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Generative Adversarial Nets Variational Autoencoder

1. GAN : A (short) review

2. “Variational Inference” for VAE

3. GAN vs VAE, what’s difference?



I. GAN(Generative Adversarial Nets) 
Review
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GAN(Generative Adversarial Nets) Review

▪Objective function of GAN : Discriminator

min
𝐺

max
𝐷

𝑉(𝐷, 𝐺) = 𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) log𝐷 𝑥 + 𝔼𝑧~𝑝𝑧(𝑧) log(1 − 𝐷(𝐺(𝑧)))
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𝑮

𝑫
Real image 𝒙

Fake image 𝑮(𝒛)

Real?

Fake?

𝐷 should maximize 𝑉(𝐷, 𝐺) Maximum when 𝐷 𝑥 = 1 Maximum when 𝐷 𝐺(𝑧) = 0

Sample 𝑥 from real data distribution Sample latent code 𝑧 from Gaussian distribution
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GAN(Generative Adversarial Nets) Review

▪Objective function of GAN : Generator

min
𝐺

max
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GAN(Generative Adversarial Nets) Review

▪Objective function of GAN : Generator

min
𝐺

max
𝐷

𝑉(𝐷, 𝐺) = 𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) log𝐷 𝑥 + 𝔼𝑧~𝑝𝑧(𝑧) log(1 − 𝐷(𝐺(𝑧)))
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𝑮

𝑫
Real image 𝒙

Fake image 𝑮(𝒛)

Real?

Fake?

𝐺 should minimize 𝑉(𝐷, 𝐺) Minimum when 𝐷 𝐺(𝑧) = 1

𝐺 is independent of this part

Latent Code

Sample latent code 𝑧 from Gaussian distribution



II. Variational Autoencoder
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Variational Autoencoder

▪Preliminaries
• Information Theory : Entropy(average code length)

𝐻 𝑥 = −

𝑥

𝑝 𝑥 log2 𝑝 𝑥 = 𝔼𝑝[− log2 𝑝 𝑥 ]

13
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𝑥

𝑝 𝑥 log2 𝑝 𝑥 = 𝔼𝑝[− log2 𝑝 𝑥 ]

• For example,
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A mathematical theory of communication", Claude E. Shannon, 1948
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Variational Autoencoder

▪Preliminaries
• Information Theory : Entropy(average code length)

𝐻 𝑥 = −

𝑥

𝑝 𝑥 log2 𝑝 𝑥 = 𝔼𝑝[− log2 𝑝 𝑥 ]

• In case of continuous variable,

𝐻 𝑥 = lim
Δ→0



𝑖

𝑝(𝑥𝑖)∆ ln 𝑝(𝑥𝑖) = −න𝑝(𝑥) ln 𝑝(𝑥) 𝑑𝑥

15
A mathematical theory of communication", Claude E. Shannon, 1948



Variational Autoencoder

▪Preliminaries
• Kullback-Leibler Divergence

- In case of discrete variable,

𝐷𝐾𝐿(𝑝| 𝑞 = 

𝑖

𝑝(𝑥𝑖) log2
𝑝(𝑥𝑖)

𝑞(𝑥𝑖)

- In case of continuous variable,

𝐷𝐾𝐿(𝑝| 𝑞 = න𝑝(𝑥) ln
𝑝(𝑥)

𝑞(𝑥)
𝑑𝑥
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Variational Autoencoder

▪Preliminaries
• Kullback-Leibler Divergence

- My guess : 𝑞(𝑥)

𝑞 𝑥 =
1

2
,
1

4
,
1

8
,
1

8

𝑀𝑦 𝐶𝑜𝑑𝑖𝑛𝑔 ∶ 0, 10, 110, 111

- Actual probability distribution of 4 dices 𝑝(𝑥)

𝑝 𝑥 =
1

4
,
1

4
,
1

4
,
1

4

𝐴𝑐𝑡𝑢𝑎𝑙 𝐶𝑜𝑑𝑖𝑛𝑔 ∶ 00, 01, 10, 11
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Variational Autoencoder

▪Preliminaries
• Kullback-Leibler Divergence

- My guess : 𝑞(𝑥)

−

𝑥

𝑝 𝑥 log2 𝑞 𝑥 = −
1

4
log2 0.5 −

1

4
log2 0.25 −

1

4
log2 0.125 −

1

4
log2 0.125 = 2.25

- If I guess correctly : 𝑝(𝑥)

−

𝑥

𝑝 𝑥 log2 𝑝 𝑥 = −
1

4
log2 0.25 −

1

4
log2 0.25 −

1

4
log2 0.25 −

1

4
log2 0.25 = 2

- KL Divergence?

𝐷𝐾𝐿(𝑝| 𝑞 = −

𝑥

𝑝 𝑥 log2 𝑞 𝑥 − −

𝑥

𝑝 𝑥 log2 𝑝 𝑥 = −

𝑖

𝑝 𝑥𝑖 log2
𝑞 𝑥𝑖
𝑝 𝑥𝑖

= 2.25 − 2 = 0.25
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Variational Autoencoder

▪Preliminaries
• Cross Entropy?

- KL Divergence

𝐷𝐾𝐿(𝑝| 𝑞 = −

𝑥

𝑝 𝑥 log2 𝑞 𝑥 − −

𝑥

𝑝 𝑥 log2 𝑝 𝑥 = −

𝑖

𝑝 𝑥𝑖 log2
𝑞 𝑥𝑖
𝑝 𝑥𝑖

- We made neural networks(𝑞(𝑥)) to approximate data distribution to correct answer

- Using a cross entropy as a loss function is not significantly different from using KL 
divergence

19

Cross entropy!



Variational Autoencoder

▪Preliminaries
• Manifold Hypothesis

- 𝑥 : high dimensional vector

- Data is concentrated around a lower dimensional manifold

- Hope finding a representation 𝑧 of that manifold

20
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Variational Autoencoder

▪Preliminaries
• Probability Distribution

23

probability density function

There is a 𝑝𝑑𝑎𝑡𝑎 𝑥 that represents the distribution of latent space 𝑧

𝑥1 𝑥2 𝑥3 𝑥4



Variational Autoencoder

▪Preliminaries
• Probability Distribution

24

𝑥1 𝑥2 𝑥3 𝑥4

𝑥1 is a representing a man with glasses



Variational Autoencoder

▪Preliminaries
• Probability Distribution

25

𝑥1 𝑥2 𝑥3 𝑥4

𝑥2 is a representing a woman with black hair



Variational Autoencoder

▪Preliminaries
• Probability Distribution
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𝑥1 𝑥2 𝑥3 𝑥4

𝑥3 is a representing a woman with blond hair



Variational Autoencoder

▪Preliminaries
• Probability Distribution

27

𝑥1 𝑥2 𝑥3 𝑥4

𝑥4 is a representing very strange images



Variational Autoencoder

▪Preliminaries
• Linear regression as graphical model

28

𝑥 = 𝛽0 + 𝑧𝛽1



Variational Autoencoder

▪Preliminaries
• Linear regression as graphical model

29

𝑧

𝑥

𝜙

N

ො𝑥 𝑧 = 𝛽0 + 𝑧𝛽1

𝐴𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝑙𝑦 ℎ𝑎𝑣𝑒 𝑃𝜙(𝑥|𝑧)

𝑃 𝜎,𝛽0,𝛽1 (𝑥|𝑧) ∝ 𝑒
(𝑥− ො𝑥(𝑧))2

2𝜎2



Variational Autoencoder

▪Variational Autoencoder
• I want to know latent space of 𝑧, and control!

30



Variational Autoencoder

▪Variational Autoencoder
• I want to know latent space of 𝑧, and control!
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Variational Autoencoder

▪Generative Model : Latent Variable Model

32

𝑧~𝑝(𝑧) Random variable

𝑔𝜃(∙) Deterministic function parameterized by 𝜃

𝑥 = 𝑔𝜃(𝑧) Random variable

We are aiming maximize the probability of each 𝑥 in the training set, under the entire generative 

process, according to : 

න𝑝 𝑥 𝑔𝜃 𝑧 𝑝(𝑧) 𝑑𝑧 = 𝑝(𝑥)



Variational Autoencoder

▪Problem : Why don’t we use maximum likelihood estimation directly?

𝑝 𝑥 = න𝑝 𝑥 𝑔𝜃 𝑧 𝑝(𝑧) 𝑑𝑧

𝑝(𝑥) ≈

𝑖

𝑝 𝑥 𝑔𝜃 𝑧𝑖 𝑝(𝑧𝑖)

33
Tutorial on Variational Autoencoders, https://arxiv.org/pdf/1606.05908.pdf

𝑝 𝑥 𝑔𝜃 𝑧 = 𝒩(𝑥|𝑔𝜃 𝑧 , 𝜎2 ∗ 𝐼)

𝑥 : Figure 3(a)

𝑧𝑏𝑎𝑑 → 𝑔𝜃(𝑧𝑏𝑎𝑑) : Figure 3(b)

𝑧𝑔𝑜𝑜𝑑 → 𝑔𝜃(𝑧𝑔𝑜𝑜𝑑) : Figure 3(c) – identical to 𝑥 but 

shifted down and to the right by half a pixel

𝑥 − 𝑧𝑏𝑎𝑑
2 < 𝑥 − 𝑧𝑔𝑜𝑜𝑑

2

→ 𝑝 𝑥 𝑔𝜃 𝑧𝑏𝑎𝑑 > 𝑝 𝑥 𝑔𝜃 𝑧𝑔𝑜𝑜𝑑

https://arxiv.org/pdf/1606.05908.pdf


Variational Autoencoder

▪One possible solution : sampling 𝑧 from 𝑝(𝑧|𝑥)

34

Variational Principle

General family of methods for 

approximating complicated 

densities by a simpler class of 

densities

𝑝 𝑧 𝑥 ≈ 𝑞𝜙 𝑧 𝑥 ~𝑧

[Variational Inference]



Variational Autoencoder

▪Variational Inference
• Relationship among 𝑝(𝑥), 𝑝(𝑧|𝑥), 𝑞𝜙 𝑧 𝑥 : Derivation 1

35

log 𝑝 𝑥 = log න𝑝 𝑥 𝑧 𝑝(𝑧) 𝑑𝑧 ≥ න log(𝑝 𝑥 𝑧 )𝑝(𝑧) 𝑑𝑧
Jensen’s Inequality

For concave functions 𝑓 ∙ ,
𝑓(𝔼(𝑥)) ≥ 𝔼(𝑓(𝑥))

log 𝑝 𝑥 = log න𝑝 𝑥 𝑧
𝑝(𝑧)

𝑞𝜙 𝑧 𝑥
𝑞𝜙 𝑧 𝑥 𝑑𝑧 ≥ න log 𝑝(𝑥|𝑧)

𝑝(𝑧)

𝑞𝜙 𝑧 𝑥
𝑞𝜙 𝑧 𝑥 𝑑𝑧

log 𝑝(𝑥) ≥ න log 𝑝 𝑥 𝑧 𝑞𝜙 𝑧 𝑥 𝑑𝑧 − න log
𝑞𝜙 𝑧 𝑥

𝑝(𝑧)
𝑞𝜙 𝑧 𝑥 𝑑𝑧

= 𝔼𝑞𝜙 𝑧 𝑥 log 𝑝 𝑥 𝑧 − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 ||𝑝(𝑧))

ELBO(𝜙) Variational lower bound   

Evidence lower bound(ELBO)



Variational Autoencoder

▪Variational Inference
• Relationship among 𝑝(𝑥), 𝑝(𝑧|𝑥), 𝑞𝜙 𝑧 𝑥 : Derivation 2

36

= න log
𝑝(𝑥, 𝑧)

𝑝(𝑧|𝑥)
𝑞𝜙 𝑧 𝑥 𝑑𝑧

= න log
𝑝(𝑥, 𝑧)

𝑞𝜙 𝑧 𝑥

𝑞𝜙 𝑧 𝑥

𝑝(𝑧|𝑥)
𝑞𝜙 𝑧 𝑥 𝑑𝑧

= න log
𝑝(𝑥, 𝑧)

𝑞𝜙 𝑧 𝑥
𝑞𝜙 𝑧 𝑥 𝑑𝑧 + න log

𝑞𝜙 𝑧 𝑥

𝑝(𝑧|𝑥)
𝑞𝜙 𝑧 𝑥 𝑑𝑧

log(𝑝(𝑥)) = න log((𝑝(𝑥)) 𝑞𝜙 𝑧 𝑥 𝑑𝑧

ELBO(𝜙) KL(𝑞𝜙 𝑧 𝑥 || 𝑝(𝑧|𝑥))

න𝑞𝜙 𝑧 𝑥 𝑑𝑧 = 1

𝑝(𝑥) =
𝑝(𝑥, 𝑧)

𝑝(𝑧|𝑥)

So instead of minimizing 𝐾𝐿𝐷, find 𝜙 that maximizes 𝐸𝐿𝐵𝑂!We need to find 𝜙 of 𝑞𝜙 𝑧 𝑥 that minimizes 𝐾𝐿𝐷, but we



Variational Autoencoder

▪Variational Inference
• Relationship among 𝑝(𝑥), 𝑝(𝑧|𝑥), 𝑞𝜙 𝑧 𝑥 : Derivation 2

37

𝑞𝜙∗ 𝑧 𝑥 = argmax
𝜙

𝐸𝐿𝐵𝑂(𝜙)

𝐸𝐿𝐵𝑂 𝜙 = න log
𝑝(𝑥, 𝑧)

𝑞𝜙 𝑧 𝑥
𝑞𝜙 𝑧 𝑥 𝑑𝑧

= න log
𝑝 𝑥 𝑧 𝑝(𝑧)

𝑞𝜙 𝑧 𝑥
𝑞𝜙 𝑧 𝑥 𝑑𝑧

= න log 𝑝(𝑥|𝑧) 𝑞𝜙 𝑧 𝑥 𝑑𝑧 − න log
𝑞𝜙 𝑧 𝑥

𝑝(𝑧)
𝑞𝜙 𝑧 𝑥 𝑑𝑧

= 𝔼𝑞𝜙 𝑧 𝑥 log 𝑝 𝑥 𝑧 − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 ||𝑝(𝑧))

log(𝑝(𝑥)) = 𝐸𝐿𝐵𝑂 𝜙 + 𝐾𝐿(𝑞𝜙 𝑧 𝑥 || 𝑝(𝑧|𝑥))

Note that this is a different KL 

from the previous slide!



Variational Autoencoder

▪ Loss function

38

𝑝 𝑧 𝑥 ≈ 𝑞𝜙 𝑧 𝑥 ~𝑧

Optimization 1 on 𝜙 : Variational Inference

log 𝑝(𝑥) ≥ 𝔼𝑞𝜙 𝑧 𝑥 log 𝑝 𝑥 𝑧 − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧 = 𝐸𝐿𝐵𝑂(𝜙)

Optimization 2 on 𝜃 : Maximum Likelihood Estimation

−

𝑖

log 𝑝 𝑥𝑖 ≤ −

𝑖

𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

Final Optimization Problem

argmin
𝜙,𝜃



𝑖

−𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧



Variational Autoencoder

▪ Loss function

argmin
𝜙,𝜃



𝑖

−𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

ℒ 𝜃, 𝜙, 𝑥 = −𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

39

The mathematical basis of VAEs actually has relatively little to do with classical autoencoders



Variational Autoencoder

▪ Loss function

argmin
𝜙,𝜃



𝑖

−𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

ℒ 𝜃, 𝜙, 𝑥 = −𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

40

Reconstruction Error Regularization

Assumption 1
[Encoder : approximation class]

Multivariate Gaussian distribution with a diagonal covariance

𝑞𝜙 𝑧 𝑥𝑖 ~𝑁(𝜇𝑖 , 𝜎𝑖
2, 𝐼)

Assumption 2
[Prior] 

Multivariate normal distribution

𝑝 𝑧 ~𝑁(0, 𝐼)



Variational Autoencoder

▪ Loss function

argmin
𝜙,𝜃



𝑖

−𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

ℒ 𝜃, 𝜙, 𝑥 = −𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

41

Reconstruction Error Regularization

Reconstruction Error

−𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧))

≈
1

𝐿


𝑧𝑖,𝑙

log 𝑝𝜃(𝑥𝑖|𝑧
𝑖,𝑙)

= න log𝑝𝜃(𝑥𝑖|𝑧) 𝑞𝜙 𝑧 𝑥𝑖 𝑑𝑧



Variational Autoencoder

▪ Loss function

argmin
𝜙,𝜃



𝑖

−𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

ℒ 𝜃, 𝜙, 𝑥 = −𝔼𝑞𝜙 𝑧 𝑥𝑖 log 𝑝(𝑥𝑖|𝑔𝜃(𝑧)) − 𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧
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Reconstruction Error Regularization

Regularization : KL Divergence

𝐾𝐿(𝑞𝜙 𝑧 𝑥 | 𝑝 𝑧

= 𝐾𝐿(𝑁(𝜇𝑖, 𝜎𝑖
2, 𝐼)| 𝑁(0, 𝐼)

= −
1

2


𝑗

(1 + log 𝜎𝑗
2 − 𝜇𝑗

2 + 𝜎𝑗
2)



Variational Autoencoder

▪Reparameterization Trick

43

𝑧𝑖,𝑙~𝑁(𝜇𝑖 , 𝜎𝑖
2, 𝐼)Sampling

Process



Variational Autoencoder

▪Reparameterization Trick

44

𝑧𝑖,𝑙~𝑁(𝜇𝑖 , 𝜎𝑖
2, 𝐼) 𝑧𝑖,𝑙 = 𝜇𝑖 + 𝜎𝑖

2⊙ 𝜖
𝜖~𝑁(0, 𝐼)

Sampling

Process

Same distribution

But it makes 

backpropagation 

possible!



Variational Autoencoder

▪Architecture
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Variational Autoencoder

▪ Learned Manifold
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III. Discussion : GAN vs VAE
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Discussion : GAN vs VAE

▪Generative Model

48
NIPS 2016 Tutorial: Generative Adversarial Networks



Discussion : GAN vs VAE

▪Pros and cons of GAN vs VAE

49

Summary

https://www.quora.com/What-are-the-pros-and-cons-of-Generative-Adversarial-Networks-vs-Variational-Autoencoders

https://www.quora.com/What-are-the-pros-and-cons-of-Generative-Adversarial-Networks-vs-Variational-Autoencoders


Discussion : GAN vs VAE

▪Pros and cons of GANs vs VAEs

50

VAE 
- There is a clear and recognized way to evaluate 

the quality of the model(log-likelihood, either 

estimated by importance sampling or lower-

bounded)

- Because of the injected noise and imperfect 

reconstruction, and with the standard decoder(with 

factorized output distribution), the generated 

samples are much more blurred

https://www.quora.com/What-are-the-pros-and-cons-of-Generative-Adversarial-Networks-vs-Variational-Autoencoders

GAN 
- They tend to yield nicer images

- GANs tend to be much more finicky to train than 

VAEs

https://www.quora.com/What-are-the-pros-and-cons-of-Generative-Adversarial-Networks-vs-Variational-Autoencoders


Discussion : GAN vs VAE

▪Generative Model

51

Model Optimization Image 

Quality

Generalization

VAE • Stochastic gradient decent

• Converge to local minimum

• Easier

Smooth

Blurry

Tend to remember input 

images

GAN

• Alternating stochastic gradient 

descent

• Converge to saddle points

• Harder

- Mode collapsing

- Unstable convergence

Sharp

Artifact

Generate new unseen 

images



Discussion : GAN vs VAE

▪Generative Model

52

Mode collapse!

“나는 한놈만 팬다…”

𝑮𝒆𝒏𝒆𝒓𝒂𝒕𝒐𝒓

modes



IV. Recent Trends in Deep Learning
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Recent Trends in Deep Learning

▪Autonomous Driving Car(Self-Driving Car)
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Recent Trends in Deep Learning

▪Autonomous Driving Car
• Autopilot reaches 1 billion miles!

55
Deep Learning State of the Art (2019) - MIT



Recent Trends in Deep Learning

▪Autonomous Driving Car
• Autopilot reaches 1 billion miles!
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Recent Trends in Deep Learning

▪Natural Language Processing : BERT

57
Devlin, Jacob, et al. “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding”, 2018

BERT Application

- Create contextualized word embeddings

- Sentiment Classification

- Sentence pair classification

- Sentence pair similarity

- Sentence tagging

- Question answering



Recent Trends in Deep Learning

▪Natural Language Processing : GPT-2

58
https://openai.com/blog/better-language-models/

A large transformer-based language model with

1.5 billion parameters trained on a dataset of

8 million web pages

https://openai.com/blog/better-language-models/


Recent Trends in Deep Learning

▪AutoML & NASNets(Neural Architecture Search)

59
Zoph, Barret, and Quoc V. Le. "Neural architecture search with reinforcement learning.“, 2016



Recent Trends in Deep Learning

▪AutoML & NASNets(Neural Architecture Search)

60
Zoph, Barret, and Quoc V. Le. "Neural architecture search with reinforcement learning.“, 2016



Recent Trends in Deep Learning

▪Computer Vision : Image Classification on ImageNet

61https://paperswithcode.com/sota/image-classification-on-imagenet

https://paperswithcode.com/sota/image-classification-on-imagenet


Recent Trends in Deep Learning

▪Computer Vision : Other tasks

62
http://cs231n.stanford.edu/

http://cs231n.stanford.edu/


Recent Trends in Deep Learning

▪Video-to-Video Synthesis

63
Ting-Chun Wang, Ming-Yu Liu, at el. “Video-to-Video Synthesis”, 2018



Recent Trends in Deep Learning

▪Deep Reinforcement Learning : Game Agent
• AlphaGo(2016) : Beat Top Human at Go
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Recent Trends in Deep Learning

▪Deep Reinforcement Learning : Game Agent
• AlphaGo(2016) : Beat Top Human at Go
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Elo rating



Recent Trends in Deep Learning

▪Deep Reinforcement Learning : Game Agent
• OpenAI Five(Dota2) : Beat Top Progammer Team(0.002%)

66



Recent Trends in Deep Learning

▪Deep Reinforcement Learning : Game Agent
• AlphaStar(StarCraft II) : Beat Top Progammers

67



Recent Trends in Deep Learning

▪BigGAN : A New State of the Art in Image Synthesis

68
Brock, Andrew, Jeff Donahue, and Karen Simonyan. "Large scale gan training for high fidelity natural image synthesis.“, 2018



Recent Trends in Deep Learning

▪Dubbed GauGAN

69
https://www.youtube.com/watch?v=p5U4NgVGAwg

https://www.youtube.com/watch?v=p5U4NgVGAwg
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“Question everything generally thought to be obvious”
- Dieter Rams, 1932 -

Thank you!


