Lesson 6: Generative Adversarial Networks

Generative Adversarial Networks (GANs) are a type of neural network that can be used
for generating new data that is similar to the training data. GANs consist of two
networks: a generator network and a discriminator network. The generator network
takes in random noise and produces a sample of data that is similar to the training data,
while the discriminator network evaluates the similarity of the generated sample to the

real training data.
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6.1 Introduction to GANs

Generative Adversarial Networks (GANs) are a type of neural network architecture that
can learn to generate new data samples that are similar to a given dataset. The
architecture was first introduced by lan Goodfellow in 2014 and has since become one
of the most popular deep learning techniques for generating realistic images, videos,

and other types of data.

The key idea behind GANs is to train two neural networks: a generator and a
discriminator. The generator takes as input a random noise vector and generates a new
sample that is intended to be similar to the training data. The discriminator takes as
input either a real sample from the training data or a generated sample from the
generator and classifies it as either real or fake. The generator is then trained to
produce samples that can fool the discriminator into thinking that they are real, while the
discriminator is trained to distinguish between real and fake samples.



One of the key benefits of GANSs is their ability to generate highly realistic and diverse
samples, which is often difficult to achieve with traditional generative models. GANs
have been successfully applied in various domains, such as computer vision, natural
language processing, and audio generation.

However, training GANs can be challenging, as the generator and discriminator
networks are trained in an adversarial fashion, which can result in instability during
training. As a result, several variants of GANs have been developed, including
conditional GANSs, cycle-consistent GANs, and Wasserstein GANs, which have been
shown to be more stable and effective in generating high-quality samples.

Conditional GANs are a variant of GANs that can generate samples conditioned on a
specific input, such as an image or a piece of text. This allows the model to generate
samples that are tailored to a particular input, such as generating an image of a specific
object based on a textual description.
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Cycle-consistent GANs are a variant of GANs that can learn to translate between two
domains, such as images of horses and zebras. The model learns to generate samples
in one domain that are indistinguishable from real samples, while also ensuring that the
translated samples maintain certain attributes of the original domain.



Wasserstein GANs are a variant of GANs that use a different loss function called the
Wasserstein distance, which has been shown to be more stable and easier to optimize
than the original GAN loss function. This allows the model to generate higher-quality
samples and achieve faster convergence during training.
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6.2 Training GANs

Training GANSs involves a minimax game between the generator and the discriminator.
The goal is to find a Nash equilibrium where the generator produces samples that are
indistinguishable from real samples, and the discriminator cannot differentiate between
real and fake samples.

The training process of GANs can be divided into two phases: generator training and
discriminator training. During the generator training phase, the generator is trained to
generate samples that are similar to the training data. The generator takes a random
noise vector as input and generates a new sample, which is then evaluated by the
discriminator. The generator is trained to produce samples that can fool the
discriminator into thinking they are real.



During the discriminator training phase, the discriminator is trained to distinguish
between real and fake samples. The discriminator takes as input a real sample from the
training data or a generated sample from the generator and classifies it as real or fake.
The discriminator is trained to correctly classify the real samples as real and the
generated samples as fake.

The training process of GANs is iterative, and the generator and discriminator are
updated in turn to minimize their respective losses. The loss function used in GANs is a
combination of the generator and discriminator losses, which are typically defined using
cross-entropy or binary cross-entropy.

Training GANs can be challenging, as the generator and discriminator need to be
trained together in a way that balances their performance. It is also important to avoid
issues such as mode collapse, where the generator produces only a limited set of
samples, and vanishing gradients, which can occur if the gradients of the discriminator
become too small.
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Various techniques have been developed to address these issues, such as adding
noise to the input of the discriminator, using different loss functions, and regularizing the
network parameters. Despite the challenges, GANs have been shown to be highly
effective at generating realistic samples in a wide range of applications, including image
generation, video generation, and speech synthesis.



CODE EXAMPLE

Example code for implementing a GAN model for image generation in PyTorch:

torch

torch.nn as nn

torch.optim as optim

torchvision.datasets as datasets

torchvision.transforms as transforms
from torch.utils.data import DatalLoader

from torch.autograd import Variable

Discriminator (nn.Module) :

__init (self):

super (Discriminator, self). init ()

self.convl = nn.Conv2d(3, 64, kernel size=4, stride=2,

.conv?2 nn.Conv2d (64, 128, kernel size=4, stride=2,

.bn2 = nn.BatchNorm2d (128)

.conv3 = nn.Conv2d(128, 256, kernel size=4, stride=2,

.bn3 = nn.BatchNorm2d (256)

.conv4d = nn.Conv2d(256, 512, kernel size=4, stride=2,

.bnd = nn.BatchNorm2d (512)

.convS = nn.Conv2d(512, 1, kernel size=4, stride=1,

forward(self, x):
nn.LeakyReLU (0.2) (self.convl (x))
nn.LeakyReLU(0.2) (self.bn2(self.conv2(x)))
nn.LeakyReLU(0.2) (self.bn3(self.conv3(x)))




X nn.LeakyReLU(0.2) (self.bn4d (self.convéd (x)))
X nn.Sigmoid () (self.convb (x))

return X

Generator (nn.Module) :

__init (self):

super (Generator, self). init ()

self.deconvl = nn.ConvTranspose2d (100, 512, kernel size=4,
stride=1, padding=0)

self.bnl = nn.BatchNorm2d(512)

self.deconv2 = nn.ConvTranspose2d (512, 256, kernel size=4,
stride=2, padding=1)

self.bn2 = nn.BatchNorm2d (256)

self.deconv3 = nn.ConvTranspose2d (256, 128, kernel size=4,
stride=2, padding=1)

self.bn3 = nn.BatchNorm2d (128)

self.deconv4 = nn.ConvTranspose2d (128, 64, kernel size=4,
stride=2, padding=1)

self.bn4 = nn.BatchNorm2d (64)

self.deconv5 = nn.ConvTranspose2d (64, 3, kernel size=4,

stride=2, padding=1)

forward(self, x):
X nn.RelLU() (self.bnl
X nn.ReLU self.bn2

( self.deconvl
(
X nn.ReLU (self.bn3
(
(

self.deconv?2

self.deconv3

(x)))
(x)))
(x)))
(x)))

(
(
(
X nn.RelLU self.bn4d (self.deconvi4
X nn.Tanh self.deconvb (x))

return X

criterion = nn.BCELoss ()
d optimizer = optim.Adam(discriminator.parameters (), 1lr=0.0002,

betas=(0.5, 0.999))




g optimizer = optim.Adam(generator.parameters(), 1lr=0.0002,
betas=(0.5, 0.999))

for epoch in range (num epochs) :

for i, (images, ) in enumerate (dataloader) :

z = torch.randn (batch size, latent size, 1, 1).to(device)

fake images = generator (z)

discriminator.zero grad ()

real pred = discriminator (images.to (device))

fake pred = discriminator (fake images.detach())

loss d = -(torch.mean(real pred) - torch.mean(fake pred))
loss d.backward()

optimizer d.step()

generator.zero grad()

z = torch.randn (batch size, latent size, 1, 1).to(device)
fake images = generator (z)

fake pred = discriminator (fake images)

loss g = -torch.mean (fake pred)

loss g.backward()

optimizer g.step()

if i % 100 == O:
print (f"Epoch [{epoch}/{num epochs}], Batch

[{i}/{len(dataloader)}], Discriminator Loss: loss d.item()

Generator Loss: loss g.item() ")

if (epoch * len(dataloader) + 1)




save image (fake images[:25], f'"gan images {epoch *

len (dataloader) + 1i}.png", nrow=5, normalize=True)

This code demonstrates an example implementation of a Generative Adversarial
Network (GAN) model for image generation or style transfer tasks using the PyTorch
library.

First, the necessary libraries are imported and the hyperparameters are set, including
the number of epochs, the learning rate, and the batch size. Then, the dataset is loaded
and preprocessed using the transforms module in PyTorch.

Next, the generator and discriminator models are defined using the nn module in
PyTorch. The generator takes in a random noise vector and generates fake images,
while the discriminator takes in images and outputs a probability that the image is real
or fake.

The loss function and optimizers are also defined using PyTorch modules. The loss
function for the generator is the binary cross-entropy loss, while the loss function for the
discriminator is a combination of the binary cross-entropy loss for real and fake images.
The optimizer for both the generator and discriminator is the Adam optimizer.

Then, the GAN model is trained using a nested for loop over the number of epochs and
the number of batches in the dataset. For each batch, the discriminator is first trained on
real and fake images using the loss function and optimizer. Then, the generator is
trained using the loss function and optimizer by generating fake images and passing
them through the discriminator.

Finally, the generator is tested by generating a set of fake images using a fixed noise
vector and visualizing the results. Overall, this code demonstrates an implementation of
a basic GAN model for image generation or style transfer tasks using PyTorch.




6.3 Applications of GANs

Generative Adversarial Networks (GANs) have shown to be a powerful tool with
numerous applications in various fields, ranging from computer vision to natural
language processing.

One of the main applications of GANs is generating synthetic data to train machine
learning models. GANs can generate realistic images, videos, and audio samples that
can be used to augment existing datasets, especially when data is limited or costly to
obtain. GANs can generate synthetic data with similar characteristics as the real data,
helping to reduce overfitting and improving the performance of the models trained on
the generated data.

In computer vision, GANs have been used for image-to-image translation, such as
converting low-resolution images to high-resolution images or converting images from
one domain to another. For example, GANs can be used to convert images of day
scenes to night scenes or to convert images of horses to zebras. GANs can also be
used for style transfer, such as converting a photograph into a painting in the style of a
famous artist.

GANSs have also been used for natural language processing tasks such as text
generation, language translation, and dialogue generation. GANs can generate text that
is coherent and stylistically similar to a given corpus of text. GANs can also be used for
data augmentation in NLP tasks by generating additional training data with similar
characteristics as the real data.

GANs have applications in art and design, where they can be used to generate new
designs, paintings, and music. GANs can create art that is similar in style to famous
artists, or generate completely new styles of art. For example, GANs have been used to
generate realistic portraits of non-existent people, and to generate unique designs of
clothing items.

Despite their numerous applications, GANs are still an area of active research, and
there are challenges such as mode collapse and instability during training. However,
with the development of new techniques such as Wasserstein GANs and self-attention
mechanisms, GANs have shown remarkable progress in generating realistic and novel
data, and their applications are expected to expand in the future.



