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Figure 2: From left to right: bicubic interpolation, deep residual network optimized for MSE, deep residual generative
adversarial network optimized for a loss more sensitive to human perception, original HR image. Corresponding PSNR and
SSIM are shown in brackets. [4x upscaling]
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This flower has small, round violet
petals with a dark purple center
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This flower has small, round violet
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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, %, is a hyperparameter. We used k& = 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| {z(}), ... 2™} from noise prior py(z).
e Sample minibatch of m examples {z(!) ... (™} from data generating distribution
Pdata ().
e Update the discriminator by ascending its stochastic gradient:

Vo~ [0 (20 +10g (1= D (¢ ()]

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

m

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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V(D,G) = Eonpyora (@) 108D ()] + Esrop. () [log(1 — D(G(2))]

zrp. (2

[ paotal@)log(D(a))dz + [ pa(2)log(1 — D(G(=)d:

-

r=G(z)= = A (:] = dz = ( ;_1:]"(:1.‘.]{1’.:17
= pg(z) = p=(G7H(2))(GT) ()

= /E'Jda.m{ Nlog(D(x))dx + /pz(:G'_l(:z::):}lﬂg(:_l — D(x))( }'_1:)’*(:1::]::17:1:

xI

/Pn‘am( )log(D(x)) + pg(x)log(l — D(x))dx




D

max V (D, G) = max / Paata()l0g(D(x)) + py(a)log(1 — D())dz

55 @) (Pdata(x)log(D(x)) + pg(x)log(l — D(x))) =0

Pdata (:E ) - Pg ('1'- ] _ 0
D(x) 1 — D(x) )

= D(z) = &
| Pdata(T) + pg(g_-:_)




C(G) = max V(G, D)

= max / Pdata(x)l0g(D(x)) + pg(x)log(l — D(z))dx

/Pdata( r)log(Deg(2)) + pg()log(l — Dg(x))dx

xT

- / puata()log —L22 ) ) (a)log(—L2D g,

pdﬂfﬂ{ i} +F { ) Pdam( ) _|_1Ug( )

/}Jdﬂtﬂ{ )fr}q{"M) + pgl(2 )[nq[ﬁ)dl —log(4)

Pdata{l)‘l‘}?q(r] Pdam[?]—l-j?q{ ]
9 2

Hj]dﬂtﬂ( )—I_j] ]—l—le[p'g }Hj]dﬂi'ﬂ( )—I_JUQ(‘)

5 5 | —log(4)

= KL [pdatﬂ




C(G) =KL [Pda.m(:rmw] + IfL[pg(:r)Hw] — log(4)

>0 >0
mcivn C(G)=0+0—1log(4) = —log(4)

Pdata [ T } TP g [ r ]
| Rdatal®) T Py

KL[pgata(T) =0

Pdata(T) + Dg(T)
“)

when  pggta(z) =

= Pdata(T) = Pg(2)




V(DG

nax V(G,D)

Global Optimum

Current V (D, )




Global Optimum
Current V(D., G)

B ng nV(G,D)




o oo

9330) CIFAR=10 4 TFD ¢ MNIST (sools (sacgomme dw ;) oolawl b |, s lads il i
MQGA :

39 SHp b SosS sae G ol (6999 45 st 5L e &b b 4 sisu glils ceae sla
ox&.@|yu¢|¢3|5)aw‘+\ 9—\ L.’.9\9’ wddﬁ@u]@sysw‘o‘
DS oo b astie (g0l o

e boogd Jd ac oSl o o5 e SO LI AS



Lo ioles]

KV R Pl PRSI R Ve oW sl Sig daledy awac gaSil ST e 0l o5 oolaiuwl g i

;! Sigmoid

-




o oo

D cac 6a5i 5 cuwl 00,5 oolaiul sigmoid 5 oz 5l Jled £l g0 oS 551 G oae gaSilis ©
el 05,5 oslawl Maxout jLe Jled &6 5

A8 oo 00liin] G a4t Sl oY 5l g5 A gl dropout ;i ijeel
il o Bolas Bi> slies 4 Dropy

e 0ol (Bolal O jao 4y Ghjgel pl 5o (ley az g anll JSCOT ax 1) bayg g8 (B ¢

(b) After applying dropout.
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Training

Inference

Sampling No difficulties Requires Markov Requires Markov
chain chain

Evaluating p(z)

Model design

Deep directed
graphical models

Inference needed
during training.

eamed
approximate
inference

Intractable, may be
approximated with
AlS

Nearly all models
incur extreme
difficulty

Deep undirected
graphical models
Inference needec
during training.
MCMC needed to
approximate
partition function
gradient.

Variational
inference

Intractable, may be
approximated with
AlS

Careful design
needed to ensure
multiple properties

Generative
autoencoders

Enforced tradeoff
between mixing
and power of
reconstruction
generation

MCMC-based
inference

Not explicitly
represented, may be
approximated with
Parzen density
estimation

Any differentiable
function is
theoretically
permitted

Adversarial models

Synchronizing the
discriminator with
the generator.
Helvetica.

eamed
approximate
inference

No difficulties

Not explicitly
represented, may be
approximated with
Parzen density
estimation

Any differentiable
function is
theoretically
permitted
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this small bird has a pink this magnificent fellow is
breast and crown, and black almost all black with a red
primaries and secondaries. crest, and white cheek patch

the flower has petals that this white and yellow flowe
are bright pinkish purple have thin white petals and a

with white stigma round yellow stamen
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