@ .. l’e-Dj. C
b for Desig
A :‘ Currently at C

»
\

i
:ﬁf

' Y

.

g 17 ':‘0;"“ '

pratglidid

epirpiniym®

lf'.'ll;;;
3[:53: ¥

-
P
" »
i
-
‘u
b
\g
.
‘.
e o |
Jmi
—— .
J
-
o-¢ -
- .
ST
‘ R

J o
5 Ay
L
"‘.'ughgs"
c ' .\\ '
DL N
TR A
.0 ':\:"
Pl ~“=
> TN :"u
P X3S \'l.
.’:v- “.l
gyl R
ol I .‘a'
!“'~ X ) B
N oy
';-'T:: 1)
P



chnowledgements

1.  DCGAN Tutorial by Nathan Inkawhich https://github.com/inkawhich

2. Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller

3. Many many referenced in the slides


https://github.com/inkawhich
https://architecture.mit.edu/subject/spring-2020-4453

ﬁousekeeping & Troubleshooting

1. Did you upload your dataset to your GDrive?

2. Deciding your project and making your own Dataset:

What’s your progress?
GO TO: https://bit.ly/contacts-gsdai



https://bit.ly/contacts-gsdai

Data Model Project (Workshop)

Latent Space
Exploration #1

1. Collection 1. Choosing a Model
Interpolation
Animation
Latent Space
2. Curation 2. Training a Model Exploration #2

Interpolated Grid

Latent Space

3. Processing Exploration #3

Vector Arithmetic



Model

1. Choosing a Model

DCGAN

2. Training a Model

Workshop



1.1
Workshop

1.2
DCGAN

1.3

Deep Learning Models

Google CoLab

DCGAN Training Set-up

What is GAN?
Code Walk-through

Different Types of GAN

Types of Machine Learning

Unsupervised Learning
vs.Supervised Learning

GAN vs. CNN vs. RNN

Troubleshooting Session (30 min)



1.1
Workshop

Google CoLab

DCGAN Training Set-up



Workshop

GO TO: Google Drive > jterm > class > class 03 >

Workshop 3 Outline
Copy dcgan_train_128.ipynb



https://docs.google.com/document/d/1TnUZtw8mpVRyYePUZJ1LtflWhZqd85B69nYz8A10SL8/edit?usp=sharing

1.2
DCGAN

What is GAN? DCGAN?
Code Walk-through

Different Types of GAN



What is GAN?

——————————————

unit gaussian

generative

model
(neural net)

generated distribution

true data distribution

p(x)

image space

oss|

image space

Generative Modeling

10



What is GAN?

generated distribution true data distribution
A
X :
unit gaussian Pix) px) A
generative
model
z (neural net)

Figure 3.9
Areas under the normal curve that lie between 1, 2, and 3
standard deviations on each side of the mean

68.3% of data

L....
/|

‘ 99.7% of data

\

L
:

Generative Modeling


https://docs.google.com/file/d/1HirjjDGcufXLxer9ZyCZf1FqQjs6rb41/preview

What is GAN?

Training set V

Random
noise

L
7

Fake image

Discriminator

Real

="

DCGAN Architecture (Generator)
From Unsupervised Representation Learning with Deep

Convolutional Generative Adversarial Networks



https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

What is GAN?

Latent random variable

Real Data Samples

Discriminator

Condition

Is it correct?

Generated
fake samples

Generator

Fine tune training

DCGAN Architecture (Generator)

From Unsupervised Representation Learning with Deep

Convolutional Generative Adversarial

Networks



https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

What is GAN?

Generative Adversarial Networks

D(x) 0/1
(fake/real)
true data x —
(minibatch/subset of data) discriminator D
(neural
network)
generator G(z) = D(G(2)) ‘i 0/1
(neural ake/rea
network) .
latent vector z blnary cross-entropy
(minibatch) discriminator wants D(x) = 1

|
min max V(D, G) = Egnpy )108 D()] + Exnp, () lg(1 = D(G(2)))]

discriminator want D(G(z)) =0
generator wants D(G(z)) = 1 (=fool the disc.)

Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller



https://architecture.mit.edu/subject/spring-2020-4453

What is GAN?

Generative Adversarial Networks | Convergence

discriminativ
true dist.

v '
OV

generative

Y/

latent space

.
REE P

Wil

(b)

AN

(©) (d)

Goodfellow et al., 2014

Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller


https://architecture.mit.edu/subject/spring-2020-4453

What is GAN?

Generative Adversarial Networks | Understanding Training

GAN Lab

Data Distribution ; Epoch
(o] S ° AL 000,812

{9 Use pre-rained model

MODEL OVERVIEW GRAPH  #* LAYERED DISTRIBUTIONS METRICS

e —

Gene!alor o Samples Discriminator % Prediction of

Gradients [ Discriminator's Loss

B Generator's Loss
08

06 |
04|
02|

0-}
0 1 2

R

[ KL Divergence (by grid)
[l Js Divergence (by grid)
10
08|
06|
04|
02
(|-

Samples

Each dot Is a 2D data sample: real samples; fake samples.

iscriminator's classifications.

al; those in purple regions likely fake

Background colors of grid cells repre:
Samples in green regions are likely to

Gradients [

Manifold represc
Opacity encodes density: darker purple means more samples in smaller area

ansformation results from noise sp

GAN Lab, Kahng et al., 2019

https://poloclub.qithub.io/ganlab/
Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller



https://poloclub.github.io/ganlab/
https://architecture.mit.edu/subject/spring-2020-4453

What is DCGAN?

Training set

Random
noise

Generator

—/“ Ake image

DCGAN Architecture

Discriminator

From Unsupervised Representation Learning with Deep

Convolutional Generative Adversarial Networks

=

Real
Fake


https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

What is DCGAN? (Generator)

1024
A

r

100 z -4

4

Stride 2 16

Project and reshape

CONV 2

CoNva -
G(2)

DCGAN Architecture (Generator)
From Unsupervised Representation Learning with Deep
Convolutional Generative Adversarial Networks



https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

What is DCGAN? (Discriminator)

64

CONV1

128

CONV2

256

STRIDE 2 IN ALL LAYERS
CONV3

Discriminator

DCGAN Architecture (Discriminator)
From Unsupervised Representation Learning with Deep

512

1024

CONvV4

CONV5

Convolutional Generative Adversarial Networks

f(x)

D(x)


https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

Workshop

Back to the Code: dcgan_train_128.ipynb

20



1.3

Deep Learning Models

Types of Machine Learning
Convolution?

Unsupervised Learning
vs.Supervised Learning

Troubleshooting Session (30 min)



What is Machine Learning?

Machine Learning, Explained
from


https://www.facebook.com/watch/?v=10154673882797200
https://docs.google.com/file/d/1iN6Q25SVmTdX-QJZiVmCLZrjrH-N9ANz/preview

What is DCGAN?

Training set

Random

—

Generator

N\

—
—»

%ake image

DCGAN Architecture

Discriminator

Real

— {Fa ke

From Unsupervised Representation Learning with Deep

Convolutional Generative Adversarial Networks



https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

What is DCGAN?

Convolutional Filter

Original Filtered
i

1/6 0 —1/6

1/6 0 —1/6

1/6 0 —1/6
"""""" Convolution

Edge Detection

Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller



https://architecture.mit.edu/subject/spring-2020-4453

What is DCGAN?

Convolution (Cross-Correlation)

1,1, 1, KN
Ox;l 1x1 1x0l 110 4 Parameters:
ofof1|1]1 S
0 0 101 0 Padding p
o[1]1]0]0 nemef
itizige Convolved s
Feature

Image: Wikipedia

Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller



https://architecture.mit.edu/subject/spring-2020-4453

What is DCGAN?

Generative Adversarial Networks | Transpose Convolution or Fractionally Strided Convolution

out out
in in
convolution transposed
no padding convolution
stride 1 no padding

stride 1

Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller

Dumoulin & Visin, 2016


https://architecture.mit.edu/subject/spring-2020-4453

What is DCGAN?

Generative Adversarial Networks | Transpose Convolution or Fractionally Strided Convolution

no padding no padding padding
stride 1 stride 2 stride 2

Dumoulin & Visin, 2016

Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller



https://architecture.mit.edu/subject/spring-2020-4453

What is DCGAN?

Input image

Latent Space ot
"~._ Representation s

DCGAN Architecture
From Unsupervised Representation Learning with Deep

Convolutional Generative Adversarial Networks

Reconstructed image



https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

What is DCGAN?

DCGAN Architecture
From Unsupervised Representation Learning with Deep

Convolutional Generative Adversarial Networks



https://arxiv.org/abs/1511.06434
https://arxiv.org/abs/1511.06434

Workshop

Back to the Code: dcgan_train_128.ipynb

30
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Weural Networks

A mostly complete chart of

Q Backfed Input Cell N e u ra l N etWo r kS Deep Feed Forward (DFF) Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)

- Input Cell ©20716 Fjodor van Veen - asimovinstitute.org = -, u>2\ 6 \J—"\G - O
B o /A\\\'l// \ a o " N A T~
. Moisy InputCell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) "“.‘?}:”‘2’ V><‘ A/V\G v><:/\6/\ /\6/\1
@ Hidden Cell @ i 2 f‘? ",:zz"‘ (A s :>:Q<:: 3 :i:\>©: /:<::>:
A>. = = & \'/).\\', = o _ © g @ P O

’ Probablistic Hidden Cell 8 S O o N Q\/\ *V\A/Q NP,
T 0 e o

. Spikitig Hidden Cell Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)
[ [ o o)

. Output Cell i =

. Match Input Output Cell

Generative Adversarial Network (GAN) Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

B g e
e AR

. Recurrent Cell

@ vemory cet Auto Encoder (A€)  Variational AE (VAE) Denoising AE (DAE)

. Different Memory Cell

Kernel Deep Residual Network (DRN) Kohonen Network (KN) ~ Support Vector Machine (SVM)  Neural Turing Machine (NTM)

)\

MRk 3

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN) =

Convolution or Pool

©

s »’OAQ‘« .'OAQ‘, o
0 B 0y B
\wZa v/

@ .©

The Neural Network Zoo by the Asimov Institute



https://www.asimovinstitute.org/neural-network-zoo/

Types of Machine Learning

Machine Learning

Machine Learning
(giant fancy regression)

]

-4
2
supervised learning unsupervised learning reinforcement learning
learning based on input and learning based solely on input learning based on environment
output data data information and rewards
‘predict stuff’ ‘understand stuff’ ‘teach stuff’ / make decisions
¥ ® [ 3 ®

Creative Machine Learning for Design by Dr. Danhaive and Prof. Mueller



https://architecture.mit.edu/subject/spring-2020-4453

T_ypes of GAN

GAN 200
https://qithub.com/hindupuravinash/the-gan-zoo

Tour of GAN models
https://machinelearningmastery.com/tour-of-gene

rative-adversarial-network-models/



https://github.com/hindupuravinash/the-gan-zoo
https://machinelearningmastery.com/tour-of-generative-adversarial-network-models/
https://machinelearningmastery.com/tour-of-generative-adversarial-network-models/

T_ypes of GAN: CycleGAN

Monet T Photos ) Zebras T Hor ) Summer T Winter

zebra —» horse

horse — zebra

Van Gogh ) Cezanne Ukiyo-eﬂ

Photograph

Unpaired Image-to-lmage Translation using Cycle-Consistent
Adversarial Networks

Gentle Introduction to CycleGAN



https://arxiv.org/abs/1703.10593
https://arxiv.org/abs/1703.10593
https://machinelearningmastery.com/what-is-cyclegan/

Types of GAN: “Pix2Pix”

Labels to Facade BW to Color

Labels to Street Scene

input ] out

input output
Edges to Photo

input output

Image-to-Image Translation with Conditional Adversarial Networks

Gentle Introduction to Pix2Pix



https://phillipi.github.io/pix2pix/
https://machinelearningmastery.com/a-gentle-introduction-to-pix2pix-generative-adversarial-network/#:~:text=Pix2Pix%20is%20a%20Generative%20Adversarial,presented%20at%20CVPR%20in%202017.

T_ypes of GAN: StyleGAN
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Modern-to-Baroque Floor Plan Translation | Source: Author

A Style-Based Generator Architecture for Generative Adversarial
Networks

Gentle Introduction to StyleGAN

Al and Architecture: Experimental Perspective by Stanislas Chaillou



https://arxiv.org/abs/1812.04948
https://arxiv.org/abs/1812.04948
https://machinelearningmastery.com/introduction-to-style-generative-adversarial-network-stylegan/
https://towardsdatascience.com/ai-architecture-f9d78c6958e0

Weural Networks

Shark or Baseball? Inside the ‘Black Box’ of a Neural Network

New research from Google and OpenAl offers insight into how neural networks "learn" to identify images.

Using an "activation atlas.” researchers can plumb the hidden depths of a neural network and study how it learns visual concepts. CARTER ET AL

Google DeepDream



Weural Networks

Google DeepDream



Workshop

Back to the Code: dcgan_train_128.ipynb

39



Wext Week...

We will begin with Training Show & Tell
Each group/individual presents the results for 1~2min






