
ςϯιϧ෼ղʹޠݴͮ͘ج৘ใදݱΛ༻͍ͨࣝޠݴผʹؔ͢Δݕ౼ ∗

ˑླ໦ ᰜɺᜊ౻ େีɺ็দ ৴໌ (౦େ)

1 ͸͡Ίʹ

Λ൑ఆ͢Δٕज़Ͱ͋ޠݴผ͸ɺೖྗԻ੠ͷࣝޠݴ

ΓɺଟޠݴରԠͷٞࣄ࿥࡞੒ࢧԉΞϓϦέʔγϣϯ΍

ίʔϧηϯλʔ౳Ͱ༻͍ΒΕ͍ͯΔɻೖྗԻ੠͔ࡍࠃ

ΒޠݴΛಛఆ͢ΔͨΊʹඞཁͳಛ௃Λநग़͢Δ͜ͱ

Ͱద੾ͳࣝผ͕ՄೳͱͳΔ͜ͱ͕ظ଴͞ΕΔ͕ɺԻ

੠͸࿩ऀ΍νϟωϧ౳ͷ৚݅ʹΑͬͯଟ༷ʹมԽ͠ɺ

͜ΕΒඇޠݴతಛ௃ͷมಈʹΑΔࣝผੑೳ௿Լ͕՝

୊ͷҰͭͱͳ͍ͬͯΔɻۙ೥Ͱ͸ɺ͜Εʹண໨ͯ͠ఏ

Ҋ͞Εͨ i-vector ͕ඪ४తͳޠݴ৘ใදݱͷख๏ʹ

ͳ͍ͬͯΔ͕ [1]ɺ͜Ε͸֤ൃ࿩Λ Gaussian Mixture

Model (GMM)ͰϞσϧԽ͠ɺGMMͷ֤෼෍ͷฏۉ

ϕΫτϧΛ࿈݁ͨ͠ GMM supervector (GMM-SV)

Λ࣍ݩѹॖ͢Δ͜ͱʹΑͬͯಘΒΕΔޠݴಛ௃ྔͰ

͋Δɻ

GMM-SV ΍ i-vector ͸ݩདྷ࿩ऀࣝผͷ෼໺Ͱఏ

Ҋ͞Εͨಛ௃ྔͰ͋Γ [2, 3]ɺ͜ͷ෼໺Ͱ͸ۙ೥ɺς

ϯιϧ෼ղʹͮ͘ج࿩ऀ৘ใද͕ݱఏҊ͞Ε͍ͯΔ

[4]ɻ͜Ε͸ɺ͓ߦΑͼྻ͕ͦΕͧΕ GMM ͷཁૉͱ

ฏۉϕΫτϧʹରԠ͢ΔΑ͏ͳྻߦʹΑͬͯҰൃ࿩

Λද͠ݱɺଟ਺࿩ऀ෼ͷྻߦΛςϯιϧͱͯ͠ѻ͍ɺ

ςϯιϧղੳΛಋೖ͢Δ͜ͱͰෳ਺ཁҼ͔ΒͷԻڹ

తมಈͷ෼཭Λߦͳ͏ͱ͍͏ख๏Ͱ͋Γɺࣝޠݴผʹ

΋ద༻ՄೳͰ͋Δͱ͑ߟΒΕΔɻຊߘͰ͸ɺςϯιϧ

෼ղʹޠݴͮ͘جද৅ͷޮՌΛ࣮ݧతʹݕ౼͢Δ͜

ͱΛ໨తͱ͢Δɻ

2 ઌڀݚߦ

2.1 GMM-SV

GMM-SV ͸ɺҰൃ࿩Λ GMM ͰϞσϧԽ͠ɺ֤

෼෍ͷฏۉϕΫτϧΛҰྻʹ࿈݁ͨ͠ಛ௃ྔͰ͋Δ

[2]ɻGMM ͷ֤෼෍͸Իૉ΍୯ԻͷΑ͏ͳԻڹతͳ

ཁૉΛଊ͍͑ͯΔ͜ͱ͕ظ଴Ͱ͖ΔͨΊɺGMM-SV

͸ͦΕΒͷԻڹతͳಛ௃Λൃ࿩୯ҐͰදͨ͠ݱಛ௃

ྔͱ͑ߟΔ͜ͱ͕Ͱ͖Δɻ

GMM-SVͰ͸Ұൃ࿩ͷ GMMΛਪఆ͢Δ͜ͱʹͳ

Δ͕ɺ͜ Ε͸͋Β͔͡Ί༷ʑͳԻ੠͔Β౷ܭతʹ࿩ ɾऀ

ඇґଘͷޠݴ Universal Background Model (UBM)

Λߏங͓͖ͯ͠ɺUBM Λࣄલ෼෍ͱͯ͠ೖྗൃ࿩ʹ

ର͢Δ࠷େ֬ޙࣄ཰ج४ʹΑΔਪఆ (MAPਪఆ)Λߦ

ͳ͏͜ͱͰಘΒΕΔʢFig. রʣɻ͜ΕʹΑΓɺൃ࿩ࢀ1

∗A study of language identification using tensor-based language identity representation. by S. Suzuki, D.
Saito, and N. Minematsu (The University of Tokyo)

Input speech

…

Feature

extraction

Various languages
Various speakers

Universal Background Model
(UBM)

MAP

adaptation

Cepstrum vector
sequence

Fig. 1 ൃ࿩ GMM ͷਪఆ

GMM ͷ֤෼෍ͷΠϯσοΫεͱ UBM ͷ֤෼෍ͷ

ΠϯσοΫεͷରԠ෇͚͕อͨΕΔͨΊɺGMM-SV

͕ൃ࿩ؒͰൺֱՄೳʹͳΔɻ·ͨɺҰൃ࿩ͱ͍͏গྔ

ͷαϯϓϧ͔Β҆ఆʹ GMM ΛਪఆͰ͖Δͱ͍͏ར

఺΋͋Δɻ

2.2 i-vector

Ұൃ࿩͔Βநग़͞Εͨ GMM-SV M ͸ɺUBM ͷ

GMM-SV m ͱɺ࿩ऀ΍νϟωϧͷมԽʹΑΔԻ੠

ͷ͹Β͖ͭΛϞσϧԽͨ͠௿ۭ࣍ؒݩ΁ͷࣹӨྻߦ

T (Total variability matrix) Λ༻͍ͯ

M = m+ Tw (1)

ͱ෼ղ͞ΕΔɻ͜ͷ w ͕ɺi-vectorͱݺ͹ΕΔ [3]ɻ

GMM-SV ʹ͸ࣝޠݴผʹ͓͍ͯϊΠζͱͳΓ͏Δ࿩

ऀੑɾνϟωϧͷ੒෼ؚ͕·Εͨ··Ͱ͋Δ͕ɺޠݴ

ࣝผ෼໺ʹ͓͚Δ i-vector Ͱ͸௿ۭ࣍ؒݩ΁ͷࣹӨ

ʹΑͬͯ͜ΕΒͷ੒෼ͷআڈΛߦͳ͍ͬͯΔɻ

Total variability matrix ʹΑΔࣹӨ͸ Principal

Component Analysis (PCA) ʹ૬౰͢Δɻ࿩ऀࣝผ

෼໺ʹ͓͚Δ i-vector ͸ɺGMM-SV ʹର͢Δ PCA

ͱ͍͏؍఺͔Β͑ߟΔͱɺ࣍ʹड़΂Δ੠࣭ม׵෼໺

ʹ͓͚Δݻ༗੠ (EV) ຊجͱݱ࿩ऀ৘ใදͮ͘جʹ

తʹಉҰࢹͰ͖Δɻ

2.3 ݱ࿩ऀ৘ใදͮ͘جʹ༗੠ݻ

༗੠͸Ի੠ೝࣝʹ͓͚ΔϞσϧదԠ๏ͱͯ͠ఏҊݻ

͞Εٕͨज़Ͱ͋Δ͕ [5]ɺ੠࣭ม׵෼໺Ͱ͸͜ΕΛద

๏׵༗੠มݻͨ͠༺ (Eigenvoice Conversion; EVC)

͕ఏҊ͞Ε͍ͯΔ [6]ɻGMMʹͮ͘ج੠࣭ม׵Ͱ͸ɺ

ೖྗ࿩ऀͷಛ௃ྔ Xt ͱग़ྗ࿩ऀͷಛ௃ྔ Y t ͷ݁

߹ GMM Λ༻͍ͯೖग़ྗͷม׵ͷϞσϧԽΛߦͳ͏

͕ɺEVCͰ͸͜ͷ݁߹ GMMͷग़ྗ࿩ऀଆͷฏۉϕ
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ΫτϧΛࣄલֶश༻ͷ S ਓͷ࿩ऀͷಛ௃Λ༻͍ͯද

ͨ͠ EV-GMM λ(EV ) ͳ͏ɻߦΛ׵੠࣭ม͍ͯͮجʹ

·ͣɺࣄલֶश༻࿩ऀຖʹ GMMΛֶश͠ɺGMM-

SV Λநग़͢ΔɻS ͷݸ GMM-SV ʹରͯ͠ಛҟ஋෼

ղ (SVD) Λߦͳ͏͜ͱͰόΠΞεϕΫτϧͱ K(!
S) Ίɺ͜ΕʹΑͬͯ࿩ऀۭؒٻఈϕΫτϧΛجͷݸ

Λߏங͢ΔʢFig. 2 রʣɻ͢ͳΘͪɺग़ྗ࿩ऀͷࢀ

GMM-SV M (tar) ΛҎԼͷΑ͏ʹόΠΞεϕΫτϧ

ͱجఈϕΫτϧͷઢ݁ܕ߹Ͱද͢ɻ

M (tar) = Bw + b (2)

ୠ͠ B ͸K Ͱ͋ΔɻྻߦఈϕΫτϧ͔ΒͳΔجͷݸ

͜ͷΑ͏ʹग़ྗ࿩ऀͷ GMM-SV ͕ K ͷॏΈϕݩ࣍

Ϋτϧ w ʹΑ੍ͬͯ͞ޚΕΔͨΊɺw ͕ग़ྗ࿩ऀΛ

ද͍ͯ͠ݱΔͱ͑ߟΔ͜ͱ͕Ͱ͖Δɻ

ॏΈϕΫτϧ w ͸ɺग़ྗ࿩ऀͷԻ੠σʔλΛ༻͍

ਪఆ͢Δ͜ͱ͕Ͱ͖Δɻग़ྗ͍ͯͮجʹ४ج໬࠷ͯ

࿩ऀͷಛ௃ྔྻܥΛ Y (tar) ͱ͢Δͱɺw ͸ҎԼͷΑ

͏ʹਪఆͰ͖Δɻ

ŵ = argmax
w

∫
p(X,Y (tar)|λ(EV ),w)dX (3)

= argmax
w

p(Y (tar)|λ(EV ),w) (4)

EM ΞϧΰϦζϜΛ༻͍ͯɺҎԼͷߋ৽ࣜΛಘΔɻ

ŵ=

{
M∑

m=1

γ(tar)
m B⊤

mΣ(Y Y )−1

m Bm

}−1M∑

m=1

B⊤
mΣ(Y Y )−1

m Y
(tar)
m

(5)

γ(tar)
m =

T∑

t=1

γm,t, Y
(tar)
m =

T∑

t=1

γm,t(Y
(tar)
t − b(0)m )(6)

γm,t = P (m|Y (tar)
t ,λ(EV ),w) (7)

EVC Ͱ͸ࣄલֶश༻࿩ऀͷ৘ใΛ׆༻͍ͯ͠Δͨ

Ίɺσʔλ͕গྔͰ΋ޮ཰తʹग़ྗ࿩ऀΛද͢ݱΔ͜

ͱ͕Մೳʹͳ͍ͬͯΔɻ͔͠͠ɺGMM-SV ͸ GMM

ͷ֤෼෍ͷฏۉϕΫτϧ͕୯७ʹҰྻʹฒΜͩߏ੒

ʹͳ͍ͬͯΔͨΊɺ෼෍ಉ࢜ͷؔੑ܎·Ͱ͸ྀ͞ߟΕ

͍ͯͳ͍ɻGMM ͷ֤෼෍ʹ͸૬ؔͷ͍ߴ΋ͷ΋௿

͍΋ͷ΋ଘ͢ࡏΔͱ͑ߟΒΕΔͨΊɺͦΕΒͷؔੑ܎

Λద੾ʹྀ͢ߟΔ͜ͱͰΑΓਫ਼ີͳ࿩ऀ৘ใද͋ݱ

Δ͍͸ޠݴ৘ใද͕ݱՄೳʹͳΔ͜ͱ͕ظ଴Ͱ͖Δɻ

3 ςϯιϧ෼ղʹޠݴͮ͘ج৘ใදݱ

3.1 ֓ཁ

GMM ͷ֤෼෍ͷؔੑ܎ʹண໨ͨ͠ख๏ͱͯ͠ɺ

ςϯιϧ෼ղʹͮ͘ج࿩ऀ৘ใදݱΛ༻͍ͨ੠࣭ม

׵ [7]ͱ࿩ऀࣝผ ,Ε͍ͯΔɻ[4͞౼ݕ͕[4] 7]Ͱ͸ɺ

GMM ͷ֤෼෍ͷฏۉϕΫτϧ܈ΛྻߦͰද͠ɺෳ

…

M(1)

…

M(2)

……

M(S)
…

B(1)

…

B(2)

……

B(K)

…

b

Representative vectors Bias vector

SVD

GMM of S pre-stored speakers

…

GMM-SVs

&

Fig. 2 ஙߏ࿩ऀۭؒͷͮ͘جʹ༗੠ݻ

mode-1 flattening

mode-3 flattening

mode-2 flattening

Fig. 3 I1 × I2 × I3 ςϯιϧ A ͷฏୱԽ [7]

਺໊෼ͷྻߦΛςϯιϧͱͯ͠ද͢ݱΔɻ͜ͷςϯ

ιϧʹରͯ͠ɺPCA ͷࣹӨྻߦͷҰͭͷࢉܭ๏Ͱ͋

Δ SVD Λ֦ுͨ͠ Tucker ෼ղͱݺ͹ΕΔςϯιϧ

෼ղΛ༻͍ͯ࿩ऀ৘ใΛද͍ͯ͠ݱΔɻຊߘͰ͸ɺ͜

ͷख๏Λద༻ͯ͠ޠݴ৘ใදݱΛߦͳ͏ɻ

3.2 ଟॏઢܗղੳ

ςϯιϧ͸ɺྻߦදݱΛҰൠԽͨ͠ଟ࣍ݩ഑ྻද

ʑͷΠϯσοΫε͸ݸͰ͋Δɻςϯιϧʹ͓͚Δݱ

Ϟʔυͱݺ͹ΕɺಛఆͷϞʔυʹԊͬͯεϥΠε͢Δ

ฏୱԽૢ࡞ʹΑͬͯςϯιϧΛྻߦͷܗͰදݱͰ͖

ΔɻA ∈ RI1×I2×I3 Λ 3֊ͷςϯιϧͱ͢Δͱɺ͜

ΕΛͦΕͧΕϞʔυ 1, 2, 3 ʹԊͬͯฏୱԽͨ͠ྻߦ

A(1),A(2),A(3) ͸ Fig. 3ͷΑ͏ʹͳΔɻ͜ͷΑ͏ͳ

ฏୱԽྻߦΛ༻͍ͯɺςϯιϧͱؒྻߦͷੵ͕ఆٛͰ

͖Δɻςϯιϧ G ∈ RI1×···×IN ͱྻߦ B ∈ RJn×In

ͷϞʔυ n ੵ A = G ×n B ͸Ϟʔυ n ͷฏୱԽߦ

ྻʹΑΔԋࢉA(n) = B ·G(n) ʹΑͬͯఆٛ͞ΕΔɻ

3.3 SVDͱ Tucker ෼ղ

ྻߦ A ∈ RM×N ͸ɺҎԼͷΑ͏ʹ෼ղ͢Δ͜ͱ

͕Ͱ͖Δɻ

A = USV ⊤ (8)

͜ΕΛ SVD ͱݺͿɻୠ͠ɺU ∈ RM×M ,S ∈
RM×N ,V ∈ RN×N Ͱ U ,V ͸௚ަྻߦɺS ͸ K
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Ͱ͋Δɻ͜͜ͰɺKྻߦͷಛҟ஋͔ΒͳΔର֯ݸ ͸

A ͷϥϯΫΛද͢ (K ! min(M,N))ɻྻߦ A ͷ

SVDΛ 2֊ͷςϯιϧͷ෼ղͱͯ͠ॻ͖௚͢ͱҎԼ

ͷΑ͏ʹͳΔɻ

A = S ×1 U ×2 V (9)

͜ΕΛҎԼͷΑ͏ʹߴ֊ͷςϯιϧʹ֦ுͨ͠΋ͷ

Λ Tucker ෼ղͱݺͿ [8]ɻ

A = S ×1 U1 ×2 U2 ×3 U3 (10)

ୠ͠ɺU1,U2,U3 ͕௚ަྻߦͷ৔߹͸ίΞςϯιϧ

S ͸ີͳςϯιϧͱͳΔɻ

3.4 Tucker ෼ղʹΑΔޠݴ৘ใදݱ

Ұൃ࿩ͷ GMM ͷ֤෼෍ͷฏۉϕΫτϧΛฒ΂ͯ

M×D ͷྻߦͰද͢ݱΔɻ͜͜ͰM ͸ࠞ߹਺ɺD ͸

ฏۉϕΫτϧͷ࣍ݩͰ͋Δɻ࢝Ίʹશൃ࿩ͷฏۉΛٻ

Ίɺ͜ΕΛόΠΞεྻߦ bͱ֤ͯ͠ൃ࿩ͷ͔ྻߦΒݮ

ɻֶ͓ͯ͘͠ࢉ शσʔλͷൃ࿩਺Λ N ͱͨ͠ͱ͖ɺN

ͷݸ M ×D Λྻߦ 3֊ͷςϯιϧM ∈ RM×D×N

ͱͯͯ͑͠ߟ Tucker ෼ղΛߦͳ͏ͱҎԼͷΑ͏ʹ

ͳΔɻ

M = GM×D×N ×1 U
(M) ×2 U

(D) ×3 U
(N) (11)

ୠ͠ U (M) ∈ RM×M ,U (D) ∈ RD×D,U (N) ∈
RN×N Ͱ͋ΓɺͦΕͧΕ GMM ࠞ߹਺ɺฏۉϕΫ

τϧͷ࣍ݩɺൃ࿩ΠϯσοΫεͷޮՌΛଊ͍͑ͯΔɻ

͜͜ͰɺҎԼͷΑ͏ʹ M ͷୈ 3ϞʔυΛݻఆ͢Δ

͜ͱͰɺಛఆͷൃ࿩Λද͕͢ྻߦಘΒΕΔͱ͑ߟΒ

ΕΔɻ

µ̂(n) = G ×1 U
(M) ×2 U

(D) ×3 U
(N)(n, :) (12)

U (N)(n, :) ∈ R1×N ΛॏΈύϥϝʔλɺͦͷଞͷϞʔ

υੵͷ߲Λۭؒޠݴͷجఈͱଊ͑Δͱ SVDͱ౳Ձʹ

ͳΔɻҰํɺຊߘͰ͸ GMM ͷ֤෼෍ͷؔੑ܎Λߟ

ྀ͢ΔͨΊҎԼͷΑ͏ͳάϧʔϐϯάΛ͑ߟΔɻ

µ̂(n) = U (M)
{
G ×2 U

(D) ×3 U
(N)(n, :)

}
(13)

= U (M)W⊤
n (14)

U (M) ΛجఈɺW n ∈ RD×M ΛॏΈྻߦͱ͢Δɻ࣍

ఈΛॖ໿͢Δ͜ͱͰ೚ҙͷൃج఺͔Βɺ؍ѹॖͷݩ

࿩͸ҎԼͷΑ͏ͳྻߦͰද͞ΕΔɻ

µ(new) = U (M)W⊤
(new) + b (15)

U (M) ∈ RM×K(K ! N) ͕දྻߦݱɺW (new) ∈
RD×K ͕ॏΈྻߦͱͳΓɺD×K ͷॏΈྻߦʹΑͬ

ͯൃ࿩ͷޠݴ৘ใΛද͢ݱΔɻ

Table 1 Իڹ෼ੳ৚݅
αϯϓϦϯά 8 bit / 8 kHz
૭ 25 ms length / 10 ms shift
Իڹతಛ௃ MFCC (ݩ7࣍) + SDC (ݩ49࣍)

[4] Ͱ͸ࣜ (15)ͷ࠷খೋ৐ղͱͯ͠ॏΈྻߦW Λ

ग़͍ͯ͠Δ͕ɺ͜Ε΋ࢉ EVC ͷॏΈϕΫτϧͱಉ༷

ʹɺҎԼͷΑ͏ͳ࠷໬ج४ʹ͍ͯͮج W ͷਪఆΛ

ͳ͏͜ͱ͕Ͱ͖Δߦ [7]ɻ

Ŵ = argmax
W

∫
p(X,Y (tar)|λ(EV ),W )dX (16)

= argmax
W

p(Y (tar)|λ(EV ),W ) (17)

EVC ͱಉ༷ʹ EM ΞϧΰϦζϜΛ༻͍ͯɺҎԼͷߋ

৽ࣜΛಘΔɻ

vec(W )=

[
M∑

m=1

γ(tar)
m U⊤

mUm⊗Σ(Y Y )−1

m

]−1

vec(C) (18)

C =
T∑

t=1

M∑

m=1

γm,tΣ
(Y Y )−1

m (Y (tar)
t − b(0)m )Um (19)

Um = U (M)(m, :) ∈ R1×K (20)

b(0)m = b(m, :)⊤ ∈ RD×1 (21)

͜͜Ͱɺvec() ͸ྻߦΛྻϕΫτϧʹల։͢Δԋࢠࢉ

Ͱ͋Δɻ

4 ݧผ࣮ࣝޠݴ

ςϯιϧ෼ղʹͮ͘جख๏ (Tensor-based) ͷ༗ޮ

ੑΛ͢ূݕΔͨΊɺi-vector ͱݻ༗੠ʹͮ͘جख๏

(EV-based) ͱ߹Θͤͯ 3ͭͷख๏Ͱࣝޠݴผ࣮ݧΛ

ͳͬͨɻߦ

4.1 ৚݅ݧ࣮

The National Institute of Standards and Technol-

ogy Language Recognition Evaluation (NIST LRE)

ͷ 2003ɾ2005ɾ2007 ೥൛Λ༻͍ͯɺࣝޠݴผ࣮ݧΛ

ଓ௕ܧͳͬͨɻ͜ͷίʔύεʹ͸ి࿩Ͱͷձ࿩͕ߦ

3s, 10s, 30s ͷ 3ͭͷΧςΰϦʔʹ෼͔Εͯऩ࿥͞Ε

͍ͯΔɻNIST LRE 2007 Evaluation Plan ʹै͍ɺ

ΞϥϏΞޠɾϕϯΨϧޠɾϖϧγΞޠɾυΠπޠɾ೔

ຊޠɾؖޠࠃɾϩγΞޠɾλϛϧޠɾλΠޠɾϕτφ

ϜޠɾதޠࠃɾӳޠɾώϯυΡελϯޠͷ Λޠݴ14

ࣝผର৅ͷޠݴͱͨ͠ɻ

֤Ի੠σʔλʹ͍ͭͯTable 1ͷ৚݅ͰԻڹ෼ੳΛ

ͳ͍ɺVoiceߦ Activity Detection (VAD)ͱCepstral

Mean and Variance Normalization (CMVN), Vocal

Tract Length Normalization (VTLN) Λͨ͠ࢪԻڹ

ಛ௃ྔྻܥΛͨ͠ࢉܭɻUBM ͸ 2,048 ࠞ߹ɺର֯

ͷ৚݅Ͱྻߦࢄ෼ڞ 24,577ൃ࿩͔Βֶशͨ͠ɻEV-

based, Tensor-basedʹ͓͚Δجఈͷݸ਺K ͸ͦΕͧ
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Table 2 Ͱͷೝࣝ཰ޠݴ14 [%]

WA UA
3s 10s 30s 3s 10s 30s

i-vector 44.40 66.36 79.19 36.90 60.95 77.00
EV-based (MMSE) 35.87 53.20 65.20 28.05 43.92 56.41
EV-based (ML) 38.83 58.80 70.11 32.10 52.05 63.42
Tensor-based (MMSE) 38.23 60.56 75.67 31.42 53.56 70.64
Tensor-based (ML) 31.23 56.81 70.44 26.08 51.75 66.27

Ε 600, 256ͱͨ͠ɻi-vectorͷ࣍ݩ਺͸ 600ͱͨ͠ɻ

ࣝผʹ͸ઢܗαϙʔτϕΫλʔϚγϯ (SVM)Λ༻͍ɺ

23,665ൃ࿩ͰֶशɺNIST LRE 2007 Evaluation Plan

Ͱࢦఆ͞Εͨ 6,474ൃ࿩ʢ3s, 10s, 30s֤ 2,158ൃ࿩ʣ

ͰςετΛߦͳͬͨɻԻڹಛ௃ྔྻܥͱ i-vectorͷܭ

͸ʹࢉ KALDI Toolkit1ɺGMM ͷֶशʹ͸ Hidden

Markov Model Toolkit (HTK)2ɺSVM ͷ࣮૷ʹ͸

LIBLINEAR3 Λ༻͍ͨɻධՁͱͯ͠ɺશςετσʔ

λʹର͢Δೝࣝ཰Ͱ͋ΔWeighted Accuracy (WA)

ͱ֤ޠݴͷೝࣝ཰ͷฏۉͰ͋ΔUnweighted Accuracy

(UA) Λͨ͠ࢉܭɻ

4.2 Ռ݁ݧ࣮

Table 2 ,ՌΛࣔ͢ɻEV-based݁ݧ࣮ʹ Tensor-

based ͰॏΈΛͦΕͧΕࣜ (2), (15) ͷ࠷খೋ৐ղ

ͱͯ͠ٻΊͨ৔߹Λ MMSEɺॏΈΛͦΕͧΕࣜ (4),

(17)ͷ࠷໬ج४ͰٻΊͨ৔߹Λ MLͱද͍ͯ͠هΔɻ

MMSEʹؔͯ͠͸WA, UAͱ΋ʹ Tensor-basedͷ

ೝࣝ཰͕EV-basedΑΓ΋͘ߴͳ͓ͬͯΓɺGMMͷ

֤෼෍ͷؔੑ܎Λྀͨ͠ߟ Tensor-based ͷ༗ޮੑΛ

ࣔͤͨɻҰํɺMMSE ͔Β ML ʹͳΔ͜ͱͰ EV-

basedͰͷೝࣝ཰͸্͕ͨ͠޲ɺTensor-basedͰͷೝ

ࣝ཰͸௿Լͨ͠ɻͦͷͨΊ ML ʹؔͯ͠͸ɺTensor-

based͕ EV-basedͷೝࣝ཰Λ্ճͬͨͷ͸WA, UA

ͱ΋ʹ 30s ͷΈͱͳͬͨɻTensor-based ʹ͓͚Δॏ

Έྻߦ͸ 56 × 256ɺEV-based ʹ͓͚ΔॏΈϕΫτ

ϧ͸ 600 ͱͳ͓ͬͯΓɺTensor-basedݩ࣍ ͷํ͕ද

Β͑ߟΊʹաֶशΛੜ͡΍͍͢͜ͱ͕͍ͨߴ͕ྗݱ

ΕΔɻ

·ͨɺ3 ख๏ͷ͏ͪೝࣝ཰͕ߴ࠷ͱͳͬͨͷ͸ i-

vector Ͱ͋ͬͨɻi-vector ͱ EV-based ͸ɺGMM-

SV ʹରͯ͠ͷ PCA ͱ͍͏఺Ͱ͸ڞ௨͍ͯ͠Δ͕ɺ

i-vector Ͱ͸ SVD ʹΑΔܾఆతͳ PCA Ͱ͸ͳ͘

Probablistic PCA (PPCA) ཰తͳΞϓ͍֬ͯͮجʹ

ϩʔνͰۭؒޠݴͷجఈΛٻΊ͍ͯΔͱ͍͏ҧ͍͕

͋Δɻ྆ऀͷੑೳࠩ͸͜ΕʹىҼ͢Δͱ͑ߟΒΕɺ

Tensor-based ʹ΋ PPCA Λಋೖ͢Δ͜ͱͰੑೳ޲

଴Ͱ͖Δɻظ্͕

1http://kaldi.sourceforge.net/
2http://htk.eng.cam.ac.uk/
3http://www.csie.ntu.edu.tw/˜cjlin/liblinear/

5 ͓ΘΓʹ

ຊߘͰ͸ɺֶशσʔληοτΛςϯιϧͰදͯ͠ݱ

෼ղ͢Δ͜ͱʹΑۭͬͯؒޠݴΛߏங͠ɺGMM ͷ

֤෼෍ͷؔੑ܎ʹண໨ͨ͠ޠݴ৘ใදݱΛ༻͍ͨݴ

Λ࿩ऀೝࣝλε౼ݕͳͬͨɻಉ༷ͷߦΛ౼ݕผͷࣝޠ

Ϋͱͯ͠ߦͳͬͨ [4] ͱಉ༷ʹɺݻ༗੠ʹޠݴͮ͘ج

৘ใදݱͱൺֱͯࣝ͠ผੑೳ্͕֬޲ೝͰ͖ͨɻ

Λਪఆ͢ΔྻߦॏΈͮ͘جʹ͸ɺςϯιϧ෼ղޙࠓ

લ෼෍ࣄ໬ਪఆͱ࠷ͷաֶशΛ๷͙ͨΊɺࡍ (UBM)

ͱͷ಺ૠʹΑΔ MAP తͳॏΈྻߦͷਪఆΛݕ౼͠

͍ͨɻ·ͨɺPPCA Λಋೖͯ֬͠཰తʹۭؒޠݴͷ

ɻ͍ͨ͠౼ݕΊΔ͜ͱʹ͍ͭͯ΋ٻఈΛج

ຊߘͰ͸ࣝผʹઢܗ SVM Λ༻͍͕ͨɺi-vector ͷ

ࣝผͰΑ͘༻͍ΒΕ͍ͯΔ Probabilistic Linear Dis-

criminant Analysis (PLDA) Λ֦ு͠ɺॏΈྻߦΛ

ͦͷ··ͷܗঢ়ͰೖྗͰ͖ΔΑ͏ͳྻߦมྔ PLDA

Λকདྷతʹ͸ಋೖ͍ͨ͠ɻ

ँࣙ ຊڀݚͷҰ෦͸Պݚඅɾएखڀݚ (B)

(25730105)ɺٴͼج൫ڀݚ (A) (26240022) ͷॿ੒Λ

ड͚ͨ΋ͷͰ͋Δɻ
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