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ïÄ(JL²§<ag�3?1�«£O�~^�«©5A�Uìl$��

p��±y©�.�(ÆA�£MFCC!SDC!PLP�¤!(ÆA�£��!Äª!

­Ö�¤!Ñ�£Ñ�?O�N-gram¤!c{Ú�{[2]".�(ÆA��)ªÌ!

�Ì!Ì�ä±9��¸§�@�´(Æ&Ò¤�k�ÔnA�§Ù¦A�Ñ´

ïá3.�(ÆA��Ä:�þ��p�g�A�§5guÙ$�&E�©ÛÚ

J�"� p�§A�«©�«�Uå�r§,
A�J���d��p"� .

�§A�¥¤¹�P{&E�õ§A�«©�«�Uå�f§�´A�J���d

�$"�óÆþ�ïÄL²§�ó¥�^u�«©a�A53z��&E¥ÑkX

ØÓ�Ny"8c��Ü©�«£OïÄ�{8¥3.��(ÆA�ÚÑ�A�

þ"c{Ú�{A�ÏÙé�óÆ�£Ú�Ñ£Oì��65
mkïÄ"
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¡�Xî��]Ô§Ì�Ly3±en��¡µ
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êâ�U5gu>{&�!2Â&�±9ØÓªã�£Ä>{&Ò�§D(�¸�

k�U5gu�«E,����µ�¸"�«£O�ïÄlDÚ�ü�&�!ü�
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a£O=C"Äuyk�(ÆA�ï��{�ÄuÑ�£O�ï��{ÑJu�



Zhaodi Page 3 of 19

�­�?Ð§Ì��Ï3u.�(ÆA�éuD(�°�5�K�4´É�`{

<!&�!�¸D(±9A½`{SN�Z6Ú�Ñ£OìqÉ�uéù
|µ^

�e�Ñ&Ò�£OO(Ç§l
K�A�é�«�«©�J"�CAc§�Ý

ÆS(Deep Learning)nØ3�Ñ£OÚã�£O+���
-<�¯�5UJ,§

×�¤�
�eÆâ.Ú��.�ïÄ9:§�?3´¶Ï��ÑÚã���ª£

O+�Jø
��rkå�óä§¤±�)
Äu�ÝÆS��«£O�9�"

4 ���«««£££OOO���ïïïÄÄÄ���{{{

�!SNòé8c�«£O+��Ì�ïÄ�{?1Nï§�)ÄuÑ�£O

ì��«£O�{!Äu.�(ÆA���«£O�{§¿3dÄ:þ�[0�Ì

6£O�{"

4.1 ÄuÑ�£Oì��«£O�{

ÄuÑ�£Oì��«£O�{@�ØÓ��ó�m�Ó�Ñ���Ny�

ÚOA5´k�O�§Ïd�±^5?1�«£O"äN¢y
ó§ÄkÏLÑ

�£Oìò�Ñ&Ò=��Ñ�S�§,��âÑ�S�J�N-gramü�ÚO

þ��A�§���âù
ÚOA5ïáz��«�N-gram �ó�.(Language

Model§LM)"T�{3�«£O+�¥�¡��Ñ�£Oì(Ü�ó�.(Phone

Recognizer followed by Language Model§PRLM) [3] [4]"

�
¿©|^ØÓ�ê�£ãUå§�Ñ�«¥ØÓ�N-gramÏ��L�


E¤�DÕ5¯K§ïÄö3�ó�.�Ä:þ§qJÑ
��ûüä(Binary

Tree§BT)�."¡�Ñ�£Oì(Ü��ûüä(Phone Recognizer followed by

Binary Tree§PRBT)�{"duz��«�Ñ�ü�Ø��§Ïd�«�N-

Gram�É3ØÓ��«Ñ�£Oìþ�N��Ék¤ØÓ"@oæ^õ�Ø

Ó�«��Ñ£Oì§©OòÓ��Ñã=�¤ØÓ�«Ñ�8Üe�Ñ�

S�§,�3�û�©þé¤kfXÚ?1KÜ"T�{¡��¿1Ñ�£O

ì(Parallel Phone Rcognizer§PPR) �{§�A�Òk¿1Ñ�£Oì(Ü�ó�

.(PPRLM)Ú¿1Ñ�£Oì(Ü��ä�.(PPRBT)"

��§MIT�ïÄö�@�DÚ�1-best£OS�´É£O°Ý�K�§¿

�K
Nõg`´»&E§ÏdJÑ
|^cã(Lattice)�O�`£OS�5J

�N-gramÚOþ��{"

�X|±�þÅ�.(SVM) [5]�uÐ§ïÄö�qJÑ|^N-gram Ä��ï

c�¥þbag-of-Ngram§,�|^SVM5�ï�.�PPRSVM �{"duSVM´

«©5�.§��ó�.
óï�Uå�r§¿�SVM�.éu����¹°

�5�r§Ïd¤�
8cÄuÑ�£Oì�{¥�Ì6XÚ"3SVM��§�

þ�ïÄó�Ñ8¥3XÛ)ûN-gram�DÕ5±9XÛ]ÀÑ�äk«©5

�N-gram�ü��¯K"Cc5§É��Éï��{3Äu(ÆA��¤õA^
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�éu§ïÄö�JÑ
|^bag-of-ngramJ�i-vector��{§T�{U
òp�

�bag-of-Ngram¥þC��$��L«�m¥§l
ü$©aì�ï�JÝ§J,

XÚ5U�8�"

4.2 Äu.�(ÆA���«£O�{

Äu.�(ÆA���«£O�{´|^.�(ÆA�¤U
£ã�(Æü�

�ÚOA5�É5é�«?1©a"duT�{¤I��A���ÏL.��Ìë

ê��§ØI�Ñ�£Oì��| §Ïd��±5Ñ´�«£OïÄ�9:"

1��â»Ò´2002cJÑ�SDCA�[6](Ü·Üpd�.-Ï^�µ�

.(Gaussian Mixture Model-Universal Background Model§GMM-UBM)��{"

3ù��§ÄuSDCA�ÚGMM�.�U?�{ØäZyÑ5"�
�Ñ.�(

ÆA�´É`{<!&�!D(±9SN&E�ÉK��¯K§3A���¡JÑ


³�òÈ&�D(K���Ì�~þ�(Cepstral Mean Subtraction§CMS)!�

K`{<K��(��Ý5�(Vocal Tract Length Normalization§VTLN)!A�

pdz±9RASTAÈÅ��{"

1��â»Ò´«©5ï��{�Ú\"DÚ�GMM-UBM�.´��;

.�)¤5�.§§¿ØUéÐ�éØÓaO�m�´·Ü©?1©a"Ï

d3GMM�Ä:þ§ïÄö�©OJÑ
|^«©5ÔöOK��p&EO

K(Maximum Mutual Information§MMI)Ôö�«GMM�.�GMM-MMI�{§

|^«©5�SVM�.5éézã�Ñ�GMMþ��¥þ?1ï��GSV-

SVM�{±9|^GSV-SVM�{�í�«GMM�.�model pushing�{"

1n�â»Ò´Ïf©Û�{(Factor Analysis§FA)"T�{/�u`{<

£O�¥��¤õA^�éÜÏf©Û�{(Jiont Factor Analysis§JFA)§3.

�(Æ�m¥é&�D(?1f�mï�§,�ÏLA����D½ö�.�

�Ö�5�ØD(�K�"Cc5§ïÄö�¿£��ï�f�m¥E,�¹X

8I�k�©a&E§Ïd3dÄ:þJÑ
Äu��É�mï���{(Total

Variability§TV)§T�{�7���GMM��þ�þ���þ�m��É§òz

���À�Õá��N§Ôö��z����m���É�m§,������m

�É�$�L«¡��i-vector��ÏL�5«©5©Û½öaS���5��E

âéi-vector?1aSam�ÉÖ�Úü�§2æ^SVM½ö¯�{uål5?1

ï�"8c§TV[7]�{(½ö¡�i-vector�{)ÏÙ$���ÑãL«±9ûÐ�

5U¤�
�«£O+��Ì6XÚ"

±e©5�:�[0�þ¡J9�Ì6�{"

4.2.1 SDCA�

SDCÌ�´3.�ÌëêA�MFCC½öPLP�Ä:þÏL£ �©*Ð


5"��;.�SDCA�J�6§XFigure 2¤«"
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Figure 2 ;.�SDCA�J�6§µã

Äké�Ñ\IJ�Ù.�(ÆÌëêA�§3�«£O?Ö¥��J

�MFCCA�½öPLPA�"3J��ÌëêA��§æ�RASTA ÈÅ(Relative

Spectral filtering)5³�ëêL«¥��ÑªÌÜ©�K�"éuJ�Ñ5�1tv

·�ÌA�N�·�ÌëêA�c(t)§ÙéA�1k����©¥þO�L�ª�

∆c(t, k) = c(t+ (k − 1)P + d)− c(t+ (k − 1)P − d) (3.1)

d�§���SDCA�Ò´ò·�A�Úk�£ �©¥þ∆c(t, k)©�å5§

/¤�ª�SDCA�xt"

x =



c(t)

∆c(t, 0)

∆c(t, 1)

· · ·

∆c(t, k − 1)


(3.2)

��;.�£ �©O�XFigure 3¤«§§�O�Ì�d4�ëêN-d-P-k£

ã"Ù¥NL«J�Ñ5�·�ëêA��ê§dL«O����©�v�ë�v

��£ål§PL«ë�v�av�Ý§iL«ë�v��ê§duÙ3z�ë�v

eÑ¬�����©¥þ§Ïd�L«����©¥þü�ê8"

Figure 3 £ �©O�«¿ã
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3��SDCA��§���æ^�Ì��þ�(CMS)5�Ø&��òÈD(±

9A�pdzEâé�Ñ�ëê?15�§ù
EâÒ�¤
8cSDCA�J��

IO6§"ù�Ò��
�ã�Ñs�D�v?(Frame-level)A�L«X=X1§. . . §

XTn§Ù¥TsL«�Ñãs�ovê"

4.2.2 GMM-UBM�«£O�{

UBMÙ¢Ò´���.�GMM�.§^5ÔöL«�`{<Ã'�A�©

Ù"§�Ôöêâ´,�&�e�¤k<��Ñêâ§
Ø´�target�.�´�

N,��<�A�©Ù"`x
§�´����GMM§@oÔöUBM�Ò´Ô

öGMM§¤^�{æ^�´EM�{"

GMM¥§l`{<�ÑÄÑ5�D�A�¥þéA�q,Ç�^K�pd©

þL«µ

p(x|λ) =

M∑
i=1

wipi(x) (3.3)

Ù¥´1K�pd©þ��­§
∑M
i=1 wi = 1

pi(x) =
1

(2π)D/2|
∑
i |1/2

exp

{
−1

2
(x− µi)

′
(
∑
i

)−1(x− µi)

}
(3.4)

¤±§��pd�.�±^�.ëêλ = {wi, µi,
∑
i}§i=1,2,. . . ,m5L«"

SDCÚGMM�.�Ñy§�r?
Äu.�(ÆA��«£O�{"du§

Ø�PR�{@�é£Oìkér��6§ï��{�¢y�\N´"dd§�þ

�ïÄö�m©�åuÄu(ÆA���«ï��{ïÄ§ùÏm«©5ï��{

ÚÏf©Û�{�Ú\´ü��äK�å�?Ð"

4.2.3 GMM-MMI�«£O�{

d�Ñ£O¥«©5Ôö�¤õA^éu§ïÄö�m©ò«©5ÔöOKÚ

\�GMM�.�Ôö+�§Ù¥Äu��p&EOK(MMI)�Ôö�{��¤õ"

��p&EOK¢�þ´��zÔöêâý¢aO���VÇ"b�Ôö8Ü�

Ñã�kNéS=s1 , . . .§sn§éA�zé�ÑãJ�Ñ5�A�8ÜL«�X=X1,

. . .§Xn§Ù¥Xn=xn, 1, . . .§xn, Tn)§@oMMIOK�8I¼ê�±L«�

LMMI(Λl|χ) =
1

N

N∑
n=1

p(χn|Λln)|p(ln))∑
l p(χn|Λl)p(l)

=
1

N

N∑
n=1

p(Λln|χn) (3.5)

Ù¥lnL«�Ñãsný¢��«IP§p(λln|Xn)L«�Ñãsn �áuý¢a

Oln���VÇ§p(l)L«�«l�k�VÇ§��
ó@��«�´k�´�VÇ

�§Ïd���±�ÑK"

4.2.4 GSV-SVM�«£O�{
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pdþ��¥þ(GMM Super Vector, GSV)5
uGMM-UBM"�SVM|

¤GSV-SVM�.§2�^u�«9`{<£O"GSV±GMM�.�þ�£½ö

��¤�¥þ��Ñ\A�S�§;�
��¦^�D�Ñ&Ò�A�ëê§3¢

SA^¥¼�
�Ð�¢��J"

|^c©GMM-UBM�.§ÏLMAPg·A¼��L�Ñã�GSVA�"

GMMþ��¥þ�O�L§XFigure 4µ

Figure 4 GSVO�L§

MAPg·A�L§§´�â8I�«�ÔöA��þ�UBM���§Ý§

òUBM���pd·��8I�«�./.C0�L§"éu8I�«�Ô

öêâO=(o1,o2,. . . ,oT )§ÄkO�ot �UBM¥z�pd�.���q,Ý§�

ª(3.6)µ

P (m|Ot, λUBM ) =
wmPm(Ot|µm,

∑
m)∑M

i=1 wiPi(Ot|µi,
∑
i)

(3.6)

,�|^P(m—ot , �UBM )Úot©OO�é·Ü�­!þ�¥þÚþ���

¿©�O§�ª(3.7)µ


nm =

∑T
t=1 P (m|Ot, λUBM )

Em(O) = Ot

nm

∑T
t=1 P (m|Ot, λUBM )

Em(O2) =
O2

t

nm

∑T
t=1 P (m|Ot, λUBM )

(3.7)

,�|^ù
¿©ÚOÚ?�Ïfé1�pd�ëê?1?�§äNL§�

ª(3.8)µ 
W̄m = [awmnm/T + (1− awmnm)wm]γ

µ̄m = aµmEm(o) + (1− aµm)µm

σ̄2
m = avmEm(o2) + (1− avm))(σ2

m + µ2
m)− µ̄2

m

(3.8)
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Ù¥§γ��­�5�Ïf§^5�ybarWm�Ú�1,awm!aum!avm �1m�

pd��­!þ�Ú���?�Ïf§�ª(3.9)µ

aρm =
nm

nm + rρ
, ρ ∈ w, µ, v (3.9)

Ù¥§rρ�~ê§^5��?�Ïf�CzºÝ§����16"dug·A�

ÑØ
�§Ã{O(£ãz�pd��­Ú��§MAPL§¥§����#þ�§

�­Ú���±Ú�5�UBM�.��"

4.2.5 I-vectorA�

�«�Ñ�v?ÛÜA�MFCC��i-vectorA�J�Ú½�càÑ\"�


³�&�D(§éMFCC�©A�?1Ìþ���8�z?n(Cepstral Mean

Variance Normalization, CMVN)"äNJ�Ú½XFigure 5¤«µ

Figure 5 i-vectorA�J�6§ã

Äk|^Ü©ÔöêâÏLÏ"��z(Expectation Maximum, EM) �

�UBM",�|^����VÇ(Maximum A Posterior, MAP)g·A��GMM§

�âJFAnØ§­#½ÂGMMþ��¥þ§�ª(3.10)µ

M = m+ Tw (3.10)

Ù¥§ML«GMMþ��¥þ§mL«���A½8I�óÚ&�ÑÃ

'��¥þ§Ï~dUBMþ��¥þO�"��É1ÖÝ
(Total Variability

Matrix)��O´'�5�!§ÄkO��ÑMFCCA��éuUBMþ��¥

þm�"�Nc!��F
1
c9��F

2
cÚOþ§�ª(3.11)!(3.12)!(3.13)µ

Nc =

L∑
t=1

P (c/yt, θUBM ) (3.11)

F 1
c =

L∑
t=1

P (c/yt, θUBM )(yt −mc) (3.12)
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F 2
c =

L∑
t=1

P (c/yt, θUBM )(yt −mc)(yt −mc)
T (3.13)

Ù¥§c=1,2,. . . , C§mc�P (c/yt, θUBM )©O�UBM1c�pdf©Ù�þ�

9��VÇ"Ùg§|^��ÚOþ§ÏLEM�{�ÅÐ©z��ÉÝ
§3�

�q,OK(Maximum Likelihood, ML)e�Ow(=I-vector)���Ú��ÚOþ§

�ª(3.14)!(3.15)µ

E1
s (w) = L−1

s TT
−1∑

F 1
s (3.14)

E2
s (wwT ) = E1

s (w)E1
s (wT ) + L−1

s (3.15)

Ù¥§Ls´��Cþ§äNL«�ª(3.16)µ

Ls = I + TT
−1∑

NsT (3.16)

Ns´dNc��Ìé��©����Ý
§F
1
s´dF

1
c��©����¥þ§

I´ü Ý
§
∑
´UBM����Ý
"T Ú

∑
��#�ª(3.17)!(3.18)µ

∑
s

NsTE
2
s (wwT ) =

∑
s

F 1
sE

1
s (w) (3.17)

∑
= N−1

∑
s

F 2
s −N−1diag

{∑
s F

1
sE

1
s (wTTT )

}
(3.18)

Ù¥§N =
∑
Ns§F

2
sdF

2
c?1Ý
©���"þãÚ½�ES�6 8g�§Cq@

�TÚ
∑
Âñ"b½GMM�pdf©Ùê�C§MFCCA���ê�D§i-vector�

�ê�K§@o�¥þMÚm��ê´C x D§��É�mTÒ´CD X K�Ý
"

i-vectorA�Ý
O��ª(3.19)µ

w = (I + TT
−1∑

NcT )−1TT
−1∑

F 1
c (3.19)

ÏLTV{J��i-vectorA��Ü
v?ÛÜA�MFCC§±�Ñã�ü L�&

E���Ñã�ÝÃ'"

5 ÄÄÄuuu���ÝÝÝÆÆÆSSS������«««£££OOO���{{{

2006c§\<�õÔõ�ÆHinton�Ç9ÙÆ)Salakhutdinov3º?Æâr

Ô5�Æ6þuL©ÙJÑ�Ý ²�ä�.�Ôö�{§iå
�ÝÆS3Æâ

.9ó�.�9�"�ÝÆS�{3�Ñ£O!ã�?n!Åì�È�+�2�A

^§�«�Ý�äU?�{��UJÑ§��'Æâ+�Jø#�g´Ú�.§¤

�ïÄÆö'5�9:"AO´3�Ñ£O+�§DNN�.�?3´¶�ã�D
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Ú�GMM-HMM �.�5
ã���#§¦��Ñ£O�O(Çqþ
��#�

��§8cISI	�¶pé�è�(�y!Õ�±9zÝ�)��Ñ£O�{Ñæ

^�´DNN�{"�!Ì�0�C
c'u�«£O��
�{§±90�Ù¤

^�.�`":"

5.1 DNN�.

ïÄö�@32014cÒuy�Jø�þÔöêâ�§¦^DNN5)ûgÄ�

Ñ£O£LID¤?Ö¥Cavg�z©'�p�70[ 24]§äN¢y�ä(�XFigure 6

¤«"

Figure 6 DNN network topology , ã5g[24]

Ø
òDNN^u�«�©a�.�§dMaryam Najafian§Sameer Khurana

�<[13]�|^DNN?1A�J�§�Äuü�ëY��Ý ²�ä£DNN¤

ASR�.�J�i-vectorA�§6§ãXFigure 7 ¤«§1��DNN�Ñ\�)

lr�ÈÅì|¼��23��.ª�Uþ§1��DNN�Ñ\A�´l1�

�DNNÑÑ�SSD�"

5.2 RNN�.

(1) RNN

3[14]¥ïÄ
à�à�RNN9ÙC«LSTM,GRU��«£O"RNN �3Â

ñ¯K§Ôö�ä²~¡���FÝÚ�¿FÝ¯K�¯K"DÚ�ÄuRNN 

²(��à�àLIDXÚXFigure 8¤«"

(2) LSTM

Ó�§3[15]¥§ïÄö��|^LSTM?1�«©a§LSTM�ä(�

XFigure 9¤«§Ù)û
FÝ�¿¯K"
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Figure 7 DID¥J�i-vector�., ã5g[12]

Figure 8 RNN(��à�àLID�., ã5g[14]

Figure 9 LSTM�., ã5g[17]

�XC
c'5Å���þA^ug,�ó?n¥§±9duÙÄu�M5¿

å�.�n�JÑ§¬X­u­��&E"�''5Å��Äu'5Å��à�
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à�«£O[16]��9�JÑ§�¢�(J'RNN²wk
J,"e¡ò¬X­ù

)"

(3) GRU

GRU�5U��LSTM�|{§�Ù�OwX~�
����ëêêþ[14]"

3�N5U�¡§LSTM�Ly`uGRU§O(ÇþLy�¿Ø²w§
�GRU�

O��Ç�p"Ïd§·�¦^GRU5�ï����e�§Ï�ù�`:"

5.3 TDNN�.

CÏTDNN��A^u�«E£§���(J�`uLSTM"T�äk(�õ

�§z�éA�k�r�Ä�Uå¶kUåL��ÑA�3�mþ�'X¶äk�

mØC5¶ÆSL§¥Ø�¦é¤Æ�IP?1°(��m½ ±9ÏL���

�§�BÆS�`:"

5.4 CNN�.

dMaryam Najafian§Sameer Khurana�<JÑCNN?1�«£O[12] §Yu-

Wen Lo, Yih-Liang Shen�<JÑ
�«i\ªNN^u�Ñ?n�)¤fú�

.[18] ?1`{<£OÑ�y
CNN3�Ñ©a¯K�¤õA^"

Yu-Wen Lo, Yih-Liang Shen�<JÑCNN�.�©�ü��ã[18] §1��

ãd��òÈ�[��´LÈ§1��ã´d��òÈ�[��LÈ§XFigure

10¤«"

Figure 10 CNNA^u�«£OXÚ, ã5g[18]

�C§3[19],[20]¥§ïÄö�3 ²�äNX(�¥æ^�m²þpooling�

£TAP¤§|^TAP�`:§ ²�äU
Ôöäk±Y�m�Ñ\ã"Äud§

ïÄö�qJÑ
CNN-LDEXÚ[21]§TXÚ¥òCNN-TAPXÚ¥²þpooling�

^LDE�O�, �{ü�TAPØÓ§§�6u�ÆS�i;§LDE�TAP�'äk

`�5ÚpÖ5"

±9©�g���.�Saad Irtza, Vidhyasaharan Sethu�<JÑ[22]§���

«£OJø
��#�uÐ��"©z[22]Øy
3©�µe¥muÑyk��ó

�.U
'�©��{�Ð/áý���ó"
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Masschusetts�<�JÑ
�«à�à��óE£§|^òÈ ²�ä���

ò�©Å/��N��A��ó[23]"

5.5 Attention�.

35¿åÅ��íÄe§Geng, Wang�<3[16]¥1�gJÑ
Äu5¿åÅ

��48 ²�ä(�§^±¢yà�à�«£O�{�Y²©a"ù«�«£O

�¬ÉÅì�È�éu§�Ù¦Äu5¿åÅ���.aq§òLSTM RNN^3

?èÑ\S���ªÝë�"�´Äu5¿åÅ��S��I\(�¥��.Ôö

�ín��cA^uS��S�(���.Ø��" [16]JÑÏL�éLö�¤J

ø�5¿åÅ��þë�?è��{��p?A�§,�l¥ÀJÑ\S�¥�'

�A��Lv?Ñ\"�â´Äé¤k
µe½=3�ê
µeþ/5¿0§[16]¥

�mu
ü«5¿�{µ^5¿ÚM5¿�{"6§ãXFigure 10 ¤«"

Figure 11 Attention-based RNN LIDXÚµe, ã5g[25]

5.6 PTN�.

dZhiyuan Tang�<JÑ�PTN�.[17]´�«dÑ��ODNN�)

�phoneticA���Ñ\§
Ø´�©(ÆA��LSTM-RNN LIDXÚ"ù�

#�.aquDÚ�phonetic LID�{§�ùp�phonetic�£�´L§§ÏL

v?�OÔö�±ÆSá��Ñ&E��9d¤k�^�Ñ�&E"�DÚ

�Based-token�{k¤ØÓ§Äk§PTN�{¥��Ñ&E´v?�§
3DÚ

�Based-token��{¥§T&E´ü�?�"Ïd§PTN�{�±3�á��m

©EÇeL«�Ñá5"Ùg§DÚ�based-token��{ò�Ñ&EL«�
g

Ñ�£O�S�§
PTN�{ò�Ñ&EL«��9d¤kÑ��&E�A��

þ§ÏdL«��[��Ñ&E"��§DÚ�Äutoken�{��à�.´Äu

lÑtoken�n-gram LM¿�¦^��q,£ML¤IOÔö§
PTN�{��à�

.´RNN"o�§PTN|^DNN phoneticA�Úr��LSTM�.5¼�«©�
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«&Eá5"PTN�{-NõLIDïÄ<
­#@£��Ñ�m&E3�«£O¥

�~kd�"6§ãXFigure 11¤«"

Figure 12 PTN-LIDXÚµe, ã5g[17]

6 ¢¢¢������(((JJJ

6.1 $1lre-baselineÄ����¯K

(1) êâO�(AP17-OLR)

3��«E£�Ä�XÚ¥I�O�Ôö8�ÿÁ8¿��udata/train,test¥§

Ù¥I�ÃÄMï�©��)µwav.scp, utt2lang, spk2utt Úutt2spk"3êâO

��ã���¯K´Ø��utt2lang©��SN§l�m©±�d©���Ñ£O

¥lang©��'��ª��(@�9´{���«�éA©�r
éõ�´§±e

�Ñutt2lang�©�/ªµ

utt1 language1

utt2 language2

ect

(2) LSTMÄ�

3 $ 1 Ä � ¥lstm� ä Ü © � � �srand=NoneE ¤ ë ê a . Ø �

((srandA��ê¤§Ñyd¯K��Ï´��steps/nnet3/train raw rnn.py �

13791¤«�è¥common train lib.prepare initial network(args.dir, run opts,

args.input model)"�ëêsrand")û�{�òÙU�common train lib.prepare

initial network(args.dir, run opts, args.srand, args.input model)9V\srandëê

�D4"

6.2 ��0�

6.2.1 run ivector.sh

�3c¡�{µComputer Cavg.sh'17c�{�éõéõ§~�
gC��

�«�'�c�&E"
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(1) local/prepare trials.pyµO�trials©�§d©�^u���{u�©"

(2) steps/make mfcc.shµJ�mfccA�

lid/compute vad decision.shµ?1à:uÿ

(3) lid/train diag ubm.sh

lid/train full ubm.shµÔöUBM

(4) lid/train ivector extractor.shµÔöi-vectorJ�ì

(5) lid/extract ivectors.shµJ�i-vector

(6) U?µ

éi-vector?1lda

éi-vector?1plda

(7) {uål?1�©(eer�cavg)

éi-vector!lda-ivector�plda-ivectorn«�{©O?1{uål�©"

6.2.2 run nnet.sh

(1) local/prepare trials.pyµO�trials©�§d©�^u���{u�©"

(2) steps/make fbank.shµJ�fbankA�

(3) local/lang ali.pyµòz�{���«�'�c(�/)�m?1��éA"

(4)  ²�äE£Ü©

tdnn

lstm

(5) {uål?1�©(eer�cavg)

étdnn!lstmü«�{©O?1{uål�©"

6.3 Ä�$1(J

6.3.1 ëê��

êâ8µAP17-OLR

num gauss=1024

ivector dim=400

lda dim=9

covar factor=0.1

6.3.2 (J

Table 1 test on original length

test set: ap17-olr test all

LID system Cavg EER%

i-vector 0.0617 5.99

i-vector + lda 0.0446 4.50

i-vector + plda 0.0554 5.49

tdnn 0.1401 15.17

lstm 0.1463 16.16
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Table 2 test on short duration (1s)

test set: ap17-olr test 1s

LID system Cavg EER%

i-vector 0.1627 19.23

i-vector + lda 0.1536 19.05

i-vector + plda 0.1446 18.60

tdnn 0.1301 15.14

lstm 0.1329 16.06

6.4 J,

6.4.1 SVM

3Cc5 ²�ä»9�c§SVM��´²(�{"§´�«;.�äk«

©5�ï��{"d±eÿÁ(J��§^i-vectorA�(ÜØ¼ê�rbf�SVM�

J�Z"

Table 3 SVM:test on original length

test set: ap17-olr test all

LID system Cavg EER%

i-vector + linerSVM 0.0502 4.37

i-vector + polySVM 0.0398 4.14

i-vector + rbfSVM 0.0353 3.41

i-vector + lda + linerSVM 0.0403 3.94

i-vector + lda + polySVM 0.0436 4.04

i-vector + lda + rbfSVM 0.0416 3.90

6.4.2 PTN(phonetic temporal neural)

©z[17]¥JÑ�«^u�«E£�PTN�{§£OÇ�éulstmk���J

,§¿y²
�«E£¥�Ñ���&E'�©(ÆA�&E�k|"Ø©��

ÑPTN�{wÍ`uyk�(Æ ²�.§3á{�Ú�,^�e$�`uDÚ

�i-vector�{"±eL�P¹
¢�(J§¤«(JÎÜØ©(Ø"

Table 4 PTN:test on AP17-OLR

LID system : PTN

test set Cavg EER%

test all 0.0692 8.01

test 1s 0.0775 9.14

�âØ©¥0����.�´ÄuLSTM�äþ�§¤±3�¢�¥PTN�.

µe´3local/nnet3/run lstm.shþ?1?U�"

6.5 U?

6.5.1 CNN

�þïÄö�®²y²òÈ ²�ä£CNN¤�.éuNõ�ÑÚ�ó?n

A^´k��[12]"u´òkcë\��Õ��óE£�¤�ÄuCNN��óE£
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XÚ(�/ÿÁacc�83%)A^u�g�«£O¥§T�.Ñ\�MFCC,FBANK½

ö�Ìã§�ä(��4�1-d CNN!���Ûpooling �±92 ��ë����

^softmax?1�O"�¢�(�¿ØX¿§�U�Ï§ëêvN!Ð§��U�

ä(�Ø·Ü�«E£XÚ"

Table 5 CNN1:test on original length

test set: ap17-olr test all

LID system Cavg EER% ACC%

CNN — — 53%

6.5.2 Phonetic-based CNN

�ÑphoneticA�L«'(ÆA��pY²�&E[17]§Ïd3D(Ú&��

¡�\ØC"ÄudA�±9CNN�ÛÜ5JÑPhonetic-based CNN�«E£X

Ú"

Table 6 CNN2:test on original length

test set: ap17-olr test all

LID system Cavg EER% ACC%

Phonetic-based CNN — — TODO
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