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Augmented Cyclic Consistency Regularization

Deep learning technology for understanding images and audio has become
essential in an advanced information society. In this project, results were obtained regarding a
mechanism in which multiple neural networks learn cooperatively or adversarially. The main
achievements include a new regularization method for generative adversarial networks called
Augmented Cyclic Consistency Regularization, an adversarial sample generation method using a
second-order Quasi Newton method, and a step size regularization method. The effectiveness of these
methods was demonstrated using real image and audio data, and the results were presented at
international conferences.
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Augmented Cyclic Cycle Consistency (ACCR)
Notation
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Model M — MM MM — M M— S S—-M
CycleGAN 97.74+0.3 92.24+1.2 471+ 3.1 28.2+0.9
CR-CycleGAN 97.7+ 0.6 94.3 4+ 0.5* 43.7+ 4.1 29.6 +£ 0.7

CR-CycleGAN + CR-Fake (Ours) 97.74+0.3 93.8 4+ 0.7* 46.3 + 4.7 31.9 £ 3.0%
CR-CycleGAN + CR-Rec (Ours) 97.6 £1.2 94.2 4+ 1.4* 48.5+ 3.0 30.5 £ 1.7*
ACCR-CycleGAN (Ours) 98.0 £ 0.5 | 94.5 + 0.5* | 51.0 &+ 5.2 | 31.9 + 1.6*
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Method i\verag_e . Worst=
P1 P2 P1 P2
MFCC-ivec Attack [7] 9.91(6.94|15.24|10.59
Gauss-Newton Attack 0.27(049 | 2.58 | 4.80
Quasi-Newton Attack (DFP) 0.24 (043 | 1.83 | 3.18
Quasi-Newton Attack (L-BFGS)|0.24 |0.43 | 1.85 | 3.18

4-3. 2T v FIEOIEALLITE

AR OFEE AT T /3T 2 BB CRUR DG Dz, 2O E S HICHKE
S FEEREGET ST 2ECHBEOICHIC B W T, KiER#E(L T e 2D AT v
YA R BEIICHIRT 27 0T Y RLERRE LI, BEOT NV TY LT, K20 X
HERBIZBNTT A 77— AEAT 2HIRYEE v 2RO ZZHABRICRE L, ¥
AELEAE AW T 2N OMIZEZ fE< S DO TH 5, FERTIX, i-vectors, SE-ResNet-
34, B LU ECAPATDNN @ 3 SOFEEREE T /WK DRI TRREFIEDO A %)
PEZEFE LTz, EORER, RIITTRTHEY | $BET7 /LT U XA K o TER S LD HoHIE
BORRENPIEROLBETIEZ L > TERSND DO LD /SN LRG0Tz,

AT HEFE SO TR b E4 R EESHE CH 5 International Conference on
Acoustics, Speech, and Signal Processing ICASSP)IZHIR S, BEEZB I 2 -o7,

Find § such that —g(2)=0

s(z+8)<0

minimize ¢(z)

X 2. A7 v iEfwE b 7k O
% 3. TEE@ nq:ﬁﬁ‘fd:%

Method Model SR Relative perturbation degree

p1 P2 p1 p2
Lietal. i-vector 9132 991 6.94 1524 10.59

ResNet 67.38 4.81 2.89 37.78 22.61
ECAPA 7131 481 2.89 37.78 2261

Ours i-vector 100.0 0.24 043 1.68 2.74
ResNet 100.0 0.20 0.17 2.20 1.86
ECAPA 1000 0.22 0.20 1.88 1.65
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