lan Goodfellow et al., “Generat

Training GANS: TWO-p|ayer game Adversarial Nets”, NIPS 2014

Generator network: try to fool the discriminator by generating real-looking images
Discriminator network: try to distinguish between real and fake images

Real or Fake

f

Discriminator Network
Fake Images - | Real Images
(from generator) | ﬂ' - - (from training set)

3
Generator Network

A After training, use generator network to
generate new images

Random noise yA
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Latent z € Z

v

Normalize

v

Fully-connected
|

PixelNorm
|

Conv 3x3

I
PixelNorm

l 4x4

Upsample
|

Conv 3x3

PixelNorm
|

Conv 3x3

I
PixelNorm

l 8x8

(a) Traditional

Latent z € 2

v

Normalize

network f

lMapping

FC
FC
FC
FC
FC
FC
FC
FC

Synthesis network g

Noise

Const 4x4x512

@<—B

style
—> AdaIN

Conv 3x3

@<—Bl«

style
—>»| AdaIN

.

|

4x4

Upsample
|

[ Conv 3x3

style G:_)(

v

—>{ AdaIN
|

Conv 3x3

styli (J:r}(

AdaIN

L

(b) Style-based generator

8x8

HEGNENSE RBEBMAEm ANlatent zB, B
SR ANRFE — PR EBEZEW, REES
MNEREBIE BiE N L FFRAE( AdalN iR £
B, SRERAEBRERZE, EH#HTIEL
M Z BRI, HF, A'RRIEIZAH
HE&He, B ¥EIFNNERERNAEFNATE
AN, Mapping network fFH8EZH A,

Synthesis network gEH18E 40, TP HER
(412~ 102472V B2/ . &lE—EGH W FER 2
FI1 x 15 EH# HRGB,

*Mapping network : %
latent code z 35 w
(F] w3k B stylefy {EFA)

*Synthesis network : Fi T4
B B &



Mapping network

IEFD AR B BRI A — 5

HTz2R BN mRES T THNETNEE

ELANAFE: SKRKEMB M, RZRFzN 0wk, BAXB MLz EHMS
FEXFEZRENEKR, KRG 7TIRNEFIMSFREERMN, EBHELIALBIRKI,
REFBT. KEBTETUFRENS 7M.
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. PR

B2 A E R K,

T=E Kflatent code zi# TR, A REFEWFMNEEREE RKUETHEARRBREFL.

Random vector
(Latent Code)

512X1

h

Synthesis
Network

axd

10241024

class G_mapping(nn.Module):
R
def __init_ (self):
super(}.__init_ ()
self.func = nn.Seguential(
nn.Linear{512,512,bias=True},
nn.LeakyRelU{512,True),

nn.Linear{312, 512, bias=True),
nn.LeakyRelU{512, Truel,

nn.Linear({512, 512, bias=True},
nn.LeakyRelU{512, True},

nn.Linear{512, 512, bias=True)},
nn.LeakyRelU{512, Truel,

nn.Linear{512, 512, bias=True},
nn.LeakyRelU{512, Truel},

nn.Linear{512, 512, bias=True)},
nn.LeakyRelU{512, Truel,

nn.Linear{312, 512, bias=True)},
nn.LeakyRelU{512, Truel},

nn.Linear{512, 512, bias=True)},
nn.LeakyRelU{512, True),

)

self.pixel_norm = PixelNorm()

for m in self.modules():
if isinstance(m, nn.Linear):
m.weight.data.normal_(@,1)

m.bias.data.zero_()

def forward(self, x):
¥ = self.pixel_norm{x)
out = self.func(x)

return out



Synth ESIS b | OCk up_sample->noise->adalN->conv->noise->adalN 4 — block

.const_input__

7~ ple)

AdaIN(z;,y) = o(y)

» .bias.view(

B8 + )

a(z;)
.addNoise_01(x .noise_inputs[0])
.adaIN_B01(x, dlatent][: 1)

. _ Noise

Synthesis network g i

Const 4x4x512 .conv_6(x)|
.addNoilse_02(x .nolse_inputs[1])

.adaIN_02(x dlatent|[: 1)
.up_1(x)

.addNoise_11(x .noise_inputs[2])
.adaIN_11(x, dlatent[: 1)

.conv_1(x)

.addNoise_12(x .noise_inputs([3])
.adaIN_12(x, dlatent[: 1)




@

.noise_inputs = []
.noise_inputs.append(torch.randn((1,1,4, noise (Y2 Z A AR B W IR (L I IR TR E 1T B 4
.noise_inputs.append(torch.randn((1,
.noise_inputs.append(torch.randn((1,
.noise_inputs.append(torch.randn((1,
.noise_inputs.append(torch.randn((1,

BPMMERIE EXRESFEETRTEIXE
ZEIN b3 N RT RN 4 E Rnoise

( channels):

Q). ()

.weight = nn.Parameter(torch.zeros(channels))

forward( X, noise):
noise

noise = torch.randn(x.size(0) x.s1ize(2), x.size(3) =x.device =x.dtype)

X + .weight.view(1, - ) * noise

2 2SR AEnoiseF1 0] I ST 2 [FHID_ XA

CSDN @iiiiiiimp
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AdaINBISE L B IX PWHY ST TR ER), A7 B lE X FH
EREZER T B OwWHHER L,

< self.style_mixing_prob:
andom.randint(
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IKiEIRfAs2  (blob-shaped artifacts)

BB R B BMIALE AAdaINRIE, IZRIED AN E MR NIEN T Z# 73—t
32, i) AR RN KNP ERNEEER . BIMRRRBWE L MER
WRBELOPA—REBESREGEEMNER. BEEE—IEAN. FHEAT.
EFHEITHIRE, A= UREEM T —HE R ENES. RRERTIUT
RUNFF SIENTBMNEMSRTEERE, KERIEZEHEK.
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.

Feature map 642 Feature map 1282 Feature map 2562 Feature map 5122 Generated image

Figure 15. Anexample of the importance of the droplet artifact in StyleGAN generator. We compare two generated images, one successful
and one severely corrupted. The corresponding feature maps were normalized to the viewable dynamic range using instance normalization.
For the top image, the droplet artifact starts forming in 64 resolution, is clearly visible in 1282, and increasingly dominates the feature
maps in higher resolutions. For the bottom image, 647 is qualitatively similar to the top row, but the droplet does not materialize in 128
Consequently, the facial features are stronger in the normalized feature map. This leads to an overshoot in 2562, followed by multiple
spurious droplets forming in subsequent resolutions. Based on our experience, it is rare that the droplet is missing from StyleGAN images.
and indeed the generator fully relies on its existence.




f1ﬁ
| Const 4x4x512 | 4 C

penl il “
LA AdaIN .
A | AdalN | W,
| Conv 3x3 | Wy %| Conv 3x3 | Mod
@ Norm std |Demod|—)-| Conv 3x3 |
: AdalN by > [B] b, & B
| Upsample | | Upsample | [ Upsample | Mod | [ Upsample |
2 1 I
[ Convixs | g ws—>»  conv3x3 | w;—>__ Conv3x3 | [Demod cConv3x3 |
& B >O—3]
: AdaIN & b, >()€ 5] b S B]
| Conv 33 § w, ﬁ‘i Conv 3x3 | Wy ﬁ-i Conv 3=3 |
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A L
88 = Norm mean/std b, > E b, A E
(a) StyleGAN (b) StyleGAN (detailed) (¢) Revised architecture (d) Weight demodulation

(a)¥14aStyleGAN, HAARITHWEI GRS~ ERZFMNBNEHN TR, BARE BRE. FERe B TR HA Y
(D) AEZEMATHNE—E. EXE, RIFTH TALINNERNIEL, REHTAY, BEBE  sEqE
MRS ENREE ERE, BANENZIZANE(w ). RE(D)MEEBWA(C)HITT kBT
o, HEHEZH T RETE, EEEIMTEE—IEAEAEN. AUARECERReLU)EEHE HBUYHYE
AMREESXRIN B Y& noisetEHr7E
()BT RERMIE T LA E), XENMAETERXHTESEN, BNAETERNER—ETRE spipstylelhF
1, KbFBRIAINZENE — PR RNRIIMNPESXE, 7B RFBES M HIENIREE.

(d MERERRMER A RIE RIEREXLFE—4, BRENBATEEIMEREREXNNE.



weight demodulation

AHIVRE (style mixing) 7, BZBEEMFLERARA—IMHERNES, MAEXER T Adain/z,
BEBRIEFX AN A (F AR T mean) , {Bstyle mixing X Zstyleganfi= &, 0{T8E
37 (R B style mixingFY[E) BY B 30 fRARFHE I K [ @e ? X {E2weight demodulationi® ITHY

L /
[(Motsia |
w,—>»  Conv3x3 |
Norm std
by ® B]
| Modstd |
| Upsample |
Wy —> Con\l' 33 |
Norm std
b, @ B
| Modstd |
Wy —)[ Conv 3x3 I
b, @ B

(c) Revised architecture
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[Demod>»{ Conv 33 |

b, ®
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|
[A}>{Mod | [Upsample ]
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[ Mod |

IDcmod}-){ Conv 3x3 |
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(d) Weight demodulation
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Conv2DMod(nn.Module):

in_chan, out_chan, Kernel, demods=
super(). ()

.filters = ouvt_chan

.demod = demod

.Kernel = Kernel

.5tride = stride

.dilation = dilation

.weight = nn.Parameter(torch.randn((out_chan
.BpS = eps
nn.init.kaiming_normal_( .weight, a= =
_get_same_padding( size, kernel, dilation

((size - 1) *= (stride - 1) + dilation *

i

forward( y):
= hape
wl = -I_-'[: ]
w2 = .weight[ S
welghts 2 % (wl +
.demod:
d = tor sqrt{(weights umi( =
jeights = welghts % d
= reshape(
_: —: *Ws = welghts.shape
eights = welghts.reshape( .filters, *ws)
padding = ._get_same_padding(h .kernel
= F.conv2d(x, weights =padding
= ape( .filters

stride= dilation= eps

rnel, kernel)))

stride):
{E“El = 3 B

ETRANER, BEHRIENEIR
NE MR NFIER N RE®RITIEE,
X o] UBISIFESRNENRE M
T ISR

B

i Wik
el aitation _stride) R ERBRN NN ERNLIEIH T

HE., BRNE—RE HENE
Kot th B R B BAFRAEZE




Synth ESIS b | OCk up_sample->noise->adalN->conv->noise->adalN 4 — block

.const_input__

7~ ple)

AdaIN(z;,y) = o(y)

» .bias.view(

B8 + )

a(z;)
.addNoise_01(x .noise_inputs[0])
.adaIN_B01(x, dlatent][: 1)

. _ Noise

Synthesis network g i

Const 4x4x512 .conv_6(x)|
.addNoilse_02(x .nolse_inputs[1])

.adaIN_02(x dlatent|[: 1)
.up_1(x)

.addNoise_11(x .noise_inputs[2])
.adaIN_11(x, dlatent[: 1)

.conv_1(x)

.addNoise_12(x .noise_inputs([3])
.adaIN_12(x, dlatent[: 1)




GeneratorBlock(nn.Module):
latent_dim, input_channels, filters, upsample = upsample_rgb =

[=}
[+t]
I

.

(f=]

== e P
superdg). L)

.upsample = nn.Upsample( = = = ) upsample

.to_stylel nn.Linear(latent_dim, input_channels)
.to_noisel nn.Linear( filters)
.convl = Conv2DMod(input_channels, filters )

.to_style2 nn.Linear(latent_dim, filters)
.to_noise2 nn.Linear( filters)
.conv2 = Conv2DMod(filters, filters )

.activation = leaky_relu()
.to_rgbh = RGBBlock(latent_dim, filters, upsample_rgb
forward( X, prev_rgb, istyle, inoise):
exists( .upsample):
.upsample(x)

inoise = inoise[:, :x.shape[2], :x.shape[3], :]
noisel = .to_noisel(inoise).permute(( )]
noise? = .to_noise2(inoise).permute(( )

stylel = .to_stylel(istyle)
¥ = .convl(x, stylel)
¥ = .activation(x + noisel)
style2 = .to_style2(istyle) .
X = .conv2(x, style2)
W= .activation(x + noise2)

(d) Weight demodulation

{1 ]
=
I

= .to_rgb(x, prev_rgb, istyle)




Path length regularization
THEAWEWR, EMTTHE g (w): W Y

‘ e \ BB E 248 E M R H JacobianfEfEIw =0
FEEHAROEN, RNFLEBEHARNEY. R duwsk acoblanzew =0g (w)
2

Hlatent codeBE S E| RAEIAIARE, Z#Elatent codeZ (LAY R 3T

BATEE, %778 ERBHA/NRIZNE T Bg EE— wmmeM)U|wyk‘*ﬂ )
PMEETINARRE. A 7LEXNBER, %17 Path

length regularization. Hry 2% =3 ERMNESD H R MBYLER,

. e ot e WET(z), RPBMEAN. , fmd
RNFLBEWPE— P EEANMIPBIBEGENE Lo o S
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NPT BEX SR ERERIANEAY ol SRR, TSR
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ERSH KT, RENHEESDEEESE GRS R £
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AR T B R WARREN, AEMEESERENTRLE, YR THFERR
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vV EER, HEZX (FUE) 2ERMESS T, w~1f(2) (w
Bz20EE) |, z EESDHN.

HTy=9g(w), MAy=0gw)/0w-Aw, BI: Ay =IwAwEH,
AFIWEIEA4EME, wTIw =E (E SEAEEFE) | EIitL:

WTAy=Aw, Sy ZBYELR AEKRE (HUE) 2ERMES
o« it sz /g st vk DR, wlBRMARMNES . i, wEENHN
1 et = training oo, random sl ££(oL mintbwtchy an, RIMWAERy WEUNEL, ZFENTURELER.

fake_images_out, fake dlatents_out = G.get_output_for(pl latents, pl_labels, is_training=True, return_d

I e . AETNGEHESE NIWERE w mEBL#IERR, WAL (4)
gt - 5 rattnt 5 educe. oot © pl_wis), (1 PREEm ke (HAZ2) 2&/0A), XEWELR w EEBRIRHUN
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B R
/BIX /N BX /Lo
rainable=False, initial value=8.8, dtype=tf.float32)

rean(el et plseanver) AT R LERENERITE, R{MFRESER:

JLy = Va(9(w) - y)
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