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Figure 4. Facial attribute transfer results on the CelebA dataset. The first column shows the input image, next four columns show the single
attribute transfer results, and rightmost columns show the multi-attribute transfer results. H: Hair color, G: Gender, A: Aged.

[1] Choi Y, Choi M, Kim M, et al. StarGAN: Unified Generative Adversarial Networks for Multi-Domain Image-to-Image Translation[J]].
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Stargan

(a) Training the discriminator (b) Original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator
Depth-wise concatenation
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Figure 3. Overview of StarGAN, consisting of two modules, a discriminator D and a generator G. (a) D learns to distinguish between
real and fake images and classify the real images to its corresponding domain. (b) & takes in as input both the image and target domain
label and generates an fake image. The target domain label is spatially replicated and concatenated with the input image. (¢) G tries to
reconstruct the original image from the fake image given the original domain label. (d) (G tries to generate images indistinguishable from
real images and classifiable as target domain by D.
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s AN B iRl G — 1 EEG, EFIZ B Z BRI, A
. BHAVNEGEE NERE B iREiESe, G (x, c) —y,
52 & B 1Ry .

e PRk (Adversarial Loss)

Logw =E, [log Dgpe(z)] +
E;E,ﬂ [IUE‘; (1 _ DST‘C(G(I? [:))]:
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o ISk (Domain Classification Loss)
N = Ep o[—log Dys(c|x)]

cls

Z:f = EIL[— log DCES(C|G(I3 C))]

cls

o Bk (Reconstruction Loss)

»C?'ec — Eﬂ:ﬁn,c"[

xr — G(G(ﬁ, f:)} ﬂﬁ)”l]

- SEE B (Full Objective) TEATA KR, A1 HAAcls= 1F0Arec= 10
L:D — _ﬁa.dv + /\rjis -

cls?

E'G' — ﬁﬁ:dv + )\CES fr{h + )\?*ec ﬁrcc
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Stargan (Voice conversion)

« ITEEmelFBERE, %Gz E,

StarGAN
‘ as close as possible

audio of
speaker s

. !
M - ™ -gmuum -

I | scalar: belongs to
- input speaker or not

BT UG NIE BN E I FS
XEEHR Ay = G(, C)

« HpEd (Generator) @ FEFEIFA

B A BB 1IMEERQXN K/
E&, F{FEH2D CNNHiE

#5188 (Real/Fake Discriminator)
{5 A T#ECNNETTD, i?il\ﬂ%ﬁg%ﬁf%
?ﬂi)?ﬁ']y%ﬂﬁ’lﬁﬁfﬁd’ﬁ%iﬁ/\, Fr=
E—?\@H‘Eﬁ—?— X LEHER N Sy
MRER A B ELIES SR
?fﬁ%’lﬁo RAEHBED (y, ¢) HFFE
XEERER A RRA L ({FH8
PatchGANAJAE % )

o YU KEE (Domain Classifier) :

EAIZCNNAYIR DK ARC, 123K
K A LIPSy I £ B — R 5
KRNI, ZFIINETYyRED
FERBTREMcHTEM.

[2] Kameoka H, Kaneko T, Tanaka K, et al. StarGAN-VC: Non-parallel many-to-many voice conversion with star generative adversarial

networks[J]. IEEE, 2018.
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[3] Choi Y, Uh Y, Yoo], et al StarGAN v2: Diverse Image Synthesis for Multiple Domains[C]// 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). IEEE, 2020.
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Figure 2. Overview of StarGAN v2, consisting of four modules. (a) The generator translates an input image into an output image reflecting
the domain-specific style code. (b) The mapping network transforms a latent code into style codes for multiple domains, one of which is
randomly selected during training. (¢) The style encoder extracts the style code of an image, allowing the generator to perform reference-
guided image synthesis. (d) The discriminator distinguishes between real and fake images from multiple domains. Note that all modules
except the generator contain multiple output branches, one of which is selected when training the corresponding domain.
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BE—TEFRxc X ENREIE yc Y
* Adversarial objective
BENRBEFASE 2z € Z MBS Y € V|, 4 fMstylecode 5 = Fj(z)

£ad1: — Ex,y [lﬂg Dy(x)] +
IEj’x,@“,z [IDg (1 - D@‘(G(X.g)))],

* Style reconstruction

Esty — Ex.ﬁyiz Ulg_ E’E(G(X’g))“l} '

* Style diversification

Las = Ex gz .2 [[|G(X,51) = G(x,82) 4],
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* Preserving source characteristics

Leye = Ex y 3.z |||x — G(G(x,5),8)

NE

* Full objective

C}:_‘f]‘_"l;[']ﬁ II-II?,X E’E’Ld'l.’ —I_ )\qu ﬁﬂf‘y

- )\da ﬁda + /\cyc ﬁcyc:
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Jonathan Fly
The good news is StarGAN v2 code is out.

Jonathan Fly

Dogs seem to work better in human to animal translation. Maybe they
have a wider range of facial expressions? They certainly look more
comfortable wearing a suit.

F a
= 2

The better news is if you put a human into the animal model you do in fact
get out a feline version of the human, and it's even wearing a suit.
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