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GAN (Generative Adversarial Networks)
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* GAN2 Lot H0|HE 4 T oF FAHLICE.

* Not cherry-picked
* Not memorized the training set

* Images represent sharp
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Fig. Digits obtained by linearly interpolating
between coordinates in z space of the model

Fig. Visualization of samples from the model
*Generative Adversarial Networks (NIPS 2014)
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« A statistical model of the joint probability distribution

Discriminetive Ge","f_ra“"e « An architecture to generate new data instances
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D4l (Generative Model)2| = E2} Image-to-Image Translation 27|
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e 2014430 M|9t=l Generative Adversarial Networks (GAN)O| CHEXMIL|C},
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« Q= IR E= Pix2Pix (Image-to-Image Translation) EESF GANS ?|HtQ 2 A2l o7 |=I X QUL LY,
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Image-to-Image Translation 7|=2| & 1}
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GAN Conditional GAN Pix2Pix CycleGAN StarGAN StarGAN v2  pixel2styleZpixel
(NIPS 2014)  (Arxiv 2014) (CVPR 2017) § (ICCV 2017) (CVPR2018) (CVPR 2020) (CVPR 2021)
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Generative Adversarial Networks (GAN) X A & 7|

« AMMXHgenerator)2t THHEXH(discriminator) & 7H2| HEL3
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min max V(D, G) = Ex-py,., (0 [10gD ()] + Ezp, () [log(1 - D(G(2))]

2tRot MM

| Generator | G(2): new data instance

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

—Vg im og(1-— Zt
| Z |—>| Generator |—>| Fake image |_ ng;“g(l p(6(z))))

(Latent vector) —>| Discriminator |—>Loss
| Real Image I— - r_
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GANS| £ 1

- S249| ZH(Goal of Formulation)

« Pg— Pdata,D(G(Z)) — 1/2 (G(z) is not distinguishable by D)

N N o
A * """""""" A . B =2 HOo|EHe &%
WA N » WY 2ol F
/(I Y/ N/ N s
, N
(a) (b) (c) (d)
A|ZFO X|LIHA A4 2% GOt & C[O|Ee| 22 E st& »  original data instance |
>| new data instance |

Image-to-Image Translation with Conditional Adversarial Networks (CVPR 2017)



Conditional GAN (cGAN)
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Conditional GAN (cGAN)

« [O|O|E{e| EE(mode)

. Ofef 44l BE

min max V(D, G) = Expyee (0 [L0gD(xX[¥)] + Ezp, () [log (1 - D(G(ZD’)))]

| Z \
(Latent vector) | Generator |—>| Fake image |—|->C>7
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*Conditional Generative Adversarial Nets (2014)
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Image-to-Image Translation
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Image-to-Image Translation: Pix2Pix2| 7H&

« The task of I12] translation is to change a particular aspect of a given image to another.
« CHEZXQ! image-to-image translation OF2 |[RIX 2 Pix2Pix? ULt
* Pix2Pix= ¢t& 2P0l A o|O|X| x X}H|E XZH(condition)2.2 l2Ht= cGANS| $t SEQIL|C}

« Pix2Pix2 ZMdl(pixel)s= IO Z BIot ZlMl(pixel)S= OEotCt= 2|0|& JHEIL

Ct.
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Image-to-Image Translation: Pix2Pix2| O}3|ElX]

» Pix2Pix= 0|0|X|E Z=H(condition)2 2 2480t 0|0|X|E = O
+ 0|2 RO R X2|E 2 U= U-Net 7|90 HEQ|Z O [HINE

O LEHLCY.
A RILICE

 Input and output both are renderings of the same underlying structure.

* There is a great deal of low-level information shared between the input and output.

Encoder-decoder
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*U-Net: Convolutional Networks for Biomedical Image Segmentation (MICCAI 2015)

U-Net

=D == concatenate

fml
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Skip connection

> = Y
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Image-to-Image Translation: Pix2Pix2| &

* GAN2 7|=X2o = CHE Mg 20| H|5tK blurryet 21 LIQ+= A7 M2 HYUL|C
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© GANS| 452 O $AAI717] 2ol L1 £4(loss) &
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24f)

« Euclidean distance is minimized by averaging all plausible outputs, which causes blurring.

© 12242 0|8 MECL] 24 0lgRS I

=22 0l8%E M S (blurring) 9150] 2 T ARILICE
Ex8s 7 = arg mén max L.aan (G, DN\+WNLr1(G)
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Image-to-Image Translation: Pix2Pix2| Discriminator

« Pix2Pix2| discriminator= convolutional PatchGAN 25 2EZ2 AFESfL|Ct
» O|OJX| HX|ofl CHotod THESEX| 9411, OO|X| L THX| THe| =2 ZIM/O R} GRS EHERILCY.
* In order to model high-frequencies, it is sufficient to restrict our attention to the structure in
local image patches.
« PatchGAN only penalizes structure at the scale of patches.
 This discriminator tries to classify if each N x N patch in an image is real or fake.

- & fewer parameters, runs faster, can be applied to arbitrarily large images.

*Precomputed Real-Time Texture Synthesis with Markovian Generative Adversarial Networks
A IITTTTTTIIIImImIIIIeeeeeeeeeeheeehehhhhhhhhhhhhhhh»”
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Image-to-Image Translation: Pix2Pix2| /g

« U-Net 7222} 2|

I
i

oA M2t loss(L1 + cGAN)E AER [ 71 @42 Z21tE EILICE

L1 L14+cGAN

Encoder-decoder

U-Net

Fig. Adding skip connections to an encoder-decoder to create a “U-Net”
results in much higher quality results.
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Image-to-Image Translation: Pix2Pix2| ‘d& 7} (U-Net O} [EllX{ 2| H)

* U-Net 222} 2| = =0l X2t loss(L1 + cGAN)E A8 I 71 R0t Z2tE HYL|C

Loss Per-pixel acc. Per-class acc. Class IOU
Encoder-decoder (L1) 0.35 0.12 0.08
Encoder-decoder (L1+cGAN) 0.29 0.09 0.05
U-net (1) 0.48 0.18 0.13
U-net (L1+cGAN) 0.55 0.20 0.14

Table. FCN-scores for different generator architectures (and objectives),
evaluated on Cityscapes labels<photos.
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Image-to-Image Translation: Pix2Pix28| d4& H| (2 ==

Input _Ground truth L1 cGAN

L1+ cGAN
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Image-to-Image Translation: Pix2Pix2| 45 Wo} (2 =20j|A{ H|otst &A1

Loss Per-pixel acc. Per-class acc. Class IOU
L1 0.42 0.15 0.11
GAN 0.22 0.05 0.01
cGAN 0.57 0.22 0.16
L1+GAN 0.64 0.20 0.15
L1+cGAN 0.66 0.23 0.17
Ground truth 0.80 0.26 0.21

Table. FCN-scores for different losses, evaluated on Cityscapes
labels<photos.
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Image-to-Image Translation: Pix2Pix2| otAH|H

* Pix2Pixz= A2 CHE & EH|Q X, YO HIO|E & St o E |0 g2 TllRL|Ct.
« L2t colorizationf 22 EAI0|M = O|O[EAMIE L4512 | 2| RLF O-X| G2 2 EXN LT
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