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Using a Trained GAN

»  Trained GAN >~

sample realization from
canonical distribution

Put “noise” into the model and it generates real-world images as
determined by the training set!

Very realistic high-resolution results have been obtained



We Touched on GAN Results Briefly Already

https://thispersondoesnotexist.com

not real people — output of a GAN driven by random noise!

© Keith M. Chugg, 2020


https://thispersondoesnotexist.com

How Can We Use GANS?

Al version of | synthetic data to train
“paint” (Nvidia Video) Video games networks
(avoid the labeling problem)

super-resolution
(enhance images)

style transfer


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

Basic Ildea of GANSs

TensorFlow: Deep Convolutional GAN

First Many attempts Even more

attempt later attempts later

N

GENERATOR
“The Artist”

A neural network tryingto " GENERATOR
create pictures of cats that

W .

look real.
Thousands of real-world
A . ~ N ,
images labeled "CAT GENERATOR GENERATOR GENERATOR
DISCRIMINATOR
“The Art Critic”
A neural network examining —> DISCRIMINATOR ‘
cat pictures to determine if
they're real or fake. b- rg
T u ! DISCRIMINATOR ! 1 DISCRIMINATOR DISCRIMINATOR !

N X v

A generator network and a discriminator network are trained together

Generator: make fakes so well, the discriminator cannot tell them from real examples

Discriminator: classify fakes from real examples


https://www.tensorflow.org/tutorials/generative/dcgan
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

Training a GAN

discriminator
neural network

real data

@) "’{'b » “///ql - q\“’
23 » ) )
examples X D
. : fake
. U U U U [ Preal ]

uCOdeu or Z . U U U U f . blnary ClaSSIerI’
“latent” vector -

generator neural
network

Discriminator: input is mixture of real (r) and fake (f) input images,
trained as a typical binary classifier (i.e., binary cross entropy loss)

Generator: must be trained with a cost function that encourages the generator to
fool the discriminator and must backdrop through the discriminator



Training a GAN - Discriminator

W deomier labeling
0000 — [z fake <—> 0
-z { UUUU J f X (binary classifier) real < —> '1
Ch — CE ( ifake | | Prake ) standard binary cross-entropy
| freal | | Preal |

loss for binary classification

— _(greal 1Og preal) — (gfake log pfake)
| showing both (hard) labels and
_ {— log praxe = —10g(1 — prea) X is fake both probabilities for clarity

| = log preal X 1S real
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Training a GAN - Generator

discriminator
neural network

real data
examples

o 1000

generator neural
network

gfa,ke } { Preal })
Co = CE |
“ <|: Zreal Prfake

= — (greal log pfake) — (gfake log preal)

X

(binary classifier

(_ 1Og Preal x is fake

L log prake = — log(l — preal) X is real

this can be accomplished by labeling the
fakes as reals and using standard BCE!

000 - |

Pfake
DPreal

labeling
fake <—> 0
real <—> 1

trains the generator to fool the
discriminator — i.e., if standard BCE
~minimizes classification error, this
~minimizes classification accuracy

when training the generator, we only give
fake examples, so the loss is simply:

CG — lOg Preal




Training a GAN - All Together

ro Discriminator Training

discriminator
neural network

generate fakes and use reals, backprop
] only through the discriminator and update
the discriminator parameters

|
real data

examples e e et et e e e e e o e

(binary classifier)

- - Cp = —Vreal log prake — (1 — greal) log(l — preal)

generator neural
network

—_— forward computation

4¢—— Dback-prop. gradient computation
<4  parameter updates

discriminator
neural network

Generator Training

qenerator neura generate fakes, label as real, backprop
networe through the discriminator and update the
generator weights
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GAN — Code Examples

TensorFlow tutorial with tf.keras model definition

tf.keras example by overloading model.fit

blog post: using standard keras!

pytorch example from U Toronto CSC321

All of these generate fake examples of MNIST

12


https://www.tensorflow.org/tutorials/generative/dcgan
https://nbviewer.jupyter.org/url/www.cs.toronto.edu/~rgrosse/courses/csc321_2018/tutorials/tut9_GAN.ipynb
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd
https://machinelearningmastery.com/how-to-develop-a-conditional-generative-adversarial-network-from-scratch/
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd
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Aside: Conv2DTranspose layer

this is an “up-sampling” layer where the size of the output
image is larger than the size of the input image

left-to-right, top-to-bottom rastor scan
wo,0 Wo,1 Wo2 0wy wij : : : ,
0 woo wo1 wo2 0  wig , , , , ,
0 0 0 0 Wo,0 Wo,1 7 , , ) ; 3

0 0 0 0 0 wo,0

Figure 2.1: (No padding, unit strides) Convolving a 3 x 3 kernel over a 4 x 4
input using unlt strides (i.e., i =4, k=3,s=1and p=0).
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w20 W2,1 W22

0

matrix mapping (16 —> 4)

16 pixels —> 4

Ww2,0 W2,1 W22

If we use the transpose of the convolution matrix, it will map 4 pixels to 16 pixel

this i1s the conv2D Transpose operation

Dumoulin, Vincent, and Francesco Visin. "A guide to convolution arithmetic for deep learning." arXiv preprint arXiv:1603.07285 (2016).

13


https://arxiv.org/pdf/1603.07285v1.pdf
https://arxiv.org/pdf/1603.07285.pdf

© Keith M. Chugg, 2020

Aside: Conv2DTranspose layer

Figure 4.1: The transpose of convolving a 3 x 3 kernel over a 4 X 4 input using
unit strides (i.e., t =4, k=3, s =1 and p = 0). It is equivalent to convolving
a 3 X 3 kernel over a 2 x 2 input padded with a 2 x 2 border of zeros using unit
strides (i.e.,? =2, k' =k, s’ =1 and p’ = 2).

Example of 2D transpose Convolution corresponding to standard convolution on previous slide

Note: carefully inspecting the CNN backprop equations shows that the “transpose” filter is used in the reverse direction

aka: deconvolution and fractionally-stride convolution

Dumoulin, Vincent, and Francesco Visin. "A guide to convolution arithmetic for deep learning." arXiv preprint arXiv:1603.07285 (2016).

14


https://arxiv.org/pdf/1603.07285v1.pdf
https://arxiv.org/pdf/1603.07285.pdf
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GAN — Key References

Goodfellow, lan J., et al. "Generative adversarial networks."

Proc. 27th Int. Conf. Neural Information Processing Original GAN reference

Systems. 2014.

Goodfellow, lan J., et al. "Generative adversarial networks." NuerlPS Tutorial
Proc. 27th Int. Conf. Neural Information Processing
Systems. 2014.

Karras, Tero, et al. "Progressive growing of GANs for
Improved quality, stability, and variation.” arXiv preprint
arXiv:1710.10196 (2017).

First excellent high-res deep-
fake human faces

| also used the notes from here: https://www.cs.toronto.edu/~rgrosse/courses/csc321 2018/

15


https://arxiv.org/pdf/1710.10196.pdf?__hstc=200028081.1bb630f9cde2cb5f07430159d50a3c91.1524009600081.1524009600082.1524009600083.1&__hssc=200028081.1.1524009600084&__hsfp=1773666937
https://arxiv.org/pdf/1710.10196.pdf?__hstc=200028081.1bb630f9cde2cb5f07430159d50a3c91.1524009600081.1524009600082.1524009600083.1&__hssc=200028081.1.1524009600084&__hsfp=1773666937
https://arxiv.org/pdf/1710.10196.pdf?__hstc=200028081.1bb630f9cde2cb5f07430159d50a3c91.1524009600081.1524009600082.1524009600083.1&__hssc=200028081.1.1524009600084&__hsfp=1773666937
https://arxiv.org/pdf/1710.10196.pdf?__hstc=200028081.1bb630f9cde2cb5f07430159d50a3c91.1524009600081.1524009600082.1524009600083.1&__hssc=200028081.1.1524009600084&__hsfp=1773666937
https://arxiv.org/pdf/1406.2661.pdf
https://arxiv.org/pdf/1406.2661.pdf
https://arxiv.org/pdf/1406.2661.pdf
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd
https://arxiv.org/pdf/1701.00160.pdf%5D
https://arxiv.org/pdf/1701.00160.pdf%5D
https://arxiv.org/pdf/1701.00160.pdf%5D
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd
https://www.cs.toronto.edu/~rgrosse/courses/csc321_2018/

GAN — Challenges

Training GANs can be “finicky” since the generator and
discriminator need to get better together

If one gets “ahead” of the other, the training process will
degenerate into one “winning” — e.g., mode collapse

highly cited paper on improved techniques for training GANs

Salimans, Tim, et al. "Improved techniques for training
gans." Advances in neural information processing systems.
2016.

Arjovsky, Martin, Soumith Chintala, and Léon Bottou.
"Wasserstein GAN." arXiv preprint arXiv:1701.07875 (2017).

10


https://medium.com/intel-student-ambassadors/reducing-mode-collapse-in-gans-using-guided-latent-spaces-36f52a08a668
http://papers.nips.cc/paper/6125-improved-techniques-for-training-gans.pdf
http://papers.nips.cc/paper/6125-improved-techniques-for-training-gans.pdf
http://papers.nips.cc/paper/6125-improved-techniques-for-training-gans.pdf
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd
https://arxiv.org/pdf/1701.07875.pdf%20http://arxiv.org/abs/1701.07875
https://arxiv.org/pdf/1701.07875.pdf%20http://arxiv.org/abs/1701.07875

Generator Loss

Note On Generator Loss

You will often see the idea that the generator should use:

CG — _CD — greal log DPreal T+ (1 — Zreal) log(l — preal) — log(l — preal)

This comes from the original 2014 paper where GANs are formulated as
a minimax optimization, then they suggest the “flipped” loss | showed

—— Negative Discrimintor Loss
— Flipped Discrimintor Loss

Y

0.0

0.2

0.4 0.6 0.8 1.0
Discriminator output (prob(real))

Using the C_g = - C_d yields a low derivative when p_real is low
— I.e., when the generator is doing a poor job of filing the
discriminator

17



Outline for Slides

e Conditional GANs

o Style transfer with Cycle-GANSs
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Conditional GANs

Standard GANs can generate arbitrary fake examples of real
data — e.g., MNIST digits

but what if we want to generate an example from a specific
class — e.g., generate a fake MNIST “6”

Conditional GANs addresses this desire

Mirza, Mehdi, and Simon Osindero. "Conditional generative
adversarial nets." arXiv preprint arXiv:1411.1784 (2014).

19


https://arxiv.org/pdf/1411.1784.pdf,
https://arxiv.org/pdf/1411.1784.pdf,
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd

Conditional GANs

discriminator
neural network

select real data X
/ examples Pfake
c |

Preal

class index
blnary classmer

000 —

generator neural
network

the class index is passed as input to both the generator and
the discriminator — all else Is the same

© Keith M. Chugg, 2020
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Conditional GANs - Example

nice example using keras...

blog post: using standard keras!

(3 Machine Learning Mastery Click to Take the FREE GANs Crash-Course

Making Developers Awesome at Machine Learning

1 RN \ Search... Q

Get Started Blog Topics ~ EBooks FAQ About Contact

How to Develop a Conditional GAN (cGAN)
From Scratch

by Jason Brownlee on July 5, 2019 in Generative Adversarial Networks

3 CED D

Last Updated on July 12, 2019

i Welcome!
My name is Jason Brownlee PhD,

and | help developers get results
with machine learning.
Read more

Never miss a tutorial:

21


https://machinelearningmastery.com/how-to-develop-a-conditional-generative-adversarial-network-from-scratch/
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd
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Conditional GANs - Example, Generator
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Entire GAN

Conditional GANs - Example
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iIng standard keras!

blog post: usi

example fake fashion-MNIST generated by class
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Aside: Embedding Layer

word (text) word_index (int) embedding (vector)
T _ word _
» dictionary g criledting >
[ —1.32 ]
+2.13
“house” 992 Voo = 4.28
] 312 |
text from a vocabulary
of sizeV (e.g., int between | andV word embedding (vector)
V=10,000) (one-to-one) dim = D (e.g., 300)

wolf - dog + cat

wild

cahine feline

cat

domesticated

>

PCA used to reduce from D to 2 dimensions

We will discuss further
during NLP lecture



Aside:

word (text) word_index (int) embedding (vector)

dictionary word

\/

- embedding

“house” 92 Voy =

tf.keras.layers.Embedding(

\

[ —1.32 ]
+2.13
4.28

| —3.12

iInput_dim, output_dim, embeddings_initializer="uniform’,
embeddings_regularizer=None, activity_regularizer=None,
embeddings_constraint=None, mask_zero=False, input_length=None, **kwargs tf.keras

)

Embedding Layer

Can use in other contexts as well — e.g., the
class index embedding

Embedding Layer: basically a one-hot-encoder
followed by Dense layer

embedding layer must be first layer in network in

input_dim: vocabulary size (word embedding) or number of classes in GAN example

output_dim: dimension of vector space for the encoding (number of dense nodes)

© Keith M. Chugg, 2020



Outline for Slides

Generative models
GANs

¢ Sample code
Conditional GANs

Style transfer with Cycle-GANSs

28
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Style Transfer Using Cycle GANs

style transfer is taking the “style” of one image and mapping it to a target image

applying art styles, cartoon style, anime for images

change the voice of a speaker in audio

29
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Style Transfer Using Cycle GANs

Monet Z_ Photos Zebras T Horses Summer _ Winter

winter — summer

horse —» zebra

photo —>Monet

Cezanne

Phtgraph Van Gogh

Zhu, Jun-Yan, et al. "Unpaired image-to-image translation using cycle-consistent adversarial networks."
Proceedings of the IEEE international conference on computer vision. 2017.

30


http://openaccess.thecvf.com/content_ICCV_2017/papers/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.pdf
http://openaccess.thecvf.com/content_ICCV_2017/papers/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.pdf
https://colab.research.google.com/drive/1ZshwEPDDCHKZHkpmbVPvGoDEt1O1kICw#scrollTo=POY42XRf5Jbd

Style Transfer Using Cycle GANs

Paired | Unpaired

Paired Data: dataset comprises pairs (original, stylized) v U

- e.g., set of pictures and cartoon drawings of same people

Unpair Data: dataset comprises separate originals and type examples
e.g., photos of landscapes and Van Gogh paintings

unpaired data is clearly easier to obtain, so a solution for style transfer for
unpaired data is preferred

Cycle GANs perform style transfer on unpaired datasets

Zhu, Jun-Yan, et al. "Unpaired image-to-image translation using cycle-consistent adversarial networks."
Proceedings of the IEEE international conference on computer vision. 2017.

31


http://openaccess.thecvf.com/content_ICCV_2017/papers/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.pdf
http://openaccess.thecvf.com/content_ICCV_2017/papers/Zhu_Unpaired_Image-To-Image_Translation_ICCV_2017_paper.pdf
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(a)

. cycle-consistency

loss

“““

cycle-consistency
S\ | | .\ ----- - loss

Figure 3: (a) Our model contains two mapping functions G : X — Y and F' : Y — X, and associated adversarial discriminators Dy and D x. Dy
encourages (G to translate X into outputs indistinguishable from domain Y, and vice versa for D x, F', and X. To further regularize the mappings, we
introduce two “cycle consistency losses” that capture the intuition that if we translate from one domain to the other and back again we should arrive where we
started: (b) forward cycle-consistency loss: © — G(z) — F(G(z)) = x, and (c) backward cycle-consistency loss: y — F(y) — G(F(y)) =y

Loan(G, Dy, X,Y) =E
+IE

prdata(y)

L~ Pdata (33)

log Dy (y)]

Zhu, Jun-Yan, et al. "Unpaired image-to-image translation using cycle-consistent adversarial

networks." Proceedings of the IEEE international conference on computer vision. 2017.
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EE599 Projects Using GANs

Team 1: Mouli Aphale, Shilpa Thomas, Swetha Ann Thomas: Audio Style Transfer

Team 3: Chengxuan Cai, Zixuan Zhang, License Platelmage Enhancement with GANs

Team 4: Mutian Zhu, Dake Chen, Producing a classical piano music with GANs

Team 11: Vineeth Ellore, Ashwin T Ravi, Karkala Shashank Hegde: Emotion transfer on images and spectrogram of speech
Team 13: Ashwin Shetty, Pruthvi Gollahalli Niranjana: Creating Cartoon (artistic) Styled Images using GANs

Team 15: Haojing Hu, Zheng Wen: Object transfiguration with attention-aided GANs

Team 21: Yang Tao, Lingkai Kong: Image Style Transfer

Team 27: Jiahui Zhang, Zhuoran Liu: Single Image Super Resolution Generation via GANs

Team 35: Fan Yang, Shuna Ye, Yelei Zhang: 3D Printing Designer from 2D Images
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