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SinGAN: Learning a Generative Model from a Single Natural Image (ICCV 2019)
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0131 H: Generative Adversarial Network (GAN)




0131 Hl{A: AiM D Hl (Generative Models)
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(produce)
Generative Model mmmmmm) An image that does not exist but is likely to exist

» A statistical model of the joint probability distribution

Discriminative Ge"_"f_ra“"e * An architecture to generate new data instances
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» ‘H’dX}H(generator)2t THEXH(discriminator) & 7H2| HIERZE &8¢t 48 ZEYLIC
- Ct22| =X gs=(objective function)E &3l “4-dX= O|0|X| 22 & st5¥ =+ USLICL

m(ljn mlglx V(D, G) — Ex"pdata(x) [lOQD(X)] + EZ~pZ(Z) [lOg(l o D(G(Z)))]

| Generator | G(z): new data instance

| Discriminator | D(x) = Probability: a sample came from the real distribution (Real:1 ~ Fake: 0)

1m i
| z || Generator > Fakeimage — 70,5208 (1 -2 (6(29))

(Latent vector) —>| Discriminator |—>LOSS
| Real Image I— r_

1% . .
v —E logD(x') +log(1—D(G(z!
Generative Adversarial Networks (NIPS 2014) Qdmizl[ 0gD(x') + Og( ( (= )))]
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11 {4 : DCGAN (ICLR 2016)

« Deep Convolutional Layers& 0|&6t0{ O|0|X| =HIQIHAMC 52 H52 EQILICH

Stride 2 16

Project and reshape CONV 4 <
CONV 2 SONVS 648

Fig. DCGAN generator used for LSUN scene modeling.

Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks (ICLR 2016)
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https://towardsdatascience.com/explained-a-style-based-generator-architecture-for-gans-generating-and-tuning-realistic-6cb2be0f431
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A Style-Based Generator Architecture for Generative Adversarial Networks (CVPR 2019) LSt



131 HA: Progressive Growing of GANs (PGGAN = ProGAN)

- B2l ofolcio
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. DN O[0|X| Bt 43
. B

- O|O|X|e| &7 Aot o=

=20/ StyleGAN ==0f| A {EL|Ct.

=

4 x4

N

Training time: 0 days
4x4 resolution

Zz = random code
Generator

R X = real image
Discriminator

x' = generated image

https://towardsdatascience.com/progan-how-nvidia-generated-images-of-unprecedented-quality-51c98ec2cbd2

A Style-Based Generator Architecture for Generative Adversarial Networks (CVPR 2019)




tE (Super-Resolution) ?|=




- oF 2| Mol = O[0|X|(LR)E 118l O|O|X|(HR)Z #iEhst= WS Y7tot= ZO0FRILICE.

+ A1 CNN 7|5He] H2 Y410 £2 458 80|10 JALICE

F(6)
Neural Network

Low Resolution (LR)

High Resolution (HR)
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& diHo)| 2 28 Externally Trained Network (Supervised SISR)

» ofg API: Bf2l HR-LR 40| CHSH of55 TR LIC,

Train Dataset 714 ’ \

Low Resolution (LR)
Ct-0| 3t 0|

High Resolution (HR)
Cta-9| 8t 0| Ef
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ohs HItHO|| I E 25 Externally Trained Network (Supervised SISR)
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» EH|AE AD|: Ct==C| O|H 2 ot & §E S EO= oA H|AE H|0|E0f| CHet 1sla e Z2atE O|STLICY.
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Low Resolution (LR)
B|AE 0|

High Resolution (HR)
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ojo|x|2] x}2] =53

. St AO| 0|0|X|0| = X}7| HHEM(internal recurrence)O| ZX{&rL|CT.

- OO Xt919| 0|0|X|E2 LiXHEl H|0|E| HH=(internal data repetition)2 SX 9 2 JtE]L|Ct.

o Internal patch Supervised CNN-
“The only evidence to the existence of _ Bicubic based SR based SR
interpolation  [Glasner et al. 2009] [VDSR 2016]

these tiny handrails exists internally,
inside this image, at a different location “ n ‘ m H Q

Low-res input

0By

and different scale. It cannot be found in
any external database of examples, no

matter how large this dataset is!”

“Zero-Shot" Super-Resolution using Deep Internal Learning (CVPR 2018)
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tHojl it2 21 : Internally Trained Network (Unsupervised “Zero-Shot" SISR)

+ St A||: BIAE O|0|X| x| XM O RBE| £ZEI HR-LR W0l CH510] S FIatetL|Ct,

—

- ZMHO 2 of F2o| 0|0|X|0| E=tEl CNNO| st&ElL|Ct.

IFr = (Iur k) |5 +n
v

Train Dataset ++/4 ’

Low Resolution (LR)

High Resolution (HR)
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ohs HIHHO|| IHE 25 Internally Trained Network (Unsupervised “Zero-Shot” SISR)
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2JM: SinGAN (ICCV 2019)
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SinGAN O}?|EllX{: Single Scale Generation

o OILEQ| AH|Y(scale)d| M AFEE|E= X generator)= CHS 2| O [RIM 2 g EILICE,
« %t gt&(residual learning)= 0 |gof01 NSHfine) MEZ XJH6H= HiAlS *f%ﬂ'—lth
Ct.

» = MLl EEo 2 A EL
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rgin max ﬁadV(Gn,Dn

+ Adversarial 10ss Lqay (G, Dy): A% O[D|X| x,, L THX|2F 74t O]0|X| %, L§ THX|2| SHJ} 2o 2 ot
« Markovian discriminator: 2122| 2t overlapping=! IfX|Z0{| CHSHA TR {EE THETHL|CT
- WGAN-GP: GAN L|EQ|IZ QX0 Z St&StE 2 T oHEL|CY,

« Reconstruction loss: L. (G,,): A& 0|0|X| x,,&
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SinGANZ2| 85 87t % Z2f o|0|x| =4

KIX[2F 2ZMSHA ?JE OIDIIPf '—f i’iﬁl—llif.
Ist Scale | Diversity | Survey Confusion
N 0.5 paired 21.45% + 1.5%
. unpaired | 42.9% 4 0.9%
Q N -1 0.35 paired | 30.45% + 1.5%
3 unpaired | 47.04% =+ 0.8%
O
n
g « = =22 SIFIDE N[9S, AMT Z1ifefe| H|WE
= &%l SIFID?} 2ot HIt X|Hets AS 2T
o
Ist Scale | SIFID | Survey | SIFID/AMT Correlation
e N : ' —0.
i
N -1 0.05 | paired —0.56
unpaired —0.34
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OZ2|H|0|M: X4t = (Super-Resolution)

+ SRGANZ} 20| 9|5 HO|EIMIO R Bttt

Input SRGAN (24 865/3 640) EDSR (28.367/8.083)  DIP (27.485/7. 188)

g5 XE
(PSNR/NIQE)
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oFol Off = 2|3|0|M: 1 2l-o|0|x] #igk(Paint-to-Image)

« Coarselevel s (N—-1Z22 N —2)stLte| gl=Ho = SRI0E (clipart)E €0 122 0|0|X| 2 H=tatL|Ct

- 2EI0FEQ| global structures 72 SEHZ M2t Bl A% (texture)?t ItEl= A=S & + USLIL.

Training Example Input Paint Neural Style Transfer Contextual Transfer SinGAN (Ours)
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[2kst o Z2|H|0|M: &= o]O|X| 2te] =S Harmonization)

- H{{Z(background) O|O|X[of| &t =X|(object)E HES| 442 (blending) &= USLILCY.

Input Deep Paint. Harmonization SinGAN (Ours)
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