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Abstract

In this paper, we propose an end-to-end deep learning model combining Bayesian neural network with
Korean speech recognition. In the past, Korean speech recognition was a complicated task due to the
excessive parameters of many intermediate steps and needs for Korean expertise knowledge. Fortunately,
Korean speech recognition becomes manageable with the aid of recent breakthroughs in “End-to-end” model.
The end-to-end model decodes mel-frequency cepstral coefficients directly as text without any intermediate
processes. Especially, Connectionist Temporal Classification loss and Attention based model are a kind of
the end-to-end. In addition, we combine Bayesian neural network to implement the end-to-end model and
obtain Monte Carlo estimates. Finally, we carry out our experiments on the “WorimalSam” online dictionary
dataset. We obtain 4.58% Word Error Rate showing improved results compared to Google and Naver API.

Keywords: Korean speech recognition, end to end deep learning, Connectionist temporal classification,

Attention, Bayesian deep learning

1. M2

=FAAALE 54 A% (speech signal) o] 54E& FEote] £A8taL, o]F doju EFor s I
de] A A2 frdnh. 54904 7Rk dEsojas HAE 2 Y 7Nke] AF | o]AE Tt
A} o] AAAAHI A ZHA Aoz RE AR HIAol Fsithe Aol itk 71Ee] A
-71A19) AEso]s Ao "HlaE, Tl Zubelginkd 2 FE SAUA Ve I S &
73 7IRke g Az o2 % Xo”g°ﬂ ofsll A o] el =43 7IRke AdHFo|AE &gsta
Atk oA #22] ‘Google Assistant’, &2 ‘Siri’, A2 ‘Bixby' ¢t 22 54U WM SHEE
o] EAIF e, Zh7ke el ‘wy; SKTE| v’ 5 AL & opdd el S4U4 7es HET
dueol MAHIA itk oleh 2 sFoIA T U2 Aee He 54U Tle 2840 oA
At

7129 £A4A BHL F7 L4 tho] 28R (acoustic model) T ]2 F (language model) L.
2 9T A7A SFEFEL 24 ASE 4 FAF F4aR HEkehe A4S Yuish w3 &
252 A Z(lexicon) T AojBFol o3 9, Wl = A2 AFddT}t. A Zold S49
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o] theahe WolE /1B oA S4 VST FASE SPuYe] FAAES A gk
A Eof, SaclA BHORY oiq FH NN N-grams} 2 =3

2 HEo] BYS IR I
(Jelinek, 1997), €Y u=F % (hidden markov) 23E 7|¥le g 3 23 2gL 7 S Ao thSah=
o4 499 g5 FAS 273 TE (GalesSt Young, 2008). ©|A & 7]EY 24904 w42 344

TN F4, o], B £ B38 W o] a7H Y FAE BT oA 54 dis) g At
A AAE dotof she MAZZ] ST
Ho] ghsole wtolgls 54 wiEol the dojol vls) 24 A4 2y 7F
A 2 ojZe AT EEE Aol ofsf Ay, HUt, ‘AFUTHe o
40 E7]% sseu, sseub, ssoss S LF ThABICE o)XY UfF tho] U B4
EM g2 23o] & FAF R 9o} Kwond} Park (2003)7 ZHo] Fej4 T g <
ol A it FEladt Ste 7H 7PE 22 de] IR, JEa deE EEE A
= @olo Tt o AFH e Ty o]y et IS ARE o %
2 23 Pelavhe S w7 dasithe ool TAET
ARAANA H FEUNT Q= HEld(deep learning)S AR (P H)olA Fx3 AFH(EY)S
A el 5= S Hend-to-end) S5 7FaA A
e Fo 4E 24 4 FHAE ﬂzlxl L H}E D‘rOWr —‘fr o W rt
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| Agtst AAAG AAE £/ (connectlomst temporal classification; CTC) 283} Chan
T A oFst listen, attend, and spell (LAS) 23 o] It} LAS+ Seq2Seq B39 Wyl =
1A 2L A4 g3 thEF el 2ot} Kim 5 (2017)2 ¢AM CTC EF3} F9] 7]
A (attention mechanism) 28-S A3 232 A ostA Tt
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23 Zﬂ‘?l?'ﬂ'%i‘?l'. Hﬂ o]z H#idS o =T zH EH 7S Z (Monte
A E = 239 AARL Sl HEH o|Zo0] Is

?-?‘ﬂ sttt &3l Zﬂ?}?ﬂ- 23 o] 7]£29] Application Programming Interface
A5 NS HoleA ATt ghmo] S vlol= HEd 2

=29 TSt 2k 28 E SAUANA FE AR EE Held 23S i 37lA
€ 718 9 T s gAS Wyste] Hiojlx Helde A8 24U BRe Al 4l
AAl o] SAARE o83 AP e R, 53 2 e At 63l E & =&

2. 39240lIM2| Eeld

o] ZollAe AU F2 AREHE Held R3S AFET 21894 CTC R35 AHET,
2280+ Seq2Seq BT} 1 W F 3tel ] 7|A1E AFE) FHolo] CTC E¥3}

£ 23 Fujoll sl 2.32 oA hds] gopt. iR go g Byo s5 AR 4 ARE A
97 B E g3 Yo o] &5+ 4 =M (beam search) X 9o} 23 (language model)ol] &3} 2.4%
A At

_Z.L

AN
1o
N
__N_’

o
2,
rO

&5 &=
A BYs

A A (recurrent neural network; RNN)S 7]wke g 7jdks 1 it

rlo
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o

Al

fud

“G%ﬂ%“%i 24350 AAZA F2E 2= 2 Aol 404, Wy S
- 25 Aol Agsict. 2 71E &8 AAS {to] oA E FAE &4 #
Al (vamshlng gradient problem)”} ¥AYSL7] W&o 7] 2J&4] (long-term dependency)2 SH5Al 2
T e dA- o] EAFTE (Bengio 5, 1994). °|2jdt 7] &4 AE A A5t A 585 =
o] long short-term memory (LSTM)<]t} (Hochreiter2} Schmidhuber, 1997). LSTM-2 7]&2]
1 3709 ACE(HE /28 /P E =Y LSTM £S5 2= thAlsty A7) &4 &5 st
3=t} T3, Cho 5 (2014)2 LSTME] WHE 9l gate recurrent unit (GRU)E A|H3tAct. GRUE=
Q3 Aol g Aerehn weabA] 24 Aol =gt A4 AoE e TN RHoR LSTMuLE B
s Holw AAze] AA Al FAol gtk (Chung 5, 2014). &34 3 LSTMe] Hrt
ZHA 5 YRS Goodfellow 5 (2016)S #1542 uleich.
HeldE 7IRke 2 3 4 A BEe 54 A8 E A MR HEeke AT (encoder) 2} FA W
TERH EA49Es dojule YE T (decoder) Z FAH o] Stk dwtdow S AFE 10-20ms &
9] T Q) (frame) © 2 LR, Shke] 24 AR} A4S 2 Qe) A%E Tekan £7344 of o)
2 me Qo] Hohs B X = Rigt 5 &4 ABE x = (o1, ..,or) € XATE LD 5 Qe
2ol eHE BALL y = (y1,...,y0) € Y'E Y], o714 L Ex1E9] Zojoly
DS A9, 56 Qo ADoE (V] <k BE. Aoz G2 £URA e FLEAE
B £ TY 0. = VU (o), (o), )8 AR SEEAS AT A 4
2] u]3h= sos (start of sentence), eos (end of sentence) U o} o] & 7}X] 2] ¢F= FAF1 _ 59]

omlx 4 44
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30 mfd to 2 u[o

414 AFBEIE A W 29 HREE 5 (a...or) € 27 (2 = RS e dol Bhe
A e heM (H=R)7 Ik AZD {A'}oll ofsll, AST = (J]_, A9} A~ =2, A'= )8t
im(A)% A 9e] o e BE §E5EY JPor Aot = BE FED v = (v1,...,vr)°l
vi = (v1,...,v;) (i < T)%} softmax(v) = (e"1/ S eV, .. e/ V) S Aolsiat. 2y
BE4E=0c 0= %78t
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E%Hkﬂ[{l

N
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HEY AMAE 250

29 og& T shie x9 Aol Tk yo] deo] Lo Agvint 9AskA] ¢l vh=rhs Ao
7F yioll thsakar & wf 09} jof AA AA] Amwie DepAn HAo] &S| Fo|AA] o=
. Graves % (2006)°] AAISE CTC B2 &4} & xdsly o7t TZ 1AQZH S A &4
o= (Y1, yer) € VIO BEE AMSRE AFTE TE, y 2RE A4 AL y € YT E
=3 "UZHE o] o & A5k

Ve =YU{JZ 3 r = |V|2 2 4 AFAH 2

Ak A7IA 2w A 24 2D 27t FolHE W) HEEE 2ol Vo HMEE Z4 AaE ye
e 7Fsde e, ne AITE PG Y BE BFES gudth t AIFA 219 &
E2 q = softmax(z:) € MVu) 2 FAT. o] & o]&3to] x7} FoAFES wf F £44F y. 2 &E
< the 3t 2ol A%k
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3 Enc, : X7 - 275 9E3 2z = Enc, (x) &

il

q(y«|x,m) H (yet), ywe€ VL.

oAl By VT = YSTE AR o] 2L EAIS FH T RE CIEZE 2L e Ao
32} )& S|, HHH_E_LLLO._ — H.E.L LO.— HELLOC|BE ~(HHH_E_LL.LO__) =
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X1 X2 ce XT <sos> Y1 Y2 c. YIL-1

A

._>h}=h0—>h14>h24>h3~>...—-——>h[‘

oo v

Y1 y2 y3 ce <eos>

Figure 2.1. Sequence to sequence model.

HELLOOIt}. §] B2ol|A x7F Foxle W yol A3k y& thaat 2ol +3th:

¥y = argmax p(y|x,n) = argmin [~ log p(y[x,n)], A71M p(ylx,n):= > qly.|x,n).

<T <T
yey= yey= y+€7Hy)

2.2. Seq2Seq ¥ F9o| JIAH

Cho 5 (2014)7} AT Seq2Seq ¥ Foj A wjdL the Wid= W&she Held 23 5 stz
7]74]@0_101] FZ ARRHEE Y. = Y U {(sos), (eos)} & W], Seq2Seq P JHE ol JAHTE
A3 QFH Enc, : X7 = ZT x H, FAASF B 92 RE £49] BE 58 A4
9 Decy : ZT X H = MY2)2 FA49ch dFoe) tIge BF £30FES 7ve =z o
Enc,(x) = (2, h7)oNA 29t hipe B3t Zo] Aoz 73tk

ho =0, hy=f'(zt,hi_1lm), (t=1,...,7T),

2z =g (hyln2), (t=1,...,T).
zee AR oA B EY] -3k, e AIF oA JA M-S
= ) RS A A7 "ok T e
BE BLEE AUEH (- m) ¢'(ne)E ARSSHE <A AET B
) =p(-[x, 9) € M) E 3k

AFH R 38 22} b ZHE Decy(z, I, hs AA oA A ¥
O py«|x,0)€ x& B 0 = (n,6)7F FoIHE o y. € Yo 5L 5ok A=} vt
Al hi& Yyt Yua-n ol BF SJEFH, TR T (eos) 7t W HIF S FEIATE o] S A2

2 Uehid ohe st 2ok

ho = hr, Y.« = (s0s), hi=f(yeq-1),hi-1lp) (=1,...,L),
p( |Xa 07Y*(l—1)) = SOftmaX(g(hl|¢)) (l = 17 ey L)7
L
p(y=[x,0) = [ [ p(yalx, 0, yi-1)-
=1
o714 BAFge de], L yide] TR AIRE AuEi f, g ARSI <3 AT 23 o3
AAH) o)A Seq2Seq BN yo &3k y& th33} go] 7 = itk
L
¥ = argmax p((y, (eos))|x, 0) = argmin | — Y "logp(yi|x,0,y:-1) — log p((eos)|x, 0, y)

yey yeyee

Figure 2.1& 9bA A3} seq2seq 2P £413}3 Aot}
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Seq2Seq o] A< Wy e T Iz 39 7|A o] 9t} (Bahdanau 5, 2014; Luong 5,
2015). 7] Seq2Seq BEH2 |+ 1 A RAA #21] &S AL 'IH HEE o] FAH y 3 1 Al R
A A e wRE s A7A e 2., erd] AR T 233, ol By £3F
£ A58 B A4 ASE oStk Kolth. &, “BAT °] = 2SS E v e A
“BProlghe A At “evoy “u Zol APFow AY Gt o4 AEE o]&slith. F9
1A B “golgtes 2AE AST w ¢, ¢ P, “a73 Zo] AA Qv 34 AEE Bl AN
AT 3l T &S FoluA} k=t o

ol& Yl 2| 7|AlE= Wk (context) ¢ = Y, anz S HRE N F78ATE A aps TRZH 7}
A 225 &5 o ¢t AlHY 24 AEE o= &Y HToE 13T ZAAVME oulgitt. 7HeA]
= 2 ol tigt oy A 34 2 Energy, : H x Z2 — R& SFAAA etk B0 = (9, 6,60
Yool 29 74 B Aoz BAA the T 2o,

e = Energy,(hi,z) (I=1,...,L, t=1,...,T),

mlm

i

alt:L(elt) (l:l,...7L,t:17-~7T)7

Sy exp(en)
T
:Zaltzt (l:177L)7
t=1

ho = by, ywo = (s0s), hi= f(Yua—1),i—1,c1-1|9), (I=1,...,L),
p(- %,0,y«q-1)) = softmax(g(hi, ci|9)),

L
p(y*|x’ 0) = Hp(y*llxaeayv*(lfl))'

=1

oA &4 23 Energy, 2% tha3 & 2ol A= Aok

v tanh(Weh + W{z), (Bahdanau %, 2014),

Energy, (h, z) = - -
h' Wez, (Luong 5, 2015).

A7IA € = (ve, We, W) T € = Wet 7He 2] 332 (weight matrix) & oJu]gtct. Figure 2.2& 3o
717 REE FAH g YERd Aol

2.3. Connectionist Temporal Classification2} F2| J|H|e| Ag}

F9 7|A BYAA zE r A9 A H4E AELE Kim 5 (2017)2 & C C B2y AE 4
Z2H 4 z:0] FOAHE Wy TAEY LR HAE Fto], AYE o] &3 ST EAR AR
< CTC d&32 4535 A2 tE 7 2358 285t 4% ‘jﬁ«] A7 = CTCY 3
9] 7IAY £ 7T Lorcate = ALcre + (1 — M) Law (0 < A < 1)F 0]83H= ofo|t]ol &
Al k3Tt

0F0

2.4. CBYOA & S0 0| 239 &

& wlts y = argmax, p(ylx,0)E Zotok 3k, o5 SsiAE V=T EE Yo
&3 BE #AMEo] ZHA e FES AXbeteiof stk a#u AlZto|u #2kd ] Dol wetbA T
3 BALe] Mgt Aedor SR vEgdolth. weky BE 7Fsd BAES SAsE bl
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Figure 2.2. Attention model (Bahdanau et al., 2014).

54 (beam search)& ©]-8-3t0] 7]oJsllof sk ==& Adsts 7IYE ARSSRITh W AL Fof
2} thgoll AEE 4 9t 2o RE spsE A9 £2 Aarst & oule] Ae A B BE9
AF 2¢E Aste] £1 FALE A7 iEshe 384 B4 daelselth 714, B Y

H] (beam width) g}l FE2c}.
F7IE I Ao mE FHH 2o

NI B -

=949 dold S4o] &
949 AYEE £ 5 A}

GIEER o gns o
o FA gl kit BES 7HX A ok ol B =A BHoz 2
of Wloj= Peld myolch. ArjA wlo)= Peid RS Blundell 5 (2015); Gal?} Ghahramani
(2016a) So] AP on], Aol A5 Byel o] BE a7] wlRe] Ak PPoz MR wo|=
(variational Bayes; VB)& 2t}

WP ez M A e £ Y FEUEFRY 29 (g w € QPRI A AFEE
pOlx, ) 2AAE Bohl 3, 2AE HEUEFSE ATEE DA 32 A= 7otk Ll
Ho7 ZAA] q,= FWM-glo]E 2] (Kullback-Leibler; KL) 2AF KL(qu ||p(- |x,y)) S 436k, ==
evident lower bound (ELBO) Eq, [log p(y|x, 0)] = KL(qu[p) & Htheshe 25 ws e
HAs= 2UdE WS o] 8s=Hl, Vo [ qw(9)logp(y|x, 0) df — Vo, KL(qu||p)2] $REL Av)
N 5 BHASR 2HNE o] &5W ERACE T8 5 vk B ol &4 £, 9 wel YA
e VX ¢7F A8t fu(2) (Z ~ @) FX9} g 7F ZTHA thol A Y e

k
1 810gp(y x,fw(Z j )) ii .
Vw/Qw(a) log p(y|x, 0) d ~ Ez |6w ) B Y
Jj=1
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St oA AAISE HE Hol2Ee 54 2AA EFoRR (dropout)F 22 54& ZHeth EFORR
L g 2y AF ALEE = A F WP (regularization method)2] SR, Shy 2ol A ThAn}
ot B4E AR S5 7] g4l dREETE AEste] 57| Al olth AlAte] 8= Aol
ow myo] Peju} g5 gl AEgle] 48E 4
HE wo] =0 A
00(0) = [T 4o, 6,
J

Qu; (0;) = 7l(0; = w;) + (1 — m)L(6; = 0) (3.1)
2 A2 (0 < m < 1). °] W], Gal?} Ghahramani (2016a)+ g, 5 AR HE W o|=7F =&}
=3 Z&s S Eﬁi on, o]& o]&3H EFoIS B dE B2 HF 5& EHIIER U
o7 73 2= 9t). w3l oA Wlo]= BHOE SEIRXS FATE AL 7|E B A T A A}

|5 Y =Fol2 7]‘:”4»} 1’4~— M2L 7IHE 53 4 9t} (Gala} Ghahramani, 2016b).

UM AFSIE BE BYPS o] &3] =] AU RIS FHULH, oS o]gTte] B
FBES I3t 2 AFE vlwegich. B Aol AMEH A FE+ https://github.com/dltnwl/

4.1. Atz =7

FYFo oA sk ST 2 A S z%%(crawhng) sto] 24 ARE SASATY. 1%
Ao 56,990702] THol(F 23.1A7HE B} ol ARSI E ThE 500709 THol(F 12.48)5

o1 §3te] mye] Y5 ST

4.2. Hxie]

rlr

4.2.1. Mel-frequency cepstral coefficients Mel-frequency cepstral coefficients (MFCC)
o] 2904 BHA AHE = AA e 71Weltt (Huang 5, 2001). MFCCE 7-3t7] 913} 1‘
24 909 YL <k 10-20ms HEALZ o] E T =Y f,....fr e RVE wlEr) 24 =
A9 fiols 9 A AT 24 o] AE o] itk oA 7 fwirh 1’é}ﬂ—ﬂl°ﬂ%%(dlscrete
Fourier transform)< H&) F; = (Fi1,...,Fv) € RY

rl

Fu= 3 fure TN oy
n’/=1
ALy, MRS ZEE 7FA= @ e (mel filterbank) {Hp;m =0,1,...,M — 1}2 A9
4= Mel(f) = 11251og(1 + £/700)2 Aejstx

M 1 i — M l ow
b = N Mel™ ( Mel(fiow) +m el(fuign) = Mel(fiow) }
sample M+ 1
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Power spectrum

Figure 4.1. Mel-frequency cepstral coefficients.

= Q’D}' 0:17]}‘:1 fsample% iqi 3]'?4_-/] g% (] _T__TJ‘,}_’F.O]_TI_7 flowﬂ' fhigh‘lx_:' /\]—%3]—57_7(]— 6}% %Ei%'o’]
Az Fok5ot Ao Fasoltt oA Hy & thes} 2ol 4ol sk

2(n — bm_l)
bl bm— < < bm,
(bm+1 - b'mfl)(bm - bmfl) L=n
Hp(n) = 2(bmt1 —n) b <
) 'm < bm i
(bm+1 - b'mfl)(b'rrﬂ»l - bm) =" 1
0, o] 9] A%

oAl W WIS ALNF =12 HJ o]akTAAMBH(discrete cosine transform)g A&
MFCC c; = (ct1,---,cem) € RM

Ctm = Z log <Z|Fm Hm/(n—1)> (%(m—l)ﬂ), 1<m< M.

m/=0
=t} F1gure41° o] A}AHL T A35}3F Aot
=T

= 1322 dAsgen, =3 MFCCZHE el A4 (delta coefficients) Ac; =
Ciyo —Cio I AACt = Acit1 — Aci—1 5 FI7IE AL 2 = (ci, Acy, AAcy) Z AFE3FA T

e
rir nz
Moorr
=2
>,

c

4.2.2. A2 22 et AF A}, T 7F o] §4 14 B eA —Ev—xl'oﬂ 73?:]’ Y=
22 AR Al o]& %24 (onset), 4 (nucleus) ¥ F4J(coda) 2 i

HolAl B $& 2AE T 2ol AAFTE 24, “FAT o2k deh= %’ﬁ % 57} A=, o
£ ‘o ds 1772E HEYE F thA] SR HEehe WA
= At 3gAolty. o) AAHoRE A ol F Q= =
S Y| = 111727 vH Y& 32 ARE sh= 49 (V| = 402 355 3 t32dg ARke 3A 24
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: (€] =
> ".
Conv2d

xe xT

2) [ MaxPool

@ ®)
‘MaxPool Conv2d

®) {z c ZT/4
s
BILSTM heH

Figure 4.2. The structure of the encoder.

b

S Ak mR, IUE B2 2AE ASRTY, D ) A9 Zo] 2
B o Sshe BAVH AV1EE ARE Relste] ek At o8d BAL BEA gt

¢

4.3. 2 ML AF2t

obA AABAE BRE RYSS LA on, 747t BT £ 7T TRE AW 1 AL ¢}
<3} 2t

(1) 6471 FE]E 7HA& 3 x 3 AHF AlS(convolutional layer) 27}

(2) 2x1 A &9 AS(max pooling)

(3) 1287} BEIS 7HA+ 3 x 3 TF A5 270

(1) 201 20} B9 A3

(

olmj, MFCC2 AXed 23} x& olu|A] AmA Y tFglen g4
AHEE FEE AS 2 A 29 ASS AHE3lth Figure 425 A2
o] s Ay & W tf-gHTh

9] 7IAE A%, I G EE 1639 AW A5 (embeding layer)d} 12831 WIR S 7[A]&
GRUE *F&?f}‘}il’% TC?»} F9 7l7<1H A3 ByYolA, £A 5 7A A = 0.22 AAsdrh
RE B T2} AT PuFsF LSTMOW AL gon, =20l 88 7 = 0.5 1A
3ttt TEolre Yul =8 ol Gald} Ghahramani (2016b)7F A A 3E W 0] 2| ¢k EF 028 AR
3t d5< vustth &, AA AREREL] ZAAE A TE F v FEUETSFY BYo s 4
(3.1)& AMg3tsiTh.

o] &%t ojm|A] EAf F=
a

T2E £48% Ro0E,

_Vi m[o

rIr

4.4. 3ot REOIE} V|82 AL

PN &= W S A ARE BeSGET, o] AP oIF Wojd BHBE w
o] 2417k hoto} s 1WA e B9k th Adh Bl EALE ABT o BA AT o]



222 Suji Lee, Seokjin Han, Sewon Park, Kyeongwon Lee, Jaeyong Lee

space

onset m nucleus m coda

onset

Figure 4.3. A finite automata that searches for correct Korean strings.

EYE Agote] AUz F Sh=to] FAEZ W] 7 AT g E AR
ot . = Fotet o] el 753 L EulEl(finite automata; FA)oll 7]
g ARSI 53 LEUERE T 22 8459 A (tuple) 22 FoJHTH

o JH] X3 (state set) S = {s0,51,...,5K }-

o A7} AE| (start state) sp € S.

e Hrol5o]= AME) (accepting state) A C S.

e o] gk (transition function) § : S x Y — S.

2% o Bl thee HHoR BAAS Bekat

(1) 2AL y = (y1,...,y0) € Y7F Tl AZefolA, FA e} s& Az e s
(s + s0).

(2) BAE A% HolZbdA s < 0(s,4:) 2 FEIE AL A, Sl 6(s,y:)7F A=A b= 4
S U y7} sk BARo] ohujzhy Bk

(3) 91 H4L LA W8S H HFHo Qof
DL, 197 ke A9 ohela Ba,

FN'

7)5}ate)

Figure 4.3 $2 A= QJH o2 RE ZulE =0 A4
0}—5 = Exgut A ¢l sl=ro] Exld e wske 4

S1, s = Sp, Y € onset,
S2, s = S1, Y € necleus,
5(5,1) S3, 5§ = S2, Y € coda,
S =
Y S1, s = Sp, Yy € onset,
So, § = Sp, Y = Space,
reject, otherwise.

2o A2 F 7N AL o] ZopA7] sl B3 F7H(add), VA (edit), A7 (delete)] 7H<l
BAH Azl (edit distance)E RIFOE 3 FEZ SASITE FHAL} AA AL HH A=E AAl
ALY o2 e FES ARSI o, o] TR A4S word error rate (WER)3 ZFE &9
Z A4S label error rate (LER)& ARE-3FA T
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Table 5.1. Performance comparison between end-to-end deep learning models

BW CTC Attention CTC + Attention
LER (%) WER (%) LER (%) WER (%) LER (%) WER (%)

1 5.092 33.00 5.750 30.40 4.311 25.40

Base model 8 5.087 32.80 5.717 30.20 4.278 25.20
32 5.087 32.80 5.717 30.20 4.278 25.20

1 5.328 34.00 4.694 26.60 5.912 29.00

VB-Dropout 8 5.356 34.00 4.583 26.40 5.964 28.80
32 5.356 34.00 4.583 26.40 5.964 28.80

1 5.422 34.40 4.840 28.20 6.703 30.40

VB-Dropout-MC 8 5.442 34.00 5.096 27.80 6.703 30.40
32 5.561 35.20 4.770 26.40 6.428 29.60

BW = beam width; CTC = connectionist temporal classification; LER = label error rate; WER = word
error rate; VB = variational Bayes; MC = Monte Carlo.

E 2go] k52 53 AAF 3 (stochastic gradient descent) ¥ & bl AdamS ©]-83}
Attt (Kingma®} Ba, 2014). <55 (learning rate)2 1072 AAsIg o, & 40W9 o= (epoch)S

ot TR 2T AEY o (norm)o] UF AR el FRBL A A2 BA 9
o, ;=gol 978 #e 9A EaHA st 2t JE 223 (gradient clipping) S ARS8 Tt

5.1. End-to-end, VB/end-to-end H|w (£H0])

H =Roj|A Aot wol= Hed Agte] ot 7+ 8k 23 (VB-Dropout, VB-Dropout-MC)< 3=
o AV -240] A8t} Table 5.10] Aeleksich. E2 U ek 84 94 2zl v AL &
A3zl HAsl W vulE 1, 8, 32 A ZIS W] IS 7 A2lsilrt. Base modele URFA QI
T s 2355, VB-Dropout2 Wloj= Helde A&3 S 1 o5 B H FAHAE =
gttt VB-Dropout-MC+= Wlo]= H2jd& A843 o8] Y9 o5 s FaAE AHSs ZHER

0

A A duibel 2o 7k S5 2= CTCAtt 2g(CTC + Attention) 23, CTC, 39 7]
Al (Attention) B3 o2 F2 & Byon, HE W ] ]zé 283 B AME 29| 7|A 2,
CTC, CTCAtt 2% 2 o2 £2 As< Eirh. 4ubdl 3o 7 3G 233 wo)= HedS
Hg3 23] A vusi e W £ 1A “?ﬂOﬂH 1015 HEds A8s Byl ¢ Y2 A
T2 B R CTCU CTCAtt 23 E3olAe dubdd 239 Aol ¢ £tk ® ynlE s}
AZE we] A= B wlol= 23 BHILEE FAXE Astie YHlE 8 o) Eele 4

o] sl dFE FA dUrh

ol
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Table 5.2. Performance comparison when adding a finite automata language model

BW CTC Attention CTC + Attention
LER (%) WER (%) LER (%) WER (%) LER (%) WER (%)

1 4.672 27.00 5.390 29.40 4.261 25.20

Base model 8 4.102 25.60 5.390 29.20 4.178 24.80
32 4.102 25.60 5.390 29.20 4.178 24.80

1 4.986 28.60 4.628 26.60 5.796 28.60

VB-Dropout 8 4.474 27.00 4.583 26.40 5.848 28.40
32 4.474 27.00 4.583 26.40 5.848 28.40

1 4.578 27.40 4.816 26.80 6.729 30.60

VB-Dropout-MC 8 4.772 27.80 4.906 27.40 6.704 30.60
32 4.617 28.20 4.779 26.80 6.351 28.60

BW = beam width; CTC = connectionist temporal classification; LER = label error rate; WER = word
error rate; VB = variational Bayes; MC = Monte Carlo.

Table 5.3. Performance comparison with commercial API

Model LER (%) WER (%)
Attention + FA(VB-Dropout) 4.58 26.4
Google API 29.88 76.0
Naver Clova 21.65 35.0

API = Application Programming Interface; FA = finite automata; LER = label error rate; WER =
word error rate; VB = variational Bayes.

Table 5.2 T 7+ 35 RPE0) 73 LEviE Ao 23S ALY W Z274E vebd ot
Aol By Ag Ay, i BN As T HPow CTCAAA 7P =2 A5 d=s 24
t}. #49 LERY} WERS Z& B¥2 7447 AdojRge] A85 1l yu|7} 8 o)<l dvtdQl CTC,
CTCAtt 23 23 o]t

5.2. J|E API2IO| H|w (EH0])

Table 5.3 A|Fst By F 7MY 545 Ry AA F85 = APIY] 452 ¥ ZAoltt. o,

] RnAcls
5 HIE 5 A5 vlolHE AR %}—% Zt5 F 10070 T E ARSIt A wlastr] 9
FLe 518004 713 $43 AL S Hol CTCAtt 23 233 vlo|= dald &4 24 23 A
APIQl Google API¢} Hlol¥ Z 241} (Clova)E ©]&3}3ct & =Rl Aokt o] Ahg APIHCT}
o2 Jeg WL Fod £ 9tk E3] AokE 2o WERSF LERE ZHh 26.4%9)F 4.58% 2 A,
76%<2] WER 23 29.88 %2 LER g H 2 Google APIRT} 953] 749 A58 Bt

|0

6. =

B eRodE oY A B 2 B
C1C, £ 1A, CIC 291 /1A A% 292 Fe 7 e AR mr ye)za
H H4e) A4S 27 99 0 B ol gHrh 2440 f }9_5 ulebE ol gstel B2o) 2
254 £A% 24590 E3 AL WolxE 5T 7 B Y] A8de] BHARR FAAE 7
shgen ol& WgE ofel RG] JALE vadsich 1 Aok =plA AV 29S| WERE
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FT T EAE AE3 sk SN2 7IE By AW B4 v eSS EsHA =2 A4
TS BYvhs Aol 997} ot 7|Ed= ol dojF EA T2z A ¢ w2 ko FAH
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T8 QA A o] AEEojolnt gh=to] S BHE T 4 Ao, 5A EAE 4= 9ol A
E AR TE 52 59 o] FAAAE FTET 4 it B wol= H¥d B S AL
3to] A3ke] B gt ARE T A £ Atk FolE g7t it wloj= Hed 83
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