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AR SAJ01X 7|40 AHBHA} okl u| A U ThoFsl 7] 7)o
oltk. ARl YulAoldolld SAoR BAXE A
HFETVOA Y-S HASHAL, AnEZo|A] kA& 2hu

AT
A Tejatul ey HAS o u410ﬂ S TNeE A
o O

5§
>
oo

*o?l’i‘.ﬂ%% W2 WS o] fqlek, 19529
T) WG4 (Bell Laboratories)ol| 4]
A4 FARIA & 7H‘?§5}°4 Q1A AtrE AEESle | 19639
Qualcomm IBMo] 167]9] olctolQlAl7|& 7Rdstelal, 1970d= =
R AR P AT AR = (DARPA) O A 2 FELS] S4dols
“HSpeech understanding research) ZZAEZE Z3¥sto] 1,000
o] A&ESAIRIAVIE JHESEAITE. 1980t = IBMo] 24ut=

F 24 (Hidden Markov Model, HMM)= -85t t4fit SAJA| A

H1S TEstHA QIA)E 4= 9l Tof7) 19 Tol& Sofyton A

Az 717k ARl 1990~2000 el HMM7ZIEE 349214 A]
o £Ej0] 25 olpglon], SAR14 S5E 248} al|gie Wt
+(discriminative learning), oLt W Sofl 72lgh 344214

714 ol AT —4101]ﬁ HMM—J SHAE S5k o S

e Kol 7IAIEEl 7Nkt 7ssEo] a7hE AL Sltk, KAIST

of A= large margin semi—Markov model(LMSMM)2} Gaussian
process dynamic system(GPDS)of| 7|9kl S3fndlEo] a7l =l
TC)K;I?T% 1 EEE it Hinton 4 AN = A4 W (deep
neural network)ol 7|9FsE 2 wdlo] sjRtE|o] 25 vk Qi)

194 _The Magazine of the IEIE 18



> > > ZAIIAEE T

el @a

gHNE

Gag 2y 382

gt

Ao
o

=3
=

olAl 7|&=

8

54 0000 |

(speech enhancement) 7], oJ¢ 4 +¢] (blind

ol A2 AN

source separation, BSS) 7]
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of gt} (1"
W At
35 10 ms vt 25 ms 4F
STFT (short—time Fourier transform)& 83t H,

Q1zkol A7k wdls WHFSE mel-scale filterbanks

ox,
o

A

o

i =

=
o

oS ARt W82 [1]1& 3arshd vieict FolA 2 te oUAES d=tt. o] AvA]9] log
HELo oxpolal 3449149 712 71&o] tidiAl 2+ groll DCT (discrete cosine transform) ~85}o]
23] Agsial 3A A A4 Mgt 7lgof dla] #HFZAH OS2 MFCCs (mel frequency cepstral
A Agsial 4%o A ARS W ol coefficients) & Gt MFCCs 2 o]Fo]% S4uE
= TR 1329 7 At L ASEY 1A nlE
I. 849 71z 71+ 27} uli ZHS F7lsle] AL 397} EAMES
Hh oz Akgsity o2 SAEA S 2= perceptual
dutz o g A0l o]t Qg AL 7|A 7} £A  linear predictive (PLP) #4123 53t EX3} linear
A=z Aslsh= e Wolal SAols= [stE Y predictive cepstral coefficients (LPC) £4 5o] &
o] 9ulE EYdt= AE Yu|t Ak, 52 &t 5 ==
o " D2 4904 Vss SMOIAlQ|2t QHEl SMS 7|A|7} e 2Rt ojsAel Ao
e Uele eAEr 34 EXIEE M= WS Yot B2 54 sAtolAe] wEEks
ol4l7]%L wrgol o] met  SM0lsHE FetE EXrEe| ofolE (discriminative training)¢!
Aol IA T} Aol o R E=5h= RS onlgtct fMPE (feature—space
=, shate] wet siaksg minimum phone error)@} 417
ANAT} SAEERIA 0= U ST o) g5 W (neural network, NN)=& o83 S45% W &
(mpo]=Lo} Aol whep FARIAE AA AR o] Qi
T FEEICE, o Aol A= aLglthollA S fftt 4 S4uee] 4] Wo = AL cepstral
S, 2¥ndel Aol Wl sky  olAdlg|Eof| sl mean and variance normalization (CMVN)ZF %
Al 7cks] erotr 7|2 st 9] CMS (cepstral mean substraction)”} Atk E
ot F&3t EAWEE diste], PCA (principal
1. X2 & EX =& component analysis)tt LDA (linear discriminant
FA1Z o= dojd ofu] uk oflel FE, ARF, analysis)s ko] ol ARIet 54& =31
SRR 54 5 vokRt FEIF 29tEo] Stk o] = Rl
2t 534l TolA ¢loj4] ofuut ?“%’5}7] QIet B
O tefRk A2l 7|eE0] o 8E L s & 2. <z
M SA0] k4 (direction of arrival estlmation) oyntEszrd(o)st HMM) WS &4, oju]x], H]
715, WEY (beamforming) 5= 183 548743t  te, 3o, w¢ HlolHet &2 A = 3714 A
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(213 3) left—to—right 3 state hidden Markov model
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FAsk= A AR Bdofrh, (L
Ao = ARl = HMMO] -30]
. 3749 BHE o]FolAn 7} 2YAtEl= oE
529] Hojef 27| AHplemo] Hout sjeE Ty, 7t
ol A TSl 7y Whagshet], ARk o A4t
d(Gaussian mixture model, GMM)=> AR&-5}
AZE tollA 54 wlE 47t
HMME] if17) 24 Jefjoll A whysh 23 K9] A+t
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o
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)
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o714 GMM®] sFehalE ek A = {wik i S He)
Lo 53t 7Rl wi, B HE gy, 2Pl gEAE S
2 ZpE AE. 919 GMM defulEo] HMMO)
YRS HolEE  {n(sils))ijm B 2729 e
5 (r)L, S F715te] HMM-CMM o] FAg
oh, 2499 EAYWE AE X = {x), 0] TOW" o,
olof that HMMO] - (likelihood)= A3} ek

PXIA) = Y _[map(@ilAs,) 1'[ Plsilsi—)p(xlAs,)
SES =2

14 S Sael HMME) stefu] el
sigselole|2ate] Fgulolof aleh, HMMe) setole]
| ot sigdolee] e

2| o= 24 (max1mum likelihood est1mat10n)°] A
=t

ESFE O] Sl 5"‘-& 7}?(]4 JE7F doje]o] Q7] whiE
of, o] wAIE adstr| flete] += EM dalg]Es
ARgSHCE EMYa1e]5S E-step?t M—steps H o}
7PAA Rk YaleE o R A E-stepolAls 2
= Wl it ARSEES Akl HA e 7
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R3O ST

shgofeef gt HMMO] 2448 Aldo] oA
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7e(i) = max p(a|s:)p(sils;)ve—1(s5)
‘.‘J

o] A510|9] OJu|= K= jof| tsliA] t—1 A WAl
O] A Aol thgh Viterbi score?} s ioA s j&=
4‘417“’1] A el A

At g5S 53 gholth. o]
Viterbi score T= AFEo] tslA] t:1—‘ﬂrE1 A o2
AASE 5| t=Tol|A] Viterbi score’} Z|t)7} &= ALe]

X—L’]O‘C_‘ E—Eg =3k A
7k R

2 23, 7 Al ook 8 o) AeE o
Horhwl 24150 dhak HMMe) S A s 1
of EE A 4 ok, BE HMMO) dhald 5
g A 4t ) S Ak e HUME 2
op HEA1Te| et A4 ATE A 4 e

. QAN A% 714

1. HY Sl& (discriminative learning)
7IAISg ol QlojA] wREkgolRt AR ohE mEle]
2lE X3} ok 7HE At A AR

e A7) A4le] o]

Semi—Markov model(SMM)%

mutual information (MMD[“ ]—éoi st5ol= W
of Slt}, o= =4 281

) Aokﬁ,_ﬂiaw_ A3} s
MCE 49 1°] negative MCEQP A3 Yo
o MMI <58 %3t conditional maximum
likelihood(CML) F=43H= 712 o] Qi) E T2
3l © & minimum phone error(MPE)”® 7|30l &J3t
AUtk MCE&= tho] ©919) QQ1AES 2|40}
Hlusl, MPE= &4 @99 @QIAES

Bhe 1S BAOR SRmUS st

(e}

tlo
_101;

= ool SRt el vk, MIHE 7[Hto| Ol23Z X z E%]Oﬂ/\i o] sigshe
WEsAe Ale O A Almsjol 2oz Sojol axp 71 fulo] el o 49
o Agle Azt sk, & A LS OIOIES SAZEN 2SS eplose S0 sk =
Aol Rt AAAS HAshs SAloll +ol= ZE2M, 2y, S Aﬂ:uwz ol 49]
= seoTm oo M0|9| SAA é*t“é"; 4_131?_*11 -oeE

A LEo] QlojA W Tk WS st Eﬁ& HMM%
(discriminative learning)o] | S a0l A wdEsz|
ey ue; 22 QAAGS Kol Aar 349 k=g, SMMoA+= S4aZols Aoz g
Aof| Qloja WY ghGolgt wo] @914 F (word & 4 QUth.
error rate, WER)& #|4olsies S¢S sh5o) SMMe| #& 2A, & dF A4 Aot SeltE
= Aojt}, SR A Ao E WERS %43} sles 1:!—/3\— (= o)) glol& AHAE S5k A
SRS sh5eke A2 o]H7] wleel, WERE & 9 7]5S MAPSE 319 uf, HMMolA ARg-sh
Alaket Aol el e (classification error rate, MCE)'®  Viterbi aﬁﬂ~ﬂr H|s=51A| oS3} -2 recursionS
5 Hagpsles sy PE} MCE 742 Bayes  ©o|&sto] w27 348 4= i},
decision ruleo|A] UL v o7 QAR =

Vi[l] = IE}‘%}?{(W_,;[I'} +log p(ai_duit, ... xe|l) + log p(l|I))

S HeS Her, tE WHoOR: maximum
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(UQ@G br o HEHAZAS MO SHE
(& 1) SMM 7|8t SAQIAl At
TEST SET PHONE ERROR RATES ( %) BY EDIT DISTANCES
Core test set Enhanced fest set
1-mix 2-mix 4—mix 8-mix 1—mix 2-mix 4—mix 8-mix
ML (One-state HMM) 42.8 36.8 34.0 322 421 36.3 33.4 31.0
One—state LMHMM 31.3 30.7 29.9 28.6 30.2 29.7 29.1 28.0
ML (Three—state HMM) 377 332 30.1 291 373 325 292 286
Three—state LMHMM 30.2 288 28.0 276 29.5 282 276 272
ML (SMM) 359 32.1 29.6 285 35.1 31.3 289 281
LMSMM 289 28.0 273 271 282 275 27.1 26.8
o374 wilL HEHE t7HA] npxak Al HES] ) i le +(\ Z‘:{
ojgo] 19 BE 7h5
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% Heigtolet. of o

oo mln
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zo] Bawl UMM 22 98 Viterbi 2
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structured support vector machine=s

x= 23F EA]

e AIHE 7]
E

ez ye

& 7HAE ofliel 2 HAet EAR HPHL o]

rLlo
o
oo
ol
o
£

12

=1
sk \w._\'lﬂ.x ¥ = Alyiy) - &
&20ViVy e Yy,

o714 A% dol Aol ofst 7
Aol obdl ol A7zl ofat vk o) gt Al

o]e] Zfo|& Lphhi= upal e ofefe} et

(w, AP(x,.5)) =F(X,.yi:w) = F(X,.y:w)
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3. 3y SHAAH (Gaussian process
dynamical system)

7]&20] HMML 1) 12} nf23 3 122 ol &4
EXwE7ro] AR =918 dgxzor & 9
AP SUAMEQL T10] AHol|up o] AlA] SAATE
% Sl SR itk Aol 2Rtete] Agqtabd A
2~§ll (Gaussian process dynamical system, GPDS)
A gpangol e (1100 AL,
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kf = RBF Adg<olw {of.«/3o] sto]ujuleiu|g &
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o] slojwuliulE|E 2= ZO0=A ThEdHolE o T
gt GPDSY $-LotsE WHEZ F=E(variational
inference)s &8l ¥l o fEgrE HdSkeh=
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4. ZHSMAL (deep neural network)
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g 5) HMMO| HEl &= &= DNN2E ZAGH DBN-
DNN AJAE

Belief Network — Deep Neural Network) A|Z~]2]
I B =l 3 574 (long—term
characteristics)©| BAZAHOZ st Alejo] W= o5

o 7]oJsltli= 7}A4ste] H4x(parameter) 0]

S A
1

9] Viterbi H31g 25 o83 = e,
43 A% (neural network)S ©]-8ste] of2fgl
e B FES WA Al odofE Qlo] ko
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58 et s S 84 RGO 6. A
Al Az BAF 7 A (node)el
s F=23517] YafA= X1, X2, X3, -, Y1, Y2,
Y3 of o] w2 HEo] ARgHTt 9] HFYORE
X1, X2, X3, .., Y1, Y2, Y37} &% Zo| thsjA]
2445 =% (conditional independence)®. 2 EE %
o}, AN, Zo sk AFS & & (posterior
probability) & AWal7] ¢J8 X1, X2, X3, -, Y1,
Y2, Y3, - 7k AR FASHA o Ay or gt =
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el 88 PAE AWER: £9] explaining away
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G. Doddington 52 @-tollA= (1% 6. B Algh4]
20t MAl(Restricted Boltzman Machine)S o1&
ZO8 ol k= Jeje] 72 A7S AjskiTt.
A

Random Field)®] £ Fej=, 0%+ 19 7+ 7}

ok, Wi,
Hdso] AHoverlap)©] ol
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2 3h9iel 84 54 WS o

e 79 oo Mtk 71y 2R SAREES e By
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|

B fol BN
oo

(discriminative fine tuning)s ©]-&3F FEf< Aoz slo] AuHAQl AW} Ho] &3] oHut
S ol gt A3 oA DBNO.® HAl  (back propagation) ¥ale]ES o] gso] T E L)
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