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Training data Sampling
(e.g. 64x64x3=12K dims)
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» T4 EYRAESE (variational autoencoder)

= EITHNEE (generative adversarial
network)

= FEEY (normalizing flow)
o JEUERY (diffusion model)
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= Variational autoencoders, VAE

ICLR 2024 Test of Time Award

YIZHOU SUN ICLR 2024

ICLR is in its 12th year! For the inaugural ICLR Test of Time award, the Program Chairs examined
papers from ICLR 2013 & 2014, and looked for ones with long-lasting impact.

Congratulations to the authors of the Test of Time winner and runner up!

Test of Time

Auto-Encoding Variational Bayes
Diederik Kingma, Max Welling
https://arxiv.org/abs/1312.6114

Probabilistic modeling is one of the most fundamental ways in which we reason about the world.
This paper spearheaded the integration of deep learning with scalable probabilistic inference
(amortized mean-field variational inference via a so-called reparameterization trick), giving rise to the
Variational Autoencoder (VAE). The lasting value of this work is rooted in its elegance. The principles
used to develop VAEs deepened our understanding of the interplay between deep learning and
probabilistic modeling, and sparked the development of many subsequent interesting probabilistic
models and encoding approaches. A concurrent work by Rezende et al. also proposed a similar idea
in the paper titled “Stochastic Backpropagation and Approximate Inference in Deep Generative
Models” published at ICML 2014.
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=7 ~N(0,1)
" X|{Z = z} ~ N(sin(z), 0.01)
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" pg(x) = | m(2)py(x|2)dz

« 7E VAE F, 7(2) EERAREERS N0, 1)

" po(x|z) F R MBS LI
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= 0-180:

pe(x|z)

= Bernoulli(o(gg(2))) .

Jo(2) NFREMZE, o /9 Sigmoid EREY
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" logp(x) — KL(q(z|x)|lp(z|x)) =
E,-qzillogp(x|z)] — KL(q(z|x)||7(2))
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* KL(qllp) = J q(2)log L2 dz

JLAGE

= KL divergence 3Efa, KL(qllp) =0

= = gq=phJ, KL(qllp) =0
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= logp(x) = E;q(zix)[logp(x]2)] —
KL(q(z|x)||m(z))

s REEA/MFRS evidence lower bound
(ELBO)




= AN q(z|x) EEED, HLATESE) ELBO

ELBO BTG RiGTT

o YH{PITRRETELAAUET, BGHASARRERY
— TR




. "BML G5

s £ VAE 1, q(z|x) #HFR%RAEEE (encoder)
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s https://www.siarez.com/projects/variati
onal-autoencoder

s https://spinthil.github.io/towards-an-
Interpretable-latent-space



https://www.siarez.com/projects/variational-autoencoder
https://spinthil.github.io/towards-an-interpretable-latent-space

= Doersch, C. (2016). Tutorial on

;Eﬁl‘ﬁ]i* variational autoencoders.
= https://arxiv.org/pdf/1606.05908.pdf
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[oljii: RESERKIRE



= IGEERAEEE, SR "ERkER" |, BLA
ERKE TR

Training data Sampling
(e.g. 64x64x3=12K dims)
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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 . .
NICE / RealNVP Variational Autoencoder Boltzmann Machine
Glow _ _ _ . .
FijI’d Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017.

Fei-Fei Li, Ranjay Krishna, Danfei Xu Lecture 11 - 16 May 14, 2020
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= Generative adversarial network, GAN

Announcing the NeurlPS 2024 Test of Time
Paper Awards

COMMUNICATIONS CHAIRS 2024 2021 Conference

By Danielle Belgrave, Angela Fan, Ulrich Paquet, Jakub Tomczak, Cheng Zhang

We are honored to announce the Test of Time Paper Awards for NeurlPS 2024. This award is intended
to recognize papers published 10 years ago at NeurlPS 2014 that have significantly shaped the

research field since then, standing the test of time.

This year, we are making an exception to award two Test of Time papers given the undeniable

influence of these two papers on the entire field. The awarded papers are:

¢ Generative Adversarial Nets
lan Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,

Aaron Courville, Yoshua Bengio

* Sequence to Sequence Learning with Neural Networks
llya Sutskever, Oriol Vinyals, Quoc V. Le
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" min KL(p*|lpg) © max E,-logpy(x)
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Real Data Source

5000 h5000
EFM

A Discriminator

Generator
5000 5000
% EFM Q‘ ‘ Detects fake

Makes fake Fake Money
money
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X—Y P(Y|X)

Input Features Class Conditional probability
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Real Images
(from training set)

Fake Images
(from generator)

S E
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Real or Fake
\ Discriminator learning signal

Dlscrlmmator Network

Generator Network

Random noise

*

Z

Fake and real images copyright Emily Denton et al. 2015.
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Input

Bad Counterfeit

Deep Convolutional
Neural Network

Output

True!
Seems legit!

Whether or not the
picture contains money
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Input

Bad Counterfeit

Deep Convolutional
Neural Network

Output

False!
Super fake!

Whether or not the
picture contains money
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= “The GAN Zoo"

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

Cumulative number of named GAN papers by month

Total number of papers
N
o

2014 2015 2016 2017 2018
Year



Hrh Wasserstein GAN siiF 21833y
GAN SEZER— U




= WGAN B9 ()EFIFH Wasserstein IE5Isk
BEM N hZERER
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