
APS360: Applied Fundamentals of Deep Learning

Week 1: Artificial Neural Networks - Part I



Material & Resources
Course Website     http://q.utoronto.ca

Textbooks (Optional, free online): 

● Dive into Deep Learning       https://d2l.ai
● Deep Learning: Foundations and Concepts     https://www.bishopbook.com
● Deep Learning Book       https://www.deeplearningbook.org

http://q.utoronto.ca
https://d2l.ai/
https://www.bishopbook.com
https://www.deeplearningbook.org


What is Deep Learning?



Terminology

Artificial Intelligence (AI) : broad & poorly 
defined concept of developing computer systems 
that can perform tasks normally only humans 
could do

Machine Learning (ML) : computers learn by 
example, from data, rather than being explicitly 
programmed, to solve a task

Deep Learning (DL) : A machine learning 
method that learns multiple levels of abstractions 
over data end-to-end

Artificial Intelligence

Machine Learning

Deep 
Learning



Why do we need Machine Learning?

Much of computer science is the study of 
algorithms, how to write a program to solve a 
specific task.

Typically we write a program to evaluate 
some input with a set of clear rules that 
determine the output

Imagine I asked you to write a program to tell 
me if there is a goat in my photos



We need Machine Learning
● Almost any rule you can come up with will have some counter-example  in the real 

world

● It is difficult to formulate rules that cover all the conditions  we are expected to 
understand (and often we've never imagined them!)

● High-dimensional input space, hard to understand, we must first learn easier 
representations

● We instead require a way to learn from a lot of examples how to solve a problem!



Formal Definition of ML

"A computer program is said to learn from experience E  with respect to 
some class of tasks T  and performance measure P , if its performance at 
tasks in T, as measured by P, improves with experience E."

(Mitchell et al. 1997 )



Deep Learning
Deep Learning  is the latest version of Artificial Neural Networks (ANN) , or 
Connectionism  an old ML method

Neural Networks were inspired by the brain… like a jet plane was by birds



History of Deep Learning



Deep Learning: Successes and Caveats



Deep Learning Success: Machine Translation



Deep Learning Success: Drug Discovery



Deep Learning Success: Speech Recognition



Deep Learning Success: Image Generation

A photo of a confused grizzly 
bear in calculus class

A pre raphaelite painting of 
a person waiting for their 
iPhone to power on after 
plugging it back in

robot apes showing 
affection for their young 
ones.

A spooky swamp with mist 
and fog rising up towards 
the bright moonlight



Deep Learning Success: AlphaFold



Deep Learning Success: AlphaGo



Deep Learning Success: Mathematics



Deep Learning Success: Code Generation



Deep Learning Success: Language Modelling



Deep Learning Success: Simulators



Deep Learning Caveats: Interpretability

Figure https://xkcd.com/1838/ 



Deep Learning Caveats: Adversarial Examples

Clean 
Image

Noise Adversarial 
Example

Dog
Confidence: 92.2%

Ostrich
Confidence: 
98.2%



Deep Learning Caveats: Causality



Deep Learning Caveats:Fairness & Bias



Bias in ML: Examples

● A 2016 arXiv paper, claimed to be able to 
predict whether someone was a convicted 
criminal or not solely from a driver's 
license-style photo with 90% accuracy

● When looked at in detail, images of 
criminals were collected from government 
IDs, while non-criminal face images were 
collected from the internet

https://medium.com/@blaisea/physiognomys-new-clothes-f2d4b59fdd6a

Wu and Zhang’s “criminal” images (top) and “non-criminal” 
images (bottom). 

https://medium.com/@blaisea/physiognomys-new-clothes-f2d4b59fdd6a


Bias in ML: Examples



Machine Learning Basics



Machine Learning
Supervised Learning

● Regression (real-valued or continuous value) or Classification (categorical or 1 of N)
● Requires data with ground-truth labels/outputs

Unsupervised Learning

● Self-supervised Learning, Semi-supervised Learning
● Requires observations without human annotations

Reinforcement Learning

● Sparse rewards from environment (e.g., won/lost)
● Actions affects the environment (dynamic nature)



Supervised Learning
Model learns to maps an input to an output based on example input-output pairs.

Much like a teacher guides a student, but with many  more examples



Fitting a Polynomial (Regression) 

Suppose we use function t=sin(2πx)+ϵ to generate 10 data points. 

The goal is to predict the value of t for some new value of x, without knowledge of 
the green curve.

Training is finding a set of optimal weights to best approximate the function



Loss Function

We want to learn the coefficients (weights) such that the the predictions are as 
close as possible to the training data.



Model complexity

How should we decide the polynomial order?



Train/Validation/Test splits
we cannot use all our data for training, need to use some to test our model

Common mistake is to keep trying until favourable outcomes are achieved on the 
testing data, Effectively making your testing data the same as your training data and 
leads to over-fitting!

Train on training, tune hyper-parameters on validation, evaluate sparingly on test set 

Stratified sampling without replacement



Avoiding overfitting: More Data
Below is the fitting of a model with M=9 with 15 (left) and 100 (right) training 
examples.

More data helps the model to learn better and generalize better



Avoiding overfitting: Regularization



Artificial Neuron



Simplified Biological Neuron

Dendrites receive information from other 
neurons. 

Cell body consolidates information from the 
dendrites.

Axon passes information to other neurons.

Synapse is the area where the axon of one 
neuron and the dendrite of another connect.



Artificial Neuron 
xi is the input  such as a pixel in an image

wi is the weight  for input xi that we learn for this 
particular input

b is the bias , a weight we learn with no input

f is the activation function  that determines how our 
output changes with the sum of all weight-input 
products

y is the output  such as the class an image belongs to
yp = f(w⋅x+b)



Artificial Neuron 

year
sq2

#rooms

finished

2001
3000

5
1

X=

2001
3000

5
1

price 1.5M yt= 1.5M

yp = f(w⋅x+b)

f(

2001
3000

5
1

.

w1
w2

w3
w4

+b) ≅ 1.5M

yp=2001w1+3000w2+5w3+1w4+b

If f(x)=x then:



Neuron with a Linear Activation Function
What is wrong with a linear activation function?

● Most real datasets are not linearly separable , e.g. we can't find 
a line that separates classes well in a classification problem

● We can learn non-linear transformations of our data to help

● Multiple layers with non-linear transformations help

● No advantage from multiple linear layers  → composite is a 
linear layer

https://sebastianraschka.com/Articles/2014_naive_bayes_1.html

https://sebastianraschka.com/Articles/2014_naive_bayes_1.html


Early Activation Functions: 
Perceptrons
First artificial neurons (1943-70s) used a simple binary 
activation function based on which side of the hyperplane 
the input is:

This is called the decision boundary

Sign function

Heaviside (unit) step 
function



Early Activation Functions: 
Perceptrons
First artificial neurons (1943-70s) used a simple binary 
activation function based on which side of the hyperplane 
the input is:

This is called the decision boundary

Sign function

Heaviside (unit) step 
function

These functions are not differentiable, 
continuous, or smooth



Sigmoid Activation Function
Sigmoid activation functions were the most common before 2012:

● Easily differentiable, smooth, continuous

● Range between [-1, 1] or [0, 1]

There are many sigmoid functions, the most common are:

Hyperbolic tangent

Logistic  function



Sigmoid Activation Function
Sigmoid activation functions were the most common before 2012:

● Easily differentiable, smooth, continuous

● Range between [-1, 1] or [0, 1]

There are many sigmoid functions, the most common are:

Hyperbolic tangent

Logistic  function

 Saturated neurons “kill” the 
gradients

Gradients become vanishingly small 
very quickly away from x=0



ReLU Activation Function

Modern deep learning typically uses the Rectified Linear 
Unit (ReLU) based activation functions:

ReLU



ReLU Activation Function

Modern deep learning typically uses the Rectified Linear 
Unit (ReLU) based activation functions:

Very easy derivatives 0 or 1, use 0 at x=0

ReLU

Leaky ReLU

Parametric ReLU



Continuous Approximations of ReLU

We can approximate ReLU activation by continuous functions:

Work on par or better than ReLU functions

SiLU 
(Swish)

SoftPlus



Questions?


