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Generative Al

Discriminative vs Generative Al Models

* GenAl Principles:
o Learn data distribution
o Generate new samples

Discriminative (classic) Generative

f Predict a label/class given the features of input data Abstract underlying patterns in input data in order t
| generate new content

What's learned?: Decision boundary What's IearnedWhility distributions of the data

°| Discriminative - P(y | x)
- Generative > P(x)
enerative
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What does it mean to “learn data”?

6° Dz;ta IS not just pomts B

e Data comes from an underlylng dIStI’IbUtJ/

&

* Learn how I|ker each data pomUs

* Once learned - sample new data
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The Generative
Q/Iodeling Proble

e Goal: Given dataset D = {x4, X, ...,

Xn}, learn distribution p(x)

+/High dimensional data (images:
‘millions of pixets) :

—

V/‘Com plex dependenci

/Cannot model directly
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Assumption: Data has hidden causes

ﬁf~f*—__“__“““h“‘““hamﬁﬁ . i _—
ﬁ Blg |dea Hldd ) The Big Idea: Hidden Structure
dhon

Structure )
Pose
* Data has hidden caus =
Introduce Latent Variablesjza
Style
o Pose
o Style
o Meaning Meaning
o Intent Pose Style Meaning
P R I
Ve v v
Intent
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lterative

Pze@d

Latent Variable

Implicit
. Prescribed latent
Generative

Refinement Models variable

Models Models models/likelihood
based models
Explicit laten @ Step-by-step generation
E.g. VAE, Autoencoder E.g. GAN E.g. Diffusion, Flow
.

* Learn transformation from _

e _Laise to data,

models * No explicit p(x)

. Exam

W

‘H

£ p
.. I J
E.g. VAE, Autoencoder @ E.g. Diffusion, Flow

A

¢ Sequential
q 7

Iterative

RDiffere nt approaches to model@(x) efnement modes (MMM
~—_—

__,_,..-n.._,.--"""“-.
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Mathematical Prerequisites

Latent Variables jﬁ\ N

* What are latent variables?//J SR eiice complexity

e Capture semantics
£T p@(aj ‘ Z) w e Enable generation
/mj _ —

that explain data
* Z represents compressjj_j/Q
information about x

* Why Latent Variables Help
D

* Reduce complexity
* Capture semantics
* Enable generation
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Types of generative models

e Likelihood-based models
* Implicit generative models Types of generative models

Likelihood-based models Implicit generative models

Likelihood - \ .
Data estimation " Random \\\Trammg

Noise
\ | §

Sample

@
N
o
ne
oy

;’ Liketihood
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Likelihood based models

* Directly learn the distribution’s

probability density (or mass) Likelihood-based models
funCtlon Via (a pprOXImate) Directly learn the distribution’s probability density (or mass) function
maximum likelihood. via (approximate) maximum likelihood.
* Autoregressive models (GPT, fll  Lietinood .
Transformer (decoder-based), — ent
etC.) Dét; o Sa;nple
* Normalizing flows
* Energy based mOdeIS Autoreressive Normalizing Energy Based Variational
° Variational AUtOenCOderS (VAE) Models Flows Models Autoencoders (VAE)

(GPT, Transformer, etc.)

‘y, \ : - ‘ >

TDD(:—DJ‘»- E—8—0Cd \ xDecoder
\ N Space

et > 0> 5 & "~

(GPT, Transformer,
decoder-based)

[
NN
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Likelihood based models

* These models learn the probability
distribution of data

* They can answer:

"How likely is this data?”

* Trained by maximizing likelihood

22/1/2026

Maximizing Likelihood Estimation

0 p
) Generated Data
Data
Maximize 6: log p,(x;) for each x; in the data Maximum
T \ Likelihood
' likelihood
__ High likelihood T
*3*‘\ /
lo \
Ptfx) BN\ w likelihood /
% " %
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Autoregressive models

Generate data one step at a time

Each step depends on previous
outputs

Explicitly compute probabilities

Examples

* GPT/Transformer language
models

* PixelCNN
* WaveNet

22/1/2026

Autoregressive Models

e Generate data one step at a time 4 ’[ Bl P S ]

* Each step depends on previous outputs / 1
* Explicitly compute probabilities -»p(x,|xy)
| }
. : 5 i Transformer
X4 L X, J \‘plexg L J
//,——>[ Multi-Head Attention ] =1
e
X, = o q/p(le Xg05) ~->[ Feed Forward J |
[ 1 0 | {7 VLaye?r Nc;m%j :
Transformer s—— x S
Input Embedding 4‘

Examples &
,;\é?‘;v

E mm
= Transformer .l ﬂj;
language models PixeiCNN WaveNet
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Pre-requisties

* Prior: belief before seeing data
* Posterior: belief after seeing data

p(z | 2)p(2)
p(ﬂj) Approximate |

qo(z | x)

p(z | z)=

e Variational Inference
o Approximate what we can’t compute

qp(2 | 2) = p(z | v)

* Explanation
o Replace true posterior with a simpler

one
o Optimize closeness



Entropy

* According to Shannon, Entropy is the minimum g 2
no of useful bits required to transfer information
from a sender to a receiver. é

Entropy (expressed in ‘bits’) is a measure of how
unpredictable the probability distribution is. So more
the individual events vary, the more is its entropy.

Entropy : H(p) = — ZP@ x log(p;)
n=1
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https://en.wikipedia.org/wiki/Entropy_%28information_theory%29
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Cross Entropy ( j Z M

7

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

Cross Entropy | message.
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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



Implicit Generative models

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