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Lecture - 60
Generative Adversarial Network

Hello, welcome back to the NPTEL online certification course on Deep Learning. So, for
last few classes we are discussing about the Generative Network, where what we have
discussed is that if you feed in latent vector or latent variable to the generative network,
then the generative network will give you an output data or reconstructed image or the
reconstructed object. And the kind of generative network that we are discussing so far is

what is known as adversarial auto encoder.
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So, we have started our discussion on adversarial auto encoder, we have discussed about
what is variational inference, today what we are going to discuss about how do you
practically realize the variational auto encoder. Then we will briefly discuss about
another generative model which is known as generative adversarial network and we shall
conclude our lecture or conclude this course with the applications of generative

adversarial network.
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Variational Autoencoder : Variational Inference
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So, this is what we have discussed in the previous lectures that our initial objective was
to minimize the KL divergence Q z x P z x and we have seen earlier that this is same as
maximizing the Q z x log of P x, z Q z given x log of P x, z. What P x, z is the joint
distribution upon Q of z given x and we have seen that this is what is known as a
variational lower bound and the concept of variational lower bound that came because

we have seen that P of x computation of P of x was intractable.

So, what we try to find out and we have seen that this particular expression the
variational lower bound gives a lower bound of P of x. So, in order to maximize of x it is
equivalent to maximization of the variational lower bound because when we are when
we know that this variational lower bound is always less than P of x. So, if I can
maximize this variational lower bound P of x is also going to be maximized. So, this is

an indirect way of increasing the probability distribution P of x.

So, our aim was now to maximize this variational lower bound and this variational lower
bound can be rewritten as sum of P of z given x log of P of x given z into P of z upon Q

of z given x.
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Variational Autoencoder : Variational Inference
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» Translate the loss functions into an auto-encoder
architecture.

So, this expression can be rewritten as sum of Q of z given x log of P of x given z plus
sum of Q of z given x log of P z upon Q of z given x. So, here you find that the second
term that is sum of Q z given x log of P z upon Q z given x this is again another KL
divergence, KL divergence between P of Q z KL divergence between Q of z given x and
P of z. So, this can be simply written as the first term is now expectation value of log of
P x given z and you find that this log of P x given z is nothing, but log likelihood. And
when you try to maximize this basically the first term maximization of this means you

are going for maximum likelihood estimation.

And the second term which is the minor scale divergence of Q z given x P z
maximization of this term effectively means that you want to minimize the KL
divergence between Q of z given x and P of z x and P of z. So, then we have seen that
how we can translate this loss function or maximization of the loss function into an auto

encoder architecture.
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Variational Autoencoder : Network Realization
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So, for that again we have gone back to our graphical model that given your latent
variable or latent vector z and the data which is to be reconstructed x. So, there is a
probability involved probability density distribution involved that P of x given z that is

given z, [ want to maximize what is the likelithood P of x given z.

And similarly to get your latent variables or latent vectors from the training data I have
another probability distribution involved what is which is Q of z given x. So, in terms of
network realization you realize both P and Q with the neural networks and the network
model that we would get is something like this. That Q of z given x is your encoder
network, P of x given z is the decoder or the generator network and P of z given Q of z

given x actually gives you the latent variable which is z.

So, here comes the difference between the traditional auto encoder and the variational
auto encoder. In case of traditional auto encoder the latent vector z was deterministic, but
with this variational auto encoder because we have a term P of z that is the probability
distribution of the latent variable z. So, instead of getting a deterministic latent variable
as in case of auto encoder it over here what we expect is the encoder part will give us the

probability distribution or the parameters of the probability distribution of P of z.
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Variational Autoencoder : Network Realization

U The z codes we get here should
match with the distribution of
P(z) and we can decide what
prior distribution to choose for

P(z).

O Usual practice is to select a
Normal distribution N(0, 1) for
the prior.

So, it is therefore, expected that z codes does it latent variable that we get that should
match with the distribution of P of z and we assume a normal distribution or normal a
prior of normal distribution for P of z for this normal distribution is 0 mean and unit

variance. So, that will be a prior for P of z.
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Variational Autoencoder : Network Realization

0O Instead of generating a fixed code for an input, Encoder now
gives parameters of the distribution of the latent code.

Q For a given input x, we need to generate mean vector u(x)
and diagonal covariance matrix, £(x).

J We need to SAMPLE a code from that latent distribution and
pass forward to the Decoder.

So, as you have seen that here instead of getting a fixed latent variable z what you are

getting is a distribution or the parameters of the distribution.
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Variational Autoencoder : Network Realization
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And this is the network realization that we have the encoder network on the left and the
decoder network on the right, in between what you have is as the encoder is giving you
the distribution of z. I can sample a set from that distribution and feed it to the decoder or
the general network and the decoder of the generator will give me the generated or the

reconstructed data that is x.
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Variational Autoencoder : Network Realization
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And then we have discussed about the problem in always in this sampling which makes
it difficult for the back propagation learning because gradient cannot flow through the

sampling process.
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Variational Autoencoder : Reparameterization Trick
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So, in order to avoid this problem we have made used of the Re- parameterization trick.
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Variational Autoencoder : Reparameterization Trick
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So, this is what we have discussed in details in our previous lecture.
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Variational Autoencoder : Coding the Cost Functions
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So, now the problem is that we are trying to maximize the expectation value of log P of x
given z minus KL divergence between Q of z given x and P z. So, maximization of this
expression means we are trying to maximize expectation value of log of P x given z and
we want to minimize the KL divergence Q z given x P z. So, we have both this

maximization and minimization involved.
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Variational Autoencoder : Coding the Cost Functions

O Maximizing Eg(z,) log P(x|2) is a maximum likelihood estimation.
It is observed all the time in discriminative supervised model, for
example Logistic Regression, SVM, or Linear Regression.

I the other words, given an input z and an output x, we want to
maximize the conditional distribution P(x|z) under some model
parameters.

J So we could implement it by using any classifier with input z and
output x, then optimize the objective function by using for
example log loss or regression loss.

And for this maximization you find that the maximization of expectation value of P of x

given z is nothing, but a maximum likelihood estimation which we have encountered a



number of times in our discriminative network. So, this can be solved using any of the
classifier of the input is z and the output is x then you optimize the objective function by

using different techniques for example, log loss or regression loss and all that.
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Variational Autoencoder : Coding the Cost Functions

0 We want to minimize the second component of the loss, KL((Q(z|x) || P(z))

U We assumed that P(z) follows N(0, /), so we have to push Q(z|x) towards
N(O, 1)

Assuming P(z) to be N(0,1) has 2 advantages:

0 Easy to sample latent vectors from N (0, 1) when we want to generate
samples.

O Assuming Q(z|x) to be a Gaussian distribution with parameters,
u(x) and E(x) allows KL(Q(z[x) || P(2)) to be in a closed form and

easy for optimization.

Whereas for minimization of the other part that is the KL divergence as we said that we
assume a prior distribution of P of z which is normal distribution with 0 mean and unit
variance for all the attributes of the vector z. So, by when we try to minimize the scale
divergence that effectively means that we are pushing the parameters of Q z given x

towards that normal distribution of 0 mean and unit variance.

So, by using this prior this normal prior it is advantageous in 2 ways. Firstly, it becomes
very easy to sample it latent vectors from this normal distribution. And secondly,
assuming that Q of z given x to be Gaussian distribution with parameters mean and the
covariance matrix sigma it allows this KL distribution to be in a closed form and that

becomes easy for optimization.
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Variational Autoencoder : Coding the Cost Functions
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» kis dimension of the latent code
¥ tr(¥(x))is trace of a covariance matrix

# I(x) is the diagonal covariance matrix. So, its determinant
can be computed as product of its diagonal entries.

# In practice £(x) can be predicted only as vector containing
the diagonal entries

So this closed form representation is something like this that the scale distribution can
now be represented as 0.5 into trace of the covariance matrix sigma plus the vector mu
transpose mu minus k minus log of determinant of the covariance matrix, where this k is

actually the dimensionality of the latent code or the latent vector z.
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Variational Autoencoder : Coding the Cost Functions
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And this can be further simplified as all of this I will go come to the final expression.
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Variational Autoencoder : Coding the Cost Functions
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So, this finally, comes down to 0.5 into sum over k the sigma x k plus mu x k square plus
1 plus log of sigma x k. So, this is the final closed form expression for that loss function
that we get or the KL divergence form that we get and this is the advantage of assuming

normal distribution prior for Q of z given x.

But in practice, we predict log of sigma x instead of sigma x since it is numerically better
to exponentiate a value during runtime rather than taking a log operation. So, your final
expression that it becomes the KL divergence of Q of x depends z and the normal
distribution 0 1 that is equal to 0.5 into. So, instead of sigma x k now it becomes
exponential of sigma x k plus mu x k square plus 1 plus log of sum of x k, you find that
this log of sum of x k has come from the product term which is basically determinant of
the covariance matrix sigma, right. So, this is log not sum of x k, but log of the different

components of the covariance matrix in x k, right.
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Variational Autoencoder :After training
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iput
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Using as Generative Model
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So, now, let us see that what are different kind of output that we can have using this
variational auto encoder. So, this gives the reconstructed output from the variational auto
encoder for given inputs you have the different reconstructions and this second set of
results is showing that if I sample a vector from a normal distribution 0 mean unit
variance, then the generator network generates or reconstructs the signal as given in the

last one in the last row.

So, you find that in many cases this generator the generated samples or the generated
data that closely resemble the amnesty database the characters which are available in the

amnesty database.
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Variational Autoencoder : Generative Model

VAE generating novel faces after trained
on CelebA dataset

This is again another set of output again reconstructed from this generative model the

variational auto encoder which is trained on CelebA database.
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Variational Autoencoder : Vector Arithmetic

How do you interpolate between two samples ?
0 Take a face image with glasses and find the latent code (C;)

U Take another face without glasses and find latent code (C;)

0 ¢; = G - C, gives code for glasses Face without ghasses

Ul Take a new face without glasses and find latent code (C,)
U C; + C, will overlay glasses on this new image

0 Such transitions are possible only if the latent space is
continuous instead of clusters

With variational auto encoder we can have another trick following the vector arithmetic
approach, that is if we take a set of face images with classes and the corresponding latent
code we say is C 1, then take another set of face images which are without glasses the
corresponding latent code is C 2 then C 3 the vector C 3 which is C 1 minus C 2 that

gives you the code for the glasses.



Now, if we have a face image without glass we can impose this glass onto that face
image. So, you take a new face image without glass and it is corresponding latent code is
C 4 then you generate a latent code which is C 3 plus C 4. So, you find that C 3 was the
latent code for the glass and C 4 is the latent code of a face without glass. So, when we
are making C 3 plus C 4 effectively I am generating a latent code for a face with a glass.
So, this transition is possible because the latent space is continuous instead of clusters of

points that you get in case of traditional auto encoder.
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Variational Autoencoder : Generative Model
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So a set of results on this so, it says that we had a set of images with glass and we also
have a set of images of man without glass you subtract these two you get the latent code
of the glass then you have set up images of women which are without glasses. Then, you
add the latent code of the glass with latent code of women and then you feed this latent
code the latent vector to the generator network and the generator network outputs faces

of women with glasses.

So, this is a nice trick where we can play with the latent codes in the latent space and I
can generate the output data in various combinations. So, that was your our variational
auto encoder now briefly I am going to discuss about what is generative adversarial
network. So, generative adversarial network is another form of generative model for

reconstruction of the data from the latent code.
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Implicit Generative Models

O Implicitly defines a probability distribution.

U Sample code vector, z, from a simple and fixed
distribution (e.g. spherical Gaussian or Uniform).

U A generator network is trained as a differentiable
network to map z to a data point x.

So, unlike in case of variational auto encoder where the distribution the probability
distribution of the latent code was quite explicit, in case of generative model this
implicitly defines the probability distribution. So, a sample code vector z from a sample
your sample code vector z from a simple and fixed distribution which may be say normal
or uniform distribution feed it to the generator network, which is trained as a
differentiable network and this generator network then map x to your data maps this

latent variable z to the data point x.
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Implicit Generative Models
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So, effectively what you have is you have the data from a true data distribution and the
generator model what it does is, it takes a sample from some distribution may be say unit
Gaussian distribution and this then it generates another distribution of data which is the p
hat x. Then while cleaning this genetic model what we want to do is we want to
minimize the KL divergence between p hat of x and p of x, p of x was the true

distribution of the data and p hat x is the distribution of the generated data.

So, we want to minimize this scale divergence and while minimization of that you try to
update the parameters of the generative model. So, that effectively or eventually your p

hat x becomes similar to p of x.
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Implicit Generative Models

UBlue Region shows areas with high probability of real image.

UBlack dots represent actual images from true distribution p(x).

U Generative model (parameterized by ) also describes a function fi(x)
# Takes points (latent codes) from an unit Gaussian distribution.
# Maps those points to a generator distribution.
» 6 can be optimized to reduce KL(p(x)|[5(x))

# Green distribution starts randomly then aligns with blue distribution

So, as we have shown that the Blue Region in the previous diagram that was your
probability distribution of the real image, where as the black dots that was actual images
from the true distribution, actual images samples from the true distribution p of x.
Generative model for which the parameters are theta, this gives you distribution which is

p of x p hat of x.

Then this was generated by taking points from sampling points from and unique from
say a Gaussian distribution and then theta is optimized by minimizing KL divergence
between p x and p hat x. And eventually the green distribution initially that starts

randomly and then gradually it aligns for the blue distribution as was shown over here.



So, the green distribution is the distribution of the generated data and the blue
distribution is the distribution of the real data. So, initially green distribution starts at
random and while the training goes on this green distribution eventually becomes similar

to the blue distribution.
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GAN Overview

O In GAN the main idea is to have two neural networks
compete with each other.

O Its Game Theoretic Approach.

» Generator network samples a z vector and tries to
produce realistic samples.

» Discriminator network tries to distinguish fake
samples (from Generator) and real samples.

So, this is how the generative model works. So, in generative adversarial network which
is popularly known as GAN, the main idea is to have two neural networks and they will
compete with each other, in so effectively it is a GAN theoretic approach. One of the
neural network is a generator that samples z vector from the latent space and tries to
produce a realistic sample and the discriminator network which is a competitor of the
generator network or adversary to the generator network that is why it is adversarial

network.

So, the discriminant network it tries to distinguish between the fake samples which are
actually coming from the generator and the real samples which are fed to the
discriminator to decimate between the real samples and the generated samples now
called as fake samples which are generated by the generator. So, while this contest goes
on eventually both the generator and the discriminator both of them learns the
distribution and this is implicit, it is not explicit unlike in case of variational auto

encoder.
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GAN Overview

O Assume D(x) represents probability of belonging to real class for a
given sample, x

O Discriminator will try to increase D(x) for real samples and decrease
D(x) for fake/generated samples

U Generator will try to increase D(x) for generated samples
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So, this is what is our network in fact, let us assume that D X, it represents the probability
of belonging to real class for a given sample x. So, the discriminator will try to decrease
D x for real samples we will try to increase D x for real examples, because it wants to

discriminate between the real samples and the fake samples or the generated samples.

So, x being input to the discriminantor network if this x comes from a real sample the
discriminator will try to increase D of x that is it is probability to distribution; whereas, if
this x is a fake sample which comes from the generator network then the discriminator
will try to reduce D of x. In turn generator will try to increase D of x for it is own

generated samples and that is how they are locked in a GAN.
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So, by doing this now there are two training components; one of the training component

is training of the discriminator and the other training component is training of the

generator so, for training we need the cost function. So, for training of the discriminator

as we said that decimator wants to maximize the probability for the real data and it

minimizes the probability for the generated data or effectively it maximizes the

probability or log likelihood of 1 minus D of G z, where G z is the data generated by the

generator network from the latent variable which is z.

So, while training the discriminator it is an maximization operation where it is

maximization over the log likelihood, log of D x plus the value of estimation value of log

of 1 minus D of G z. So, maximization of this will train the discriminator.
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On the other hand the second component which is training of the generator; obviously,
the generator wants to maximize the probability of it is own data which is generated by
the generator itself. So, it tries to maximize log of D G z or expectation value of log of D
G z. So, you find that these two are in opposite direction; the discriminator tries to

minimize D G z probability of the probability distribution of the generated data.

On the other hand the generator tries to maximize log of D G z so, they are actually
working in the opposite direction. In effect what is done is, the generator is trying to fool
the discriminator so that discriminator cannot discriminate between which is the real
image and which is the fake image. And while doing so, both of them learns the

distributions.
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GAN Training : Alternate updates of D and G

for number of training iterations do

Tor k steps do
» Sample minibaich of m noise samples =/, ..., 2™} from noise prior p, (z)
o Sample minibaich of m examples {'", ... ™'} from data generating distribution

Pass ).
# Update the discnminator by ascending its stochastic gradient:

Vo, :.ﬁ [u.gn (1"') + |up,{| D (t: (z")))

end for
& Sample minibatch of m noise samples (=, '™/} from noise prior p,(z).
# Update the generator by descending its stochastic gradient:

\"._:rihm(] n(u(:hi])).

end for

So, this is just what is shown as the algorithm how the generator and the discriminator
networks are trained. So, given a set of noise samples or the latent variables z the
generator network generates a number of data samples, using these data samples that
discriminator tries to maximize the same cost function which is log of D x plus log of 1
minus D G of z and once the discriminator is learnt it stabilizes then you come to the

training of the generator wherein you try to maximize D of G z, ok.

So, these two training operations; these two training operations occur one after another

effectively making both of the generator and that discriminator quite strong.
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GAN Applications: High Resolution Image Synthesis

So, this GAN has been applied in many application domains there was a paper in ICLR
in 2018 where this generative adversarial network was used for synthesis of high
resolution images. So, this particular slide, shows 2 images which are synthesized and
you find that though the images are synthesized, but they are really looking like real

images, right. So, that shows what is the power of generative adversarial network.
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GAN Applications: Image to Image Translation
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It has also been used for image to image translation. So, this is a semi peer paper in 2017

where you find that given the semantic segmentation of a scene using the generative



adversarial network it is possible to generate or to possible to synthesize real looking
images. Similarly from the input levels you can also generate real look images given
black and white image or grayscale images you can generate color images. So, all these

are possible using this generative adversarial network.
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GAN Applications: Video to Video Translations

Input Labels

B

This shows another one that if we have a sequence of input frames which are basically
semantic segmentation of different frames, then it is possible to generate a real looking
video in different style. Again for that we have to train the generated generator network

and the adversarial network in a proper way.
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GAN Applications: Image Inpainting

Input: Masked/damaged image, 15, with binary mask, M
Intermediate Output : Image, I;, after iterative optimization for z
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Stage 1: Pre-training a GAN Stage 2: Iterative search for z
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This is a piece of work which is for image in painting, image in painting say is a problem
where if you have an input image where there are a large areas where the information is
not available or the image is damaged. So, we can try to fill up those damaged regions

using the information of the overall image.

So, this generative adversarial network has become very effective in that area also. So,
for that what you do is, you use a generated network which is pre trained over the
domain of images for which we want this in painting operation to be active. And then use
this generator network to generate a real looking image and then our aim is that when we

compute the cost function.

The cost function we will have two components; one is the perceptual component where
the discriminator tries to discriminate between this generated image or the fake image
and the real image; that means, how realistic this generated images so that gives you our

perceptual loss.

And another loss component which is contextual loss, the contextual loss says that there
may be some portions in the image for which the information was not available or it was
damaged. But, the image which has been generated of the reconstructed by the generator
in that if I take that portion of this generated image which is matching with the
undamaged part of your input damaged image. This undamaged part of the input



damaged image and the corresponding portion in the generated image they should match

and that is what gives you the contextual loss.

And what you do is you try to minimize both of this losses the perceptual loss and the
contextual loss and while trying to minimize this in go on updating the input vector or

the latent vector, and given a latent vector you are getting the generated output.
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GAN Applications: Image Inpainting
PROPOSED IMAGE INPAINTING (5X SPEEDUP)

Nearest Neighbour Search for Better z Initialization
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We had done some piece of work on this, where we have done some improvement of the
previous work. Where what we have done is, we have added we have used two type of
loss. One is the data loss which is similar to the loss function which has been used by this
previous authors A Et al where they have published this work presented this work in
CVPR 2017. This is the recent work that we have presented in ICIP 2019 in Taipei where
in addition to data loss we have also introduced another loss component which is the

structure loss.

And in order to improve the computational complexity what we have done is, we have
taken random samples attain samples from your latent space and for each of these ten
samples. We have generated ten images using the generator network and out of these
images you have taken we have taken that one which is closest to the damaged one the
damaged input image and the corresponding latent vector z was our initial vector and we

updated on this.



So, using both of this we have found that computationally our method has become much
more efficient and at the same time that reconstruction, because we have introduced a
second loss which the structure loss that is in the gradient space. So, introduction of the

structure loss also has improved the quality of our in painted images.
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GAN Applications: Image Inpaintin

So, this shows the output the you find that the images in the leftmost column these are
the damaged images which are fed to the generative adversarial network. The three
images in the middle column, these are the outputs in generated as reported by a at all in
their CVPR 2017 paper. And the rightmost column is the output that we have obtained
and this has been as we have said that this particular work has been presented at

international conference on image processing 2019 at Taipei.
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The same concept we have extended for video and painting. So, in case of video in
painting because as you know that video is nothing, but a sequence of frames played at a
particular frame rate. So, what we have done is we have grouped those frames into

something called group of frames.

And we have tried to do the in painting for every group of frame. So, for that we had the
first group of the frame, first frame of every group was in painted using the same concept
as we have applied in case of images and that particular z vector that you get that is

applied to for in painting of all the frames in the same group.

And if [ take frame z t minus 1 an initial vector z t minus 1 for a frame t minus 1; finally,
whatever the final vector we get at convergence that becomes the initial vector for the
next frame. And using this also we have observed that our computations is much more
efficient than if we use frame by frame as proposed by A Et al. Of course, A Et al did not
propose it for the video; they are proposed it proposed their technique for the images. So,

what we have done is we have used to that technique for different frames in the video.
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And this particular set of video sequence tells you what are the computations that we
have obtained. So, on the left most one of the video samples these are the damaged video
sequence, in the middle as we said that what is obtained using the approach of A Et al
and the right 2 columns, the right 2 video sequences are what we obtained using our
technique. And you find that apparently the output that has been given by our approach
using this GAN based approach for unsupervised semantic in painting this appears to

give better result then what you get using A Et al.

So, with this we come to the end of today’s lecture and in fact, to the end of this
particular course on deep learning. I hope you have enjoyed the course and you have
been able to learn the different methods of deep learning their applications their
optimization techniques. Of course, we have started our course with the conventional
machine learning techniques where the feature extraction is manual and then you use the

machine learning techniques for feature classification or the data classification there.

And then we have moved on to deep learning or even the feature extraction part has been
made part of your machine learning approach and we have talked about different types of
networks that deep neural networks for deep learning applications for machine learning
applications. And this variational auto encoder or the generative adversarial network

which are used for generation of the data or reconstruction of the data or synthesis of the



data, this is these approaches are actually the recent trends in a deep learning domain. So,

I hope you have enjoyed this course and the course was really useful for you.

Thank you.



