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MCycleGAN: CycleGAN-based deep learning model for child speech
extraction from noisy speech
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71& Cycle GANOIA CycleS ThE o2 wjX] g R olt), the] AAAFe; Ao HExyt A AAZ sh5go s Hixte) #d
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o FAlS) IS AR, THE AlelZ, ok AH B4, 4% Ael, 29ER 1Y

ABSTRACT

The most important technology for a robot to take care of a baby is o understand the baby’s condition. Since babies mainly
express their status through the pattern of crying sounds, research to classify the baby’s status through voice is being actively
conducted. Most of the studies that classify the baby’s condition identified the baby’s condifion with a clean baby voice without noise.
However, the baby’s voice data collected in the real environment is likely fo contain noise inside. Therefore, it is necessary fo process
the noise in the voice data. This paper proposes MCycle GAN (Multiple Cycle Generative Adversarial Net), which is a cycle GAN-based
deep leaming model for noise processing. MCycle GAN is a model in which multiple cycles are aranged in the existing Cycle GAN
for more precise noise processing. The discrimination performance of the discriminator is improved by leaming the adversarial
relationship between a large number of generators and a small number of discriminators, and the generator needs to generate more
precise forged data to deceive the discriminator. As a result of the experiment, the MCycle GAN model fakes more training time than
Cycle, but it showed stronger discriminant discrimination performance and generator forged data generation performance. However,
when there are too many cycles, a small performance improvement can be seen compared to the increased learning fime.

= keyword : CycleGAN, multiple Cycle, Baby condition analysis, noise processing, spectrogram
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8t CycleGAN 7|Hte| Ei2{d 2Y

B =7 FFol 2FE 240N o] $4 FES
2131 MCycle GAN(Multiple-Cycle Generative adversarial
network, Tz AbelE AW THE o] &3 A S ARt
gl MCycle GAN 7] Cycle GAN® A CycleS Th%
o2 Fol Sgate], It W TS Asletr] 9
3 2otk &5 o], Cycle & 7MY Aol F2 Cycle
o] AAE HTHORE Fe AHE HIE AR
MCycle GAN 7x9] 8% RES 7d 9 3t 285y,
St&o] ¢E ¥ MCycle GANOIA o] 234 ofo]
73 (Noisy Baby Sound)= ok, 714 7|28k ofo] &
(Fake Clean Baby Sound)< 2§48 AJ A ZH(Generator) & 5
E9th o), FEske AAE B9 Cycde & 7HE
dsol gk AdAtolth 53 AR AT HHE
e T StF RHo] AgAtete] A gt A
5 AREE 3L g5 Az wEAY] E4 FrE AR

ok

N oX, o

O:

2o

po

#4 Q7

e AAE 3l o] &89 Fab oS A9
&9 Fo4 oS AAsE Ha 22 % (Wiener)
I ol Aok AT HA ok Ha JHH U

=]
o= BN WA G 43 LF AAN

Encodendll #55 SHEAIA 5o 23 S04 &

3
29 EAL F230] 422 B3}

o B98¢ 24 A3 AAZL 7 2] e AA
HopllA gelg B Ee] 2 J5E Boli glov, 8
FHA 2 Feol Fsitie e FEIIAY, e Al
AE 35S GAN 7|9 A RIS ARS-3lo] SHEEA] &
& FZ AANA FFE 45E Helt [3]4]. SEGAN
(Speech Enhancement Generative Adversarial Network)< ]

=22 GAN 7|9 ged Edo] g AlA okl ME
EAAAS EA [5].

34 o) A W3 (Image-to-Image Translation) <kl

TR WA FH golE sl wEA] o) glojol
stk Aol glE 8 HolEE BoE AL wf§- vl gl
2 #9delth Cyce GANS UWHH Q] GANell A oJulkaf A
AR Frrste, MBS oA E A Ul AEld 2
Tg Ak ol Aol gle ¥4 Ul
t} [6]. 71Z Cycle GANZ o|n|#] ©|
Ag BdolA%, &4 tolEE &
HEZIHOZ Wisle] 24& ovAHY A8t
Cycle GAN®I M Sts58k 4= Slth [7). GAN 7IRF 573 53}
F FAE 53 oA 2FE 2L FE2Y S UG
[8]. & =rellA] librosa 2ho]E E
2IYo 2 Wt [9].

AHHH Q) GANOM e F2 #EAe &4
Cross Entropy loss& AHE-$HCE. o] 1S AME-S uf, A4
o|E|ZHE W 7R Hlo|E & AME-Ele] 715 A
73%-, Vanishing Gradient &/Jo] dojdt) &
Least Square lossE AME-81H, |3t AN

O

T
=
N
ol
o

goloE UF ZA 8, Sl qHa Aeel &
3]2] Ho]zlth. Resnet(Residual neural network)< Skip
Connectiong ©] &3t v]$ A& F& +4 5 ot
[11][12]. LHFH Q] GANS 85| B4 5tk DCGANS
Convolution, batch normalization, LeakyReLUE A}8-3}¢],
GANS] 8t5S g x o= ghE Rdo|t), gzl &
33} g2 ReLU thAl LeakyReLUZS AHET 745, A4
Ao A o st 71€718 AL F Aok [13].

op71e] AAEHT, vlIE, £ EFE S8l 23
%! FFT(Fast Fourier Transform, 74 F2]ol] ¥ghH3 A
< T tolEl=Z AlE-sked, PCA(principal component
analysis, /3% 47} 7Featth [14]. S 671w et
o] ol7|= AR Adefell tig JAAE FHOT FH,
=74, Aekr, AR 58 ARk, diRE
AT ek SAE B olrle AHE
< Z83% 7l T oshdeltt [15]. HEd RY= o]
=af ZA Al 245 AHHCE A
A ALE AHEE CNNO.E op7] &322 2
u), 9uk&Ql CNN o}71el A vla] £ 2
AT} [16].
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3.1 MCycle GAN

MCycle GANZ 7] Cycle GANS| Cycle ThsoZ
Fol stgate] yhEzte] ¥ FE S Asteta, ShEAIR]
Cycle & 7P 450l £ Cydedl X S HFH 2
2 Addstaa AAs Atk ol 3 ob] §49]
e AA AL A8 ob7] S0 FEE Al SleiA
4 dolHe] gHE Ei; =

74k Lok =3 /\}JC-LD‘PE} =3} Cycle
AME o] gle F4 11:,1 A M71 oz, 7
R ofo] £, fHEol EFE ofo] F4 7 =rele] b
olHE 77 st <l ct

& mwolA EHQl A REE ofo] A4S X, fHEol X
3l ole] $4& Y= Aosth Xol &3 o x
Yol &3 dlojHE yot &
ZHGeneraton & G, 1 9

Ty
T domainel tated, YEE2 dolEl7}F 215 Ho|
1A, Azt ofs) AGE 7R dlelElAl J9E
98 5= ¥hE *(Discriminator) ©] T}, MCycle GAN2] 94
9= 9a) 27F4 €4 F4(Loss Function)?] Adversarial
Loss¢} Cycle Consistency LossE F 3ttt Adversarial
Losst AA7E HEAE O & &o| 8, Sz o
HE o A3 E 3 GANS &4 %”F % shtolth
£ =7l A Adversarial LossZ CEE(Cross Entropy Error)
719ke] &4 3 E AREE 737, Gradient Vanishing &4
7F A o217t 27] o Z9ll, SSE(Sum of Squares of
Error) 7]9Fe] &4 §H42l LSGANS ARE-gHtt [10].

Adversarial Loss :
G.,. Dy X, V)=

qan ( Ty,

E, , [(Dyly)—1)]

Y = Pdata(y)

+ E ~ pdata(X) [DY(GM/ (.73))2]

Cycle Consistency Loss&= A A HEZ | 7} H =5
she 4 ot o] WEke o7 9 HolH

— IR

2 5757 dAE deEEs v [5)

Cycle Consistency Loss :

(J[ (G»LJ7 G/,L )
Eg‘ - ptum(x)[ ” x( (Jf)) — X || }
+E,_, w( )=yl

MCycle GAN 9] o
MCycle LossE AHE-3HCh MCycle GAN- Cycle®] <]
N EAS7) el L, L0l v SR ol
oW Cyceel & 44 G, % G, & 4% G, %

yr =
G, 885 L, %L

ya gan cye

el
st} o), MCycle Losse] 4+41& th&-3h k.

T 4 g

off
oo

MCycle Loss :
Lmﬂlc( gany (Gry ’ DV‘ X Yj
L, (G, . DyY.X).L, (G G ),.
(]/m\( YN DV‘X Y) Ll](lﬂ,A\(G;/T\ DX7 Y,X),
(’!/(’\< Yoy’ 1!/\ )
- ;L(]llﬂ (GTI/7DY5)(7 )/)
L G, . DuY. X)+ L, (G .G,)
Lmﬂ/c‘— MCycle GAN‘/] —E_ C}’Cle°ﬂ EH{S L J(m“’]’
L, U5 Cyced] 9] 23 £4 4ol ol o
Fo) Cyeled SA0 stratvl, Blae] shrd 7ui)
= Qg A1 Ea, o) Ao AARE siel sh
o AL A= T3} ek o3 <) Cycled o
Ea

Selglon e, AAe) 28 A%E Alslel /g FAol
Fo A9 295 A4S Huslel Ao

Algorithm1. MCycle GAN Loss Function

//Adversarial Loss
_Fan(gen x2y, dlsc , real x, real y){
ake y = gen x2y(real_x);
loss ad = (dlSC ?real -1
disc_y %real _y) ) + disc _y(fake > y) *
sc_y(fak
return loss a

/Reverse Loss
L r an(gen_y2x, disc x, real |y, real_x){
e X = ien)/ 2x(teal

loss re = (disc X(1 ealj
disc xgrea isc x(fake x) *

sc x(fake x);
return loss ] Te;

/Cycle Consistency Loss

L cyc(gen x2y, gen y2x, real x, real y){
Take y = gen x2y(real x);
fake x = 2x(real”
loss ¢y = absgen (¥a1’< ) - real x) +
abs@enrx2y(f e X) - real_%

L_mcyc(list_gen : x2y[] hst gen y2x[], real x, real y){
for int i =0;71

%an(hst en x2 1] disc % real X,

rea . rgan(list_gen_y’ x[1] disc_x,
real _y real X) + L cyc(hst x2y[f],

} list ‘gen y2x[i], real X, real y

el

b= QIE{Hl HE S| (24733)
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(& 1) Cycle #=
(Figure 1) The structure of cycle

3.2 MCycle GAN 7=

Cycle 7]% 3k ofo] &4 T=r|Qll X9 HlolH z&
deiol, 27149 Az HolHE E¥dtt
G, (x)=

Ty

output 2 : G, ( )=

output 1 :

&> QQ>

w9k y& 27 ARl ©s) A4 Fake Domain X
data, Fake Domain Y dataE ©] W] ¢t output 1+ Domain
X3l HolH FollA dZ Aeld dolEd zollA, A
A2 G,, 7} 4733 Fake Domain Y datal y©Ith. output
2% output 1 Hlo1EIQl yoll A, B4 G, 7t A7 Fake
Domain X data$l z ]t}

v

Cycle1 " Dy
Cycle2 i v
Cycle3 gl
Cycle4 i Dy

(a2l 2) MCycle GAN (4 Cycle) #+=
(Figure 2) The structure of MCycle GAN (4 cycle)

MCycle GAN 183 ZFo] Cydes o2 7 ARE-3t
= 725 7tk 499 Domain X data?l xS oI 7l
o Cycleo] MHHOR P CydeSe] 47}
output %914 Fake Domain Y data®] y& #7491 D,
9] input© & AME-E T E3h output %ol 4 Fake Domain
X dataQ] zE FEAS D9 inpute E AHEHTE Dy
£ %A A S Fake datad] y 9} Real data®l y 5 3h S
g2l wo} 1 B|o)7} Real dand) S5 Z A, v

A% Dy 2% 2% Yol T 4 volE 7} Real
datad FES EYerh

3¢+ Al MCycle Lossell @} Z} Cycle®] AAAE
B8 Dy, Dyo) 715A7F AT Dy, Dyol wd
=7 50%7F HAE W, 5S¢
2 CyceZ FoIA 7HE BEAE 2 Soli
A A5ol 2omg AL Adste] AME3ITE B =8
o] 7%, Cydedl FALA F a9 G,

ze] HolEg Ao} Fgo] T op] 2212 A
Rk ARANI, G, G, 9 dolth mreba 48]
EH8 op7] 42 Holeel FEE AARER o]

] wolHE s S8, G, 5 AFAA &5 Al
A BdZ A3,

MCycle GANE] A A A= ResNet 7+329] CNN 2 &
ARt QIE dHolE Y YEHYE FAEH, wlo]H e
HE Ak ]f‘f}ﬂ- [11]. A3 A= Adversarial Loss”}
2 853t} Adversarial Loss7} 2H&5
&S omgith

QWAL D5 P4Z Lesky RALUS AFEE CNN

71uke] ojux] EF RdlS ALE-3) Leaky ReLUZ ¢
&3 A= AA A Al ReLUC Bl&] © 73at 7157)
Aol 7hs3itt [13].

3.3 &

3.3.1 &g 44

(E 1) 45 12 9l3h g 29 4

(Table 1) Learning model Setup for performance

evaluation
Cycle Loss batch epoch
(M) | Function size P
Cycle GAN 1 yan> Loye 1 40
MCycle GAN(2) 2 | Ly 1 40
MCycle GAN(4) 4 meye 1 40
MCycle GAN®] % %715 18l 3719 RS &4

3t} Model 12 2uH 9] Cycle GAN F.9 o]t} Model 2,
Model 3& 77t Cycle 27M, 471E T o2 AM-3te] &
&3¢ MCycle GAN Edolth Alo]Z 7l wWE A
S gy AIZE st ghetsl] Slsf 37k Y
FHIEATE Model 12 Dy(G,, (y)) 9 3l
Dy(G,, (G, (y) F

ru[o o

M, L, * L,2 G

gan "y
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G,,» Dy, Dy®] 3555 233t Model 2, 3€ & =&
o A &7)8l= MCycle GAN®| 35 W& w2t 37)
o] 24 5 3 @A A batch size 1, 40 epochiHE &
R Rig=

&g $13 Hole MEE $3hed, donateacry-corpus
ol A 7|33 ofo] S-Ad(.wav) 50070 [17], ESC-50 : Dataset
for Environmental Sound Classificationll 4] 273 Z~5-(.wav)
2,000 & 7223131k [18]. donateacry-corpusi= Donate-a-cry
AFAE B3l 15HE oF7] 24Ttk opr] 9 3]
550 A (ES, EY, BT, 2E, IR £
FEAUTE ARG ofo] S8 373 &3 HolEHE 7
7t FAE 55 B sk, F5o] £ ool &4
(-wav) 2,00071 & At 7 RLe o] S a9
215 tiH] 2 B (Signal-to-Noise ratio)7} - 5dbo] E| =5
=4 W At [19]. AR HEAE olH|A]
A deid 2El CNN 7|5ke] Bdo|ug 54 Hlo]
EHE 2HEZ I3 (png, 196 * 128)2. 2 W 33lo] ou|x|
A" ARESATE [9].

Ego]y HolE AE : domain Y data: 1,5007H¢] 7
o] x3H ofo] A AHEZ T domain X data:
45071 9] A Rgk ofe] §A AHEZIAS ALG-Sch

Bl2E tlo]8 AlE : domain Y data: 5007 %2
o] ¥3t% olo] 24 ~HEZ I domain X datas 50
] ARG ofo] 53 AHERIYS ARG

MCycle GAN> &% 2], 3 dlo]8 A E<Q] domain
Y data, domain X data®l| A ZHz} 400744 F-2+9] F&3t
Atk

ARE8E 910]= python3e] Y, 58 o] B2 2] 2 tensorflow
292, kerasE AME-3FITE colab pro plus(OS : Linux-
5.10.133+-x86_64-with-Ubuntu-18.04-bionic, GPU : Tesla
P100-PCIE, CPU : Intel(R) Xeon(R) CPU @ 2.20GHz RAM
: 274GB) $H70lA AFA5 BdE 1Y, 8hg 9 oF
S APt 45 Hre Y& diolEete] o) g5y
AIZE, 285 EAe] &4 ghp, 37K ARE grie
o} Y& dlolElete] Qats RYdA FEg ARt
AE dHolHd e T3 deoly 108 dYoel,
&3t dlolEl7t Y& dloEete] et AlFe] Felth
TE QX dolH e fAS HolHE EEsle BY
. B A7 35 B9 0] 40 epoch BHF Al
o8 USFE Sgo] mE Ryojtt %
= WEAL AL fERE AEETE
th o] Ftol FF5F AL WEAE F
A, FEATE sk Bdels fvsith

¥ e o

o

i -
1o rlo 2L ™

BN e h ®
ool do wx A

oA 223 A7} 5070¢] B AE HolHE o &3}
X, wEAe] &4 o] glheltk

(E 2) % 8% =gl 45 XE
(Table 2) Performance metrics for each model

Cycle MCycle MCycle
GAN | GAN() | GAN@)

X)) 17,150 14,781 15312
82 A7ks) 2,037 3,838 7,59
waze] &4 4 | 112139 | 02813 0.2409

3.3.2 &g Z1t

12 7 299 Fs AA A5 HEE, MCycle
GANQ)7} 147812 71 22 9XE 7Kt ol&
MCycle GAN(2)©] th2 Edo] vla] & dlo]E] e} frAL
o FEE IAEA A AEAeS & F U 3
A7l 7%, Cycle GAN©l 20372 74 #SkZ,
MCycle GAN(4)°] 7,590()% 7 2%}tk MCycle GAN
< Cycles th502 AMEE7] Wi tE RS A
3 sty Al7ke] AtiH oz At BdAe) &4 Fh
7%, Cycle GAN©] 1121392 t}2 ZdEo] H|a) Ah
HOo 7 =& $35 7MAH, MCycle GANS Cycle 7}<=oll
uhg} 270 02813, 471 024092 48 Xl & 7FHiTh
Cycle GANZ AJdA7F HEAE 83 4ol £33
t}. MCycle GAN9] Cycle 271 9} Cycle 470 & Bl g2 ™,
Cycle 471= Cycle 2709l Hl3) 8t &=7b oF 28] o &
258, 27t 238 Eolytth Cyce M8 STt B

el "olAle Aol e AR ot

200

175 M/—\N\/\
150
125
— GL
E 100 D_Clean
- D_Noisy
075
0.50
025 — —
0.00

0 5 1 15 0 3 31 B 40
epoch
(a8l 3) Cycle GAN &% 21
(Figure 3) Training log of Cycle GAN

512 olEfA &5t (4233)
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3.51

304 - G3_L

=== D_Clean
—— D_Noisy

2.5

2.0

loss

1.5

1.0 A RS EE T

0.5

0.0 1
T

epoch

(22l 5) MCycle GAN (4 Cycle) & 21
(Figure 5) The Training log of MCycle GAN (4 Cycle)

— G1_L
G2_L

=== D_Clean

2.54 —— D_Noisy

3.0

2.0

loss

1.5

1.0

0.5

0.0 1

T T T T v u T T v
) 5 10 15 20 25 30 35 40
epoch

(32l 4) MCycle GAN (2 Cycle) & 21
(Figure 4) The Training log of MCycle GAN (2 Cycle)

9l 719 3, 4, 5 29 40 epoch T 3 F A
2] 4 g, wEAe] E4 FHgrolth 22 epoch
&<t MCycle GAN Edll2 A=) &4 ok} 24t
= WEOR 7= AS B § Atk epoch 09141 Cycle
GANel| Hla] A %3 452 EolAT, epoch 57H Cycle
< %= 2tk AT Cycle GANZ 23]

Ag}\-];(]. &2 37t 238 Zv)ske wheko g &
FHv Ao #FH3UTh webA Cycle GAN®| 4%, H
B2 epoch7t DLty o SEth wEARe] &4 P
o] 7%, 4094 epocholA] D_Clean> 27} MCycle
GAN(4) = 0.1051, MCycle GAN(2) = 0.1100, Cycle GAN
= 00714E MCycle GAN®| ¥E77t T Heo] E-th
Cycle GAN:> D_Clean+- 2HA1%F, G_Le] 7] wfj<Zol|, A
BAZY 1% HolHE S5l WEA Xl dHE

2 4 gk

B =S fol 3 o] 54 HiolEellA o}
913t 913 A5 Ed MCycle GANS 4

Stk 2495 olHAAE AMEE] 913 A ERTH
skatal, ojn|A] 55 18tk MCycle GAN 2d9]

£ AAlSt F8Este, o8 Cycles FAlA g<Fateh
HEHOE Cycle®] FFol 23 ofo] 45 Hew
o} 7V RSk olo] 2A1S AAlEHE AR = PR A
5ol F2 AAE FEIUT FEI AAAAE AHH e
2 ol 234 opy] 54 dolEE MRS o] o4
dolEl 2 ¥dlsle 35 7HXith

AL 7+7} Cycle 1, 2, 47 717 Bl A5S
7hate] Bl WA o2 stk A HoF AR
A& dolg ool QAo St Aae AlZh 183 &
el 45 gotetr] §igk dAte] &4 F4E A
&35k

A9 Ax, g A Al, MCycle GAN®] GAN, Cycle
GANel| HJ3} W @ apé} w2 wizte] &4 g 7t
At} o)== MCycle GAN©| 912 o}7] £22]¢] FEE &
At A& A, F5 A2 volelrt IEAE
T &Y F UL T, ARG ofo] 34 Tl HlolH
o} IA G2A BSE on|gtet AT TG AlZke] &
g Age @il Ak ol ghF A, thF Cydes AHE
goEm A7lE Ay AztEch

MCycle GANZ ©}7] £4& 53 oF7] 8l &
oke] Ao 714 3la, Cycle GAN 7]5F €] Cycle
tE0 2 A5 S w, Cycle?] 74l W= A5 ¥
315 btk MCycle GANS TF2 8 Hlo|E A EZ
&S FYToEM, o] FAPWT ofe, thE 55
& el 20 ek f AF g F9E Aok F
%, MCycle GANo| A th2] CycleE°] E A o2 At
A ste] shg A7 ©Eete AUt dasith 1
MCycle GAN 2.9S t] B2 epoch} H OB & A3t
858 Aotk

dlo
o,
re
A
e
QL
N
2o
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