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Boosting

AdaBoost

Viene de Adaptive Boosting.

Supongamos que tenemos una muestra
τn = {(x1, y1), ..., (xm, ym)} donde yi ∈ {−1, 1}.
Defina unos pesos iniciales para cada observación i :
D1(i) = 1

m . Dt siempre será una distribución sobre las m
observaciones.
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AdaBoost: Algoritmo

Para cada t = 1, ...,T

Construir un clasificador (puede ser débil) ht que minimice la
función de pérdida:

1 Defina el error et como:

et =
m∑

i=1

Dt(i)I (yi 6= ht(xi )) (1)

2 Calcular αt = 1
2 log( 1−et

et
)

3 Modificar los pesos:

Dt+1(i)→ Dt(i) exp(−αtyiht(xi ))

Zt

donde Zt =
∑m

i=1 Dt(i)

H(x) = sign(
∑T

t=1 αtht(x))



AdaBoost: Algoritmo

338 10. Boosting and Additive Trees
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G(x) = sign
[∑M

m=1 αmGm(x)
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FIGURE 10.1. Schematic of AdaBoost. Classifiers are trained on weighted ver-
sions of the dataset, and then combined to produce a final prediction.

The predictions from all of them are then combined through a weighted
majority vote to produce the final prediction:

G(x) = sign

(
M∑

m=1

αmGm(x)

)
. (10.1)

Here α1, α2, . . . , αM are computed by the boosting algorithm, and weight
the contribution of each respective Gm(x). Their effect is to give higher
influence to the more accurate classifiers in the sequence. Figure 10.1 shows
a schematic of the AdaBoost procedure.

The data modifications at each boosting step consist of applying weights
w1, w2, . . . , wN to each of the training observations (xi, yi), i = 1, 2, . . . , N .
Initially all of the weights are set to wi = 1/N , so that the first step simply
trains the classifier on the data in the usual manner. For each successive
iteration m = 2, 3, . . . ,M the observation weights are individually modi-
fied and the classification algorithm is reapplied to the weighted observa-
tions. At step m, those observations that were misclassified by the classifier
Gm−1(x) induced at the previous step have their weights increased, whereas
the weights are decreased for those that were classified correctly. Thus as
iterations proceed, observations that are difficult to classify correctly re-
ceive ever-increasing influence. Each successive classifier is thereby forced



Boosting: Es un clasificador muy potente

Elements of Statistical Learning (2nd Ed.) c©Hastie, Tibshirani & Friedman 2009 Chap 10
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FIGURE 10.2. Simulated data (10.2): test error rate
for boosting with stumps, as a function of the number
of iterations. Also shown are the test error rate for a
single stump, and a 244-node classification tree.



Boosting: Observaciones

Si elegimos un ejemplo de τ de forma aleatoria usando la
distribución Dt la probabilidad de que ht lo clasifique de
forma errada es et .

et se mide usando la misma distribución Dt con respecto a la
cual se entrena la hipótesis ht .

No es absolutamente necesario que ht minimice et solamente
que sea marginalmente mejor que un clasificador aleatorio
(i.e., la hipótesis de clasificadores débiles significa que existe
un γ > 0 tal que et <

1
2 − γ).

αt > 0 si et <
1
2 y es mayor entre menor sea el error.

Si calculamos el error de ht usando la distribución Dt+1 este
es idéntico a 1

2 .

Más adelante mostramos que el error de entrenamiento cae
exponencialmente como función del número de clasificadores
débiles que se usen para combinar.



Boosting: Observaciones

Por el momento no hay garant́ıa de que el clasificador tenga
un buen error de generalización.

El error de entrenamiento h(x) lo denotamos por êrr(h) y es
simplemente la frecuencia de ejemplos mal clasificados por h
sin ningun tipo de ponderación.
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8 1 Introduction and Overview
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Figure 1.1
An illustration of how AdaBoost behaves on a tiny toy problem with m = 10 examples. Each row depicts one
round, for t = 1, 2, 3. The left box in each row represents the distribution Dt , with the size of each example scaled
in proportion to its weight under that distribution. Each box on the right shows the weak hypothesis ht , where
darker shading indicates the region of the domain predicted to be positive. Examples that are misclassified by ht

have been circled.
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Table 1.1
The numerical calculations corresponding to the toy example in figure 1.1

1 2 3 4 5 6 7 8 9 10

D1(i) 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 ε1 = 0.30, α1 ≈ 0.42
e−α1yih1(xi ) 1.53 1.53 1.53 0.65 0.65 0.65 0.65 0.65 0.65 0.65
D1(i) e−α1yih1(xi ) 0.15 0.15 0.15 0.07 0.07 0.07 0.07 0.07 0.07 0.07 Z1 ≈ 0.92

D2(i) 0.17 0.17 0.17 0.07 0.07 0.07 0.07 0.07 0.07 0.07 ε2 ≈ 0.21, α2 ≈ 0.65
e−α2yih2(xi ) 0.52 0.52 0.52 0.52 0.52 1.91 1.91 0.52 1.91 0.52
D2(i) e−α2yih2(xi ) 0.09 0.09 0.09 0.04 0.04 0.14 0.14 0.04 0.14 0.04 Z2 ≈ 0.82

D3(i) 0.11 0.11 0.11 0.05 0.05 0.17 0.17 0.05 0.17 0.05 ε3 ≈ 0.14, α3 ≈ 0.92
e−α3yih3(xi ) 0.40 0.40 0.40 2.52 2.52 0.40 0.40 2.52 0.40 0.40
D3(i) e−α3yih3(xi ) 0.04 0.04 0.04 0.11 0.11 0.07 0.07 0.11 0.07 0.02 Z3 ≈ 0.69

Calculations are shown for the ten examples as numbered in the figure. Examples on which hypothesis ht makes
a mistake are indicated by underlined figures in the rows marked Dt .

On round 1, AdaBoost assigns equal weight to all of the examples, as is indicated in
the figure by drawing all examples in the box marked D1 to be of the same size. Given
examples with these weights, the base learner chooses the base hypothesis indicated by h1

in the figure, which classifies points as positive if and only if they lie to the left of this
line. This hypothesis incorrectly classifies three points—namely, the three circled positive
points—so its error ε1 is 0.30. Plugging into the formula of algorithm 1.1 gives α1 ≈ 0.42.

In constructing D2, the weights of the three points misclassified by h1 are increased while
the weights of all other points are decreased. This is indicated by the sizes of the points in
the box marked D2. See also table 1.1, which shows the numerical calculations involved
in running AdaBoost on this toy example.

On round 2, the base learner chooses the line marked h2. This base classifier correctly
classifies the three relatively high-weight points missed by h1, though at the expense of
missing three other comparatively low-weight points which were correctly classified by h1.
Under distribution D2, these three points have weight only around 0.07, so the error of h2

with respect to D2 is ε2 ≈ 0.21, giving α2 ≈ 0.65. In constructing D3, the weights of these
three misclassified points are increased while the weights of the other points are decreased.

On round 3, classifier h3 is chosen. This classifier misses none of the points misclassified
by h1 and h2 since these points have relatively high weight under D3. Instead, it misclassifies
three points which, because they were not misclassified by h1 or h2, are of very low weight
under D3. On round 3, ε3 ≈ 0.14 and α3 ≈ 0.92.

Note that our earlier remark that the error of each hypothesis ht is exactly 1
2 on the new

distribution Dt+1 can be verified numerically in this case from table 1.1 (modulo small
discrepancies due to rounding).

The combined classifier H is a weighted vote of h1, h2, and h3 as shown in figure 1.2,
where the weights on the respective classifiers are α1, α2, and α3. Although each of the
composite weak classifiers misclassifies three of the ten examples, the combined classifier,
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H = sign

=

0.42 + 0.65 + 0.92

Figure 1.2
The combined classifier for the toy example of figure 1.1 is computed as the sign of the weighted sum of the
three weak hypotheses, α1h1+α2h2+α3h3, as shown at the top. This is equivalent to the classifier shown at
the bottom. (As in figure 1.1, the regions that a classifier predicts positive are indicated using darker shading.)

as shown in the figure, correctly classifies all of the training examples. For instance, the
classification of the negative example in the upper right corner (instance #4), which is
classified negative by h1 and h2 but positive by h3, is

sign(−α1−α2+α3) = sign(−0.15) = −1.

One might reasonably ask if such a rapid reduction in training error is typical for Ada-
Boost. The answer turns out to be yes in the following sense: Given the weak learning
assumption (that is, that the error of each weak classifier εt is at most 1

2 − γ for some
γ > 0), we can prove that the training error of the combined classifier drops exponentially
fast as a function of the number of weak classifiers combined. Although this fact, which is
proved in chapter 3, says nothing directly about generalization error, it does suggest that
boosting, which is so effective at driving down the training error, may also be effective
at producing a combined classifier with low generalization error. And indeed, in chapter 4
and 5, we prove various theorems about the generalization error of AdaBoost’s combined
classifier.

Note also that although we depend on the weak learning assumption to prove these results,
AdaBoost does not need to know the “edge” γ referred to above, but rather adjusts and adapts
to errors εt which may vary considerably, reflecting the varying levels of performance among
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classifiers. Here we have many options, but perhaps the simplest rules of thumb are those
which test on a single attribute describing the patient. For instance, such a rule might state:

If the patient’s cholesterol is at least 228.5, then predict that the patient has heart disease;
otherwise, predict that the patient is healthy.

In the experiments we are about to describe, we used base classifiers of just this form,
which are the decision stumps alluded to in section 1.2.2. (In fact, the weak classifiers used
in the toy example of section 1.2.1 are also decision stumps.) It turns out, as will be seen in
section 3.4.2, that a base learner which does an exhaustive search for the best decision stump
can be implemented very efficiently (where, as before, “best” means the one having lowest
weighted training error with respect to a given distribution Dt over training examples).
Table 1.2 shows the first six base classifiers produced by this base learner when AdaBoost
is applied to this entire dataset.

To measure performance on such a small dataset, we can divide the data randomly into
disjoint training and test sets. Because the test set for such a split is very small, we repeat this
many times, using a standard technique called cross validation. We then take the averages
of the training and test errors for the various splits of the data. Figure 1.5 shows these ave-
rage error rates for this dataset as a function of the number of base classifiers combined.
Boosting steadily drives down the training error. The test error also drops quickly, reaching
a low point of 15.3% after only three rounds, a rather significant improvement over using
just one of the base classifiers, the best of which has a test error of 28.0%. However, after
reaching this low point, the test error begins to increase again, so that after 100 rounds, the
test error is up to 18.8%, and after 1000 rounds, up to 22.0%.

This deterioration in performance with continued training is an example of an important
and ubiquitous phenomenon called overfitting. As the number of base classifiers becomes
larger and larger, the combined classifier becomes more and more complex, leading some-
how to a deterioration of test-error performance. Overfitting, which has been observed in
many machine-learning settings and which has also received considerable theoretical study,
is consistent with the intuition that a simpler explanation of the data is better than a more

Table 1.2
The first six base classifiers found when using AdaBoost on the heart-disease dataset

Round If Then Predict Else Predict

1 thalamus normal healthy sick

2 number of major vessels colored by fluoroscopy > 0 sick healthy

3 chest pain type is asymptomatic sick healthy

4 ST depression induced by exercise relative to rest ≥ 0.75 sick healthy

5 cholesterol ≥ 228.5 sick healthy

6 resting electrocardiographic results are normal healthy sick
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Figure 1.5
The training and test percent error rates obtained using boosting on the heart-disease dataset. Results are averaged
over multiple train-test splits of the data.

complicated one, a notion sometimes called “Occam’s razor.” With more rounds of boost-
ing, the combined classifier grows in size and complexity, apparently overwhelming good
performance on the training set. This general connection between simplicity and accuracy
is explored in chapter 2. For boosting, exactly the kind of behavior observed in figure 1.5
is predicted by the analysis in chapter 4.

Overfitting is a significant problem because it means that we have to be very careful about
when to stop boosting. If we stop too soon or too late, our performance on the test set may
suffer significantly, as can be seen in this example. Moreover, performance on the training
set provides little guidance about when to stop training since the training error typically
continues to drop even as overfitting gets worse and worse.

1.3 Resistance to Overfitting and the Margins Theory

This last example describes a case in which boosting was used with very weak base clas-
sifiers. This is one possible use of boosting, namely, in conjunction with a very simple
but truly mediocre weak learning algorithm. A rather different use of boosting is instead to
boost the accuracy of a learning algorithm that is already quite good.

This is the approach taken in the next example. Here, rather than a very weak base learner,
we used the well-known and highly developed machine-learning algorithm C4.5 as the base
learner. As mentioned earlier, C4.5 produces classifiers called decision trees. Figure 1.6
shows an example of a decision tree. The nodes are identified with tests having a small
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Figure 1.7
The training and test percent error rates obtained using boosting on an OCR dataset with C4.5 as the base learner.
The top and bottom curves are test and training error, respectively. The top horizontal line shows the test error rate
using just C4.5. The bottom line shows the final test error rate of AdaBoost after 1000 rounds. (Reprinted with
permission of the Institute of Mathematical Statistics.)

This pronounced lack of overfitting seems to flatly contradict our earlier intuition that sim-
pler is better. Surely, a combination of five trees is much, much simpler than a combination
of 1000 trees (about 200 times simpler, in terms of raw size), and both perform equally
well on the training set (perfectly, in fact). So how can it be that the far larger and more
complex combined classifier performs so much better on the test set? This would appear to
be a paradox.

One superficially plausible explanation is that the αt ’s are converging rapidly to zero,
so that the number of base classifiers being combined is effectively bounded. However, as
noted above, the εt ’s remain around 5–6% in this case, well below 1

2 , which means that the
weights αt on the individual base classifiers are also bounded well above zero, so that the
combined classifier is constantly growing and evolving with each round of boosting.

Such resistance to overfitting is typical of boosting, although, as we have seen in sec-
tion 1.2.3, boosting certainly can overfit. This resistance is one of the properties that make
it such an attractive learning algorithm. But how can we understand this behavior?

In chapter 5, we present a theoretical explanation of how, why, and whenAdaBoost works
and, in particular, of why it often does not overfit. Briefly, the main idea is the following.
The description above of AdaBoost’s performance on the training set took into account
only the training error, which is already zero after just five rounds. However, training error
tells only part of the story, in that it reports just the number of examples that are correctly
or incorrectly classified. Instead, to understand AdaBoost, we also need to consider how
confident the predictions being made by the algorithm are. We will see that such confidence
can be measured by a quantity called the margin. According to this explanation, although
the training error—that is, whether or not the predictions are correct—is not changing
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En el anterior ejemplo el error de prueba no empeora a pesar
de que la complejidad aumenta.

Esto es una ilustración de la teoŕıa marginal del boosting. No
solo importa el error sino la confianza en la clasficación.

La confianza se mide como yt f (xt) ∈ (−1, 1) donde
f =

∑T
t=1 αtht(x) y α se ha normalizado para que sumen 1.

En este ejemplo la confianza aumenta con la complejidad.
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