
Supervised problems Classification & Regression

Goal: Find a function that outputs the right class/value for an object ~x

{~x1, ~x2, ~x3, . . . , ~xn}
Labeled data:

~x 2 Rd

fW (~x)

{y1, y2, y3, . . . , yn}{ y 2 R or y 2 N

Given a dataset with label, find a function that can assign labels to new unlabelled data

ClassificationRegression



Cats vs dogs classification

? 0 = dog 
1 =  cat



WHAT IS THE RULE?
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WHAT IS THE RULE?
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X2

?

Here the rule is

Yi = 1(a < Xi · ✓ < b)

Particular case of  
Generalized Linear Models

Yi = f(Xi · ✓)

With many points, many of you could identify the rule…

… but before this, you probably used the nearest neighbour algorithm





Nearest-Neighbour classifier: Example 

•Memorize all labels  

•Predict the label of the most similar training point 
(from Hastie, Tibshirani, Friedman)



Nearest-Neighbour classifier: Example 

•Memorize all labels  

•Predict the label averaging over many similar training points 



How to choose k ?

•Memorize all labels  

•Predict the label averaging over many similar training points 



Overfitting

Testing on points not used in the training set 
« Cross-validation »

The sweet spot 
k=7,9

Finding « hyper-parameters » requires 
Cross-validation



Nearest-Neighbour classifiers

Pro: 
– Simple to implement  
– Flexible to feature/distance choices  
– Naturally handles multi-class cases                                          
– Can do well in practice                                                             
(with enough representative data )

Con: 
– Large search problem

– Storage of data  
– Must have a meaningful distance 

– Curse of dimensionality 



The curse of dimensionality

Need Ο(ε-d) points to cover [0, 1]d 
at a Euclidean distance ε

Images: d = 106 
Distance are always large



Funes the memorious

 ‘Not only was it difficult for him to understand that the generic 
term ‘dog’ could embrace so many disparate individuals of 
diverse size and shapes, it bothered him that the dog seen in 
profile at 3:14 would be called the same dog at 3:15 seen from the 
front.’

Knn just memorise everything…  
no  « understanding/learning » whatsoever!



Training Model selection 
Tuning hyperparameters 

Estimation  
of generalisation error

Supervised learning good practices





Bagging 
(Bootstrap Aggregating)

 Leo Breiman (1994 )

 Bradley Efron (1979)

https://en.wikipedia.org/wiki/Leo_Breiman
https://en.wikipedia.org/wiki/Bradley_Efron


Bootstrap

[[ 0.524]
 [ 0.4  ]
 [ 0.361]
 [ 0.078]
 [ 0.859]
 [ 0.654]
 [ 0.384]
 [ 0.738]
 [ 0.156]
 [ 0.572]]

Why working with a single data set?



Bootstrap

[[ 0.524]
 [ 0.4  ]
 [ 0.361]
 [ 0.078]
 [ 0.859]
 [ 0.654]
 [ 0.384]
 [ 0.738]
 [ 0.156]
 [ 0.572]]

[[ 0.361]
 [ 0.156]
 [ 0.4  ]
 [ 0.654]
 [ 0.654]
 [ 0.859]
 [ 0.384]
 [ 0.4  ]
 [ 0.524]
 [ 0.859]]

[[ 0.361]
 [ 0.572]
 [ 0.156]
 [ 0.361]
 [ 0.4  ]
 [ 0.384]
 [ 0.572]
 [ 0.654]
 [ 0.4  ]
 [ 0.384]]

[[ 0.156]
 [ 0.156]
 [ 0.524]
 [ 0.078]
 [ 0.524]
 [ 0.859]
 [ 0.361]
 [ 0.078]
 [ 0.654]
 [ 0.4  ]]

[[ 0.078]
 [ 0.524]
 [ 0.859]
 [ 0.384]
 [ 0.859]
 [ 0.361]
 [ 0.361]
 [ 0.738]
 [ 0.572]
 [ 0.156]]

Why working with a single data set?

Create many data sets by sampling with replacement:

Consider these datasets are equally valid

Many uses: error analysis (cf exo1!,  statistical tests, …)



Bagging 
(Bootstrap Aggregating)

Averaging models reduces overfitting!

Ozone dataFits on bootstrap samples

Averaged model



And for classification?



Decision trees!





Decision tree, depth=1



How regions are decided
Decision boundaries are decided by finding  

a) one of the variable (i=1…d)  
b) a particular value of this variable to cut between  and  xi ≥ v xi ≤ v

(a) & (b) are chosen to minimise the GINI criterion of all regions 

*  the fraction of points with label 1 in region R

*  the fraction of points with label 2 in region R

p1(R)
p2(R)

GINI Coefficient: Call

The Gini impurity is given by Imp(R) =
2

∑
i=1

pi(R)(1 − pi(R))

(Note: this is 0 if everyone is perfectly classified)

Alternative possibilities

Shannon entropy : Imp(R) =
2

∑
i=1

− pi(R)log(pi(R))

Misclassification error: Imp(R) = 1 − maxi pi(R)



Decision tree, depth=1



Decision tree, depth=2



Decision tree, depth=3



Decision tree, depth=4



Decision tree, depth=5



Decision tree, depth=6



Decision tree, depth=7



Decision tree, depth=8



Decision tree, depth=9





The original set



BOOSTRAP!! BOOSTRAP!!



Bagging 5 Decision tree!



Bagging 10 Decision tree!



Bagging 20 Decision tree!



Bagging 20 Decision tree!



In practice: Random Forrest

Further randomization: at each candidate split in the learning process, a random subset of the features. 
For a classification problem with p features, √p (rounded down) features are used in each split

https://en.wikipedia.org/wiki/Random_subspace_method


Sk-learn!



Boosting

Can we make many dumb learners smart?

Yes (but you need a smart leader!)



Can we make many dumb learners smart?

Kearns and Valiant ’88: 
- Does weak learnability imply strong learnability?                        
In other words, can we boost from weak to strong?

Schapire ’89
Freund and Schapire ’95
- Yes, with adaBoost



ADABOOST

How to combine many weak classifiers?

H(~x) =
TX

t=1

↵tht(~x)Adaptive linear combination of classifiers

Exponential loss: R =
X

i

e�YiH(~xi)

Goal: start from t=0, add new classifiers and 
(i) Adapt the weight alpha at each steps 
(ii) Re-weight the instances in the training set : more weight to ill-classified instances 

(each new classifier concentrate on badly classified examples)

Ingredients: 
(i) T classifiers ht(.), each of them slightly better than random 
(ii) A training set with N labeled examples

ht(xi) = ± 1Yi = ± 1



R =
X

i

e�Yi
P⌧�1

t=1 ↵tht(~xi)�Yi↵⌧h⌧ (~xi)

R =
X

i

e�Yi�
⌧
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R =
X

i
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�Yi↵⌧h⌧ (~xi)

H(~x) =
TX

t=1

↵tht(~x)R =
X

i

e�YiH(~xi)

�⌧
i �

�
!⌧
i

!⌧
i = weights for each instances at time τ

Assume we have done the job until time τ-1 !

How does one set the weight and α at each time steps?



Assume we have done the job until time τ-1 !

How does one set the weight and α at each time steps?

R =
X

i

!⌧
i e

�Yi↵⌧h⌧ (~xi)

ℛ = e−αt (1 − ∑
i

ωi1(Yi ≠ hi)) + eαt (∑
i

ωi1(Yi ≠ hi))�✏t
�✏t

✏t is what the classifier ht(.) is trying to minimise

R = e�↵⌧ � e�↵⌧ ✏t + e↵⌧ ✏t = e�↵⌧ (1� ✏t) + e↵⌧ ✏t

Let us choose  in order to minimize the global riskαt

@↵tR = 0 ! ↵t =
1

2
log

1� ✏t
✏t



ADABOOST TRAINING
8 i : !t=1

i =
1

n

for t = 1, . . . ,Tmax Do

Run a classifier for : ✏t =
⇥X

i

!⌧
i 1(Yi 6= hi))

⇤

↵t =
1

2
log

1� ✏t
✏t

H(.) = H
t�1(.) + ↵tht(.)

!t+1
i =

!t
ie

�Yi↵tht(~xi)

P
i !

t
ie

�Yi↵tht(~xi)

Set:

Agregate classifier:

Update weights:



Decision trees!



A tour on standard machine learning classifiers

From sk-learn


