
Neural Networks Demystified
 Building on our exploration of linear regression as the foundation of machine 
learning,  we'll extend that foundation to understand neural networks. 

Neural networks takes linear regression to another level, transforming how we 
approach pattern recognition and prediction.



Linear Regression Review

Linear Regression as Transformation
At its core, linear regression finds a set of weights for each 
feature. 

These weights tell the model how much each feature matters for 
predicting something4like price.

Simple Example: If the weight for house size is 2, and the size is 6 
³ the contribution is 2 × 6 = 12

Machine Learning as Mapping
Machine learning is all about mapping one space to another. 
You're taking a list of numbers (the input), and transforming 
them into a new set of numbers (the output).

784D ³ 10D: Turn an image (28×28 pixels = 784 numbers) 
into probabilities for 10 digits (039)

5D ³ 1D: Turn 5 movie features into a single revenue 
prediction

A linear regression algorithm is simply taking an N-dimensional vector and mapping it to 1D. All it does is find the optimal mapping function 
that transforms points from the feature space to an output space (usually just a number).



Neural Networks as Stacked Mappings
Neural networks are essentially multiple linear regression models 
stacked together, with non-linear activations between them.

The Architecture:

Each stage is called a layer

Each linear regression model is called a neuron

A layer has multiple neurons working together

Each layer does a transformation: multiply by weights, add bias, 
apply activation function

What "Remapping" Means

Each layer remaps the data - changing the dimension and organization to make patterns easier to spot.

Simple Example: House data [2500 sq ft, 4 bedrooms, 2 years old] (3 numbers) transforms through layers into meaningful categories and 
finally a price prediction.



Neural Networks vs. Linear Regression: A Journey Analogy
Imagine you're trying to cross town to reach your friend's house.

Linear Regression: Simple Pattern Matching
Creates simple averaged rules4"When you see X, do Y on average"

Example: "When you see 3 trees, walk 15 steps forward"

It finds the average best response for each feature it can 
recognize, but completely ignores WHY some journeys fail.

Neural Networks: Context-Aware Decisions
Discovers complex conditional patterns4"When you see X AND Y 
AND Z together, do something completely different"

Example: "When I see trees AND hear water, I need to find a bridge 
before going forward."

The response to trees isn't fixed - it changes based on what else is 
happening.

The magic isn't in having more data4it's in the ability to find hidden relationships within the same data. Neural networks can handle situations 
even when they weren't explicitly labeled in the training data.



The Limitation of Linear Thinking
Linear regression, for all its elegance, has a 
fundamental limitation: it can only model 
straight-line relationships.

In linear regression, every feature has a constant 
effect. If we say each bedroom adds $30,000 to a 
house price, then:

1 bedroom: $30,000

2 bedrooms: $60,000

3 bedrooms: $90,000

10 bedrooms: $300,000

But does this match reality? Does the 10th 
bedroom really add as much value as the 1st? Of 
course not!

In the real world, we see diminishing returns:

The 1st bedroom adds huge value: +$50,000

The 2nd bedroom adds family appeal: +$30,000

The 3rd bedroom is nice for kids or guests: +$15,000

The 4th and beyond? Diminishing returns: +$5,000 each

These aren't edge cases - they're the norm. Real-world relationships are full of curves, thresholds, context-dependencies, and interactions. We 
need a model that can handle this complexity.



The Neural Network Solution - Multiple Perspectives
How do neural networks solve these problems? Through a brilliantly simple idea: instead of finding one pattern, find many patterns and 
combine them intelligently.

1

Team of Specialists
Linear regression is like having one expert who uses the same 
formula for every house.

A neural network is like having a team of specialists:

Expert A: "I specialize in detecting large houses"

Expert B: "I focus on family-friendly features"

Expert C: "I evaluate construction quality and age"

Expert D: "I identify luxury amenities"

2

Decision Points
Between each level, we have decision points where each expert 
can choose to speak up or stay quiet.

Example: For a small house with 1 bedroom, the size expert might 
think, "1,200 square feet? That's not large at all. I specialize in 
large houses, so I have nothing useful to contribute here."

These decision points are what allow neural networks to model 
realistic, non-linear relationships.

The mathematical term for these decision points is "activation functions," and the most important one is called ReLU. Think of it as a gate that 
says, "Only pass this information forward if it's relevant."



How Neural Networks Transform Embeddings

Step 1: Adjusts the Numbers (Linear 
Transformation)
The network changes the vector using 
math (weights and  bias).

What this does: Helps the network focus 
on different combinations of the input's 
features.

Example: Input embedding: [2500, 4, 2] 
(house size, bedrooms, age)

Neuron A: (2500×0.8) + (4×0.1) + 
(2×0.0) + bias = 2000.4

Neuron B: (2500×0.1) + (4×2.0) + 
(2×0.0) + bias = 258.0

Neuron C: (2500×0.0) + (4×0.0) + 
(2×-1.0) + bias = 8.0

Step 2: Applies a Rule (Activation 
Function)
Then it applies a simple rule like ReLU 
(which turns negative numbers into zero).

What this does: Helps the network handle 
complex patterns instead of just straight 
lines.

After ReLU:

Neuron A: ReLU(2000.4) = 2000.4 7 
"Large house detected"

Neuron B: ReLU(258.0) = 258.0 7 
"Family-friendly detected"

Neuron C: ReLU(8.0) = 8.0 7 
"Relatively new detected"

Progressive Refinement
This process repeats in each layer. With 
every step, the network fine-tunes the 
embedding:

Layer 1: Raw features ³ Basic patterns

Layer 2: Basic patterns ³ Complex 
concepts

Layer 3: Complex concepts ³ Task-
specific insights

Key Insight: Each layer reorganizes the 
data to make the next layer's job easier.

The Result: What started as scattered, messy data becomes organized, predictable patterns.



A Complete House Price Example
Sample Training Data

To keep things simple, we'll use just three input features:

x¡: House size (in square feet)

x¢: Number of bedrooms

x£: Age of the house (in years)

House Size (sq 
ft)

Bedroo
ms

Age 
(years)

Price 
($K)

1 2500 4 2 1300.8

2 1800 3 25 945.9

3 1200 2 5 649.6

4 3500 5 40 1793.5

5 800 1 1 450.1

Our Network Architecture

For our house price predictor, we'll use this simple architecture:

Input Layer: 3 neurons (size, bedrooms, age)

Hidden Layer 1: 4 neurons (pattern detectors)

Hidden Layer 2: 2 neurons (pattern combiners)

Output Layer: 1 neuron (price prediction)

What Each Layer Will Learn:

Layer 1: Basic patterns like "large house?", "family home?", "new 
construction?"

Layer 2: Complex combinations like "luxury family home?", 
"starter home?"

Output: Final price based on all detected patterns



Understanding Neural Network Layers
Input Layer (3 neurons)
Job: Receives the raw feature vectors

Example: Takes in [1800, 3, 25]

Simply passes data forward - no transformation yet

Hidden Layers (Where the Magic Happens)
Hidden Layer 1: 4 neurons - detects basic patterns

Hidden Layer 2: 2 neurons - combines patterns

Why "hidden"? Their outputs are not directly seen by us. Instead, they produce internal representations that help 
the model make better predictions.

Output Layer (1 neuron)
Job: Takes the final transformed representation and makes the prediction

Example: Outputs $945.9K

The transformation: Raw Features ³ Basic Patterns ³ Complex Concepts ³ Prediction

[1800,3,25] ³ [detected patterns] ³ [refined concepts] ³ [$945.9K]



Hidden Layers and Neurons - The Heart of Learning
Neurons: Tiny Decision-Makers

A hidden layer is composed of neurons (also called nodes), each 
acting as a tiny decision-maker. Every neuron is like a mini feature 
detector, trained to respond to a specific kind of pattern in the input 
data.

The Two-Step Process

Linear Combination: Computes a weighted sum of the previous 
layer's outputs

1.

Non-linear Activation: Applies a function (like ReLU) to decide 
whether to "fire"

2.

Seeing This in Our House Example

Let's zoom in on one neuron from Hidden Layer 1 - our "Family Home 
Detector":

Input from previous layer: [1800, 3, 25] (house size, bedrooms, age)

Step 1 - Linear Combination:

Weighted sum = (1800 × 0.0) + (3 × 200) + (25 × 0) - 500 = 100

Step 2 - Non-linear Activation (ReLU):

ReLU(100) = 100 7 "Family home detected! Pass signal forward."

Key Insight: During training, the network adjusts weights and biases so that similar houses cluster together, different houses separate clearly, 
useful patterns get amplified, and irrelevant features get dampened.



Understanding Weights, Neurons, and Network Parameters

The Connection Pattern: Fully Connected Layers
In a fully connected (dense) layer, each neuron connects to every 
output from the previous layer.

Our House Example Structure:

Input features: [size, bedrooms, age] = 3 features

Hidden Layer 1: Has 4 neurons (our pattern detectors)

Connection pattern: Each of the 4 neurons connects to all 3 
input features

What Each Neuron Contains
Each neuron has exactly:

One weight for each input feature (3 weights in our example)

One bias (threshold adjustment)

Our "Family Detector" Neuron:

Weights: [0.0, 200, 0.0] (ignores size and age, focuses on 
bedrooms)

Bias: -500 (sets activation threshold)

Total parameters: 4 (3 weights + 1 bias)

Total Network Parameters: 16 + 10 + 3 = 29 parameters

The Learning Challenge: 29 parameters to learn, each one needs to find the right value to detect useful patterns, combine patterns 
intelligently, make accurate price predictions, and generalize to new houses.



Understanding Linear Combinations - The Math Behind 
Pattern Detection
What Every Neuron Computes

The output of each neuron starts with a linear combination of the 
inputs.

The Basic Formula:

Given inputs: x = [x¡, x¢, ..., x¹]

And weights: w = [w¡, w¢, ..., w¹]

The linear combination is:

z = w¡x¡ + w¢x¢ + � + w¹x¹ + b

Where:

z = the result before activation (the "raw score")

b = the bias term (threshold adjustment)

Our House Example in Action

Let's see this with our "Family Home Detector" neuron:

Input house: [1800, 3, 25] (size, bedrooms, age)

Learned weights: [0.0, 200, 0.0] (ignores size/age, focuses on 
bedrooms)

Bias: -500

Linear combination calculation:

z = (0.0 × 1800) + (200 × 3) + (0.0 × 25) + (-500)

z = 0 + 600 + 0 - 500

z = 100

Then ReLU: ReLU(100) = 100 7 "Family home detected!"

What the Weighted Sum Represents: Importance (weight magnitude), Pattern Detection (matching score), Projection (geometric view), and 
Similarity (pattern strength).



Projection and Pattern Detection - The Geometric View
What Is Projection?

In a neural network, both the input and the weights of a neuron can 
be thought of as vectors 4 arrows pointing in space. When we 
compute the dot product between them (our linear combination), we 
are measuring how much the input points in the same direction as 
the weights.

Visualizing Projection with Our House Example

Think of our 3D house space:

X-axis = House size

Y-axis = Number of bedrooms

Z-axis = Age

Our "Family Detector" weights: [0.0, 200, 0.0]

This creates an arrow pointing straight up the "bedroom axis"

It says: "I only care about the bedroom dimension"

The Projection Calculation

Geometric interpretation: Projection = How much does [1800, 3, 25] 
point in the direction of [0, 200, 0]?

Dot product = (1800 × 0) + (3 × 200) + (25 × 0) = 600

What this means: The house has a "bedroom component" of 600 
when projected onto the Family Detector's preferred direction.

Why Projection Matters for Pattern Detection

Projection gives the neuron a sense of similarity:

Strong Alignment = Strong Pattern Match

Weak Alignment = Weak Pattern Match

Opposite Alignment = Anti-Pattern

But Projection Is Not Enough. Pattern detection also depends on the Bias Term (setting the activation threshold), the Activation Function 
(deciding how to respond), Input Quality and Scale, and Network Context (neurons working together).



Understanding What Neuron Outputs Really Mean

The Core Question: What Does 'z' 
Mean?
When a neuron computes its weighted 
sum (before ReLU), it produces a single 
number called z.

z = w¡x¡ + w¢x¢ + w£x£ + b

But what does this number actually 
mean?

Interpreting the Weighted Sum
The value of z tells us about pattern 
alignment:

High Positive Value (z > 0, large): 
"Strong pattern match!"

Value Close to Zero (z j 0): 
"Neutral/No pattern detected"

Negative Value (z < 0): "Anti-pattern 
detected"

Our House Example: Luxury 
Detector
Let's use a Luxury Home Detector with 
learned weights:

Weights: [0.8, -0.5, 0.3] (size matters+, 
bedrooms matter-, age matters+)

Bias: -1000 (high threshold for luxury)

Example: Moderate Luxury House

Input: [2000, 2, 5] (2000 sq ft, 2 
bedrooms, 5 years old)

z = (0.8 × 2000) + (-0.5 × 2) + (0.3 × 5) 
- 1000 = 600.5

Interpretation: z = 600.5 ³ "Moderate 
luxury detected"

What the Pattern Represents: The neuron's "pattern" is defined by its weights: [0.8, -0.5, 0.3]. This creates a "luxury template" where large size 
is very important (0.8), fewer bedrooms are actually preferred (-0.5), and newer age is somewhat important (0.3).



The Role of the Bias Term - Fine-Tuning Activation Thresholds
The Complete Neuron Equation

Each neuron includes a bias term, typically written as b.

The full equation: z = (w¡ × x¡) + (w¢ × x¢) + (w£ × x£) + b

The bias allows the neuron to shift the output value up or down, 
giving it flexibility to activate in different situations.

Why Bias Is Essential

Without bias: The neuron would only activate when the weighted 
sum is above zero.

With bias: The neuron can set its own activation threshold, making it 
much more flexible and powerful.

Three Key Ways Bias Helps

Adjusting for Smaller Input Values1.

Shifting the Activation Threshold2.

Increasing Learning Flexibility3.

Example: Age Sensitivity Detector

Weights: [0.0, 0.0, -50] (focuses only on age)

Bias: +1000 (sets the "break-even" age)

House at 15 years: z = -750 + 1000 = 250 7 "Still holding value"

House at 25 years: z = -1250 + 1000 = -250 � "Value degradation 
threshold exceeded"

How Bias Affects Network Behavior: Positive Bias creates "Optimistic Neurons" with lower activation thresholds, while Negative Bias creates 
"Pessimistic Neurons" with higher activation thresholds that require strong evidence.



Pattern Detection in Neural Networks - How Neurons Become 
Specialists

The network creates a custom coordinate system where it becomes easier to separate, group, and classify houses based on their underlying 
patterns. This is why neural networks are powerful: They automatically discover the coordinate system that makes the task easiest.

Feature Recognition
Each neuron learns to respond strongly to 
certain input patterns that are meaningful 

for the task.

In our house example: Size patterns, 
Family patterns, Age patterns, and Luxury 

patterns.

Signal Integration
The neuron takes multiple input values, 
multiplies each by its corresponding 
weight, and adds them together with bias.

This linear combination collapses the 
entire input vector into a single number.

Creating a New Representation
After ReLU, the neuron's output becomes 
one dimension in a new embedding 
vector.

Each dimension represents a different 
discovered pattern.

Spatial Reorganization
This process re-maps raw input data into a 
new space where relationships become 
more meaningful.

Similar houses cluster together, different 
houses separate, making prediction easier.

Distributed Representation
Each neuron contributes one value to the 

new embedding, and different neurons 
specialize in different aspects.

Together they describe the input from 
many useful perspectives.



Why Non-Linearity Is Essential - The Power of ReLU
The Role of Activation Functions

Activation functions decide how much of a neuron's signal is passed 
forward to the next layer. The most important activation functions 
are non-linear, especially ReLU (Rectified Linear Unit).

ReLU: The Game Changer

ReLU is defined as: ReLU(x) = max(0, x)

Simple rule:

If input < 0 ³ output 0 (neuron stays "off")

If input g 0 ³ output = input (neuron "fires")

Why ReLU Creates Intelligence

Selective Pattern Detection: ReLU allows the network to turn off 
certain signals entirely.

1.

Sparse, Meaningful Embeddings: When ReLU outputs zero, that 
entire dimension is removed from the representation.

2.

Network Learns to Focus: Only neurons that detect helpful 
patterns contribute to the next layer.

3.

What Happens Without Non-Linearity?

If we used only linear functions like f(x) = x, the network would lose this selective power. No matter how many layers, it would still just be a 
fancy linear regression with no additional power.

With ReLU, neural networks transform from simple linear regression to intelligent systems that can model real-world complexity.



How ReLU Models Complex Relationships - Thresholds and 
Interactions

ReLU's Core Power: Hard Cutoffs
ReLU creates a clear boundary: ReLU(x) 
= max(0, x)

If input < 0 ³ output = 0 (complete 
silence)

If input g 0 ³ output = input (pass 
signal forward)

This hard cutoff at zero allows the 
network to treat conditions like on-off 
switches.

Threshold Effects - Modeling 
Sudden Changes
Real-World Problem: House Age 
Depreciation

Reality: Houses maintain value for ~30 
years, then depreciate rapidly.

Neural Network Solution: Age Threshold 
Detector

Create a neuron that activates only after 
30 years:

Weights: [0, 0, 1] (focuses only on 
age)

Bias: -30 (shifts threshold to 30 
years)

ReLU output: max(0, age - 30)

Feature Interactions Through 
Layer Composition
When we stack layers with ReLU, the 
network can learn feature combinations 
- patterns that depend on multiple 
conditions being true simultaneously.

Example: Pool Value Depends on 
Climate

Real-world logic: "Pools add value, but 
much more in hot climates than cold 
ones."

The network can learn this complex 
interaction by detecting individual 
features in Layer 1 and combining them 
in Layer 2.

Key Insights: Why This Creates Intelligence - ReLU enables conditional logic, context-dependent responses, threshold-based decisions, and 
emergent complexity from simple operations.



Layer-by-Layer Intelligence - Building Complex 
Understanding

Layer 1: Detecting Basic Patterns
The first layer transforms raw features into 
basic pattern detections.

Input: [3000, 4, 95, 1] (size, bedrooms, 
temperature, pool)

Layer 1 Output: [1000, 1, 20, 0.5]

New embedding space: [large-ness, 
family-ness, hot-climate-ness, pool-ness]

Layer 2: Combining Features
The second layer detects combinations of 
Layer 1 patterns.

Input: [1000, 1, 20, 0.5] (Layer 1 outputs)

Layer 2 Output: [304.25, 571.5]

New embedding space: [premium-family-
appeal, luxury-amenity-appeal]

Layer 3: Higher-Level Reasoning
The third layer creates very specific, high-
level insights.

Input: [304.25, 571.5] (Layer 2 outputs)

Layer 3 Output: [799.375]

Final embedding: Pure "luxury family home 
in hot climate" score

Why This Creates Intelligence: Conditional logic through layer composition, context-dependent value assessment, and emergent market 
understanding. The network discovers market insights like "Pools increase value significantly, but only in hot climates" without anyone 
programming these insights.



The Neural Network Training Process - How Intelligence 
Develops

1

Input Training Data
Training begins with structured examples where we know the 
correct answers.

Our house training data includes examples like:

House 1: [2500, 4, 2] ³ Actual price: $1,300,000

2

Forward Pass - Making a Prediction
The network processes the input through all its layers to make a 
prediction.

Initial prediction with random weights might be way off:

Network Prediction: $421,230

Actual Price: $1,300,000

3

Loss Calculation - Measuring the Error
We use Mean Squared Error (MSE) to quantify how wrong we 
were.

Error = Predicted - Actual = $421,230 - $1,300,000 = -$878,770

4

Backpropagation - Finding What to Blame
Figure out which weights caused this error by working backward 
through the network.

5

Gradient Descent - Making Adjustments
Based on the backpropagation analysis, we adjust weights in the 
direction that reduces error.

6

Repeat Over Many Examples
We repeat this process with all training examples, gradually 
improving the network's performance.

By the end of training, the network has learned market patterns, developed feature interactions, calibrated scaling, and gained generalization 
ability. It hasn't just memorized the training examples - it has developed genuine market expertise that can be applied to new, unseen houses.


