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DCGAN training loss on emoji data

Proposed GAN training loss on emoji data

DeLiGAN training loss on emaoji data

o 20 a0 60 B0 100

(@)
(21 2) DCGAN, DeLiGAN, Proposed GAN =21

.l;

3. 4% 4 2%

=19l 4] &= DCGAN, DeLiGAN, Proposed GAN H| 1L
S 2333} Pytorch Bl A& 1.12.1, & 4 3} &g
Adam([7], Learning Rate © le-2, Batch size + 35 37
HF= A&t

37, dlo]E| Aol A 7} mdlo] A= (11 2)%}
L& DCGAN—S— N3 dlolE] Al o 7 918 Eot &

7h et s (a)F 3l &1 4 Ath DeLiGAN
< epoch 90 7k4] G ¢t D7} B A =& A8kt °] i
Bebg ZAZE 2AstE AL (b)E 3 gAT +
Proposed GAN 2 X itol] A7) glo]g UF-F-o] £3
2251 7] wj 5ol wEA) AAFZE WA Ee] oF A

s e (OF B9 9 5 Ak

IS Emoii data

[l

=2 N o
2 flo oo ¢

N

o m

5]
ro
T

2 m

-

1

10 ﬂ-ﬂﬂl 5’
LC

_134. FH

1ok

— DCGAN
DeliGAN
—— FroposedGAN

] 20 40 S0 a0 100

FID Emoiji data

— DCGAN
—— DelLiGAN
—— ProposedGAan

o 20 40 50 8o 100

(L% 3) DCGAN, DeLiGAN, Proposed GAN 9] IS, FID

(b)°™®

(29 3= 2 299 IS, (b)= 7zt 9l FID &2
Proposed GAN ©] DCGAN ¥} DeLiGAN ©l| H] 3] 21 A d] o]
B &} frAatal o] ekl thefek HiolHE A4 st

AL FAT 59

@ (b) («
(71¥ 4) (a)DCGAN, (b)DeLiGAN, (c) Proposed GAN ©] %.%]

skl FA o] 5
3}7] $] ¢k latent vector 3 7 -3 9} latent vector 3 7
He Absth. A E o] BA(1H 4= 2dE

A -l A AP oA ol HF A
Proposed GAN = DCGAN ¥} DeLiGAN ©f| H] 3] o+ o
2 Eete AS Bl AQbe et 7]‘?3% &3
DCGAN, DeLiGAN Z+2} FID 3= 81%, 71% 7+223F31 3 1S
= 129%, 106% S 71eE A& <k 1>5 S8 & 5 Ak Al
bepi= 729 7| = 56 DCGAN 7} DeLiGAN X.t} ¢t
theFatal 4ol - volH A

228} o] B 2 A A

Of

6. Acknowledgement

B =52 2023 L#E AE (LS
TADEY L& wo}
2021R1G1A1006381)

o Aldow d=Fd
FyE 712ATFAEY (NRF-

[ng s

[1] A% 2apdd ﬂﬂﬂﬂ«l o] HE|F 5/dof ek vl
AT - =l Sfe] dE BRI, gkl Hol 2k,
g=Es THOE - 1‘4%1%\‘4/4?1@?1%, 14(1), 87-
96. (2014).

[2] Goodfellow, 1., Pouget-Abadie, J., Mirza, M., Xu, B.,
Warde-Farley, D., Ozair, S., ... & Bengio, Y. Generative
adversarial networks. Communications of  the
ACM, 63(11), 1 39-144. (2020).

[3] Radford, A., Metz, L., & Chintala, S. Unsupervised
representation  learning with deep convolutional
generative  adversarial = networks. arXiv  preprint
arXiv:1511.06434. (2015).

[4] Gurumurthy, S., Kiran Sarvadevabhatla, R., & Venkatesh
Babu, R. Deligan: Generative adversarial networks for
diverse and limited data. In Proceedings of the IEEE
conference  on  computer  vision and  pattern
recognition (pp. 166-174). (2017).

[5] Salimans, T., Goodfellow, 1., Zaremba, W., Cheung, V.,
Radford, A., & Chen, X. Improved techniques for training
gans. Advances in neural information processing
systems, 29. (2016).

[6] Heusel, M., Ramsauer, H., Unterthiner, T., Nessler, B., &
Hochreiter, S. Gans trained by a two time-scale update rule
converge to a local nash equilibrium. Advances in neural
information processing systems, 30. (2017).

[7] Kingma, D. P., & Ba, J. Adam: A method for stochastic
optimization. arXiv preprint arXiv:1412.6980. (2014).

l]>|'

- 605 -





