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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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1. M2

el el A OO Olol) i A WA, Aok B TP RO 8 U 3
& W o2 (Wei 5,2020) 84 AT B4 534 2L B4 HOIEIE AL ko 4 el
gote 5ol gt shA Rk, g2 w7l 7}73 S AEEE diEge] £ tlolE ol 24| o Eqrh=
3ol ilE‘r(KrIZhevsky 5, 2012). l‘jﬂtﬂ W2 Aol el ol Bt F2% o] HoleE R
o Uk o] B, HA wAZEEASEAY dutelrt Ald 2 F 2] oh=th A WA o g2 AgSh=
HH o] glo]e| %7} (data augmentation)©|L; OTH}Q}(regularlzatlon)O . Auksle} gloje £} Qo Yl
TZ A3}, HE oy, Y4t A A|RAE ot 5 Held B AsS AT HHEC] AT 1A
242 A5 UEYT 29} 7 dold /‘}014 =Y A]o]7] wiiZol glo]E o] T oA Hietk = Tlo]H
T F H agol#tal & 4 /lom (Wei 5, 2020) A&7 B4 E &7 tlolESo] UE A theHd
= AFTeEN AA dHolgolA MFo] Q& Aol MEYAE & © AXsHA jtEo] & & ot

(Madhu®} Kumaraswamy, 2019). 132 7]of @ 54 thoFst dlo| g &7F ‘jo}‘?j o] A& 41 QJTh.
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tlo]e 7ol occlusion 714 27 Hol 7 T A4 H B Zofoll A AR
3 Z G2 ZA oA Db &atA o] 2] AE5kal vlastaa}; ek 4 71 A o]
S F= 1 -2 A dlolg] &7 'S noise, shifting, reverse, shuffling, pitch shifting, slicing, speed
tempo change 5-°| It} (Ch01ﬂ Kwak, 2021). o]2]gt FHEL 411 A|7to|u} A2 o] AR SHR] ¢
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BN WEL A5 BolFolsle] HI7kA] 3o AEHct olelst mdHelw A WS ch2A
A WY ATE 0010 9o10] EA) EYoHe AS AAT 4 Aok 9004 1D AT E A2k
. ] W31 okl HE ot o] 9] 2D olu) A T TH AT 00]0 Hopol A Al 48

A% ) i g8 22 ATl S Ao 3971 o ST Sukthankar 5.

)2 £ AUT YL A8tel BHeIE ohW, 24 Hlole AYL 1D WFlA 2D 2uE
230 Wrstel Mixup 59 AFE U1 2L 9o Aeke dlole] 37 Wy F 83
QUT, o152 2|0 Hobol 4 G| A H T Qe (Nam 5, 2022). T2t 314, A7), 27 245 B
oful 2] Yo ] F7) Wo] A E R To] 2§17 AL§T T T Gl WS 2T 5 9] o)
&4 9N RUg Aa02 FANZ) AL 4 R AT Aol Fejo] o vlele] $4 Y

l:lo]-l]ﬂij Qr= ;\]_

2), A ofu 2] 27} )W ALeE W ask ek

O]‘ﬂ AFollM= SN = % 1“111011 UolA agA oz A8E 4 Sl dold 54 71% el dis) A
3 AFE 1A} gt 7B 2P0 2= ASVspoof 2017, 2019 -SA % &7 tid]olA 247} 15 252
Z} A3t LCNN 2 &2 AM8-351 17 (Lavrentyeva 5, 2017; Lavrentyeva 5, 2019) o]u]z] 7|4l Z7}7|Ho 2=
VRM (vicinal risk minimization)7] %t g|©] €] &7} B <] Mixup (Zhang 5, 2017), Cutout (DeVrlesﬂ- Taylor,
2017), Cutmix (Yun 5. 2019)50] ocelusion 7|4t Hlo]e] %7} WP Solch. &4 Hlole 272 gAE
SpecAugment (Park 5, 2019), Specmix (Kim 5, 2021), FilterAugment (Nam 5, 2022)2} 22 occlusion 7|5k
7 S o] aotE gl on, o] F SpecAugmentE Al S 7IHEZE A5 Bl E Wgs) Hofch

2. 2t 2

Occlusion& Hlo]e] £7 Bok= B& theyeh Rofol 4 20|17, AFE] W4 oo} 219 Bopo AR 2
o= M 410l Occlusion 7|1 e A ] 8141 ot AL oS Thepe} WA 0 2 AglAe, 4 dlole]
Hopoll A= vl b9 B £ 5 Ko FQle}. shA|RE, 54 o occlusion 2-8-6FE Wo = F2& 45
HojZL uhao] 47 Oiui o] wopol i 2=2Q1 77} o] Fo 2] 1 et
e HIA Lokl A 2] 0] occlusion P2 Z2F It E o]w|7] o] o
2]9] i 2o B2ut A AU 2 145l AHgET 183, Hl A
A 2wle) a7 SA0ITh 2, e ojul 2] E57)E ol Aol T Ze]
A& AT 4 ofof gt (Fongd} Vedaldi, 2019). CNN 7]8F Y E 9] F = o]n|
Hol3=2gh S4ot2] 23 o HolE 2 YEQIAE 7| YT 4 Q=
QI 71 dutA ¢l v o 2 flo]g =7} HhAlo] AFR-E ) o] ¢l19]A o 2 occlude A]A
B & AH&ot] HIEYA Y 52 Eole Aol §-832] A7t o] Fol % AL, Hsu 5 (2021)9] A QZhOHg
5 (2020)5-©] A|A|§F random erasing B, Singh 5 (2018)©] A|QFSt hide-and-seek ¥, Haut 5 (2019)0]
oclusion 7]+ dlo]e] 57 o] AR 7] S 4ol BRSO B o RE elnlgl 4% F7HE
Hol3=ql 0w, CNN 7]yt } Ry ST o] FES Bk
84 Bopol A gohgel ol It S14E 84, ool gre
W HoRA Y ARE TR 24 0] QR AT ek
20o] 2 Ke 5 (2005)0] Ho]ZFQlt}. o]9] occlusion TH =7}
Aol 71 Avteta 22 gl g okl of 1 7)o AFEsH | &
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(a) ASV2017 (b) ASV2019 LA (c) ASV2019 PA

Figure 1: Spectrogram with CQT applied.

3. 947

3.1. G|O|E{All

ASV (automatic speaker verification) 7]&-& /‘U]-_E_{-‘—, Z12F, TV, AlEH7], W31, A 55 thokst Bof
oA da] o]l glrt. sFA|9t spoofing o] 182 T4 24, 24 WX 59 JH= HeHS st 7]
o2l spoofinge]] thet o] & g5t} ASVSPOOf challenge+= spoofing & t-§ d-59] FoFdo et =
R4 WS AL AR of Il A A40] RAAG AES 5T T A cho}

5l o & E75S spoofingE-2 €A 4 = -eHL fdst= AL BHZ St (Wu 5, 2015). 2015
A A challengeo]| A= E4 A4 19 ‘ﬂ"ﬂ/ﬂ-J spoofing 2|0l FH-& F¢12H, 2017'd challengeo]| A=
g &g o] FAS A5 Aol 32 FATh 24 2okollA gl &0 T4 o), ASV A|AH 9] nfo]F o
AAE AL BAE = A Ao gt 7| & o072 LA H} (Delgados, 2017). 20194 challenge= o] A
2015, 2017 challenge S 2F U 3HAFA] 7] = HEA] © 2 o] F0] H Tt} Logical access A|1}2] 2. (LA)oJ| A= text to
speech(TTS, Bl AE 241 H3l) 2 voice conversion(VC, 24 H3h 7]&-S AFESHo] Q17 24 A2} 714
A 54 A E EFot=2E HEE 513121, physical access AlLHe] @ (PA)ol A= 17 &0 A1 29 44
2 B E 578 AT Q017d Lo 22 & o] 34 B39 &FE FHE SFrh

3.2. C|0|E| 222

=73 HiolEE 3ol Yol EA|7]7] Ao, WA Y EL A7} drol=d
ofgt I o Ao] ok 24 T A F& HH = of 2 7HA] ol gl = 4
constant Q transform (CQT) ®}{ o]t}

Brown (1991)0] A| A3 CQT B2 &2 24 WA & BRIl STFTO] Bl 24 A& & A 2st=t] o
5251tk &d# A Q1.2 ™ spoofing F A2 A S5H= d] g 2] AF&E ) (Lavrentyeva 5, 2017). T3+ ASVspoof
2017 challenge 2] F= 2] Zof| A Aot Ho] Aatel A|AE]o] CQT 7|HFo|YE AL CQTE AF25H=t] dgke

et 181, challengeoﬂ o] 3 Witkowski 5 (2017), Nagarsheth 5 (2017), Lavrentyeva 5 (2017)-2 CQT
TE_— 7|6t 2 A sle] H2 42l EQ=, o] AE AF o IS Ftt. Constant-Q cepstral coefficients
(CQCC) A= 24 91X A &okellA 7P A<l 5 A& 5 sfttolt}. o] mA 9] FE&o= AlSofA
A8 FBE YA st= CQTo| It T &, CQTH A of| A S e H mpe] AHE Y-S A5 2| &5}
CQCC IAHE 42 4 Y= A9 o9 AHEHS 7=t} (Yang 5, 2018). thyt &HA] G H Lavrentyeva
5 (2017)0] 2019 challengeo]| A HEHE =Fof w2 H, ASVspoof 20192] T A L}E] @ o 4] CQCCZ T

S CEE
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X nput
h(x) = max(xl,xz) [ I’J

[covd | [ con |Hxwizc
HxWxC xz @@ ; ] ; ] MEM

HxWxC ;
g [ Maximum HxWxC
HxWxC
(a) MFM 2/1 (b) MFM block
Figure 2: MFM function and MFM block definition.

A FE52 45, 258 el BolAl= Aol R 51314 (Lavrentyeva 5, 2019), Cheng (2019)
59 Ao w2 CQT Hlo] 28] o] CQCC Ry o] A5t | &d o] 342 FAIst=t o Bx3Ql
s

= Bkl shgl7]ofl, CQT= AA 2 E shlet
Figure 1-2 ZFZ+ ASVspoof2017, ASVspoof2019 PA, ASVspoof2019 LA 2] A& ¢|o]E| o] CQTE Z-&3}

33. 2%
Convolutional neural networks (CNN) 7|8}t o} 7| Hl A & 712 R P EL E5| o F- 1 dlo|g] N EE 7141 Y&
off o] 2] ZFofl ml-¢- A oltal 4§10 spoofing 2| Fopo| A= T2 A= spoofing B of| A
AF&E AEr. 193] Zhang 5 (2017)°] 74 spoofing HA] o] f-&5ttt= 22 S W21, Hershey &
(2017), Dua 5 (2021), Abdel 5 (2014)% CNN 7|5t B&-& A BRo] ALE3S off, T2 452 W=
22 HolFolt

Wu -5 (2018)©] A2} light CNN (LCNN)-2 tf 412 Leo] = go]&o] Sl HlolE oA A5 d= #d
(representation)& 514r5}7] 918} ASPE|SIe}. Qe CNN B&-2 o] o] 2] H5E 9Js) AAH BFo]7| Ko
e FFE A= 20 44 o] E7Hu]Rt, Lavrentyeva 5 (2017)5-0] AIAISH 75 LCNN 232
201717}t 2019 challengeol| 4] ¢ =2 45 HoF 224 LCNN 30| 34 H|o|E & T5Al7]el
T AHghe 28-S Q=5 LONN 282 ofEd udS 7] 93] ReLUS] thoto 24 Goodfellow
S (2013)0] A|$FeF max-out B/}t §4-2] Q1 MFM (max-feature map) &/ 3} 9t ARE-sto] £
(feature) WE|E A E5}tal, MFMS CNNOJ 7} AZF41 gloofo] Qi o 24 CNN B oS TheohA Zith
MEM2 W2 2l 0 2 & Al4hS o &= Qlo] BRES d Srhe o] Qo ofefj o] Alo] MFM gH4=9] Al o]tt.

Vi=1,H, j=1W, k=1,NJ/2. (3.2)

xi Z7] Hx W x N 43 @A0] i, yi= Z7] H x W x N/29] &3 fAo]ck. o}7] 4] i ji= Fu}4: o
AR G LERAT ks A A4oleh B 1A B2 AHshe] 2199 convex FASE B2 419
TAFSHE 2t BAstet el MEMS 27 TS 59 o] 2 S aetch MEME Lol = 150t 48
B 4 91 Wk opje 5 o] m A Abolo] 4 1A Mesh AT ST,

Figure 2()7+ MFM©] layers, MFM @1419] Z7Hghe si% $1%]] 417 1= Aol o] Zdjgte]ch. NN
UESIZolq MEM & AR QA6 A S 715 A3 §A 432 512, Azt Aate A2 25U
#H910] Mol 4] 33 7} 91710l 4] 29| 75 Heisto] Ax AT} AL Beke 29Itk (Wu 5, 2020;
Shim 5, 2022). CNNef| 4| MEM& AF§@ 1] Eejubs & shibo] B4, MEM A% ] gradiant7} 2 5t
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| Input | — MFM(32,3,1,1)
v BatchNormalization
MFM(32,5,1,1) MaxPooling(2,2)
MaxPooling(2,2) Y
v MFM(64,1,1,1)
MFM(32,1,1,1) BatchNormalization
BatchNormalization v
v MFM(32,3,1,1)
MFM(48,3,1,1) BatchNormalization
MaxPooling(2,2) MaxPooling(2,2)
BatchNormalization v
v MFM(32,1,1,1)
MFM(48,1,1,1) BatchNormalization
BatchNormalization v
v MFM(32,3,1,1)
MFM(64,3,1,1) BatchNormalization
MaxPooling(2,2) Dropout(0.5)
Y vy
MFM(64,1,1,1) GlobalAveragePooling
BatchNormalization BatchNormalization
Dropout(0.5)

Y
Output \

Figure 3: LCNN model architecture.

o 2241, &3 @A o)A back propagationg 4-3€ o, FE4 7157
P2 A (Wu 5, 2020). Figure 2(b)= 2 A F ol 4] AH-8-3F MFM 9]

2 Ao M= G4 g% NEdE LONN 23-& 20199 challengeo]] -2 A7} thA] Zidst 29
o4 % B e Qe A& 918l BAAIE Fokstel A8 atlct. Figwe 3 712 AHOIA AT mHe)
F-Zo|t}. Lavrentyevas-2 201739 = LCNN 2§ © 2 fgo|gE SEA|A Ad-S AA5HHE], 20194
challengeo]| 4] += softmax 42} batch normalizationg 37}5F0] A& sttt 2 AdoA= o] & &
Z5}0] Figure 30| A A1 &S ARE-6Fo] Sh5-& X135l o). 229 B 2] & 9] 8l dropout 0.5% A7t
maxpooling © & 2}-¢1& 545131 0 W, tjufl & maxpooling #lo]o] Fof] & g F A & +H £=5
=0]7] $]5) loffe?} Szegedy (2015)©] A A] St batch normalization-2- AF-8-5}I T (Lavrentyeva 5, 2019). Q17+
9] 344 Az} 714 54 AEE BFohe A2 28 AAE 4 Aak E7alof ot wwel &/4d3t
= softmaxE AHESH L, FE|HFO] A= ADAMS AF-8-5F31 Tt
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Y (c) Cutmix (d) SpecAugment
Figure 4: Data augmentation strategy.

3.4. 27 1%

4% AT AL AR 5] 915 el S dole e Bag shd), Jeid £ Hole]
5L FF vlgo] gol S1 4147t Holg F7L dolBE nEGUA £ HolHAE 9]0
2 22 o] BAZ sh2Th A2 ONNY 2] A2 F4A717] S15) Qi dlofe] Z74o] BasIsHA|
A3 QL] (Krizhevsky 5 2012), S AR A 57 WS 8% RS FAY 1] o7
HREe 2T ¢ olom, AR A o] Fastet T, o]t P2 Hp AA A AR ES THEo
97 Sk gL Alste] Bask, el BPely o @ AN BAE gk tebd St &
QElg TSk v et Aol WA s AukAQl dlold £7 o] W astch (Nam %5, 2022). £ =
£oll4= CNN Be-& A7 =H avpaiolztal &&3l 9 7] W& 275k, o] & ARgsllE 2ot
3.4.1. Mixup

Zhang 5 (2017)0] A A St Mixup 7| HH-& 7]&2] empirical risk minimization (ERM)2] -8 34 5}7] §]gt
tjetel vicinal risk minimization (VRM)2] §t 70|t} (Chapelle 5, 2000). Mixup-2 linear interpolration-2-
AHgSto] = ;Y ABE (xi, 1)), (i, y)= HEF BEANA FE2H 1€ [0, 115 EF HIEE ot A xTot= U4
O1ct. Mixup& 53} 55 B2 AolalA L} £ Holelg 271417 Uitst A48 Eedo2n oAE 5
UTH (Wei -5, 2020). Mixup2 oFefj €] A 0 = A o]d 4= Qlth.

F=Ag+ (1 =2)x;, (3.3)
J=i+(1-Dy; (3.4

o17] 4 x £}y = mixupe] 25l B/ wlolE o]tt. Mixup 2 &2 A/ ¥0] of| 4| = Figure 4(a)°]l A 21
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4= Q1. Figure 4 9] Ax; &} (1 - A)x; 7} E3}+E] o] Figure 4(a)2] % 7+ A Hct.

Mixupo] 52 2ol -2 AR v Rofolu}, € =B A4E B2 Tt A74E0] audio data
ol Mixupg 24]-8-5+31t. éﬁaii audio dataof] A-g-off & th& AF-E A A o] FHold 52 Koo
Wol &85 Qick &, ERM A& ARE5H 7 S|4 FXbol| 91A]6h= wlol ol tisf % SefjAetal
T sl Sk Aol G, 2ol gL RAke dlolele] ROl robustaleha AR, o
H AR o)A ARg-ot= HlolH & o]of] sjgst7] ufZ o AHg-st=H] 010}1—,} 5 q7]el Aol ARE-Sl
H7)|2 st

3.4.2. Cutout

DeVries?} Taylor (2017)7} Al Al gt F-2F9] o -8 2]-2-7] )3t regional dropout B == 5}1}<Q1 Cutout 7] -2

0] ]z o] AEBS Zrehifjo] 002 X|2Fsh= A2 2, occlusion AE Z2Fo]tt. oyt %_ 12 © 2 occlusion
o i BAE B 23004, 3 £ Ao FeiE Foke W, cuond BA F9E 28] Pl

7] ol AR vpAIE AR E, cutout AA| HA EAE sfZst= TS o}‘%i occlude®™ MEE
Dk A2 o|n|R]E AT 24 AR 8ol A occlusiono] WAYSH= 7 -2-of ths RE-S o 2 of
HIAAFH, 24 W of o]n|x] AHAEE ¢ @o] 137 Hrt. ZEH O 2 cutoutS AF8-51H, CNN
7Nt I EY T 0] A4S 550, AEHA R A5S FFAE &= ok &, 78517 w411, o2 do]H
7 AdgFolut A tstet @ Aot B A5 TS FHAE 4= oot o]of] SEl= Y EYI Y] 45
FAAZI = Ego] Frhal westelr] 2ol AMS-SH7| 2 STt

A He BRI A FE2EH Fehle BE 93 A4 99| H&-E -5t mtEtr] ol Zet
W wkao) 72, A2 o)l r,et g Al4tste dl AHS-HE T Bounding box 2] F4 Y12 r} = FY
BN FE2HGWe Hs 22 729t |22k 2] 3715 Urehdith).

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

bounding box'= 7,5} £, & $41.0.2 7420} A 29] Zol7} .o} 1, 7t SEE 5t5], 18 Al Mol 3
L A QJstt}. M-& bounding box F-E0] 0, yH A= 12 2 % 2] % masking matrix 2t11 & o], Cutout 7] -2
ot} ol 2L

¥I=Mox, (3.7)

A71A x; @F M 22 2 9] - olH, 0 A4k element-wise F-2 LEHAT 5, F017] xof siE ik
F|?F 2= Figure 4(b)2} 22 B5& UEUA Ht

3.4.3. Cutmix

=
o[i‘l
°

(2019)°] A A gt Cutmix 7] -2 Mixup 7| 7} Cutout 7] HH-& Z§st 22l o] gkl o]551H 4Ith. Mixup
e 6] PATAT BF RS 0 RAQLTA ol o] AT, cutout F2E
41 &40l Yofuich £ T A9 25 Y402 @ 30U ool FTE FTE Hol Ao
FRIth Cutmixe= o|n] 2] F9& thE train ©|u| 2] &] |22 W A5}k o] AlES thAa
utmix+= 5 71| 9] A2 thE train image] YHE npA 715}, 1 ot train image patch
2hll-Z A o)A A 22 o] 2] E TE= WA QlH|, 571 patch o] F HEW R EXE
7] W&o localization A5-0] SFAF &)= A& H oIt} Cutouty} 2 9 & bounding box &
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Table 1: Results for Mixup hyperparameter tuning

KwanYeol Park, II-Youp Kwak

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
A 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)**
0.7 0.335(0.028) 0.027(0.003)* 0.005(<0.000)*
A7gsts], E3} ehil-e ot e Zol ALt
X:M@Xi‘i-(l—M)@Xj, (38)
y=pyi+(1=p)y;. (3.9

A == o] H x = Figure 4(c)2}t 720] x;01 4 22 bounding box F1E0] 0 o] o} x; FH o] HH 7} 2 9
2|A At whEba] A == 2 § G A bounding box o] HAof I8l A 2| E]ojok 5HH, p = 1 = (r,r1,)/ WH
9] A& AAF5}AL, target label 2 Z A 5l=d] AF-&3tct.

3.4.4. SpecAugment

SpecAugment+= Park 5 (2019)0] AJA|3H 7]H © 2, log mel spectrogram= ¢} 2] © & 7o} time wrapping, fre-
quency masking, time masking-& A8t S7F A1t SpecAugments= 13 of] Hlo| ¥ F7-& 2-8-5f= Hl4l
log mel spectrogram®]] 217 #]-88F 4~ Q] = time wrapping, frequency masking, time masking& A| <5} th.
23 o] M A A d8H B4 Tl AH HgE o] ofs] & ARgo] golsitt= AT qlrt.
Audio masking-2 Y¥HA o 2 3]n|st| gt 71 427t v E e 7HY &g, & ukAF(masken) 7t S o &
2] 2] A == 2= Aot 5hA| T, Park 5 (2019)9] =Foll A= HFE HA ok occlusion} A 9
FLRt | 2 ARR-E )

Time warping-2 tensorflow 2] sparse image warp fucntion ©. 2 AFEF Tt HZ| 7 time step®] $J+= log mel
spectrogram©] 0] 2|9 o] & A|ZF Fo] $3 o] 3l Fupa Fo] 2| Ql o] & Zrt. T12]11, spectrogram O]
AFSE FHote A0 AFEATE A G (w, 0 - W) Aol 9] 919]9] & Ha, ol & 7|E o8 AF,
2 EROR FUT ExA HEH A7 woll &5l 2] HHZF o] FA|7]+= A o] HIE time warping
o|t} (Park 5, 2019).

Frequency masking< frequency mask parameter FE 511 [0, F12] H 9] ool A L] 9] gt f[E FE5T &
[fo. fo + f) THF vk 3k, fo= Unif(0, W - /)O] RE 2R E og 2T 97|14 W = AXH5 2Hd 9]

Z7]o|t}. W= Cutout T F-Zo| A QI x; 0] 7k2 5 271 W 9F oA o = 5 U5}t
Time masking-2 time mask parameter 75 A3}l [0, T]12] ®H 9] Qtoll A 429 gt r& FE81AL (10,10 + 1)
W DhAZ R 1 Unif0, H - ] 9] olA Q)2 2k H Cutout AFHEIA A o)
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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

Ale% 27 H 9} o|u|H o 2 F At

(==
See A AEAE Al AR 9] dlol8AlS 242} dlolH S22 ARg-ste] T4 A1%1 F, Figure 32] LCNN
Yol ¥l ER& AZH. 2284, 435 ¥ wE 915 ASVspoof challengeof| 4 37} #] 2 2 AH8-511H EER

S A5}t EER (equal error rate)-2 A A| Q14 7|&o A A5S Ve E X E=2, 2214]E (false accep-
tance rate; FAR)} © 7158 (false rejection rate; FRR)0] Zro}z2]= L OlE & A o]x]n, EERo| Y S48 A
Sjelrii 71Tk 9HA 0.2 spoofing CM©] A1Z]4-S EER W= 218 AMgele] 248} (Kinnunen 5,
2020).

w14, 7} elo] £l 410] A baseline 28] 4%5-2 591 A RIS v, BE(EE B} ASVspoof20172
0.396(0.024), ASVspoof2017 LA 0.032(0.001), PAX= 0.006(0.001)& =4 5] 9] 17, baseline Z 72} augmen-
tation A} 7HO] 2po]7} Qli=7] t-testof] Bonferroni W42 53 A LUt FAA =2 Fojn|et o] 7}
U= A= Ff| *(p-value <0.1 §1 7-9) = ** (p-value < 0.0591 %) 715kt

Mixup, Cutout, Cutmix 2] hyperparameter (1)+= ZF2+ 5 spectrogram ©] || 2] 7} 4] 0] &= H]-&, spectrogram ©]
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0] 2)& Zefdl= vlE, el Al th2 spectrogram o] | 2] €] R-E o= HIEE Ao Hth. 7} S ko]
ut2t %] # 9] hyperparameter (1)7} T2 th= 714 S}oll, hyperparameter ()5 0.15-€] 0.77}4] 0.24] &7} A
7t S P53t SpecAugment 9] 73-%-, Park 5 (2019)9] =70l A X1 3Y 31 H hyperparameterS: 5514
AReR T, 4G o] Folo] thet ATA} AZSHE o M nfetulelg Agsky Ads) ok,

=

4.1. Mixup hyperparameter tuning0i| (2 A5 H|w

Table 1-2 Mixup2 -8 o c}-2 Agto] et A5 v|us) 2 FEo|th BE 720 A Mixupg 48592
o} AJ50] FEERL, 471 0.7 1 AL A7RE] "ol ol A BF baselineof] H]3] -F-o]m] et 45 2to]& H I
t}. o]u]z] gjo]g o thsl ATt Zhang 5 (2017)9 A= 0.2 ~ 0.4 Afo]of| A 71 22 A5 HIA T A
tlolE & EAAIX =Y ZoA= 4710721 o] B 2 A45-& Hlth o]i= Tomilov 5 (2021)9] K3 o] A
0.6 ~ 0.8 Ato|7} £2 A1HE H itk o] A9 7Hd Tt e YA gt

4.2. Cutout hyperparameter tuningdi| T2 A5 H|u

Table 2= Cutouto]] 12 T} 2 7| 5}o] &8 Z}o]c}. ZF o] ] Aleof Cutout2 AE-8 & A3}, ASVspoof2017
A7H0.1 o) 7 F-2 /5 H ol AL, ASVspoof20199] I o] E]A19] 7%, A7} 0.5 off 71 o] m] Rt /4]
%715 2 2 9Ich. thik, ASVspoof2017 Hlo]ElAlo] AERE W, UF F71845 Aol kAl AL

4.3. Cutmix hyperparameter tuning®f| (tE 4= H| W

Cutmix 2] 79, ASVspoof20179] Z-&5}91-2 wj Table 35 X T2 Z7) A2k vH|5) = =
25t BrH o R £ 5= HoF A9, ASVspoof 2019 LA, PA HoEjAlof] 288 ¢ Hd=hs &
52| 92 AR HTE 5ol YolRl= AL BET 4 AUth 11 o] ATpE0] B r-testE A8 A}
pvaluerh 915 L8024, 27} 12k ESIg Ak SAH 0 2 Aol 7} Urka B 4 itk A
ASVspoof2017 g]o]EjAlof| = Cutmix A #-85H= 7o) 7P 314 1 =71 A 2Fo|ut, ASVspoof20192]
T AU L HlolgAle] EYstr|oll= 2 Ffo] ofd Ao & Helrt.

4.4. SpecAugment hyperparameter tuningOf| 2 s H|W

Table 4= SpecAugment©] mask 2] 7] =2} frequecy 5 o1 2|7}2| & 285l Afo|rt. A =Z oA Aol
maskE 27] 2 T A X 7] 1, timeT} frequecy mask 2] 7] 5 oF7HR HY A A A LA A Htth 18], mask
o] 37]2 MEA 7| AWmat ol masko] 2> 1 AAE HPAARLE AL 0] dgke = 2= 9lrh 1
A ZFA 710 maskQ] 7fE M 2-& hyperparameter= A5} AHS 3 Hofct 27 oz, mask/] Iane

oll

O 1 AKX
=S 1, ASVspoof2019 LA o] EAl-S A 2|5t ASVspoof20171} PA d|o] g Al H#21 Q1 50| Z7}s}
£ A2 E 5 LSITh ASV2019 LA T o] el Alof th o A= SpecAugmentE 21851 F7F e 9} & 459
W7} QIoke 7HS 712k 4 ok A3} i

Table 5= Z} o] gl Al a} =7} 7| W 2 713 Al o] 29k A S-S 7]4519th. ASVspoof2017, ASVspoof2
019 LA, PA d|o|&] & Z}Z} Cutmix, Mixup, SpecAugment 7} 95t 52 H Tt 24 Y= &4 EA4 9

oA = dlolE = & FAste 57 71Mel thE Ao g Holal, tiA2 7 7|H ] ARgol A%

P Bg-S F= Ao ey
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ASVpooi2017 JO1E 1 AH§31o] 2B alo] 828 BASH ERAE uskold F Fe 4
Hol 27 AZre cutmix 2 ratios 0.12 31912 o o2 57} 7| 1S A8
Hoj 9171, SpecAugument 7} §]E o] ¢t} Cutout?} Mixup& H| =5t A & _,] A oO]:/\]”——— B}
ASVspoof2019 LA BJoTE| A& Z7HA171= 2 %, Algte] 94 A9} 717 84 152 Bsels 4
o] 7HA Z9kd MRS MixupC 2, ratioS 0.72 519-S ] Zof 0.00627%+2 2] EERo| 7HAst=
4= 919ith. Cutout® 7] 9] H|Z:3k 4=320] A% §FAFS B Gl 1, SpecAugment= A% W3}7}F 7 9] gl AL
Cutmixe] 4= 4% 0] Ui 495 B52 4 919k
ASVspoof2019 PA Flo]E181& 274171 Hek %, Alere] 24 59} 4 % ANE 54 Aos 2
_,"é,'-ﬁ]-h Aol 7FY £k M2 SpecAugment 2, maskE 37} 2, frequency @} time maske] F7|E 27,100
o2 P& wjrt Yk CumixE A9l th2 7 HEFe =8 Bk wjol &= EERo| 7h4slo] 450
Z71gHS B¢ 01}, SepcAugment’}t G5 A5 Z71Eo] =9ttt

5

2 A7 &4 915 B BAC] 01 28 75 E1oe ocstsion 714 el 577105
s Htot Al 71A] o2 24 91% €] dlo| g of tf sl Mixup, Cutout, Cutmix, SpecAugment 7] 5H-&
Beral, 11 A} ASVspoof20179]| A= cutmix”Z}F, ASVspoof2019 LA ©|o]Eof Q) o] A+= Mixupd} CutoutO]
ASVspoof2019 PA dj|o] €] o]] 9] ©] A]+= SpecAugment, Mixup, Cutout®] 53t 52 H gt 241 9| X% &7
ZAl QlolA HiolE AR & F&5te S 71Hel thE AS g1 4 Atk B, 24 2ok d2ld
TA o] Joj A & AFEE o] @ 31 Q1= Mixup, SpecAugment 2]o]| &= Cutout B'H = 1712 35f & 9t Hhyolgt=
2S5 Zelstelt.

Ao g, 24 Hlo|HE 913t SpecAugment 57+ YHE =& A5S BT, Ho|g Al o}
e HIA B lold F7 iS¢ Mixup, Cutout 5= BH 9] 453 FA7]= vl E=gol 9 &
4= ATk Occlusion 7|9 F7F 7]H o] 7] Eof| /d50] A5 H HiFEl HIA FopEnt oy et 5/ Fofoll= &
Q1 W olgl= A & & A ATH A4 1= R LY oA 9] =35t hyperparameter+= Mixup 2| 7%
0.7, Cutout 9] 73-2- 0.7, Cutmix 9] 732 0.5-0.72] A-8-& F7 5}, SpecAugment 2] 7§—°rt masking 2] A<=
3, A7t Fat4 BSF masking sizeS 27, 100 A= 2 e o, AHtA ¢l glo]EEo|A £L& A= ey
22 sholshelr

=
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