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Modelos con adversario [GANs]
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Modelos con adversario

GANs
Generative Adversarial Networks

What are GANs?

First, an intui
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Goal: produce counterfeit money Goal: distinguish between real and
that is as similar as real money. i counterfeit money.

SlideShare, Thomas da Silva Paula, HP

Modelos con adversario

GANs
Generative Adversarial Networks

Combinacion de dos modelos:

= Modelo discriminativo (tradicional):
Probabilidad condicional, P(y|x)

= Modelo generativo:
Probabilidad conjunta, P(x,y)
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GANs
Generative Adversarial Networks

What are GANs?
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GANs
Generative Adversarial Networks

What are GANs?

SlideShare, Thomas da Silva Paula, HP
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GANs
Generative Adversarial Networks

Los dos modelos compiten entre si:

= El modelo generativo intenta construir instancias
que confundan al modelo discriminativo.

= El modelo discriminativo utiliza tanto el conjunto
de entrenamiento como las muestras sintetizadas por
modelo discriminativo para ser mas robusto.

Modelos con adversario

GANs
Generative Adversarial Networks

Mas formalmente:

Generator
Noise, z gummd Neural S Falztf Data
Network 1) Diseriminator Probability input is

Neural —* real:
Real Data Network D(x) or D(G(z))
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Modelos con adversario

GANs
Generative Adversarial Networks

Como problema de optimizacion:

min max V(D, G) = Egp,. (@108 D(®)] + Ecn, (5 log(1 - D(G(2)))).
real fake

SOLUCION

Algoritmo de aprendizaje basado
en el gradiente ascendente para el discriminador
y en el gradiente descendente para el generador
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GANs
Generative Adversarial Networks
Algoritmo original

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminater, 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
« Sample minibatch of m noise samples {21V, . .., z(m)} from noise prior py ().
« Sample minibatch of m examples {z{!),..., (™} from data generating distribution

PamalE).
« Update the discriminator by ascending its stochastic gradient:
VoL 3" [ogD (=) +10g (1- D (G ()]
im]
end for

» Sample minibatch of m noise samples {z(*), ..., z{™1} from noise prior p,(z).
» Update the generator by descending its stochastic gradient:

vsgggm (1-2(c(=))).

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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Modelo generativo
Probabilidad conjunta, P(x,y)

Modelo de la distribucion de probabilidad que da lugar a
los datos observados en el conjunto de entrenamiento.

Modelos con adversario

Modelo generativo
Ejemplos de muestras generadas

Yellow boxes are real data samples that are nearest matches to last column of fake
images. This shows the generator didn’t merely memorize training examples
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Modelo generativo
Ejemplos de muestras generadas

Dormitorios
https://arxiv.org/abs/1511.06434
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Modelo generativo
Ejemplos de muestras generadas
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Modelo generativo
Ejemplos de muestras generadas
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Aritmética de caras...

Modelos con adversario

Modelo generativo
Ejemplos de muestras generadas

Caras generadas (fila superior),

envejecidas (fila central)

y con una “‘sonrisa” (fila inferior)
http://www.foldl.me/2015/conditional-gans-face-generation/
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Sintesis de imagenes
https://thispersondoesnotexist.com/

Input Output

Deep Convolutional
Neural Network

»

> True

Picture of Money Whether or not the

} o picture contains money
Discriminador

Input Output

100 Reversed Deep

numbers

Convolutional
Neural Network

\ 4

A list of numbers

Generador




Modelos con adversario

Entrenamiento: Al principio...

Input Output
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Modelos con adversario

Entrenamiento: Con algo mas de practica...
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DCGAN
Deep Convolutional GAN

Recomendaciones arquitectonicas:

= Strided convolutions: Sustituir las capas de pooling por
convoluciones con paso >1.

= Sin capas completamente conectadas: La salida se
conecta directamente a las capas convolutivas.

= Entrenamiento usando normalizacién por lotes
(escala las entradas de cada capa,
de forma que tengan media 0 y varianza 1).

= Generador con unidades RelLU y discriminador con
unidades “leaky” ReLU (para imagenes en color).

Modelos con adversario

DCGAN
Deep Convolutional GAN
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Aplicaciones

Figure 6: Original (top) vs. enhanced (bottom) images for iPhone 6, HTC One M9 and Huawei P9 cameras.

WESPE: Weakly Supervised Photo Enhancer for Digital
Cameras. CVPR 2018. https://arxiv.org/abs/1709.01118

CycleGAN Unpaired Image-to-Image Translation usind .
Cycle-Consistent Adversarial Networks, ICCV'2017 *
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Aplicaciones

Zebras {_ Horses Summer Z_ Winter

horse —> zebra winter — summer

CycleGAN Unpaired Image-to-Image Translation using 3
Cycle-Consistent Adversarial Networks, ICCV'2017 :
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Aplicaciones

CycleGAN Unpaired Image-to-Image Translation usind .
Cycle-Consistent Adversarial Networks, ICCV'2017 *
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Unsupervised Image-to-Image Translation Networks,
NIPS2017

GauGAN, NVIDIA, CVPR2019
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Ejemplos diseiiados por un adversario
(o como enganar facilmente a una red neuronal)

Inception v3, trained on ImageNet

Enter 0. vadid imoge VEL or select an imoge from the Ar apdown

enter image url . Use GPU
http://i.imgur.com/il0yXAA.png| or select image ™ # Sshow computation flow

toaster m——
Crock Pot | 1%
Siamese cat @%
wallaby | 8%

carton 8%
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El proceso de entrenamiento habitual...

Training the Neural Network

Training

Photo Pulpit

Prediction
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Lo deseable...

Normal

Ovutput
Phota Prediction
How likely the image
is to be acceptable
Smudged Gt
Photo i
Prediction

How likely the image
is to be acceptable

®

Modelos con adversario

Lo que puede pasar...

Normal
Photo

Carefully Crafted
Photo

W

Ovutput
Prediction

How likely the image
is to be acceptable

Output

Prediction

How likely I[e image

is to be acceptable
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Ejemplos diseiiados por un adversario
(o como enganar facilmente a una red neuronal)

Si conocemos la red, podemos saber exactamente como
modificar minimamente la entrada para confundir a la

red neuronal... '
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Modelos con adversario

Ejemplos diseiiados por un adversario
(o como enganar facilmente a una red neuronal)

Generating a Hacked Picture

Photo

to Hack Output

Prediction

Deep Convolutional
Neural Network

\4

5%

How likely the image
is to be acceptable

\
\

Tweak the image pixels slightly v
to make prediction closer Basiosd

to desired answer
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100%
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Ejemplos disefiados por un adversario
(o como engainar facilmente a una red neuronal)

Original Image Hacked Image

https://transcranial.github.io/keras-ijs/#/inception-v3

Modelos con adversario

Implicaciones en seguridad
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