“Para o prazer e para ser feliz, é que € preciso a gente saber tudo,

formar alma, na consciéncia; para penar, nao se carece.”

(Guimarées Rosa in Grande Sertdo: Veredas,1956)
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Introducao a Inteligencia Artificial

Roteiro da aula:
. |A Generativa

- Large Language Models (LLM)
- Aprendizagem nao supervisionada
- Modelagem Gerativa

« VAE (Variational Autoencorders)
+ GAN (Generative Adversarial Networks)

Com slides adaptados de A. Soleimany, L. Fei-Fel, R. Krishna, D. Xu, M. Lapata




What is Generative Al?

[Generative] create new content
(audio, code, images, text, video)
Artificial Intelligence automatically

using a computer program
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Ideia de IA generativa ja existia...

= Google Translate H m

YA Text M Images n Documents @ Websites
Greek - Detected English Spanish Frenct v - English Spanish Arabic v
H kataotpown mou €xel yivel oTn voTla x  The destruction that has occurred on the Y
mAeupd tng Ndapvneag eivat ToAL peydAn. | southern side of Parnitha is very great.
katastrofi pou échei ginei sti nétia plevra tis Parnithas einai poly megal
Look up details Look up details
< ) 0 & <

Set an alarm for
8am tomorrow
morning

Okay, your alarm
is set.

What are my
alarms?

You have an
alarm for 8am.
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O que mudou recentemente?

R: Escala. Detalhes e nuances da geracao sao imperceptiveis ao olhar comum.

| am writing an essay about the use of mobile phones during driving.
Can you give me three arguments in favor?

Act as a JavaScript Developer, Write a program that checks
the information on a form. Name and email are required,
but address and age are not.

Create an “About me” page for a website. | like rock climbing

and all outdoor sports and | like to program. | started my career as a Quality
engineer in the automotive industry but | was always curious about programming.
| started with automation and microcontroller programming. | moved to Poland

7 years ago. | started web development by myself 4 years ago with HTML and
JavaScript. | am working now as a Full Stack Developer.
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Which face is real?
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Time to Reach 100M Users

Months to get to 100 million global Monthly Active Users

55 @ r@j
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Google Translate Uber Telegram Spotify Pinterest Instagram TikTok ChatGPT

¥
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70

Source: UBS / Yahoo Finance YW @EconomyApp &b APP ECONOMY INSIGHTS




IA Generativa

A partir de modelagem de linguagem natural...

Language Modeling

[Shovel]—> SNOW
/ tennis
T
_— video
| want to . )
\ .
[ swim ]
lots
(e ) ——
fruit

Given sequence of words so far (context), predict what comes next.
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IA Generativa

A partir de modelagem de linguagem natural...

A language model assigns probabilities to sequences of words, w = (wq, Wa, ..., w)).

It is convenient to decompose this probability using the chain rule:

p(w) = p(wy) x p(wa|wy) x p(wa|wy, wo) x p(w)|wy, ..., W_1)
Wi

= ] p(welws, ..., w_s)
(1

This reduces the language modeling problem to modeling the probability of the next
word, given the history of preceding words.

Crédito imagem/slide: M. Lapata
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IA Generativa

A partir de modelagem de linguagem natural...

‘ The color of the sky is

blue ‘
| Y
91%
Language Model
O
o . O
:"::___ O—30 -
» (¥ "O ¢
5

Given sequence of words so far (context), predict what comes next.
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IA Generativa

Recipe for Creating your Own Language Model

Step 1: Collect a very large corpus:
B Wikipedia Books, StackOverflow
B Quora, Public Social media,
B Github, Reddit

Step 2: Ask LM to predict the next word in a sentence:
B randomly truncate parts of input sentence
B calculate probabilities of missing words

B adjust and feed back to the model to match the ground truth

Step 3: Repeat over the whole corpus.
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IA Generativa

Self-supervised Learning

—————h‘ The Trevi fountain is in the center of ???
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IA Generativa

Neural Network Language Models

- . s _'
b Ny A 5
W< A
-

2% ).

trainable parameters
5x8 + 8 + 8x4+4 + 4 x3+3 = 99

Crédito imagem/slide: M. Lapata




IA Generativa

Transformers: The King of Al Architectures

across the road <EOS>
Decoder-Only Architecture T T T T
/[ Decoder Block ]\
[ Decoder Block ]
[ Feed Forward Neural Network ]
K[ Masked Self-Attention ]/

A A A

[ Token and Positional Embedding ]

the chicken walked
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IA Generativa

Exploiting a Pre-trained Model: Fine-Tuning

Pre-trained Model Fine-Tuned Model

Transfer M T

5 ®
Hﬁl Learning P 35 J
g

3

Domain or task
specific data
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IA Generativa

Fine-Tuning Creates Specialized Models

Graffiti artist
Banksy is believed
to be behind [...]

Please summarize the following article:
The picture appeared on the wall of a
Poundland store on Whymark Avenue [...]

“How is air traffic controlled?” “How do
you become an air traffic controller?" Are
these questions asking the same thing?

The Panthers finished the regular season
with a record of 41-31-16 [...] What team

[ Arizona Cardinals ]
did the Panthers defeat?

I'm having my gluten-free dad and vegan
sister over for dinner. Can you suggest
an easy recipe?

Here's a recipe
for sweet potato
tacos: ...

GER ) G

Crédito imagem/slide: M. Lapata




IA Generativa

From Language Models to Large Language Models

How good can a language model become?

Crédito imagem/slide: M. Lapata
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IA Generativa

From Language Models to Large Language Models

How good can a language model become?

The bigger the better!
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IA Generativa

From Language Models to Large Language Models

Number of words processed by LLMs during their training

10133_ . ! I | 1]
| GPT-4
1012 ¢
wn
°
s
11 |
g 1011
GPT-1
1010 ¢ 5
10%_ t 1 ¢ ! t .
2018 2020 2022
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IA Generativa

From Language Models to Large Language Models

LLM training prices (at the time of their creation)

I I I |

108 ¢ GPT-4 .

107 & PaLM .

N . GPT-3
10°

-

10° ¢

Price, US$

GPT-2
104 BERT I

1000 GPT-1

‘]OO: I 1 1 1 1
2018 2020 2022
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IA Generativa
‘The Unexpected Effects of Scaling Up Language Models

The Unexpected Effects of Scaling Up Language Models

Crédito imagem/slide: M. Lapata




IA Generativa

Prompting and Instruction Tuning

Instruction finetuning

Please answer the following question.

What is the boiling point of Nitrogen?
.

Chain-of-thought finetuning

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have? Language

The cafeteria had 23 apples
originally. They used 20 to
make lunch. So they had 23 -
20 = 3. They bought 6 more
apples, so they have 3 + 6 = 9.

N

/ model
Multi-task instruction finetuning (1.8K tasks)
Inference: generalization to unseen tasks

S

Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

Q: Can Geoffrey Hinton have a
conversation with George Washington?

Give the rationale before answering.
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IA Generativa

Are Language Models Always Right or Fair?

M It is virtually impossible to regulate the content LLMs are exposed to during training.

M Because LLMs are trained on the web, they’ll always encode historical biases and
may reproduce harmful content.

B They generate hallucinations by fabricating nonexistent or false facts.

B LLMs may occasionally exhibit various types of undesirable behavior (we’ll see
examples).
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IA Generativa

Impact on the Enviroment

A ChatGPT query takes 100x more energy to execute
than a Google Search query

Llama 2 (a ChatGPT-like model from Meta) training
produced 539 metric tons of CO»

Larger models use more energy during their deployment!
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Impact on Society

IA Generativa
ImpactonSociety

A college kid’s fake, Al-generated blog fooled
tens of thousands. This is how he madeit.

“It was super easy actually,” he says, “which was the scary part.”

An Al that writes convincing proserisks
mass-producing fake news

Al-Generated Fake ‘Drake’/"Weeknd’
Collaboration, ‘Heart on My Sleeve, Delights Fans
and Sets Off Industry Alarm Bells
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IA Generativa

What is a bigger threat to mankind,
Al or climate change?

Who is in control of Al and who
benefits from it?

Does the benefit outweigh the risk?

All risky technology has historically
been strongly regulated.

Crédito imagem/slide: M. Lapata
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IA Generativa

Generative Al (Detlef Nauck, BT) - 3

Where it all comes from: GANs, LLMs & Diffusers

- -

& e This Person Does Not Exist
eal data
Generative Adversarial
Networks (2014) DisSCrmMIinator — Real/Fake
G(z)
The Generator crleates — a :
deep fakes to train the (z) =+ Generator 1 "
Discriminator. | I
t : -
e ; ]
L o e Lt e &
Diffusers (since 2020) - Example from DALLE2 (Open Al, 2022)
Large language models perf.orm Sequence_to_sequence "TEddy bears mix.‘fng Spark!'fng Chemflcafs as mad SCfentJ'IStS .“n a
prediction and generate the next word in a sentence. steampunk style® - create images from text and by de-noising.

(Transformer networks, since 2018)

1 2 3 4 5 6

Input Recite the first law of robotics

|| GPTs




Aprendizagem nao supervisionada

Supervised vs Unsupervised Learning

Unsupervised Learning

original data space

) PCA o compeonent space . -
Data: x o r & £ =S
B o s s
Just data, no labels! e R Ne=LE
. f;f) PC1
Goal: Learn some underlying Tl
hidden structure of the data 3.4 | 2
Examples: Clustering, | Principal Component Analysis
dimensionality reduction, density (Dimensionality reduction)
estimation, etc.

CCO public domain

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu

nteligencia




Aprendizagem nao supervisionada

Supervised vs Unsupervised Learning

Unsupervised Learning

Data: x
Just data, no labels!

Goal: Learn some underlying
hidden structure of the data

Examples: Clustering, e .
dimensionality reduction, density 2-d density estimation

estimation, etc. Modeling p(x)

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu
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Aprendizagem nao supervisionada

Supervised vs Unsupervised Learning

Supervised Learning Unsupervised Learning
Data: (x, y) Data: x
X is data, y is label Just data, no labels!

Goal: Learn a functionto map x ->y  Goal: Learn some underlying
hidden structure of the data
Examples: Classification,

regression, object detection, Examples: Clustering,
semantic segmentation, image dimensionality reduction, density
captioning, etc. estimation, etc.

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu
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Modelagem Generativa

Generative modeling

Goal: Take as input training samples from some distribution
and learn a model that represents that distribution

Density Estimation Sample Generation

samples % - Input samples Generated samples

Training data ~ Pygeq (%) Generated ~ Podet (%)

How can we learn P pg01(x) similar to Pggeq (X)?
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Modelagem Generativa

Generative Modeling

Given training data, generate new samples from same distribution

oG : (20 el

——

Training data ~ p _,.(x)

Formulate as density estimation problems:

- Explicit density estimation: explicitly define and solve forp_ . (x)

- Implicit density estimation: learn model that can sample from p__. (x) without
explicitly defining it.

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Modelagem Generativa (Por que?)

Why generative models? Debiasing

Capable of uncovering underlying features in a dataset

&
-
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% |
i
'l |
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G

. B _ ‘
e WY i vl
b - EEEY. S VS
] N o= - - | | AN | A\
Homogeneous skin color, pose Diverse skin color, pose, illumination

How can we use this information to create fair and representative datasets?

Crédito imagem/slide: A. Soleimany




Modelagem Generativa (Por que?)

Why generative models? Outlier detection

* Problem: How can we detect when 95% of Driving Data:
we encounter something new or rarel (1) sunny, (2) highway, (3) straight roa
 Strategy: | everage generative models, st o ~ A
detect outliers in the distribution
e Use outliers during training to
improve even more!

Edge Cases Harsh Weather Pedestrians

Crédito imagem/slide: A. Soleimany




Modelagem Generativa (metodos)

Taxonomy of Generative Models Direct
' GAN

Generative models

/\

Explicit density Implicit density
Tractable density Approximate density Markov Chain
Fully Visible Belief Nets ‘/ \ GSN
- NADE - _
- MADE Variational Markov Chain
-  PixelRNN/CNN L .
- NICE / RealNVP Variational Autoencoder Boltzmann Machine
- Glow

Fijfd Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.




Latent variable models

Autoencoders and Variational
Autoencoders (VAEs)

>

5

/

Generative Adversarial
Networks (GANs)




Variaveis latentes

What is a latent variable?

Can we learn the true explanatory factors, e.g. latent variables, from only observed data?

Crédito imagem/slide: A. Soleimany




Autocodificadores

Autoencoders: background

Unsupervised approach for learning a lower-dimensional feature
representation from unlabeled training data

Why do we care about a
low-dimensional z!  § &

—

“Encoder” learns mapping from the data, x, to a low-dimensional latent space, z

Crédito imagem/slide: A. Soleimany




Autocodificadores

Autoencoders: background

How can we learn this latent space?
Train the model to use these features to reconstruct the original data

3' X Z X "
.

“Decoder” learns mapping back from latent space, z,
to a reconstructed observation, X

Crédito imagem/slide: A. Soleimany




Autocodificadores

Autoencoders: background

How can we learn this latent space?
Train the model to use these features to reconstruct the original data

L(I,f) = ||x = fllz Loss function doesn't
use any labels!!

Crédito imagem/slide: A. Soleimany
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Dimensionality of latent space = reconstruction quality

Autoenceding is a form of compression!
Smaller latent space will force a larger training bottleneck

5D latent space Ground Truth

2D latent space
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Autocodificadores

Autoencoders for representation learning

Bottleneck hidden layer forces network to learn a compressed
latent representation

Reconstruction loss forces the latent representation to capture
(or encode) as much “information” about the data as possible

Autoencoding = Automatically encoding data

Crédito imagem/slide: A. Soleimany




Autocodificadores

Traditional autoencoders
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Autocodificadores Variacionais

VAEs: key difference with traditional autoencoder

mean
vector

; U s po
_ X Z ‘
- .

g

standard deviation
vector

=

Variational autoencoders are a probabilistic twist on autoencoders!
Sample from the mean and standard deviation to compute latent sample

Crédito imagem/slide: A. Soleimany
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Autocodificadores Variacionais

VAE optimization

Encoder computes: gg (z|x) Decoder computes: pg (x|2)

L(®, 8, x) = (reconstruction loss) + (regularization term)

Crédito imagem/slide: A. Soleimany
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Autocodificadores Variacionais

VAE optimization

e.g. log-likelihood, ||x — £||? l
U e
. Z X -
»
o
|\ J\ J
Encoder computes: gg(z|x) Decoder computes: pg (x|2)

L($,8, x) =|(reconstruction loss)|+ (regularization term)

Crédito imagem/slide: A. Soleimany




Autocodificadores Variacionais

VAE optimization

Inferred latent Fixed prior on
distribution latent distribution

D (Qq:.(le) [ p(z))

- -
3 X z X .
-
o

Encoder computes: g (z|x) Decoder computes: pg (x|2)

L($,8, x) = (reconstruction loss) +|(regularization term)

Crédito imagem/slide: A. Soleimany




Autocodificadores Variacionais

VAEs: Latent perturbation

Slowly increase or decrease a single latent variable

A DU T LT TS N BT BN zh

S99

Head pose

Different dimensions of z encodes different interpretable latent features

Crédito imagem/slide: A. Soleimany




Autocodificadores Variacionais

VAEs: Latent perturbation

q . Ideally, we want latent variables that
- are uncorrelated with each other

Enforce diagonal prior on the latent
variables to encourage
iIndependence

Smile

Disentanglement

Crédito imagem/slide: A. Soleimany




Autocodificadores Variacionais

Why latent variable models? Debiasing

Capable of uncovering underlying latent variables in a dataset

=9
'.q-."il' \

—

<
¥y

Homogeneous skin color, pose Diverse skin color, pose, illumination

How can we use latent distributions to create fair and representative datasets?

Crédito imagem/slide: A. Soleimany
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Autocodificadores Variacionais

Variational Autoencoders: Generating Data!

Diagonal prior on z

=> independent Degree of smile

latent variables g
Different \
dimensions of z Vary z,
encode

interpretable factors

of variation v

\

Also good feature representation that
can be computed using q¢(z|x)l

- - Head pose
Kingma and Welling, “Auto-Encoding Variational Bayes”, ICLR 2014 Vary Zz "

Crédito imagem/slide: A. Soleimany
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Autocodificadores Variacionais

VAE summary

Compress representation of world to something we can use to learn
Reconstruction allows for unsupervised learning (no labels!)
Reparameterization trick to train end-to-end

Interpret hidden latent variables using perturbation

Generating new examples

3 X Z f -

Crédito imagem/slide: A. Soleimany




Autocodificadores Variacionais

Variational Autoencoders

Probabilistic spin to traditional autoencoders => allows generating data
Defines an intractable density => derive and optimize a (variational) lower bound

Pros:
- Principled approach to generative models
- Interpretable latent space.
- Allows inference of q(z|x), can be useful feature representation for other tasks

Cons:
- Maximizes lower bound of likelihood: okay, but not as good evaluation as
PixelRNN/PixelCNN
- Samples blurrier and lower quality compared to state-of-the-art (GANSs)

Active areas of research:
- More flexible approximations, e.g. richer approximate posterior instead of diagonal
Gaussian, e.g., Gaussian Mixture Models (GMMs), Categorical Distributions.
- Learning disentangled representations.

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Redes Adversarias Generativas

lan Goodfellow et al., “Generative

Generative Adversarial Networks Adversarial Nets", NIPS 2014

Problem: Want to sample from complex, high-dimensional training distribution. No direct
way to do this!

Solution: Sample from a simple distribution we can easily sample from, e.g. random noise.
Learn transformation to training distribution.

UL WO KON & BN WINH Output: Sample from Discriminator Real?
SHTENCZETHARS Ko Waen training distribution Network | Fake?
training image -> can't

learn by reconstructing .

training images Generator gradient

Solution: Use a discriminator Network

network to tell whether the )

generate image is within data  Input: Random noise Z

distribution (“real”) or not

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Redes Adversarias Generativas

What if we just want to sample!?

Idea: don't explicitly model density, and instead just sample to generate new instances.
Problem: want to sample from complex distribution — can't do this directly!

Solution: sample from something simple (e.g., noise), learn a
transformation to the data distribution.

noise = 7 | G

Xfake

“fake” sample from
learned representation of
data distribution

Generator Network G

Crédito imagem/slide: A. Soleimany




Redes Adversarias Generativas

Generative Adversarial Networks (GANSs)

Generative Adversarial Networks (GANSs) are a way to make a generative
model by having two neural networks compete with each other.

The discriminator tries to identify real
data from fakes created by the generator.

Xreal

of the data to try to trick the discriminator:

The generator turns noise into an imitation D y

©
e
noise = Z G >§_‘

Crédito imagem/slide: A. Soleimany




Redes Adversarias Generativas

Intuition behind GANSs

Generator starts from noise to try to create an imitation of the data.

Generator

Fake data

Crédito imagem/slide: A. Soleimany




Redes Adversarias Generativas

Intuition behind GANSs

Discriminator |looks at both real data and fake data created by the generator.

Discriminator Generator

— - —— = - f— -

Real data Fake data

Crédito imagem/slide: A. Soleimany
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Redes Adversarias Generativas

Intuition behind GANSs

Discriminator tries to predict what's real and what's fake.

- "
Discriminator Generator
P(real) =1
% 7
Real data Fake data

Crédito imagem/slide: A. Soleimany
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Redes Adversarias Generativas

Intuition behind GANIs

Generator tries to improve its imitation of the data.

Discriminator

P(real) =1

nteligéncia A

Real data

Py

Generator

Fake data

Crédito imagem/slide: A. Soleimany




Redes Adversarias Generativas

Training GANs

D tries to identify the
synthesized instances

X'r'ea.'.

G tries to synthesize fake \ D

Instances that fool D /

noise  Z G

Xfake

Training: adversanial objectives for D and G
Global optimum: G reproduces the true data distribution

Crédito imagem/slide: A. Soleimany




Redes Adversarias Generativas

Training GANs: loss function

D tries to identify the
synthesized images

\ D
Ve

AGwal

D

X

=
>

arginax {Zz,x[ log D(G(z))+ log (1 _ D(X)) ]

Fake Real

Crédito imagem/slide: A. Soleimany




Redes Adversarias Generativas

Generating new data with GANs

§
noise Z I, G *\

After training, use generator network to create new data that's never been seen before.

Crédito imagem/slide: A. Soleimany




Redes Adversarias Generativas

Progressive growing of GANs

v
[ 8@ ] L 3
| ]
H L ]
H : | ]
e | r ]
' ' L ]
; | 1024x1024 |
. BR. - B8
I Reals . :Reals ¢ : Reals
i | Lty vy v
D | 1024x1024 ]
: - l[ I1
' : [ ]
‘; ; [ ]
v v L J
[ 88 | = =
Training progresses >
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Redes Adversarias Generativas

lan Goodfellow et al., “Generative

Training GANSs: TWO-player game Adversarial Nets”, NIPS 2014
Putting it together: GAN training algorithm

for number of training iterations do
for k steps do

o Sample minibatch of m noise samples {z(1), ..., 2(™)} from noise prior p, (=).
e Sample minibatch of m examples {z(),..., (™} from data generating distribution
Pdata(m)-

e Update the discriminator by ascending its stochastic gradient:

1T

1 . :
Vou— > | log Do, (x?) +log(1 — Dy, (Ca, ()))
¥ o= '
end for
e Sample minibatch of m noise samples {z(%), ..., z("™)} from noise prior p, ().
e Update the generator by ascending its stochastic gradient (improved objective):
1 Tri .
Vo, log(De,(Go, (7))
i=1
end for

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Redes Adversarias Generativas

. I See also: https://github.com/soumith/ganhacks for tips
201 7 EXPIOSIon Of GANS and tricks for trainings GANs
“The GAN Zoo”

. ; . * Context-RMN-GAN - Contextual RMN-GAMSs for Abstract Reasoning Diagram Generation
* GAN - Generative Adversarial Networks i

; et ; ° : E » C-RNN-GAN - C-RNN-GAN: Continuous recurrent neural networks with adversarial training
« 3D-GAN - Learning a Probabilistic Latent Space of Object Shapes via 3D Generative- Adversarial Modeling

CS-GAM - Improving Neural Machine Translation with Conditional Seguence Generative Adversarial Nets
» acGAN - Face Aging With Conditional Generative Adversarial Netwarks

» AC-GAN - Conditional Image Synthesis With Auxiliary Classifier GANs CycleGAN - Unpairad Image-to-Image Translation using Cyele-Cansistent Adversarial Networks

» AdaGAN - AdaGAMN: Boosting Generative Models = DTN - Unsupervisad Cross-Domain Image Ganaration
DCGAN - Unsupervised Representation Learning with Deep Convelutional Generative Adversarial Metworks

CVAE-GAN - CVRAE-GAM: Fine-Grained Image Generation through Asymmetric Training

« AEGAN - Learning Inverse Mapping by Autoencoder based Generative Adversarial Nets

o : = 4 DiscoGAN - Learning to Discover Cross-Domain Relations with Generative Adversarial Metworks
« AFGAN - Amortised MAP Inference for Image Super-resolution ! e ; ' :

DR-GAN - Disentangled Representation Learning GAN for Pase-Invariant Face Recognition

- - Learni Generate Images ) r Scenes fn tri :¥: 1anti joLits
+ AlL-CGAMN - Learning to Generate Images of Outdoor Scenes from Attributes and Semantic Layout o DisiCA DisICAN: D sinet

sed Dual Learning for Image-to-lmage Translation
* ALl - Adversarially Learned Inference = EBGAN - Energy-based Generative Adversarial Network
« AM-GAN - Generative Adversarial Nets with Labeled Data by Activation Maximization

= AnoGAN - Unsupervised Anomaly Detection with Generative Adversarial Netweorks to Guide Marker Discovery
« ArtGAN - ArtGAN: Artwork Synthesis with Conditional Categorial GANs

* b-GAN - b-GAN: Unified Framework of Generative Adversarial Networks

+ Bavesian GAN - Deep and Hierarchical Implicit Models

f-GAN - f-GAN: Training Generative Neural Samplers using Variaticnal Divergence Minimization

FF-GAN - Towards Large-Pose Face Frontalization in the Wild

GAWWN - Learning What and Where to Draw

w

GanaGAN - GeneGAN: Learning Object Transfiguration and Attribute Subspace fram Unpaired Data
Geometric GAN - Geometric GAN

GoGAN - Gang of GANs: Generative Adversarial Networks with Maximum Margin Ranking

» BEGAN - BEGAN: Boundary Equilibrium Generative Adversarial Networks

GP-GAN - GP-GAM: Towards Realistic High-Resolution Image Blending

« BiGAN - Adversarial Feature Learming + AN - Meural Phote Editing with Introspactive Adversarial Netwarks
« BS-GAN - Boundary-Seeking Generative Adversarial Metworks = IGAN - Generativa Visual Manipulation on the MNatural Image Manifold
« CCAN - Conditional Cenerative Adversarial Nets » lcGAN - Invertible Conditional GAMNs for image editing

" % ! " . . . R R + ID-CGAN - Image De-raining Using a Conditional Generative Adversarial Network
» CaloGAN - CaloGAN: Simulating 3D High Energy Farticle Showers in Multi-Layer Electromagnetic Calorimeters

# 2 = « Improved GAN - Improved Technigues far Training GAMS
with Generative Adversarial Networks

+ InfoGAN - InfoGAN: Interpratable Representation Laarning by Information Maximizing Generative Adversarial Nets
- AN = Semi-Supervised Learning with Context-Conditional Generative Adversarial Networks f ’ : ; i ; !
CCa ! P 4 B ’ . = LAGAN - Learning Particle Physics by Example: Location-Aware Genarative Adversarial Metweorks for Physics

« CatGAN - Unsupervised and Semi-supervised Learning with Categorical Generative Adversarial Networks Synthesis

» CoGAN - Coupled Generative Adversarial Networks = LAPGAN - Deep Generative Image Models using a Laplacian Pyramid of Adversarial Networks

https://github.com/hindupuravinash/the-gan-zoo

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Redes Adversarias Generativas

2017: Explosion of GANs

Better training and generation

B

LSGAN, Zhu 2017. Wasserstein GAN,
Arjovsky 2017.
Improved Wasserstein
GAN, Gulrajani 2017.

Progressive GAN, Karras 2018.

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Redes Adversarias Generativas

2017: Explosion of GANs Text -> Image Synthesis

this small bird has a pink this magnificent fellow is
H breast and crown, and black almost all black with a red
S ou rce_:,Ta rg et d omain tra n Sfe r primaries and secondaries. crest, and white cheek patch.

Clutput

Input Ourput . Input

Reed et al. 2017.
Many GAN applications

Pix2pix. Isola 201xample5 at
https://phillipi.github.io/pix2pix/

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Redes Adversarias Generativas

Summary: GANs

Don’t work with an explicit density function
Take game-theoretic approach: learn to generate from training distribution through 2-player

game

Pros:
- Beautiful, state-of-the-art samples!

Cons:
- Trickier / more unstable to train
- Can't solve inference queries such as p(x), p(z|x)

Active areas of research:
- Better loss functions, more stable training (Wasserstein GAN, LSGAN, many others)
- Conditional GANs, GANs for all kinds of applications

Crédito imagem/slide: L. Fei-Fei, R. Krishna, D. Xu




Referéncias Bibliograficas

www.deeplearningbook.org (Capitulo 20)
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