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Overview

e Latent Variable Models

e Variational Autoencoder (VAE)

* Generative Adversarial Network (GAN)



Latent Variable Models



Latent Variable Models

Assuming a data generation process:
world model,

* z - latent variables physics model
* X -observed variables renderer, ...
7 generator X
pose,
size,
color, images,
breed, videos,

audios, ...



Latent Variable Models

Assuming a data generation process:
* z -latent variables

distribution of x

?‘3;‘4'5
i

e X -observed variables

Z generator

sample from
prior distribution

z ~ p(z)

p(x]z)



Latent Variable Models

Assuming a data generation process:

A generator A

p(z) p(x)
p(x]z)

e 7 -|atent variables

e X -observed variables



Latent Variable Models

Represent a distribution by a_neural network

 O-learnable parameters

* represent a conditional: Pe(x]2)

A generator ”

p(z) Pe(X)
Pe(x]2z)



Measuring How Good A Distribution Is
loss: E( » : A )

/ \

p(z) Pe(X) PyatalX)
pe(X | 2)

0 --J

* A core topic in generative modeling: make it
differentiable, computable, and tractable



VAE

A pgen
. —> generator
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GAN

A generator
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VAE
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Variational Autoencoder
(VAE)



Variational Autoencoder: Overview

* Encoder: data to latent, parameterized by ¢
 Decoder: latent to data, parameterized by 0

A azl) AN ol “

Pyata(X) p(z) Pe(X)
N J

loss



Maximum Likelihood Estimation (MLE)

KL divergence?} likelihood2| 2t/
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Variational Autoencoder (VAE)

We want to maximize E,.,,.,. logps(x)

A

Pe(X)



Variational Autoencoder (VAE)

We want to maximize E,.,,.,. logps(x)
with pg(x) represented as:

po () = / po(2]2)p(2)dz

A generator

p(z)
pe(X|Z)

Pe(X)



 We need to optimize for 0

Variational Autoencoder (VAE)

We want to maximize Eg;~,,,.. log pg(:l:)(]d@ﬁ[/\wd)
with pg(x) represented as:

po () = / po(]2)p(2)d

A generator »
Two sets of unknowns: ~

p(2) Po(X)
e We can’t control “true” p(z) pe(x | z)
o~ We OW‘”ML, e 2.~ /%;[z]x) HRE o
Idea: introduce a “controllable” distribution qg4(z)
\,\S@,\m&/ﬂ,‘ vl — ot .




Evidence Lower Bound (ELBO) - Rewrite log-likelihood

using latent z

log pe ()



Evidence Lower Bound (ELBO) - Rewrite log-likelihood

using latent z
log pe ()

- / a(2) 1og pp(z)d2



Evidence Lower Bound (ELBO) - Rewrite log-likelihood

using latent z
log pe ()

- / 1(2) log po () d>
/ 2(2) log (pe(xIZ)pe(Z)) "

z pg(Z|ZI3)




Evidence Lower Bound (ELBO) - Rewrite log-likelihood

using latent z
log pe ()

_ / 1(2) log po (2)d-
/Z q(z) log (pe ;Z'iz)f;e)(z))dz

/ ¢(2) log (p o(@|2)po(2) q(z))dz

. po(zlz)  q(2)




Evidence Lower Bound (ELBO) - Rewrite log-likelihood

using latent z

log pe ()
= [ d@ogpo)i:
— /z q(z) log (pe(p$9|(2’z)|2;9)(2))dz
= [ atatog (I BE)

po(2) q(z)
/zq(z)(logpg(x|z)—|—log 1(2) + log p9(2|$))dz



Evidence Lower Bound (ELBO) - Rewrite log-likelihood
log pg(x) j 96=1 using latent z

= /q(Z)lggljef@dz
2 \J
B po(x|2)pe(2)
B /zq(z) log( po(z|x) )dz
B Nlow ((Po212)Po(z) a(2)) .
B /ZQ( 08 (0 |at2))
B Do (2) (2)
= /zq(Z)(logpe(x|Z)+log qe(z) +1ng9q(z|x))dz

= E.uq) [bgpe(w\z)} — Dk (Q(Z)Hpe(z)) + Dk (Q(Z)\|p9(z|$))



Evidence Lower Bound (ELBO) - Rewrite log-likelihood

using latent z

intractable |logpg(x)

= E.q) [bgpe(x\z)} — Dk (Q(Z)HPO(Z)) +|DkL (Q(Z)||p9(z|fﬂ))

intractable




Evidence Lower Bound (ELBO) =~/

Dk (Q(z)||Pe(z|x)) intractable )wjﬁ&@*;\f\fw; C—‘\\ro\;\gm%_
ol | C SN 1) \

= |Eeng(e)| logpo(zl2)| - D (a(2)lIpo(2)) $12 B b g

mfz PG

intractable |logpg(x) ‘—

2E 28 HEF8}0} 31 intractable, £ 20 HIISIHL} Chedt 2327|2| B 8FH tractableL|Ct.
g ghct 2EH2 07
log py() Intractable  py(z) = [ po(z | 2)p(2)dz. DRI DE 23 = 2efof &
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Evidence Lower Bound (ELBO)

— DxL (q(z)||p9(z|az)) intractable

intractable |[log pg (:13)‘

= | E,q(2) [10gp0(33\2)] — DxL (CI(Z)||P9(Z))

\ J

Y
ELBO

ELBO:
* It’s I\OWOf log pe(x)

* This formulation holds for any distribution q(z)



Evidence Lower Bound (ELBO)

NEIY (21X
E.mia | 10820(z]2) | |- Diw. (76l[po (2))

\ J

\4
ELBO

ELBO:
* It’s lower bound of log py(x)

* This formulation holds for any distribution g(z), so ...

 we can parameterize q(z) by qd,(zlx)/

l\/@(\COAW ( c{o\—%!?\—%‘ (W’C\?




Evidence Lower Bound (ELBO)

Wont ~ 5 %
a(z)x) Gofzlx)— P(2) “ Jf@m oo
E. i | o870 (212) ||~ i (w170 )
\ ) *Note: ELBO is not
Y specific to VAE.
ELBO \/IJ /
ELBO: " ”6&)4-2 -~

* It’s lower bound of logpy(x)

@ > 7422 oM ’Vm
* This formulation holds for any distribution g(z), so ...

* we can parameterize q(z) by q4(z]x)

* and let py(z) be a fixed, known prior p(z) (e.g., Gaussian)
N —m—— ~—~




Variational Autoencoder

Maximize ELBO = minimize:

£0,6(#) = ~Esrg (21s) | 10820 (12) | + Drr (44 (212) Ip(2))
(-EL9D)



Variational Autoencoder

Maximize ELBO = minimize:

£0,6(®) = ~Eang (21s) | 10820 (12) | + Drw (44 (212) Ip(2))

X encoder K\ Z decoder X’

q¢(z | x)
Pe(x|2)



Variational Autoencoder

Maximize ELBO = minimize:

£03¢(x) = T Lz~ge (2]2) W] + DkL (Q¢(z|x)||p(z))
Doncobr W20 27 \@ decodort 588 ) 32555 22

X encoder K\ Z decoder X’

q¢(2 | x)
Pe(x|2)



Variational Autoencoder
Maximize ELBO = minimize: < B3t 4

Lo,6(2) = —Ezrngy(2]2) [108 pe(wlZ)] + Dxe (%(ZIw) | Ip(Z))

K\\
X encoder Z decoder X'



Variational Autoencoder Y ‘e

Q¢(Z|$)
po(z|2)

_]Ezwq¢(z|ac) [ log pe ($|Z)]

Example: L2 loss
N ———

*p one-step Monte Carlo: z ~ gg(2|z) - oncodo F3V4 2%, ‘ompling
;) network estimates distribution’s
v5) map z by decoder net: [99(2) — ]

parameters (Gaussian’s mean)
@ model po(z|z) by Gaussian: ps(z|z) = N(z | 2, 02)

/]
\_/__/\/

. oy 1 , q _
*@) negative log likelihood: 5 lle —2'[° - const > Ay Sl W 2
0

A Pheia,

5 (ot \konc- 2)

* L2 loss = a Gaussian neighborhood around data point x

/
Wi



Variational Autoencoder A .

D (46(212)Ip(2) )

Example: Gaussian prior
‘Qlet p(x)=N(z]0,T) A3
C zlz oA (o
*Q model ¢4(z|z) by Gaussian: N(z] g, a)/ﬂ\&&@rt 2o efg Govsilon
[ d

. gain, network estimates
'@map X by encoder net: l fd’(x) — K0 distribution’s parameters

 compute loss analytically: DKL(N(Z | g, 0) || V(2| 0,1))
\3 -—L—B___. )/\:_ +G}L-—— ‘,oa(j_:n_——()

bR
« fixed covariance = L2 loss on K ||/A‘°H

T A




Variational Autoencoder

Maximize ELBO = minimize:

Lo¢(r) =—E,ng,(2]2) [10gp9($|z)] +|Dxke (Q¢(Z|$)||p(z))

X

encoder

Slp| coflion 4 S8kt
zw&(z-lvc’):/\/gm? grodiet - How

C laac%—‘)v\o f)

= K\ 7 decoder X'

qq,(z | x)
Pe(X]|2)



Variational Autoencoder

Maximize ELBO = minimize:

£0,6(%) = ~Eangy sl | 108 20(3]2)] +Drc (a6(212) Ip(2))
)@ﬂbéﬂ?/lé%%‘/ Tlon 9&%}/,

E~NQOL) 5o Aol -
L 2z poo\ A7 ¥,

X encoder > Z=U+ 0 *kE—> 7 decoder x’

O — q¢(Z | x)
Pe(X]|2)



Variational Autoencoder
... SO far, we have discussed an objective on one x:

£0,4(#)=|~Ezray o1 | 08 o(212) | + D (a6 (2]2) Ip(2))

Overall loss is expectation over data:

Loy = ~ Ervgy el | 1080 (212) | + D (a6(212) 1p(2)

g Ao AL —7 Wy,
The formulation of “x-conditional” then “marginalization” is a common strategy
e Diffusion, Flow Matching, ...




Variational Autoencoder

Inference (generation): A AS  encder X
* sample z from: N (0, 1)

* map z by decoder net: gq4(z)

~" e
p decoder

D U i g

/ﬂﬁor. oécooéﬂ‘f': ‘}%



Variational Autoencoder

Inference (generation):
e sample z from: N(0,1)

* map z by decoder net: gq4(z)

2 ~ N(0,T) C o
6) decoder ~_ =7




Variational Autoencoder

Inference (generation):
e sample z from: N(0,1)

* map z by decoder net: gq4(z)

z ~ N(0,I) /—\A

G) decoder




A view of “Autoencoding Distributions”

e Encoder: data to latent
e Decoder: latent to data

A ag(z] %) A “

Pyata(X) p(z) Pe(X)




A view of “Autoencoding Distributions”

* encoded latent distribution: g¢4(2) :/q¢(z|x)pdata(x)dw

T

2, 4%, oncedo ) 4l L Infocted 3.

A iz M bl »

Pyata(X) q¢(z) Pe(X)




A view of “Autoencoding Distributions”

* encoded latent distribution: g¢4(2) :/q¢(z|x)pdata(x)dw

T

A

p(2)
qolzl) | M | pelxl2) »

pdata(x) q¢(Z) pe(X)
Dk 1(g4(2)[|p(2))
" ——
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VAE: 2D latent space on MNIST
A 8 | ro|und 1:. train Iin Iatelnt space

0(2)

O 00 4O Ul b WNKH O
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2D latent space on MNIST

VAE
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VAE results on 784-d MINIST data
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VAE: 2D latent space on “Frey Face” dataset
SESSZiiiis
m”W1%4%77
GEERERRE
331.q;g.p
ﬁ%ﬁ? T T e e
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Issues of VAE

e Gaussian prior is too strict al\ assumption (A+m+ F1 /051, (z|¢) >f %bbg,t; 25
/)(%) —/\/(0, I> /1/[0/1);_ )
* Reconstruction loss assumes independence across output elements e o Troere
FPo (|2) =N (% C,0*T) = 2 e 2 2 17743 25 Y ( pirel ?%,,, %’HQ
e Difficult to model high-dimensional, complex distributions

Covegin [odert fotoy | MWM@ {(Mko\)é, voconstimtetion &> KL,

In practice - VAE is often used as a module (tokenizer), and the prior is learned by
other models (AR or Diffusion).

AR \(AE decde
W e g
(k NCdd > Z \/§ ,Z_ %

&



Generative Adversarial Network
(GAN)



[Recap]: Measuring How Good A Distribution Is
loss: E( » : A )

generator /“

p(z) Pe(X) PyatalX)
pe(X | 2)

0 --J

* A core topic in generative modeling: make it
differentiable, computable, and tractable



Generative Adversarial Networks

Estimating distribution difference by neural network X )‘H} MNZ2IG

A o »
\

p,(2) pg(x)

A

pdata(x)

T network — L(.M A )




Generative Adversarial Networks

Estimating distribution difference by neural network

p,(2)

A generator »
- ~ ~N

Py (X)

.S

pdata(x)

discriminator — A% ¢ .\ 7

A4




Generative Adversarial Networks

Estimating distribution difference by neural network

“fake” data

VA

r generator

p,(2) G Pg(x)

Zr~ @) — 7(_)@ b
=£T(%) %D&@ d:()

A€ discriminator — “fake”

D




Generative Adversarial Networks

Estimating distribution difference by neural network

Tt ~ R ()= D)

i discriminator — “real”
“ »”
real” data
| | O LT

pdata(x)



Adversarial Objective

@L(D7 G) — Ewdiata []‘Og D(x)] + Eszz

. rea o o
MIiN-MaXx Process w’\‘v‘;&
Dt Az 22t
G4 Az, ﬂ@%

-~ G

P

A
A

pdata

log(1 — D(G(2)))]

L N

e



Adversarial Objective: D-step

103 (D)G) = By 108 D(@)] + Euny. log(1 ~ D(G())

—
—

D-step: fix G, optimize D

A
'

pdata

A G

P




Adversarial Objective: D-step

D
pushtol

D-step: fix G, optimize D
* D:classify real or fake LN

* binary logistic regression (sigmoid + cross-entropy)

[op O

Gaiff»pg\
A

pdata

A
p, et

max £(D) = Eyp,. [logD(@))+ E,..,. [log(1 —@]

push to O

M or 47



Adversarial Objective: D-step

=>sample x from p,

mgXE(D) — ]Ew’\’pdata [10 D(x) +Ex~p lOg 1 _@

pushtol push to O

D-step: fix G, optimize D
P= TP, OP 1op Kby 4
* D :classify real or fake /

* binary logistic regression (sigmoid + cross-entropy)




Adversarial Objective: G-step

m&n max L(D,G) =Egyp,.llog D(z)] + E,up, [log(l — D(G(2)))]

G-step: fix D, optimize G

A
'

pdata

A s

P




Adversarial Objective: G-step

m(%n mgae—ﬁ(BfG) =B, og D¢

G-step: fix D, optimize G

A
'

pdata

A G

P

T+ Eznp, [log(l — D(G(2)))]

M or 47



Adversarial Objective: G-step

min £(G) = Eznp, [log(1 (D(G(2)))]

&/ pushto 1

* generate fake data such that D classifies it as “real” DCG’F@)};\ mee
* Gto “confuse” D D7¥ Lle® veald Zc\lzl-_s»_z\\‘

’ “pg . Cofse)
A . I

Pz 7@&&@.

G-step: fix D, optimize G

D M or 42



Adversarial Objective: G-step

Max

a “flip” trick: 1m0 £(G) = Exvy, log(3=(D(G(2)]
\_/\_/'\//
/ pushto 1
G-step: fix D, optimize G
* generate fake data such that D classifies it as “real”
* Gto “confuse” D
f y 2 1 .
A G D A or y'.S ?

P



Adversarial Objective: G-step

iy ! max
a“flip” trick: 0 L(G) = E.ny, [log(#=(D(G()))
T pushto 1

Early in training:
* Gispoor
D(G) is near O

ng gradient

— log(1-D(G(x)))

Craneroder 2] Ad2bt o 32 —— log(D(G(x)))
"\\7\ BN\ 50| S22 0.2 0.4 0.6 0.8 1.0
— @ \ a4 \ T \ D(G(x))



Algorithm 1 Minibatch stochastic eradi aining of generative adversarial nets. The number of

steps to apply to the discriminator, k, is a hyperpargmeter. We us 1, the least expensive option, in our
experiment. minibatch

for number of training iterations d
for k steps do
e Sample minibatch of m noise samples {z1), ..., 2("™)} from noise prior p,(2).
e Sample minibatch of m examples {x*),... (™)} from data generating distribution

Pdaa ().
e Update the discriminator by ascending its stochastic gradient:

90 3 [og (40 41 (1 D (e (=) D s‘([vefo

=

end for
e Sample minibatch of m noise samples {z(!), ..., 2("™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

ok s (10 (0 ())). Grs%@f‘
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

y

P

GAN algorithm annotated

pdata

?



Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of

[ ]
steps to apply to the discriminator, k, is a hyperparameter. We used £ = 1, the least expensive option, in our G A N a I go r I t h I I l a n n O t a te d

experiments.

for number of training iterations do
for k steps do

¢*Bample minibatch of m noise samples {z(!) ..., 2("™} from noise prior p,(z).
e Sample minibatch of m examples {x*),... (™)} from data generating distribution
Pdaa(T).

e Update the discriminator by ascending its stochastic gradient:

Vot Z log D () + 105 (1 D (6 (2)))] .

=

end for
e Sample minibatch of m noise samples {z(!), ..., 2("™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

Vo, 23 tog (1-0(6 (1))

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum in our experiments.
‘ l pu—

")

P

\

pdata



Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of

[ ]
steps to apply to the discriminator, k, is a hyperparameter. We used £ = 1, the least expensive option, in our G A N a I go r I t h I I l a n n O t a te d

experiments.

for number of training iterations do
for k steps do
e Sample minibatch of m noise samples {z1), ..., 2("™)} from noise prior p,(2).
#® Sample minibatch of m examples {z!), ..., (™} from data generating distribution

pdaﬁg %——w
e Update the discriminator by ascending its stochastic gradient:
1 m ) ]
Wy, — Z [logD @:) ) + log (1 -D (G (z(z))>)] ;
=
end for

e Sample minibatch of m noise samples {z(!), ..., 2("™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

Vo, 23 tog (1-0(6 (1))

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

y

P




Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used £ = 1, the least expensive option, in our
experiments.

for number of training iterations do

Yot £ steps do

e Sample minibatch of m noise samples {z1), ..., 2("™)} from noise prior p,(2).
e Sample minibatch of m examples {x*),... (™)} from data generating distribution

Pdata(T).
£ Update the discriminator by ascending its stochastic gradient:

D-step ooy 3 [re (=) +1os(1- (6 ()]

=

d for

e Update the generator by descending its stochastic gradient:

Vo, 3 tos (10 (6 (29))).

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

GAN algorithm annotated

gradient ascend

e Sample minibatch of m noise samples {z1), ..., 2("™)} from noise prior p,(z). ( maX| m IZE)

tum in our experiments. —

o

P




Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of

[ ]
steps to apply to the discriminator, k, is a hyperparameter. We used £ = 1, the least expensive option, in our G A N a I go r I t h I I l a n n O t a te d

experiments.

for number of training iterations do
for k steps do

e Sample minibatch of m noise samples {z1), ..., 2("™)} from noise prior p,(2).
e Sample minibatch of m examples {x*),... (™)} from data generating distribution
pdala(w)-

e Update the discriminator by ascending its stochastic gradient:

m

Vg(l% > [logD (w(i)> +log (1 -D (G (z(i))>)] .

=

end for
Sample minibatch of m noise samples {z1), ..., 2(™)} from noise prior p,(2).
e Update the generator by descending its stochastic gradient: ===

Vo, 3105 (1- D (G ().
i=1

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum in our experiments.
»\/
; 5 ————

pdata



Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperparameter. We used & = 1, the least expensive option, in our
experiments.
for number of training iterations do
for k steps do

e Sample minibatch of m noise samples {z1), ..., 2("™)} from noise prior p,(2).
e Sample minibatch of m examples {x*),... (™)} from data generating distribution
pdata(m)-

e Update the discriminator by ascending its stochastic gradient:

Vo2 3" [log D () + 105 (1 - D (6 (=9)))].

mple minibatch of m noise samples {z(1), ..., z(™)} from noise prior p (=
L®Update the generator by descending its stochastic gradient:

Gstep v, T3 ws(i-0(a (=)

end for

GAN algorithm annotated

gradient descend
(minimize)

a parameterized
loss function

The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments. //—\
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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of

[ ]
steps to apply to the discriminator, k, is a hyperparameter. We used £ = 1, the least expensive option, in our G A N a I go r I t h I I l a n n O t a te d

experiments.

for number of training iterations do
for k steps do

e Sample minibatch of m noise samples {z1), ..., 2("™)} from noise prior p,(2).
e Sample minibatch of m examples {x*),... (™)} from data generating distribution
pdala(w)-

e Update the discriminator by ascending its stochastic gradient:

m

wd% > [log D (=) +105 (1-D (¢ (=)))] - iterating

=

end for min_max

e Sample minibatch of m noise samples {z(!), ..., 2("™)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

Vo, 23 tog (1-0(6 (1))

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum in our experiments.
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Running example: MNIST

2.0

—log D(z) —log(1 — D(G(2))) * D loss

loss
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—log(1 — D(G(z * |0SSe,e
—logD(z) 0SS,y
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*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: MNIST

min w.r.t.
max w.r.t. G | G

2.0

in w.r.t.
—log D(z) — log(1 — D(G(z)) e

loss

—log D(G(2))

v
—log(1 — D(G(z * |0SSey,

—logD(z) * 0SS,y
min w.r.t. D

00 I 1 1 1 I 1
0 100 200 300 400 500
epochs

*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: MNIST
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[ —logD(z) —log(l —D(G(2))) D loss

loss

—log D(G(z)) * Gloss

—log(1 — D(G(z * |0SSe,e
N\ —logD(z) 0SS,y
~ 0.69 (log 2) ideally

00 1 1 1 1 I 1
0 100 200 300 400 500
epochs

*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: MNIST
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*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: GAN Lab
1‘=' DN

GAN Lab

MODEL OVERVIEW GRAPH '

Data Distribution

[ Use pre-trained model

Real

Fake

Samples

Gradients

Gradients

Discriminator

Real

Prediction of
Samples

Discriminator
loss

Generator
loss

Epoch

001,130

LAYERED DISTRIBUTIONS METRICS
... B Discriminator's Loss
B Generator's Loss
1.0
08 A A
06 /Y
0.4
0.2
0
0 1000 2000

I KL Divergence (by grid)
JS Divergence (by grid)

0 500 1000 1500

Each dot is a 2D data sample: real samples; fake samples.

Background colors of grid cells represent discriminator's classifications.
Samples in green regions are likely to be real; those in purple regions likely fake.

Opacity encodes density: darker purple means more samples in smaller area.

Pink lines from fake samples represent gradients for generator.
& This sample needs to move upper right to decrease generator's loss.
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Adver(s}ary as a Loss Function
p

* GAN essentially defines an adversarial loss function
Lok, = /- %D( CTC?"/?W))
* |nput to networks is not necessarily random/noise

@Ff(\N'-i>GTC2') , 2 L 2MgE ede, Zan ] woge 5
* Beyond L2/L1 adversarial loss encourages output to look “realistic”

S
e Combined with L2/L1: reconstruction loss largely stabilizes training

= L‘H’J L Yeconstuc A L@ivewa!,




. Rabk 2 Yhld, zjaten, Wk
Example: Super-Resolution GAN /1 Zfateinig

PAEL, o T ’ Adv loss: Igetter
* L2 loss: better PSNR visual quality
original bicubic (e gL SRResNet SRGAN

(21.59dB/0.6423) Uogg0,.  (23.44dB/0.7777)

Ledig, et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”, CVPR 2016



Example: Super-Resolution GAN

reconstruction | b fgol z\ pe
original | reconstruction + adversarial ) 3;\_\13 4 %%

Ledig, et al., “Photo-Realistic Single Image Super-Resolution Using a Generative Adversarial Network”, CVPR 2016



Example: VQ_VAE to VQ'GAN * Today’s most popular image

VQ-VAE (L2) VQ-GAN (L2 + adv)

DALL-E VAE (f8, 8192) VQGAN (f8, 8192) VQGAN (f16, 16384) VQGAN (f16, 1024)

tokenizer for Diffusion or AR

W f(?’f;’ffl -
N\
W . ,
3 == . ) I

7 s
W= = _ =
) ] - 5

Esser, et al., “Taming Transformers for High-Resolution Image Synthesis”, CVPR 2021



VAE * VAE and GAN: one-step generation
» Diffusion, AR: multi-step generation (next lecture)

A pgen
—_—> generator »7

P

GAN

A generator

P,

. e



This Lecture

e Latent Variable Models
e Variational Autoencoder (VAE)

* Generative Adversarial Network (GAN)



