rok
02

o
=)
ko
HU
;
_w_
©
ﬂilJ
<2
)
rlr
o
=z
Z
e
1o
jav]
[on
Qo
3
=
8
S
~N
S
o

adaptation ]%% %3]1 ?i?- EoS Aoy

j;l
o
1o
=)
1—‘)4
HE
EN
rlo
2
o,
oR

EREEE -
2], Ao} 3], £4 of

*JLE L}EMW ‘21"% ﬁﬂi% 7|9k ©Elo] 7hg 2 2
) 2

i IIE
ek

i
ofr
"
O.
=
Shs
o
<
=
o
)
2

N rlo
iR

i)

>

Im
et o

J

o4 Skl 22514 5 clole] i ol A9 i
13} Aol 5 3

1
1o
s
Y
(o]
u
[e]

é
z
N
-
e
)
r[r
rb
K

y ol
R
r>~
ot
(B
i
off

, ol .
Am ’
oL
=)
il
_1
i
o ME of o MY w2 4% L o> nQ

o) 2do] adaptationS ©]#

7 dlofe] o] gt me o] d5s 66}’%“\]7]
7] $lal Y dloJElE o]&5to] S A3A 08 F7F Sl5Al
7| ol oo GlEof HAE St OM‘J/} Hejd o

dlo] 8l ¥ 4z401]A1TE1 N D}Eﬂ ] 7181

F

;
IR
32
&
J[m EV‘ ofr

O

FdE Ehehs WS adaptlve tralmngO]E} Clasy
Hely 7les Z8k TRt 84 ofEYAleld F DNN 1
g9 adaptation 7|4 A7} EEs| AYE| 1 Q) o2 24

0,
MN
of

o
e
el

10k
El

Q4] Hofol o] SRFRYLE Fe 4 ik, SFLYL Tho]
of olnjg FHah 7]H Ehlo] el 7 S45E st

i

Hidden Markov Model (HMM)®2 X dl&]s}lo] 2414 l*i—rlﬂ
F=5 SAHEHY UdE 549 UdR ol AT
sl=d), 7129 Gaussian Mixture Model(GMM)—HMM 7]k
Sk E[5]8 7k hidden stateol|4] Q] B3R EE CMMO
= ndgsto] ftolel o] g Hjalele s k56l A
A5 (generative model)Q] WFH, DNN-HMM 7]5F S-gFn
do o] Eotky B dl(discriminative model) E4
dlolelo] detsl= hidden state®] AFFEHES Zo)3lsle
8153HH1], DNN 23k 2 9] adaptation Held 7149
Ak A SR o150 g rhelo] GMMollA DNNC.&
Halete] whel ofof] Aeeh adaptation 7149 HRAPC = 2l
3l A7 DNN adaptation 7]4:2] L7} 714+ gk 2
opza] AR = et

2 E 9] gdaptations HELS ofE o] A3 Ao
uhef 34| F FRE U 4 ), AR ok sk EE
oLt olF 5o WSS areste] 54 ahAfo] disf Kdls
A= As 2R S(speaker adaptation), daFolut 3
7 ol 7191et 54 Sl s ds 2
A7|= AL 34 2% (environment adaptation)o]etal
olth, S| adaptation 714S F&2 SRS 714
Mo JfdEojghal, e AE 7]*" A3 5 U
e ARSSEAY, A3HlolE o] 44 TRt 34230
A7) (pre—processing) 71M& AgH ol AHgEE 897
7] uito] o] FofAi= DNN S ele] 8423 7]40f
8 thEo24 Held K9] adaptation 7] 2 EF]
aff e Alolct,

|

o[rl _lh‘U _llN'

1

tlo wot X
ofN Hy oo m

19

Ot
2 ok

sk
3

—_

o
o

.22

o] ZollA= DNN 7|t SRl of shabals- 7jas a7 +

SEPTEMBER - 2016 | 3



ZRE o] Hoth H2 GMM (auxiliary GMM)S £3)
2% EAYUEE o 8sh= W, DNN9 k<3 14 4
229 B4 ol g2t ot

1. X GMMS 0[8st eIXtAS 7l

7}, Vocal Tract Length Normalization (VTLN)
VTLN-S ﬂx}g oqeatﬂﬂ} *ébgoﬂ tﬂrE} E}E A (vocal

]‘1} VTLNL & */\]E_E—rﬂ E1—§—
F=op7| A SAA R Tk ErQl A9 frequency
warping< &9 o]FolAH, AZ thE A warping
S A= o 2 7129 GMM-HMM 7|4 23F
WeS warped domaino| A &35 EAWEEY LS
telete s Shsohe S BRE B, (6] §8f VILNS
DNN-HMM 7|4} S8k elof 2831 of 5 Al 4= 9t}
G ol A= GMM-HMM 7|8t S8 ES o] 8-lof F27g3t
S warping factorE DNNO] A1 0.2 6lo] k5510 &4
warping factors $2745f= DNN dlS JtAJs)aL, o wdl
9] &9kl warping factor®] AF5-2H5-2 DNN-HMM 7]8F
S0 <4 Sulol siol 43TORA 132

FALE.

L}, Feature—space Maximum Likelihood Linear
Regression (MLLR)

Maximum likelihood linear regression (MLLR)
HMM 7|5t SR o)A AR5l iz 2]Ql apAp4]
2 GMMS 45k Q)= Gaussian ARE9] Hat >
Bareidoe| ol sk affine transformation) Ei= A3t
(linear transformation)2 4-&3ro 2x EA 344} g|o]go]
gt S5 ol oo 7], of W, Gaussian 2] Bt
HE|Q} FRAY ol 5 Uet At Es A8tk Ao
& o8t el ahehuElof gk ekl o]of F53h ofn]
£ 2 SR digh wgor R3¢ QA HH, o
£ constrained MLLR (CMLLR) %+ feature—space MLLR

I]
o

4
o
ofr

rlo
Q
=
T

» 1E o
o
o

4

(fMLLR)e]2}ar gheH7], fMLLR-> MLLR¥} 2] E4571]
A ek A857] o] WgkE EAWEE DNN-HMM 7|
H} 83k o] ko) /\]—_9_01— 24 A A S 43
gk 4= ok, oh, fMLLR Wgke)e 4o g st GMME] 3¢
5 2go] DNNIH= the S43H5 243} 7|30 gith=
2, DNN Hdo] on] Fr0i2] EAWE ZREE thofel o4t

4| BEeot 5

A7t 2ghe 5SS maTshe g stk ol
A MLLRE ®ghe S4HES DNN 2o 350 ARg-8h=
A8 71 GMM 29 S-S 71 O = ARg8ltE k.t

E
iAo s 22 A Fde 7Pt aE ARl 8],

Ct. -Vector

SpARRIA] Fofoll Al Ao BtE|of AREEIL Q)
= SAHE R, factor analysis HE-E o850 A& th& o}
AF = A 2 Abolofl EAS 4= Sl thefet sk AR
= Aakde] e R Rdste g YgE Far Slvk et
A, i—vectorS DNN 23fdlo] ahsof T Qo Hyl#o] &
HE 2 Glizo] ARg-sto] DNNo| Hegsh 4= §l= 54
o e Ao =N SAAGA S Y
tH10], F7HA el EAHE =4 i-vector2t MLLR H2hs 1]
W3} & uf, i-vectort factor analysis LHRYE] 7]2l5}o]
A& o2 S 9 AE Ate] o) wskA] S el sk o
Sabeolflth= Aat HAE 2HFoA 714 Q1 Haid sl

I-vector[9]+=

S 488 A Y=tk dS Ao R 7HA AL Sl [10]of14
= i—vectors Y8 EAWE S| TlEo] AEdl= W] Qof &
7}X4Ol DNN-S ah53+0 224 i—vectorof 2§ six} 9 2

HES olg3to] g By

JEjo] oke opAt Bl A d e
eiefo| == 71

7}, OFHHSIS S 0|25 SHAMAS W
DNNL- ofg] Fo= 4w ofpighy) njAy eHdga
FA =it o] HHE DNN Helof adaptations $I5F of

‘12"01 A lolEE ol%
HHOEHN 57 DAt
rﬂf’;} Et.ﬂ-lgq o 60%“\]7 = 7h48t adaptation HH o},
U3, Ee &Y% 7718t
7

o
‘I“Egal"‘t‘ 2eS- 717} linear input network

HS5 71t 7, HAE 2ol

>_L4

o] adaptation=
(LON), linear hidden networ
network (LON)ol2}al gH}{11],

ok

(LHN), linear output

L}, Learning Hidden Unit Contributions (LHUC)

LHUC[12] ¥ 2459 S4%s 2432y

adaptationS Tsh= WHo g st defilo| uet zt

U39 FrHse] 2 ‘éﬂﬂ% w=7h gepiith= 7HY st

0] /3t WElof dief] 3}k EH o R 28-S 4= Y=

A3 WlE|(scaling vector)E Bh5oH= Wiolet, 27U
O

=
+ scaled sigmoid function< &df 02 2 Afo]e] gro=z



FH | g2ld 22 adaptation 71&2| ST S8
7k AlgkE ol 243e] Bggh dEof 7k JRER Faye
2R 7t &Y SA7 e S £ sl dis) 254171t Bl
LHUC & uf$- 7htabial e aabQl el akabu]ef37t /
Ag 71EE QlofA] AEet fMLLR ¥+= i-vectorg o183 & ENEWE
AT Ag 7163t A Agsto] ARa 4= Qlri10]. sggo
. targets
C}, Hierarchy £2&& 0|28t adaptation ?::m"fg
S44914]0f|A 2] DNN Safdlo: B 3~477)9] el 24 _
25 7 EREdoly] mjie] A& ok gloeE o085 -
o adaptation® XS 79 e B 2] 4 5 = U Y e
AHE 5] Hivt BEEA| ob= dlolE 5% BA7F BAys) targets

Al ¥o] adaptation®] &35 A AL 4> ¢lch. Hierarchy
ZE5{13) o]t o] w2 vl Sefjio] 7]8Igk wlofe &
% B s dsly] st o gl FPAE SAsE A2
& 7He EdlAE71e Fol A A2 0 SAR HYE
2SS B2 F, od FRE o|83to] adaptation

HO

4] 2o MWL DNN Eﬂu EP“

I

ok
o
o
oo
2
2

== 4 1 J_
triphone stateo] ai@sh= B S0 —’F% %
t}, o] Wi 53] adaptationol] AMEEF 4= Qf
o] A&l Zf-oll AupAloltt, (19 D& [1
hierarchy output layerg ©o]-&3t adaptatlon o‘ﬂ% UrEPH
a1 Ql= Lot

2}, KL-Divergence Regularization

KL—divergence regularization term< ©]-&3F adaptation

-~ Hierarchy output layer -
N
/ (L+1)

K \
. ‘m Phonetic /

(lasqes,
3 / W) \
L

"OO 000000 S

(L) Context-
(L—-1) w dependent
Y O O O O O O classes
y“’)l . |
O O O ONONO)
I W) |

O O O O O O

0|23t adaptation[13]

1211, Hierarchy output layers

12! 2. Muttitask learningS 0|29t adaptation[16]

14] E2F adaptation‘ﬁ] ARESE 4= Q)= dHlofE 9] ol A

2 daptation®] o]&L- -
o & nHo] SEER
27F A3 A mEle] Eeg %%‘#EEH o] HlojupA| bt
Jotpoll = 2REaE Afolo] KL-
divergence terme 75t 5] back—propagationo- #18§5}o]
DNN mele] ghe afehi|el 55 42 9 Hlo[HE o|8-5}o]

\I
-
2
re
o

o

Of

of
ot
o)

T ]I
oo
rlo
_1.>.i

R oz AL 4= 9t} o]} Zro] Yl mulo] AXEA
omuE] 7] ol QS aj] s Maal WS
conservative training®|2}al gkcH15],

O, Mutti-Task Learning

Multi—task learning®|gt f-ASH A4S 7HA]= A2 th2
= taskE FAlO] S5O =M 7} taskE S5 wfo] A& 4

1L ZIN‘: o ﬂslx%oi 0]310}04 jgg %] 3] ﬂa—}b uPtHo]

Hu

S
k. [16]2F [17]o A= DNN 532 9] adaptation R
A triphone stated] thet 252} monophone state]| thgk &
7 taskE SAlol S5kl ol Bl S0 7t o=
At Fdgt 4 Yol taskE Ao SHFFORN W
2 B S o] 71918 dlojE K A4S multi-task
learninge &of s dst= WS AQtstal ot (1" 2)+=
(161914 AIAE multi—task learning ©]-83t adaptation
FURE= e e R U

H}, £0[|ZH25H (Singular Value Decomposition; SVD)
FES|E 0] 83} adaptation WS DNNQ| 712284

o] T 0ol 77k 4k 7R sparsedt S olek= 714
stoll Yefjo] 7R HE Solghtaliste] Akt Soldks &
flo] 24> At R Solglas MEo=2H A= tE F low—

50]7

SEPTEMBER - 2016 | 5



Nonlinear function

Weight matrix N sy ﬁ\}/\

S~

Weight Mmatrix S ey

Jd Atolof T
Arolsto] hack—propagation
(18], o] WS A4kt

o2
iy
U

N
~
Lot
ol
ox
oL
o2
iy
@)

o o

>
=
T

Ol o

18]ofl A AJAE SolghEaE 0]-8-e adaptation W=

45k DNN 2E9] 7 2uZo] 4] 285
% back—propagation %
*6;4%47% %%iﬁ} Al grezH
DNN EEM wel
DNN 7|4t S kEtﬂF/]oﬂ
2] glo|ElE o] &5}o] uH7H15_r§ jl% ]7lo§,¢1 adaptation
= ookt

mZ2E

o] FoAe Hefd Wllof adaptation 7l& U4t T
pwelzlo| o] DNN welo] 283} 2 9= tiofat 54}
71E5S Sl Adsieint 71l AR GMM-HM
O] S s HaAQl Male ARRSH S-S
& o|&3lo] DNN9J gh5of F7p40l A1 :
EAMES S50k 71eR A0 9lolon, ojeld &
AR O] DNNO| sk 1}, Lxze] B4 W 7l=2)8d
1} Hlolo]A u}eju]E]lE 0] 83} adaptation 7]E5S Yobi

oo dle

o

42

-
=
)

iy
L
()
=
=

= Ase

m

>
%0,
rlr

6 | HEot FA

|9k} SRFRdRe s aLkEstslr] 9fske]
S5 A wd upepulEgrt A Vees A A
Sk Ao, o] FoflA thEA] ¢ convolutional neural
network (CNN)[10]4} recurrent neural network (RNN)
[20] 7]4ke] SakR e E= end—to—end LY Y[21]o) A <]
adaptation 7]&o] tfgh d4tw ks AeE ZS 7] s
& Qs Aol

o m s
Fa1gd

[1] Dahl, George E.,

trained deep neural networks for large—vocabulary

et al. “Context—dependent pre—
speech recognition,”
Speech, and Language Processing 20.1 (2012): 30—42.
[2] Krizhevsky, Alex, Ilya Sutskever, and Geoffrey
E. Hinton,

convolutional neural networks,”

IEEE Transactions on Audio,

“Imagenet classification with deep

Advances in neural
information processing systems, 2012,

[3] Mikolov, T., “Distributed

representations of words and phrases and their

and J. Dean.

compositionality.” Advances in neural information
processing systems (2013).

[4] Graves, Alex, “Generating sequences with recurrent
neural networks.” arXiv preprint arXiv:1308.0850
(2013).

[5] Rabiner, Lawrence R. “A tutorial on hidden
Markov models and selected applications in speech
recognition.” Proceedings of the IEEE 77.2 (1989):
257-286,

[6] Serizel, Romain, and Diego Giuliani, “Vocal tract
length normalisation approaches to DNN—based
children’s and adults’ speech recognition.” Spoken
Language Technology Workshop (SLT), 2014 IEEE,
[EEE, 2014,

[7] Leggetter, Christopher J., and Philip C. Woodland.
“Maximum likelihood linear regression for speaker
adaptation of continuous density hidden Markov
models,” Computer Speech & Language 9.2 (1995):
171-185,

[8] Parthasarathi, “fMLLR

based feature—space speaker adaptation of DNN

Sree Hari Krishnan, et al,



Z=H| | 22d 22 adaptation 7|&2| H7 =&

acoustic models,” Sixteenth Annual Conference of the
International Speech Communication Association, 2015,

[9] Dehak, Najim, et al.
speaker verification.”
Speech, and Language Processing 19.4 (2011): 788-798.

[10] Miao, Yajie, Hao Zhang, and Florian Metze, “Speaker

“Front—end factor analysis for

IEEE Transactions on Audio,

adaptive training of deep neural network acoustic

IEEE/ACM Transactions
on Audio, Speech, and Language Processing 23.11
(2015): 1938-1949,

[11] Yao, Kaisheng, et al.

dependent deep neural networks for automatic

models using i—vectors,”

“Adaptation of context—

speech recognition,” Spoken Language Technology
Workshop (SLT), 2012 IEEE, IEEE, 2012,
[12] Swietojanski, Pawel, and Steve Renals, “Learning
hidden unit contributions for unsupervised speaker
adaptation of neural network acoustic models.”
Spoken Language Technology Workshop (SLT), 2014
IEEE, IEEE, 2014,
[13] Price, Ryan, Ken—ichi Iso, and Koichi Shinoda,
“Speaker adaptation of deep neural networks using
Spoken Language
Technology Workshop (SLT), 2014 IEEE, IEEE, 2014,
[14] Yu, Dong, et al.

deep neural network adaptation for improved

a hierarchy of output layers.”

“KL—-divergence regularized

large vocabulary speech recognition,” 2013 IEEE
International Conference on Acoustics, Speech and
Signal Processing. IEEE, 2013,

[15] Albesano, Dario, et al. “Adaptation of artificial neural
networks avoiding catastrophic forgetting.,” The
2006 IEEE International Joint Conference on Neural
Network Proceedings. IEEE, 2006,

[16] Bell, Peter, and Steve Renals,

context—dependent deep neural networks with

“Regularization of

context—independent multi—task training,” 2015
IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP). IEEE, 2015,

[17] Huang, Zhen, et al,
neural networks through multi—task learning.” Proc.
Interspeech. 2015,

[18] Xue, Jian, et al.

based low—footprint speaker adaptation and

“Rapid adaptation for deep

“Singular value decomposition

personalization for deep neural network,” 2014 IEEE
International Conference on Acoustics, Speech and
Signal Processing (ICASSP). IEEE, 2014,

[19] Zhang, C., and P. C. Woodland. “DNN speaker
adaptation using parameterised sigmoid and ReLU
hidden activation functions,” 2016 IEEE International
Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2016,

[20]Miao, Yajie, and Florian Metze,

adaptation of long short—term memory recurrent

“On speaker

neural networks,” Sixteenth Annual Conference of
the International Speech Communication Association
(INTERSPEECH)(To Appear). ISCA. 2015,

[21] Graves, Alex, and Navdeep Jaitly. “Towards End—
To—End Speech Recognition with Recurrent Neural
Networks,” ICML, Vol, 14, 2014,

19928~ 1998 Z=0fein SatAk
1998E~2000 MSLHSw ZSHAIA}
200041~20041 ASCHSET Tttt

i 20002~20053 Netdus Corporation, Chief

Engineer

B 2004E~2005' University of California, Santa
Barbara, Unisted States, Postdoctoral
Fellow

2005E~2005'ﬂ KIST, Research scientist

2011~ o+% Hém A

BT © 21, SHOM I SN BRI,

SEPTEMBER - 2016 | 7



