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Single neuron model: The Perceptron

• McCulloch and Pitts (1943) – Model description
• Frank Rosenblatt (1957) – Machine implementation

Mcculloch, Warren and Pitts, Walter. "A Logical Calculus of Ideas Immanent in 
Nervous Activity." Bulletin of Mathematical Biophysics 5 (1943): 127--147.
Rosenblatt, Frank. The perceptron, a perceiving and recognizing automaton Project 
Para. Cornell Aeronautical Laboratory, 1957.



Single neuron model: The Perceptron
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Single neuron model: The Perceptron



Single neuron model: The Perceptron

ො𝑦 = 𝑤𝑇𝑥 + 𝑏 𝑥 =

𝑥1
𝑥2
𝑥3

𝑤 =

𝑤1
𝑤2

𝑤3

𝑏 = 𝑏

Linear combination of inputs scaled by the weights

How many trainable parameters does
this perceptron have?

Mathematically equivalent to linear regression



Single neuron model: The Perceptron

1 – “neuron activates”
0 – “neuron doesn’t activate”



Single neuron model: The Perceptron
activation

no activation

threshold

Sigmoid activationො𝑦 = 𝑧 = 𝜎(𝑤1𝑥1 + 𝑤2𝑥2 + 𝑤3𝑥3)



Single neuron model: The Perceptron

A Perceptron with a sigmoid activation function is 
mathematically equivalent to logistic regression

1 – “neuron activates”
0 – “neuron doesn’t activate”



Single neuron model: The Perceptron
Example: predicting whether someone has a sleep disorder given the quality of 
the sleep, the daily amount of exercise and the stress level



Single neuron model: The Perceptron



Single neuron model: The Perceptron

Patient ID SQ Ex SL SD

01 7 30 4 0

02 5 20 8 1

03 8 60 8 0
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Training a Perceptron

• How do we find 𝑤1, 𝑤2, 𝑤3 and 𝑏?

• Using the training data, we will 
gradually adjust the values of the 
parameters such that we minimize 
the errors in the predictions

• Optimization algorithm: gradient 
descent 𝜃𝑖 ≔ 𝜃𝑖 − 𝛼

𝜕ℒ

𝜕𝜃𝑖



The perceptron and the XOR problem
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The perceptron and the XOR problem
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Artificial Neural Network

input hidden layers output
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Artificial Neural Network

input hidden layers output

Humidity: 60%

Pressure: 102HPa

Sunny



Artificial Neural Network

input hidden layers output
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Pressure: 100HPa



Artificial Neural Network
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Artificial Neural Network

input hidden layers output

Humidity: 90%

Pressure: 100HPa

Rainy



Matrices as linear transformations
• Center remains at origin

• Lines remain parallel

https://www.youtube.com/@3blue1brown



Matrices as linear transformations



Matrices as linear transformations



Matrices as linear transformations
• Eigenvectors are only scaled by the eigenvalues

No eigenvector Eigenvector



Linear transformations in 3D



Non-square matrices as transformations
between dimensions
• What transformation does a 3x2 matrix represent? And a 3x2?

Matrix multiplication is linear →we can repeatedly apply transformations to a 
vector between any number of dimensions



Neural Networks
• Each layer of (trainable) weights applies a linear transformation to the input 

vector, followed by a non-linear activation. The output of a given layer
becomes the input to the following layer



Building a neural network
●

Layer 0 Layer 1 Layer 2

𝑓:ℝ3 → ℝ1

𝑓:ℝ𝑀 → ℝ𝑁



Building a neural network

Layer 0 Layer 1 Layer 2

𝑓:ℝ3 → ℝ1



Building a neural network

Layer 0 Layer 1 Layer 2



Number of parameters
• How many parameters does the following neural network have?

…

…

8 input 
features 64 neurons

…

16 neurons

…

10 output
neurons

• 3 layer neural network with 2 
hidden layers

• Sigmoid activation funcions
• Softmax on the last layer



Universal approximation theorem

• A feedforward neural network with
a single hidden layer containing a 
finite number of neurons can 
approximate any continuous
function on compact subsets of 
ℝ𝑛, given appropriate activation
functions

• Arbitrary width
• Arbitrary depth

https://benmoseley.blog/my-research/so-what-is-a-physics-
informed-neural-network/



Learning in neural networks
• The process of finding the combination of weights and biases that minimize

the error on the training set – optimization problema
• Generalization: a well-trained model should perform roughtly equal on seen

vs unseed data



Loss function

• The loss function gives us a distance (error) between our predictions and the
target values



Loss function
• Convex functions have a single minimum
• Most loss functions of the problems that we

tackle with deep learning are high-
dimensional non-convex functions with
many local minima

convex

non-convex





Training a neural network
• Goal: Find the set 𝑤, 𝑏  that 

minimizes an objective function 
(loss function) over all the 
samples in the training set

• Optimization algorithm: gradient 
descent → 𝜃𝑖 ≔ 𝜃𝑖 − 𝛼

𝜕ℒ

𝜕𝜃𝑖

• The gradient of the loss with 
respect to the parameters of the 
model is computed with 
backpropagation



The chain rule
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The chain rule



Computational graphs



Solving a computational graph



Stochastic Gradient Descent

• Stochastic gradient descent: We
compute the gradient with one
sample at a time

• Batch gradient descent: we compute
the gradient for the entire training set 
and then take a step towards the
minumum

• Mini-batch gradient descent: we
select a subset of samples (batch) 
and compute the gradient for that
given subset



Training a Neural Network
Input image and perform feed-
forward operation

Output Label



Training a Neural Network
Update weights

error

Error ↓ Output Label



Training a Neural Network
Repeat with new image

Output Label



Training a Neural Network
Batch

Outputs

Labels



Neural Network architectures

fully connected/linear/dense layers or MLP 
→

linear map + non-linear activation functions

convolutional layers → CNNs
computer vision, signal processing, 

etc.

Transformers
Seq to seq models
Multimodal models
Large language models
Generative models
Etc.

recurrent layers → RNNs, LSTMs, GRUs
time series, natural language processing



Task: next word prediction
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Task: next word prediction
• We can use each word in a sentence to predict the following word; 

however, we would be missing the context that gives meaning to it
• Context: how the meaning of a word is affected by the meaning of 

the other words in a given text
1. Machine learning model
2. Fashion model
• Language model: from an initial embedding or snippet we want to 

obtain a single final embedding, which we can then run through an 
MLP and predict the probability of each word in the vocabulary 
appearing next





Embedding dimension
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Attention mechanism
The teacher asked the class a question, and everyone turned to look at 
her

Li, X., Li, M., Yan, P., Li, G., Jiang, Y., Luo, H., & Yin, S. Deep Learning Attention Mechanism
in Medical Image Analysis: Basics and Beyonds. International Journal of Network Dynamics 
and Intelligence. 2023, 2(1), 93–116.























Transformers

Vaswani, A. "Attention is all you need." Advances in 

Neural Information Processing Systems (2017).

Advantage: we can calculate attention for all the
embeddings in a sequence simultaneously. This speeds up 
computation and allows for massive scalability
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