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l InsesE 2R
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VAE: J78 55 W i 0 55
R iz 284y (variational) HZwfid#s VAE
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e~ N(0,1) z=py+050€~N(uy, diag(a(g))

mu, logvar = encoder (x) #V}tﬁﬁ[ﬂ%ﬁ,ﬁ
std = exp(0.5 * logvar) 1 v/ =

. €
eps = standard_normal (shape=mu.shape) Z]—‘U\fi’f?lﬁ]/—f,

zZ = mu + std * eps 2. *%EEH? i@ﬁ%ﬁg

logits = decoder(z) aZj aZj
—_— = _ = ej

loss = vae_loss(logits, x, mu, logvar)
loss.backward() a/lj 80J
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GAN: Generative Adversarial Network %514
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K Goodfellow %, Generative Adversarial Nets
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)3 BAR K 3

Lp = —Ex log Dy(x) — E, log(1 — Dy(Gp(z)))

NN E L

Lg = E,p(z)log(1 — Dy(Gy(2))) = Lg = —E, log Dy(Gy(2))
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XF—AEMEEAS, iE D = Sigmoid(a), a JyH5I logit
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GAN A% di3

L A R B 1R

=

fake = G(z) # M

loss_D = BCE(D(real), ones) + BCE(D(fake.detach()), zeros) # detach

opt_D.zero_grad() #
loss_D.backward()
opt_D.step()

#k D B

freeze_parameters (D) # [EE
loss_G = BCE(D(G(new_z)), ones)
opt_G.zero_grad()
loss_G.backward()
opt_G.step()

unfreeze_parameters (D)
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FHHHE X0 ~ pdata xx=\1-fx 1+ \/ﬁteta & ~ N (0,1)

o fre(0,1) 25 t AHTMAI IS J5 2
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q(x; | x0) = N ({axg, (1 — a)I)
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o IR B t Hif 5% A

e(t) = [s1n(a)1t), cos(wqt), ..., sin(wp,t), cos(wmt)] ,H’ = H + Linear(e(t))
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2 2™ CNN [t U-Net

1x 1M
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64+ 32 =96

%ﬁ;ﬂ{ ! 24 EREET2
VA - r:‘ 64 x 14 x 14
> 64x7x7

o PREEGRIER, FRFWKE DR
o BEIERF[F] 7 HEAR A G R AL IS A SRR 3

7> ST TR B A M A i R 12 25/52



2 A RAE B

2 S|
ij%%)\ 3X3%$/\ H H/ 3><3i%$/\ ﬁ%ﬁ_ﬁﬂj
—>  GroupNorm —> = —>  GroupNorm —>
Cp xhxw Cxhxw Cxhxw Cxhxw
SiLU SiLU

; B3 | AR5 9T MLP ALY Linear KHoy B
e(t) € R* r(t) € R b(t) € R A IR A
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L(6;%¢,t,€) = %1 ”e - 69(\@&) + 41— &e, t)Hz

o ep(\axo + 1 — e t): FSM P LAty IR 7 i A KT 17 14 £ 48 7% TN

o MSE V¥ =5[a] &R K (d = 28 x 28 = 784) Al batch FEA%, [ [l fe i BB

2 PR M R
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https://arxiv.org/abs/2006.11239

2 PRI RIS

x0 = images * 2 - 1

t = torch.randint(1, T + 1, (B,), device=device)
eps = torch.randn_like(x0)

a = alpha_bar[t].view(B, 1, 1, 1)
xt = a.sqrt() * x0 + (1 - a).sqrt()
eps_hat = model(xt, t)

loss = F.mse_loss(eps_hat, eps)
optimizer.zero_grad()
loss.backward()

optimizer.step()
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2 DDPM: JBGALYE 5 & 20 A kPl 15

DDPM: Denoising Diffusion Probabilistic Models
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%=09 f=1-g=01 &=) a=036 & ;=04
s=1
YHDIRS: =07 TR =02 AP p=-05

2. WS b

0.7—1(0.1/0.8) x 0.2 ’
Hy = (G =~ 0.7115 oy = ,/0.1x U =~ 0.3062
0.9 0.64

3. HGEHEREPLURAE F—2
Z_1 = jij+ oy = 0.7115 + 0.3062 x (—0.5) = 0.5584
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2 NEEES UM E IR A

model.eval() # y
with torch.no_grad():
z = torch.randn(N, 1, 28, 28, device=device) # 7]7 =z T ~ N(0, I)
for step in range(T, 0, -1):
t = torch.full((N,), step, device=device, dtype=torch.long)
eps_hat = model(z, t) # [ |, A ZEEEaAL R =
mean = (z - betal[step] / (1 - alpha_bar[step]).sqrt()

* eps_hat) / alphalstep].sqrt()
if step > 1:
T KB eta ~ N(O, I)

z = mean + posterior_var[step].sqrt() * eta

eta = torch.randn_like(z) # 7.

Z = mean
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3 FID: fERPEfefiess il bb s widl Pl ik

Fréchet Inception Distance, 3 B 3E-524E iR B RS i

0@ ] o
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4
= Inception-v3
FID |
RAN 5K S HURAAILE
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3 FID 2 e O i 22 5

1/2 1/2
FID = |p — pgl} + Tr(2,+zg_2(z,/ Eng/ )1/2)

FRAE 025 5 FHEHZE R
o r/g M ESEIER, Tr AR A ITRZ
o WMl pr FERERIEHC BROi2E S0 SERARAIE BE 5 4R FE A
o PEPTLARAAE S BT A i T, THEPE B ) Wasserstein-2 FH 2]
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i Kynkididnniemi %5, 2019, Improved Precision and Recall Metric for Assessing Generative Models, [ 3
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Dt ( (gt diag(@® DA (O, 1) = 2 ¥ (1 + o — 1~ log o)
J

mu, logvar = encoder(x)

std = torch.exp(0.5 * logvar)

eps = torch.randn_like(std) # VAE /| Z & &)
Z = mu + std * eps

logits = decoder(z)
recon = F.binary_cross_entropy_with_logits(
logits, x.flatten(1l), reduction="none").sum(1)
kl = 0.5 * (mu.square() + logvar.exp() - 1 - logvar).sum(1)
loss = (recon + k1) .mean()
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eps_hat = model(z, t) # THIN"EE, T EH N EE

z0_hat = (z - (1 - alpha_bar[i]).sqrt() * eps_hat)
z0_hat = (zO_hat / alpha_bar[i].sqrt()).clamp(-1, 1)
cl = beta[i] * alpha_bar[i - 1].sqrt() / (1 - alpha_bar[i])
c2 = alphali].sqrt() * (1 - alpha_bar[i - 1]) / (1 - alpha_bar[il])
mean = cl * z0_hat + c2 * z
Zz = mean
if i > 1:
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z = mean + posterior_var[i].sqrt() * eta
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