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§A�Ñ´ïá3.�(ÆA�Ä:�þ��p�g�A�§5gu$�&E

�©ÛÚJ�"� p�§A�«©�«�Uå�r§,
A�J���d�

�p"� .�§A�¥¤¹�P{&E�õ§A�«©�«�Uå�f§�

´A�J���d�$"�óÆþ�ïÄL²§�ó¥�^u�«©a�A5

3z��&E¥ÑkXØÓ�Ny"8c�Ü©�«£OïÄ8¥3.��(

ÆA�ÚÑ�A�þ"

�«£O�,®²uÐ
C8�c§35Uþ���
é��?Ú§�E

,¡�Xî��]Ô§Ì��)	.D(!á��ÑI¦Ú´·�ó½ö�Ñ

£O?Ö"�«£O?Ö��XE,|µ!¢�5±9°[�ó«a£O=C"

Äuyk�(ÆA�ï��{�ÄuÑ�£O�ï��{ÑJ±��­�?Ð§

Ì��Ï3u.�(ÆA�éuD(°�5�K�4´É�`{<!&�!�

¸D(±9A½`{SN�Z6§�Ñ£OìqÉ�u|µ^�e�Ñ=¹�

�Ñêâ´Ä�¦^¯K§l
K�A�é�«�«©�J"ù½¦ïÄö�

mÿ#�g´��{"�CAc§�ÝÆS(Deep Learning)nØ3�Ñ£O+

���
-<�¯�¤J§×�¤�
�eÆâ.Ú��.�ïÄ9:§�?

3´¶Ï��Ñ£O+�Jø
��rkå�óä§¤±�)
Äu�ÝÆS

��«£O�9�"

2 ÄuÑ�£Oì��«£O�{

ÄuÑ�£Oì��«£O�{@�ØÓ��ó�m�Ó�Ñ���Ny

�ÚOA5´k�O�§Ïd�±^5?1�«£O"äN¢y
ó§Äk¦

^Ñ�£Oìl�Ñêâ¥J��Ñ&E§TÑ�£Oì�Ñ�X�Ñ�I\§

3d��§¦^N-gram�ó�.(Language Model§LM)5�O3z«8I�

ó¥ÑyA½Ñ�S��VÇ"�Oz«�ó¥Ñy�¤k�U�Ñ�S��

VÇ�N-gram�±�Ñ�ó�.LM§ÙÓ¼'uT�Ñ��ó&E"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:þJÑ
��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��Nk¤ØÓ"kïÄöJÑ¦

^õ�Ñ�£Oì��cà5J�Ó��Ñ3ØÓ�«Ñ�8Üe�Ñ�S

�§,�3�û�©þé¤kfXÚ?1KÜ"T�{¡��¿1Ñ�£O
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ì(Parallel Phone Rcognizer followed by Language Model§PPRLM) �{§�

A�Ò�)
¿1Ñ�£Oì(Ü�ó�.(PPRLM) Ú¿1Ñ�£Oì(Ü

��ä�.(PPRBT)"

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

�ïc�¥þbag-of-Ngram§|^SVM5�ï�.�PPRSVM�{"§äkï

�Uå�r§é����¹°�5�r�`:§¤�
8cÄuÑ�£Oì�

{¥�Ì6XÚ"3SVM��§�þ�ïÄó�Ñ8¥3)ûN-gram�DÕ5

±9]ÀÑ�äk«©5�N-gram�ü��¯K"

3 Äu.�(ÆA���«£O�{

Äu.�(ÆA���«£O�{´|^.�(ÆA�¤U
£ã�(Æ

ü��ÚOA5�É5é�«?1©a"duT�{¤I��A���ÏL.

��Ìëê��§ØI�Ñ�£Oì��| §Ïd��±5Ñ´�«£Oï

Ä�9:"T«�{3Cc5��
±en�â»µ

1��â»Ò´2002cJÑ�SDCA�[6](Ü·Üpd�.-Ï^�µ�

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

{"Äud«�{§�þ�U?�{Øä�JÑ"ïÄö�JÑ³�òÈ&�

D(K���Ì�~þ�(Cepstral Mean Subtraction§CMS)!�K`{<K

��(��Ý5�(Vocal Tract Length Normalization§VTLN)!A�pdz±

9RASTAÈÅ��{§^±�Ñ.�(ÆA�´É`{<!&�!D(±9S

N&E�ÉK��¯K"

1��â»Ò´«©5ï��{�Ú\"DÚ�GMM-UBM�.´��

;.�)¤5�.§�§?nØÓaO�m�´·Ü©��J��"Ïd

3GMM�Ä:þ§ïÄö�©OJÑ
ØÓ�)û�{µ|^«©5ÔöO

K��p&EOK(Maximum Mutual Information§MMI)Ôö�«GMM�.

�GMM-MMI�{¶|^«©5�SVM�.5éézã�Ñ�GMMþ��¥

þ?1ï��GSV-SVM�{¶|^GSV-SVM�{�í�«GMM�.�model

pushing�{"

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

£O�¥éÜÏf©Û�{(Jiont Factor Analysis§JFA)�éu§3.�(Æ

�m¥é&�D(?1f�mï�§,�ÏLA����D½ö�.��Ö

��ØD(�K�"du�ï�f�m¥E,�¹Xk�©a&E§ïÄö�

þJÑ
Äu��É�mï���{(Total Variability§TV)"T�{�7�

��GMM��þ�þ���þ�m��É§òz���À�Õá��N§Ô
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ö��z����m���É�m§,������m�É�$�L«¡�

�i-vector"��ÏL�5«©5©Û½öaS���5��Eâéi-vector?

1aSam�ÉÖ�Úü�§2æ^SVM½ö¯�{uål5?1ï�"8

c§TV[7]�{(½ö¡�i-vector�{)ÏÙ$���ÑãL«±9ûÐ�5U

¤�
�«£O+��Ì6XÚ"

3.1 SDCA�

DeltaÚDelta-Delta�Ìk�/�)�m&E§�´§�3�[�Ñ��p

?�m�Uå�¡É���§Ï�§�=3�c�m:�[�Ì��Ç"¦^

IO�N=2�O��{§delta�Ìò´Äu5v£50 ms¤���O�c�m�

�Ç"Ïd§¿Ùþ§§�=U
350ms��mIS(Ü�Ñ��m&E"

SDC´3���mI�¥ò�m&E�)3�Ñ&Ò¥��Ð�O��

Y"SDCÌ�´3.�ÌëêA�MFCC½öPLP�Ä:þÏL£ �©*Ð


5"��;.�SDCA�J�6§XFigure 2¤«"

Figure 2: ;.�SDCA�J�6§µã

Äké�Ñ\IJ�Ù.�(ÆÌëêA�§3�«£O?Ö¥�

�J�MFCCA�½öPLPA�"3J��ÌëêA��§æ�RASTAÈ

Å(Relative Spectral filtering)5³�ëêL«¥��ÑªÌÜ©�K�"éu

J�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�SDC A�xt"

x =



c(t)

∆c(t, 0)

∆c(t, 1)

· · ·
∆c(t, k − 1)


(3.2)
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��;.�£ �©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§duÙ3

z�ë�veÑ¬�����©¥þ§Ïd�L«����©¥þü�ê8"

Figure 3: £ �©O�«¿ã

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¥Ts L«�Ñãs�ovê"

3.2 GMM-UBM�«£O�{

UBMÙ¢Ò´���.�GMM�.§^5ÔöL«�`{<Ã'�A�

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

´�N,��<�A�©Ù"`x
§�´����GMM§@oÔöUBM�

Ò´ÔöGMM§¤^�{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«"
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3.3 GMM-MMI�«£O�{

d�Ñ£O¥«©5Ôö�¤õA^éu§ïÄö�m©ò«©5ÔöO

KÚ\�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)§@oMMI OK�

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"

SDCÚGMM�.�Ñy§r?
Äu.�(ÆA��«£O�{"du

§Ø�PR�{@�é£Oìkér��6§ï��{�\N´¢y§�þ�ï

Äö�m©�åuÄu(ÆA���«ï��{ïÄ§ùÏm«©5ï��{

ÚÏf©Û�{�Ú\´ü��äK�å�?Ð"

3.4 GSV-SVM�«£O�{

pdþ��¥þ(GMM Super Vector, GSV)5
uGMM-UBM"�SVM|

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

ö��¤�¥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§
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MAPg·A�L§§´�â8I�«�ÔöA��þ�UBM���§Ý§

òUBM���pd·��8I�«�./.C0�L§"éu8I�«�Ôö

êâO=(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)

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

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
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Figure 5: i-vectorA�J�6§ã

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

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)

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)
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∑
= 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�§C

q@�T Ú
∑
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'"

4 Äu�ÝÆS��«£O�{

2006c§Hinton35�Æ6þuL���©ÙJÑ�Ý ²�ä�.�Ô

ö�{§iå
�ÝÆS3Æâ.9ó�.�9�"�ÝÆS�{3�Ñ£O!

ã�?n!Åì�È�+�A^2�§�«�Ý�äU?�{��UJÑ§�

�'Æâ+�Jø#�g´Ú�.§¤�ïÄÆö'5�9:"

AO´3�Ñ£O+�§DNN�.�?3´¶�ã�DÚ�GMM-

HMM�.�5
ã���#§¦��Ñ£O�O(Çqþ
��#��

�§8cIS	�¶pé�è�(�y!Õ�±9zÝ�)��Ñ£O�{Ñæ

^�´DNN�{"

�!Ì�0�Äu�ÝÆS��«£O�~��{9Ù¤^�.�`"

:"

4.1 DNN�.

ïÄö�@32014cÒuy�Jø�þÔöêâ�§¦^DNN5)ûg

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

XFigure 6 ¤«,ò�Ñ&ÒÄk?1A�ý?n��(ÆA�§2ò(ÆA5

Dx�DNN�.¥§|^softmax�ÑÙVÇ�þ�OTã�Ñ¤áaO"T

�.·^u���êâþ§�Ù°�5��Jp"

Ø
òDNN^u�«�©a�.�§Maryam 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�

�DNN ÑÑ�SSD�"
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Figure 6: DNN network topology , ã5g[24]

Figure 7: DID¥J�i-vector�., ã5g[12]

4.2 RNN�.

4.2.1 RNN

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

�3Âñ¯K§��Ôö�ä²~¡���FÝÚ�¿FÝ¯K�¯K"D

Ú�ÄuRNN ²(��à�àLIDXÚXã4-3¤«§TXÚ�¹n�Ì�

�¬"Äk§A�ý?nìl�©&Ò¥J�(ÆA�§XFilter banks"Ù
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g§òJ�Ñ�±v�?è��ÑA�Ñ\�RNN�ä(�¥"2g§¦

^softmax-¹¼êVÇ)èìòRNN�ÛõG�ÝK�8I�ó��)ºV

Ç�þ¥"��§ÏLé'VÇ����û��U�«a"d	§�k�«ò

��VÇ=��éêq,'£LLR¤��{§ù·A
�(¹�ûüL§"

Figure 8: RNN(��à�àLID�., ã5g[14]

4.2.2 LSTM

Ó�§3[15]¥§ïÄö��|^LSTM?1�«©a§LSTM�ä(�

XFigure 9¤«§Ù)û
RNN¥�3�FÝ�¿¯K"

Figure 9: LSTM�., ã5g[17]
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4.2.3 GRU

GRU�.´Cho!van Merrienboer!BahdanauÚBengio32014cJÑ�"

§´LSTM���CN§Ù5U��LSTM �|{§�Ù�OwX~�
��

��ëêêþ[14]"3�N5U�¡§LSTM�Ly`uGRU§O(ÇþLy

�¿Ø²w§
�GRU�O��Ç�p"Ïd§·�~¦^GRU5�ï���

�e�"

4.3 TDNN�.

TDNN31989c�Hinton�<JÑ§^uÑ�£O"3CÏâkïÄöò

ÙÚ\��«£O+�§Ù���(J�`uLSTM"§�ü�²w�A�´

Ä�·A��A�CzÚëê��§DÚ��Ý ²�ä�Ñ\��Û¹��

�ë�§TDNNUõ
ù�:§=Û¹��A�Ø=��c���Ñ\k'§


����5���Ñ\k'"T�.äk±e`:µ�ä(�õ�§z�é

A�k�r�Ä�Uå¶kUåL��ÑA�3�mþ�'X¶äk�mØC

5¶ÆSL§¥Ø�¦é¤Æ�IP?1°(��m½ ±9ÏL����§

�BÆS"

4.4 CNN�.

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

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

ú�.[18] ?1`{<£O"ù
Ñ`²
CNN3�Ñ©a¯Kþ�¤õ"
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Figure 10: CNNA^u�«£OXÚ, ã5g[18]
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4.5 Attention�.
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Figure 11: Attention-based RNN LIDXÚµe, ã5g[25]
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4.6 PTN�.
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Figure 12: PTN-LIDXÚµe, ã5g[17]
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