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Introduction to Machine Learning

https://www.oreilly.com/library/view/hands-on-machine-learning/9781492032632/

https://www.oreilly.com/library/view/hands-on-machine-learning/9781492032632/
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(Un- / Semi-) Supervised Learning

• Semi-supervised
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Instance- vs. Model-based ML

• Instance-based
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Instance- vs. Model-based ML

• Model-based
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Linear Models

!𝑦 = 𝜃! + 𝜃" 𝑥" + 𝜃# 𝑥# + …+ 𝜃$ 𝑥$

𝑙𝑖𝑓𝑒_𝑠𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛 = 𝜃! + 𝜃" 𝐺𝐷𝑃_𝑝𝑒𝑟_𝑐𝑎𝑝𝑖𝑡𝑎

𝜃: 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟
𝑥 ∶ 𝑓𝑒𝑎𝑡𝑢𝑟𝑒

!𝑦: 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒
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Linear Models

𝑙𝑖𝑓𝑒_𝑠𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛 = 𝜃! + 𝜃" 𝐺𝐷𝑃_𝑝𝑒𝑟_𝑐𝑎𝑝𝑖𝑡𝑎
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Linear Regression as ML problem 

!𝑦 = 𝜃! + 𝜃" 𝑥" + 𝜃# 𝑥# + …+ 𝜃$ 𝑥$

feature vector 𝒙 = 𝑥", 𝑥#, … , 𝑥$
parameter vector 𝜽 = 𝜃", 𝜃#, … , 𝜃$

Dataset:

Samples 𝑿 =
𝑥"," ⋯ 𝑥",$,
⋮ ⋱ ⋮

𝑥&," ⋯ 𝑥&,$

Labels 𝒚 =
𝑦"
⋮
𝑦&

!𝑦 = 𝜽 F 𝒙
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Linear Regression as ML problem 

• Loss function

𝑀𝑆𝐸(𝑿, 𝜽) =
1
𝑚'

M
'("

&

𝜽)𝒙' − 𝑦'

Géron - homl
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Gradient Descent

• Loss function à calculate the derivative of the loss function with respect to a 
parameter

• Adjust parameter in the direction of the gradient 
• Partial derivatives with respect to each parameter

𝑑𝑙
𝑑𝜃

𝜃

𝑙
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Gradient Descent

𝑙

• Loss function à calculate the derivative of the loss function with respect to a 
parameter

• Adjust parameter in the direction of the gradient 
• Partial derivatives with respect to each parameter

∇*𝑀𝑆𝐸 𝜽 =

𝜕
𝜕𝜃!

𝑀𝑆𝐸 𝜽

⋮
𝜕
𝜕𝜃$

𝑀𝑆𝐸 𝜽
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Gradient Descent

• Loss function à calculate the derivative of the loss function with respect to a 
parameter

• Adjust parameter in the direction of the gradient 
• Partial derivatives with respect to each parameter
• How far should each step be? - Select an appropriate learning rate

𝜽($,-. /.,0) = 𝜽 − 𝜂∇𝜽𝑀𝑆𝐸(𝜽)

learning rate: 𝜂
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Learning Rate
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Gradient Descent

• Batch – whole training set at a time 
• Stochastic – one training example at a time
• Mini-batch – a mini batch (set) of training examples at a time
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Overfitting / Underfitting

!𝑦 = 𝜃! + 𝜃" 𝑥" + 𝜃# 𝑥## + …+ 𝜃$ 𝑥$$
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Overfitting / Underfitting

Source towardsdatascience.com

https://towardsdatascience.com/underfitting-and-overfitting-in-machine-learning-and-how-to-deal-with-it-6fe4a8a49dbf
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Test & Validation Sets

Gökcen et al. Nature Reviews Genetics 2019
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Cross-Validation

Source blog.contactsunny.com

https://blog.contactsunny.com/data-science/different-types-of-validations-in-machine-learning-cross-validation
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Regularisation

• Early stopping

• Ridge (l2): 𝐽 𝜽 = 𝑀𝑆𝐸 𝜽 + 𝛼 !
"
∑#$!% 𝜃#"
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Regularisation

• Early stopping

• Ridge (l2): 𝐽 𝜽 = 𝑀𝑆𝐸 𝜽 + 𝛼 !
"
∑#$!% 𝜃#"

• Lasso (l1): 𝐽 𝜽 = 𝑀𝑆𝐸 𝜽 + 𝛼 !
"
∑#$!% |𝜃#|

• Dropout … 
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Coffee Break!
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Classification
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Logistic Regression

�̂� = 𝜎(𝜃! + 𝜃" 𝑥" + 𝜃# 𝑥## + …+ 𝜃$ 𝑥$$)

!𝑦 = T0 𝑖𝑓 V𝑝 < 0.5
1 𝑖𝑓 �̂� ≥ 0.5

Model prediction

�̂�

Predict class probabilities for 1 (2) class(es)

Géron - homl
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Logistic Regression

𝐽 𝜽 = −
1
𝑚M

'("

&
𝑦 ' log �̂� + (1 − 𝑦 ' ) log 1 − �̂�

𝑐(𝜽) = T− log �̂� 𝑖𝑓 𝑦 = 1
−log(1 − �̂� ) 𝑖𝑓 𝑦 = 0

Loss function (one instance)

Log loss
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Softmax Regression

Predict class probabilities for k classes
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Softmax Regression

𝑠3 = 𝒙)𝜽 3Softmax score for class k

Predict class probabilities for K classes
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Softmax Regression

𝑠3 = 𝒙)𝜽 3Softmax score for class k

Predict class probabilities for K classes

Softmax function �̂� = 𝜎 𝒔 𝒙 =
exp(𝑠3 𝒙 )

∑4("5 exp(𝑠4 𝒙 )

𝒔(𝒙): vector of scores for each class for instance x
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Softmax Regression

𝑠3 = 𝒙)𝜽 3

𝐽 𝜣 = − "
&
∑'("& ∑3("5 𝑦3

' log(�̂�3
' )

Softmax score for class k

Predict class probabilities for K classes

Softmax function �̂� = 𝜎 𝒔 𝒙 =
exp(𝑠3 𝒙 )

∑4("5 exp(𝑠4 𝒙 )

Cross entropy

𝜣: parameter matrix 𝑦3
' : probability that ith instance belongs to class k

𝒔(𝒙): vector of scores for each class for instance x
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Softmax Regression

Predict class probabilities for k classes
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Decision Trees
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Decision Trees
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Ensembles
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Ensembles

• Works best if single models are as independent as possible:

• Bagging, Pasting
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Ensembles

• Works best if single models are as independent as possible:

• Boosting
• AdaBoost – upweight miss classified instances for subsequent models
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Ensembles

• Boosting
• Gradient boosting – train classifiers on the residuals of initial predictions
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