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Lecture Plan

* Entropy

* Cross Entropy

* Autoencoders

e Variational Autoencoders



Entropy

e According to Shannon, Entropy is the minimum
no of useful bits required to transfer information
from a sender to a receiver.

n
Entropy (expressed in ‘bits’) is a measure of how .
unpredictable the probability distribution is. So more Entropy : H(p) = = E pz X log(pz-)
the individual events vary, the more is its entropy. n=1
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https://en.wikipedia.org/wiki/Entropy_%28information_theory%29

Cross Entropy

Cross Entropy :

H(p

Z pi X log(%)

* Cross entropy is the average message length that is used to

transmit the message.




Measuring “Closeness™: KL Divergence

* The amount by which the cross-entropy exceeds the entropy is
called Relative Entropy or commonly known as Kullback-Leibler

Divergence or KL Divergence.
— p(z)
Dxn(P] Q) = / p(z) log(q(x)> d

X

* Used to quantify the difference between one probability
distribution from a reference probability distribution



Autoencoders
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Autoencoders

* Encoder: Learns a compact representation of
input data.

* Decoder: Learns to decode meaningful data
from the encoded representations.

But how do we measure the quality of Latent
space learnt?
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Autoencoders Training

* The most common loss function used is a

reconstruction loss or a Mean Squared Error
loss.

* By learning the maximize the reconstruction
loss between the input and .output, the Loss function
autoencoder learns a meaningful compressed e
Latent Space




Autoencoders

foe :RESRE d>>k

Z — fenc( Qenc)
fdec : Rk —7 Rd X = fdeC(Z; Qdec)

mln L(0) = Z |x; — fdec(fenc(Xi))Hg

0 = {Henca Qdec}



Limitation of Autoencoders

Latent space has holes and discontinuties

Autoencoders are not generative models. They do not learn p(x)

they cannot generate new data points, as their latent representations are fixed and not
probabilistic.

Example: Try to generate a new face
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Types of Autoencoders

* Autoencoder (AE): Learns a compact
representation by reconstructing the input.

* Sparse Autoencoder (SAE): Enforces sparse
activations to learn meaningful features.

e Variational Autoencoder (VAE): Learns a
probabilistic latent space for data
generation.

* Denoising Autoencoder (DAE): Reconstructs
clean input from noisy data for robustness.



Variational autoencoders

Introduces a probabilistic framework, allowing the latent space to represent distributions
rather than fixed points.

This makes it possible to sample new data points from the latent space, enabling applications
like data generation.
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Variational autoencoders
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Backbone of Variational autoencoders

* KL divergence and ELBO (Evidence Lower Bound)

— evidence ;= logp(x; 0)

KL(q(2)llp(z| x;0)) —

Z:0
— == ELBO :=logE,., [”(;‘(Z) |
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Expected Log likelihood

* [Expected Log Likew {,ﬁﬁfﬁ

T ___,f""f____d—_—-_xﬁ“_x\

~ ExllogP(xi2)]

—

@res how well the VAE can keconStruct the data x from the IateU
iable z. . -

A higher value means better reconstruction.
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f;ROI'e'c-)f KL divergence

— ﬁ

This is the regularization term, ensuring that the approximate ;”H
} posterior q(z|x)/(learned by the encoder) stays close to the |
@(usually a standard normal distribution). /

This helps prevent overfitting and ensures a structured latent

Space. W .

ﬁ/ (’Z" y
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Foundation of VAE {fcfen

We define p(z) as a latent space and estimate We don't know p(z) so we assume it as a normal
p(x) using that distribution to estimate p(x) using that

o —— ———

Parameters of the normal distribution q(x|z) are

P(x) is approximated using assumed g(z]x) estimated using variational Inference



-

Latent space regularization
e e,
=/Eq(z|2) [log p(z|2)] — KL(q(z|z) | p(2))

" VAE Loss funct|0}¢/(t
N@” .
Estimating the q(z|x) space from the assumed

ﬁ\ﬂ W p(z) gaussian space

hOUt repa ra metrlzatrlatlon /




VAE Complete Loss Function

KL Divergence

Latent Space regularization after
Reparameterization



Implicit Generative models

* probability distribution is implicitly represented by a model of its
sampling process.
* Generative Adversarial Networks (GANSs)



Generative Adversarial Networks (GANs)

e Use two networks:

e Generator
e Discriminator

* Learn through competition
* Very realistic outputs



Comparison

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse
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