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Part I: Fundamentals
Part II: Example Problems
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- learn from data
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Machine Learning

- learn from data
- generalize to unseen data
- without explicit instructions
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Machine Learning, Wikipedia

?



● Many labeled examples

● Patterns in the data

● Complex relationships
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What Problems Can ML Solve?



Model – a simplification of a real process or system.
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Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.



y = 9.8 m      x
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Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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F = mg

F = 9.8 m

g = ?9.8

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.



y = 9.8 m      x
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a = ?9.8

Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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a = ?9.8

Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.



ŷ = 9.8 m      x
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ŷ = ma     ax

a = ?9.8

Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.



ŷ = 9.8 m      x

23

x y

2 19.6

4.5 44.1

10 98

ŷ = ma     ax

a = ?9.8

y = (1+1/(1 – z2) z zT/b2)(1 – z2)–1/2 
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Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.
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y = (1+1/(1 – z2) z zT/b2)(1 – z2)–1/2 

ax b ≈ 2.99 × 108
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z

?
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Model

Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.



Model – a simplification of a real process or system.

Usually we want to know what is the process that generates the data.

Model

ŷ = 9.8 m      x
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ŷ = ma     ax

it suffices to approximate

a = ?9.8

y = (1+1/(1 – z2) z zT/b2)(1 – z2)–1/2 

ax b ≈ 2.99 × 108

ŷ ≈ y
z

?

?
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What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:



If   L = 0   then   yi = ŷ(xi) = 0  for all i
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If   L = 0   then   yi = ŷ(xi) = 0  for all i
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ŷ = 10 x
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Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2
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40

x y

2 19.6

4.5 44.1

10 98

a a · a a

Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2
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What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2
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Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

43

x y

2 19.6

4.5 44.1

10 98

8 8 8 8

Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



Loss Function

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

44

x y

2 19.6

4.5 44.1

10 98

8 8 8 8

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

45

x y

2 19.6

4.5 44.1

10 98

ŷ = 10 x

8

9

8 8 8

Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

46

x y

2 19.6

4.5 44.1

10 98

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2

8

9 99 9

8 8 8

Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

47

x y

2 19.6

4.5 44.1

10 98

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 79.52

8

9 99 9

8 8 8

Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 79.52

48

x y

2 19.6

4.5 44.1

10 98

8

9 99 9

8 8 8

Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 79.52

49

x y

2 19.6

4.5 44.1

10 98 ŷ = 10 x

8

9 99 9

8 8 8

Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



Loss Function
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Is it possible to evaluate “goodness”?

Distance from the data to the model:

L2 Loss



ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57
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ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 4.97
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Loss Function

What is a good approximation?

Is it possible to evaluate “goodness”?

Distance from the data to the model:

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 402.57

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 79.52

ŷ = 10 x      L = (19.6 − 10·2)2 + (44.1 − 10·4.5)2 + (98 − 10·10)2 = 4.97
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How do we find the value for  a ?

Gradient Descent
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How to find the minimum?
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Derivatives show “influence” to functions
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Loading the Data

size of dataset >> computer memory
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Loading the Data

size of dataset >> computer memory

→   batching
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Stochastic Gradient Descent
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Stochastic Gradient Descent

Gradient Descent 
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Stochastic Gradient Descent

(Full) Batch Gradient Descent 

118



Stochastic Gradient Descent

(Full) Batch Gradient Descent 

Stochastic Gradient Descent
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Stochastic Gradient Descent

(Full) Batch Gradient Descent 

Stochastic Gradient Descent

Mini-Batch Gradient Descent
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⇒ Overfitting?

Models
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cat

cat

cat

cat

dog

dog

dog

dog

Linear model?
Quadratic model?

data:

CIFAR-10 dataset



Python
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How to Choose a Model?
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How to Choose a Model?

(Distilled version)
General methods that leverage computation and 
learning ultimately prove more effective than 
approaches relying on human knowledge and 
domain-specific expertise.

― Rich Sutton, ACM A. M. Turing Award 2024 recipient

The Bitter Lesson (2019)

http://www.incompleteideas.net/IncIdeas/BitterLesson.html

http://www.incompleteideas.net/IncIdeas/BitterLesson.html
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How to Choose a Model?

(Distilled version)
General methods that leverage computation and 
learning ultimately prove more effective than 
approaches relying on human knowledge and 
domain-specific expertise.

― Rich Sutton, ACM A. M. Turing Award 2024 recipient

The Bitter Lesson (2019)

http://www.incompleteideas.net/IncIdeas/BitterLesson.html

(⇒ we should not assume models (e.g., linear or not), we should just have 
a general learning method leveraging computation, e.g., NNs + GD)

http://www.incompleteideas.net/IncIdeas/BitterLesson.html
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Neural Networks
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Neural Networks
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Neural Networks

(n → m)
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Neural Networks

(nonlinearities)
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Neural Networks

…
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Neural Networks

…
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Backpropagation Example



146

Backpropagation Example



147

Backpropagation Example



148

Backpropagation Example



149

Backpropagation Example



150

Backpropagation Example



151

Backpropagation Implementation

See Andrej Karpathy’s micrograd and backpropagation lecture material

https://github.com/karpathy/micrograd/tree/master
https://github.com/karpathy/nn-zero-to-hero/blob/master/lectures/micrograd/micrograd_lecture_second_half_roughly.ipynb
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Backpropagation Example
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Backpropagation Example
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Backpropagation Example
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Backpropagation Example
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Backpropagation Example
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Backpropagation Example



Backpropagation (Softmax & CE Loss)
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Backpropagation (Softmax & CE Loss)
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Backpropagation (Softmax & CE Loss)
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Backpropagation (Softmax & CE Loss)
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Backpropagation (More Explanations)
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See the Back Propagation Practice folder

https://drive.google.com/drive/folders/1sEiaV4tR6tIY4xGvySVe8AN5q-hgHKAA


Recap
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ŷ = ma     ax



Recap
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L2 Loss

ŷ = ma     ax



Recap
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L2 Loss

8 9.34 9.68 9.77 9.79

-447 -114 -29 -7.4 -1.9

ŷ = ma     ax
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L2 Loss
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L2 Loss

8 9.34 9.68 9.77 9.79

-447 -114 -29 -7.4 -1.9

ŷ = ma     ax



Part I: Fundamentals
Part II: Example Problems
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Q1 distilled:
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Q1 solution (1)

^ one of multiple possible
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Q1 solution (2)



178



179

Q3 solution
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sasnausk@ualberta.ca
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