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Artificial Intelligence (AI) is the ability of 
computer systems to perform tasks that 
usually require human intelligence, like 

learning, problem-solving, reasoning, 
perception, and language understanding, 
often by learning from vast amounts of 
data rather than explicit programming.

AI systems create models from data to 
recognize patterns, make predictions, 

automate complex processes, and 
improve performance over time

Artificial 
Intelligence

• Learning: AI learns from data, identifying patterns 
and improving its responses, similar to how a child 
learns to recognize objects.

• Machine Learning (ML): A core AI technique where 
systems learn from data to find patterns (e.g., 
recognizing cats in pictures after seeing many 
examples). 

• Deep Learning: Uses artificial neural networks, 
modeled on the human brain, to process 
information and solve complex problems.



Tale of Three 
Travelers
Three Stories…

 Three Paths…

  Three Journeys…



Qwest for 
Intelligence
Reproducing The Mind

Story #1



Artificial Neural Networks (ANN) 
are mathematical models inspired by 

the brain's structure, using 

interconnected "nodes" (like 
neurons) in layers to process data, 
learn patterns, and make decisions

Artificial
 Neural
  Networks

✓ Inputs: your five-senses.
✓ Outputs: the decisions you make after 

analysis

✓ Connections: (between your neurons and the 
synapses) Are the paths you take to arrive at 
a decision or conclusion.

The Sodium (Na) and Potassium (K) ions create a voltage difference which 
are then picked up by the receptor of the next Dendrite

BIOLOGICAL NEURON ARTIFICIAL NEURON

The presence of more Dendrites 
indicates more connections and 

increased complexity.

To reproduce the complexity 
artificially, equally increases the 

nodes within.



Understanding 
Neural Networks

weights

bias

Activation

function

sum

?

Typical Neural Network Diagram



Simplified Representation of 
an Artificial Neuron

single
neuron

Input #1

Input #2

Input #3

Binary Output (1 or 0)
Yes or No

Perceptron
Introduced by Frank Rosenblatt in 1958, it's a 
linear classifier that learns by adjusting its 
weights to separate data, forming the basis for 
more complex deep learning models.



Should I go to the playground today?

Inputs:
• 1. Is it sunny out? (yes or no)
• 2. Are my friends going? (yes or no)
• 3. Am I done with my homework? (yes or no)

Output:
• Go to the playground? (yes or no)

Simple Algorithm:
“If two or more of the inputs are ‘yes’, then I 
will go to the playground”

Check if 
two or 
more 

inputs are 
“yes”

Sunny?
(yes or no)

Friends going?
(yes or no)

Homework done?
(yes or no)

Go to playground?
“yes” if two or more inputs are “yes”
“no” if less than two inputs are “yes”

Add up the 
inputs and 
compare to 

2

Sunny?
(1 or 0)

Friends 
going?
(1 or 0)

Homework?
(1 or 0)

playground?
If result >= 2 then 1
If result < 2 then 0

Simple Example



Sunny?
(1 or 0)

Friends 
going?
(1 or 0)

Homework?
(1 or 0)
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Sunny?
(1 or 0)

Friends 
going?
(1 or 0)

Homework?
(1 or 0)

playground?
1 if sum >= threshold
0 if sum < threshold

Σ

x weight #1

x weight #2

x weight #3

Technically, a value called bias is 
added to the sum, and the resulting 
value is compared to zero – in 

electronics. We are simplifying the 
design for our understanding.

playground?
If result >= 2 then 1
If result < 2 then 0

Let’s start our example with equal weights

Sunny? 1
Friends going? 1

Homework done? 0

Sunny? 1

Homework? 0

playground?
1 if sum >= threshold
0 if sum < threshold

(threshold = 2)

Σ

1

1

1

Friends Going? 1

= 1 x1 + 1 x 1 + 0 x 1 = 1 + 1 + 0= 2 → 1 (yes)

But if it rains, or it’s cold, then I can always wear a raincoat or a warm 
jacket!!! → Change the weights

Sunny? 0

Homework? 0

playground?
1 if sum >= threshold
0 if sum < threshold

(threshold = 3)

Σ

1

2

2

Friends Going? 1

= 0 x1 + 1 x 2 + 0 x 2= 0 + 2 + 0 = 2 → 1 (no)



Sunny? 0

Homework? 0

playground?
1 if sum >= threshold
0 if sum < threshold

(threshold = 5)

Σ

1

7

3

Friends Going? 1

Continuously tweaking the bias, the 
weights and the threshold is what we 

call training the model!

In a real-world scenario, you may have millions 
of these neurons represented in a model 

AKA

Transformer Model 
Neural Network



Open List of Downloadable & API Usable Models (LLMs)
✓ https://ollama.com/library
✓ https://huggingface.co/models

The numbers with 
LLMs, like "7B" or 
"70B," refer to their 

parameter count, 
indicating billions of 
tunable values 

(weights/biases) 
that store learned 
language patterns, 

essentially the 
model's "brain size," 
with more 

parameters 
generally allowing 
for greater 

complexity and 
nuance, though 
other numbers refer 

to token context 
windows, defining 
how much text it 

can process at 
once. 

Token Counts: Numbers 
indicating the 
model's context window, 
the maximum number of 
tokens (words/parts of 
words) it can consider at 
once for a given input and 
output.

Dimensions (e.g., 4096): 
Refers to the size of 
"embedding vectors" that 
represent words as lists 
of numbers, with longer 
lists (more dimensions) 
capturing more nuanced 
meaning.

Version Numbers (e.g., 
Llama 2): Denotes 
different releases or 
iterations, indicating 
improvements or changes 
in architecture or training 
data.

MoE: Mixture of Experts
RAG: Retrieval-Augmented Generation

https://ollama.com/library
https://ollama.com/library
https://huggingface.co/models
https://huggingface.co/models
https://huggingface.co/models
https://huggingface.co/models


We now have a way to 
represent the mind!



In Search of 
Meaning
Reproducing The Context

Story #2



typical conversations
in a vehicle manufacturing plant

No Common Vocabulary 

→ Semantic Gap!!!





Solving the Semantic Gap… Example

These properties may not make sense to all users and may vary between users. Example: Orange vs Peach vs Salmon 
And this certainly may not help a machine to understand. But by clearly categorizing that properties and their relations, 
once can begin building a common vocabulary. Common Vocabulary,

Ontology & Metadata
Technical Standards like Semantic Modeling Language (SML), Resource Description Framework (RDF) and 

Web Ontology Language (OWL) – help bridge the semantic gap today in organizations!





We now have a process to build 
a common searchable context!



In Search of 
Uruk
Building A City of Knowledge

Story #3

Uruk is famous as one of the world's first true cities, pioneering writing (cuneiform), monumental 
architecture (ziggurats), the cylinder seal, and advanced urban planning, and as the legendary home 
of King Gilgamesh in ancient Sumer (modern Iraq). It was the largest urban center globally around 
3200 BCE, a hub for trade, governance, and cultural innovation that laid foundations for later 
civilizations. 



You possess an immense reservoir 
of digitized knowledge—how will 
you harness it to create something 
useful in 2025?

What will you 

build?

YOUR TASK:

With Cloud, you now have infinite storage, infinite memory, 
infinite compute and infinite GPU at your resources! You 
can build tools that were only imaginable 20 years ago.

The moment was ripe with opportunities!



GPU Compute made building vectors in real-time a new 
possibility! With that came a new generation of “semantic 
search”,  vector databases, generative AI & RAG (Retrieval-
Augmented Generation)!

We moved into the Age of the Artificial Intelligence, 
“Semantic Search”, Cosine Similarity, Transformers.

What exactly is a “Semantic Search”?
Semantic search is an AI-powered 

search method that goes beyond simple 
keyword matching to understand the 
intent and context of a user's query, 

delivering more relevant results by 
grasping the meaning behind the words, 

similar to how a human understands 
language. It uses Natural Language 

Processing (NLP) and Machine 
Learning to interpret queries in natural 

language, considering relationships 
between words, synonyms, location, 

and history, rather than just looking for 
exact keyword hits. 

So how do you build this 

engine?



1. Vectors, Cosine Similarity, Euclidean Distance

vectors are numerical representations of data that 

capture semantic meaning.

1: High-Similarity; 0 or negative value: Low-Similarity

How is this used?
By representing words as vectors, we can use metrics like Cosine Similarity or 
Euclidean Distance to quantify how closely related two concepts are. This 
mathematical relationship forms the foundation of a vector space model, which is 
essential for training neural networks to understand data.

2. Character-level Embedding

Embedded Vector: [4,1,5,5,2,0,6,2,7,5,3,8]



3. Word-embedding, using “bag-of-words”

In both cases, with character embedding and word 
embedding using a “bag of words” is NOT showing any 
semantic or syntactic relationships. 
Can we do better? 
Solution: Word2Vec-embedding



Embeddings: A way to represent “meaning”.
Think of it as GPS, instead of navigating through streets it navigates through meaning!



Embeddings evolved with Word2Vec
https://wikipedia2vec.github.io/demo/ 

Word2Vec creates a representation of each word present in our vocabulary into a vector. Words used in similar contexts or 
having semantic relationships are captured effectively through their closeness in the vector space- effectively speaking 
similar words will have similar word vectors!  History: Word2vec was created, patented, and published in 2013 by a team of 
researchers led by Tomas Mikolov at Google.

https://wikipedia2vec.github.io/demo/


No Semantic Relationships





Reversing the flow using a Large-Language Model for Generative-Context

This is how a Large Language 
Model is leveraged to generate the 
content!

The next step in this evolutionary process is reasoning…



We now have a process to build 
a generative solution using a 

Large-Language Model



Today, we explored the 
evolution of AI, starting with 
the architecture of artificial 
neurons modeled after human 
decision-making. We then 
examined how semantic 
context and relationships 
provide data with deeper 
meaning. Finally, we integrated 
these concepts to see how 
vectorized engines power the 
Large Language Models 
(LLMs) that are currently 
transforming our daily lives.
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