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GENERATIVE Al
FOR ALL

Generative Al vs

Discriminative Al:

Understandmg the dlﬁerence
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Introduction

Aspect

Purpose

Learning Objective

Data Handling

Complexity

Applications

Training Stability
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Generative Al

Models how data is
generated

Learns joint
probability ( P(X,Y) )

Can generate new
data instances

More complex

Data generation,
unsupervised
learning

Can be challenging
(especially for GANs)

Discriminative Al

Distinguishes
between categories

Learns conditional
probability ( P(Y | X)

Cannot generate
new data

Simpler

Classification,
prediction

More stable
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' Definition:

Imagine an Al that can not only
understand data but also create
new data that looks and feels just
like the original. That's Generative Al!
It learns the underlying patterns and
structure of data, allowing it to
generdte new, unseen examples.

Example:
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Imagine training d generative model
on a dataset of cat images. The
model learns the essential features
of a cat (pointed ears, whiskers, fur)
and can then generate new, unique
images of cats that werent in the

original dataset.



' How it works:
Think of it like this:
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Learning the Recipe: Generative Al
learns the ‘recipe” behind the dataq,
understanding how different
features and labels relate to each
other. This ‘recipe” is the joint
probability distribution ( P(X, Y) ),
where ( X ) represents the
ingredients (features) and ( Y )
represents the final dish (labels).
Cooking Up New Dishes: Using this
‘recipe,” the Al can create entirely
new "dishes” (data instances) with
different combinations of
‘ingredients.’
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' Common Algorithms:
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Variational Autoencoders (VAES):
Like talented artists, VAEs can learn
the essence of data and create
variations.

Generative Adversarial Networks
(GANSs): Imagine a counterfeiter and
a detective In a constant battle.
GANs use two neural networks — one
generates data, and the other tries
to distinguish real data from fake.
This competition drives both
networks to improve, resulting In
incredibly realistic generated data.

—



' Common Algorithms:
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Naive Bayes Classifier: This simple
yet powerful algorithm  uses
probability to generate data based
on learned features.

Hidden Markov Models (HMMs):
These models are great at
understanding sequences and are
used In speech recognition and
generating music.



' Strengths:
‘ e Creativity: Generates realistic new
data (images, text, music).

e Unsupervised Learning: Can learn
from unlabeled data, like finding
patterns in a dataset without explicit
Instructions.

e Deep Understanding: Provides a
complete picture of how data is
structured.
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1 Limitations:

‘ e Resource Intensive: Can require
significant computing power and
time to train.

 Training Challenges: Models like

GANs can be tricky to train and may
sometimes  produce unrealistic
results.
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' Use Cases:

‘ e Art and Creativity: Generating
stunning images, writing captivating
stories, composing hew music.

e Data Augmentation: Creating
synthetic data to Improve the
performance of other Al models.

e Drug Discovery: Designing new
molecules with specific properties.
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Discriminative Al:

The Master Classifier

Definition:

e Discriminative Al is like a highly
skilled detective. It focuses on
distinguishing between different
categories of data by learning the
decision boundaries that separate
them.

Example:

e A discriminative model trained on
Images of cats and dogs learns to
identify features like the shape of
the ears, the presence of whiskers,
and the overall body structure to
accurately classify new images.

—
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Discriminative Al:

The Master Classifier

How it works:
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Spotting the Differences:
Discriminative Al learns to identify
the key features that distinguish
different categories. It learns the
conditional probability distribution (
P(Y | X) ), which tells us the
probability of a label (Y) given the
features (X).

Making the Call: Based on these
features, it predicts the label for new,
unseen data points.



Discriminative Al:

The Master Classifier

Common Algorithms:

e logistic Regression: A simple and
widely used algorithm for binary
classification (e.g, spam or not
spam).

e Support Vector Machines (SVMs):
Powerful algorithms that find the
optimal hyperplane to separate
data points into different classes.
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Discriminative Al:

The Master Classifier

Common Algorithms:

e Decision Trees: These models use o
tree-like structure to make decisions
based on a series of rules.

e Neural Networks: Deep learning
models that can learn complex
patterns for classification.

Strengths:

o Efficiency: Generally faster and
easier to train than generative
models.

e Accuracy: Often excels in
classification tasks due to its focus

on decision boundaries.
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Discriminative Al:

The Master Classifier

Limitations:
 No Creative Power: Cannot generate
new data.
e Limited Understanding: Doesnt
provide a deep understanding of the
data's structure.

Use Cases:

e Image  Recognition: Identifying
objects, faces, and scenes in
Images.

 Medical Diagnosis: Classifying

diseases based on symptoms and
medical images.

* Fraud Detection: Identifying
fraudulent transactions.
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Choosing the Right Al for

the Job

Generative Al:
* When you need to creadte new,
realistic data.
e When understanding the underlying
data structure is crucial.
* When you have limited labeled data.

Discriminative Al:
e When your primary goal s
classification or prediction.
* When you have a large amount of
labeled data.
e When efficiency and speed are
Important.
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Practical Example: Image

Classification

e Generative  Approach  (VAE):
Imagine youre working with o
dataset of handwritten digits. A VAE
could learn the underlying patterns
of how digits are written and
generate new, uniqgue handwritten
digits.

e Discriminative Approach (CNN): A
CNN would focus on classifying
Images of handwritten digits into
the categories 0-9, learning the
distinctive features of each digit.

—
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Generative and Discriminative Al are
two powerful tools in the Al toolkit.

By understanding their strengths
and wedknesses, you can choose
the right approach for your specific
needs.

Whether youre interested in
creating stunning art, diagnosing
diseases, or Dbuilding intelligent
systems, these Al approaches are
transforming the world around us.



e Special thanks to Gemini and
ChatGPT for all the help on content

e Follow along for more informative
articles in Generative Al space
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