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Abstract

The data augmentation technique is effectively used to solve the problem of overfitting the model by allowing
the training dataset to be viewed from various perspectives. In addition to image augmentation techniques such
as rotation, cropping, horizontal flip, and vertical flip, occlusion-based data augmentation methods such as Cut-
mix and Cutout have been proposed. For models based on speech data, it is possible to use an occlusion-based
data-based augmentation technique after converting a 1D speech signal into a 2D spectrogram. In particular,
SpecAugment is an occlusion-based augmentation technique for speech spectrograms. In this study, we intend
to compare and study data augmentation techniques that can be used in the problem of false-voice detection.
Using data from the ASVspoof2017 and ASVspoof2019 competitions held to detect fake audio, a dataset applied
with Cutout, Cutmix, and SpecAugment, an occlusion-based data augmentation method, was trained through an
LCNN model. All three augmentation techniques, Cutout, Cutmix, and SpecAugment, generally improved the
performance of the model. In ASVspoof2017, Cutmix, in ASVspoof2019 LA, Mixup, and in ASVspoof2019
PA, SpecAugment showed the best performance. In addition, increasing the number of masks for SpecAugment
helps to improve performance. In conclusion, it is understood that the appropriate augmentation technique differs
depending on the situation and data.
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Ad HlolE] Sl occlusion 7|8t 273 Hlo|8 F7F W 1} A FE H[HEokell A ARE-

B 5% 50l SANE FARANA Aohi wAHo|A BEANT WTALA Bk 84 2 Aol
HlE F= 1A 24 dglolg 7} HHH-2 noise, shifting, reverse, shuffling, pitch shifting, slicing, speed
% tempo change S| 91t} (Choigh Kwak, 2021). o] &g WS- 43 A7kl L} 2L Bo] 215} 5
SR WL A%S HolFsI0] A7l Wl AgE . o|eleh DAHo| 2 Hel WS} o2
AFE A ATE 00 G0 BAo] sl AL W4T 5 ek 20ek 1D A5 E Heloie w
7, 2 E v Rofol A HE 5L} ol4H] 2D o|u] 118 cheth, T2 AT o] HopolA Azt 248
BAS o] A" EZ Iy} 278 231 A|7F-Fabe BH-8 ARG A9 thg &gkt (Sukthankar 5,
2006) 4 eI 4UT YA AHB5iel AALAE Sfe, &4 Hlolf AL 1D oL 2D £
29102 Wrstol Mixp 59 AR W UG 919 AE dols 27 W 5 ARE A8 4
1, O] 52 2T Q Fokoll A &S| AFEE L E“f(Nam 5,2022). 13 314, 7471‘37] a7 z23s %
olu|z] glo|¥] F7 o] AHE 2 T gfof 285 ARSI I Gl S 2 4 QL] )

ot Mo 52
o =2 FlO -l

24 ol B ANRH R FANIY) AL SF L AT A2 Gojo] B dold 37
A3 (Nam 55, 2022), 283k o] 1] 57 7W& AH§T B2 ek
o]l Ao SHE FARA ] Glold TEHOR 489 5 9l dold 57 el dhs) A

Y AFE S EIA}; {71 B 0 2= ASVspoof 2017, 2019 2/ 91% F2] 2loA 22t 15 255
Z} A g LCNN R &8 AH2-5FS T (Lavrentyeva 5, 2017; Lavrentyeva 5, 2019) o]u|z] 7|4l Z7}7|Ho g =
VRM (vicinal risk minimization)7] ¥t d| o] ¥ &7} ¥'H 91 Mixup (Zhang 5, 2017), Cutout (DeVries2} Taylor,
2017), Cutmix (Yun 5, 2019)5-9°] occlusion 7|9t djo|g] =7} W Eo|th. &4 flolg 742 A=
SpecAugment (Park 5, 2019), Specmix (Kim 5, 2021), FilterAugment (Nam %5, 2022)2} -2 occlusion 7]HF
_7]- HHQ—O‘I ﬂo}ﬂ o] o u:] o] = SpecAugment—E— /\]-_Q_ H z7].7‘| 1@—7]— A= H] ;‘<_] og OH _H;_?J:]j—

2. o o

Occlusion Ho]g| F7F Hof= EE vt 2oF ]/\1 201, AFE v Hofpel 9]0 Hopo A= 2

o] 14l oltt. Occlusion 7|8t -2 A FE v Fofol A& uf-¢- oyt WhA] o &2 AP AT, -S4 H|o] €

Bopo A v 3 B £ 5 HoFrh 0}11 Tt 573l occlusion Z-8519-& o = £ A5
HolFE= o] A o2 o] Bofo| i T2l A7t o] Fo]Z] 1L 9)r}.

AFE v Fofol A d ] 0] occlusion P B2 I 2 o]u]z] o] ARE 7ha]= A e o]n]
2|9 AR 219 REG 7M1 % EA U A2 145 AHEETE 283, FAof thet A2 o]u]z] 914]
A2E o] Fadt Aoltt &, 7FEg o|u|x] 77| o|u|x]of| A A A o] dRT Hol Feor &
AE HAT 4= glolof g} (FongT} Vedaldi, 2019). CNN 7|8t Y| EQ] 3L o]n]z] BRA 53 A5S

wolZA 2617 B¢t oFe] dole]2 EYE SUASE T 5 Yk AT BAE P
I 713 A8 o SioTe] 7 Aol R ol A0 occhde 4A F4A7 o
B & AR5l Y EQ A9 ASS ol Zlo] §-83H7] L7} o] ol H T, Hsu 5 (2021)2] ¢1514 Zhong
% (2020)5-9] A|A]§t random erasing 5, Singh 5 (2018)©] A|<FSt hide-and-seek ¥, Haut 5 (2019)9]
oclusion 7% elo]e] 57} Wlo] AA2 A Q1Ao[} BREC] B HEORE oulglE Ak F7HE
50155 0.0, ONN 7[5 R E3} 4 4lo] £318-& molFalrh
24 oAt FojEol wel7} 888 84, ol e S48 BRald A8EAw, AR
M1 BORAR QS sel v £49) AR 1A T BF o sk A2al=t] occlusion 7] 0]
0] & Ke 5 (2005)°] HoFqlrt. o]of occlusion &l F7 R 5 SFA] 1530 W SpecAugment”} o9
Aol 71 Aekstar 2@l Wi olgkal o7 7] ol A5t 2 sH T
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Figure 1: Spectrogram with CQT applied.
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ASV (automatic speaker verification) 7] &2 ARFEZE, 215F, TV, AE7], WA, ZAIE 55 tpoFst Hof
of Al e 2ol glth. S}2|9k spoofing o] 912 A 54, =4 HE
] Zof spoofinge] tf gt o] © Q 5}t ASVspoof challenge+= spoofing ¥ off-$-
U W AP A o theh AHE 714]9] FH AT 28-S 7}
Stal & £715% spoofingES HAY 4~ = S Ndst= AS ZH=E g} (Wu 5, 2015). 2015
@ 3 challengeo 4= 57 A8 9] Yol49] spoofing BAle] 4 900, 20178 challengeo] A=
g Ego] 34S FAlohs Aol S-S Tt 34 2okollAl 2lEd o] T o, ASV A AFIS] mho] T
AP EAY = BAA Ao it 7|52 FAHT} (Delgados, 2017). 20194 challenge= ©]3
2015, 2017 challengeE 9HA 2 2FA) 7] = 1A © 2 o| 2 o] Hth. Logical access A U2 @ (LA)OJ A= text to
speech(TTS, B]AE 57 ¥} 2 voice conversion(VC, &/ H2h 7]&-2 ARESto] QI7F 24 A9 et 714
A 54 AT E EFoteAS 51 = 513121, physical access AUHe] @ (PA)O A= A7t 578 A1 29 34
AT (20173 =t 22 & o] ¥4 B2 £F/E HEE shlrh
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3.2. H|O|& X222

=73 HlelHE Kol Fol 7171 Ao, A EHA7L Holed & = FHi= dlolHE A 24
ofd "o o] Aot &4 wA F& YRiol= oA27hA] ol Jled], & AdolM At B & 2

2 22 2 14 =5 WA STFTO] Hls| &7 ASE A 2fot=t] ¢
fElshear g2 A glew spoofing B2 72| 5h= H| 'd 2] AH&-Eth (Lavrentyeva 5, 2017). E§F ASVspoof
2017 challenge o] 2| Zof| A] A|SHet H o] A2}l A|AR]o] CQT 7|REo| AR L CQTE AH&st=H 9=
ZQlt}. 18] 41, challengeo]] o] gt Witkowski 5 (2017), Nagarsheth 5 (2017), Lavrentyeva 5 (2017)-2 CQT
2 7o 2 AR sto] 22 9l0] B9, o] A% gl IS 731t} Constant-Q cepstral coeflicients
(CQCO) HAE 4 A& 4] 2ol A 71 B4l 545 F stutolrt. o] #49] FEoll& AT oA
AR AEE A= CQTo] ZFHTh &, CQTH A of| A SEHE mt9] AW E Y-S FUstA 2 E 5]
CQCC A 9L % 9l A 1) AMEHS ZHrh (Yang 5, 2018). Thet 94 4G Lavrentyeva
S (2017)©] 2019 challengeof| Al W HEH =Fof k2 H, ASVspoof 20192] F AJ}2] QoA CQCCE T
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Figure 2: MFM function and MFM block definition.

2 T AL, 238 Aol Hojr= dAto] EAIATHY 5191 (Lavrentyeva 5, 2019), Cheng (2019)
ol 2 CQT Hlo]20] mgo] CQCC R@ o] s rrt 3 Zeo] 4L gAsher] o aaaal
HATAL shl7] e, CQT= A4 25 skt

Z}Z} ASVspoof2017, ASVspoof2019 PA, ASVspoof2019 LA 2] AZ g|o] g o] CQTE &-&3f

33.2H
Convolutional neural networks (CNN) 7|8t o} 7| €l 2 & 717 P EL E5| 12 go|g A EE 71A] 1 &
o o]m| 2] ol Wi ApA ol A Lo H spoofing B A] FoFo A= = U spoofing F 2] o A]
AR &t 19 H| Zhang 5 (2017)0] 2A] spoofing B 2]of -§-835}th= A2 =1 3| WO, Hershey 5
(2017), Dua = (2021), Abdel & (2014)I%= CNN 7|8F B dl.8 &4 B=o A2 o, 22 A2 Wt
Zi% HojFqinh

u 5 (2018)0] A|Qkgt light CNN (LCNN)> ti4t & o] = o] &o] 1= HlolE oA HF d= 23
(representatlon)s gh55t7] 9lof Ab= Qe A CNN 232 o]n] 2] £R/-E Q| AAE 23 o]7] UH—Ev'—Oﬂ
20 BE2E A= FZ o] =A o] BVl sy, Lavrentyeva 5 (2017)5©] A A $t 72k LCNN 2§
201737} 2019 challengeol| A W9 =2 J5& HojF 22 A LCNN 2ol &4 Hlolg & T5Al7] 1
T Agkel B398 A=519th LCNN g8 oF=5 B8 A7) 95 ReLUL] tieto 24 Goodfellow
= (2013)0] Aletet max-out 243} $H4=2] 3¢l MFM (max-feature map) 43} St ALR5lo] B4
(feature) WE]F A =51, MFM2 CNN2] 7} 71524 g|o]ojo] mQlgho 24 CNN B 3-& Th=3stA Zith
MPM We 21910 2 ANE 2 4 9lo] Reg d Zrh 43o] ek, obele] AJo] MFM gH4-9] AJo|ct.

Vi=1,H, j=LW, k=1,N/2. (3.2)

x= 37l Hx Wx N2 8 elXo]1, y= 37 Hx W x N/29] &3 "lMoltt o7 A i, j= Fuby
N AR K A AT, B A BE A5 ] o ST TR A 0
2ayshe gk Sl shel e MEM-S: A4 THA|2 E4] o] 2 Z=alotth, MFML o] 2 Al 5.9t 1 A5
2olg 4 92 Bet op ek 5 7o) 1A AololA] 1 AS Helahi g S,

Figure 2(a)7} MFM 9] layer2, MFM 4te] Aubghe st 93] 9] A1 L& Ato]2] FdjZko]th. CNN
YE 912014 MM & 7] Q1404 24 7135 A o3} 5 Abgt o8-8 5}, 2 elgk AAre AR o2 BU
A1) Wejoll A sl 7 917014 2]219] 75 Hefatol An Sz AL R Zelch (Wu 5, 2020;
Shim -5, 2022). CNNOJ|A] MEM& AHg2h of E2]u= T sho] £72, MEM A|5-9] gradiant7} W2 59t
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Figure 3: LCNN model architecture.

B Ao e 94 AFH /M#E LCNN 232 2019 challengeo] 22 A7} thA] et 29
oA & o e dutsl A58 915 BrhR| S F)ste] AR5t Figure 3 71 2 A @ o] A] ALt m e o]
JLzo]t}. Lavrentyevas-2 2017d o & LCNN 2§ 0 & HloJE| & Sh&A|A AL AAsHg =], 201949
challenge®]| A= softmax <=9} batch normalizationg Z7}sto] AL WPyt B AP AL o]& 3
5o Figure 30] A A'E W& A185to] 5158 ASHATE. T 215 S1] dropout 0.52 A5}t
maxpooling © 2 2}4-S 451901, fuj 2 maxpooling #Ho]o] Holl &3 I F AP W &9 £ &
=0]7] 95f Ioffe®} Szegedy (2015)0] A A]F batch normalization-& A}-8-5}%1 T (Lavrentyeva 5, 2019). Q17F
o] &4 N5} 7|4 S ATE BEst AL B2 AP oA AT L Basjok 6147 miRe] 845t
Sh2 2 softmax 2 AFE5FY T, S Elufo] 2= ADAM-S AF&-5FSIT.
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(¢) Cutmix (d) SpecAugment

Figure 4: Data augmentation strategy.
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3.4.1. Mixup
Zhang 5 (2017)°] A A|$F Mixup 7|H-2 7]£ 2] empirical risk minimization (ERM)2] 22 52 5}7] £]5t
tot<l vicinal risk minimization (VRM)9] §F &= o]t} (Chapelle %, 2000). Mixup-2 linear interpolration-2-
ARgoto] = HE ME (x;, x)), O y))= HIEE BEA F=EH 1€ [0, 115 27 v & & Sto] A x9tot= 1
o|th. Mixupg& Foll & EF/-Z AlolstAY T3 Ho|HE S/ A Luts AAE EU o 2A A4 4
1k (Wei 5. 2020). Mixup ofefe] 402 Aol 4- Sl
=+ -Dx, (3.3)
F=i+ -y, (34

1714 % 9} 3 = mixupel] 2]} 4343 E o] o]t} Mixup o2 A4 52 o A= Figure 4(a)o] 4] SHel gk



Comparative study of data augmentation methods for fake audio detection 107

= St} Figure 4 9] Ax; &} (1 — D)x; 7F 2§ = o] Figure 4(a)9] % 7} A H ot

Mixupo] %2 20} 2:& A u]4 Hojoli}, 2 2] Azt B2 theket A7 AFE] audio data
ofl Mixup -85} %1e}. 271202 audio data] -85 1 the Q7504 A el Holud 4%-S Hojzol
ol 2851 gtk &, ERM A& AFE-5HA 2F S A F3ke] —‘Hﬂﬂi dlolelof tisf = St
st SHAIshe Aarel Qe 2hao] gL 2Asket dlole o] FRolk robustabrti A HL. o
H AR ARg-sh= dlolE & ofe] aidstr] wizoll ARg-sh=t @.%} }E} S 4= Q17 Aol Arg-Sl
B7]2 spch

3.4.2. Cutout

DeVries@} Taylor (2017)7F Al A g F2FQ] & -8 2]-2-7] £]3F regional dropout B &= 5}1tQ1 Cutout 7| -2
olu| x| o] AHEG Zrehfo] 002 2|85t A2FO 2 occlusion AlE A2Fo|ct. Tl %_ 12 © 2 occlusion
< W 2AE He 2384, A = HA 9 FEIE FHot= BH, cutout A oS 5] Walist
7] 918l A= vrAFE ARSI &, cutout> A HA ZA|E s Ask= HHF O}Wi occlude®l MEE
1t A2 oA E BT =4 AR 8ol A occlusiono] LAYSH= 7 ¢-of sl BdlS o & of
HIAASTH, 242 UWd o o|n]|2] AYAEE ¢ wo| 125t Hoh. 2824 2= cutout AHE-SHH, CNN
ZIStHIEY T 9] A4S 5850, ANt A5S FFAZ = Arh &, 7@sH7] w41, o2 do]H
7 Akolut Atatet o7 ARgolH BEl A5 oS ““]721 4=tk olo] L= EYA H5S
FAAZI = Egol] vt weksglr] w2l AHE-SH| 2 St

A= HE BN FEEHH el FE 993 AA 999] vl&-g 245HE oheta|golt). et
W o] bz, AR Folel 9 & ANSHE B AHSEITk Bounding boxe] F4 9191 r,8} r, = 24
2o 2ZHTWe HE 712t 7hzoh M2 2199] 3712 Lehileh),

¢}

~Unif(O,W), r,=WVI-2, (3.5)
~ Unif(0,H), ra=HVI-2A, (3.6)

bounding box+= 1.2} & SH LR 7R et M 2] Zol7t 1,0t 1y, 7} H T E 5HE], 117 F
2 A Q] gt} M-E bounding box FEo] 0, YH A= 102 % 2% masking matrix 2t1l & off, Cutout 7|H
ofefj e} Zro] 4Pt

=

=Mox, 3.7

71 A x; &F M- & 2P Q] PHo|H, © AALE element-wise 52 LFEFHTE
F 3 %= Figure 4(b)e} 22 B8 LA Fot

Jlx
i
3<
K3
ol
ofl
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o
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3.4.3. Cutmix

=

=
ol

un 5 (2019)0] A A1 gk Cutmix 7] -2 Mixup 7| H 2} Cutout 7| H-& gt HF-4]o]2tal o] §f|5HH 4 th. Mixup
a

o BR 4%e 45 PAHAY EF ASL th RN Rl Ae] QL. cutour FE
qu A 20| Qoldrh E, T A B5 ArA0 2 § $ag Gee] YFoH AL Holt Ao
P FAth Cumixiz o]nl4] Je1L FE wain o]5] 7] W2 DA} BAE o FASE tha
A3t} Cutmix= T 79 A2 thE train image®] AE-E utA 7S, 1 TtEE t}2 train image patch
& 2 ¥ epilE Aol A2 o]n]| A& TE= AR, 71 patcho] FEA Q1 B5T B Y A5
ZA8F 4= 9] 7] W&o localization A]%5-0] SFAF E]l = AT HQIth Cutouty} ZHE HFA] © 2 bounding box S
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Table 1: Results for Mixup hyperparameter tuning
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A ASVspoof2017 ASVspoof2019 LA ASVspoof2019 PA
Baseline 0.396(0.024) 0.032(0.001) 0.006(0.001)
0.1 0.352(0.031) 0.027(0.002)** 0.006(<0.000)
0.3 0.340(0.036) 0.027(0.003) 0.005(0.001)*
0.5 0.340(0.017) 0.025(0.004) 0.005(0.001)**
0.7 0.334(0.013)** 0.023(0.001)** 0.005(0.001)*
Table 2: Results for Cutout hyperparameter tuning
P ASVspoof2017 ASVspoof2019 LA ASVspoof2019 PA
Baseline 0.396(0.024) 0.032(0.001) 0.006(0.001)
0.1 0.343(0.028)** 0.024(0.003) 0.005(<0.000)*
0.3 0.342(0.030) 0.028(0.003) 0.005(<0.000)
0.5 0.415(0.028) 0.024(0.003)** 0.005(<0.000)**
07 0.335(0.028) 0.027(0.003)* 0.005(<0.000)*
27stE], MEV} 2hill2 o e} Lol At
EZMQX,"F(l—M)O.X/‘, 3.8)
y=pyi+d=-p)y;. (3.9)

A =] = dlo]E & 1= Figure 4(c)2} Zo] x;0 4] Z2]%] bounding box F-£0] 0 o] ofd x; F-2 9] JH 7} 29
21A H}. wEhA] A == 2l § A bounding box o] WA of vl ol A o] E] ook 5tH, p = 1~ (r,7)/WH
9] A& A4bstal, target label2 X7 5H=H] AH-&-3tct.

3.4.4. SpecAugment

SpecAugment+= Park 5 (2019)0] AJA]3t 7] © 2, log mel spectrogram= ¢} & © &2 7o} time wrapping, fre-
quency masking, time masking-2- AF-&6}Fo] =73 A 7Ith. SpecAugment+= T+ o] g o] g Z73-2 A-&51= Al
log mel spectrogram®]| 217 283 4~ Q]= time wrapping, frequency masking, time masking& A| 25}t
28T o] WS AFET A AT 54 Fbo] A7 AEHo] olaf L Aol Bolalrh HHE ck,
Audio masking> Y¥H2 © 2 3|n|et2| gt 7H 427} B & thE 7HY 49, & utA A (masker) 7} 2 T =
2] A H= AR A o) H et SFA|TE, Park 5 (2019)9] =12l A= HFE] H[H 7ok2] occlusion} 7 €]
T3 9u| 2 AREE ot

Time warping- tensorflow 2] sparse image warp fucntion © 2 AR T} HA| 7 time step®]| )+ log mel
spectrogram©] 0] 2| o] & A7t FHo] o]l Futs Fo] £ Q1 on| 2 2 B}, 2|1, spectrogram 2]
AESE Fcke E A AFRATE 2148 (w, 0 - W) Aol 9] 919]9] & A, ol 1S 7|0 & A&,
S22 QEROR FUT BN AEH A woll oo 2T AR E o] FA|7]:= Z o] HIZ time warping
ot} (Park =, 2019).

Frequency masking-2 frequency mask parameter F 35111 [0, F]12] HE] otof| A Jo]o] 7t f& F&3H 5
[fo. fo + f) T BFAZIGITE foi= Unif(0, W - f)o] X2 RE Qo8 FEHTh o7|A W &= A|7HE 21 9
A 7]0|th. W= Cutout Y F5o A QIZ x,8] 7t2 5 A7 W of oju|H 0 & FUsith

Time masking-2 time mask parameter 75 75} [0, T19] HE] Qroll A 4 2]9] gt & F=E5}3L [to, fo + 1)
T wpAZ R = Unif(0, H — 1)2] H19] gt o|& FE5th Hi= Cutout APHF-EOA Q1% x,9]
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Table 3: Results for Cutmix hyperparameter tuning
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A ASVspoof2017 ASVspoof2019 LA ASVspoof2019 PA
Baseline 0.396(0.024) 0.032(0.001) 0.006(0.001)
0.1 0.230(0.008)** 0.038(0.003) 0.012(0.001)**
0.3 0.241(0.021)** 0.042(0.004)* 0.012(0.001)**
0.5 0.240(0.014)** 0.043(0.002)** 0.012(0.001)**
0.7 0.233(0.013)** 0.045(0.005)** 0.011(0.001)**
Table 4: Results for SpecAugment hyperparameter tuning
Mask Frequency, time ASVspoof2017 ASVspoof2019 LA ASVspoof2019 PA
Baseline 0.396(0.024) 0.032(0.001) 0.006(0.001)
2 [10,15] 0.312(0.024)* 0.032(0.002) 0.005(<0.000)*
2 [15,70] 0.356(0.009) 0.032(0.004) 0.005(<0.000)*
2 [27,70] 0.312(0.017)** 0.030(0.001) 0.004(<0.000)**
2 [27,100] 0.332(0.007)** 0.032(0.002) 0.004(<0.000)**
3 [10,15] 0.305(0.016)* 0.035(0.002) 0.004(<0.000)**
3 [15,70] 0.347(0.013) 0.034(0.002) 0.004(<0.000)**
3 [27,70] 0.309(0.035) 0.034(0.003) 0.004(<0.000)**
3 [27,100] 0.307(0.011)** 0.033(0.002) 0.004(<0.000)**
Table 5: Results of best hyperparameter settings for each data augmentation
ASVspoof2017 ASVspoof2019 LA ASVspoof2019 PA
Baseline 0.396 0.032 0.006
Mixup 0.334 0.023 0.005
Cutout 0.335 0.024 0.005
Cutmix 0.230 0.038 0.011
Specaug 0.305 0.030 0.004

A2 37 H 9 ou| 4 o2 S},

4.4
9 ord AW A Ao Hlole A 22} Blole 57 W& AHgste] $7417] 5, Figure 3] LONN
G0l 931 G AZAEh. 1213, A% U35 515 ASVspoof challengeoll | 87} A% 5 A} o191l EER

2 AH85HSITh EER (equal error rate)— AA Q1A 7oA A UEt = X B2, 2 1AE (false accep-
tance rate; FAR)Y} @ 7158 (false rejection rate; FRR)0] Zolx|= ZRQIE R A o|&m, EER¢] Y42 4
gt 7hEETh LHbA © 2 spoofing CM O] A1=2]4-2 EER H E S AFESHo] ATt (Kinnunen 5,
2020).

517, 7t g0 €l Alo] A baseline R o] 4%5-2 51 A kS 0, BF(FEE BAH7} ASVspoo2017:2
0.396(0.024), ASVspoof2017 LA+= 0.032(0.001), PA+= 0.006(0.001)2 =7 =21 17, baseline 2 7}2} augmen-
tation A3} ko] Zpo] 7} QLi=A] t-testol] Bonferroni W& 53 AT A 2= fou|gt 2ol 7}
Q= A= Fof| #(p-value <0.1 Q1 L) T ** (p-value < 0.0521 -9) E7]519ct

Mixup, Cutout, Cutmix 2] hyperparameter (D)= ZYZ} 5 spectrogram ©| 0] 2] 7} 4 0]+= H| &, spectrogram ©]
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125 A2l HlE, Z2ial th spectrogram o] 0] 2o ARE Eol= H] o& Aojgct 7t Z7} Ak
w2} %] 2 9] hyperparameter (1)7} T2th= 714 S}o]|, hyperparameter (1)E- 0.15-8 0.77}4] 0.2%] Z7}A]A
7t A8-S Ay5FG Tt SpecAugment®] 7%, Park S (2019)2] =Fof| 4] A g;g o hyperparameterS- 514
Ageln, Age] Folo thet Az A ztete o Agtet siebu el A gekn A ok,

=

| -

4.1. Mixup hyperparameter tuning®f| (2 45 H|W

Table | & Minup 21 o o 430l e} %5 V23] £ Sl . 2.€ A0 Mixp e 2183192
W 5ol GAHT, 1707 21 A5 AN Hlolelo|A B baselines] H]sh £-2]u]gt 4% Aol 2l
. o] 1] o] el o] e wo}zhang QIR 02 ~ 04 Aol oA 71 F:& 458 AN 24
HolElE SA BY B4 700791 Ao] B $2 A5 Btk o] Tomilov 5 (2021)9] BFlA
0.6~ 08 Aol 7} F& ATE BArHE o]0 7HstE AA Tt

4.2. Cutout hyperparameter tuning0f] t2 A s H|

Table 2= Cutouto] 1< Th2 7| 51o] 253 A 7}o]ck. 7} glo] B A10] Cutout A}-&-] 1 A7}, ASVspoof2017
A7H0.19 o 71 & A58 Ho] 31, ASVspoof20199] - Elo]ElA19] %, 47} 0.5 wf 714 §-o]m]g 4
Z7}2 2 % 9}, thilk, ASVspoof2017 Hlo]ElAlo] A EE u), 17} Z7Fe42 o] kA A

2% 4 et

i ol

4.3. Cutmix hyperparameter tuningdi| (2 Hs H|W

Cutmix 2] 7%, ASVspoof2017Oﬂ 2835198 ] Table 32 HH o}2 =7} dko| vlsf] g|=do] 22L& &
Aot Bt A o7 F2 452 B FAT, ASVspoof 2019 LA, PA Ho|EjAle] 2 8¢ 7% HeFa 28
SF7] 2 AR HE UL F50] FolA= AE WS 5 Uik 12l o] ATfE0] B rtestE A8
p-valueZ} G251 &0 2 W, =7 AgrS £ Q45 At BEAH 0 2 2}o]7} ¢ 1:}3_1 2ot A2Hoa,
ASVspoof2017 g]o]EJAlof| &= Cutmix A2 &-85H= Zlo] 7 a2 Q1 =7 A 2Fo|ut, ASVspoof20192]
T A @ glogAlof =)ol F2 Hefo] ofd o= Helrt.

It I"OI' moll

[¢]

2F.
=
=2k
=

4.4. SpecAugment hyperparameter tuning0i| (2 A S H|

Table 4= SpecAugment®] mask 9] 74>} frequecy & o 2|72 & A-&5l& Aaolt} ¢ =A< AF2
maskE 272 1A A 7] 11, timeX} frequecy mask®] . 7|& k7HA HHP A A A A-GA]A Kttt 19 Y], mask
o 2718 MEA 7= AL ol eh maske] A4 1 AAE RPN ARE AT 0] FFL Z 4 ek
371'0“ 719l mask®] 7|=E A28 hyperparameter= 5} A& 3] Bt AA 072, maske] 37|&
=32 ], ASVspoof2019 LA d|o|EJAl-2 A 2]$F ASVspoof20173} PA H|o] EJAl-S H 4 &l Al50] 2716}
L 1.2 2 4 9191t ASV2019 LA BJo]E|4le] thal A SpecAugmentS =51 27} A2k 29 F Ao
wisp} ik 1€ 7121 4 gk 29} gtk

Il‘

1

S o = oo

f

o

Table 5= 7t Bl E| A5} 57 71¥] 2 714 A%50] 2916 ATHE-2 71819t ASVspoof2017, ASVspoof2
019 LA, PA d|o|&] & Z}Z} Cutmix, Mixup, SpecAugment 7} 255t 52 EIh 24 Y& B A EA4 9
SlolAt dlole A & EAsi 57 /1Mol B Aoz Woln, Az 37 71Ye] AHgo] A%
Pl 528 FE 702 vehh.
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ASVspoof2017 Hlo| |42 AF85te] 2l Zdjo] B28 HAIakn R NE skl 71 £2 45
Hol 27} A2k cutmix 2 ratioS 0.1% 6198 of tf2 27} 7S A eS| R ot T =2 2] 7| A
Hoj 917, SpecAugument 7} - o]t} CutoutT} Mixup2 H| &5 A & o] A

ASVspoof2019 LA Hlo]E1 8 274171 W2k 3, Aleke] 84 4159} 714 84 A58 2R A
o] 714 £9rd Ak Mixup 2 2, ratioS 0.72 519S o] X of 0.00627%+22] EERo] ZFAst: 1S
4 AT Cutout™ 71 9] H|3t 20 A5 2 H AL SpecAugment= 35 W37} 71 9] Ql= A2,
Cutmixo| = 450] LA 798 Bae 5 Ak

ASVspoof2019 PA H|o|HAl-& Z7FA]7] 2= Aol o A5l A W ANE o A2
55l= Aso] 71 Z9kd A 2FE SpecAugment=, maskE 37| 2, frequency?} time mask ] FHA &
o2 9g U} £tk Cumixg A|9l7 T2 57 S £ BILS Tol = EERo] Ztasto] A
Z713+e B9 o1}, SepcAugment’t -G= A4S Z71E o] =9kt

o off
A ot

9
bl

L
=
=

e
)

5

2 Aol e 24 f1= &2 EA Lol Al B8 7He gt theFel occlusion 7|4t Hlo]E] F7} 7[HES A8
3 Btk Al 712] o2 24 Q)% BhA] glo] g o tjdl Mixup, Cutout, Cutmix, SpecAugment 7] -2 H] 1/ ]
Hokw, 71 A3} ASVspoof20179 4= cutmix”}, ASVspoof2019 LA H|o] €l o] 9]0} A= Mixupa} Cutout©],
ASVspoof2019 PA o] E] o] §] ] A]+= SpecAugment, Mixup, Cutout®] 943+ 452 H gt} 24 9% &4

240l gloiAl dlol8 4B & FAsHE 57 7ol thE 2 ST 4 Ugich E, &4 HoF defy
EAo] 910141 2 Ab§5]0] 931 9= Mixup, SpecAugment S]] Cutout = 312]5) 2 93t folel

7 shelshl

aRHor, 24 HolHE ¢

S

2t SpecAugment 7} T 2 45 oSN, Hlo|gAlof waf
AFE B B4 gloly 7 USR] Mixup, Cutout 5= B 0] 5S FFAI7] = ol =20l 2 &
= Q14T Occlusion 719t Z7F 7|9 o] 7] & Ad-50] AFE AFE HH FoFRET ofy 2t 374 Eopolle &
THA I W Holeb= A o 4= AUSITE 54 91X T2 R ol A o] 7 5h= hyperparameter= Mixup 2] 7-¢-
0.7, Cutout 2] 739 0.7, Cutmix 2] 739 0.5-0.72] A2 F75}H, SpecAugment 2] 7= masking 2] 744>
3, AZF Fot4 H9F masking sizeE 27, 100 JE 2 -2 o, ARHEQ] HolH &4 £& 205 UE=
A& Zelsteint.
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