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13.1. Discrimination and Generation

 Supervised learning
 Training samples

D= {(z. )}, - Classification O play)

« Objective
f: X<xO0,—Y

i ) e Discriminator f(a:ﬂ'd) to perform p(’lﬂ:ﬂ)
« Unsupervised learning

 Training samples  Discriminant function (w/o p.d.f. information)
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« Machine learning : training from examples
« Generator : generation of samples from p(z.y) or p(x)

* Discriminator (supervised learning)
fiX<0~Y
_111i1_1,5,ﬂif_z(:a‘,»'-._:t,fr )_: 1_11ir1_9dL_(y-_ a (;p:Bd ))
« Generator (unsupervised learning)

FiX<O, X o
ming L{z. ') = miny L{z, f (x:6,))



13.2. GAN(Generative Adversarial Network)
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« Generator

« It aims to generate new data similar to the expected one. The Generator could be
asimilated to a human art forger, which creates fake works of art.

e Discriminator

« This model’'s goal is to recognize if an input data is 'rea/” — belongs to the original
dataset — or if it is 'fake” — generated by a forger. In this scenario, a Discriminator is
analogous to the police (or an art expert), which tries to detect artworks as truthful or
fraud.

« How do these models interact?

« It can be thought of the Generator as having an adversary, the Discriminator. The
Generator (forger) needs to learn how to create data in such a way that the Discriminator
isn't able to distinguish it as fake anymore. The competition between these two teams is
what improves their knowledge, until the Generator succeeds in creating realistic data.



13.3. Mathematical Modelling of GAN

« Feed-forward neural network: Universal approximator

e Discriminator

* It's weights are updated as to maximize the probability that any real data
input x is classified as belonging to the real dataset, while minimizing the
probability that any fake image is classified as belonging to the real dataset. In
more technical terms, the loss/error function used maximizes the function D(x),
and it also minimizes D(G(z)).

 Generator

« A neural network G(z, 6:)is used to model the Generator mentioned above. It's
role is mapping input noise variables z to the desired data space x (say images).
Conversely, a second neural network D 62) models the discriminator and
outputs the ﬁrobabilit that the data came from the real dataset, in the range
(0,1). In both cases, & represents the weights or parameters that define each
neural network.

* The Generator’s weight's are optimized to maximize the probability that any
fake image is classified as belonging to the real datase. Formally this means that
the loss/error function used for this network maximizes D(G(z)).



ming maxp E, D@+ E, ,[1-D(G(2)] = (13.3.1)

ming maxp VD, G)= E, (2 logD(@)]+ E, . [log1—=D(G(2))]  (13.3.2)
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Log Loss Visualization: Low probability values are highly penalized



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 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 p,(z).
e Sample minibatch of m examples {:1:(1), e (m)} from data generating distribution
pdam(m)-

e Update the discriminator by ascending its stochastic gradient:

m

vgl,; Y [k)gD ( (i >) +log (1 D (G (z(f))))] .

i=1

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

i

o3t (120 (6 (1)),

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum 1n our experiments.




o] 1

W) @F 39 ARG Bl
I N pdam.(m). . .
T D‘_?(m) " Dhate )+, (T) _(13_'3'_5) |
olc}.
'*@*é7l G7F T01 A WE7] D= 7R VD, G)
| V(D,G) = f Par (@og Dz d:r:+f DNog(1—-D(G(2)dz  (13.3.6) |
= f [pdm( )ng( )dm—i—pg( Jlog(l—D('))}dm'
=i el N P % Ur a.b= R*/10.0} 0l oot y—alogy+blog(l—y)+= |

53 _|DI

oA Hoigte btk meh, W7l b 2EEd |

ﬁ[o,_l] N
V(D.6)) Sk ;-:-:, 4 (13.3.5)7 ©eE




= maxp VI(D,G)

logDg(z)| +E, )l
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13.4. Coding a GAN
* Leaky RelU

1f T = 0 . gaa
_ S . 13.4.1
LmkaReLU(m) |r1egf1tue—%lope><$ otherwise ( )

» Training Dlscrlmlnator

o I\/Iax|m|Z|ng .1 E ][}gﬂ g )—l—l{]g(l_D(G(Em)})] _ _ . . (1342)

Eop=—ltlogy; +(1—t)log(1—y)]  (13.43)
e Training a Generator_ | | | .
« Minimizing E log(1— D mm (1344
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13.5. DCGAN
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13.6. BIGAN

features data

ming z maxp V(D.E,G) = E, (,llogD(a.B@)+E, . llog1— D(G(2).2))
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