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StarGAN (CVPR 2018 Oral)

- CI& E0[QI0f|A 2] 2&X 2l image-to-image translation W[E2|3 Q! StarGANS HN|QFetL|C.

Input Black hair ~ Blond hair Gender G+A H+G+A
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Generative Model

« A statistical model of the joint probability distribution

Discriminative Generative
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0131 H| 4. Generative Adversarial Networks (GAN)

« ‘H/dX}(generator)2t THEX(discriminator) & 22| HIERZE &8¢t 48 ZEYLICE
- Ct22| 5& g (objective function)E &4l ‘ddX= O|0|X| 2 E had &= USLIC

min max V(D, G) = Exp 40,00 [L0gD(xX)] + Ez-p, (5 [log{1 — D(G(2)}]

| Generator | G(z): new data instance

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

| Z |—>| Generator |—>| Fake image |—

(Latent vector) —>| Discriminator |—>LOSS
| Real Image I— r_
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Interpolation
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Interpolation
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0131 H{A: Conditional GAN (cGAN)

 [|0|E{Q] EE(mode)E H|0{& & QEE X H(condition) EE )| YHst= ZHQILICE

mGin mlglx V(D,G) = Expagra® llogD(x|y)] + Esp,(2log{l — D(G(Zbl))}]

|z

(Latentvectolr‘)/vl Generator I—Pl Fake image I—r><:>7

Y —>| Discriminator |—>Loss
(Condition vector) t I

| Real Image

|y
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» CIOIH2l 2E(mode)E MO = A=S ZU(condition) YEE 2 E=Hot= ZEYLICY.

G(z, label: 0)
G(z, label: 1)
G(z, label: 2)
G(z, label: 3)
G(z, label: 4)
G(z, label:5)
G(z, label: 6)
G(z, label:7)
G(z, label: 8)
G(z, label: 9)
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15t HiE: Image-to-Image Translation @ Pix2pix 7H&

« The task of I12] translation is to change a particular aspect of a given image to another.
« CHEXNQI Image-to-image translation OF2 [EHIX 2 pix2pix?| USLILCF.

* Pix2pix= 2hg 21730i[A O|O|X|& = (condition)2E &=5t= cGANS| FHC=E = & USLICH

XL

Ol
re

StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-Image Translation Lt



2131 Hi: Image-to-Image Translation @ Pix2pix SHH|H

+ Pix2pix= M2 CHE £ THQI X, Y2 LI0|E{Z 8t WO 2 0] SH&S ZIsHBL|Ct,
» Ci2F Colorizationzt 22 EfATO|M = HIO|E{Al S S 01| 22U 2FX| B2 AR EMELICE
Paired Unpaired
L Yi
AF
{ {/“‘f’i ,f\’ eh 22 FO|X| F2(Unpaired)

C|OfEf Alof| B M = HE0| PtsE7tR?

4

CycleGANZ 0| &%l 8liZ 75

>
L

g Spp— S—y——
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2131 HiA: Image-to-Image Translation @ CycleGANS| 25| 4t

« HEO|XQF XA glo| T3] A O|0|X| x2| EB EMZ EF 0@l Ye| EH O = HHL X} SHCFH
OiH A=H0|E AEei0] EXoE 0| 2lof| sHESH= SELEe| O] O] X 2t HA|SHA| & =& QU L|Ct.
IFEXHDiscriminator) Y&0M= U= Hot 0|0 X|0|H

S 222 Mo RED USLICH
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131 i : Image-to-Image Translation @ CycleGAN

AA =
« O|Z Sol| €2 0[0|X[2| content= HZE(preserve)otd Q1A ZtHASH ER-Z HiE o~ QS LT

« O|Z 2l 2742| #i=t7|(translator)E AFE2fL|CT.

D D
c G: XY ?X & '?Y
e F1Y > X I P
X Y
« Cycle-consistency lossE AFESfL|CT Y\F/

Input x Output G(x)  Reconstruction F(G(x))
am——
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0131 HjA: WGAN-GP

u

© WGANS &4} 1-Lipshichtz 21 RI551=2 5101 QFEEQl 8152 RETLICY
=

oL 7
- =2l WGAN =&F2 weight clippingS 0|85t X|f ZHS PHESHE S LT
o

L=_E [D@)]- E [D(@)+) ([[VeD(Z)[2 — 1)%]

iNPg .’ilNIPﬁ,
| ]
Original critic loss Gradient penalty

Method Score
ALI [8] (in [27]) 5.34 + .05

U <ed ) BEGAN [4] 5.62

nsupervised case ‘ DCGAN [22] (in [11]) 6.16 +.07

EGAN-Ent-VI [7] 7.07 + .10
DFM [27] 7.72 + .13
WGAN-GP ResNet (ours) 7.86 + .07
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StarGAN: C}= 0912 ¢|ot S5tLte| ==

- ottt 72 HESIZS 0|83l CtE 0| (multi domain) AtO[0f| 42| O|O|X| #i2t0| It &L|CY,

H
« 7|& image-to-image translation O}? |EIX £ JICHZ O|tCHH 2] JH| HIER 27 2L

Cross-domain models StarGAN
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StarGAN Overview

(a) Training the discriminator (b) Original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator
I Depth-wise concatenation l
_ _ . . Original .
|- J
0N 0 f | |

(1), 2) e e (1 | | ——

Domain Reconstructed Domain
- H H M . . -
Real / Fake classification [ RS Input image ] image Real / Fake classification

Depth-wise concatenation
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StarGAN Loss Function

 StarGAN: @ Adversarial loss + @ Domain classification loss + 3 Reconstruction loss

Adversarial £adv =K, [log DSTC(QJ)] I Ex,c[log (1 - DSTC(G(:I:a C)))]

Domain EClS o Ea”c[_ log DCZS(C‘G(:C? C))]

classification I =Ey [~ log Dus(c'|3)]

Reconstruction ﬁr,qec — Eaz,c,c’ [||£E — G(G(fﬁ', C)a C,)Hl]

ﬁD — _£adv + )\cls cls
i EG’ — Eadv =+ )\cls Ecls - )\rec Erec

——_—_—_——E-TEGEG-GTEGTEGTEGTEGEGEGTEGEGEGEGEGEGEGEGEGE G EGE G G G G E E E E E S
: , e : Lt
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Mask Vector

« Multiple datasetO| A2 et&52 2I6t0 Mask vector mE AL 4~ USLILCY.

C = [Cl, veey Cpy s m] - [-]: Concatenation

CelebA label RaFD label Mask vector

Black / Blond / Brown / Male / Young Angry / Fearful / Happy / Sad / Disgusted CelebA / RaFD
Input Angry Disgusted Fearful Happy Neutral Sad
StarGAN
SNG

oaenoEs]
51981 ZQ| O
=0 - 1 I L.
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StarGAN
(JNT)
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Training with Multiple Datasets

CelebA label RaFD label Mask vector

Black / Blond / Brown / Male / Young | Angry / Fearful / Happy / Sad / Disgusted

(a) Training the discriminator t (b) Original-to-target domain (¢) Target-to-original domain (d) Fooling the discriminator

Output image and original domain label l

7 , \
00101
00000 .
1 0

Real image Fake image

(1) (2)
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(1) when training with real images

(2) when training with fake images

: Input image and target domain label Reconstructed image
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