GENERATIVE Al
FOR ALL

The Evolution of

Generative Al

From Rule-Based Systems to
Deep Learning

The Evolution of Generative Al: Complexity Over Time
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Introduction
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Generative Al refers to systems
capable of generating new content
such as text, images, music, or even
code.

Over time, these systems have
evolved significantly, from being
heavily dependent on pre-defined
rules to leveraging the vast potential
of deep learning.

This transformation has allowed Al
to not only become more flexible but
also to achieve previously
unimaginable levels of creativity.
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' Definition

* Rule-based systems in Al were the
foundation of early generative
models.

* These systems operated based on
predefined sets of rules or heuristics
developed by domain experts.

e The focus here was to structure the
Al to follow logical decision trees or
handcrafted rules for generating
output.
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‘ Key Characteristics
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Manually  Created Rules: The
system’s ‘intelligence’ was coded
manually using IF-THEN statements
or logic rules. Imagine a chatbot
that responds  'Hello  therel
whenever a user types 'Hi.’

Limited Flexibility: The generated
output was restricted to what had
been encoded into the system. If the
chatbot wasnt programmed to
understand "Hey," it would likely fail
to respond appropriately.
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‘ Key Characteristics

Deterministic Outputs: Given the
same input,  these systems
produced the same output every
time. Like a calculator, 2 + 2 would
always result in 4.

Example: ELIZA (1966)
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ELIZA, an early example of a rule-

based system, simulated
conversations by using pattern
matching and substitution

methodology to respond to user
Input.
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' Example: ELIZA (1966)

Think of it as a very basic version of
today's chatbots. Though not truly
generative in a modern sense, it
showcased how structured rules
could create the illusion of
conversation.

Limitations
Scalability: Rule-based systems
required extensive human
intervention to cover all possible
scenarios. Imagine  trying to
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program a chatbot to understand
every possible greeting Iin every
language!
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‘ Limitations
e Creativity: They lacked the ability to
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iInnovate or generate novel content
outside the pre-defined rules. You
couldnt expect ELIZA to suddenly
compose a poem.

Complexity: As the problem space
grew, the number of rules became
overwhelming, making the systems
hard to maintain. It's like trying to
untangle a giant ball of yarn — the
more rules you add, the messier it
gets.



Statistical Methods and

Probabilistic Models
(1980s-2000s)

Probabilistic

Introduction of

Approaches

e The 1980s and 1990s saw the rise of
probabilistic models, marking a shift
from rigid rule-based systems to
systems capable of handling
uncertainty.

e Probabilistic models leveraged
statistical methods to generate
content based on likelihood
estimates, adding more flexibility to

generative tasks.
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Statistical Methods and

Probabilistic Models

(1980s-2000s)
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Key Concepts:

Markov Chains: These models used
a probability-based  approach,
where the likelihood of a next state
depends only on the current state,
allowing Al to predict sequences
(e.g., language or text). Think of it
like predicting the next word in a
sentence based on the previous
word.



Statistical Methods and

Probabilistic Models

(1980s-2000s)
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Key Concepts:

Hidden Markov Models (HMMs):
Popular In speech and text
generation, these models included
hidden states that governed
transitions, further Improving
predictions in sequence data. It’s like
understanding the underlying
grammar rules that influence word
choices in a sentence.



Statistical Methods and

Probabilistic Models
(1980s-2000s)

Example: N-gram Models

e N-gram models used statistical
probabilities of word sequences to
generate text. The higher the order
of the N-gram (e.g, bigram,
trigram), the more contextual
iInformation was included in the
generation process.

e It's like predicting the next word
based on the two or three previous
words, leading to more coherent
sentences.

() DINESHLAL



Statistical Methods and

Probabilistic Models
(1980s-2000s)

Advantages
e Flexibility: Probabilistic methods
allowed for a greater variety of
outputs. Instead of one fixed
response, the Al could now generate
multiple plausible options.

e Data-Driven: These models
adapted to training data rather than
depending solely on human-
created rules. The Al could learn
from examples, making it more
adaptable to new situations.

—
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Statistical Methods and

Probabilistic Models

(1980s-2000s)
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Limitations

Short-Term Dependencies: Models
like N-grams and Markov Chains
struggled to handle long-term
dependencies, limiting the
complexity of the generated
content. They might generate
grammatically correct sentences
but struggle with maintaining
coherence across a paragraph.



Statistical Methods and
Probabilistic Models

(1980s-2000s)

Limitations
e Computationally Limited:
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Probabilistic methods could not
efficiently model high-dimensional
data such as images or complex
language.  Generating  realistic
Images or understanding nuanced
language was beyond their reach.



The Emergence of Neural

Networks (2000s)

Early Neural Networks for Generation
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With the rise of neural networks, Al
began to tap into its ability to learn
representations directly from data.
Although early neural networks were
imited In scope, they laid the
groundwork for deeper models to
come.



The Emergence of Neural

Networks (2000s)

Example: Recurrent Neural Networks
(RNNs)
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RNNs were among the first neural
networks used for seqguence
generation, particularly in text and
speech. They introduced the ability
to maintain a "'memory” of previous
inputs, making them suitable for
generating sequences with longer-
term dependencies than earlier
models could handle. It's like having
a short-term memory that helps the
Al remember the beginning of a
sentence when generating the

ending.
—é



The Emergence of Neural

Networks (2000s)

Limitations
 Vanishing Gradient Problem: RNNs
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had trouble maintaining information
over very long sequences due to
gradient decay during training.
Imagine trying to remember a long
story — the details at the beginning
might fade as you reach the end.



Deep Learning and
Generative Models

(2010-Present)

Introduction of Deep Learning (2010s-
Present)
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Deep learning fundamentally
changed generative Al by enabling
neural networks with many layers to
learn highly complex data
representations. This development
allowed for breakthroughs in tasks
such as image generation, music
composition, and natural language
generation.



Deep Learning and
Generative Models

(2010-Present)

Variational Autoencoders (VAEs)
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Concept: VAEsS encode data into a
lower-dimensional latent space and
then decode it to generate new
content. They combine probabillistic
modeling with deep learning,
making them suitable for tasks like
Image and text generation. Imagine
compressing a large image into a
smaller file and then decompressing
it to recreate the original image,
with some variations.



Deep Learning and
Generative Models

(2010-Present)

Variational Autoencoders (VAEs)

e Example: VAEs are often used in
generating realistic Images,
creating new faces, or synthesizing
handwriting. They can also be used
to generate new variations of
existing images, like adding a smile
to a neutral face.
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Deep Learning and
Generative Models

(2010-Present)

Generative Adversarial Networks
(GANS)
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Concept: GANs consist of two neural
networks—the generator and the
discriminator—competing against
each other. The generator tries to
create realistic data, while the
discriminator attempts to
distinguish  between real and
generated data. This adversarial
process leads to highly realistic
content generation. Imagine a
counterfeiter trying to create fake
money that's indistinguishable from
real money, while a detective tries to

spot the fakes. —é



Deep Learning and
Generative Models

(2010-Present)

Generative Adversarial Networks
(GANS)

e Applications: GANs are widely used
for generating high-quality images
(e.g, DeepFakes), video game
characters, and art. They can even
be used to generate realistic
Images from textual descriptions.
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Deep Learning and
Generative Models

(2010-Present)

Transformers

e Concept: Transformers use self-
attention mechanisms to handle
long-range dependencies in dataq,
making them especially powerful for
text generation. They can weigh the
importance of different words in a
sentence, dallowing for a better
understanding of context and
meaning.

e Example: GPT-3 (and its successors
like GPT-4) can generate human-
like text and are capable of writing
essays, creating dialogues, or even
generating code. They can even
translate languages or summarize

long documents. i
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Deep Learning and
Generative Models

(2010-Present)

Advantages

e High-Quality Outputs: Deep
learning models produce incredibly
realistic and creative content, often
indistinguishable  from  human-
made. Think of Al-generated art
thats hard to tell apart from a
human artist’s work.

e Versatility: These models can
generate a wide range of content,
including images, text, music, and
videos. They are like multi-talented
artists, capable of expressing
themselves in various forms.
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Deep Learning and
Generative Models

(2010-Present)

Advantages

e Scalability: Modern generative Al
can be scaled up to generate
content at a large scale, leveraging
massive datasets and computing
power. It's like having an army of
artists working tirelessly to create
new content.

Challenges
e Data and Compute Hungry: Deep
generative models require

enormous amounts of data and
computational resources to train
effectively. It's like feeding a growing
giant — the more it learns, the more

It needs.
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Deep Learning and
Generative Models

(2010-Present)

Challenges

e Ethical Concerns: The ability to
create highly realistic fake content
raises questions about misuse, such
as misinformation, fraud, or
intellectual property concerns. It's
like giving someone a powerful tool
that can be used for good or evil.

() DINESHLAL



Future Trends and

Directions

Emerging Concepts
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Diffusion Models: These models
gradually corrupt data and then
reverse the process to generate new
samples. They are gaining traction
for their simplicity and effectiveness
In producing high-quality images.
Imagine taking a clear image,
adding noise to it until it becomes
unrecognizable, and then slowly
removing the noise to reveal o
brand-new image.



Future Trends and

Directions

Emerging Concepts
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Multimodal Generative Models: Al
systems are now being developed
to generate content that spans
multiple domains simultaneously,
such as generating images from
text or vice versa (e.g, DALL-E,
MidJourney). It's like having an Al
that can paint a picture based on
your description or describe a scene
In detail just by looking at.



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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