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Good books:

« Hands-On Generative Adversarial Networks with PyTorch 1.x
By John Hany and Greg Walters, published by Packt, 2019
- Examples in PyTorch
- Surprisingly good at theory and tips

- github.com/PacktPublishing/Hands-On-Generative-Adversarial-
Networks-with-PyTorch-1.x

« GANSs in Action
By Jakub Langr and Vladimir Bok, published by Manning, 2019
- Examples in TensorFlow2/Keras
- Good format — detailed explanation of the codes
- github.com/GANSs-in-Action/gans-in-action
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DCGAN
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LSGAN (Least So

uare GAN) — change of the loss function
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WGAN (Wasserstein GAN) — Mathematical, later in the future

- Define a different cost/loss function from that for vanilla GANs to stabilize the

training process.

PGGAN (Progressive GAN) — GPU intensive, later in the future

- Progressive increase in the number of layers



Conditional GAN (CGAN)
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INfoGAN
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StackGAN - StackGAN++ (text description - image)

| Conditioning |
| Augmentation (CA) |
Text descriptiont Embedding o, |

od xod
results

&d x &3
e~ N{D, I) | | real images
_______________ =
Embedding g,
S B
| . | 256 x 256
| Conditioning real ima
, b |
| Augmentation %_,-
|
I
I

| e —

2506 x 256

Compression and

results




