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Introduction to Machine Learning
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Hands-on

Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Tools, and Techniques
to Build Intelligent Systems

Aurélien Géron

MRC Molecular Haematology Unit



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

Introduction to Machine Learning
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Why Bother?
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problem
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Why Bother?

Launch!
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Why Bother?
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(Un-/ Semi-) Supervised Learning
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(Un-/ Semi-) Supervised Learning
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(Un-/ Semi-) Supervised Learning
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(Un-/ Semi-) Supervised Learning

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

e Instance-based
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Instance- vs. Model-based ML

e Model-based
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Linear Models
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0: parameter
x : feature
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Linear Models

Life satisfaction
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Linear Regression as ML problem

y == 90"‘ 91x1+92x2+ ...+0nxn

feature vector x = (x1,Xy, ., Xp)
parameter vector 0 =(64,0,,..,6,)
y =0-x
Dataset:
X1,1 X1,n»
Samples X = 5 ]
xm 1 xm,n

Y1
Labels y = ( : )
Ym
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Linear Regression as ML problem

e Loss function

Life satisfaction
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Gradient Descent

e Loss function - calculate the derivative of the loss function with respect to a
parameter

e Adjust parameter in the direction of the gradient
e Partial derivatives with respect to each parameter
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Gradient Descent

e Loss function - calculate the derivative of the loss function with respect to a
parameter

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

0
—— MSE
a0, MS (6)

VoMSE(0) =

0
@MSE(H)
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Gradient Descent

e Loss function - calculate the derivative of the loss function with respect to a
parameter

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

g(nextstep) — g _ T]VOMSE(G)

learning rate: n
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Learning Rate

Cost

Leamning step

Minimum

Random
initial value
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Gradient Descent

e Batch — whole training set at a time
e Stochastic — one training example at a time

e Mini-batch — a mini batch (set) of training examples at a time

381 _s— Stochastic

361 —— Mini-batch
34, —e— Batch
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Overfitting / Underfitting
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Overfitting / Underfitting
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https://towardsdatascience.com/underfitting-and-overfitting-in-machine-learning-and-how-to-deal-with-it-6fe4a8a49dbf

Test & Validation Sets

a Data Inputs Targets b Parameter update C Monitoring
i . ]
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s — N T = . Training
Validation N :
set - | Input . R
- Number of parameter updates
Test set

Gokcen et al. Nature Reviews Genetics 2019
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Cross-Validation

| Data \

Fold 1 Training \

Fold 2

Fold 3 ‘T%tl ....... : _:i Average
Fold 4 | Testl l ‘

/’ Final Measure
Fold 5 |" of Performance

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

Regularisation

e Early stopping

« Ridge (12): J(8) = MSE(8) + a5 YL, 67
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Regularisation

e Early stopping

e Ridge (12):

J(8) = MSE(8) + a7, 67
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Regularisation

e Early stopping

« Ridge (12): J(8) = MSE(8) + a5 YL, 67
e Lasso (11): ](6) = MSE(0) + a%Z?:l 16; |
e Dropout ...
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Coffee Break!

Your day will suck
without me
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Classification

Training set

@ Label@\

@‘ New instance
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Logistic Regression

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

ﬁ :O-(Ho‘l' 91x1+92X22+ +9nx,711)
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Model prediction
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Logistic Regression

Loss function (one instance)

_[~log)  ify=1
C“’)‘{—loga—mify:o

Log loss

1 om . :
J©@) === [yVlog) + (1 ~y)log(1 ~p)]

MRC Molecular Haematology Unit




Softmax Regression

Predict class probabilities for k classes

Iris Versicolor Iris Setosa Iris Virginica
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Softmax Regression

Predict class probabilities for K classes

Softmax score for class k ~ sx = x70%)
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Softmax Regression

Predict class probabilities for K classes
Softmax score for class k ~ sx = x70%)

exp(sx (X))
2?;1 exp(s;(x))

Softmax function p = o(s(x)) =

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

Predict class probabilities for K classes
Softmax score for class k ~ sx = x70%)

exp(si(x))
;{=1 eXp(Sj (x))

Softmax function p = o(s(x)) =
s(x): vector of scores for each class for instance x

Cross entropy J(@) = —= mlzk v l)log( (l))

O parameter matrix (l) : probability that it"instance belongs to class k
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Softmax Regression

Predict class probabilities for k classes
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Decision Trees
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Decision Trees

(petal length (cm) <= 2.45)
gini = 0.667
samples = 150
value = [50, 50, 50]

L class = setosa )

True \:alse

€ petal width (cm) <= 1.75)
gini=0.5
samples = 100
value = [0, 50, 50]
N class = versicolor y
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Decision Trees
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Decision Trees

No restrictions

min_samples_leaf = 4
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Decision Trees
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Ensembles
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Ensembles

Ensemble’s prediction
(e.g., majority vote)

f G 2 \ Predictions
i I o< T ot
9

New instance

Figure 7-2. Hard voting classifier predictions
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Ensembles

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

e Bagging, Pasting

#®

‘ | ‘ Predictors
% % % (e.g., classifiers)
.0,800.0 /o.o‘.:(.)/ /‘ (oc;oo(’)&/ /..a'n.os/

Random sampling
(with replacement = bootstrap)

Training

S 09 Training set

NIVERSITY OF

MRC | Nesecatarosy unie L MRC Molecular Haematology Unit




Ensembles

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

e Boosting

e AdaBoost — upweight miss classified instances for subsequent models

Original data set, D, Update weights, D, Update weights, D,
R 2 I
g + e X S Combined classifier
— i bl . - ) = -
+ + + - +
e ,+ -rw‘é. LTI LI
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+
............... = + =it
<:1> + - i - i
+ : R +
| — -
& T ,
. 2 + +
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Ensembles

e Boosting
Gradient boosting — train classifiers on the residuals of initial predictions
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