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Introduction

* Process of Training

—> Real(Kurt Cobain)
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Introduction

* Process of Training

—> Fake(Not Kurt Cobain)
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Introduction

* Process of Training

—> Real(Kurt Cobain)

Noise ——>

: Supervised (Real or Fake)

=& | Unsupervised

Latent code
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Introduction

 Final Goal

“Generative Adversarial Networks”

Noise ——> ——— > Kurt Cobain
Goal Method

Latent code

A

pdata (X) pg (X)

Y
Y
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Paper review

e Adversarial nets

minmaxV(D,G) =E,_, [l0gD(X)]+E,., »llog~D(G(2)))]

| cf. Log(x)
Real case EX~ pdata(x)[ 0]0) D(X)] should be 0 A 1;/ )
1 i -
Fake case E,_ 0,(2) [log(1— D(G(z)))] shouldbeo (i
X\O |
Real case EX~ Bgata (X) [Iog D(X)] should be negative infinity
0 ' :
N D perspective, .
Fake case E,. ) (Z)[Iog(l— D(G(z)))] should be negative infinity It should be maximum.
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Paper review

e Adversarial nets

minmaxV(D,G) =E,_, [l0gD(X)]+E,., »llog~D(G(2)))]

Generator

cf.

Smart G E._ [Iog(l— D(G(Z)))] should be negative infinity . Log(x)
2~ p,(2) Ao

p > S
1 |
Stupid G E,., »[10g(—D(G(z)))] shouldbeo (
>\ :

0

7 G perspective,
it should be minimum.
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Paper review

e Adversarial nets

Algorithm 1

for number of training iterations do
for £ steps do

A R e Sample minibatch of m noise samples {z(*), ..., (™)} from noise prior p, (z).
' A ) o e Sample minibatch of m examples {:13(1), . ,m(m)} from data generating distribution
L pdata(m)-
////// / ‘ ////// / e Update the discriminator by ascending its stochastic gradient:
z 1 & _ _
Vo, — Z [logD (m(t)) + log (1 - D (G (z(?’))))] :
m 4
(a) (b) i=1
N end for
. e Sample minibatch of m noise samples {z(1), ..., 2(™)} from noise prior p,(2).

e Update the generator by descending its stochastic gradient:

o Yow (1= (6 (=)

end for
//// l\\\ //// ‘\\\\ The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tum 1n our experiments.

5
.
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Paper review

 Theoretical Results

1) Global Optimality of Py = Pyata

Proposition 1. For G fixed, the optimal discriminator D is

Dé (X) — pdata (X)
Poata (X) + Py (X)

/
pdata (X)

.
>

\/
/\ \

Proof. The training criterion for the discriminator D, given any generator G, is to maximize the quantity V (G, D)

V(G,D)=E,_, [log(D(x))]+E,_,

- -.x Pdata (X) |09(D(x))dx +

llog(1-D(G(2)))
| p.(2)log(L- D(G(2)))dz
> X=G(z)

= [ P (9 10g(D(O)dX +

= | Paaa () 109(D()) + P,

Py (x)log(L— D(x)dx

(x)log(L— D(x))dx

2019-04-09
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Paper review

 Theoretical Results cont.
1) Global Optimality of Py = Pyata
= Lpdata(X) log(D(x)) + p, (x) log(1— D(x))dx

Puaa (X) 109(D(X)) + p, (X) log(L— D(X)) —— Maximize
Substitute pdata(X) =4a, Py (X)=b, D(X)=Yy

alogy+blog(l-y) Paper review
+ Theoretical Results
y _ d D (X) _ pdata (X) M 1) Global Optimality of 7, = . .
a + b pdata (X) + pg (X) Proposition 1. For G fixed, the optimal discriminator D is /
D (x) = Para(X) / \\
T Pan(0)+ (%) f :

14
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Paper review

 Theoretical Results cont.
1) Global Optimality of Py = Pyt

C(G) =maxV (G, D)

~E,_. |logD;(|+E,, logl-D;(G(2))]

X~ Pdata 2= P,

~E__ |logD.(x)]+E,_. [loglt-D;(x))

X~ Pdata X~ Py

=E,_, |:|Og Paaa (X) i| +E,, |:|OQ i & :|
- pdata (X) + pg (X) ’ pdata (X) T pg (X)

15
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Paper review

 Theoretical Results cont.

1) Global Optimality of Py = Pyata

Theorem 1. The global minimum of the virtual training criterion C(G) is achieved if and only if Py = Pgaa At that point, C(G) achieves the
value —log4

Proof.

C(G)=E,,,. [logD; (\)]+E,_, [logL-D; (x))]

1 1 1
—Ellog= |+ E|logl-==) | =log==—1loqg4
[092} [og( 2)} 094 0g

C(G)=-log4+log4+ Ex~pdata{log P (X) }+ EH{Iog Py (%) }

pdata (X) + pg (X) pdata (X) + pg (X)
=—log4+10g2+10g2+ ) P (X)log Peata (X) +> py(x)log Py ()
x Pawa () + P (1) 5 ° Peeca (X) + Py (X)

16
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Paper review

 Theoretical Results cont.

1) Global Optimality of Py = Pyata

pdata(x) pg (X)

=—log4+log2+log2+ ) py..(X)log +> p,(x)log
; dt pdata (X) + pg (X) ; ’ pdata (X) + pg (X)
pdata(x) pg (X)
=—log4+ X)lo + X)lo
94+ 2. P 00100 6y 9,60 2P (9195 60+ b, 09
2 2
_ |Og 4+ KL( pdata (X) ” pdata (X) + pg (X)j n KL( pg (X) ” pdata(x) + pg (X)j _of
2 2 Kullback-Leibler divergence

P
KL(P[|Q) =Y P(i)log—
(PlIQ) Ei () OQQ(i)

Jensen—Shannon divergence

=—1log4+23SD(pywa (X) | P, (x)) if ISD =0, then —log 4

JSD(P(|Q) =S KL(PI| M)+ ZKLQIM)

17
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Paper review

 Theoretical Results cont.

2) Convergence of Algorithm

Proposition 2. If G and D have enough capacity, and at each step of Algorithm 1, the discriminator is allowed to reach its optimum given G, and Py
Is updated so as to improve the criterion

E,p,.. 109 Dz () ]+ E,_, [log(1-D; (x)]

then p, converges t0 Pyaa

18



Paper review

Theoretical Results cont.

2) Convergence of Algorithm

Proof.

2019-04-09

— cf.
Convex function

ftx+@-t)y)<tf(xX)+(@1-t)f(y)
t:[01]

tfix)+ (1 = 1) fiv)
fiv)

ftx+(1-1)y)

| fix) b

Convex . Non-convex

X px+{I-iy

—— .’

“No line segment lies below the graph at any point.”

-

}'.

Consider V(G,D)=U(p,,D) as a functions of p, as done in the above criterion. Note that U(p,, D) is convex in Pq

The subderivatives of a supremum of convex functions include the derivative of the function at the point where the maximum is attained.

if f(x)=sup,.,f,(x) and f (x) isconvex in xforevery «, then (of,(x)edf)if f=argsup,., f,(X)

f (X) = SupaeAUa(pg ' D)

This is equivalent to computing a gradient descent update for P, at optimal D given the corresponding G

supp, U (pgy. D) is convex in Py with a unique global optima as proven in Thm 1, therefore with sufficiently small updates of Py, Py converges to Pua,

concluding proof.

— cf.

supremum
HEb7 HS A &2

= ®Ch 3L 2
= a<h O|® b=

AA
ke
Skl

ol Mets Uk ot Ue [~/ S

A
ot

e

ujn

A2l ZA

=
F A2l A7 (Upper bound)2t $tCH TH aEA

|2t St 10 supAgt 22t

(http://mathnmath.tistory.com/27)

“The only
real valuable
thing is

intuition.”

-Albert Einstein


http://mathnmath.tistory.com/27
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* Experiment
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Configuration

 Deep Learning Framework

theano

Caffe " lorch

Written in : Python Written in ;: C++ Written in : C, Lua
Nov. 2010 Interface : Python Dec. 2013 | Interface : Python, MATLAB, C++ Jul. 2014  Interface : C, Lua
i T &
¥ Keras ensor PYTORCH
Written in : Python Written in : C++, Python, CUDA Written in : Python, C, CUDA
Mar. 2015 Interface : Python, R Nov. 2015 Interface : Python, C/C++, Java, Go, R, Julia Oct. 2016 | Interface : Python
x\ Recommend to choose these framework
+ DL4J(Java)
W) Caffez Chainer(Python)
MXNet(C++, Python, Julia, MATLAB, JavaScript, Go, R, Scala, Perl)
Written in : CNTK(Python, C++),
Apr. 2017 | Interface : Python, C++ TF Learn(Python)

TF-Slim(Python)
Etc.
21
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Configuration

 Language

EIimination:m m m

22
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Configuration

* Development Tool

®
OA - Intellisense . : Startlip file
jupyter Dil Visual Studio

o

: Cell based execution . . Intellisense
: Management of python env.
: GitHub
~Altoolpackage

. Intellisense
~Extension program : Environment setting
. Intellisense : Insane extension program

: Cell based execution
: Management of python env.

23
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Configuration

* CM(Configuration Management) Tool

Very personal opinion

* Kk

‘ Version management
|

‘ Markdown(.md) % % Kk ¢

/
‘ Integration with development tools. R $. 8.8 %
4

24



Configuration

* CM(Configuration Management) Tool

GitHub - forkst CF20]|=2?

e Pull Pull
() msmsestoy sear Exp: gE“OlE iaﬂyChGUWU.'boak . %I:-IlolE

osrg / ryu-book ‘ ik - [LH EEIITETE'I]
Dascription \

Stal..)

BEN b bench master > ryu-book / + s DO e

ﬁ B branch localization/k... =  ryu-book / + PUSh

ko reflecting ja changes from afd4a71& 1o Beliblc

#4 lanychoi sutharad on 7 Feb

: . : . O'EE =
. an en rest_qos. Add English description for Qo This branch is even with os7g:mastes . ﬁ
- i rest_ges: Fix Iypos ko: reflacting ja changes from ar49715 fo eel7blc

;‘; iamychoil authored on 7 Fetb

M en en: rest_gos: Add English descriptior

Fork= =1L} 7p=8H | E}_
J2{Lt =L} O] HAAS HIA| 2 0| M5t A2

2019-04-09
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Configuration

CM(Configuration Management) Tool

T

Commits on Jul 5, 2018

ChAl =7
e

rivergang committed a day

start change
s
regression 7}

kurt committed 2 days ago
P

kurt committed 2 days ago

4

|
o
o

A
e 4

kurt committed 2 days ago

ALE Hyorz

kurt committed 2 days ago

Commits on Jul 4, 2018

Tutorial test 8& md test

"4*" rivergang committed 2 days ago

Commits on Jul 3, 2018

Test1
o=

rivergang committed a day a

ago

rivergang committed 3 days ago

<- Revision history

VS 2017 ->

O Welcome to GitHub for Visual Studio! Why

not take a look at our training or

documentation?

3] Tutorialsin | T

a:
b =

print

X = a.new_ones

print(x)

h.randn_like(x, dtype=

lab01.py ® X

2019-04-09



Configuration

* CM(Configuration Management) Tool

ReadMemd + X
1.1 [Install]
EPyTorch Tutorial

0| SFECE
e [Install]

1. A1acc:nda Install
* IO|M 3.64 2.7

£

*xconda c1 eatex*= 24

=+ StZYH, _python= o]
**actlvate**— ol 2E=

i

AZIHO 2 pyTorch= 5_7‘
7|E|‘ £|-7:| \-Iz| I:II-I:H(; 3|_|
'(I'I'

e
(65

L
rx ol

xrir

fou
0x
foli
oI
L

ol

|'|.| lorx ':'E
o

U0l
(=]l

DEFIFHI-

ol
o

o =
PvTc:1ch°| &35 numprf
*=xtorchvision**2 Elo'd

(=]
-

al»
=T
=L
D —
x

bz

&
Ao
Bt

=

x AMHOZ AM3z|s

python
import torch
print (torch.tensor (

x ~(tc)&= 2

. PyTorch 0t OfL]|2} Tensorflow
||I.|-_ SAMY 2AEL

**conda env 115
”FEHE im = HHWLPP_'— ol n01

HULEH (PyTorch)chd Z20| &|OFRILICEH. 2FOF (base)ctal

PyTorch Tutoria

« O] FEZ|EE SAAM0EE B0 Fgotd gL

(https://pytorch.org/tutorials/index.html)

[Install]

1. Anaconda Install

I}o| M 360t 27 & |ote HEE CHREESL CH

(https://www.anaconda.com/download;/)
- J-H CtIT AElS

=/2 Python 3.6 vesrion(64bit) 7|22 2 &5} FH&LICH

Anaconda 5.2 For Windows Installer

2019-04-09

Python 3.6 version * Python 2.7 version *

4 Download or L Download

2. PyTorch Install

« OfLtECH

[H

EZEES M¥slD, ofgfo] BEE 2 sHA 1.

o

conda create -n PyTorch python=3.6
activate PyTorch

conda install pytorch cuda®® -c pytorch
pip install torchvision
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Experiment

* Flowchart
Y v
Data Fake Image
| |
Y
Train D
Train G

end

28
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Experiment

 Flowchart

Data Noise

Train D ‘ Generator

]

Y

Discriminator

|

Results —

90

91
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Experiment

 Flowchart

Noise

'

Generator

l

Discriminator

|

Results _l_) .

Train G

30
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Experiment

Implementation

Import

Parameter

Data load

Range

Discriminator

Generator

GPU

Optimizer

Train the D

Train the G

Import
= Qo 210| 22| E importSiLt.

« torch : tensorLt network =8 T8 517 95t 2to|E 22|
+ torchvision : dataset& Zt2|&H=0| 2 a5t 2H0| E 22|
+ os:file pathE =2{ 27| g[¢t 2t0[E&{2]

import torch as tc

import torch.nn as nn

import torchvision

import torchvision.transforms as transforms
from torchvision.utils import save_image
import os

Parameter

50| 2% 0|0|X| 27| U ME =, hyper parameterS A7 sIC}

result_path : § & E|l= ZZ0|CH 8|2 THY 2! 'GAN_Simplepy 2t Z2 ZZ0] 'simple'0|2tE EH 7} X8} ofstCh(=H
7ts)

img_sz : 0|0|X] 27|0|C}t & 7| M= MNISTO| 2 Z(28x28x1)2| 3 7|& At2%tCt

* noise_sz : Generator®| Y22 =0 X|& latent codel| 3 7|0|CH(EHE 7t5)

+ hidden_sz : Hidden Layer®| 3 7|0|CH(ZHE 7}5)

batch_sz : B§X| 27|0|C (=2 7t5. MNIST2] & HI0]H 7i=7} 60,0000| 22 0]0] Lt+0] EO{X|A| =Z= s} OFStLt)
nEpoch : 0| Z Z==0|CH(FEHE 7H5)

nChannel : Xf '€ 37| 0|Ck. MNISTO| 22 10|CF

« Ir: & E(Learning Rate)O|CL (= 7}5)

result_path = "simple’
img_sz = 784

noise_sz = 188
hidden_sz = 512
batch_sz = 1@@

nEpoch = 388

nChannel = 1

(https://aithub.com/rivergang/PyTorch GAN) 31
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Experiment

* Implementation(Import, Parameter, Data load)

32
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Experiment

* Implementation(Range, Discriminator, Generator)

33
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Experiment

* Implementation (GPU, Optimizer)

loss func = tc.nn.BCELoss()
d opt = tc.optim.Adam(D.parameters(), lr=1r)
g opt = tc.optim.Adam(G.parameters(), lr=1r)

34



for ste images

Experiment

Implementation (Train the D)

in_range(nEpoch):

in enumerate({dataloader):

images = images.reshape(batch sz, -1).to(device)

z - tc.randn{batch sz, noisc sz).to{device) I

real label
fake label

tc.ones(batch sz, 1).to(device)
tc.zeros({batch sz, 1).to(device)

loss func({D(images), real label)
loss func(D{G(z)), fake label)

loss real
loss fake

d loss = loss _real + loss fake

d opt.zero grad()
d loss.backward()
d_opt.step()

2019-04-09

Reshape(28*28*1->784)
Images(batch=100)

/\

28
ek | [ ][ [ ] ]
ENEEEE

s~
— co~

Noise(z)

AN

[oNeN



Experiment

* |Implementation (Train the D) - cont.

for ep in range(nEpoch):
for step, (images, ) in enumerate(dataloader):
images = images.reshape(batch sz, -1).to(device)
z = tc.randn({batch_sz, noisc_sz).to(device)

real label
take label

tc.ones(batch sz, 1).to(device)
tc.zeros(batch sz, 1).to(device)

loss func({D(images), real label)
loss func(D{G(z)), fake label)

loss real
loss fake

d loss = loss _real + loss fake

d opt.zero grad()
d loss.backward()
d_opt.step()

Noise(z)

Reshape(28*28*1->784)

7 7
8 8
4 LI 4

100

Generate

G2

2019-04-09

Label
Real Fake
Discriminate Loss
~— | X/ \Loss
D(Images) Real

D(Fakes) \/ :;giz

36



Experiment

* |Implementation (Train the D) - cont.

for ep in range(nEpoch):
for step, (images, ) in enumerate(dataloader):
images = images.reshape(batch sz, -1).to(device)
z = tc.randn({batch_sz, noisc_sz).to(device)

real label
take label

tc.ones(batch sz, 1).to(device)
tc.zeros(batch sz, 1).to(device)

loss func({D(images), real label)
loss func(D{G(z)), fake label)

loss real
loss fake

d loss = loss _real + loss fake

d opt.zero grad()
d loss.backward()
d opt.step()

Discriminate

D(Images)

D(Fakes)

Loss
Real

Loss
Fake

Update

Loss

2019-04-09
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Experiment

* Implementation(Train the G)

fake_images = G(z)
g loss = loss func({D(fake images), real label)

g opt.zero grad()
g loss.backward()

g opt.step()

Noise(z) Label
Generate Discriminate
Loss
‘A—> (1)/\1 G(z) ~——__, D(Fakes) LC;SS .
0
Real
Update

38
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Experiment

. Result#3 (CIFAR10)

"
—

e

—1 |y

Real

41
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Summary

Generative Adversarial Network is composed the generator model and the discriminator.
When training the discriminator, the parameters of the generator should be fixed and vice versa.
The global minimum of the training criterion is achieved if and only if Py = Pyat .

The generative distribution converges to the data distribution.

42



Future work & Reference

DCGAN (based Conv. layer, optimal training network)

~ AEMAE (encoder & decoder)
INfoOGAN (meaning of latent vector)
Unrolled GAN (problem of instability) . f.GAN
LSGAN (Loss) « Energy based GAN
Wasserstein GAN (\Wasserstein distance) +—U-Net
BEGAN (equilibrium concept) T

~ Pp2Pix

Disco GAN (cross domain relation)
Cycle GAN (cross domain relation)

2019-04-09
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Appendix

 Whatis Pythonic?

1. CollectionO]| &= 2|2 E 0 CH8H Loop= = LH:

Index 2 C+= Element
Ok: Index

colors = ['red", "green', 'blue’,
for i in range(len{colors)):

print(colors[i])

Good: Elements

for color in colors:

print(color)

'yvellow']

2019-04-09

2. Lloop= AP R = If:

Index 2 C}= Reverse
Not Good: Index

colors = ["red', 'green', 'blue', 'yellow']

for i in range(len{colors)-1, -1)}:

print(colors[i])

Good: Reverse

for ceolor in reversed(colors):

print(color)

(http://devdoggo.netlify.com/post/python/python_technigues/)

46
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Appendix

TS

IS

TS

IS

[gaen] or [gAn]

stirlng_archer 2 points - & days ago

I've anly ever heard people pronounce it [geen] across a few dialects of English.

Reply Share Report Save Give gold

visarga 2 points - & days ago
I pronounce it "gan" but I am not a native English speaker.
Reply Share Report Save Give gold

pumpkinl08 1 point - 4 days ago
Like gun
Reply Share Report Save Give gold

CQQML 1 point - 1 dayago
most people read it as [gaen ] in china

Reply Share Report Save Give gold

4+

4+
¥

chisai_mikan 2 points - 5 days ago

¥ JAN

Reply Share Report Save Give gold

swegmesterflex 1 point - 4 days ago
Jane
Reply Share Report Save Give gold

4 Surextra 14 points - 5daysago
¥ Hard G, rhymes with van. That's how lan Goodfellow pronouces it anyway.

4+
¥

Reply Share Report Save Give gold

samclifford 19 points - & days ago
*loodfellow

Reply Share Report Save Give gold

4 FuturelzsMine 2 points + 4 daysago
¥ HeyJood......
Reply Share Report Save Give gold

2019-04-09
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