰ͖Δɽ·ͨɼMax-poolingͱΈ߹ΘͤΔ͜ͱʹΑΓɼہॴύλʔϯΛந

ग़͢ΔϑΟϧλΛޮతʹֶश͢Δ͜ͱ͕Ͱ͖Δɽ͔͠͠Max-poolingΛ༻͍Δ͜ͱʹΑΓɼہ

ॴύλʔϯͷؒ࣌पͷҐஔใ͕ࣦΘΕͯ͠·͏ɽͦͷͨΊɼݩԻΒ͕ࣦ͠͞ΘΕΔՄ

ੑ͕͋ΔɽConv-ConvɼΤϯίʔυ࣌ʹࣦΘΕΔہॴύλʔϯͷҐஔใΛɼσίʔυ࣌ʹ

ཅʹѻ͏ɽͦ͏͢Δ͜ͱͰɼݩԻΒ͠͞Λࢀྀͨ͠ߟর৴߸ͷਪఆΛ࣮͢ݱΔɽҎ߱Ͱɼͦ

ΕͧΕͷߏʹ͍ͭͯઆ໌͢Δɽ
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Algorithm 3 Algorithm for separation matrix optimization using associative memory.

Require: Observed signal Z[k, l]

Require: Initial separation matrix obtained either by an existing linear filtering method (as

described in Section 3.2.3) or a TF mask (as described in Section 4.2) W(0)[k]

Require: #epochs for reference signal update NR, #epochs for filter update NM , learning rate

µ

1: M(0)[k] = E (E: identity matrix).

2: Y(0)(k, l) = W(0)(k)Z(k, l).

3: Estimate Ŝ(0)(k, l) from Y(0)(k, l) using an associative memory model (AMM).

4: for i = 0 : NR-1

5: // Separation matrix optimization (Section 3.2.3)

6: for j = 0 : NM -1

7: Calculate gradient G(j)[k] using Eq. (3.17) given Ŝ(i)[k, l] and Y(i)[k, l].

8: U(j+1)[k] = U(j)[k]− µG(j)[k]/||G(j)[k]||.

9: end for

10: Ū[k] = U(NM )[k].

11: Y(i+1)[k, l] = Ū[k]W(0)Z[k, l].

12: // Reference signal estimation (Section 3.2.2)

13: Estimate Ŝ(i+1)[k, l] from Y(i+1)[k, l] using AMM.

14: U(0)[k] = Ū[k].

15: end for

Output: W̄[k] = Ū[k]W(0)[k].

DAEʹͮ͘ج࿈هԱϞσϧ (Full-Full)

৴߸ͷରύϫʔεϖΫτϧ͔Βɼ513Ϗϯ×10ϑϨʔϜͷؒ࣌पύλʔϯ IΛɼ5ϑ

ϨʔϜִؒͰΓग़͢ɽIʹରͯ͠ฏۉΛ 0ɼࢄΛ 1ͱ͢Δඪ४ԽΛద༻ͨ͠ͷΛ࿈هԱͷ

ೖྗͱͯ͠༻͍Δɽಉ༷ͷॲཧΛɼରԠ͢Δత৴߸ͷରύϫʔεϖΫτϧʹର͍ͯ͠ߦɼந

ग़͞Εͨؒ࣌पύλʔϯOΛநग़͢Δɽ͜͏ͯ͠ಘΒΕͨ I͔ΒOͷࣸ૾ؔΛɼਤ 3.2

ʹࣔ͢Α͏ͳߏʹΑΓ࣮͢ݱΔɽ

ΤϯίʔυॲཧͰ IΛ ɼҎԼͷࣜʹΑΓɼԻΒ͠͞Λද͢͠ͷϕΫτϧʹมݩ࣍5130

ͷಛϕΫτϧݩ࣍2048 hΛநग़͢Δɽ

hj =

⎧
⎨

⎩
tanh

(
w(e)

1 I+ b(e)
1

)
j = 1

tanh
(
w(e)

j hj−1 + b(e)
j

)
j = 2 · · ·L− 1

(3.1)
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spectra):
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Spectra):
513 x 10

1

2048

1

2048

h1:
2048

h:
2048

hL-1:
2048

^

!!! !!!

ਤ 3.2: Architecture of the denoising autoencoder (DAE)-based associative memory model

(AAM). h denotes a feature vector extracted during encoding.

h = tanh
(
w(e)

L hL−1 + b(e)
L

)
(3.2)

͜͜ͰLɼI͔ΒhΛநग़͢ΔؔΛද͢ݱΔͨΊͷӅΕͷΛද͢ɽ·ͨw(e)
j ͓Αͼb(e)

j

ɼj൪ͷӅΕʹ͓͚ΔॏΈ͓ΑͼόΠΞεΛද͢ɽ

σίʔυॲཧͰɼԼࣜʹΑΓ h͔ΒOΛ෮͢ݩΔɽ

ĥj =

⎧
⎨

⎩
tanh

(
w(d)

1 h+ b(d)
1

)
j = 1

tanh
(
w(d)

j ĥj−1 + b(e)
j

)
j = 2 · · ·L− 1

(3.3)

O = w(d)
L ĥL−1 + b(d)

L (3.4)

͜͜Ͱɼw(d)
j ͓Αͼ b(d)

j ɼj൪ͷӅΕʹ͓͚ΔॏΈ͓ΑͼόΠΞεΛද͢ɽ͜͏ͯ͠ಘΒ

ΕͨOΛ 513Ϗϯ×10ϑϨʔϜͷؒ࣌पύλʔϯʹม͠ɼॏՃࢉ๏ʹΑΓࢀর৴߸ͷର

ύϫʔεϖΫτϧΛ͢ࢉܭΔɽ

࿈هԱͷύϥϝʔλ { w(e)
1 , · · ·, w(e)

L , b(e)
1 , · · ·, b(e)

L , w(d)
1 , · · ·, w(d)

L , b(d)
1 , · · ·, b(d)

L } ɼޡ

๏ٯࠩ [73]ʹΑܾͬͯఆ͢Δɽ

CNNʹͮ͘ج࿈هԱϞσϧ (Conv-Full)

Full-Fullͱಉ༷ͷํ๏Ͱɼ࿈هԱͷೖྗ I͓Αͼग़ྗOΛநग़͠ɼਤ 3.3ʹࣔ͢Α͏ͳωο

τϫʔΫʹΑΓɼI͔ΒOͷࣸ૾ؔΛ࣮͢ݱΔɽ

34



10

513

1

2048

Fully 
connected

Fully 
connected

10

513

Encoding Decoding

O(Reference 
spectra):
513 x 10

I (Separated 
Spectra):
513 x 10

c:
50@542x14

14

542

50

5

30

2

5

7
50

109

p:
50@109x7

!"#$"%&'("#

1

2048

1

2048

h1:
2048

)*+,-""%(#.

h:
2048

hL-1:
2048

^

!!! !!!

ਤ 3.3: Architecture of the convolutional neural network (CNN)-based associative memory model

(AAM). c, p and h denote the feature map, down-sampled feature map and a feature vector

extracted during encoding, respectively. a in a@b×c denotes the number of filters, and b and

c denote the sizes of the filter outputs in frequency and time, respectively. Note that location

information is lost in the max-pooling process.

ΤϯίʔσΟϯάॲཧͰ·ͣɼIʹରͯ͠ 30Ϗϯ×5Ϗϯͷେ͖͞ͷ 50छྨͷϑΟϧλw1=

{w1
1, · · · ,w50

1 } Λ 1 ϑϨʔϜɼ1 ϏϯͣͭͣΒ͠ͳ͕Βॏ͢Δ͜ͱͰɼ50 छྨͷಛϚοϓ

c={c1, · · · , c50} Λநग़͢Δɽ͜ͷॲཧʹΑΓɼഒԻߏͷؒ࣌มԽͳͲͷԻεϖΫτϧͷہॴ

తͳؒ࣌पύλʔϯͷಛ͕நग़͞ΕΔ͜ͱΛظ͢Δɽf ൪ͷಛϚοϓͷநग़աఔ

ҎԼͷΑ͏ʹද͞ݱΕΔɽ

cf = tanh
(
wf

1 ⊗ I+ bf
1

)
, (3.5)

͜͜Ͱ cf  the f ൪ͷಛϚοϓɼwf
1 ͓Αͼ bf

1 ͦΕͧΕ f ൪ͷΈࠐΈϑΟϧλ͓Α

ͼόΠΞεΛࣔ͢ɽ·ͨ⊗ɼೋݩ࣍ΈࠐΈͷૢ࡞Λද͢ɽ࣍ʹɼcf Λ 5Ϗϯ×2ϑϨʔϜͷ

େ͖͞ͷখྖҬʹׂ͠ɼ֤ྖҬʹ͓͚Δ࠷େΛநग़͢Δ͜ͱͰɼ763ݩ࣍ͷಛ pf Λநग़͢

Δɽ͜ͷॲཧMax-poolingͱݺΕɼద༻ҐஔͷͣΕʹର݈ͯ͠ؤͳϑΟϧλw1Λޮతʹ

ֶश͢Δ͜ͱΛՄͱ͢Δɽଓ͚ͯɼpf ΛϕΫτϧԽ͠ɼͦΕΒΛ݁߹ͨ͠ ͷϕΫτݩ࣍38150

ϧ p = {p1, · · · ,p50}Λ࡞͠ɼҎԼͷࣜʹΑΓԻΒ͠͞Λද͢ಛ hΛநग़͢Δɽ

hj =

⎧
⎨

⎩
tanh

(
w(e)

1 p+ b(e)
1

)
j = 1

tanh
(
w(e)

j hj−1 + b(e)
j

)
j = 2 · · ·L− 1

(3.6)

h = tanh
(
w(e)

L hL−1 + b(e)
L

)
(3.7)
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͜͜Ͱw(e)
j ͓Αͼ b(e)

j ɼj൪ͷӅΕʹ͓͚ΔॏΈ͓ΑͼόΠΞεΛද͢

σίʔσΟϯάॲཧͰɼԼࣜʹΑΓࢀর৴߸ͷεϖΫτϧͷہॴύλʔϯOΛ෮͢ݩΔɽ

ĥj =

⎧
⎨

⎩
tanh

(
w(d)

1 h+ b(d)
1

)
j = 1

tanh
(
w(d)

j ĥj−1 + b(d)
j

)
j = 2 · · ·L− 1

(3.8)

O = w(d)
L ĥL−1 + b(d)

L (3.9)

͜͜Ͱɼw(d)
j ͓Αͼ b(d)

j ɼj൪ͷӅΕʹ͓͚ΔॏΈ͓ΑͼόΠΞεΛද͢ɽ͜͏ͯ͠ಘΒ

ΕͨOΛ༻͍ͯɼॏՃࢉ๏ʹΑΓࢀর৴߸ͷରύϫʔεϖΫτϧΛ͢ࢉܭΔɽ

࿈هԱͷύϥϝʔλ { w1
1, · · ·, w50

1 , b1
1, · · ·, b50

1 , w(e)
1 , · · ·, w(e)

L , b(e)
1 , · · ·, b(e)

L , w(d)
1 , · · ·,

w(d)
L , b(d)

1 , · · ·, b(d)
L } ɼFull-Fullͱಉ༷ʹɼٯࠩޡ๏ʹΑܾͬͯఆ͢Δɽ

͜ͷߏͰɼΤϯίʔσΟϯά࣌ʹεϖΫτϧͷہॴతͳใΛཅʹѻ͏ɽͦͷͨΊɼFull-

Fullͱൺֱͯ͠ԻͷಛΛޮՌతʹநग़Ͱ͖Δ͜ͱ͕ظͰ͖ΔɽҰํͰɼmax-poolingͷॲ

ཧʹΑΓہॴಛͷҐஔใ͕ࣦΘΕͯ͠·͏ͨΊɼࢀর৴߸ݩԻΒ͠͞Λࣦ͏ͱ͍͏ܽ

͕͋Δɽ

DCAEʹͮ͘ج࿈هԱϞσϧ (Conv-Conv)

Conv-FullͰɼmax-poolingʹΑͬͯہॴಛͷҐஔใ͕ࣦΘΕΔͱ͍͏͕͋ͬͨɽͦ

͜Ͱɼmax-pooling࣌ʹબΕͨہॴಛͷҐஔใΛอ͖͓ͯ࣋͠ɼͦͷใΛࢀʹݩর৴߸Λ

σίʔυ͢ΔߏΛ։ൃͨ͠ɽਤ 3.4ʹɼ͜ͷߏΛࣔ͢ɽ

ΤϯίʔσΟϯάॲཧͰɼConv-Fullͱಉ༷ͷํ๏Ͱ ͷಛϕΫτϧݩ࣍2048 hΛநग़͢

Δɽ͜ͷͱ͖ɼmax-poolingͰબ͞ΕͨҐஔใ iΛอ͓ͯ࣋͘͠ɽ

σίʔσΟϯάॲཧͰɼpʹରԠ͢Δ ͷಛݩ࣍38150 p̂ΛɼҎԼͷࣜʹΑΓ෮͢ݩΔɽ

ĥj =

⎧
⎨

⎩
tanh

(
w(d)

1 h+ b(d)
1

)
j = 1

tanh
(
w(d)

j ĥj−1 + b(d)
j

)
j = 2 · · ·L− 1

(3.10)

p̂ = w(d)
L ĥL−1 + b(d)

L (3.11)

͜͜Ͱɼw(d)
j ͓Αͼ b(d)

j ɼj൪ͷӅΕʹ͓͚ΔॏΈ͓ΑͼόΠΞεΛද͢ɽ࣍ʹ p̂Λɼ50

ͷݸ ಛݩ࣍2 {p̂1, · · · , p̂50}ʢp̂f ∈ R109×7ʣʹׂ͢Δɽ͜͏ͯ͠ಘΒΕͨ p̂f ʹରͯ͠Ξοϓ

αϯϓϦϯάΛద༻͢Δ͜ͱͰɼcf ʹରԠ͢Δಛ ĉf ∈ R542×14 ΛಘΔɽΞοϓαϯϓϦϯά

ɼҐஔใ iʹ͖ͮجɼMax-poolingͰબ͞ΕͨҐஔʹ p̂f ͷΛɼͦͷଞͷҐஔʹ 0Λ

ຒΊ߹ΘͤΔ͜ͱͰ͏ߦɽޙ࠷ʹɼĉf ʹରͯ͠ɼ30Ϗϯ ×5Ϗϯͷେ͖͞ͷ 50छྨͷϑΟϧλ
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ਤ 3.4: Architecture of the proposed denoising convolutional autoencoder (DCAE)-based as-

sociative memory model (AMM). c and ĉ denote the feature map and its estimate; p and p̂,

the down-sampled feature map and its estimate; and h, the feature vector extracted during

encoding. In this architecture, ĉ is decoded using location information i, which is lost during

max-pooling in the encoding stage.

w2= {w1
2, · · · ,w50

2 } Λ 1ϑϨʔϜɼ1ϏϯͣͭͣΒ͠ͳ͕Βॏ͢Δ͜ͱͰɼࢀর৴߸ͷεϖΫ

τϧͷؒ࣌पύλʔϯOΛܾఆ͢Δɽ͜ͷૢ࡞ҎԼͷࣜͷΑ͏ʹදݱͰ͖Δɽ

O =
50∑

f=1

(
wf

2 ⊗ ĉf + 2f4

)
, (3.12)

͜͜Ͱɼwf
2 ͓Αͼ bf

2 ɼf ൪ͷΈࠐΈϑΟϧλ͓ΑͼόΠΞεΛද͢ɽ͜͏ͯ͠ಘΒΕͨ

OΛ༻͍ͯɼॏՃࢉ๏ʹΑΓࢀর৴߸ͷରύϫʔεϖΫτϧΛ͢ࢉܭΔɽ

࿈هԱͷύϥϝʔλ { w1
1, · · ·, w50

1 , b1
1, · · ·, b50

1 , w1
2, · · ·, w50

2 , b1
2, · · ·, b50

2 , w(e)
1 , · · ·, w(e)

L ,

b(e)
1 , · · ·, b(e)

L , w(d)
1 , · · ·, w(d)

L , b(d)
1 , · · ·, b(d)

L } ɼFull-Fullͱಉ༷ʹɼٯࠩޡ๏ʹΑܾͬͯ

ఆ͢Δɽ

3.2.3 ߋྻߦ৽

W(0)[k]͓ΑͼY(0)[k, l] ΛͦΕͧΕɼطଘͷઢܗBSSʹΑΓॳظԽ͞Ε͓ͨྻߦΑͼͦͷ

ग़ྗͱ͢Δɽ͜͜ͰɼྻߦΛߋ৽͢ΔͨΊʹɼY(0)[k, l]Λࢀর৴߸ Ŝ[k, l]ʹ͚ۙͮΔઢܗ

มྻߦU[k] ∈ CNs×Ns Λ͑ߟΔɽU[k]ʹΑΓม͞ΕͨεϖΫτϧɼȲ[k, l]ҎԼͷΑ͏

ʹॻ͘͜ͱ͕Ͱ͖Δɽ

Ȳ[k, l] = U[k]Y(0)[k, l] = U[k]W(0)[k]Z[k, l]. (3.13)
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͜͜Ͱ W̄[k] = U[k]W(0)[k]ͱ͓͘ͱɼࣜʢ3.13ʣ Ȳ[k, l] = W̄[k]Z[k, l] ͱ͍͏ઢܗมͰදݱ

͢Δ͜ͱ͕Ͱ͖ΔɽຊڀݚͰU[k]ΛٻΊ্ͨͰɼU[k]ͱW(0)[k]ͱͷੵΛ͢ࢉܭΔ͜ͱͰɼ

ྻߦΛߋ৽͢Δ͜ͱΛࢼΈΔɽ

͜͜Ͱɼ࠷దͳU[k]ΛٻΊΔͨΊʹɼҎԼͷίετؔ J [k]Λઃͨ͠ܭɽ

J [k] =
1

Nl

Nl−1∑

l=0

∣∣∣
∣∣∣ log |Ŝ[k, l]|2 − log |Ȳ[k, l]|2

∣∣∣
∣∣∣
2

=
1

Nl

Nl−1∑

l=0

∣∣∣
∣∣∣ log |Ŝ[k, l]|2 − log |U[k]Y(0)[k, l]|2

∣∣∣
∣∣∣
2
, (3.14)

͜͜ͰɼNlαϯϓϧΛද͢ɽࣜʢ3.14ʣɼࢀর৴߸ͱ৴߸ରύϫʔεϖΫτϧͷೋ

Λද͍ͯ͠Δɽ͢ͳΘͪɼJࠩޡ [k]Λ࠷খʹ͢ΔU[k]ɼ৴߸ͷରύϫʔεϖΫτϧΛࢀ

র৴߸ͷରύϫʔεϖΫτϧʹ͚ۙͮΔɽU[k]ͷਪఆʹɼҎԼʹࣔ͢Α͏ͳޯ๏Λ༻͍ͨɽ

M(0)[k] = E, (3.15)

M(n+1)[k] ← M(n)[k]− µ
G[k]

||G[k]|| , (3.16)

G[k] =
∂J [k]

∂U∗[k]
, (3.17)

Eɼµɼ nɼ͓Αͼ ∗ͦΕͧΕɼ୯Ґྻߦɼֶशɼ܁Γฦ͠ճ͓ΑͼෳૉڞΛද͢ɽࣜ

ʢ3.17ʣΛٻΊΔͨΊɼࣜʢ3.14ʣΛҎԼͷΑ͏ʹॻ͖͑Δɽ

J [k] =
1

Nl

Nl−1∑

l=0

Ns∑

ı=1

∣∣∣ log |Ŝi[k, l]|2 − log |
Ns∑

j=1

Uij [k]Y
(0)
j [k, l]|2

∣∣∣
2

=
1

Nl

Nl−1∑

l=0

Ns∑

ı=1

∣∣∣ log |Ŝi[k, l]|2 − log |Ȳ (0)
i [k, l]|2

∣∣∣
2

= E

(
Ns∑

ı=1

∣∣∣ log |Ŝi[k, l]|2 − log |Ȳ (0)
i [k, l]|2

∣∣∣
2
)

(3.18)

͜͜ͰɼUij [k]ɼŜi[k, l]͓Αͼ Y (0)
j [k, l]ɼͦΕͧΕU[k]ͷ (i, j)൪ͷཁૉɼŜi[k, l]ͷ i൪ͷ

ཁૉɼ͓Αͼ Ŷj [k, l]ͷ j൪ͷཁૉΛද͢ɽ·ͨE(·)ظΛ͢ࢉܭΔؔΛද͢ɽࣜʢ3.18ʣ

ΛɼU∗
ij [k]Ͱภඍ͢ΔͱҎԼͷΑ͏ʹͳΔɽ

∂J [k]

∂U∗
ij [k]

= E

(
Nl−1∑

l=0

∂J [k]

∂Ȳ ∗
i [k, l]

∂Ȳ ∗
i [k, l]

∂U∗
ij [k]

)

= E

(
∂

∂Ȳ ∗
i [k, l]

(
−2 log |Ŝi[k, l]|2 log |Ȳi[k, l]|2

+
(
log |Ȳi[k, l]|2

)2
+ C

) ∂Ȳ ∗
i [k, l]

∂U∗
ij [k]

)
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= −E

(
2

Ȳ ∗
i [k, l]

(
log |Ŝi[k, l]|2 − log |Ȳi[k, l]|2

) ∂Ȳ ∗
i [k, l]

∂U∗
ij [k]

)
. (3.19)

C  Y (0)∗
j [k, l]ͱແؔͷ߲Λද͢ɽ

·ͨ ∂Ȳ ∗
i [k, l]/∂U

∗
ij [k]ҎԼͷΑ͏ʹॻ͘͜ͱ͕ग़དྷΔɽ

∂Ȳ ∗
i [k, l]

∂U∗
ij [k]

= Y (0)∗
j [k, l] . (3.20)

ͦ͜Ͱࣜ (3.20)Λࣜ (3.19)ʹೖ͠ɼҎԼͷΑ͏ʹޯΛ͢ࢉܭΔɽ

∂J [k]

∂U∗
ij [k]

= −2E

(
Y (0)∗
j [k, l]

Ȳ ∗
i [k, l]

(
log |Ŝi[k, l]|2 − log |Ȳi[k, l]|2

))
. (3.21)

3.2.4 ಠཱੑʹํͮ͘ج๏ͱఏҊ๏ͱͷؔ

ԻݯͷಠཱੑͷΈΛྀ͠ߟͳ͕ΒԻݯΛै͏ߦདྷ๏ʹର͢ΔɼԻΒ͠͞Λྀ͠ߟͳ͕Β

ԻݯΛ͏ߦఏҊ๏ͷ༗ޮੑΛௐࠪ͢ΔͨΊʹɼೋऀಉൃ࣌Ի࣮ݧΛߦͳͬͨɽ

ਤ 3.5(a)ʹߋྻߦ৽ʹ͏৴߸·ͨࢀর৴߸ͱԻݯ৴߸ͱͷεϖΫτϧࠩޡͷมԽ

Λɼਤ 3.5(b)ʹ৴߸ؒͷಠཱੑͷมԽΛࣔ͢ɽ৴߸ؒͷಠཱੑͷࢉܭʹɼԻݯͷ

ͱͯ͠ϥϓϥεΛԾఆ͠ɼࣜʢ2.16ʣʹΑΓٻΊͨɽ࣮ݧͰྻߦͷॳظ IVAͰܾ

ఆ͓ͯ͠Γɼߋ৽ճ͕ 0ճͷͱ͖ͷੑ͕ैདྷ๏ͷੑΛද͢ɽྻߦDCAEʹΑͬͯਪ

ఆ͞Εͨࢀর৴߸Λ༻͍ͯஞߋ࣍৽͞ΕΔ͕ɼࢀর৴߸ͷߋ৽ 10000ճߋ͕ྻߦ৽͞ΕΔ

ͨͼʹͨͬߦɽਤͰɼࢀর৴߸͕ߋ৽͞ΕΔͨͼʹԻݯ৴߸ʹۙͮ͘ʹͭΕͯɼ৴߸ͱԻ

Λ֬ೝ͢Δ͜ͱ͕Ͱࢠͷಠཱੑ͕վળ͞Ε͍༷ͯ͘ݯ͚ͩͰͳ͘ɼԻڑ৴߸ͱͷεϖΫτϧݯ

͖Δɽ·ͨɼࢀর৴߸͕ߋ৽͞ΕΔλΠϛϯάͰεϖΫτϧڑɾಠཱੑͱʹେ෯ʹվળ͞Εɼ

͕߸র৴ࢀ 4ճߋ৽͞ΕͨλΠϛϯάͰྻߦͷߋ৽͕ऩଋ͍ͯ͠Δ༷ࢠ֬ೝͰ͖Δɽ͜Ε

Βͷ͜ͱΑΓɼԻݯͷಠཱੑͷΈʹ͖ͮجྻߦΛ࠷దԽ͢Δैདྷͷํ๏Ͱہॴղʹؕͬͯ

͠·͏ͷʹର͠ɼఏҊ๏ࢀর৴߸Λߋ৽͢Δ͜ͱͰہॴղͷӨڹΛऔΓআ͖ͳ͕ΒɼԻؒݯͷ

ಠཱੑΛ૿Ճͤ͞ΔޮՌ͕͋Δͷͱࣔࠦ͢Δɽ

ਤ 3.6ʹɼఏҊ๏ʹ͓͚Δࢀর৴߸ͷߋ৽ʹ͏SIR(signal-to-interference ratio)ͱSDR(signal-

to-interference ratio)ͷมԽΛࣔ͢ɽSDRॲཧʹΑͬͯੜͨ͡ʹର͢ΔతԻݯͷύϫʔ

ൺΛɼSIR৴߸ʹ͓͚ΔతԻҎ֎ͷʹର͢ΔతԻݯͷύϫʔൺΛද͢ [74]ɽࢀর৴

߸ Ŝ(n)ɼ࿈هԱʹΑΓతԻݯҎ֎ͷΛऔΓআ͘Α͏ʹਪఆ͍ͯ͠ΔͨΊ৴߸ Ŷ(n)

ΑΓ SIR͕͘ߴͳΔ͕ɼ͕ੜͯ͡͠·͏ͨΊ SDR͕ྼԽͯ͠͠·͏ɽਤͰɼࢀর৴߸ͷग़
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ਤ 3.5: Example of relation between cost function and number of iterations in separation matrix

optimization. In (a), dashed line (Ref-Tar) represents spectrum distance between reference

signal and target signal (i.e. ground-truth source signal); solid line (Sep-Tar) represents that

between separated signal (i.e. estimated source signal) and target signal. In (b), cost function

of Eq. (2.16) averaged over frequency bin is shown.

ྗΛͦͷ··༻͍ΔͷͰͳ͘ྻߦͷ࠷దԽʹ༻͍Δ͜ͱͰɼSIRɼSDRڞʹվળ͞Ε͍ͯ

Λ֬ೝ͢Δ͜ͱ͕Ͱ͖Δɽࢠ༷͘
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ਤ 3.6: Example of relation between signal-to-distortion ratio (SDR) and signal-to-interference

ratio (SIR). Ŝ(n) represents outputs of DCAE-based AMM in n-th reference signal estimation.

Y(n) represents outputs of separation matrix optimized using Ŝ(n−1).
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3.3 Իݯ࣮ݧ

3.3.1 ࿈هԱϞσϧͷֶश

࿈هԱͷೖྗɼԻͷফ͠͠ʹੜͨ͡ͳͲͷϊΠζؚ͕·ΕΔ͜ͱ͕༧͞

ΕΔɽҰํͰఏҊ๏ʹΑΓྻߦΛߋ৽͍ͯ͘͠ͱϊΠζ͕ѹ͞ΕͯɼϊΠζͷগͳ͍ύλʔ

ϯ͕ೖྗ͞ΕΔ͜ͱ͕ظͰ͖Δɽ·ͨɼ࿈هԱͷग़ྗϊΠζΛؚ·ͳ͍ύλʔϯͰ͋Δ͜

ͱ͕ظ͞ΕΔɽ͕ͨͬͯ͠ຊڀݚͰ༻͍Δ࿈هԱɼҎԼͷੑ࣭Λຬͨ͢͜ͱ͕·͍͠ɽ

• ϊΠζΛؚ·ͳ͍ύλʔϯΛೖྗͨ͠߹ɼೖྗύλʔϯ͕ͦͷ··ग़ྗ͞ΕΔɽ

• ϊΠζΛؚΉύλʔϯΛೖྗͨ͠߹ɼϊΠζ͕औΓআ͔Εͨύλʔϯ͕ग़ྗ͞ΕΔɽ

ͦ͜Ͱɼ࿈هԱͷύϥϝʔλɼΫϦʔϯ৴߸Λೖྗσʔλɾࢣڭσʔλͷํʹ༻͍Δσʔ

λରʢclean-cleanʣɼϊΠζΛؚΉ৴߸ΛೖྗσʔλɼϊΠζ͕औΓআ͔ΕͨΫϦʔϯ৴߸

Λࢣڭσʔλͷ༻͍Δσʔλରʢprocessed-cleanʣͷ 2छྨͷσʔλରΛ༻͍ܾͯఆͨ͠ɽҰ

ൠʹχϡʔϥϧωοτϫʔΫͷதؒͷ͕૿͑Δͱɼޯফࣦʢvanishing gradientʣͷʹ

ΑΓֶश͕ࠔͱͳΔ͜ͱ͕ΒΕ͍ͯΔɽͦ͜ͰຊڀݚͰɼStacking autoencoderʹͮ͘ج

ᩦཉֶशΛ࠾༻ͨ͠ [24]ɽ͜ͷͱֶ͖श࣌ͷϛχόοναΠζ 256ɼֶशॳظΛ 0.1ͱ

͠ɼnew-bob๏ʹΑΓಈతʹ੍ͨ͠ޚɽҎԼʹɼclean-clean͓Αͼ processed-cleanͷৄࡉΛ

ࣔ͢ɽ

clean-clean

ΫϦʔϯ৴߸ͷԻͷରύϫʔεϖΫτϧΛೖྗσʔλɾࢣڭσʔλํʹ༻͍Δɽ͜͜

ͰɼATRԻૉόϥϯεจ [75] ͷηοτBʹؚ·ΕΔ 1,800ൃ (ঁੑ 4ऀ×֤ऀ 450

ൃ)Λ༻͍ͨɽ৴߸ͷαϯϓϦϯάप 16 kHzͰ͋ΓɼSTFTͷϑϨʔϜ͓Αͼϑ

ϨʔϜγϑτɼͦΕͧΕ 1024αϯϓϧʢ64 msʣ͓Αͼ 256αϯϓϧʢ16 msʣͱͨ͠ɽ

processed-clean

ϊΠζΛؚΉԻͷରύϫʔεϖΫτϧΛೖྗσʔλɼରԠ͢Δత৴߸ͷରύ

ϫʔεϖΫτϧΛࢣڭσʔλʹ༻͍ΔɽԻɼATRԻૉόϥϯεจͷηοτ Bʹؚ

·ΕΔঁੑ 4ऀ͔ΒಘΒΕΔೋऀಉൃ࣌Իʹରͯ͠ɼิॿؔ๏ʹͮ͘ج IVA [76]

Λద༻͢Δ͜ͱͰ࡞ͨ͠ɽ4ऀ͔Β 12ͷऀରΛ࡞͠ɼ9ऀରΛֶशηοτʹɼ

Γͷ 3ऀରΛ։ൃηοτͱͯ͠༻͍ͨɽ։ൃηοτɼ࿈هԱֶश࣌ͷૣظऴྃʹ༻
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ਤ 3.7: Experimental environment with two microphones and two sources, where θ1 and θ2
denote the directions of the target and interference sources, respectively.

ද 3.1: Direction of target and interference sources.

data set source direction of (θ1, θ2)

training (-15,15), (-45,45), (-75,75), (-90,90)

development (-60,60)

testing (-30,30), (-30,0), (0,-30), (0,30), (30,0), (30,-30)

͍Δɽਤ ͢Δ͜ͱΛఆ͠ɼυϥΠιʔεൃʹ࣌ɼ֤ऀର͕ಉ͍͓ͯʹڥࣔ͢ʹ3.7

ʹԆΛՃ͑Δ͜ͱͰɼಉൃ࣌ԻΛ߹ͨ͠ɽ͜ͷͱ͖ɼԻݯͷํΛද 3.1ʹࣔ͢ɽ

ֶशηοτͰऀຖʹ 50ൃΛɼ։ൃηοτͰऀຖʹ 52ൃΛυϥΠιʔεͱͯ͠

༻͍ͨɽ͢ͳΘֶͪशηοτʹɼ3,600ൃʢ9ऀର × 2ऀ × 50ൃ × ʣͷ4ํ

ԻΛೖྗσʔλɼରԠ͢Δ 3,600ൃͷυϥΠιʔεΛࢣڭσʔλͱͯ͠༻͍ͨɽ·ͨ

։ൃηοτʹɼ312ൃʢ3ऀର × 2ऀ × 52ൃ × ʣͷԻΛೖྗσʔ1ํ

λɼରԠ͢Δ 312ൃͷυϥΠιʔεΛࢣڭσʔλͱͯ͠༻͍ͨɽ
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3.3.2 ࿈هԱϞσϧͷύϥϝʔλ Lͷܾఆ

࿈هԱϞσϧʹ͓͚ΔશଓͷͱఏҊ๏ͷੑͱͷؔΛௐࠪ͠ɼ࠷దͳΛܾఆ

ͨ͠ɽ

ධՁσʔλɼγϛϡϨʔγϣϯʹΑΓੜͨ͠ɼΠϯύϧεԠɼਤ Ͱऩڥࣔ͢ʹ3.7

ͨ͠ɽ͜ͷͱ͖ɼԻݯҐஔ (θ1,θ2) (-30,0)ͱͨ͠ɽຊ࣮ݧͰɼޙ෦ڹͷӨڹΛऔΓআͨ͘Ί

ʹɼ౸དྷ͔ࠁ࣌Βॳظࣹ౸དྷࠁ࣌·Ͱͷ۠ؒͷΈΛΓग़ͯ͠༻͍ͨɽຊޠ৽ฉಡΈ

্͛ίʔύεʢJapanese Newspaper Article Sentences: JNASʣ [77] ΑΓແ࡞ҝʹબͨ͠Ի

ʹΠϯύϧεԠΛΈࠐΈɼSNR͕ 0 dBͱͳΔΑ͏ʹࠞ߹͢Δ͜ͱͰ 30ൃʢ10ऀର ×

֤ 3ൃʣͷೋऀಉൃ࣌ԻΛ࡞ͨ͠ɽ͜ͷೋऀಉൃ࣌Իʹରͯ͠ɼҎԼͷ

ख๏Λద༻͠ɺͦͷੑΛධՁͨ͠ɽ

IVA(Baseline) : IVAʹͮ͘جԻݯ

IVA-AMM(FF)-SMO : DAEʹͮ͘ج࿈هԱϞσϧʢFFʣΛ༻͍ͯਪఆͨ͠ྻߦʹΑ

Δ

IVA-AMM(CF)-SMO : CNNʹͮ͘ج࿈هԱϞσϧʢCFʣΛ༻͍ͯਪఆͨ͠ྻߦʹΑ

Δ

IVA-AMM(CC)-SMO : DCAEʹͮ͘ج࿈هԱϞσϧʢCCʣΛ༻͍ͯਪఆͨ͠ྻߦʹ

ΑΔ

ఏҊ͢Δྻߦਪఆ๏ʢIVA-AMM(FF)ɼIVA-AMM(CF)ɼIVA-AMM(CC)ʣͰɼIVA

ʹΑΓٻΊΒΕͨྻߦΛॳظͱͯ͠༻͍ͨɽࢀর৴߸ͷߋ৽ճͷ্ݶ 30ճɼྻߦ

ͷߋ৽ճͷ্ݶ 5000ճͱͨ͠ɽ·ͨɼࣜ (3.16)ʹ͓͚Δֶश µॳظΛ 0.0001ͱ͠ɼ

new-bob๏ʹΑΓಈతʹ੍ͨ͠ޚɽ

ੑͷධՁईͱͯ͠ɼSIRʢsignal-to-interference ratioʣ͓ ΑͼSDRʢsignal-to-distortion

ratioʣΛ༻͍ͨɽSIR৴߸ʹؚ·ΕΔతԻݯҎ֎ͷʹର͢ΔతԻݯͷͷൺΛ

ද͠ɼSDRॲཧʹΑΓੜͨ͡ʹର͢ΔతԻݯͷͷൺΛද͢ɽҎԼʹ SIRɼSDRͷ

Λࣔ͢ɽࣜࢉܭ

SIR [dB]:

1

NsNk

Ns∑

i=1

Nk−1∑

k=0

10 log10

∑Nl−1
l=0 |Si[k, l]|2∑Ns

j=1

∑Nk−1
k=0 (1− δij)|Yij [k, l]|2

(3.22)
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ද 3.2: Relation between separation performance and parameter of associative memory model

L.

(a) SIR [dB]

L=0 L=1 L=2 L=3

IVA(Baseline) 32.76 — — —

IVA-AMM(FF)-SMO — 32.34 32.20 32.25

IVA-AMM(CF)-SMO 33.48 32.72 32.29 32.28

IVA-AMM(CC)-SMO 34.00 33.34 32.94 32.88

(b) SDR [dB]

L=0 L=1 L=2 L=3

IVA(Baseline) 10.12 — — —

IVA-AMM(FF)-SMO — 12.01 11.96 11.94

IVA-AMM(CF)-SMO 11.44 11.93 12.39 12.20

IVA-AMM(CC)-SMO 8.88 11.75 12.12 11.85

SDR [dB]:

1

NsNk

Ns∑

i=1

Nk−1∑

k=0

10 log10

∑Nl−1
l=0 |Si[k, l]|2∑Nl−1

l=0 (|Si[k, l]|− |Yii[k, l]|)2
(3.23)

ͨͩ͠ɼ

Yij [k, l] =
Nm∑

m=1

Wim[k]Hmj [k]Sj [k, l] (3.24)

NlɼNkɼͦΕͧΕϑϨʔϜɼपϏϯΛද͢ɽ·ͨɼδij ɼi = jͷͱ͖ʹ 1ɼi ̸= jͷ

ͱ͖ʹ 0Λฦ͢ɽ

ද 3.2ʹɼSIR͓ΑͼSDRͱ࿈هԱϞσϧͷύϥϝʔλLͱͷؔΛࣔ͢ɽIVA-AMM(CC)-

SMOʹ͓͍ͯɼL=0Convolutional autoencoderΛ༻͍ͨ߹ͱՁʹͳΔɽL͕େ͖͘ͳΔ

΄Ͳɼ࿈هԱϞσϧ͕ਂԽͷӨ͕ڹදΕΔɽ·ͣSIRͷ؍Ͱൺֱ͢ΔͱɼIVA-AMM(FF)-

SMO͓ΑͼIVA-AMM(CF)-SMOɼIVAΑΓྼԽ͢Δ͕͋ΔͷͷɼIVA-AMM(CC)-

SMOɼIVAͷੑΛ্ճΔ͕ΈΒΕͨɽ·ͨɼਂԽ͢ΔʹͭΕͯ SIRྼԽ͢Δ

ʹ࣍ΈΒΕͨɽ͕ SDRͷ؍Ͱൺֱ͢ΔͱɼఏҊ๏Ͳͷ࿈هԱΛ༻͍ͨ߹ʹ͓͍ͯɼ

IVAͷੑΛ্ճΔ͕ΈΒΕͨɽ·ͨɼIVA-AMM(FF)-SMOɼਂԽͷޮՌ͕ΈΒΕ

ͳ͔ͬͨͷͷɼIVA-AMM(CF)-SMO͓Αͼ IVA-AMM(CC)-SMOʹ͓͍ͯɼL = 2

ͷͱ͖ʹ SDR͕࠷େͱͳͬͨɽ

Ҏ্ͷ͜ͱΛ౿·͑ɼҎ߱ͷ࣮ݧͰɼIVA-AMM(FF)-SMOͰL = 1ɼIVA-AMM(CF)-

SMO͓Αͼ IVA-AMM(CC)-SMOͰ L = 2Λ࠾༻ͨ͠ɽ
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3.3.3 ແڥڹʹ͓͚Δೋऀಉൃ࣌ԻͷੑධՁ

ਤ 3.7ʹࣔ͢Α͏ͳڥΛఆ͠ɼೋऀಉൃ࣌Իʹର͢ΔੑΛௐࠪͨ͠ɽ

ධՁσʔλɼγϛϡϨʔγϣϯʹΑΓੜͨ͠ɽΠϯύϧεԠɼਤ Ͱऩڥࣔ͢ʹ3.7

ͨ͠ɽ͜ͷͱ͖ઃఆͨ͠ԻݯҐஔ (θ1,θ2)Λද 3.1ʹࣔ͢ɽຊ࣮ݧͰɼޙ෦ڹͷӨڹΛऔΓআ

ͨ͘Ίʹɼ౸དྷ͔ࠁ࣌Βॳظࣹ౸དྷࠁ࣌·Ͱͷ۠ؒͷΈΛΓग़ͯ͠༻͍ͨɽJNASΑ

Γແ࡞ҝʹબͨ͠ԻʹΠϯύϧεԠΛΈࠐΈɼSNR͕ 0 dBͱͳΔΑ͏ʹࠞ߹͢Δ͜ͱ

Ͱ 180ൃʢ10ऀର × ֤ 3ൃ × ͨ͠ɽ͜ͷೋऀ࡞ԻΛൃ࣌ʣͷೋऀಉ6ํ

ಉൃ࣌Իʹରͯ͠ɼҎԼͷख๏Λద༻͠ɺͦͷੑΛධՁͨ͠ɽ

IVA(Baseline) : IVAʹͮ͘جԻݯ

IVA-AMM(FF)-SMO : DAEʹͮ͘ج࿈هԱϞσϧΛ༻͍ͯਪఆͨ͠ྻߦʹΑΔ

IVA-AMM(CF)-SMO : CNNʹͮ͘ج࿈هԱϞσϧΛ༻͍ͯਪఆͨ͠ྻߦʹΑΔ

IVA-AMM(CC)-SMO : DCAEʹͮ͘ج࿈هԱϞσϧΛ༻͍ͯਪఆͨ͠ྻߦʹΑΔ

ఏҊ͢Δྻߦਪఆ๏ʢIVA-AMM(FF)ɼIVA-AMM(CF)ɼIVA-AMM(CC)ʣͰɼIVA

ʹΑΓٻΊΒΕͨྻߦΛॳظͱͯ͠༻͍ͨɽࢀর৴߸ͷߋ৽ճͷ্ݶ 30ճɼྻߦ

ͷߋ৽ճͷ্ݶ 5000ճͱͨ͠ɽ·ͨɼࣜ (3.16)ʹ͓͚Δֶश µॳظΛ 0.0001ͱ͠ɼ

new-bob๏ʹΑΓಈతʹ੍ͨ͠ޚɽੑͷධՁईɼ3.3.2ͱಉ༷ʹɼSIR͓Αͼ SDRΛ

༻͍ͨɽ

ਤ 3.8(a) ʹɼSIR Λ݁ͨ͠ࢉܭՌΛࣔ͢ɽ࿈هԱΛ༻͍ͯྻߦͷิਖ਼Λͨͬߦ IVA-

AMM(FF)-SMOɼIVA-AMM(CF)-SMO ͓Αͼ IVA-AMM(CC)-SMOɼิਖ਼ΛߦΘ

ͳ͔ͬͨ IVAͱ΄΅ಉͷੑΛࣔͨ͠ɽ༗ҙਫ४ 10%ͰWelchͷ tݕఆΛͨͬߦͱ͜Ζɼ֤

ख๏ؒͰ༗ҙͳࠩΛ֬ೝ͢Δ͜ͱͰ͖ͳ͔ͬͨɽਤ 3.8(b)ʹɼSDRΛ݁ͨ͠ࢉܭՌΛࣔ͢ɽ࿈

هԱΛ༻͍ͯྻߦͷิਖ਼Λͨͬߦ IVA-AMM(FF)-SMOɼIVA-AMM(CF)-SMO ͓

Αͼ IVA-AMM(CC)-SMOɼิਖ਼ΛߦΘͳ͔ͬͨ IVAͷੑΛ্ճͬͨɽ༗ҙਫ४ 1%Ͱ t

ͱ͜ΖɼIVAͱͦͷଞͷख๏ͱͰɼ༗ҙͳࠩΛ֬ೝ͢Δ͜ͱ͕Ͱ͖ͨɽ͜ͷͨͬ͜ߦఆΛݕ

ͱΑΓɼఏҊ๏ IVAʹΑΓੜ͡ΔΛ͢ݮΔޮՌ͕͋Δͱ͑ݴΔɽఏҊ๏ʹ͓͍ͯ༻͍ͨ࿈

هԱͷϞσϧͷҧ͍ʹΑΔޮՌΛ͢ূݕΔͨΊɼ༗ҙਫ४ 1%Ͱ tݕఆΛͨͬߦͱ͜ΖɼIVA-

AMM(FF)-SMOͱ IVA-AMM(CF)-SMOͷؒͰ༗ҙͳࠩΛ֬ೝ͢Δ͜ͱ͕Ͱ͖ͨͷͷɼ

ͦͷଞͷϞσϧؒͰ༗ҙͳࠩΛ֬ೝ͢Δ͜ͱ͕Ͱ͖ͳ͔ͬͨɽ
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ද 3.3: Short time objective intelligibility (STOI) measure averaged over 360 utterances with

their standard deviations.

BSS methods mean stddev

IVA(Baseline) 0.94 0.11

IVA-AMM(FF) 0.82 0.09

IVA-AMM(CF) 0.81 0.10

IVA-AMM(CC) 0.83 0.11

IVA-AMM(FF)-SMO 0.94 0.11

IVA-AMM(CF)-SMO 0.94 0.12

IVA-AMM(CC)-SMO 0.92 0.12

͜ͷ݁ՌΛɼ֤ख๏ʹΑΓܗ͞Εͨࢦಛੑͷ؍͔Β͢ߟΔɽਤ 3.9ʹɼIVA͓Αͼ

IVA-AMM(CC)-SMOʹΑΓܗ͞ΕͨࢦಛੑͷྫΛࣔ͢ɽ͜͜Ͱɼ0 ݯԻʹํ◦

Λஔͨ͠߹ͷྫΛࣔ͢ɽࠓճͷ݅ʹ͓͍ͯɼIVA͓Αͼ IVA-AMM(CC)-SMOͱ

ʹɼ0 ◦ ݅Ͱݧճͷ࣮ࠓ͢Δ͜ͱ͕Ͱ͖͍ͯΔ͜ͱ͕֬ೝͰ͖Δɽ͢ͳΘͪܗΛ֯ࢮʹํ

ɼIVAͷ࣌Ͱेʹ֯ࢮΛԻํ͚ʹΔ͜ͱ͕Ͱ͖͓ͯΓɼ࿈هԱʹΑΔิਖ਼Λద

༻ͯ͠ SIRͷੑͷվળʹେ͖͘د༩͠ͳ͔ͬͨͷͰ͋Δ͜ͱ͕ɼ͑ߟΒΕΔɽ·ͨɼIVA

Ͱ 1000 Hzۙʹ͓͍͕ͯੜ͍ͯ͡Δͷʹରͯ͠ɼIVA-AMM(CC)-SMOͰͦͷӨ͕ڹ

؇͞Ε͍ͯΔ༷͕ࢠΈΒΕΔɽ͜ͷ͜ͱ͔ΒɼఏҊ๏Λ͢ݮΔޮՌ͕͋Δ͜ͱ͕֬ೝ

Ͱ͖Δɽ

ͷख͕͔ࡍΛਪఆ͢ΔྻߦܗͷͰͳ͘ɼઢ͏··ԱϞσϧͷग़ྗΛͦͷهɼ࿈ʹޙ࠷

Γͱͯ͠༻͍Δ͜ͱͷརΛɼ໌ྎੑͷ؍͔Βड़Δɽ໌ྎੑͷईͱͯ͠ओ؍ධՁͱ૬ؔ

ͷ͍ߴͱݴΘΕ͍ͯΔ STOI(Short time objective intelligibility measure) [78]Λ༻͍ͨɽද 3.3

ʹɼSTOIΛ݁ͨ͠ࢉܭՌΛࣔ͢ɽIVA-AMM(FF)ɼIVA-AMM(CF)ɼIVA-AMM(CC)

ͦΕͧΕɼDAEɼCNNɼCAEͷग़ྗΛ৴߸ͱͯ͠༻͍ͨ߹ͷ݁ՌΛࣔ͢ɽ࿈هԱϞσ

ϧͷग़ྗΛͦͷ··༻͍ͨ߹ɼIVAʹରͯ͠ STOIͷ͕ 0.13ఔྼԽ͢ΔɽҰํͰɼ࿈

ͷग़ྗɼIVAͱ΄΅ಉͷੑͰ͋Γɼ0.02ఔྻߦԱϞσϧͷग़ྗΛ༻͍ͯਪఆͨ͠ه

ͷࠩޡͰ͋ͬͨɽͳ͓ɼ༗ҙਫ४ 1%Ͱ tݕఆΛͨͬߦͱ͜ΖɼIVAͱ IVA-AMM(CC)-SMO

ͱͰ༗ҙͳࠩΛ֬ೝ͢Δ͜ͱͰ͖ͳ͔ͬͨɽҎ্ͷ͜ͱΑΓɼ࿈هԱϞσϧͷग़ྗΛ৴߸

ͱͯ͠༻͍ΔΑΓɼྻߦͷਪఆʹ༻͍ͨํ͕໌ྎੑͷ؍ʹ͓͍ͯ༗ޮͰ͋Δͱ͑ݴΔɽ
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ਤ 3.8: Simultaneous speech separation performance with the proposed separation matrix opti-

mization averaged over 180 utterance pairs along with their 99% confidence interval. * denotes

significant difference of 1%; n.s. denotes no significant difference.
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ਤ 3.9: Example of directivity pattern of (a) separation matrix optimized with independent

vector analysis and (b) separation matrix optimized with proposed method. In this case, dis-

turbance is placed at the direction of 0 ◦.
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3.3.4 Τίʔ৴߸আڈʹ͓͚ΔੑͷධՁ

Իݯʹରͯ͠ಠཱͱ͍ݴ͍৴߸ؚ͕·ΕΔ߹ʹ͓͚ΔఏҊ๏ͷ༗ޮੑΛͨ͠ূݕɽ۩ମ

తʹɼਤ 3.7ʹࣔ͢Α͏ͳڥʹ͓͍ͯɼతԻݯͱͯ͠৴߸ x(t)ΛɼԻݯͱͯ͠ɼx(t)

ʹԆ τ ΛՃ͑ͨΤίʔ৴߸ x(t+ τ)Λಉ࣌ʹൃԻ͠ɼͦΕͧΕΛͨ͠ࡍͷੑΛௐࠪͨ͠ɽ

ධՁσʔλγϛϡϨʔγϣϯʹΑΓੜͨ͠ɽΠϯύϧεԠ 3.3.3Ͱ༻͍ͨͷͱಉ͡

ͷΛ༻͍ͨɽԻݯ৴߸ x(t)ͱͯ͠ɼJNASʹؚ·ΕΔ 20 ൃʢঁੑ 20ऀ×֤ऀ 1 ൃʣΛ

ͱͯ͠༻͍ͨɽ·ͨɼΤίʔ৴߸ɼx(t)ͷઌ಄ʹ τ ms ͷແԻ۠ؒΛૠೖ͢Δ͜ͱͰੜͨ͠ɽ

͜͜Ͱ τ ͕ɼ50·ͨ 25 ͱͳΔ߹ͷੑΛௐࠪͨ͠ɽτ ͕͘ͳΕͳΔ΄ͲɼԻݯ৴߸

ͱΤίʔ৴߸ͱͷ૬͕ؔ͘ߴͳΔͨΊɼ͕͘͠ͳΔ͜ͱ͕ఆ͞ΕΔɽԻݯ৴߸͓ΑͼΤ

ίʔ৴߸ʹΠϯύϧεԠΛΈࠐΈɼSNR͕ 0 dBͱͳΔΑ͏ʹॏ͢Δ͜ͱͰɼࠞ߹৴߸ 120

ൃ (ঁੑ 20 ऀ×6 ݅) Λ࡞ͨ͠ɽ͜͏ͯ͠ಘͨࠞ߹৴߸ʹରͯ͠ҎԼͷख๏Λద༻

͠ɼੑΛௐࠪͨ͠ɽ

IVA(Baseline) : IVAʹͮ͘جԻݯɽ

IVA-AMM(FF) : DAEʹͮ͘ج࿈هԱϞσϧΛDAEͱͯ͠༻͍ͨͷɽೖྗͱͯ͠ IVAͷ

ग़ྗΛ༩͑ͨͷग़ྗΛ৴߸ͱͯ͠༻͍Δɽ

IVA-AMM(CF) : CNNʹͮ͘ج࿈هԱϞσϧΛDAEͱͯ͠༻͍ͨͷɽ

IVA-AMM(CC) : DCAEʹͮ͘ج࿈هԱϞσϧΛ༻͍ͨԻݯɽ

IVA-AMM(FF)-SMO : DAEʹͮ͘ج࿈هԱϞσϧΛ༻͍ͯਪఆͨ͠ྻߦʹΑΔɽ

IVA-AMM(CF)-SMO : CNNʹͮ͘ج࿈هԱϞσϧΛ༻͍ͯਪఆͨ͠ྻߦʹΑΔɽ

IVA-AMM(CC)-SMO : DCAEʹͮ͘ج࿈هԱϞσϧΛ༻͍ͯਪఆͨ͠ྻߦʹΑΔɽ

ఏҊ͢Δྻߦਪఆ๏ʢIVA-AMM(FF)-SMOɼIVA-AMM(CF)-SMOɼIVA-AMM(CC)-

SMOʣͰɼIVAʹΑΓٻΊΒΕͨྻߦΛॳظͱͯ͠༻͍ͨɽࢀর৴߸ͷߋ৽ճͷ্ݶ

 30ճɼྻߦͷߋ৽ճͷ্ݶ 5000ճͱͨ͠ɽ·ͨɼࣜ (3.16)ʹ͓͚Δֶश µॳ

Λظ 0.0001ͱ͠ɼnew-bob๏ʹΑΓಈతʹ੍ͨ͠ޚɽ

ੑɼ3.3.2Ͱઆ໌ͨ͠ SIR ͓Αͼ SDRɼ͓ΑͼɼVincentΒ [74]͕ఏҊͨ͠ signal-to-

interference ratio (SIR)ɼsignal-to-distortion ratio (SDR)ɼsignal-to-artifacts ratio (SAR)ʹΑ

ΓධՁͨ͠ɽ͜ΕΒͷईɼख๏ʹґଘͤͣʹධՁ͕ՄͰ͋Γɼ࿈هԱͷग़ྗΛ
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৴߸ͱͯ͠༻͍Δ߹ͱɼྻߦͷਪఆʹ༻͍ͨ߹ͱͰͷੑൺֱ͕ՄͱͳΔɽ·ͨɼԻ

ͷίϯϖςΟγϣϯͰ͋Δݯ SiSec [79]ʹͯ༻͍ΒΕ͍ͯΔɽҎ߱Ͱɼ͜ΕΒͷईͷࢉܭ

ํ๏Λઆ໌͢Δɽ·ͣɼ৴߸ ŝi(t)ΛҎԼͷΑ͏ʹղ͢Δɽ

ŝi(t) = s̄i(t) + e(spat)(t)ɹ+ e(interf)(t) + e(noise)(t) + e(artif)(t) (3.25)

s̄(t)తԻݯͷΛද͠ɼe(spat)(t)ɼe(interf)(t)ɼe(noise)(t)ɼe(artif)(t)ͦΕͧΕɼ৴

߸ͱԻݯ৴߸ͱͷࠩޡʢۭؒతͳʣɼԻݯͷɼϚΠΫϩϗϯͰ؍ଌ͞ΕΔϊΠζ

ɼʹΑΓੜ͡ΔϊΠζΛද͢ɽ͜ΕΒɼҎԼͷΑ͏ʹ͞ࢉܭΕΔɽ

s̄i(t) = Psi ŝi(t) (3.26)

e(spat) = ŝi(t)− s̄i(t) (3.27)

e(interf) = Psŝi(t)− s̄i(t) (3.28)

e(noise) = Ps,nŝi(t)−Psŝi(t) (3.29)

e(artif) = ŝi(t)−Ps,nŝi(t) (3.30)

Psi = Π{si} (3.31)

Ps = Π{s1, · · · , sNs} (3.32)

Ps,n = Π{s1, · · · , sNs , n1, · · · , nNm} (3.33)

si͓Αͼ niɼͦΕͧΕɼԻݯ৴߸͓ΑͼϚΠΫϩϗϯͰ؍ଌ͞ΕΔͷϊΠζΛද͢ɽ·ͨPa =

Π{a1, a2, · · · , aN}ɼϕΫτϧ {a1, a2, · · · , aN}ͰுΒΕΔ෦ۭؒͷަࣹӨ࡞༻ૉΛද͢ɽ

͜ͷ͏ͪɼe(spat)Ի࣭ͷҧ͍Λද͢ͷͰ͋ΓɼԻݯੑʹد༩͠ͳ͍Ͱ͋Δͱ͑ߟ

Δɽ࣍ʹ͜ΕΒͷཁૉΛ༻͍ͯɼSIRɼSDR͓Αͼ SARΛҎԼͷࣜʹΑΓٻΊΔɽ

SIR [dB] := 10 log10
||ŝi(t) + e(spat)(t)||2

||e(interf)||2
(3.34)

SDR [dB] := 10 log10
||ŝi(t) + e(spat)(t)||2

||e(interf) + e(noise) + e(artif)||2
(3.35)

SAR [dB] := 10 log10
||ŝi(t) + e(spat)(t) + e(interf) + e(noise)||2

||e(artif)||2
(3.36)

͢ͳΘͪɼSIRԻݯʹର͢ΔతԻݯͷͷൺɼSDRతԻݯҎ֎ͷʹର͢Δ

తԻݯͷͷൺɼSARʹΑΓੜͨ͡ʹର͢ΔͦͷଞͷͷൺΛͦΕͧΕද͢ɽ

ਤ 3.10ʹධՁσʔλ 120ൃʹର͢Δ SIR͓Αͼ SDR ͷฏۉͱ 99 %৴པ۠ؒΛࣔ͢ɽSDR

ͷ؍ͰΈΔͱɼఏҊ๏ʹΑΓྻߦΛਪఆͨ͠ IVA-AMM(FF)-SMOɼIVA-AMM(CF)-

SMOɼIVA-AMM(CC)-SMO IVAͷੑΛ্ճͬͨɽ͜ͷ͜ͱΑΓɼఏҊ๏Ի͕ݯඇಠ
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ཱͳ߹ʹ͓͍ͯɼIVAʹΑΓੜ͡ΔΛ͢ݮΔޮՌ͕͋Δ͜ͱ͕͑ݴΔɽSIRͷ؍ͰΈΔ

ͱɼIVA-AMM(FF)-SMO͓Αͼ IVA-AMM(CF)-SMOɼIVAͷੑΛԼճͬͨɽҰํ

ͰɼIVA-AMM(CC)-SMO IVAͱಉͷੑΛࣔͨ͠ɽਤ 3.11ʹɼτ=50 msͱͨ͠ࡍͷ

ධՁσʔλ 120ൃʹର͢Δจݙ [74]Ͱఆٛ͞ΕΔ SIRɼSDR͓Αͼ SARͷฏۉͱɼ99%৴

པ۠ؒΛࣔ͢ɽSIRͷ؍ͰΈΔͱɼIVA-AMM(FF)ɼ IVA-AMM(CF) IVAͱಉͰ

͕͋ͬͨɼIVA-AMM(CC) IVAͷੑΛ্ճͬͨɽ͔͠͠ɼSDRɼSAR IVAͷੑΛ

Լճͬͨɽ͜ͷ͜ͱΑΓɼIVA-AMM(CC)Λ༻͍Δ͜ͱʹΑΓɼੑվળ͢Δͷͷ

͕ଟ͘ൃੜͯ͠͠·͏͜ͱ͕͔ΔɽҰํͰɼઢܗྻߦΛ༻͍ͨ IVA-AMM(FF)-SMOɼ

IVA-AMM(FF)-SMO͓Αͼ IVA-AMM(CC)-SMO IVAͱൺֱͯ͠ɼSIR͓Αͼ SDR

͕վળ͢Δ༷͕ࢠΈΒΕΔɽ͜ΕɼఏҊ๏ʹΑΔ͕ͷӨڹΛͭͭ͠ݮɼԻʹର͢

ΔੑΛվળ͢ΔޮՌ͕͋Δ͜ͱΛ͍ࣔͯ͠Δɽ

ਤ 3.12ʹɼτ=25 msͱͨ͠ࡍͷධՁσʔλ 120ൃʹର͢Δจݙ [74]Ͱఆٛ͞ΕΔ SIRɼSDR

͓Αͼ SARͷฏۉͱɼ99%৴པ۠ؒΛࣔ͢ɽ͜ͷ݅Ͱɼτ=50 msͷ߹ͱൺֱͯ͠ɼΤ

ίʔ৴߸ͱԻݯ৴߸ͱͷ૬͕ؔ͘ߴͳΔͨΊɼ͕͍͠ɽIVA-AMM(FC) ͓Αͼ IVA-

AMM(CC)ɼIVAΑΓ͍ߴ SIRΛ͕ࣔͨ͠ɼSDR͓Αͼ SARྼԽͨ͠ɽҰํͰɼఏҊ๏

ʹΑΓྻߦΛߋ৽ͨ͠ɼIVA-AMM(FC)-SMO͓Αͼ IVA-AMM(CC)-SMOɼSIRɼ

SDRɼSARͯ͢ͷධՁईʹ͓͍ͯ IVAͷੑΛ্ճͬͨɽҎ্ͷ݁ՌΑΓɼఏҊ๏ɼԻ

ͱ͕ՄͰ͜͏ߦɼͷগͳ͍Λ͘ߴԻͷѹੑ͕ಠཱग़ͳ͍߹ʹ͓͍ͯɼ͕ݯ

͋Δͱ͍͏͜ͱ͕Ͱ͖Δɽ
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ਤ 3.10: Echo canceling performance with the proposed separation matrix optimization averaged

over 120 utterance pairs along with their 99% confidence interval. * denotes significant difference

of 5 %; ** denotes significant difference of 1%; n.s. denotes no significant difference.
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ਤ 3.11: Echo canceling performance (τ=50ms) with the proposed separation matrix optimiza-

tion averaged over 120 utterances along with their 99% confidence interval. SIR, SDR and SAR

are defined in the literature [74].
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ਤ 3.12: Echo canceling performance (τ=25ms) with the proposed separation matrix optimiza-

tion averaged over 120 utterances along with their 99% confidence interval. SIR, SDR and SAR

are defined in the literature [74].
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3.3.5 ΔੑͷධՁ͚͓ʹڥΔ͢ࡏɾࣹ͕ଘڹ

3.3.3ͰɼࣹΛؚ·ͳ͍ڥͰͷೋऀಉൃ࣌Իͷʹ͓͍ͯɼఏҊ๏͕༗ޮͰ

͋Δ͜ͱΛ֬ೝͨ͠ɽ·ͨ 3.3.4ͰɼΤίʔ৴߸ͷΑ͏ʹԻݯʹରͯ͠ඇಠཱͳ৴߸Λ͢Δ

͍͓ͯʹڥࣹΛؚΉΑ͏ͳڹɼఏҊ๏͕༗ޮͰ͋Δ͜ͱΛ֬ೝͨ͠ɽ͜͜Ͱɼʹࡍ

ఏҊ๏͕༗ޮͰ͋Δ͔Ͳ͏͔Λͨ͠ূݕɽ

ධՁσʔλγϛϡϨʔγϣϯʹΑΓੜͨ͠ɽΠϯύϧεԠɼRWCP࣮ڥԻԻڹσʔ

λϕʔεʢthe Real Word Computing Partnership Sound Scene Database: RWCP-SSD) [80]ʹ

ؚ·ΕΔͷΛ༻͍ͨɽ࣮ݧʹ༻͍ͨΠϯύϧεԠͷऩԻڥͷ݅Λɼද 3.4ʹࣔ͢ɽJNAS

ΑΓແ࡞ҝʹநग़ͨ͠ঁੑऀ͕ൃͨ͠ԻʹΠϯύϧεԠΛΈࠐΈɼSNR͕ 0 dBͱͳΔ

Α͏ʹॏ͢Δ͜ͱͰ 30ൃʢ10ऀର × ֤ 3ൃʣͷೋऀಉൃ࣌ԻΛ࡞ͨ͠ɽ͜

͜Ͱɼಉ༷ͷํ๏Ͱɼஉੑऀ͕ൃͨ͠ೋऀಉൃ࣌Ի 30ൃ࡞ͨ͠ɽ͜ͷೋऀಉ

Իʹରͯ͠ɼҎԼͷख๏Λద༻͠ɼͦͷੑΛධՁͨ͠ɽൃ࣌

IVA(Baseline) : IVAʹͮ͘جԻݯ

IVA-AMM(FF) : DAEʹͮ͘ج࿈هԱϞσϧʢFFʣΛDAEͱͯ͠༻͍ͨͷɽೖྗͱ͠

ͯ IVAͷग़ྗΛ༩͑ͨࡍͷग़ྗΛ৴߸ͱͯ͠༻͍Δɽ

IVA-AMM(CF) : CNNʹͮ͘ج࿈هԱϞσϧʢCFʣΛDAEΛͱͯ͠༻͍ͨͷɽ

IVA-AMM(CC) : DCAEʹͮ͘ج࿈هԱϞσϧʢCCʣΛDAEͱͯ͠༻͍ͨͷ

IVA-AMM(FF)-SMO : IVA-AMM(FF)Λ༻͍ͯਪఆͨ͠ྻߦʹΑΔ

IVA-AMM(CF)-SMO : IVA-AMM(CF)Λ༻͍ͯਪఆͨ͠ྻߦʹΑΔ

IVA-AMM(CC)-SMO : IVA-AMM(CC)Λ༻͍ͯਪఆͨ͠ྻߦʹΑΔ

ఏҊ͢Δྻߦਪఆ๏Ͱ͋ΔIVA-AMM(FF)-SMOɼIVA-AMM(CF)-SMOɼIVA-AMM(CC)-

SMO ͰɼIVAʹΑΓٻΊΒΕͨྻߦΛॳظͱͯ͠༻͍ͨɽࢀর৴߸ͷߋ৽ճͷ্ݶ

 30ճɼྻߦͷߋ৽ճͷ্ݶ 5000ճͱͨ͠ɽ·ͨɼࣜ (3.16)ʹ͓͚Δֶश µॳ

Λظ 0.0001ͱ͠ɼnew-bob๏ʹΑΓಈతʹ੍ͨ͠ޚɽ

ੑɼVincentΒ͕ఏҊͨ͠ signal-to-interference ratio (SIR)ɼsignal-to-distortion ratio

(SDR)ɼsignal-to-artifacts ratio (SAR) [74]ʹΑΓධՁͨ͠ɽਤ 3.14ʹධՁσʔλ 900ൃʹର
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ද 3.4: Experimental setup for simultaneous speech separation in reverberant environment.

Reverberation time (RT60) 300 ms

Number of sources 2

Number of microphones 2

Distance between microphones to sources 200 cm

Distance between microphones 2.83 cm

(-20,-40),(-20,-80),(-20,20).(-20,40),(-20,80),

(-40,-20),(-40,-80),(-40,20).(-40,40),(-40,80),

Source direction of (θ1,θ2) (-80,-20),(-80,-40),(-80,20).(-80,40),(-80,80),

(20,-20),(20,-40),(20,-80).(20,40),(20,80),

(40,-20),(40,-40),(40,-80).(40,20),(40,80),

(80,-20),(80,-40),(80,-80).(80,20),(80,40)

͢Δ SIRɼSDR͓Αͼ SIRͷฏۉͱ 99 %৴པ۠ؒΛࣔ͢ɽ͜͜Ͱɼख๏ؒͷࠩΛௐ

ΔͨΊʹWelchͷ tݕఆΛͨͬߦɽͦͷ݁ՌΛද 3.6ʹࣔ͢ɽ

࿈هԱϞσϧͷग़ྗΛ৴߸ͱͯ͠༻͍ͨͱ͖ɼIVA-AMM(FF)ͱ IVA΄΅ಉͷ

SIRΛ͕ࣔͨ͠ɼIVA-AMM(CF)͓Αͼ IVA-AMM(CC)ɼIVAΑΓ͍ߴ SIRΛࣔ͠

ͨɽ͜ͷ͜ͱΑΓɼεϖΫτϧΛہॴతͳύλʔϯͷΈ߹Θͤͱྀͯͨ͠͠ߟ࿈هԱϞσϧ

Λ༻͍Δ͜ͱͰɼԻΛѹ͢Δ͜ͱ͕ՄͰ͋Δͱ͑ݴΔɽҰํͰɼSDRͱ SARͷ؍Ͱൺ

ֱ͢Δͱɼ࿈هԱϞσϧͷग़ྗ IVAΑΓྼͬͯ͠·͏͕͋Δ͜ͱ͕Θ͔ͬͨɽ͢ͳΘ

ͪɼ࿈هԱʹΑΓਪఆ͞Εͨࢀর৴߸ɼઢܗྻߦͷग़ྗΑΓ͕ଟؚ͘·Εͯ͠·͏

ͨΊɼࢀর৴߸Λͦͷ··৴߸ͱͯ͠༻͍Δ͜ͱ͍͠ͱ͍͑ΔɽSDRɺSIRͷྼԽݪҼ

ͱͯ͠ɼ࿈هԱϞσϧʹΑΓਪఆ͞ΕͨεϖΫτϧ͕౷ܭॲཧʹΑΔฏԽͷӨڹΛड͚ͨ

ͷͰ͋Δ͜ͱ͕͛ڍΒΕΔɽ࿈هԱʹΑΓग़ྗ͞ΕͨεϖΫτϧͷपଳҬຖͷඪ४ภࠩΛ

ௐͨͱ͜ΖɼԻݯ৴߸ͷεϖΫτϧʹൺͯ 3dBఔԼ͍ͯ͠Δ͜ͱ͕໌Β͔ͱͳͬͨɽ͜

ͷ͜ͱ͔Βɼ࿈هԱʹΑΓग़ྗ͞ΕͨεϖΫτϧ͕ฏԽͷӨڹΛड͚͍ͯΔͱ͍͑Δɽ

࿈هԱͷग़ྗΛ༻͍ͯྻߦΛਪఆͨ͠ఏҊ๏IVA-AMM(FF)-SMOɼIVA-AMM(CF)-

SMO͓Αͼ IVA-AMM(CC)-SMOɼSIRɼSDR͓Αͼ SARͯ͢ͷධՁईʹ͓͍ͯɼ

IVAΑΓ͍ߴΛࣔͨ͠ɽ͢ͳΘͪɼఏҊ๏ؚࣹ͕ڹ·ΕΔڥʹ͓͍ͯɼIVAʹ

ΑΓੜ͡ΔͷӨڹΛͭͭ͠ݮɼԻΛѹ͢Δ͜ͱ͕Մͳख๏Ͱ͋Δͱ͑ݴΔɽఏҊ๏

ͷதͰɼΤϯίʔυɾσίʔυڞʹεϖΫτϧͷہॴతͳߏΛྀͨ͠ߟ࿈هԱϞσϧΛ༻

͍ͨ IVA-AMM(CC)-SMO͕࠷ੑ͍ߴΛࣔͨ͠ɽ͜ͷ͜ͱΑΓɼఏҊ๏ͷΈͰ࿈

هԱͱͯ͠ IVA-AMM(CC)Λ༻͍Δ͜ͱ͕ޮՌతͰ͋Δͷͱ͑ߟΔ͜ͱ͕Ͱ͖Δɽ
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ද 3.5: Significant difference in results for simultaneous speech separation of female pair using

IVA and the proposed linear BSS. FF, CF and CC denote AMM(FF), AMM(CF) and

AMM(CC), respectively. *: significant difference of 5%; **: significant difference of 1%; n.s.:

no significant difference; —: not tested.

(a) SIR

IVA-FF IVA-CF IVA-CC IVA-FF-SMO IVA-CF-SMO IVA-CC-SMO
IVA * ** ** ** ** **

IVA-FF — ** ** * ** **
IVA-CF ** — * ** n.s. **
IVA-CC ** ** — ** * **

IVA-FF-SMO ** ** ** — ** **
IVA-CF-SMO ** n.s. * ** — **
IVA-CC-SMO ** ** ** ** ** —

(b) SDR

IVA-FF IVA-CF IVA-CC IVA-FF-SMO IVA-CF-SMO IVA-CC-SMO
IVA ** ** ** ** ** **

IVA-FF — n.s. ** ** ** **
IVA-CF n.s. — ** ** ** **
IVA-CC ** ** — ** ** **

IVA-FF-SMO ** ** ** — ** **
IVA-CF-SMO ** ** ** ** — **
IVA-CC-SMO ** ** ** ** ** —

(c) SAR

IVA-FF IVA-CF IVA-CC IVA-FF-SMO IVA-CF-SMO IVA-CC-SMO
IVA ** ** ** ** ** **

IVA-FF — ** ** ** ** **
IVA-CF ** — ** ** ** **
IVA-CC ** ** — ** ** **

IVA-FF-SMO ** ** * * — ** **
IVA-CF-SMO ** ** ** ** — **
IVA-CC-SMO ** ** ** ** ** —
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ද 3.6: Significant difference in results for simultaneous speech separation of male pair using

IVA and the proposed linear BSS. FF, CF and CC denote AMM(FF), AMM(CF) and

AMM(CC), respectively. *: significant difference of 5%; **: significant difference of 1%; n.s.:

no significant difference; —: not tested.

(a) SIR

IVA-FF IVA-CF IVA-CC IVA-FF-SMO IVA-CF-SMO IVA-CC-SMO
IVA n.s. ** ** ** ** **

IVA-FF — ** ** ** ** **
IVA-CF ** — ** n.s. ** **
IVA-CC ** ** — ** n.s. **

IVA-FF-SMO ** n.s. ** — ** **
IVA-CF-SMO ** ** n.s. ** — **
IVA-CC-SMO ** ** ** ** ** —

(b) SDR

IVA-FF IVA-CF IVA-CC IVA-FF-SMO IVA-CF-SMO IVA-CC-SMO
IVA ** ** ** ** ** **

IVA-FF — ** ** ** ** **
IVA-CF ** — ** ** ** **
IVA-CC ** ** — ** ** **

IVA-FF-SMO ** ** ** — ** **
IVA-CF-SMO ** ** ** ** — **
IVA-CC-SMO ** ** ** ** ** —

(c) SAR

IVA-FF IVA-CF IVA-CC IVA-FF-SMO IVA-CF-SMO IVA-CC-SMO
IVA ** ** ** ** ** **

IVA-FF — ** ** ** ** **
IVA-CF ** — ** ** ** **
IVA-CC ** ** — ** ** **

IVA-FF-SMO ** ** * * — ** **
IVA-CF-SMO ** ** ** ** — **
IVA-CC-SMO ** ** ** ** ** —
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(a) SIR

(b) SDR

(c) SAR

ਤ 3.13: Evaluation of IVA and the proposed AMM-based linear BSS for female pair, where

SDR, SIR and SAR were averaged over 900 utterances and the results are shown with their 99

% confidence intervals.
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(a) SIR

(b) SDR

(c) SAR

ਤ 3.14: Evaluation of IVA and the proposed AMM-based linear BSS for male pair, where SDR,

SIR and SAR were averaged over 900 utterances and the results are shown with their 99 %

confidence intervals.
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ਤ 3.15: Separation performance using the proposed separation matrix optimization method

(IVA-DCAE-SMO) with and without IVA post-processing averaged over 900 utterances as

well as their 99 % confidence intervals. w/o IVA is the same as IVA-DCAE-SMO. w/ IVA

indicates that IVA was applied to the separation matrix optimized using IVA-DCAE-SMO.

3.2.4અͰɼఏҊ๏ʹΑΔߋྻߦ৽Λ͜͏ߦͱʹΑΓग़ྗ৴߸ؒͷಠཱੑ͕େ͖͘ͳΔ͜

ͱΛࣔͨ͠ɽͦͷޮՌΛఆྔతʹ֬ೝ͢ΔͨΊɼఏҊ๏ʹΑΓਪఆ͞ΕͨྻߦΛॳظͱ͠

IVAΛద༻ͨ͠ࡍͷੑΛௐࠪͨ͠ɽͦͷ݁Ռɼਤ 3.15ʹࣔͨ͠Α͏ʹɼIVAద༻ͷ༗ແʹ

Αͬͯੑʹେ͖ͳมԽΈΒΕͳ͔ͬͨɽ͜ͷ͜ͱΑΓɼఏҊ๏৴߸͕ԻΒ͘͠ͳ

ΔΑ͏ʹ͢Δ͚ͩͰͳ͘ɼ͍ޓʹಠཱͱͳΔΑ͏ʹ͢ΔޮՌ͕͋Δͱ͑ߟΔ͜ͱ͕Ͱ͖Δɽ
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3.4 ·ͱΊ

Իʹର͢Δѹੑ͕͘ߴ͕গͳ͍ϒϥΠϯυԻݯͷ࣮ݱΛͯ͠ࢦɼԻͷεϖ

ΫτϧΛֶशͨ͠࿈هԱϞσϧΛ༻͍ͯઢܗྻߦΛਪఆ͢Δํ๏ΛఏҊͨ͠.

ICA IVAͳͲʹද͞ΕΔઢܗྻߦΛ༻͍ͨख๏ͷগͳ͍ख๏ͱΒΕ͍ͯΔ.͠

͔͠ɼྻߦͷਪఆʹԻݯͷಠཱੑͷԾఆ͕͘༻͍ΒΕ͓ͯΓɼಠཱੑͷԾఆͰԻݯͰ͋

ΔԻΒ͕͠͞ཅʹѻΘΕ͍ͯͳ͍.·ͨɼԻݯʹରͯ͠ಠཱͱ͍ݴ͍৴߸͕ࠞೖͨ͠߹ʹ

ɼಠཱੑʹ͖ͮج͢Δ͜ͱ͕͍͠ͱ͍͏՝͕͋Δ.ҰํఏҊ๏ɼ࿈هԱϞσϧΛ༻

͍Δ͜ͱͰԻΒ͠͞Λཅʹѻ͍ͳ͕ΒྻߦΛਪఆ͢Δ.·ͨɼಠཱੑͷԾఆෆཁͳͨΊɼ

ಠཱͱ͍ݴ͍৴߸͕ࠞೖͨ͠߹Ͱ͕ՄͱͳΔ.

ຊষͰೋऀಉൃ࣌Իͷ࣮ݧʹΑΓɼఏҊ๏͕ಠཱੑʹ͖ͮجྻߦΛਪఆͨ͠

߹ΑΓ͕গͳ͘Իʹର͢Δѹੑ͕͍͜ߴͱΛࣔͨ͠ɽ·ͨɼԻݯʹରͯ͠ඇಠཱ

ͳ৴߸ͱͯ͠Τίʔ৴߸͕ॏ͞Εͨ৴߸ʹର͢ΔੑΛௐࠪ͠ɼఏҊ๏ͷ༗ޮੑΛ֬ೝ͠

ͨɽఏҊ๏Ͱ͞Εͨ৴߸ؒͷಠཱੑΛཅʹѻΘͳ͍͕ɼ͞Εͨ৴߸͕͍ޓಠཱʹͳΔ

Α͏ʹ͢ΔޮՌ͕͋Δ͜ͱࣔͨ͠ɽ
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ୈ4ষ ܗઢͮ͘جʹԱهपϚεΫͱ࿈ؒ࣌
BSSͷλϯσϜଓܕԻݯ

4.1 ͡Ίʹ

ͮ͘جʹपϚεΫؒ࣌ BSSͷޙஈʹ࿈هԱΛ༻͍ͨઢܗྻߦਪఆ๏Λద༻͢Δλϯ

σϜଓܕԻݯΛ։ൃ͠ɼͷൃੜྔ͓ΑͼԻͷੑ͕͍ߴʹڞԻݯΛ࣮ͨ͠ݱɽ

๏ɼෳͷख๏ͷλϯσํͮ͘جʹॲཧܗ๏ɼඇઢํͮ͘جʹॲཧܗख๏ɼઢݯଘͷԻط

Ϝଓʹํͮ͘ج๏ʹྨ͢Δ͜ͱ͕Ͱ͖Δɽඇઢܗॲཧʹํͮ͘ج๏ͷදྫͱͯ͠ɼؒ࣌प

ϚεΫΛ༻͍ͨํ๏ ԻͷΛޮՌతʹѹ͢Δ͜ͱ͕ՄΒΕΔɽ͜ͷํ๏ɼ͛ڍ͕[12]

Ͱ͋Δ͕ɼϛϡʔδΧϧϊΠζͳͲͷඇઢܗ͕ൃੜ͢ΔɽҰํɼಠཱੳʢIndependent

component analysis: ICA) [39]ಠཱϕΫτϧੳʢIndependent vector analysis: IVA) [40]ͳ

Ͳʹද͞ΕΔઢܗॲཧʹํͮ͘ج๏ɼඇઢܗ͕ݪཧతʹൃੜ͠ͳ͍ͱ͍͏ར͕͋Δɽ͠

͔͠ɼ͍ڧࣹԻ͕ଘ͢ࡏΔɼ͕͋ڹΔڥͳͲɼ݅ʹ͓͍ͯੑ͕ྼԽ͢Δɽλϯ

σϜଓʹํͮ͘ج๏ɼͦΕΒͷख๏ΛΈ߹ΘͤΔ͜ͱͰͦΕͧΕͷܽΛิ͍߹͏ͷͰ

͋Δɽྫ͑ɼICAͱؒ࣌पϚεΫΛΈ߹Θͤͨํ๏ [51, 52]ɼSMDP(Segrigation using

multiple directivity pattern) [53]ͳͲɼઢܗॲཧͷޙஈʹඇઢܗॲཧΛΈ߹ΘͤΔ͜ͱͰઢܗ

ॲཧͷੑΛվળ͢Δ͜ͱ͕ՄͱͳΔɽଞʹɼؒ࣌पϚεΫͷޙஈʹ ICAΛద༻͢

Δ͜ͱʹΑΓɼؒ࣌पϚεΫʹΑͬͯੜͨ͡ͷӨڹΛ͢ݮΔ͜ͱ͕ՄͰ͋Δͱ͍͏ใ

Δ͕͋ࠂ [55]ɽ

ຊষͰɼؒ࣌पϚεΫͷརͰ͋ΔԻѹੑΛөͭͭ͠ɼܽͰ͋ΔͷӨڹ

Λ͢ݮΔλϯσϜଓܕԻݯΛఏҊ͢Δɽઢܗॲཧͱͯ͠ɼ3ষͰݕ౼ͨ͠DCAEΛ༻

͍ͨઢܗྻߦਪఆ๏Λ༻͍Δɽ͜͜Ͱɼؒ࣌पϚεΫͱઢܗॲཧͷΈ߹Θͤํ๏ͱ

ͯ͠ɼඇઢܗॲཧͱઢܗॲཧͷ୯७ଓɼઢܗॲཧͷΈͰߏͨ͠ํ๏ͷ 2ͭΛݕ౼ͨ͠ɽඇઢ

ݙॲཧͷ୯७ଓͰɼจܗॲཧͱઢܗ [55]ͱಉ༷ʹɼ·ͣɼؒ࣌पϚεΫʹΑΓਪఆ͞Ε

ͨ৴߸ʹରͯ͠ɼIVAΛద༻͢Δ͜ͱͰྻߦΛٻΊΔɽͦͯ͠ɼྻߦʹରͯ͠࿈

ஈޙԻΛѹ͞ΕΔͨΊɼपϚεΫʹΑΓؒ࣌ਪఆΛద༻͢Δɽྻߦͮ͘جʹԱه
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ͷઢܗॲཧ͕վળ͞ΕΔ͜ͱ͕ظͰ͖Δɽ·ͨɼؒ࣌पϚεΫͷग़ྗʹඇઢܗؚ͕·

ΕΔ͕ɼ͜ͷӨڹޙஈͷઢܗॲཧʹΑΓ͞ݮΕΔ͜ͱΛظ͢ΔɽઢܗॲཧͷΈͰߏͨ͠

ํ๏Ͱɼؒ࣌पϚεΫΛͦͷ··༻͍ΔͷͰͳ͘ɼಉͷॲཧΛઢܗྻߦͰۙ͢ࣅ

ΔɽͦͷྻߦΛॳظͱͯ͠ IVAΛద༻͠ɼ࿈هԱʹͮ͘جྻߦਪఆΛ͏ߦɽ͜ͷํ

๏ʹ͓͍ͯɼ؍ଌ৴߸͔Β৴߸ΛٻΊΔॲཧ͕ઢܗॲཧͷΈͰߏ͞ΕΔͨΊɼඇઢܗ

ཧతʹൃੜ͠ͳ͍ͱ͍͏ར͕͋Δɽݪ͕

ຊख๏ͷ༗ޮੑΛ͢ূݕΔͨΊʹɼ͕ڹଘ͢ࡏΔڥʹ͓͚Δೋऀಉൃ࣌Իͷ࣮

पؒ࣌ਪఆΛΈ߹ΘͤΔͨΊʹɼྻߦܗपϚεΫͱઢؒ࣌ɽͦͷ݁ՌɼͨͬߦΛݧ

ϚεΫΛͦͷ··༻͍ΔͷͰͳ͘ɼઢܗॲཧʹ্ۙͨ͠ࣅͰ༻͍Δ͜ͱ͕ޮՌతͰ͋Δ͜

ͱΛ֬ೝͨ͠ɽ

4.2 ख๏֓ཁ

ΛݱΛ࣮ݯԻܕਪఆΛΈ߹ΘͤͨλϯσϜଓྻߦͮ͘جʹԱهपͱ࿈ؒ࣌

͠ࢦɼඇઢܗॲཧͱઢܗॲཧͷ୯७ଓɼඇઢܗॲཧΛઢܗॲཧʹ্ۙͨ͠ࣅͰઢܗॲཧͱ

ଓ͢Δ 2ͭΈΛݕ౼ͨ͠ɽҎ߱Ͱɼ͜ΕΒͷํ๏Λ֓͢؍Δɽ

ඇઢܗॲཧͱઢܗॲཧͷ୯७ଓʹͮ͘جΈ

ਤ 4.1 ʹࣔ͢Α͏ʹɼؒ࣌पϚεΫΛద༻ͨ͠৴߸ʹରͯ͠ઢܗྻߦΛద༻͢Δɽ

ޙલʹͦΕΒͷ৴߸Λѹ͢Δ͜ͱͰࣄΊɼ͍ͨߴͷѹੑ͕ݯԻपϚεΫؒ࣌

ஈͷઢܗྻߦͷਪఆੑ͕վળ͞ΕΔ͜ͱΛظ͍ͯ͠Δɽ͜͜Ͱɼؒ࣌पϚεΫ

Mn[k, l] 3.2.3અͰࣔͨ͠ํ๏ʹΑΓٻΊΔͷͱ͢Δɽ͜ͷͱ͖ɼԻ͕ݯѹ͞Εͨ৴߸

Y(BM)[k, l]=[Y (BM)
1 [k, l], · · · , Y (BM)

Ns
[k, l]]T ԼࣜʹΑΓٻΊΔ͜ͱ͕Ͱ͖Δɽ

Y(BM)[k, l] = M[k, l] ◦ Z[k, l] , (4.1)

M[k, l] = [M1[k, l], · · · ,MNs [k, l]] , (4.2)

͜͜Ͱɼ◦ཁૉੵΛද͢ɽ͜ͷΈͰɼY(BM)[k, l]Λ؍ଌ৴߸ͱΈͳ͠ɼIVAΛద༻͢Δ͜

ͱͰྻߦW(0)[k]ΛٻΊΔɽͦͯ͠ɼW(0)[k]ΛઢܗྻߦͷॳظͱఆΊɼ3.2.3અʹࣔ

ͨ͠ํ๏ʹΑΓྻߦΛิਖ਼͢Δɽલड़ͷΑ͏ʹɼY(BM)[k, l]ʹඇઢܗؚ͕·ΕΔ͕ɼ

ྻߦΛ༻͍Δ͜ͱͰͦͷӨ͕ڹ͞ݮΕΔ͜ͱΛظ͍ͯ͠Δɽ
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ਤ 4.1: Tandem connectionist BSS based on the simple connection of TF masking and linear

separation filtering. The outputs of the TF mask for M[k, l] were transformed by W(0)[k] and

U[k] to obtain the source estimates. IVA was applied to the outputs of the TF mask and yield

separation matrix W(IVA)[k]. The matrix was used as the initial separation matrix W(0)[k] and

the proposed separation matrix optimization method was applied. Note that the AMM used for

separation matrix updating was trained using the IVA output following TF masking IVA and

its corresponding dry source in order to consider the effect of musical noise.

ઢܗॲཧͷΈͰߏͨ͠ํ๏

ਤ 4.2ʹࣔ͢Α͏ʹɼઢܗॲཧͷΈͰߏ͢Δɽઌड़ͷ௨Γɼؒ࣌पϚεΫΛ༻͍Δͱඇ

ઢܗͷӨؚ͕ڹ·Εͯ͠·͏ɽ͜ͷΈͰɼؒ࣌पϚεΫΛͦͷ··༻͍ΔͷͰͳ

͘ɼग़ྗ͕࠷Y(BM)[k, l]ʹۙ͘ͳΔઢܗมྻߦ P̄[k] Λ༻͍Δ͜ͱʹΑΓɼඇઢܗͷӨڹ

Λ͞ݮΕΔ͜ͱΛظ͍ͯ͠ΔɽY(BM)[k] = [Y(BM)[k, 0], · · · ,Y(BM)[k,Nl − 1]]TɼZ(k) =

[Y(BM)[k, 0], · · · ,Y(BM)[k,Nl − 1]]TʢNlϑϨʔϜʣΛͦΕͧΕɼؒ࣌पϚεΫʹΑΔਪ

ఆ͓Αͼ؍ଌ৴߸ͷྻܥ࣌ύλʔϯͱ͢Δͱɼؒ࣌पϚεΫΛۙ͢ࣅΔྻߦ P̄[k]ɼ

ҎԼͷ݅Λຬͨ͢ɽ

P̄[k] = argmin
P[k]

||Y(BM)[k]−W[k]Z[k]||2 . (4.3)

ࣜ (4.3)Λຬͨ͢࠷దղҎԼͷΑ͏ʹ͢ࢉܭΔ͜ͱ͕Ͱ͖Δɽ

P̄[k] = Y(BM)[k]Z[k]H
(
Z[k]Z[k]H

)−1
. (4.4)

P̄[k]Λॳظͱͯ͠ IVAΛద༻͠ɼ3.2.3અʹࣔͨ͠ํ๏ʹΑΓྻߦΛิਖ਼͢Δɽྻߦ

ͷॳظͱͯ͠ɼP̄[k]Λͦͷ··༻͍Δ͜ͱՄͰ͋Δ͕ɼSIR͓Αͼ SDRͷ؍ͰΈΔͱ
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-./0#$'

AMM

TF Mask
1#$% &'

IVA

- 234 #$'
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Calc. 
P[k]

678#9'

ਤ 4.2: A tandem connectionist framework only comprising linear filtering. The observed signals

are transformed by W(0)[k] and U[k] to obtain the source estimates. In contrast to the frame-

work depicted in Fig. 4.1, the TF mask outputs are not employed for linear filtering but instead

they are used for calculating the initial values of the separation matrix P̄[k]. P̄[k] is used as

the initial separation matrix for IVA, followed by the proposed separation matrix optimization

method. Note that the AMM used for separation matrix updating is trained with the signals

separated by IVA and its corresponding dry source.

IVAΛద༻ͨ͠ํ͕ੑ͕ྑ͍͜ͱ͕খنσʔληοτͰ֬ೝ͞ΕͨɽҎ߱ͷੑධՁ࣮ݧͰ

ɼP̄[k]Λ IVAʹΑΓߋ৽ͨ͠ྻߦW[k]ΛW(0)[k]ͱͯ͠༻͍ͨ݁ՌͷΈΛࣔ͢ɽ

4.3 ࣮ݧ

4.3.1 ࿈هԱϞσϧͷֶश

࿈هԱͷύϥϝʔλɼΫϦʔϯ৴߸Λೖྗσʔλɾࢣڭσʔλͷํʹ༻͍Δσʔλର

ʢclean-cleanʣɼϊΠζΛؚΉ৴߸ΛೖྗσʔλɼϊΠζ͕औΓআ͔ΕͨΫϦʔϯ৴߸Λࢣڭ

σʔλͷ༻͍Δσʔλରʢprocessed-cleanʣͷ 2छྨͷσʔλରΛ༻͍ܾͯఆͨ͠ɽֶशʹɼ

Stacking autoencoderʹᩦͮ͘جཉֶशΛ࠾༻͠ɼֶश࣌ͷϛχόοναΠζ 256ɼֶश

ॳظΛ 0.1ͱ͠ɼnew-bob๏ʹΑΓಈతʹ੍ͨ͠ޚɽҎԼʹɼclean-clean͓Αͼ processed-

cleanͷৄࡉΛࣔ͢ɽ

clean-clean

ΫϦʔϯ৴߸ͷԻͷରύϫʔεϖΫτϧΛೖྗσʔλɾࢣڭσʔλํʹ༻͍Δɽ͜͜
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ද 4.1: Experimental setup with simulated environment. In testing set, two positions are selected

from θ = (−80,−40,−20, 20, 40, 80).

Data set
Source direction RT60 Mic. interval Mic.-Source distance

(θ1, θ2) [deg] T60 [ms] x [cm] d [cm]

Training
(-15,15), (-45,45),

0 3.00 100
(-75,75), (-90,90)

Development (-60,60) 0 3.00 100
Testing 6P 2 300 2.83 200

ͰɼATRԻૉόϥϯεจͷηοτ Bʹؚ·ΕΔ 1,800ൃ (ঁੑ 4ऀ ×֤ऀ 450ൃ

)Λ༻͍ͨɽ৴߸ͷαϯϓϦϯάप 16 kHzͰ͋ΓɼSTFTͷϑϨʔϜ͓Αͼϑ

ϨʔϜγϑτɼͦΕͧΕ 1024αϯϓϧʢ64 msʣ͓Αͼ 256αϯϓϧʢ16 msʣͱͨ͠ɽ

processed-clean

ϊΠζΛؚΉԻͷରύϫʔεϖΫτϧΛೖྗσʔλɼରԠ͢Δత৴߸ͷରύ

ϫʔεϖΫτϧΛࢣڭσʔλʹ༻͍ΔɽԻɼATRԻૉόϥϯεจͷηοτ Bʹؚ

·ΕΔঁੑ 4ऀ͔ΒಘΒΕΔೋऀಉൃ࣌Իʹରͯ͠ɼิॿؔ๏ʹͮ͘ج IVAΛ

ద༻͢Δ͜ͱͰ࡞ͨ͠ɽͳ͓ɼਤ 4.1ʹࣔͨ͠ඇઢܗॲཧͱઢܗॲཧͷ୯७ଓʹ͓͚Δ

࿈هԱͰɼඇઢܗͷӨڹΛྀ͢ߟΔͨΊʹɼIVAͷલஈʹؒ࣌पϚεΫΛద༻͠

ͨͱ͖ͷԻΛֶशʹ༻͍ͨɽ4ऀ͔Β 12ͷऀରΛ࡞͠ɼ9ऀରΛֶशηο

τʹɼΓͷ 3ऀରΛ։ൃηοτͱͯ͠༻͍ͨɽਤ ɼ֤ऀର͕͍͓ͯʹڥࣔ͢ʹ4.3

ಉ࣌ʹൃ͢Δ͜ͱΛఆ͠ɼυϥΠιʔεʹԆΛՃ͑Δ͜ͱʹΑΓɼಉൃ࣌ԻΛ߹

ͨ͠ɽ͜ͷͱ͖ɼԻݯͷํΛද 4.1ʹࣔ͢ɽֶशηοτͰऀຖʹ 50ൃΛɼ։ൃ

ηοτͰऀຖʹ 52ൃΛυϥΠιʔεͱͯ͠༻͍ͨɽ͢ͳΘֶͪशηοτʹɼ3,600

ൃʢ9ऀର × 2ऀ × 50ൃ × ʣͷԻΛೖྗσʔλɼରԠ͢Δ4ํ 3,600ൃ

ͷυϥΠιʔεΛࢣڭσʔλͱͯ͠༻͍ͨɽ·ͨ։ൃηοτʹɼ312ൃʢ3ऀର ×

2ऀ × 52ൃ × ʣͷԻΛೖྗσʔλɼରԠ͢Δ1ํ 312ൃͷυϥΠιʔεΛ

σʔλͱͯ͠༻͍ͨɽࢣڭ

4.3.2 ධՁई

ԻͷԻ࣭ɼԻೝࣝਫ਼ͷ؍ͰධՁΛͨͬߦɽԻ࣭ͱͯ͠ɼจݙ [74]Ͱఆٛ͞ΕΔ

SIR ͓Αͼ SDR Λ༻͍ͨɽ·ͨɼԻೝࣝਫ਼ΛௐΔͨΊʹɼDeep neural network(DNN)

ಛྔɼڹͷԻࡍ͏ߦɽԻૉೝࣝΛͨ͠ࢉܭΓΛޡɼͦͷԻૉ͍ߦ࿈ଓԻૉೝࣝΛͮ͘جʹ
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ਤ 4.3: Experimental environment with two microphones and two sources. x denotes the distance

between microphones; d denotes the distance between the microphone and sources; θ1 and θ2
denote the directions of the target source and interference source.

MFCC+∆MFCC+∆∆MFCCͷ Λ༻͍ɼऀͷมಈΛऔΓআͨ͘ΊʹɼfMLLRʹΑΔݩ࣍39

ऀదԠֶशΛͨͬߦɽԻڹϞσϧɼASJ-JNASʹؚ·ΕΔΫϦʔϯԻ 41,396ൃ͔Βֶश

ͨ͠τϥΠϑΥϯͷDNN-HMMϞσϧΛ༻͍ͨɽ͜ͷͱ͖DNNӅΕ 5ɼ֤ͷϊʔυ

 1024ͱͨ͠ɽޠݴϞσϧɼASJ-JNASʹؚ·ΕΔ 20,000ൃ͔Βֶशͨ͠ԻૉόΠάϥϜ

Λ༻͍ͨɽσίʔμʹɼKaldi[81]Λ༻͍ͨɽ

4.3.3 Ռ݁ݧ࣮

࿈هԱʹͮ͘جྻߦਪఆ๏ͱؒ࣌पϚεΫΛΈ߹ΘͤͨޮՌΛௐΔͨΊɼҎԼ

ʹࣔ͢ख๏Λൺֱͨ͠ɽ

IVA : IVAʹͮ͘جԻݯ

IVA-AMM-SMO : ୈ 3ষͰઆ໌ͨ͠ྻߦਪఆ๏ʹΑΔɽIVAͰٻΊͨྻߦΛॳ

৽ͨ͠ɽߋ͍ͯ༺র৴߸ΛࢀԱϞσϧDCAEʹΑΔهͱ͠ɺ࿈ظ

Mask : ܗपϚεΫΛ༻͍ͨඇઢؒ࣌ BSS [12]ɽ

Mask-IVA : Maskͷग़ྗΛ؍ଌ৴߸ͱΈͳ͠ IVAΛద༻ͨ͠ BSSɽ
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Mask-IVA-AMM-SMO : ඇઢܗॲཧͱઢܗॲཧͷ୯७ଓʹͮ͘جΈɽ Mask-IVAʹ

ΑͬͯٻΊΒΕͨྻߦΛॳظͱ͠ɼDCAEͷग़ྗΛࢀর৴߸ͱͯ͠ઢܗྻߦΛ

৽͢Δɽߋ

Mask-Lin-IVA : MaskΛॳظͱͯ͠ɼIVAΛద༻ͨ͠ BSSɽ

Mask-Lin-IVA-AMM : DCAEʹͮ͘ج࿈هԱϞσϧΛDAEͱͯ͠༻͍ͨͷɽೖྗͱ͠

ͯ Mask-Lin-IVA༩͑ͨ߹ͷग़ྗΛ৴߸ͱͯ͠༻͍Δɽ

Mask-Lin-IVA-SMO : Mask-Lin-IVAΛྻߦͷॳظɼઢܗॲཧͷΈͰߏͨ͠Έɽ

Mask-Lin-IVA-AMMΛࢀর৴߸ͱͯ͠ྻߦΛߋ৽ͨ͠ఏҊ๏

ਤ 4.4ʹఏҊ๏Λ༻͍ͨλϯσϜଓܕԻݯͷੑΛࣔ͢ɽԣ͕࣠ SDRɼॎ͕࣠ SIRΛ

͓ࣔͯ͠ΓɼຊڀݚͰ͕͍྆࣠ߴʹڞख๏ͷ࣮ݱΛ͍ͯ͠ࢦΔɽલষʹͯఏҊͨ͠ IVA-

AMM-SMOɼIVAʹΑΓٻΊΒΕͨઢܗྻߦʹରͯ͠ɼ৴߸͕ԻΒ͘͠ͳΔΑ͏

ʹิਖ਼Λ͏ߦɽ͜ͷํ๏ʹΑΓɼIVAΑΓ͍ߴ SDRɼSIR͕ಘΒΕΔ༷͕֬ࢠೝͰ͖ΔɽຊষͰ

ɼIVA-AMM-SMOͷલஈʹMaskΛΈࠐΉ 2छྨͷλϯσϜଓܕԻݯMask-IVA-

AMM-SMO͓ΑͼMask-Lin-IVA-AMM-SMOΛݕ౼ͨ͠ɽMaskͷޙஈʹ IVAΛద༻͠

ͨMask-IVA SIRɼSDRͷ؍ͰMaskͷੑΛ্ճͬͨɽ͜ΕɼIVAʹͮ͘جઢܗॲཧ

ɼੑվળ͢Δͭͭ͜͠ݮΛڹΈͷӨܗपϚεΫʹΑͬͯੜͯ͡͠·͏ඇઢ͕ؒ࣌

ͱ͕Ͱ͖Δ͜ͱΛ͍ࣔͯ͠ΔɽMask-IVAʹΑΓٻΊΒΕͨྻߦΛ࿈هԱϞσϧΛ༻͍ͯ

ճൺֱͨ͠ख๏ͷࠓ৽ͨ͠Mask-IVA-AMM-SMOMask-IVAͷੑΛ͞Βʹ্ճΓɼߋ

தͰ࠷͍ߴ SIRΛࣔͨ͠ɽͱ͜Ζ͕ɼMaskΛલஈʹద༻͠ͳ͔ͬͨ IVA-AMM-SMOͱൺ

ֱ͢ΔͱɼSDR 2dBఔྼԽͯ͠͠·ͬͨɽ͜ͷ͜ͱΑΓɼؒ࣌पϚεΫͱఏҊ๏ͷ୯७

ଓɼԻͷѹޮՌΛվળ͢Δ͜ͱ͕Ͱ͖ΔͷͷɼͷӨڹΛྀ͢ߟΔඞཁ͕͋Δͱ͍͏͜

ͱ͕͋Δͱ͍͑Δɽؒ࣌पϚεΫͱಉͷॲཧΛઢܗྻߦͰۙͨ͠ࣅMask-Lin-IVAͱ

ఏҊ๏ΛΈ߹ΘͤͨMask-Lin-IVA-AMM-SMOɼSIRɼSDRͱʹ IVA-AMM-SMO

͓ΑͼMaskΛ্ճͬͨɽ͜Εɼؒ࣌पϚεΫΛઢܗྻߦͰۙ͢ࣅΔ͜ͱͰؒ࣌प

ϚεΫͷͷӨڹΛ͢ݮΔ͜ͱ͕Ͱ͖ΔͷΈͳΒͣɼఏҊ๏ͷԻͷѹੑ͓Αͼͷൃੜ

ྔΛվળ͢Δ͜ͱ͕Ͱ͖ͨ͜ͱΛ͍ࣔͯ͠ΔɽఏҊ͢Δ࿈هԱΛ༻͍ͨྻߦਪ๏ޯ๏ʹ

ͱͯ͠ظʹґଘ͢Δɽ·ͨɼIVA-AMM-SMOͷॳظͷॳྻߦΊɼੑͨͮ͘ج

༻͍ͨ IVAͱMask-Lin-IVA-AMM-SMOͷॳظͱͯ͠༻͍ͨMask-Lin-IVAΛൺֱ͢
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ද 4.2: Phoneme error rate (%) averaged over 30 source directions.

BSS method Female Male Average

IVA 33.4 38.8 36.1

IVA-AMM-SMO 29.5 36.3 32.9

Mask 31.5 37.3 34.4

Mask-IVA 31.2 37.1 34.2

Mask-IVA-AMM-SMO 31.7 39.2 35.4

Mask-Lin-IVA 29.6 35.3 32.4

Mask-Lin-IVA-AMM-SMO 25.2 32.3 28.8

ΔͱɼSIR͓Αͼ SDR͕एׯվળ͍ͯ͠Δɽ͜ΕΒͷ͜ͱ͔ΒɼMask-Lin-IVA-AMM-SMO

ɼIVA-AMM-SMOΑΓྑ͍ॳظ͕ಘΒΕͨͨΊੑ͕վળͨ͠ͷͰͳ͍͔ͱ͑ߟΔɽ

ද 4.2ʹԻૉޡΓͷൺֱ݁ՌΛࣔ͢ɽIVA-AMM-SMOɼIVAΑΓ͍ߴೝࣝੑΛࣔ͠

ͨɽ͜ͷ͜ͱΑΓɼԻΒ͠͞Λྀͯ͠ߟྻߦΛߋ৽͢ΔఏҊ๏ͷΈԻೝࣝͷ؍Ͱ

༗ޮͰ͋Δͱ͑ߟΒΕΔɽIVA-AMM-SMOͷલஈʹMaskΛ୯७ʹଓͨ͠Mask-IVA-

AMM-SMOੑ͕ྼԽͯ͠͠·͕ͬͨɼઢܗॲཧͷΈͰߏͨ͠Mask-Lin-IVA-AMM-

SMOੑ͕վળͨ͠ɽMask-IVA-AMM-SMOޙஈͷઢܗྻߦʹΑΓඇઢܗͷӨ

ϞσϧͱͷϛεϚοڹશʹऔΓআ͘͜ͱ͕͍ͨ͠ΊԻ͍ͯ͠Δ͕ɼظΔ͜ͱΛ͢ݮΛڹ

ν͕ൃੜͯ͠͠·͏ɽҰํɼMask-lin-IVA-SMOඇઢܗ͕ݪཧతʹൃੜ͠ͳ͍ͨΊɼԻڹ

ϞσϧͱͷϛεϚονগͳ͘ɼԻೝࣝੑ͕վળͨ͠ͷͱ͑ߟΔɽ

4.4 ·ͱΊ

࿈هԱʹͮ͘جઢܗྻߦਪఆ๏ͷੑΛվળ͢Δ͜ͱΛ͠ࢦɼલஈʹؒ࣌पϚε

ΫΛΈࠐΜͩλϯσϜଓܕԻݯͷΈΛݕ౼ͨ͠ɽຊΈͰɼઢܗྻߦͷਪ

ఆʹෆཁͳΛؒ࣌पϚεΫΛ༻͍ͯࣄલʹѹ͢Δ͜ͱͰɼޙஈͷྻߦਪఆ͕༰қ

ʹͳΔ͜ͱΛظ͍ͯ͠Δɽؒ࣌पϚεΫΛͦͷ··༻͍ΔͱඇઢܗͷӨڹΛऔΓআ͘͜

ͱ͕͍ͨ͠Ίɼؒ࣌पϚεΫͱಉͷॲཧΛઢܗྻߦͰۙͨ͠ࣅͷΛ༻͍Δํ๏Λ

ఏҊͨ͠ɽೋऀಉൃ࣌Իͷ࣮ݧʹΑΓɼఏҊ͢ΔλϯσϜଓܕԻݯʹΑΓ࿈

ਪఆ๏ͷੑ͓Αͼͷൃੜྔ͕վળ͢Δ͜ͱΛ֬ೝͨ͠ɽ·ͨɼྻߦܗԱΛ༻͍ͨઢه

Իೝࣝͷ؍ʹ͓͍ͯఏҊ๏͕༗ޮͰ͋Δ͜ͱࣔͨ͠ɽ
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ਤ 4.4: Evaluation of the proposed tandem connectionist framework for female and male pairs,

where SDR and SIR were averaged over 900 utterances and the results are shown with their 99

% confidence intervals.
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ୈ5ষ ݁

ௌ্ײҧײͷগͳ͍ BSSͷ࣮ݱΛ͠ࢦɼԻݯͰ͋ΔԻΒ͠͞Λྀ͠ߟͳ͕ΒྻߦΛ

ਪఆ͢ΔΈΛఏҊͨ͠ɽ

ଘͷط BSSɼؒ࣌पϚεΫʹͮ͘جख๏ͳͲʹද͞ΕΔඇઢܗ BSSͱɼICA IVA

ͳͲʹද͞ΕΔઢܗBSSͱʹେผ͢Δ͜ͱ͕Ͱ͖ΔɽඇઢܗBSSɼԻΛޮՌతʹѹ͢

Δ͜ͱ͕ՄͰ͋ΔͷͷɼϛϡʔδΧϧϊΠζͱ͍ͬͨඇઢܗ͕ൃੜ͢ΔͨΊɼԻͷࣗ

વੑ͘ͳΔɽҰํઢܗBSSɼඇઢܗBSSΑΓԻʹର͢Δѹੑ͕ྼΔͷͷɼઢ

Ͱڀݚཧతʹൃੜ͠ͳ͍ͱ͍͏ར͕͋Δɽຊݪ͕ܗΛ༻͍Δ͜ͱʹΑΓɼඇઢྻߦܗ

ҎԼͷ 2ͭͷΞϓϩʔνʹΑΓɼࣗવੑ͓ΑͼԻʹର͢Δѹੑͷ͍ߴ BSSͷ࣮ݱΛࢦ

ͨ͠ɽ

• ઢܗ BSSʹΑΓٻΊΒΕͨઢܗྻߦʹରͯ͠ɼԻͷεϖΫτϧΛֶशͨ͠࿈هԱ

ϞσϧΛ༻͍ͯྻߦΛߋ৽͢ΔΈΛద༻

• ܗपϚεΫΛ༻͍ͨඇઢؒ࣌ BSSͱ࿈هԱϞσϧΛ༻͍ͨྻߦਪఆͷΈΛ

Έ߹ΘͤͨλϯσϜଓܕԻݯ

ୈ 2ষͰɼఏҊ๏Λઆ໌͢Δ্Ͱॏཁͳٕૅجज़ʹ͍ͭͯઆ໌ͨ͠ɽ࠷ॳʹԻ৴߸ॲཧͷج

ૅͱͯ͠ɼ͔ؒ࣌ܗΒؒ࣌पදݱͰ͋ΔεϖΫτϧΛٻΊΔํ๏͓ΑͼɼεϖΫτϧ͔Β

BSSܗɽઢͨ͠؍͍֓ͯͭʹଘͷBSSख๏طɼʹ࣍Λ߹͢Δํ๏ʹ͍ͭͯઆ໌ͨ͠ɽܗؒ࣌

ͷΈͱͯ͠ ICA͓Αͼ IVAΛɼඇઢܗ BSSͷΈͱͯؒ࣌͠पϚεΫΛ༻͍ͨํ๏

ԱϞσϧͱͯ͠ɼRBMɼAEɼDAEɼCAEɼCNNΛهଘͷ࿈طʹޙ࠷ɽͨ͠؍͍֓ͯͭʹ

հͨ͠ɽ

ୈ 3ষͰɼ࿈هԱϞσϧΛ༻͍ͨྻߦਪఆ๏ΛఏҊ͠ɼੑධՁΛ݁ͨͬߦՌʹ͍ͭ

ͯใͨ͠ࠂɽैདྷͷઢܗ BSSͰɼԻݯͷಠཱੑʹ͖ͮجྻߦͷਪఆΛ͜͏ߦͱ͕ଟ͍ɽҰ

ํɼఏҊ๏ࣄલʹԻݯͰ͋ΔԻΛֶशͤͨ͞࿈هԱΛ༻͍Δ͜ͱʹΑΓɼԻΒ͠͞Λߟ

ྀ͠ͳ͕ΒྻߦΛਪఆ͢Δɽೋऀಉൃ࣌Իͷ࣮ݧΛ͍ߦɼैདྷͷઢܗྻߦਪ

ఆ๏ͱൺֱͯ͠ߴਫ਼ͳ͕ՄͰ͋Δ͜ͱΛ֬ೝͨ͠ɽ·ͨɼఏҊ๏ԻݯͷಠཱੑͷԾఆ
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Λஔ͘ඞཁ͕ͳ͍ͨΊɼΤίʔ৴߸ͷΑ͏ʹԻݯʹରͯ͠ಠཱͰͳ͍৴߸ʹର͕ͯ͠Մ

Ͱ͋Δ͜ͱΛɼΤίʔআݧ࣮ڈʹΑΓࣔͨ͠ɽ

ୈ 4ষͰɼఏҊͨ͠ྻߦਪఆͷΈͱؒ࣌पϚεΫΛ༻͍ͨඇઢܗ BSSΛ౷߹͢

Δํ๏ʹ͍ͭͯݕ౼ͨ͠ɽؒ࣌पϚεΫΛ༻͍ͯྻߦͷਪఆʹෆཁͳΛࣄલʹѹ

͢Δ͜ͱͰɼޙஈͷઢܗྻߦΛ༻͍ͨํ๏ͷੑΛվળ͞ΕΔ͜ͱ͕ظͰ͖Δɽ͔͠͠ɼ࣌

ؒपϚεΫΛ༻͍Δͱඇઢܗ͕ൃੜ͢Δͱ͍͏͕ܽ͋ͬͨɽͦ͜Ͱɼؒ࣌पϚεΫ

Λͦͷ··༻͍ΔͷͰͳ͘ɼಉͷॲཧΛઢܗྻߦͰ্ۙͨ͠ࣅͰ༻͍Δํ๏Λݕ౼

ͨ͠ɽೋऀಉൃ࣌Իͷ࣮ݧͷ݁ՌɼఏҊ๏ɼؒ࣌पϚεΫʹΑΓੜ͡ΔͷӨ

ԻͷѹޮՌ͕͋Δ͜ͱΛ֬ೝͨ͠ɽपϚεΫͱಉͷؒ࣌ɼͭͭ͠ݮΛڹ

ਪఆ๏ɼੑྻߦͰఏҊͨ͠ڀݚͷలʹ͍ͭͯड़Δɽຊޙࠓ՝ͱ౼ݕͷޙࠓʹޙ࠷

͓Αͼࢉܭίετͷ໘Ͱ͞ΒͳΔվળΛ͏ߦ༨͕͋Δɽ·ͣఏҊ๏ͷੑɼ࿈هԱϞσ

ϧͷεϖΫτϧਪఆਫ਼ʹґଘ͢ΔɽͦͷͨΊɼDeep stacking network (DSN) [82]ɼVery deep

convolutional network [83]ͳͲͷΑΓෳࡶͳωοτϫʔΫߏͷར༻ɼϚϧνλεΫֶश [84]ͳ

Ͳɼ࿈هԱϞσϧͷεϖΫτϧਪఆਫ਼Λվળ͢ΔͨΊͷऔΓΈ͕ඞཁͰ͋Δͱ͑ߟΔɽ·

ͨɼఏҊ๏ͰྻߦΛਪఆ͢Δ߱ٸ࠷ʹࡍԼ๏Λ༻͍͍ͯΔͨΊɼऩଋ·Ͱʹ͔͔͕ؒ࣌Δɽ

Δඞཁ͕͋Δɽ͢౼ݕదԽํ๏Λ࠷ίετͷগͳ͍ࢉܭ

ຊڀݚͰɼ࿈هԱΛ༻͍ͯઢܗྻߦΛਪఆ͢ΔΈΛఏҊ͕ͨ͠ɼڹѹϑΟϧ

λγϯάϧνϟωϧࡶԻআڈͷޙॲཧͷԠ༻ՄͰ͋ΔɽఏҊ๏ʹΑΓԻΒ͠͞Λཅʹ

ѻ͏͜ͱͰɼ͕গͳ͘ߴਫ਼ʹԻΛ͢ݱ࠶Δ͜ͱ͕Ͱ͖Δͷͱظ͢Δɽ
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ຊจɼචऀ͕ૣҴాେֶେֶӃװجཧڀݚֶՊใཧֶઐ߈തظޙ࢜՝ఔʹ͓͍ͯɼ

֮ใγεςϜࣨڀݚͰڀݚͨͬߦΛ·ͱΊͨͷͰ͢ɽ

ຊڀݚΛਐΊΔʹ͋ͨΓɼଟ͘ͷ͝ࢦಋ͓Αͼ͝ॿݴΛԼ͍͞·ͨ͠ૣҴాେֶཧֶज़Ӄ

খྛଇڭतʹ৺ΑΓް͘ँײਃ্͛͠·͢ɽ

͝ଟͷதʹؔΘΒͣշ͘෭ࠪΛҾ͖ड͚ͯԼ͞Γɼຊจʹ͍ͭͯ༗ӹͳ͝ॿݴΛԼ͍͞

·ͨ͠ૣҴాେֶཧֶज़Ӄ দࢁହஉ໊༪ڭतɼಉֶज़Ӄ तɼஜେֶେֶӃڭೋ౻ߕ 

তೋڭतʹਂ͍ͨ͘͠ँײ·͢ɽ

ຊڀݚʹର͢Δޚॿ͚ͩݴͰͳ͘ɼࣥߘݪචֶձൃදͷ͝ࢦಋΛͯ͠Լ͍͞·ͨ͠ૣҴాେ

Պڀݚֶཧװجֶ খ࢘।ڭतʹ৺ΑΓ͍ͨ͠ँײ·͢ɽ·ͨɼຊڀݚʹ͍ؔͯٞͨ͠͝

͍͖ͩ·ͨ͠ԭిࣜגۀؾձࣾڀݚ։ൃηϯλ ಄ོࢯɼಉڀݚ։ൃηϯλ ยۅҰࢯߒɼಉݚ

։ൃηϯλڀ ৺ΑΓ͓ྱਃ্͛͠·͢ɽʹ࢜େതࢬ౻

ຊڀݚΛਐΊΔʹ͋ͨΓɼૣҴాେֶ֮ใγεςϜࣨڀݚͷօ༷ʹଟେͷྗڠޚΛ͖·

ͨ͠ɽૣҴాେֶɾ๛ٕڮՊେֶɹ৽ా߃༤໊༪ڭतʹɼຊڀݚͱผͷଆ໘ͰɼڀݚͷਐΊ

ํऀڀݚͱͯ͠ͷੜ͖ํʹ͍ͭͯޚॿݴΛ͖·ͨ͠ɽૣҴాେֶॿख ඨ߂ത࢜ɼଔۀੜ ന

ੴ༸ฏࢯʹɼڀݚʹؔ͢Δ͚ٞͩͰͳ͘ɼࣨڀݚӡӦۀͷαϙʔτΛ͖ͯ͠·ͨ͠ɽത

՝ఔظޙ࢜ ๆଜࠓே໌ࢯʹɼࣾձਓͱͯ͠ͷޚॿݴΛ͖·ͨ͠ɽޙࣨڀݚഐͷօ༷ͷ͓͔͛

Ͱɼॆ࣮ͨࣨ͠ڀݚੜ׆ΛૹΔ͜ͱ͕Ͱ͖·ͨ͠ɽ͜͜ʹँײͷҙΛද͠·͢ɽ

ԉͯ͠Լͬͨ͞ɼ྆ɼͦͯ͠ࢧʹతɾਫ਼ਆతࡁܦ՝ఔͷਐֶΛೝΊظޙ࢜ɼതʹޙ࠷

ͰԠԉͯ͠Լͬͨ͞ʹॏͶͯް͘ँҙΛද͠·͢ɽ·ظ࠷
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