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Section 01

What is a Neural Network?

A neural network is a computing system inspired by the biological neural networks in your brain. Just like your
brain uses billions of connected neurons to learn, recognize patterns, and make decisions, an artificial neural
network uses mathematical functions connected together to do the same thing - but with numbers.

Think of it like this: when you see a cat, your brain doesn't follow a set of "if-else" rules. Instead, millions of
neurons fire in patterns they've learned from seeing thousands of cats before. A neural network works the same
way - it learns from examples rather than being explicitly programmed.

Simple Definition:

A neural network is a series of algorithms that tries to recognize patterns in data, mimicking the way the
human brain works. It's the foundation of Deep Learning and modern Al.

Neural networks can learn to recognize images, understand speech, translate languages, play games, drive
cars, generate art, and much more. They are the backbone of almost every modern Al application you use
today.



Section 02

History & Evolution of Neural Networks

The story of neural networks spans over 80 years. A journey of brilliant ideas, long winters where nobody
believed in them, and explosive comebacks.

1943 - McCulloch & Pitts created the first mathematical model of a neuron.

1958 - Frank Rosenblatt invented the Perceptron, the first neural network that could learn from data.
1969 - Minsky & Papert showed the Perceptron’'s fatal flaw: couldn't solve XOR. First Al Winter.
1986 - Backpropagation algorithm published. Multi-layer networks could now learn.

2012 - AlexNet won ImageNet. Deep learning revolution begins.

2017 - Transformers introduced. Powers GPT, BERT, and every modern language model.

2020s - GPT-3, DALL-E, ChatGPT, Claude - billions of parameters.



Section 03

Biological Inspiration: The Human Brain

Your brain contains roughly 86 billion neurons, each connected to thousands of other neurons through
synapses. When you learn something new, connections between certain neurons get stronger. When you
forget, they weaken. This is exactly how artificial neural networks learn - by strengthening or weakening
connections (weights).

Biological Artificial What It Does

Dendrites Inputs (x1, x2, ...) Receives signals/data
Synaptic Strength ~ Weights (w1, w2, ...)  How important each input is
Cell Body Sum + Activation Processes all inputs together
Axon Output Sends result to next neuron

Learning Weight adjustment Getting better at the task



Section 04

The Artificial Neuron (Perceptron)

The Perceptron is the simplest form of a neural network - a single artificial neuron. Invented by Frank
Rosenblatt in 1958, it is the building block of every neural network ever built.

A perceptron does three things: Step 1: Takes multiple inputs, each multiplied by a weight. Step 2: Adds all
weighted inputs together, plus a bias. Step 3: Passes the sum through an activation function to produce output.

output = f( wl*x1l + w2*x2 + w3*x3 + ... + b )

w = weights, X = inputs, b = bias, f = activation function



Section 05

How a Neuron Computes

Every single neuron in every neural network does exactly this:

Step 1 - Weighted Sum: Multiply each input by its weight and add them together, plus the bias: z =
wl*x1 +w2*x2 + b

Step 2 - Activation: Pass z through an activation function (like Sigmoid) to squeeze the result between 0
and 1.

Every single neuron in every neural network - from a simple perceptron to GPT-4 - does exactly this: weighted
sum -> activation function -> output.



Section 06

Weights & Biases: The Learnable Parameters

Weights and biases are the knobs that a neural network adjusts during training. They are the only things that
change when a network learns.

What are Weights?

A weight is a number attached to each connection between neurons. It determines how much influence one
neuron's output has on the next neuron.

What is Bias?

Bias is an extra number added to the weighted sum before activation. It shifts the activation function, allowing
the neuron to fire even when all inputs are zero.

Analogy

Think of weights as volume knobs on a mixing board - each controls how loud one instrument is. The bias is like a master
volume that shifts everything up or down.



Section 07

Input Layer

The input layer is the first layer. It receives raw data and passes it to hidden layers. Each neuron represents
one feature of your data.

For example: predicting house prices? Input neurons for square footage, bedrooms, age, distance to city.
Processing a 28x28 pixel image? 784 input neurons - one per pixel.

Key Point:

The input layer does NO computation. It simply passes raw data values to the next layer. No weights, no
activation function - purely a data entry point.



Section 08

Hidden Layers: Where the Magic Happens

Hidden layers are between input and output. They're "hidden" because you don't directly see their inputs or
outputs. This is where actual learning and pattern recognition happens.

Hidden Layers Name Good For

(0] Perceptron Linearly separable problems only

1 Shallow Network Simple classification, regression

2-5 Deep Network Complex patterns, most real-world tasks

10-100+ Very Deep Network  Image recognition (ResNet), NLP (GPT)



Section 09

Output Layer

The output layer is the final layer that gives you the answer. Its design depends entirely on what problem you're
solving.

Problem Type Output Neurons  Activation Example

Binary Classification 1 Sigmoid Is this email spam?
Multi-class N (one per class)  Softmax Which digit? (0-9)
Regression 1 Linear (none) House price?

Multi-label N (one per label)  Sigmoid (each) Image tags?



Section 10

Full Architecture Overview

In a fully connected (dense) network, every neuron in one layer connects to every neuron in the next. Data
flows in one direction: input -> hidden layers -> output. This is called feedforward architecture.

The total number of learnable parameters = sum of all weights and biases. For [3,4,4,2]:
(3x4+4)+(4x4+4)+(4x2+2) = 16+20+10 = 46 parameters. Now imagine GPT-3 with 175 billion parameters -
same concept, massively scaled.



Section 11

Activation Functions: Why We Need Them

Without activation functions, a neural network is just a fancy linear equation. No matter how many layers you
stack, the output is always a linear combination of inputs. Activation functions introduce non-linearity, giving
neural networks the ability to learn any complex pattern.



Section 12

Sigmoid Function

sigma(x) =1/ (1 + e™(-x))

Output range: (0, 1) - perfect for probabilities

Sigmoid takes any real number and squashes it between 0 and 1. Large positive -> close to 1, large negative ->
close to 0, zero maps to 0.5.

When to use: Binary classification output layer.

Problems: Vanishing gradient - when input is very large or small, gradient is nearly zero, learning stops.



Section 13

ReLU (Rectified Linear Unit)

ReLU(x) = max(0, x)

If x>0, return x. If x <=0, return 0.

ReLU is the most popular activation function in deep learning. Incredibly simple: positive input passes through
unchanged, negative becomes zero.

Why ReLU is king: Computationally cheap, no vanishing gradient for positive values, sparse
activations.

"Dying ReLU" problem: If a neuron's input is always negative, it "dies." Leaky ReLU and ELU solve this.



Section 14

Tanh & Softmax

Tanh (Hyperbolic Tangent)

tanh(x) = (e™x - e™(-x)) / (e*x + e™(-Xx))

Output range: (-1, 1) - zero-centered

Like Sigmoid but zero-centered. Commonly used in RNNs and LSTMs.

Softmax

sof tmax(xi) = e~(xi) / Sunm(e”(xj))

Converts a vector of numbers into probabilities that sum to 1

Used exclusively in output layer for multi-class classification.



Section 15

Forward Propagation

Forward propagation passes data through the network from input to output. It's how the network makes
predictions. No learning happens here - purely computation.

z =W* x+b| a=1f(2)

W = weight matrix, X = input, b = bias, f = activation, a = output



Section 16

Loss Functions: Measuring How Wrong You Are

A loss function measures how far the network's prediction is from the correct answer. The goal of training is to
minimize this loss.

Loss Function Used For
Mean Squared Error Regression
Binary Cross-Entropy Binary classification

Categorical Cross-Entropy  Multi-class classification

Mean Absolute Error Regression (robust to outliers)

MSE heavily penalizes big mistakes (errors are squared). MAE treats all mistakes equally. Cross-entropy
heavily punishes confident wrong predictions.



Section 17

Backpropagation: How Neural Networks Learn

Backpropagation is the most important algorithm in deep learning.

1. Forward pass: Send data through, get a prediction.

2. Calculate loss: Compare prediction to correct answer.

3. Backward pass: Calculate how much each weight contributed to the error using the chain rule.
4. Update weights: Adjust each weight in the direction that reduces error.

The Chain Rule:

If you have f(g(h(x))), the derivative is f*g*h'. This lets us figure out how changing a weight deep in the
network affects the final output.



Section 18

Gradient Descent

w_new = wold - learning rate * gradient

Move the weight opposite to the gradient to reduce loss
Batch GD: Uses entire dataset per update. Slow but stable.
Stochastic GD (SGD): One random sample per update. Fast but noisy.

Mini-Batch GD: Uses small batches (32, 64, 128). Best of both worlds - what everyone uses.



Section 19

Learning Rate: The Most Important Hyperparameter

Learning rate controls how big each step is during gradient descent. Typically between 0.0001 and 0.1.
Too high: Overshoots minimum, loss bounces wildly, may never converge.

Too low: Tiny steps, very slow learning, can get stuck in local minima.

Just right: Smooth convergence to a good solution.

Common Learning Rates

0.001 is safe for Adam optimizer. For SGD, try 0.01-0.1. Many use learning rate schedulers that reduce the rate over
time.



Section 20

Epochs, Batches & lterations

Epoch: One complete pass through the entire training dataset.
Batch Size: Number of samples in one forward/backward pass.

Iteration: One forward + backward pass with one batch.

|terations per Epoch = Total Sanples / Batch Size

Example: 60,000 images / 64 batch size = 937 iterations per epoch



Section 21

Overfitting & Underfitting

Underfitting: Model too simple. Poor on both training and test data. Fix: larger model, train longer, more
features.

Overfitting: Model memorizes training data including noise. Great on training, terrible on new data. Fix:
regularization, dropout, more data, simpler model.



Section 22

Regularization Techniques

L1 Regularization (Lasso)
Loss = Oiginal Loss + |anbda * Sum(|w |)
Pushes some weights to exactly zero - creates sparse models
L2 Regularization (Ridge / Weight Decay)
Loss = Original Loss + |anmbda * Sum(wi "2)
Most commonly used. Pushes all weights toward zero but never exactly to zero
Early Stopping

Monitor validation loss. When it starts increasing while training loss decreases, stop training - that's where
overfitting begins.



Section 23

Dropout: Randomly Turning Off Neurons

During training, randomly "drops" (sets to zero) a percentage of neurons at each iteration. Prevents neurons
from becoming too dependent on each other.

Typi cal dropout rate: 0.2 to 0.5

During testing, dropout is turned off and outputs are scaled to compensate



Section 24

Batch Normalization

Normalizes each layer's output to mean=0, std=1 within each mini-batch.

Benefits: Faster training, higher learning rates, mild regularization, reduces internal covariate shift.
Used in almost every modern deep network.



Section 25

Weight Initialization

Method Best With Formula
Xavier/Glorot  Sigmoid, Tanh W ~ N(O, 2/(n_in + n_out))
He/Kaiming RelLU W ~ N(0O, 2/n_in)

LeCun SELU W ~ N(0, 1/n_in)



Section 26

Optimizers: SGD, Adam & More

Optimizer Key Idea When to Use

SGD Basic gradient descent + momentum  Fine-tuned control; often best accuracy
RMSProp Adapts learning rate per param RNNs, non-stationary problems

Adam Momentum + adaptive rates Default choice for most problems
AdamwW Adam + proper weight decay Modern default, Transformers

Rule of thumb

Start with Adam (Ir=0.001). For best accuracy, switch to SGD + momentum + LR scheduler. AdamW for Transformers.



Section 27

Vanishing & Exploding Gradients

Vanishing: Gradients shrink through layers. Early layers stop learning. Happens with Sigmoid/Tanh in
deep networks.

Exploding: Gradients grow exponentially. Weights get huge, training unstable.
Solutions for vanishing: ReLU, He initialization, BatchNorm, skip connections (ResNet), LSTM/GRU.

Solutions for exploding: Gradient clipping, proper initialization, BatchNorm.



Section 28

Feedforward Neural Networks (FNN)

The simplest type - data flows one direction, input to output, no loops. Also called Multi-Layer Perceptrons
(MLPs). Great for tabular data and simple classification/regression.

Limitations: Treat each input independently (no memory), don't understand spatial structure in images,
can't handle sequential data.



Section 29

Convolutional Neural Networks (CNNSs)

CNNs are kings of image processing. Instead of connecting every neuron to every input, CNNs use small filters
(kernels) that slide across the image, detecting patterns like edges, textures, shapes.

Convolutional Layer: Detects features. Early = edges/textures. Deep = complex patterns.
Pooling Layer: Reduces spatial size. MaxPool is most common.
Fully Connected: Combines features for final classification.

Famous CNNs: LeNet, AlexNet, VGG, ResNet, EfficientNet.



Section 30

Recurrent Neural Networks (RNNSs)

RNNs handle sequential data - text, speech, time series. Unlike feedforward networks, RNNs have loops
allowing information to persist from one step to the next.

ht = f(Whh * h_ (t-1) + Wxh * x_t + b)

h_t = hidden state at time t, carrying memory of previous inputs

Problem: Vanilla RNNs struggle with long sequences due to vanishing gradients.



Section 31

LSTM & GRU: Solving the Memory Problem

Long Short-Term Memory (LSTM)

LSTM (1997) has a special memory cell and three gates controlling information flow:
Forget Gate: What to throw away from memory.
Input Gate: What new information to store.

Output Gate: What to output from memory.

Gated Recurrent Unit (GRU)

Simplified LSTM with only two gates. Similar performance, faster to train. Both dominated until Transformers

took over.



Section 32

Autoencoders

An autoencoder learns to compress data then reconstruct it. Encoder compresses, decoder reconstructs. The
bottleneck captures the most important features.

Useful for dimensionality reduction, denoising, anomaly detection, and generative modeling. VAEs add a
probabilistic twist for generating new data.



Section 33

Generative Adversarial Networks (GANS)

Generator: Creates fake data from random noise. Goal: fool the discriminator.
Discriminator: Distinguishes real data from fakes. Goal: catch the generator.

They train together until the generator produces data so realistic the discriminator can't tell the difference.
GANSs power face generation (StyleGAN), image translation (Pix2Pix), super-resolution (ESRGAN).



Section 34

Transformers & The Attention Mechanism

The Transformer (2017) is the most important architecture of the modern era. It powers GPT, BERT, Claude,
and virtually every state-of-the-art Al system.

Self-Attention

Attention(Q K, V) = softmax(Q*K T / sqrt(dk)) * V
Q = Query, K =Key, V = Value

Why Transformers won: Parallelization, long-range dependencies, incredible scalability.



Section 35

Transfer Learning

Take a model trained on a large dataset and fine-tune it for a specific task with a smaller dataset. This is how
most Al apps are built today.

Very few teams train from scratch. They fine-tune pre-trained models like BERT (NLP), ResNet (vision), or GPT
(text generation) on their specific data.



Section 36

Hyperparameter Tuning

Hyperparameter Typical Range  Effect

Learning rate 0.0001 - 0.1 Speed vs stability
Batch size 16 - 256 Memory, generalization
Number of layers 1-100+ Model capacity
Neurons per layer 32 -1024 Layer capacity
Dropout rate 0.1-0.5 Regularization strength

Grid Search: Try every combination. Random Search: Surprisingly effective. Bayesian Optimization:
Most efficient.



Section 37

Tools & Frameworks

Tool

PyTorch
TensorFlow
Keras

JAX

Hugging Face

Recommendation

Best For
Research, flexibility
Production, mobile
Quick prototyping
High-perf research

Pre-trained models

Used By

Meta, OpenAl, academia
Google, industry

Built into TensorFlow
Google DeepMind

Everyone

Start with PyTorch. Most popular in 2026, best docs, most tutorials use it.



Section 38

Build Your First Neural Network (Code)

A complete neural network classifying MNIST handwritten digits using PyTorch:

import torch

import torch.nn as nn

inmport torch.optimas optim
fromtorchvision inport datasets, transforns

fromtorch.utils.data i nport Dataloader

transform = transforns. Conpose( [

transforns. ToTensor (),

transforns. Nornmalize((0.1307,), (0.3081,))

D

train_data = datasets. MNIST('./data', train=True,
downl oad=True, transfornrtransform

trai n_| oader = Dataloader(train_data, batch_size=64,

shuf fl e=True)

cl ass Neur al Net wor k( nn. Modul e) :
def __init__(self):

super (). __init_ ()
self.flatten = nn.Flatten()
sel f.layers = nn. Sequenti al (
nn. Li near (784, 256),

nn. ReLU(), nn. Dropout (0. 2),
nn. Li near (256, 128),

nn. ReLU(), nn. Dropout (0. 2),
nn. Li near (128, 10)

)

def forward(self, x):

return self.layers(self.flatten(x))

nodel = Neur al Net wor k()



optim zer = opti m Adan{nodel . paraneters(),

| oss_fn = nn. CrossEntropyLoss()

for epoch in range(10):

for batch_x, batch_y in train_| oader:
optim zer.zero_grad()

|l oss = |l oss_fn(nodel (batch_x), batch_y)
| oss. backwar d()

optim zer.step()

# Expected accuracy: ~97-98%

I r=0.001)



Section 39

Real-World Applications

Computer Vision: Face recognition, self-driving cars, medical imaging. Powered by CNNs.
NLP: ChatGPT, Claude, Google Translate, code generation. Powered by Transformers.
Healthcare: Drug discovery (AlphaFold), disease diagnosis, personalized treatment.
Finance: Fraud detection, algorithmic trading, credit scoring, risk assessment.

Creative Al: Image generation (DALL-E, Midjourney), music, video generation (Sora).

Cybersecurity: Intrusion detection, malware classification, phishing detection.



Section 40

The Future of Neural Networks

Scaling Laws: Bigger models + more data = better results. Trillion-parameter models coming.
Multimodal Al: Text + images + audio + video + code simultaneously.

Efficient Al: Quantization, distillation, mixture-of-experts for edge devices.

Al Agents: Neural networks that take actions - browsing, coding, controlling robots.

AGI: The ultimate goal - Al performing any intellectual task a human can.

The most important takeaway:

Neural networks are not magic. They're just math - weighted sums, activation functions, and gradient
descent. But when you stack enough of this simple math together and feed it enough data, something
magical emerges: the ability to learn almost anything.



Thank You for Reading!

This guide is part of the Neural Networks tutorial series on sudoflare.com

Visit sudoflare.com/ai/machine-learning/ for the interactive version
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