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Defining the Boundaries of Intelligence

Al

Augmented intelligence aiming
to extend human capabilities
beyond natural limits.

e
',.-'

AN
S

Machine Learning
Algorithms that learn and make

decisions from data without
explicit programming
(requires feature engineering).

>

Deep Learning

Neural networks with multiple layers that
automatically learn hierarchical representations
of data to extract complex patterns.
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The Foundational Unit: From Regression to Neuron

Input

Weight (w) Bias

oA

Non-linear Activation
Function (o)

Linear Transformation

The weighted sum of inputs and biases
(y = w1 + waza + b).

Non-Linear Transformation

A sigmoid function p = o(y) transforms the raw output
(logits) into a probability between 0 and 1, allowing the
network to learn complex, non-linear patterns.




Anatomy of a Neural Network
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Input Layer
Receives the raw data/features

e

Output Layer
Produces the final predictions or
classifications (e.g., probabilities).

(e.g., text tokens or image pixels).

Hidden Layer(s)

The core engine. Contains the learnable
parameters (weights and biases) and activation
functions where complex transformations occur.
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Crossing the ‘Deep’ Threshold

Input Layer ==3;

D
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— Hidden Layer

i Output Layer

Standard Neural Networks

1-2 hidden layers.

Effective for simple classification tasks and
medium datasets (thousands of rows).
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Output Layer

Deep Learning

3 or more hidden layers.

Designed for highly complex tasks (Computer
Vision, NLP).

Requires massive, complex datasets (millions of
rows) and significant computational power to
optimize billions of learnable parameters.
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The Engine Cycle: Training the Network

2. Forward Pass

Compute intermediate
variables left-to-right
through the network to
generate a prediction.

1. Random Start —l

Initialize with random
weights and biases.

5. Repeat \
Iterate until loss is Gradient "\
minimized.. L] {m‘ent B

“— 3. Calculate Loss

4. Update Parameters —

Use backpropagation to calculate Measure the error between the
error contribution, then apply gradient model's prediction and the actual
descent to adjust weights closer to the training data (prioritize Loss over

optimal target. Accuracy as the key KPI).




Translating Language for the Machine

(Out of Vocab)

Word-Based Character-Based Subword-Based
Split by Break infrequent words
1| Mechanic space/punctuation Split by individual letter| 1Nto meaningful subwords
(nltk, spaCy) (WnrdPlecg,
SentencePiece)
Vocabulary : g : e
2 Size Massive (millions) | Tiny (dozens) Optimized (balanced)
. High (preserves root
= Ezzzﬁignn High izgk(;égﬁiﬁ gharaCtEIS meanings, e.g., "un" +
8 "happiness")
4 Risk of OOV High S ota T




The Ingestion Pipeline
and Vocabulary

1. Tokenization

Applying the tokenizer
algorithm to slice the raw
text ("Hello world").

DN

2. Special Tokens
Injection

Padding and routing the
sequence using <bos>
(beginning), <eos> (end),
<pad> (padding for
consistent batch lengths),
and <unk> (unknown/

00V). /

3. Token Indices

Using
build_vocab_from_iterator
to assign a unique integer
to every token.
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4. Embeddings

Converting token indices into

dense vectors. Embeddings operate
as the Al's sense of meaning,
mapping semantic relationships in
high-dimensional space.

T Germint Motebook



Architectural Taxonomy: FNN & CNN

Input Layer

Hidden Layer 1

Hidden Layer 2

Input Layer

Function: The basic building block for other complex architectures.

Hidden Layer 1

— Feedforward Neural Network (FNN)

Structure: Fully connected nodes flowing in a single forward direction.

Hidden Layer 2
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— Flattening

1 Dense Layers
Flattening (FNN)

— Convolutional Neural Network (CNN) <

Structure: Convolutional layers followed by pooling layers feeding into an FNN.

Function: Extracts specific features, learns patterns, and reduces dimensionality.
Exceptionally well-suited for Computer Vision and image-related tasks.
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Architectural Taxonomy: RNN, LSTM & GRU

Input X

. Feedback Loop:

Internal Memory /
Hidden State h,_;

Output y;

-

¥ [

Recurrent Neural Networks (RNN)

Mechanic: Introduces loops that maintain a ‘hidden
state’ (internal memory). The network ingests data
while factoring in the previous input’s context.

Application: Designed for sequential data and
time-series forecasting.

Limitation: Traditional RNNs process one element at a
time and struggle to retain long-term dependencies
across long sequences.

LSTM & GRU (The Evolution)

Long Short-Term Memory and Gated Recurrent Units
introduce advanced gating mechanisms to explicitly
control the flow of information, dictating what the
network remembers and what it forgets over long
sequences.

T Grermini Notebook



The Paradigm Shift: Enter the Transformer

Self-Attention Mechanism
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Softmax

The 2017 Breakthrough

“Attention Is All You Need” (Vaswani
et al.) replaced slow, sequential RNN
processing with highly efficient

parallel

~

e

processing.

Self-Attention

W

~ Computes dynamic scores determining the

exact contextual importance of every other

- word in a sequence simultaneously.

e
E
|

Positional Encoding

~ Embeds sequence positions directly into the
- data, allowing the model to process whole
paragraphs at once while retaining word order.
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The Practitioner’s Reality: Build vs. Borrow

Training from Scratch Fine-Tuning & Parameter-Efficient Tuning (PEFT)
Requires petabytes of training data and immense GPU compute. Adjusting a pre-trained model (like Meta's Llama or Google's
Reserved for tech giants creating foundational Large Language FLAN) for a specific domain. Uses platforms like Hugging Face
Models (LLMs). to adapt massive networks with fewer trainable parameters,

teaching the Al ‘new habits' without rebuilding the brain.
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Deep Learning Implementation in Python

s e The Framework

| Using scikit-learn's MLPClassifier
(Multilayer Perceptron).

= —

from sklearn.neural_network import MLPClassifier o——

Defining the Architecture

# Define the model I ‘ _ —_— ]
nn = MLPClassifier(hidden_layer_sizes=(100,), o— ' hidden_layer_sizes=(100,) builds |

activation='relu', o s h!d_den Ia__yer _w'th 109 n_cj"qes'.

solver="adam’, | | bt Nacali)
max_iter=500) Activation

- activation='relu' applies the
' non-linear transformation.

# Train the model
nn.fit(X, y)o 3

' Training Execution

0| nn.fit (X, y) triggers the forward
pass, loss calculation, and
' backpropagation loop.
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Connecting the Engine to the World

Agentic RAG

Retrieve Validate

Agentic RAG:

The Al's long-term memory. Dynamically routing queries to retrieve
and validate external information, feeding it directly into the
transformer's context window.

Agent Loops (The “Thinking” Cycle)

Autonomous, iterative systems (Observe -> Function Calling
Think -> Act -> Perceive) that operate without The Al's APl interface. Structured tool invocation where the model
manual prompting at every step. dictates which external tool to use and what arguments to pass.
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Synthesis: The Deep Learning Tech Stack

e >

(Transformer Block:
Self-Attention + FNN)

| | 2 ‘ Generative

Raw Data Tokenizer Embeddings | | Logits Al Output
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Generative Al models are not magic; they are the culmination of high-dimensional matrix mathematics,

multi-layered parameter optimization, and self-attention, operating at unprecedented, petabyte scale.
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