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1 ͸͡Ίʹ

੠࣭ม׵͸ɼೖྗ͞ΕͨԻ੠ͷޠݴ৘ใΛอͬͨ·

·ɼ࿩ऀੑ΍ײ৘ͱ͍ͬͨಛఆͷ৘ใͷΈΛม͢׵Δ

ٕज़Ͱ͋ΔɽԻӆ৘ใΛҡͭͭ࣋͠࿩ऀ৘ใΛม׵

͢Δ “࿩ऀม׵” [1]Λ໨తͱͯ͠͞ڀݚ͘޿Ε͖ͯ

͕ͨɼۙ೥Ͱ͸ɼԻ੠߹੒΍Ի੠ೝࣝʹ͓͚Δ࿩ऀੑ

ͷ੍ޚ [2]ʹ༻͍ΒΕ͍ͯΔଞɼײ৘৘ใΛม͢׵Δ

”׵৘มײ“ [3]ɼࣦΘΕͨ࿩ऀ৘ใΛ෮͢ݩΔ “ൃ࿩

”ԉࢧ [4] ͳͲଟذʹΘͨͬͯԠ༻͞Ε͍ͯΔɽզʑ

͸͜Ε·Ͱɼ৶ը૾ಛ௃ྔΛ༻͍ͨϚϧνϞʔμϧ

ͳ੠࣭ม׵๏ΛఏҊ͠ɼͦͷ༗ޮੑΛ͖ࣔͯͨ͠ [5]ɽ

ຊߘͰ͸εύʔεύϥϨϧֶशΛ༻͍ͨϚϧνϞʔ

μϧ੠࣭ม׵ख๏ΛఏҊ͠ɼैདྷख๏ʹൺ΂ͯਫ਼౓

ͷ͍ߴม׵Λ໨ͨ͠ࢦɽ

ैདྷɼ੠࣭ม׵ʹ͓͍ͯ͸౷ܭతͳख๏͕ଟ͘ఏҊ

͞Ε͖ͯͨɽͳ͔Ͱ΋ࠞ߹ਖ਼ن෼෍Ϟσϧ (Gaussian

Mixture Model : GMM)Λ༻͍ͨख๏ [1]͸ͦͷਫ਼

౓ͷΑ͞ͱ൚༻ੑ͔Β͘޿༻͍ΒΕ͓ͯΓɼଟ͘ͷվ

ྑ͕͞Εଓ͚ΒΕ͍ͯΔɽాށΒ [6]͸ैདྷͷGMM

Λ༻͍ͨ੠࣭ม׵๏ʹಈతಛ௃ͱGlobal VarianceΛ

ಋೖ͢Δ͜ͱͰΑΓࣗવͳԻ੠ͱͯ͠ม͢׵Δख๏

ΛఏҊ͍ͯ͠Δɽ͔͠͠ɼGMMΛؚΉ੠࣭ม׵ͷै

དྷख๏ͷ΄ͱΜͲ͸ֶशɾςετσʔλͱ΋ʹΫϦʔ

ϯԻ੠Λ༻͍͓ͯΓɼࡶԻͷॏ৞ͨ͠ೖྗԻ੠ʹؔ͢

ΔධՁ͸͞Ε͍ͯͳ͍ɽ

զʑ͸͜Ε·Ͱɼैདྷͷ౷ܭతख๏ͱ͸ҟͳΔɼε

ύʔεදͮ͘جʹݱExemplar-basedͳ੠࣭ม׵ख๏

ΛఏҊ͖ͯͨ͠ɽεύʔεදͮ͘جʹݱΞϓϩʔν

͸৴߸ॲཧͷ෼໺ʹ͓͍ͯ஫໨͞Ε͓ͯΓɼԻ੠৴߸

ॲཧͷ෼໺Ͱ΋Ի੠ೝࣝ΍Իݯ෼཭ɼࡶԻ཈ѹͳͲ

ʹ͓͍ͯɼͦͷ༗ޮੑ͕ใ͞ࠂΕ͍ͯΔɽ͜ͷΞϓ

ϩʔνͰ͸ɼ༩͑ΒΕͨ৴߸͸গྔͷֶशαϯϓϧ

΍جఈͷઢ݁ܗ߹Ͱද͞ݱΕΔɽͦͷޙɼ໨తԻ੠ͷ

ࣙॻʹର͢ΔॏΈϕΫτϧͷΈΛऔΓग़ͯ͠༻͍Δ

͜ͱͰɼ໨తԻ੠ͷΈΛ෼཭͢ΔɽGemmekeΒ [7]

͸ࡶԻͷॏ৞ͨ͠Ի੠ΛɼΫϦʔϯԻ੠ࣙॻͱϊΠ

ζࣙॻͷεύʔεදݱʹ͠ɼΫϦʔϯԻ੠ࣙॻʹର

͢ΔॏΈΛԻ੠ೝࣝʹ͓͚Δ Hidden Markov Model

(HMM)ͷ໬౓ࢉग़ʹ༻͍Δ͜ͱͰɼࡶԻʹϩόετ

ͳԻ੠ೝࣝΛ͏ߦख๏ΛఏҊ͍ͯ͠Δɽ

զʑͷఏҊ͍ͯ͠Δ੠࣭ม׵ख๏Ͱ͸ɼैདྷͷ੠

࣭ม׵ख๏Ͱ΋༻͍ΒΕ͍ͯͨύϥϨϧσʔλ͔Βɼ

∗Multimodal Voice Conversion using Sparse-Parallel Training. by Kenta Masaka, Ryo Aihara, Tetsuya
Takiguchi, Yasuo Ariki (Kobe University)

ೖྗ࿩ऀͷԻ੠ࣙॻͱग़ྗ࿩ऀͷԻ੠ࣙॻ͔ΒͳΔ

ಉҰൃ࿩಺༰ͷύϥϨϧࣙॻΛߏங͢Δɽ͜ͷೖྗԻ

੠ͱࣙॻ͔Βਪఆ͞ΕΔॏΈྻߦͱग़ྗ࿩ऀͷԻ੠

αϯϓϧ͔Βߏஙͨ͠ग़ྗԻ੠ࣙॻͱͷઢ݁ܗ߹Λ

ͱΔ͜ͱʹΑΓม׵Ի੠ΛಘΔɽैདྷͷ੠࣭ม׵ͷ

Α͏ʹ౷ܭతϞσϧΛ༻͍ͳ͍Exemplar-basedͳख

๏Ͱ͋ΔͨΊɼաֶश͕͓͜Γʹ͘͘ɼࣗવੑͷ͍ߴ

Ի੠΁ͱม׵ՄೳͰ͋Δͱ͑ߟΒΕΔɽ͞Βʹ͜ͷ

ख๏͸ࡶԻڥ؀Լʹ͓͍ͯ΋༗ޮͰ͋ΔɽೖྗԻ੠

ͷൃ࿩લޙͷඇԻ੠͔۠ؒΒࡶԻࣙॻΛߏங͠ɼೖ

ྗͱͯ͠༩͑ΒΕΔࡶԻॏ৞Ի੠ΛೖྗԻ੠ࣙॻͱ

Δɽਪఆ͞ΕͨॏΈ͢ʹݱԻࣙॻͷεύʔεͳදࡶ

ͷ͏ͪɼΫϦʔϯ෦෼ͷΈΛऔΓग़͠ग़ྗ࿩ऀྻߦ

ͷԻ੠ࣙॻͱֻ͚߹ΘͤΔ͜ͱͰɼࡶԻΛআ͢ڈΔ

͜ͱ͕Ͱ͖Δɽ

·ͨɼԻ੠͚ͩͰͳͦ͘ͷଞͷηϯαʔ΋༻͍ͨ

ϚϧνϞʔμϧͳख๏͕ΫϦʔϯڥ؀ԼɼࡶԻڥ؀

Լͱ΋ʹೝࣝɾม׵ʹ͓͍ͯΑΓΑ͍݁ՌΛ΋ͨΒ͢

ͱݴΘΕ͍ͯΔɽۨҪΒ [8]͸ɼࡶԻڥ؀Լʹ͓͍ͯ

AAMΛ༻͍ͨൃ࿩ೝࣝख๏ΛఏҊ͍ͯ͠ΔɽԻ੠৘

ใͷΈΛ༻͍ͨ݁ՌΑΓ΋ը૾৘ใΛऔΓೖΕͨ͜

ͱͰͦͷ༗ޮੑ͕ࣔ͞Ε͍ͯΔɽBatesonΒ [9]͸إ

ʹϞʔγϣϯηϯαʔΛ෇͚ɼಛ௃ྔΛऔΓग़͠إϞ

σϧΛ࡞੒͢Δख๏ΛఏҊ͍ͯ͠Δɽ࢛૔Β [10]Β

͸ϋΠεϐʔυΧϝϥΛ༻͍ͯɼإͷے೑͕ಈ͘ॱ

൪͔Βද৘߹੒͢Δख๏ΛఏҊ͍ͯ͠Δɽ

͜Ε·Ͱͷ NMF ʹΑΔϚϧνϞʔμϧ੠࣭ม׵

๏ [5]Ͱ͸ɼඇෛ஋੍໿ͷͨΊʹը૾ಛ௃ྔ͕ෛ஋ʹ

ͳΒͳ͍Α͏ʹఈ্͛Λ͠ͳ͚Ε͹ͳΒͳ͔ͬͨɽ·

ͨɼ๲େͳجఈ਺͔Β੒ΔࣙॻྻߦΛ༻͍ͯม͠׵

ͳ͚Ε͹ͳΒͣɼը૾ಛ௃ྔͷ৑௕ͳ৘ใ·Ͱ΋͕ࣙ

ॻྻߦʹؚ·Ε͍ͯͨɽຊख๏͸ɼ͜ΕΒͷ໰୊఺Λ

ղফ͢ΔͨΊʹɼϚϧνϞʔμϧͳεύʔεύϥϨ

ϧֶशΛఏҊ͢Δɽը૾ಛ௃ྔʹ͓͍ͯ͸ɼඇෛ஋

੍໿ΛऔΓআ͘͜ͱͰಛ௃ྔͷఈ্͛Λෆཁʹͨ͠ɽ

͞ΒʹɼύϥϨϧ੍໿ΛՃ͑ͨࣙॻֶशΛ͜͏ߦͱ

ͰɼίϯύΫτͳࣙॻΛਪఆ͠ม׵ਫ਼౓ͷ্޲Λ໨

ɽͨ͠ࢦ

ҎԼɼୈ 2ষͰ͜Ε·ͰͷεύʔεදݱʹΑΔ੠

࣭ม׵ख๏Λड़΂ɼୈ 3ষͰຊߘͷఏҊख๏Λઆ໌

͢Δɽୈ 4ষͰैདྷͷNMFʹΑΔ੠࣭ม׵ख๏ʹՃ

͑ɼϚϧνϞʔμϧ੠࣭ม׵ͱຊख๏Λൺֱ͠ධՁ

͢Δɽୈ 5ষͰຊߘΛ·ͱΊΔɽ
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2 εύʔεදݱΛ༻͍ͨ੠࣭ม׵

εύʔείʔσΟϯάͷํ͑ߟʹ͓͍ͯɼ༩͑ΒΕ

ͨ৴߸͸গྔͷֶशαϯϓϧ΍جఈͷઢ݁ܗ߹Ͱද

ΕΔɽ͞ݱ

xl ≈
∑J

j=1 ajhj,l = Ahl (1)

xl ͸؍ଌ৴߸ͷ l൪໨ͷϑϨʔϜʹ͓͚ΔDݩ࣍ͷ

ಛ௃ྔϕΫτϧΛද͢ɽaj ͸ j൪໨ͷֶशαϯϓϧɼ

͋Δ͍͸جఈΛද͠ɼhj,l͸ͦͷ݁߹ॏΈΛද͢ɽຊ

ख๏Ͱ͸ֶशαϯϓϧͦͷ΋ͷΛجఈ aj ͱ͢Δɽج

ఈΛฒ΂ͨྻߦA = [a1 . . . aJ ]͸ “ࣙॻ”ͱݺͼɼॏ

ΈΛฒ΂ͨϕΫτϧ hl = [h1,l . . . hJ,l]T ͸ “ΞΫςΟ

ϏςΟ”ͱݺͿɽ͜ͷΞΫςΟϏςΟϕΫτϧ hl ͕

εύʔεͰ͋Δͱ͖ɼ؍ଌ৴߸͸ॏΈ͕ඇθϩͰ͋Δ

গྔͷجఈϕΫτϧͷΈͰද͞ݱΕΔ͜ͱʹͳΔɽϑ

ϨʔϜຖͷಛ௃ྔϕΫτϧΛฒ΂ͯද͢ݱΔͱࣜ (1)

͸ೋͭͷྻߦͷ಺ੵͰද͞ΕΔɽ

X ≈ AH (2)

X = [x1, . . . ,xL], H = [h1, . . . ,hL]. (3)

͜͜ͰL͸ϑϨʔϜ਺Λද͢ɽຊख๏ͷ֓ཁΛFig. 1

ʹࣔ͢ɽ͜ͷख๏Ͱ͸ɼύϥϨϧࣙॻͱݺ͹ΕΔೖྗ

࿩ऀԻ੠ࣙॻͱग़ྗ࿩ऀԻ੠ࣙॻ͔ΒͳΔࣙॻͷର

Λ༻͍Δɽ͜ͷࣙॻͷର͸ैདྷͷ੠࣭ม׵๏ͱಉ༷ɼ

ೖྗ࿩ऀͱग़ྗ࿩ऀʹΑΔಉҰൃ࿩಺༰ͷύϥϨϧ

σʔλʹಈతܭը๏ (DP)Λద༻͢Δ͜ͱͰϑϨʔϜ

ؒͷରԠΛऔͬͨޙɼೖྗ࿩ऀͱग़ྗ࿩ऀͷֶशαϯ

ϓϧΛͦΕͧΕฒ΂ͯࣙॻԽͨ͠΋ͷͰ͋Δɽ

͜ͷͱ͖ɼԾʹೖྗ࿩ऀͷԻ੠ͱɼͦΕͱಉҰൃ࿩

ͷग़ྗ࿩ऀͷԻ੠ΛͦΕͧΕೖྗࣙॻͱग़ྗࣙॻͷ

εύʔεදݱʹͨ͠৔߹ɼͦΕͧΕ͔ΒಘΒΕΔΞΫ

ςΟϏςΟྻߦ͸͍ͯ͠ࣅྨʹ͍ޓΔͱԾఆͰ͖Δɽ

͜ͷ͜ͱ͔Βɼࣙॻ͕ྻߦύϥϨϧͰ͋Ε͹ɼೖྗ࿩

ऀͷࣙॻྻߦΛ༻͍ͯਪఆ͞Εͨೖྗಛ௃ྔͷΞΫ

ςΟϏςΟ͸ग़ྗಛ௃ྔͷΞΫςΟϏςΟͱͯ͠ஔ͖

ɼ͖ͮجʹΒΕΔɽҎ্ͷԾఆ͑ߟՄೳͰ͋Δͱ͑׵

ೖྗԻ੠͸ೖྗ࿩ऀࣙॻͷεύʔεදݱʹ͠ɼಘΒ

ΕͨΞΫςΟϏςΟྻߦͱग़ྗ࿩ऀࣙॻͷ಺ੵΛͱΔ

͜ͱͰɼग़ྗ࿩ऀͷԻ੠΁ͱม͢׵Δɽ

3 εύʔεύϥϨϧֶशΛ༻͍ͨ੠࣭ม׵

͜Ε·ͰͷNMFʹΑΔϚϧνϞʔμϧ੠࣭ม׵๏

Ͱ͸ɼඇෛ஋੍໿ͷͨΊʹը૾ಛ௃ྔ͕ෛ஋ʹͳΒͳ

͍Α͏ʹఈ্͛Λ͠ͳ͚Ε͹ͳΒͳ͔ͬͨɽ͞Βʹֶ

शσʔλશͯΛ༻͍ͯࣙॻྻߦΛߏங͠ม͢׵Δͨ

Ίɼը૾ಛ௃ྔͷ৑௕ͳ৘ใ·Ͱ΋͕ࣙॻྻߦʹؚ·

Ε͍ͯͨɽͦ͜Ͱɼຊख๏͸ը૾ಛ௃ྔͷඇෛ஋੍໿
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Fig. 1 Basic approach of NMF-based voice conver-

sion

ΛऔΓআ͖ɼDCTͳͲͷෛ஋ΛؚΉಛ௃ྔΛ༻͍ͨ

ม׵ख๏ͱͳ͍ͬͯΔɽ͜ΕʹΑΓɼը૾ಛ௃ྔΛந

ग़ͨͦ͠ͷ··ͷঢ়ଶͰม׵ʹ༻͍Δ͜ͱ͕Ͱ͖Δɽ

·ͨɼࣙॻֶशΛ༻͍Δ͜ͱʹΑΓগྔͷجఈ਺Ͱ

ม׵Λ͑ߦΔͨΊɼը૾ಛ௃ྔͷ৑௕ੑ͕ղফ͞Εɼ

ม׵ਫ਼౓্͕͢޲Δͱظ଴Ͱ͖Δɽ

3.1 ֶश༻ύϥϨϧσʔλ

Fig. 2͸ֶश༻ύϥϨϧσʔλͷߏ੒๏Λࣔͨ͠΋

ͷͰ͋Δɽֶ श༻σʔλͱͯ͠ɼೖ ɾྗग़ྗ࿩ऀͷಉҰ

ൃ࿩ʹΑΔύϥϨϧσʔλΛ༻͍Δ͜ͱʹ͢Δɽೖྗ

࿩ऀԻ੠ͷಛ௃ྔ͸୹ؒ࣌ϑʔϦΤม׵ (STFT) ʹ

Αͬͯ͞ࢉܭΕΔৼ෯εϖΫτϧΛɼग़ྗ࿩ऀԻ੠ʹ

ؔͯ͠͸ STRAIGHT෼ੳʹΑͬͯಘΒΕΔεϖΫτ

ϧΛ༻͍Δɽೖྗ࿩ऀɼग़ྗ࿩ऀͱ΋ʹ STRAIGHT

෼ੳʹΑͬͯಘΒΕΔϝϧέϓετϥϜΛ༻͍ͯɼϑ

ϨʔϜؒಉظΛऔΔͨΊͷ DPϚονϯάΛ͍ߦɼύ

ϥϨϧσʔλΛ࡞੒͢Δɽೖྗ࿩ऀͷը૾ಛ௃ྔͱ

ͯ͠ DCTʢDiscrete Cosine TransformʣΛ༻͍Δɽ

DCT͞Εͨը૾͔ΒδάβάεΩϟϯΛ͍ߦɼ௿࣍

200 Λը૾ಛ௃ྔͱ͢Δɽ͜͏ͯ͠ಘΒΕͨύϥݩ࣍

ϨϧσʔλVsa, Vsv, Vta Λֶश༻ೖྗσʔλͱ͠

ͯ༻͍Δɽ

3.2 εύʔεύϥϨϧֶश

Fig. 3ʹεύʔεύϥϨϧֶशͷ֓ཁΛࣔ͢ɽVsa,

Vsv, Vta͸ͦΕͧΕύϥϨϧͳೖྗ࿩ऀͷֶश༻Ի

੠ͱֶश༻ը૾ɼग़ྗ࿩ऀͷֶश༻Ի੠ͱͳ͍ͬͯ

ΔɽWsa, Wsv, Wta͸ͦΕͧΕਪఆ͢Δೖྗ࿩ऀͷ

Ի੠ࣙॻͱը૾ࣙॻɼग़ྗ࿩ऀͷԻ੠ࣙॻͱͳ͍ͬͯ

ΔɽHs, Ht͸ೖྗ࿩ऀɼग़ྗ࿩ऀͦΕͧΕʹର͢Δ

ΞΫςΟϏςΟΛද͢ɽDsa ͱ Dta ͸ͦΕͧΕೖྗ

Ի੠ͱग़ྗԻ੠ͷݩ࣍਺Λද͢ɽֶश༻ͷσʔλ͸͢

΂ͯϑϨʔϜຖʹਖ਼نԽ͞Ε͍ͯΔ΋ͷͱ͢Δɽ

֤࿩ऀͷύϥϨϧσʔλVsa, Vsv, VtaΛ΋ͱʹɼ

ҎԼͷίετؔ਺Λ࠷খʹ͢ΔΑ͏ʹWsa, Wsv,
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STRAIGHT STRAIGHT
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Fig. 2 Multimodal dictionary construction
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Fig. 3 Flow of sparse-parallel training

Wta ΛٻΊΔɽ

min dKL(V
sa,WsaHs)

+ (ψ/2)dF (V
sv,WsvHs)

+ dKL(V
ta,WtaHt) + (ϵ/2)||Hs −Ht||F

+ λ||Hs||1 + λ||Ht||1
s.t Wsa ≥ 0,Hs ≥ 0,Wta ≥ 0,Ht ≥ 0 (4)

dKL ͸ Kullback-Leibler (KL) divergenceɼdF

Frobenius normΛද͢ɽψ ͸ը૾ಛ௃ྔͷॏΈΛௐ

੔͢ΔύϥϝʔλͰ͋Δɽୈ 4߲͸HsͱHtΛύϥ

Ϩϧʹ͢ΔͨΊͷύϥϨϧ੍໿߲Ͱ͋Γɼϵ ʹΑͬͯ

ௐ੔͞ΕΔɽୈ 5߲ͱୈ 6߲͸Hs, HtΛͦΕͧΕε

ύʔεʹ͢ΔͨΊͷ L1ϊϧϜਖ਼نԽ߲Ͱ͋Δɽ

(4)ࣜΛ࠷খʹ͢ΔΑ͏ʹߋ৽͢ΔͨΊͷࣙॻྻߦ

ͷߋ৽ࣜ͸ɼิॿؔ਺๏Λ༻͍ͯٻΊΒΕΔɽ

ҎԼͷߋ৽ࣜʹै͍܁Γฦ͠ߋ৽͢Δ͜ͱͰɼͦ

ΕͧΕͷֶशࣙॻٻ͕ྻߦΊΒΕΔɽ

Wsa ← Wsa. ∗ ((Vsa./(WsaHs))HsT)

./(1(Dsa×L)HsT) (5)

Wsv ← (VsvHsT)/(HsHsT) (6)

Wta ← Wta. ∗ ((Vta./(WtaHt))HtT)

./(1(Dta×L)HtT) (7)

Hs, Htʹ͍ͭͯ΋ಉ༷ʹҎԼͷߋ৽ࣜʹै͍܁Γ

ฦ͠ߋ৽͢Δ͜ͱͰٻΊΒΕΔɽ

Hs ← (−Q+
√
Q2 + 4(P. ∗R))./(2P) (8)

P = ψ((WW+Hs)./Hs) + ϵ (9)

Q = WsaT

1(Dsa×J) − ψWsvT

Vsv

−ϵHt + λ (10)

R = Hs. ∗ (WsaT

(Vsa./(WsaHs)))

+ψ((WW−Hs). ∗Hs) (11)

Ht ← (1/(2ϵ))(−B+
√
B2 + 4ϵS) (12)

S = Ht. ∗ (WtaT

(Vta./(WtaHt))) (13)

B = −ϵHs +WtaT

1(Dta×J) + λ (14)

͜͜Ͱਖ਼෦ͱෛ෦Λ෼͚ΔͨΊɼX+ = (|X|+X)./2ɼ

X− = (|X|−X)./2ͷΑ͏ʹఆΊΔɽ·ͨɼWW+ =

W+T

W+ɼWW− = W−T

W− Ͱ͋Δɽ

͜͏ֶͯ͠श͞ΕͨࣙॻWsa, Wsv, Wta ΛͦΕ

ͧΕม׵ͷࣙॻྻߦͱͯ͠༻͍Δ͜ͱʹ͢Δɽ

3.3 มํ׵๏

Vsa, Vsv,ΛͦΕͧΕม׵༻ೖྗԻ੠ɼೖྗը૾ͱ

͢ΔɽWsa, Wsv, Wta͸ͦΕͧΕֶशͨ͠ೖྗԻ੠

ࣙॻɼೖྗը૾ࣙॻɼग़ྗԻ੠ࣙॻͰ͋Δɽม׵ʹ༻

͍ΒΕΔΞΫςΟϏςΟྻߦ Ĥs͸ҎԼͷίετؔ਺

Λ࠷খʹ͢Δ͜ͱͰਪఆ͞ΕΔɽ

dKL(V
sa,WsaĤs) + (ψ/2)dF (V

sv,WsvĤs)

+λ||Ĥs||1 (15)

ਪఆ͞ΕͨΞΫςΟϏςΟྻߦͱ (4)ࣜͰਪఆͨ͠ग़

ྗ࿩ऀࣙॻWtaͷ಺ੵΛऔΓɼมޙ׵ͷεϖΫτϧ

V̂ta ΛಘΔɽ

V̂ta = WtaĤs (16)

4 ධՁ࣮ݧ

4.1 ৚݅ݧ࣮

ຊ࣮ݧͰ͸ ΫϦʔϯڥ؀ԼͰैདྷͷԻ੠ಛ௃ྔͷ

ΈΛ༻͍ͨNMFʹͮ͘جख๏ɼϚϧνϞʔμϧ੠࣭
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ม׵ख๏ͱεύʔεύϥϨϧֶशΛ༻͍ͨม׵ख๏

Λൺֱͨ͠ɽຊߘͰ͸ɼೖྗ࿩ऀͷൃ࿩ө૾ͱͯ͠உ

ੑඃऀݧ 1 ໊͔Β CENSREC-1-AV σʔλϕʔεʹ

ؚ·ΕΔ਺ൃࣈ࿩ 65 จΛऩ࿥ͨ͠ɽऩ࿥ͨ͠ 65 ൃ

࿩ͷ͏ͪ 50 ൃ࿩Λֶशσʔλͱ͠ɼ ֶशʹؚ·ͳ

͍ 15 ൃ࿩Λςετσʔλͱͨ͠ɽֶश༻σʔλͷج

ఈ਺ͷ૯਺͸ 12,870 Ͱ͋Δɽֶश͞ΕΔࣙॻྻߦͷ

ఈ਺͸ج 200 Ͱ͋ΔɽԻ੠ಛ௃ྔ͸ɼ৶ಈըऩ࿥ͱ

ಉ࣌ʹऩ࿥ͨ͠Ի੠Λ༻͍Δɽಛ௃ྔͱͯ͠ৼ෯ε

ϖΫτϧ 257 Λ༻͍ͨɽαϯϓϦϯάप೾਺͸ݩ࣍

8 kHzɼϑϨʔϜγϑτ͸ 5ms Ͱ͋Δɽը૾ಛ௃ྔ

͸ɼ৶ྖҬΛநग़ͨ͠ޙDCTΛͯͬߦಘͨ௿प೾੒

෼ Λ༻͍ͨɽग़ྗ࿩ऀͷԻ੠ಛ௃ྔ͸ɼೖݩ࣍200

ྗͱಉ͡σʔλϕʔεʹؚ·ΕΔঁੑ࿩ऀԻ੠͔Β

நग़ͨ͠ STRAIGHTεϖΫτϧ 513 Λ༻͍Δɽݩ࣍

GMMͷֶशʹ༻͍ΔύϥϨϧσʔλͱͯ͠ɼֶश

ಉҰൃ࿩͔ΒಘΒΕͨϝϧέϓετϥͨ͠༺࢖ʹ࣌

Ϝ 24 ͚͓ʹΛಛ௃ྔͱͨ͠ɽ·ͨɼίετؔ਺ݩ࣍

Δ֤ύϥϝʔλʹ͍ͭͯ͸࣮ݧతʹ࠷దͳ΋ͷΛબ

ͼΞΫςΟϏςΟΛਪఆͨ͠ɽ

4.2 ࡯ߟՌɾ݁ݧ࣮

ຊख๏ʹ͓͚Δ໨ඪԻ੠ͱੜ੒Ի੠ͷ Mel-CD

ʢMel-cepstrum DistortionʣΛ Table 1ʹࣔ͢ɽMel-

CD͸ҎԼͷࣜͰද͞ΕΔɽ

Mel-CD[dB] = 10/ ln 10

√√√√2
24∑

d=1

(mctd − m̂ctd)
2 (17)

mctdͱ m̂ctd͸໨ඪԻ੠ͱੜ੒Ի੠ͷMFCCͷ dݩ࣍

໨ͷ܎਺Ͱ͋Δɽԣ࣠ͷ source͸ೖྗԻ੠ͱλʔήο

τԻ੠ͷMel-CDΛද͢ɽaudio NMFɼmulti NMF

͸ैདྷख๏ɼsparse-parallel͸ఏҊख๏ʹΑΔม׵Ի

੠ͱλʔήοτԻ੠ͱͷMel-CDΛද͢ɽTable 1Α

ΓɼεύʔεύϥϨϧֶशΛ༻͍ͨม׵ख๏͕ɼଞͷ

2ͭͷैདྷख๏ʹൺ΂ͯਫ਼౓্͕͕͍ͬͯΔɽ͜Ε͸

ֶशʹΑͬͯը૾ಛ௃ྔͷ৑௕ੑ͕ղফ͞Ε͔ͨΒ

ͩͱ͑ߟΒΕΔɽ

Table 1 Mel-cepstral distortion of each method

source audio NMF multi NMF sparse-train

4.37 3.24 3.23 3.17

5 ͓ΘΓʹ

ຊߘͰ͸ɼ͜Ε·ͰఏҊ͖ͯͨ͠ϚϧνϞʔμϧ

੠࣭ม׵ख๏ʹεύʔεύϥϨϧֶशΛಋೖͨ͠ख

๏ΛఏҊͨ͠ɽैདྷख๏ͱൺ΂ɼֶशͨ͠ίϯύΫ

τͳࣙॻͰมͨ͠׵ਫ਼౓্͕͕͍ͬͯΔ͜ͱ͔Βɼը

૾ͷ৑௕ੑΛղফͨ͠ม͑ߦ͕׵Δ͜ͱ͕Θ͔ͬͨɽ

ɾධՁΛ͠ݧԼʹదԠ͠ɼ࣮ڥԻ؀ࡶ͸ຊख๏Λޙࠓ

͍ͯ͘ɽ·ͨ৽ͨͳը૾ಛ௃ྔͷಋೖͳͲ΋ݕ౼ͯ͠

͍͘ɽ
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