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Introduction

= Generative Model 2. “Variational Inference” for VAE
1. GAN : A (short) review
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3. GAN vs VAE, what’s difference?



|. GAN(Generative Adversarial Nets)
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= Objective function of GAN : Discriminator

minmaxV(D, G) = Expy,eq0 108D ()] + Ezop,(5)[l0g(1 — D(G(2)))]

Real?
Fake?

Latent Code Fake image G(z) 8




= Objective function of GAN : Discriminator

Sample x from real data distribution Sample latent code z from Gaussian distribution

min maxV (D, G) = E \ [logD(x)] + E ‘4{;(1 — D(G(2)))]

G D X~Ddata(x) Z~Pz(Z)

_— /

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

| Real?
b Fake?

Latent Code Fake image G(z) 9




= Objective function of GAN : Generator

minmaxV(D, G) = Expy,eq0 108D ()] + Ezop,(5)[l0g(1 — D(G(2)))]

Real?
Fake?

Latent Code Fake image G(z) 10




= Objective function of GAN : Generator

G is independent of this part Sample latent code z from Gaussian distribution

\ /
mGjn max V(D,G) = %@@] +E, 5,2 [log(l;'D (G(2)))]
AN

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

Real?
Fake?

Latent Code Fake image G(2) 11



ll. Variational Autoencoder
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Variational Autoencoder

= Preliminaries
 Information Theory : Entropy(average code length)

Low Medium High

H() == ) p(x)10g, p(x) = Ey[—log, p(x)]

13
A mathematical theory of communication”, Claude E. Shannon, 1948
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* Preliminaries
 Information Theory : Entropy(average code length)

0066 G660 6600

Low Medium High

H() == ) p(x)10g, p(x) = Ey[—log, p(x)]

* For example,

11111111)

The probability of the eight sides of the die is not um'form(— ==, —,—,—,—
2’4°8"16’ 64" 64’ 64" 64

1 1 1 1 1 1 1 4 1

1
H(x) = —Z’p(x) log, p(x) = —5logy 5 —7logy 7 —glogy o — Trlogy = — —log, = = 2
X

0,01,011,1011,111100,101010,111110,111111(coding)

1 1 1 1 4
= — X — X — X — X — X 6 = 2bi
Average Code Length > 1+4 2+8 3+ 16 4+64 6 = 2bits

14
A mathematical theory of communication”, Claude E. Shannon, 1948



vVariational Autoencoaer

* Preliminaries
 Information Theory : Entropy(average code length)

Low Medium High

H() == ) p(x)10g, p(x) = Ey[—log, p(x)]

* In case of continuous variable,

H(x) = lim {z p(x;)Aln P(xi)} = - j p(x) Inp(x) dx

: L. 15
A mathematical theory of communication”, Claude E. Shannon, 1948



Variational Autoencoder

= Preliminaries

- Kullback-Leibler Divergence
- In case of discrete variable,

D (pllg) = ) p(x:) log;
i
- In case of continuous variable,

Dk (pllg) = fp(x) ln%dx

p(x;)
q(x;)




vVariational Autoencoaer

= Preliminaries

- Kullback-Leibler Divergence
- My guess : q(x)

) )

Q| =

)

My Coding : 0,10,110,111

Q| =

N =
TN

q(x) = (

- Actual probability distribution of 4 dices p(x)

. 1111
PrA=\4221

Actual Coding : 00,01,10,11

17



VVariational Autoencoaer

= Preliminaries

- Kullback-Leibler Divergence
- My guess : q(x)

1 1 1 1
— Z p(x)log, g(x) = —Zlogz 0.5 — Zlogz 0.25 — Zlogz 0.125 — Zlogz 0.125 = 2.25
X

- If I guess correctly : p(x)

1 1 1 1
— z p(x)log, p(x) = — Zlogz 0.25 — Zlogz 0.25 — Zlogz 0.25 — Zlogz 0.25 =2
X

- KL Divergence?

D (lla) = (—Z p(x) log; q(x)) - (—Zp(x) log; p(x)) = p(x)log, 12 = 2.25 -2 = 025

l

X X l

18




variatonal Autoencoaer

= Preliminaries

* Cross Entropy?
- KL Divergence

Di. (|19 =[<— Z p(x) log, q(x))]— <— Z: p(x) log, P(x)> = — Z p(x;) log; Zgg
1

Cross entropy!

- 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



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



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
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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

22



Variational Autoencoder

= Preliminaries

* Probability Distribution
probability density function

There is a p,,:4(x) that represents the distribution of latent space z

Paata(®)}

=V

23



Variational Autoencoder

= Preliminaries
* Probability Distribution

Paata(¥)

il 4

x4 1S a representing a man with glasses

24



vVariational Autoencoaer

= Preliminaries
* Probability Distribution

Paata ()

il 4

X, IS a representing a woman with black hair

25



Variational Autoencoder

= Preliminaries
* Probability Distribution

Paata(®)}

=V

x5 1S a representing a woman with blond hair

26



Variational Autoencoder

= Preliminaries
* Probability Distribution

Paata(®)}

=V

X4 1S @ representing very strange images

27



Variational Autoencoder

= Preliminaries
* Linear regression as graphical model

T x=py+2p

28



Variational Autoencoder

= Preliminaries
* Linear regression as graphical model

Additionally have Py (x|z)

15:— . ..:: X(z) = Bo + 2B

10

(x—%(2))?

Pio.p,p)(X]2) x e 202

||||||||||||||||||||||||

29



= Variational Autoencoder
- | want to know latent space of z, and control!

encode > decode >

N i
'\f"r‘:ﬁi‘ﬂg‘“
A,

7
J';,."f'
A
s

=

30



= VVariational Autoencoder

* | want to know latent space of z, and control!
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Variational Autoencoder

= Generative Model : Latent Variable Model

O O z~p(2) Random variable
A Generator O X 9o () Deterministic function parameterized by 6
O gsl.) O
o) \ O x = gg(z) Random variable
Latent Variable Target Data

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

f p(xlge(2)p(2) dz = p(x)

32




* Problem : Why don’t we use maximum likelihood estimation directly?
P00 = [ p(algs)p() dz

p() = ) pxlge(z)Ip(z)

(a) (b) (c)

Figure 3: It's hard to measure the likelihood of images under a model using
only sampling. Given an image X (a), the middle sample (b) is much closer
in Euclidean distance than the one on the right (c). Because pixel distance is
so different from perceptual distance, a sample needs to be extremely close
in pixel distance to a datapoint X before it can be considered evidence that
X is likely under the model.

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

p(x19e(2)) = N (x|gg(2),0% * I)
x : Figure 3(a)
Zpad — 96 (Zpaa) - Figure 3(b)

Zgood — 90 (Zgooa) - Figure 3(c) — identical to x but
shifted down and to the right by half a pixel

llx — Zbad”2 < ”x — Zgood”2
— P(XL% (Zbad)) > p(x|99 (Zgood))

33



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

v.'. .'. " .- .'-

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

Variational Principle
General family of methods for
approximating complicated
densities by a simpler class of
densities

/

K L(q(z]z)|[p(z]z)

Approximation class

A\

True posterior

Generator

O
O gs(.)
) \

Latent Variable Target Data

OOOO0
=

[Variational Inference]

p(zlx) = q¢(z|x)~z

34
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= Variational Inference
* Relationship among p(x), p(z|x), q4(z|x) : Derivation 1

Jensen’s Inequality
log(p(x)) = log fp(x|Z)P(Z) dz | = jlog(p(xlz))p(z) dz < For concave functions f(-),
f(EX)) = E(f(x))
(z) (2)
l0g(p()) = log < [ pea ES q¢<z|x>dz> > [ tog (ptr1e) LD a1z
q¢(z|x)
logp(x) = jlog(p(xlz)) q¢(z|x)dz—jlog< @) >q¢(z|x)dz

= Eqy(zIx) llog(p(x12))| — KL(qy(2lx)|Ip(2))

ELBO(¢) Variational lower bound
Evidence lower bound(ELBO)

35
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= Variational Inference
* Relationship among p(x), p(z|x), q4(z|x) : Derivation 2

08 () = [ log((@() apln)dz - [ aptziaz =1
_ p(x,2z) ) _px,2)
a jlog (p(zlx)) 4o (zlx)dz p(x) = p(z|x) |
log(p(x))

_ flo (P(X;Z) CI¢(Z|X)) (210 dz 1 ‘ |

q¢(z|x) p(z|x) Ao KL{qq4(z]x) |l p(z]x))
B p(x,z) qe(z|x)
— Jlog (q¢(zlx)> q¢(zlx)dz + j log( %) >q¢(zlx)dz

ELBO(p) KL(q9 2b) 11 p(210)) Ewﬂw}

So instead of minimizing KLD, find ¢ that maximizes ELBO! We need to find ¢ of q! . . op 2 Ctw

36



variatonal Autoencoaer

= Variational Inference
* Relationship among p(x), p(z|x), q4(z|x) : Derivation 2

log(p(x)) = ELBO(¢) + KL(q¢(z|x) || p(z|x))
qe(z|x) = argglax ELBO(¢)

p(x,z)
q¢(z|x)

= J log (p;):f;ﬁc()z)) q¢(z|x)dz

ELBO(¢) = Jlog( >q¢(z|x)dz

q¢(z|x)
p(2)

= Eqyca l0g(px12))] ~ KL G0N IP(2) -

= flog(p(x|z)) q¢(zlx)dz—flog( >q¢(zlx)dz

Note that this is a different KL
from the previous slide!

37



Variational Autoencoder

= Loss function

/

O

VA Generator

p(zlx) = q4(z|x)~2 Ol 90
\

Latent Variable Target Data

OO00J0
-

Optimization 1 on ¢ : Variational Inference
logp(x) = Eq,zix)[log(p(x12))] — KL(q4(z1x)||p(2)) = ELBO(¢)

Optimization 2 on 6 : Maximum Likelihood Estimation

— z log(p(x)) < — Z {IEQ¢(Z|Xi)[log(p(xi|99 (2)))] — KL(q¢ (Z|x)||P(Z))}

l

Final Optimization Problem

argmmz ~E g (2} 108 (11190 ()] — KL(44 0| |p()

38



Variational Autoencoder

= Loss function
argmmE ~Eg, (2] 108@ (xi196 (2)))] ~ KL(44 (21| [p(2))

£(6, %) = — q¢(z|x )[log(p(xllge(Z)))] KL(qe(z1%)||p(2))

_______________________________

_______________________________

O SAMPLING O Ol
x |0 %ﬁ() 9o () | Oix
O O Q!
q¢(z]x) go(x|z)

Encoder Decoder
Posterior Generator
Inference Network Generation Network

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

39



vVariational Autoencoaer

= |Loss function
argmmz ~Eg, (2] 108@ (xi196 (2)))] ~ KL(44 (21| [p(2))

£(6,¢,%) = —Eq (7 10g(p(xil ga ()] = KL(q4 (210)||p(2))

Reconstruction Error Regularization

Assumption 1

0
— . [Encoder : approximation class]
i_ j \ U Multivariate Gaussian distribution with a diagonal covariance
M ~
T::—_; I"‘H—-/II qqﬁ(zlxl)NN(:uu O-izt I)
Xi | de (Elxi) P
Yy [ ) .
\_/ — Assumption 2
T - .
Ol _—"|¢ Prior
R [ j Multivariate normal distribution

p(Z)NN(()! I) 40



Variational Autoencoder

= |Loss function
argmmz ~Eg, (2] 108@ (xi196 (2)))] ~ KL(44 (21| [p(2))
£8,6,%) = ~E, (2] 108@(xil g6 ()] ~ KL(44(z10)|[p(2))

Reconstruction Error Regularization
f(j Reconstruction Error
&) .
r\:\ \ Hi —Eq 4 (z|x;) log(p (xilge (2)))]
A () | i,1
M (Elx,) | ’ ogpg(xdz' )
i 421X ) = f log pg (x112) q¢ (z]x;)dz * togpolle™)
S " ()
J . o
= O zl lo ( (x'lzi'l)) L log pe(x;]z*F)
L 8\ Do (X

S0l

41



Variational Autoencoder

= |Loss function
argmmz ~Eg, (2] 108@ (xi196 (2)))] ~ KL(44 (21| [p(2))
£8,6,%) = ~E, (2] 108@(xil g6 ()] ~ KL(44(z10)|[p(2))

Reconstruction Error Regularization

Regularization : KL Divergence

. O
= )
= R KL(ap (10l [p(2))
W), )
Xy C} anp(flxi) — = KL(N(u;, o, D||IN(0,1))
N ()
Y. _

i 1
Q / 5 = (1 +log(a?) — u? + o)
j

42



Variational Autoencoder

= Reparameterization Trick

1X — f(2)]

Decoder

KLIN (n(X), (X)) N0, 1) ‘i’ o

'-.._'_;

o
£}

L

Sampling zM~N (g, 02, 1)
Process b



Variational Autoencoder

= Reparameterization Trick

|
X /Or] | X0
i\ ! i\
flaf f(2)
r 1
Decoder | 1 [KZIN((X), S(X)JIV(0.1] | Decoder
KLIN (1 (X). S (X)) [N 0. )] {i’ L A A W

sample 2 from N (p( X), 2( X))

PN 2E(Y)

Encoder Encoder Sample ¢ from A0, )
(@) @)
A A Same distribution
X X But it makes
backpropagation
Sampling ZW~N(u;, 62,1 Z =+ Qe possible!

Process e~N(0,1) 44



\Variational Autoencoder

= Architecture

D=784

00000

~-* MLP with 2 hidden layers (500, 500) <--

q¢ ()
Gaussian
Encoder

. iSAMPLNG

N (0, r)

/

02002000
&

s
N

Reparameterization
Trick

-
O
| g
©

/
9o (*)

Bernoulli
Decoder

\

(elele)e]e)
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Variational Autoencoder

= Learned Manifold

AE VAE
40 ’-! " ! ! LJ ' ' ' % 9 40 ‘-1 T 11 14 L4 9
] ' 3 ;
71 SYPREERERES R SRt R R S T T : . 1 | B R A el
7 7
20 | 20
' 6 6
10} : ; 10
. 5 5
o %
B 4
-10 -10
3 3
-20 -20}
2 2
=30 =30}
1 1
-40 1 A L o -40 1 A 1 | A I 1 A o
-40 20 30 40 -40 -30 -20 -10 0 10 20 30 40
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l1l. Discussion : GAN vs VAE




Discussion : GAN vs VAE

= Generative Model

Direct

Maxi Likelihood
!aﬁm 1e<}o /GAN

Explicit density Implicit density

-\ o

Mark hai
Tractable density = Approximate density arkov Chain

“Fully visible belief nets GSN
-NADE / \

‘MADE Variational 'Markov Chain

-Pixel RNN Variational autoencoder Boltzmann machine
-Change of variables

models (nonlinear ICA)

48
NIPS 2016 Tutorial: Generative Adversarial Networks



Discussion : GAN vs VAE

[ | P rOS an d CO nS Of GAN VS VAE Quora . Home % Answer ﬁﬁ% Spaces Q Notifications ~ Q Search Quora

Generative Models (statistics) Autoencoder +4 ¢

What are the pros and cons of Generative
Adversarial Networks vs Variational

Autoencoders?
Y/, Answer 3 Follow - 68 3Q Request O 7 B ¥ 2> ooo
Ad by Tipalti2

Automated payment processing. Payouts with 5+ payment methods.
Tipalti makes mass payouts to global suppliers, partners, affiliates, publishers, and

freelancers.

[} Learn more at tipalti.com coo

1 Answer

Yoshua Bengio, My lab has been one of the three that started the deep learning ®
approach, back in 2006, along with Hinton's...

Answered Aug 16, 2016 - Upvoted by Alberto Bietti, PhD student in machine learning.

Former ML engineer and Tao Xu, Built ML systems at Airbnb, Quora, Facebook and
Summary > Mcrosoft

An advantage for VAEs (Variational AutoEncoders) is that there is a clear and

. . I 49
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 VA

= Pros and cons of GANs vs VAES Quora Erere  Zaswer  ffjspaces [ noiteatons @ searcn uors

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

GAN

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

They tend to yield nicer images

GANSs tend to be much more finicky to train than
VAEs

Generative Models (statistics) Autoencoder +4 ¢

What are the pros and cons of Generative
Adversarial Networks vs Variational

Autoencoders?
Y/, Answer 3 Follow - 68 3Q Request O 7 B ¥ 2> ooo
Ad by Tipalti =

Automated payment processing. Payouts with 5+ payment methods.
Tipalti makes mass payouts to global suppliers, partners, affiliates, publishers, and

freelancers.

[} Learn more at tipalti.com coo

1 Answer

Yoshua Bengio, My lab has been one of the three that started the deep learning ®
approach, back in 2006, along with Hinton's...

Answered Aug 16, 2016 - Upvoted by Alberto Bietti, PhD student in machine learning.
Former ML engineer and Tao Xu, Built ML systems at Airbnb, Quora, Facebook and
Microsoft.

An advantage for VAEs (Variational AutoEncoders) is that there is a clear and

50



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

= Generative Model

Model Optimization Image Generalization
Quality
VAE « Stochastic gradient decent Smooth | Tend to remember input
» Converge to local minimum Blurry Images
« Easier
» Alternating stochastic gradient
descent
GAN « Converge to saddle points Sharp Generate new unseen
« Harder Artifact images
- Mode collapsing
- Unstable convergence
Discriminator € Encoder Decoder -» Generator .
7 D Jo~1
- Generator
A
VAE X E RD X GAN d alz) Discriminator
S~ 51

~




X2 X2

/ D = v ays ~ e —17 . Mode collapse!
e SRR e B s = “Li= SHs O MO}

h“'x..___,-f"' ™y
]
S

o e

=
VAE : maximum

likelihood approach 2349 5 b 289

modes

A1
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V. Recent Trends In Deep Learning




= Autonomous Driving Car(Self-Driving Car)




Recent Trends in Deep Learning

= Autonomous Driving Car
 Autopilot reaches 1 billion miles!

2,500,000,000
Projected Total Autopilot Miles:

2,341,760,040

Date: 2020-01-01

2,000,000,000 A

Projected Autopilot Miles on Hardware 1:
790,016,716

on Hardware 2+

m Projected Autopiiot Mile
b 1,551,743,324
“z- 1,500,000,000 -
Current Total Autopilot Miles:
b
Q. Date: 2019-01-02
B 1:000:000.000 1
3 Current Autopliot Miles on Hardware 1:
& 587,071,243

487,390,522
500,000,000 -

2015 2016 2017 2018 2019 2020

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



= Autonomous Driving Car
 Autopilot reaches 1 billion miles!

Announcements for Consumer-Facing
Fully-Autonomous Vehicle (Testing and Beyond)

* Tesla: 2019 * Volvo: 2021 (highway)
* Nissan: 2020 * BMW: 2021
* Honda: 2020 * Ford: 2021

Toyota: 2020 (highway) * Fiat-Chrysler: 2021
* Renault-Nissan: 2020 (urban) * Daimler: 2020-25
Hyundai: 2020 (highway)

56



= Natural Language Processing : BERT

o e
& — ) :
C ) BERT Application
BERT BERT
- Create contextualized word embeddings
el [ElE=lE]- =] el = | = | 9
H ] LS LS ﬁ— L
=) =000 (8 et 1okt |1z ] Tokn _ : TP
. ] | Sentiment Classification
Sentence 1 Sentence 2 Single Sentence
i 350 Sy chsstcaton T - Sentence pair classification
RTE, SWAG
Start/End Span o B-PER o B . . .
Y- . o - Sentence pair similarity
BERT BERT - Sentence tagging
[realle ]~ [e][Eal[&]~ [&] (e & [ =] - _ _
————O—O—O——— ———=r - Question answering
m... m@m m [CLS] Tok 1 Tok 2
\_I_l \_'_I [ |
Question Paragraph Single Sentence
(c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:
SQuAD v1.1 CoNLL-2003 NER

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



= Natural Language Processing : GPT-2

@ Better Language Models and 71 X | 4

€ C t @ htpsy/openai.com/blog/better lznguage-mode

¥ SSCGRA ¢ FIEFHERO () Welcome to PyTor.. €0 Introduction to Te.. ) TensorFlow-Exampl... Color Scripter @) Spinning Up in De...

% oc @& :

/. RiKorea

»

<> VIEW CODE D READ PAPER

Our model, called GPT-2 (a successor to GPT), was trained simply to predict the next
word in 40GB of Internet text. Due to our concerns about malicious applications of
the technology, we are not releasing the trained model. As an experiment in
responsible disclosure, we are instead releasing a much smaller model for
researchers to experiment with, as well as a technical paper.

GPT-2 is a large transformer-based language model with 1.5 billion parameters,
trained on a dataset™ of 8 million web pages. GPT-2 is trained with a simple
objective: predict the next word, given all of the previous words within some text.
The diversity of the dataset causes this simple goal to contain naturally occurring
demonstrations of many tasks across diverse domains. GPT-2 is a direct scale-up of
GPT, with more than 10X the parameters and trained on more than 10X the amount
of data.

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

Rece ends in Deep Learning

= AutoML & NASNets(Neural Architecture Search)

| hi Feature Model :> Hyperparameter
SATHBIE QI e CRUTEIA Engineering Construction Optimization
with probability p
( l ' Featuretools @xnet [ﬁ skopt GPFlowOpt
boruta_|
; hild K = .Wn hyperopt FAR-HO
Tralr.!s 2 CHi fiebios categorical-encoding
The controller (RNN) with architecture simple(s) Neasi
A to get accuracy R tefresh f P
-, o Tenso.rr low ray.tune HORD
T J FeatureHub P Y T b R C H chocolate ENAS
Compute gradient of p and Full Pipeline Solution
scale it by R to update
the controller ?
@ ﬁmf’...m Box auto_ml| @
Figure 1: An overview of Neural Architecture Search.
ATM 29 auto-sklearn
AutoML

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

with reinforcement learning., 2016
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Recent Trends in Deep Learning

= Computer Vision : Image Classification on ImageNet

85 % -
—9
®
Inception ResNet V2: 80.1 %
5 80% - e
] o 9,
5 s
0 [ ]
[¥]
=X
- .
g_ 75% -
|_
[
T0% - -
Jun 14 Dec 14 Jun 15 Dec 15 Jun 16 Dec 16 Jun 17 Dec 17 Jun 18 Dec 18
0 Other methods =e= State-of-the-art methods
Top 1 Ti E
Rank Method op °P5 rror Paper Title Year Paper Code
Accuracy Accuracy rate
S GPIPE 84.3% 97% G.Pipt.e: Efficient Training of Giant Neural Networks using 2018 B o
Pipeline Parallelism
5 Am ot-A 83.9% Regularized Evolution for Image Classifier Architecture 2018 B o
Search
Oct-ResNet-152 + Drop an Octave: Reducing Spatial Redundancy in
3 SE 82.9% 96.3% Convolutional Neural Networks with Octave Convolution 2019 & 0
“ NASNET-A(E) 892 7% 96.2% Learning .Transferable Architectures for Scalable Image 017 B o
Recognition
5 SENet 82.7% 96.2% Squeeze-and-Excitation Networks 2017 [ ] (]

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


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

Recent Trends in Deep Learning

= Computer Vision : Other tasks

Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation

GRASS, CAT, DOG, DOG, CAT DOG, DOG, CAT

W TREE, SKY I U y
YE Y. -
No objects, just pixels Single Object Multiple Object i e
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http://cs231n.stanford.edu/

Video-to-Video Synthesis

Pose-to-Body Results

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



= Deep Reinforcement Learning : Game Agent
* AlphaGo(2016) : Beat Top Human at Go
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= Deep Reinforcement Learning : Game Agent
« AlphaGo(2016) : Beat Top Human at Go

SRS D L R ————— WD SL— B —————
KA Park Jungwhan (21) 3578 27-132 4.0004 e e
Ke Jie (16) 3560 49-38 .
“IShi'Yue23) 3537 ui-m o 3,000+ /
B Kim Jiseok(24)] 3526 261-152 % 2,0004 /
KA LeeSedol(31) 3512 695-31 o i666] |
Mi Yuting (18) 3498 109-61 T ,4
Zhou Ruiyang (23) 3487 33-210 04 | .
Chen Yaoye (24) 3487 35-220 1006, fl ﬁ:ggggg ae;;:ro blocks
Kl lyama Yuta (24) 3482 33-154 ... AlphaGo Lee
GU'LI(32) 3473 556-298 -2,000 | ‘ ' ‘ ' ' ' ' |
0 5 10 15 20 25 30 35 40
Days
Elo rating
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= Deep Reinforcement Learning : Game Agent
* OpenAl Five(Dota2)

CPUs

GPUs

Experience collected

Size of observation

Observations per second
of gameplay

Batch size

Batches per minute

. Beat Top Progammer Team(0.002%)

OPENAI1V1BOT

60,000 CPU cores on
Azure

256 K80 GPUs on Azure

~300 years per day

~3.3kB

8,388,608 observations

OPENAI FIVE

128,000 preemptible CPU
cores on GCP

256 P100 GPUs on GCP

~180 years per day (~900
years per day counting
each hero separately)

~36.8 kB

75

1,048,576 observations

~60
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= Deep Reinforcement Learning : Game Agent
 AlphaStar(StarCraft II) : Beat Top Progammers

~
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Neural Network Activations

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



Dubbed GauGAN



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

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

» BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, 2018
» Neural Architecture Search with Reinforcement Learning, 2016

» Video-to-Video Synthesis, 2018

» Large scale gan training for high fidelity natural image synthesis, 2018

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

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

» http://cs231n.stanford.edu/

» https://openai.com/blog/openai-five/

» https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/
> https://www.youtube.com/watch?v=DcOPQINQhGY

» https://www.youtube.com/watch?v=rNh2CrTFpm4&t=1486s

» https://www.youtube.com/watch?v=0dpjk7 tGYO&t=522s

» https://www.shakirm.com/papers/VITutorial.pdf

» https://www.youtube.com/watch?v=KYA-GEhObIs&t=1335s
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http://cs231n.stanford.edu/
https://openai.com/blog/openai-five/
https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/
https://www.youtube.com/watch?v=Dc0PQlNQhGY
https://www.youtube.com/watch?v=rNh2CrTFpm4&t=1486s
https://www.youtube.com/watch?v=odpjk7_tGY0&t=522s
https://www.shakirm.com/papers/VITutorial.pdf
https://www.youtube.com/watch?v=KYA-GEhObIs&t=1335s
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