
Chapter 2
Supervised Learning

2.1 Introduction

In a supervised learning task we are interested in finding a function that maps a set
of given examples into a set of classes or categories. This function, called classifier,
will be used later to classify new examples, which in general are different from
the given ones. The process of modeling the classifier is called training, and the
algorithm used during the training is called learning algorithm. The initial given
examples used by the learning algorithm are called training examples. The training
examples are usually provided by an external agent to the robot also called tutor.
Once the classifier is learned, it should be tested on new unseen examples to evaluate
its performance. These new examples are called test examples.

Before using the examples (both training and test) in the classification process,
they are usually transformed into a feature vector. A feature vector is a set of val-
ues that represent some characteristics of the classes we want to learn. In the more
general case, each example x is represented by a set of L features in the form

x = { f1, . . . , fL},

In the problems presented in this book each feature will be represented by a real
value, i.e. fl ∈ R.

In the case of a binary classification, the classifier needs to distinguish between
two classes only. The most intuitive way of separating two classes is by creating a
hyperplane that separates the examples of both classes in the feature space. An ex-
ample is shown in Fig. 2.1. In this figure two classes y1 and y2 are represented in a
bidimensional feature space. In the training process, a hyperplane—a line in 2D—is
calculated in a way that separates the feature space into two parts. Each division
contains the examples of one class. In the classification step, a new example is rep-
resented in the feature space. The new example is assigned the class corresponding
to the division of the space in which the example is located.

Ó.M. Mozos: Semantic Labeling of Places with Mobile Robots, STAR 61, pp. 7–13.
springerlink.com c© Springer-Verlag Berlin Heidelberg 2010



8 2 Supervised Learning

(a) Training step (b) Classification step

Fig. 2.1 (a) In the training step a line is calculated that separates the training examples of
classes y1 (squares) and y2 (triangles). (b) In the classification step a new example (star) is
classified according to the decision line. In this case it belongs to class y1.

In general, the division of the feature space into different regions is done using
functions that define different types of curves. These types of classifiers are called
discriminative, since they just divide the feature space and discriminate the exam-
ples from the different classes.

The solution to the binary case can be used to learn one class only. To do this we
divide the set of all possible examples in the world into two sets: a first set corre-
sponding to the examples of the class we want to learn, and a second set containing
the remaining examples. The examples of the learned class received the name posi-
tive examples, while the rest of the examples are called negative examples.

The learning of one class allows us to introduce some performance metrics for the
classifiers. The evaluation of the performance is done using the set of test examples.
These examples need to contain their corresponding class, since this value will be
used in the metrics. After applying the learned classifier to the test set we can obtain
the following values:

True positives (TP) Test examples whose original class was positive and are
classified as positive.

True negatives (TN) Test examples whose original class was negative and are
classified as negative.

False positives (FP) Test examples whose original class was negative but are
classified as positive.

False negatives (FN) Test examples whose original class was positive but are
classified as negative.

According to these values a good classifier will try to maximize the number of
true classifications (TP and TN) while trying to minimize the number of false ones
(FP and FN). These values are typically shown in a matrix form with two rows and
two columns. This matrix is called confusion matrix. Moreover, these performance
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values are the basics for further metrics such as lift charts, receiver operating char-
acteristic (ROC) curves, or recall–precision curves [16].

An important phenomenon that should be avoided when training a classifier is
overfitting. Overfitting occurs when a classifier does very well in the training set
but performs poorly in the test set. This situation usually occurs because the learned
function fits too much to the training examples, leaving a small margin to detect new
examples if they are slightly far away in the feature space. The capability of a clas-
sifier to detect new examples, even if they are slightly different from the training set
is called generalization. Opposite to overfitting, generalization is a desired behavior
in a classifier.

A classifier is also called a hypothesis, since it is a guess of the class to which an
example belongs. The hypotheses that are only slightly better than a random guess
are called weak hypotheses. Similarly, the classifiers that are much better than a
random guess are called strong hypotheses.

Further details on supervised learning can be found in [9, 14, 16].

2.2 Boosting

Boosting is a general method which attempts to improve the accuracy of a given
learning algorithm [4, 8, 12]. This approach has its roots in the probably approxi-
mately correct (PAC) framework [15].

Kearns and Valiant [7, 6] were the first to pose the question of whether a weak
learning algorithm can be combined into an accurate strong learning algorithm.
Later, Shapire [11] demonstrated that any weak learning algorithm can be efficiently
transformed or boosted into a strong learning algorithm.

The underlying idea of boosting is to combine a set of T weak hypotheses

{h1,h2, . . . ,hT }
to form a strong hypothesis H such that the performance of the strong hypothesis is
better than the performance of each of the single weak hypothesis ht in the form

H(x) =
T

∑
t=1

αt ht(x) , (2.1)

where αt denotes the weight of hypothesis ht . Both αt and the hypothesis ht are to
be learned within the boosting procedure. The resulting strong hypothesis H has the
form of a weighted majority vote classifier.

The boosting algorithm proceeds as follows. The algorithm is provided with a set
of labeled training examples (x1,y1), ...,(xN ,yN), where yn is the label associated
with instance xn. On each round t = 1, . . . ,T , the boosting algorithm devises a weight
distribution Dt over the set of examples, and selects a weak classifier ht with low
error εt with respect to Dt . Thus, the distribution Dt specifies the relative importance
of each example for the current round. After T rounds, the booster must combine
the weak classifiers into a strong one. The key idea is to alter the distribution over



10 2 Supervised Learning

the training examples in a way that increases the weights of the harder elements,
thus forcing the weak classifier to make less mistakes on these elements.

An important aspect related to boosting is overfitting. Large parts of the early
literature explain that boosting would not overfit even when using a large number
of rounds. However, simulations shown in [5, 10] indicate that data sets with high
noise content could clearly show overfitting effects.

2.2.1 AdaBoost

The AdaBoost algorithm, introduced by Freund and Schapire [3], is one of the most
popular boosting algorithms. Following the general idea of boosting, the AdaBoost
algorithm takes as an input a training set of examples (x1,y1), ...,(xN ,yN), with yn

being the label associated with instance xn. Since the algorithm is designed for bi-
nary classifications, the label for each example indicates whether it is positive yn = 1
or negative yn = 0. On each round t = 1, . . . ,T , AdaBoost calls a weak learning al-
gorithm repeatedly to select a weak hypothesis ht .

The AdaBoost algorithm differs from previous boosting algorithms [1, 2, 11] in
that it needs no prior knowledge of the accuracies of the weak classifiers. During
the boosting process, AdaBoost adapts to these accuracies and generates weighted
majority hypotheses in which the weight of each weak hypothesis is a function of
its accuracy.

The complete algorithm is described in Figure 2.2. In this algorithm, the distri-
bution D indicates the importance of the examples at the beginning of the training
process and it is controlled later by the iterative process. This distribution can be
set initially as the uniform distribution so that D1(n) = 1/N, meaning that all ex-
amples have the same importance at the beginning. On each round t, the algorithm
maintains the normalized weight distribution Dt(1), . . . ,Dt(N) over the training ex-
amples. The distribution Dt is fed to the weak learner which generates a classifier
ht that has a small error with respect to this distribution. The accuracy of the weak
hypothesis ht is measured by its error as

εt =
N

∑
n=1

Dt(n) |ht(xn)− yn| . (2.2)

Notice that the error is measured with respect to the distribution Dt on which the
weak learner was trained. In practice, the weak learning algorithm may be able to
use the weights Dt on the training examples. Alternatively, when this is not possi-
ble, a subset of the training examples can be sampled according to Dt , and these
resampled examples can be used to train the weak learner.

Using the new hypothesis ht , the boosting algorithm generates the next weight
vector Dt+1, and the process is repeated. After T iterations, the final strong hy-
pothesis H is generated, combining the outputs of the T weak hypotheses using a
weighted majority vote.
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Freund and Schapire [3] proved that, for binary classification problems, the
training error of the final hypothesis H generated by the AdaBoost algorithm is
bounded by

ε ≤ 2T
T

∏
t=1

√
εt(1 − εt) ≤ exp

(

−2
T

∑
t=1

γ2

)

, (2.3)

where εt = 1/2−γt is the error of weak hypothesis ht . Since a hypothesis that makes
an entirely random guess has error 0.5, γt measures the accuracy of the weak hy-
pothesis ht relative to a random guess. This bound shows that the final training error
drops exponentially if each of the weak hypotheses is better than a random guess.

Since the accuracy of the AdaBoost algorithm depends on the fact that the weak
classifiers are better than a random guess, an alternative way to stop the iterative
process of Fig. 2.2 consists of testing whether the selected weak classifier ht has
a classification error better than 0.5. If this is not the case, then the loop should

• Input:

– Set of N labeled examples (x1,y1), . . . , (xN ,yN)
with yn = 1 if the example xn is positive,
and yn = 0 if the example xn is negative

– Distribution D over the N examples
– Weak learner
– Integer T specifying the number of iterations

• Initialize the weight vector D1(n) for i = 1, . . . ,N.
• For t = 1, . . . ,T

1. Normalize the weight distribution

Dt(n) =
Dt(n)

∑N
i=1 Dt(i)

2. Train weak learner using distribution Dt and get back a hypothesis ht : X →{0,1}.
3. Calculate the error for ht as

εt =
N

∑
n=1

Dt(n) |ht(xn)− yn|

4. Set
βt =

εt

(1− εt)

5. Set the new weights

Dt+1(n) = Dt(n)β 1−|ht (xn)−yn |
t

• The final strong hypothesis is given by:

H(x) =

{
1 if ∑T

t=1

(
log 1

βt

)
ht (x) ≥ 1

2 ∑T
t=1 log 1

βt

0 otherwise

Fig. 2.2 The AdaBoost algorithm [3].
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• Input:

– Set of N labeled examples (x1,y1), . . . , (xN ,yN)
with yn = 1 if the example xn is positive,
and yn = −1 if the example xn is negative

– Weak learner
– Integer T specifying the number of iterations

• Initialize the weights D1(n) = 1/N for n = 1, . . . ,N.
• For t = 1, . . . ,T

1. Train the weak learner with distribution Dt and get back a hypothesis ht : X → [0,1].
2. Choose αt ∈ R.
3. Update:

Dt+1(n) =
Dt(n)exp(−αt ynht(xn))

Zt

where Zt is a normalization factor so that Dt+1 is a distribution

• The final strong hypothesis is given by:

H(x) = sign

(
T

∑
t=1

αt ht(x)

)

Fig. 2.3 Generalized version of the AdaBoost algorithm [13].

be finished, and the final strong classifier H constructed using the weak classifiers
selected so far.

2.2.2 Generalized AdaBoost

An alternative version to the original AdaBoost algorithm was introduced in [13].
This version, called generalized AdaBoost, presents several improvements. First,
the output of the weak hypotheses can have any real value inside the range [0,1]
rather than only two values. Second, in this version of the algorithm the different αt ,
which correspond to the weights of the final weak hypotheses, are left unspecified.
The complete algorithm is shown in Figure 2.3.

In [13] a possible choice for the different weights αt is presented

αt =
1
2

ln

(
1 + rt

1 − rt

)
, (2.4)

where rt is chosen at each iteration so that its absolute value |rt | is maximized ac-
cording to

rt =
N

∑
n=1

Dt(n)ynht(xn) . (2.5)

Several versions of the generalized algorithm together with different comparisons
are presented in [13].
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