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1 Introduction
Although many embedded feature selection methods have been introduced during the last few years, a
unifying theoretical framework has not been developed to date. We start this chapter by defining such
a framework which we think is general enough to cover many embedded methods. We will then discuss
embedded methods based on how they solve the feature selection problem.
Embedded methods differ from other feature selection methods in the way feature selection and learning
interact. Filter methods do not incorporate learning. Wrapper methods use a learning machine to measure the
quality of subsets of features without incorporating knowledge about the specific structure of the classification
or regression function, and can therefore be combined with any learning machine. In contrast to filter and
wrapper approaches, in embedded methods the learning part and the feature selection part can not be
separated - the structure of the class of functions under consideration plays a crucial role. For example,
Weston et al. [2000] measure the importance of a feature using a bound that is valid for Support Vector
Machines only (Section 3.1) - thus it is not possible to use this method with, for example, decision trees.
Feature selection can be understood as finding the feature subset of a certain size that leads to the largest
possible generalization or equivalently to minimal risk. Every subset of features is modeled by a vector σ ∈
{0, 1}n of indicator variables, σi := 1 indicating that a feature is present in a subset and σi := 0 indicating that
that feature is absent (i = 1, · · · , n). Given a parameterized family of classification or regression functions4
f : Λ × Rn → R, (α, x) 7→ f (α, x) we try to find a vector of indicator variables σ ∗ ∈ {0, 1}n and an α∗ ∈ Λ
that minimize the expected risk
Z
R(α, σ) = L[f (α, σ ∗ x), y] dP (x, y),
(1)
where ∗ denotes the pointwise product, L is a loss function and P is a measure on the domain of the training
data (X, Y ). In some cases we will also have the additional constraint s(σ) ≤ σ0 , where s : [0, 1]n → R+ measures the sparsity of a given indicator variable σ. For example, s could be defined to be s(σ) := l0 (σ) ≤ σ0 ,
that is to bound the zero “norm” l0 (σ) - which counts the number of nonzero entries in σ - from above by
some number σ0 .5
The wrapper approach to approximate minimizers of (1) can be formulated in the following way
(
s(σ) ≤ σ0
∗
inf n G(f , σ, X, Y ) s.t.
σ∈{0,1}
f ∗ = Te(F, σ, X, Y ),

(2)

n

where F ⊂ RR denotes the family of classifying functions. Given such a family F, a fixed indicator vector
σ and the training data (X, Y ) the output of the function Te is a classifying or regression function f ∗ trained
4

5

For example, in the case of Support Vector Machines, the vector codes the weight vector w ∈ Rn and the offset
b ∈ R of the hyperplane.
Please note that l0 (·) is not a norm, since l0 (c ) 6= |c| l0 ( ) for  6= 0, |c| ∈
/ {0, 1}.
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on the data X using the feature subset defined by σ. The function G measures the performance of a trained
classifier f ∗ (σ) for a given σ. It is very important to understand that although we write G(f ∗ , ·, ·, ·) to denote
that G depends on the classifying or regression function f ∗ , the function G does not depend on the structure
of f ∗ ; G can only access f ∗ as a black box, for example in a cross-validation scheme. Moreover, G does not
depend on the specific learner Te. In other words Te could be any off-the-shelf classification algorithm and G
guides the search through the space of feature subsets.6
If we allow G to depend on the learner Te and on parameters of f ∗ we get the following formulation:
(
s(σ) ≤ σ0
∗ e
(3)
inf G(α , T , σ, X, Y ) s.t.
σ∈{0,1}n
α∗ = Te(σ, X, Y ).
To emphasize that G can access the structure of the classifying or regression function we use the notation
f (α∗ , ·) instead of f ∗ . In this formulation the function G can use information about the learner and the class
of functions on which it operates. Thus, G could evaluate, e.g., a bound on the expected risk valid for the
specific choice of Te and the classifying function f (α∗ , ·) (see Section 3.1). To simplify the notation we will
also write G(α∗ , σ, X, Y ) whenever Te and F(Λ) are defined in the context. We define methods of type (3)
as embedded methods.
Some embedded methods do not make use of a model selection criterion to evaluate a specific subset of
features. Instead, they directly use the learner Te. Assuming that many learning methods Te can be formulated
as an optimization problem7 :
α∗ = argmin T (α, σ, X, Y ) = Te(σ, X, Y )
α∈Λ

we can rewrite the minimization problem (3) for the special case of G = T as
inf

α∈Λ,σ∈{0,1}n

T (α, σ, X, Y )

s.t.

s(σ) ≤ σ0 .

(4)

Unfortunately, both minimization problems (3) and (4) are hard to solve. Existing embedded methods
approximate solutions of the minimization problem. In this chapter we discuss embedded methods according
to how they solve problem (3) or (4):
1. Methods that iteratively add or remove features from the data to greedily approximate a solution of
minimization problem (3) or (4) are discussed in Section 2.
2. Methods of the second type relax the restriction of σ ∈ {0, 1}n and minimize G over the compact set
[0, 1]n . In this case we refer to σ ∈ [0, 1]n as scaling factors instead of indicator variables [Chapelle, 2002].
Section 3 is devoted to these methods.
3. If T and s are convex functions and if we assume σ ∈ [0, 1]n , problem (4) can be converted into a problem
of the form
min

α∈Λ,σ∈[0,1]n

T (α, σ, X, Y ) + λs(σ).

(5)

More specifically, let T and s be strictly convex functions and let (α∗ , σ ∗ ) be a solution of problem (4) for
a given σ0 > 0. Then there exists a unique λ > 0 such that (α∗ , σ ∗ ) solves (5). Furthermore if (α∗ , σ ∗ )
solves (5) for a given λ > 0 then there exists one and only one σ0 such that (α∗ , σ ∗ ) solves (4). The focus
of Section 4 is on methods that can be formulated as a minimization problem of type (5).
6

7

A function is no more than a complete collection of all input-output pairs. Thus one could argue that having f ∗ as
a black box is equivalent to having f ∗ as a analytical expression. That is true in theory, but for many applications
it does not hold true, for example for reasons of feasibility.
For better readability, we assume that the function has one and only one minimum. However, this is not the case
for all algorithms.
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2 Forward-Backward Methods
In this section we discuss methods that iteratively add or remove features from the data to greedily approximate a solution of the minimization problem (3). These methods can be grouped into three categories.
Forward selection methods: these methods start with one or a few features selected according to a methodspecific selection criteria. More features are iteratively added until a stopping criterion is met. Backward
elimination methods: methods of this type start with all features and iteratively remove one feature or
bunches of features. Nested methods: during an iteration features can be added as well as removed from the
data.
2.1 Sensitivity of the Output
Several methods that rank features according to their influence on the regression or discriminant function
f have been proposed. These methods make use of a variety of criteria. For instance, one can measure the
sensitivity of the output on the point xk with respect to the i-th feature by8
¯
∂f ¯¯
ti,k :=
,
(6)
∂xi ¯x=xk
and the final criterion for that feature could be the `1 or `2 norm of the vector ti .
The underlying assumption of methods based on derivatives of the classifying function is the following: if
changing the value of a feature does not result in a major change of the regression or classification function,
the feature is not important. This approach can be used for a wide range of regression or classification
functions. For example, the squared derivative of a linear model fw,b (x) = b + x · w w.r.t. feature i yields
ti,k = wi2 , ∀k. This quantity is used as a ranking criterion in Recursive Feature Elimination (RFE) [Guyon
et al., 2003]. The sensitivity of the output has also been used for neural networks. A good introduction can
be found in Leray and Gallinari [1999]. The authors also discuss methods that include second derivatives
of the regression function (second order methods) as well as methods based on the regression function itself (zero-order methods). The sensitivity criterion can be used by methods of all three categories: forward,
backward and nested.
In the following paragraph we develop a link between the minimization problem (4) of embedded methods and methods that use the sensitivity of the classifying function as a measure for feature relevance. The
optimization of (4) is done over Λ and {0, 1}n . Since this minimization problem is difficult to solve, many
methods fix σ and optimize over Λ, fix α and optimize over Σ and so on. In many cases, like RFE and
Optimal Brain Damage, the optimization over Λ is a standard learning method, like SVM (RFE) or neural
networks (OBD). Oftentimes, the full calculation of minσ∈{0,1}n G(σ, α) (for a fixed α) is too expensive
since it might involve setting one σi at a turn to zero, training the learner and evaluating the result. Instead,
methods that are based on the sensitivity of the classifying (or regression) function or weight based methods (Section 2.3) use the gradient of G with respect to an indicator variable to approximate the expensive
calculation of the minimum.
Suppose that we want to learn a parameterized function f (α, x). The vector α can, for example, be the
weights of a neural network. Generally, one finds the weight vector α which minimizes a regularized functional
T (α) =

m
X

L(f (α, xk ), yk ) + Ω(α).

(7)

k=1

Here L is a loss function and Ω is a regularization term such as λ||α||2 .
Let us introduce a scaling factor σi ∈ [0, 1] for every input component i. The functional T now also depends
on the vector of scaling factors σ and we write it as T (α, σ). Let G be defined as
8

Notation: xk denotes the kth training point, xk,i the ith feature of training point xk , and xi denotes the ith feature
of training point x.
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G(σ) = min T (α, σ) = min
α

α

m
X

L(f (α, σ ∗ xk ), yk ) + Ω(α).

k=1

The removal of feature p corresponds to changing the p-th component of the scaling vector σ := (1, · · · , 1)
to 0. We will refer to this vector as 10 (p). A greedy backward method would start with all features, i.e.
σ = 1. As said earlier, for every p ∈ {1, ..., n} it would have to calculate G(10 (p)), remove the feature p
that minimizes this value and continue with the remaining features. However, the value G(10 (p)) can be
approximated by the value of G(1) and the gradient of T at the minimal point:
¯
∂G(σ) ¯¯
G(10 (p)) ≈ G(1) −
(p = 1, ..., n).
(8)
∂σp ¯σ=1
Let us write G(σ) = T (α∗ (σ), σ), where α∗ (σ) denotes the parameter vector which minimizes T (for a
given σ). Then,
= 0

z
}|¯
{
¯
∂T (α, σ) ¯¯
∂G(σ) X ∂αj∗ (σ) ∂T (α, σ) ¯¯
=
+
∂σp
∂σp
∂αj ¯α=α∗ (σ)
∂σp ¯α=α∗ (σ)
j

(p = 1, ..., n)

(9)

and with equation (8) we obtain
¯
∂T (α, σ) ¯¯
G(10 (p)) ≈ G(1) −
∂σp ¯

(p = 1, ..., n).

(10)

(α,σ)=(α∗ (1),1)

For every p ∈ {1, ..., n} the gradient of T can be expressed as
#2
"m
¯
·
¸2
X
∂T (α, σ) ¯¯
∂f
(eq.7)
0
(α, xk )
=
L (f (α, xk ), yk ) xk,p
∂σp ¯σ=1
∂xp
k=1
¸2
m
m ·
X
(Cauchy-Schwarz) X
∂f
2
0
≤
[L (f (α, xk ), yk ) xk,p ]
(α, xk )
∂xp
k=1
k=1
¸2
m
m ·
X
X
∂f
≤
max L0 (f (α, xk ), yk )2
(xk,p )2
(α,
x
)
k
k=1,...,m
∂xp
k=1
k=1
¸2
m ·
X
∂f
(∗)
=
C
(α, xk ) ∝ ||tp ||22 ,
∂xp
k=1

0

where L (·, ·) denotes the derivative of L with respect to its first variable, C is a constant independent of
p and tp has been defined in (6). For equality (∗) to hold, we assume that each input has zero mean and
unit variance. This inequality and the approximation (10) link the definition (4) to methods based on the
sensitivity of the output: The removal of a feature does not change the value of the objective G significantly
if the classifying function f is not sensitive to that feature.
2.2 Forward Selection
In this section we describe the forward selection methods Gram-Schmidt Orthogonalization, decision trees
and the Grafting-method. The three approaches iteratively increase the number of features to construct a
target function.
Forward Selection with Least Squares
If S is a set of features, let XS denotes the submatrix of the design matrix where only the features in S
are included: XS := (. . . xi . . . )i∈S . When doing standard regression with the subset S, the residuals on the
training points are given by
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PS Y

with

PS := I − XS> (XS XS> )−1 XS .

5

(11)

Note that PS is a projection matrix, i.e. PS2 = PS .
The classical forward selection for least square finds greedily the components which minimize the residual
errors:
1.
2.
3.
4.
5.

Start with Y = (y1 . . . ym )> and S = ∅.
Find the component i such that ||P{i} Y ||2 = Y > P{i} Y is minimal.
Add i to S
Recompute the residuals Y with (11)
Stop or go back to 2

More recent algorithms based on this idea include Gram-Schmidt Orthogonalization described below and
Least Angle Regression (LARS) [Efron et al., 2004].
Grafting
For fixed λ0 , λ1 , λ2 > 0, Perkins et al. [2003] suggested minimizing the function
m

1 X
C(α) =
L(f (α, xk ), yk ) + λ2 kαk2 + λ1 kαk1 + λ0 l0 (α)
m

(12)

k=1

over the set of parameters Λ that defines the family of regression or classification functions F = {f (α, ·) | α ∈
Λ}.9 We restrict our analysis to linear models, i.e. F := {f : Rn+1 × Rn → R | f (α, x) = α · x + αn+1 , α ∈
Rn+1 , x ∈ Rn }. In this case αi is associated with feature i (i = 1, · · · , n). Therefore requiring the l0 as
well as the l1 norm of α to be small results in reducing the number of features used. Note that for families
of non-linear functions this approach does not necessarily result in a feature selection method. Since the
objective C has the structure of minimizing a loss function plus a sparsity term it will also be mentioned in
Section 4.
Perkins et al. [2003] solve problem (12) in a greedy forward way. In every iteration the working set of
parameters is extended by one αi and the newly obtained objective function is minimized over the enlarged
working set. The selection criterion for new parameters is |∂C/∂αi |. Thus, the αi is selected which yields
the maximum decrease of the objective function C after one gradient step. Furthermore, the authors discuss
possible stopping criteria.
Note that Grafting is an embedded method, because the structure of the target functions f (namely linear
functions) is important for the feature selection part.
Decision Trees
Decision trees can be used to learn discrete valued functions. The most prominent approaches include CART
[Breiman et al., 1984], ID3 [Quinlan, 1986] and C4.5 [Quinlan, 1993]. Decision trees are iteratively build by
splitting the data depending on the value of a specific feature. The ’‘splitting‘’ feature is chosen according
to its importance for the classification task. A widely used criterion for the importance of a feature is the
mutual information between feature i and the outputs Y [Duda et al., 2001, Section 8.3.2]:
MI(X i , Y ) = H(Y ) − H(Y |X i ),
where H is the entropy [Cover and Thomas, 1991, Chapter 2] and X i := (x1,i , · · · , xm,i ). In case of a
continuous input space, the components of vector Xi are replaced by binary values corresponding to decisions
of the type xk,i ≤ threshold. Another choice is to split the data in such a way that the resulting tree has
minimal empirical error.
In many cases, only a subset of the features is included into a decision tree. Thus, feature selection is implicitly
built into the algorithm and therefore decision trees can be understood as an embedded method.
9

The original optimization problem is slightly more complex. It includes weighted Minkowski norms.
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Gram-Schmidt Orthogonalization
Gram-Schmidt Orthogonalization [e.g. Chen et al., 1989] uses the angle of a feature to the target as an evaluation criterion to measure the importance of a feature for classification or regression purposes. In an iterative
procedure the angle of every feature to the target is computed and the feature maximizing this quantity is
selected. The remaining features are mapped to the null subspace of the previously selected features and the
next iteration starts. During each iteration the least-squares solution of a linear-in-its-parameters model is
computed based on the already ranked features. Thus the selection method is an embedded method for a
linear least-square predictor. It is similar in spirit to the partial least squares (PLS) algorithm, but instead
of constructing features that are linear combinations of the input variables, the Gram-Schmidt variable selection method selects variables.
Rivals and Personnaz [2003] suggested using polynomials as baseline classifiers. In a first step all monomials
of degree smaller than an a priori fixed number d are ranked using Gram-Schmidt Orthogonalization. In a
second step the highest ranked monomials are used to construct a polynomial. To reduce the complexity of
the constructed polynomial one monomial at a time is removed from the polynomial in an iterative procedure
until a stopping criterion is met. For large data sets the authors use the Fisher test as a stopping criterion;
for small data sets the leave-one-out error is used since the statistical requirements for the hypothesis test
are not satisfied. Both criteria are based on the mean squared error. The paper also describes how the ranked
monomials can be used to select a subset of features as inputs to a neural network. Since this approach has
more the flavor of a filter method, we do not discuss the details here.
Stoppiglia et al. [2003] introduced a stopping criterion for the iteration during Gram-Schmidt Orthogonalization by adding a random feature to the set of features. The idea is that features ranked higher than the
random feature carry information about the target concept whereas features ranked lower than the random feature are irrelevant. See also Chapter ?? for more details on Gram-Schmidt Orthogonalization, probe
methods and the Fisher test.
2.3 Backward Elimination
Starting with all features, backward elimination methods iteratively remove features from the data according
to a selection criterion until a stopping criterion is met. In this section we first discuss methods that derive
the selection criterion from the analysis of the weight vector of the classifying or regression function. In the
second part we briefly mention a method that uses a learning bound as a selection criterion.
Weight Based Analysis
In this section we review algorithms which choose features according to the weights given to those features
by a classifier. The motivation for this is based on the idea that the value of a feature is measured by the
change in expected value of error when removing it. Given this assumption, these methods approximate this
goal by using the weights given by the classifier itself.
Recursive Feature Elimination
Recursive Feature Elimination (RFE) is a recently proposed feature selection algorithm described in Guyon
et al. [2003]. The method, given that one wishes to employ only σ0 < n input dimensions in the final decision
rule, attempts to find the best subset of size σ0 by a kind of greedy backward selection. It operates by
trying to choose the σ0 features which lead to the largest margin of class separation, using an SVM classifier
(see Chapter ??). This combinatorial problem is solved in a greedy fashion at each iteration of training by
removing the input dimension that decreases the margin the least until only σ0 input dimensions remain.
The algorithm can be accelerated by removing more than one feature in step 2. RFE has shown good
performance on problems of gene selection for microarray data [Guyon et al., 2003, Weston et al., 2003,
Rakotomamonjy, 2003]. In such data there are thousands of features, and the authors usually remove half
of the features in each step.
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Algorithm 1 Recursive Feature Elimination (RFE) in the linear case
1: repeat
2:
Find w and b by training a linear SVM.
3:
Remove the feature with the smallest value |wi |.
4: until σ0 features remain.

One can also generalize the algorithm to the nonlinear
case [Guyon et al., 2003]. For SVMs the margin is
P
inversely proportional to the value W 2 (α) :=
αk αl yk yl k(xk , xl )(= kwk2 ). The algorithm thus tries to
remove features which keep this quantity small10 . This leads to the following iterative procedure:
Algorithm 2 Recursive Feature Elimination (RFE) in the nonlinear case.
1: repeat
2:
Train a SVM resulting in a vector α and scalar b.
3:
Given the solution α, calculate for each feature p:
2
W(−p)
(α) =

X

−p
αk αl yk yl k(x−p
k , xl )

(where x−p
means training point k with feature p removed).
k
2
4:
Remove the feature with smallest value of |W 2 (α) − W(−p)
(α)|.
5: until σ0 features remain.

If the classifier is a linear one, this algorithm corresponds to removing the smallest corresponding value of
|wi | in each iteration. The nonlinear formulation helps to understand how RFE actually works. Given the
criterion of small W 2 (large margin) as a measure of generalization ability of a classifier, one could at this
point simply choose one of the usual search procedures (hill climbing, backward elimination, etc.). However,
even if we were to choose backward elimination, we would still have to train 12 (n2 + n − σ02 + σ0 ) SVMs
(i.e. on each iteration we have to train as many SVMs as there are features) which could be prohibitive for
problems of high input dimension. Instead, the trick in RFE is to estimate in each iteration the change in
W 2 by only considering the change in the kernel k resulting from removing one feature, and assuming the
vector α stays fixed.
Note that RFE has been designed for two-class problems although a multi-class version can be derived easily
for a one-against-the-rest approach [Weston et al., 2003]. The idea is then to remove the features that lead
PQ
2
(αc )| where Wc2 (αc ) is the corresponding margin based value
to the smallest value of c=1 |Wc2 (αc ) − Wc,(−p)
for the machine discriminating class c from all the others. This would lead to removing the same features
from all the hyperplanes that build up the multi-class classifier, thus coupling the classifiers. This is useful if
the same features are relevant for discriminating between different classes, if this is not the case it may not
be a good idea to couple the hyperplanes in this way.
Clearly, it is easy to generalize RFE to other domains as well, such as other classifications algorithms or
regression. In Zhu and Hastie [2003] the authors show how to adapt RFE to penalized logistic regression to
give performance similar to SVMs, but with the added benefit of being able to output probability of correctness, rather than just predictions. They demonstrate that RFE gives performance superior to a univariate
correlation score feature selector using this classifier.
Finally, in Lal et al. [2004] the authors show how to treat groups of features with RFE in the domain of
Brain Computer Interfaces (BCI). In this problem there are several features for each EEG channel, and one
is interested in finding which channels are relevant for a particular task. Therefore the authors modify RFE
to
P remove the least important channel on each iteration by measuring the importance of a channel with
i∈Cj |wi | for each channel (set of features) Cj .
10

Although the margin has been shown to be related to the generalization ability by theoretical bounds for SVMs
[Vapnik, 1998], if you change the feature space by removing features, bounds on the test error usually also involve
another term controlling this change, e.g. the bound R2 kwk2 in equation (16) also includes the radius R of the
sphere around the data in feature space. However, if the data is suitably normalized, it appears that RFE works
well.
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RFE-Perceptron
In Gentile [2004], the authors propose an algorithm similar to RFE but for (approximate) large margin
perceptrons using the p-norm [Grove et al., 1997] (ALMAp ). For p = 2 the algorithm is similar to an SVM
and for p = ∞ the algorithm behaves more like an multiplicative update algorithm such as Winnow [Kivinen
and Warmuth, 1995]. They adapt the p-norm according to the number of features so when the feature size
is shrunk sufficiently their algorithm behaves more like an SVM (they report that using the full feature set
Winnow generally outperforms an SVM). The authors then propose
a feature selection method that removes
P
the features with the smallest weights until w fails to satisfy: i |wi | ≥ 1 − α(1 − α)γ p/(p−1) where α ∈ (0, 1]
is a hyperparameter controlling the degree of accuracy and γ is the margin obtained from running ALMAp .
This differentiates it from RFE which requires setting the number of features to remove in advance (see
Chapter ?? for statistical tests and cross-validation). The authors report this automatic choice results in a
small number of chosen features, and generalization ability often close to the optimum number of features
for RFE chosen using the test set.
Optimal Brain Damage
Optimal Brain Damage (OBD) [LeCun et al., 1990] is a technique for pruning weights in a Neural Network.
The method works by, after having chosen a reasonable network architecture and training that network, first
computing the second derivatives hii for each weight wi . It then sorts the weights by saliency, defined as
hii wi2 /2 and deletes r weights with low saliency, and then repeats. Essentially, this measures the change in
error when a weight is decreased. Thus OBD removes weights which do not appear to influence the training
error. The authors demonstrate good performance on an Optical Character Recognition (OCR) problem.
Starting with a highly constrained and sparsely connected network with 2,578 weights, trained on 9300
examples, they were able to delete more than 1000 weights without reducing training or testing error.
Motivation for Weight Based Approaches
In this section we motivate weight-based approaches based on the minimization problem (4) for embedded
methods. Suppose that the function f is a typical neural network:
f (w, x) = f˜(. . . , wiq xi , . . . , w̃),
where the vector w of weights has been split between the weights wiq of the first layer and the rest of the
parameters w̃. The connection of the i-th neuron of the input layer and the q-th neuron of the hidden layer
is weighted by wiq (i ∈ {1, · · · , n}, q ∈ {1, · · · , Q}, Q ∈ N).
P
For a fixed σ = 1, let w∗ be a minimizer of T (w, σ) = k L(f (w, σ ∗ xk ), yk ) + Ω(w). With equation (9)
we get for p = 1, ..., n:
¯
¯
∂G(σ) ¯¯
∂T (w, σ) ¯¯
=
∂σp ¯σ=1
∂σp ¯(w,σ)=(w∗ ,1)
¯
Q
m
X
X
˜(. . . , tpq , . . . , w̃∗ ) ¯¯
∂
f
p
∗
.
(13)
=
L0 (f (w∗ , xk ), yk ) xk
wpq
¯
¯
∂tpq
∗
k=1

q=1

tpq =wpq xp

On the other hand, since the weight vector w∗ is a minimizer of T (w, 1), we also have
¯
∂T (w, σ) ¯¯
0=
∂wpq ¯(w,σ)=(w∗ ,1)
¯
¯
m
∗ ¯
X
˜
∂Ω(w) ¯¯
p ∂ f (. . . , tpq , . . . , w̃ ) ¯
0
∗
L (f (w , xk ), yk ) xk
+
.
=
¯
¯
∂tpq
∂wpq ¯w=w∗
∗
k=1

tpq =wpq xp

By multiplying this last equation by wpq , summing over q and combining it with (13), we finally get

Embedded Methods

9

¯
¯
Q
X
¯
∂G(σ) ¯¯
∗ ∂Ω(w) ¯
=
−
w
.
pq
¯
∂σp σ=1
∂wpq ¯w=w∗
q=1
If the regularization term Ω is quadratic, this last equation yields
¯
Q
X
¡ ∗ ¢2
∂G(σ) ¯¯
=
−2
wpq .
¯
∂σp σ=1
q=1
This equation suggests to remove the component such that the l2 norm of the weights associated with this
input is small. More general, weight based methods remove the component with the smallest influence on G
after one gradient step.
Bounds for Support Vector Machines
Rakotomamonjy [2003] reports a greedy backward feature selection method similar to RFE. Two bounds
on the leave-one-out error LOO of a trained hard margin SVM classifier are used as ranking criterion: the
radius margin bound [Vapnik, 1998]:
LOO ≤ 4R2 kwk2 ,

(14)
11

where R denotes the radius of the smallest sphere that contains the training data , and the span-estimate
[Vapnik and Chapelle, 2000]:
µ
¶
X
1
KSV 1
α∗k Sk2 ,
Sk2 =
LOO ≤
,
K̃ =
,
1> 0
(K̃−1 )kk
k

where K̃ is the ”augmented” kernel matrix computed only on the support vectors. Such SVM having kernel
matrix K is trained with squared slack variables. Based on these bounds, two types of ranking criteria for
features are introduced:
(i) Feature i is removed from the training data. An SVM is trained and the leave-one-out error LOO−i is
computed. The same procedure is repeated for the remaining features. The features are ranked according
to the values of LOO−i (the feature i with the highest value of LOO−i is ranked first).
This approach might be computationally expensive but it can be approximated in the following way: An
SVM is trained using all features. Let α∗ be the solution. To measure the importance of feature i, the
] −i is calculated using the reduced
i-th component is removed from the kernel matrix. The bound LOO
] −i . The assumption that
kernel matrix and α∗ . The features are ranked according to the values of LOO
would justify this approach is that the solution vector α∗−i of an SVM trained on the training data where
the i-th feature was removed can be approximated by the solution α∗ .
(ii) Instead of ranking features according to how their removal changes the value of the bound, the author
also suggested to use the sensitivity of the bound with respect to a feature as a ranking criterion. In other
words, a feature i is ranked according to the absolute value of the derivative of the bound with respect
to this feature (the feature yielding the highest value is ranked first).
Like RFE, the method starts with a trained SVM that uses all features. The features are ranked using one
of the two approaches (i) or (ii). The least ranked feature is removed from the data and the next iteration
starts. This method is closely related to the work of Weston et al. [2000]: Instead of iteratively removing
features, scaling factors are introduced and optimized by a gradient descent (see also Section 3.1).
The method described by Rakotomamonjy [2003] can be interpreted as an approximation to the optimization
problem (3). The functional Te is the Support Vector Machine and the functional G is either the radius/margin
bound or the leave-one-out estimate. The minimization over Σ is approximated in a greedy backward way
without the guarantee of finding a global minimum. In (i), the criterion G is explicitly computed after a tentative feature has been removed, whereas in (ii), the gradient ∂G/∂σi is calculated to measure the importance
of that feature.
11

Please note that R was previously also used for the risk.
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3 Optimization of Scaling Factors
3.1 Scaling Factors for SVM
One method of using SVMs for feature selection is choosing the scaling factors which minimize a bound, as
proposed by the authors of Weston et al. [2000]. The idea is the following. Feature selection is performed by
scaling the input parameters by a vector σ ∈ [0, 1]n . Larger values of σi indicate more useful features. Thus
the problem is now one of choosing the best kernel of the form:
kσ (x, x0 ) = k(σ ∗ x, σ ∗ x0 ),

(15)

where ∗ is element-wise multiplication, i.e. we wish to find the optimal parameters σ. This can be achieved
by choosing these hyperparameters via a generalization bound.
Gradient Descent on the R2 w2 Bound
Taking the expectation on both sides of inequality (14) and using the fact that the leave-one-out error is an
unbiased estimator of the generalization error [Luntz and Brailovsky, 1996] one gets the following bound for
hard margin SVMs,12
ª
4 ©
EPerr ≤ E R2 kwk2 ,
(16)
m
if the training data of size m belong to a sphere of size R and are separable with margin M (both in the
feature space) Here, the expectation is taken over sets of training data of size m. Although other bounds
exist, this one is probably the simplest to implement. A study of using other bounds for the same purpose is
conducted in [Chapelle et al., 2002]. The values of σ can be found by minimizing such a bound by gradient
descent, providing the kernel itself is differentiable. This can be solved by iteratively training an SVM,
updating σ (the kernel) according to the gradient, and retraining until convergence. An implementation is
available at Spider [2004]. This method has been successfully used for visual classification (face detection,
pedestrian detection) [Weston et al., 2000] and for gene selection for microarray [Weston et al., 2000, 2003].
After optimization of the scaling factors, most of them will hopefully be small and one can explicitly discard
some components and optimize the scaling factors for the remaining components. There are 3 different ways
of discarding irrelevant components:
•
•
•

The most straightforward is to remove the components which have small scaling factors. This is somehow
similar to the RFE algorithm (see Section 2.3, as well as the end of this section).
A more expensive strategy is to explicitly remove each feature at a turn, retrain an SVM and see by how
much the radius margin bound increases (Chapelle [2002], Rakotomamonjy [2003] and Section 2.3).
To avoid such expensive retrainings, Chapelle [2002] suggest to use a second order information and,
similarly to OBD [LeCun et al., 1990], remove the features p which have a small value of
σp2

∂R2 w2
.
∂σp2

One could easily use the same trick for classifiers other than SVMs if a bound for that classifier is readily
available. Alternatively one could use a validation set instead, this route is explored in Chapelle et al. [2002].
Other Criteria
In the previous section, the hyperparameters σ were optimized by gradient descent on R2 w2 . Please note
that other model selection criteria are possible such as the span bound [Vapnik and Chapelle, 2000] or a
validation error. Experimental results of such approaches are presented in Chapelle et al. [2002], but from a
12

For soft margin SVMs, the simplest way to still make this apply is to add a ridge to kernel matrix [Chapelle et al.,
2002].
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practical point of view, these quantities are more difficult to optimize because they are highly non-convex.
Also, in equation (16), one can use the variance instead of the radius, i.e.
Ã
!2
m
m
m
m
1 X
1 X
1 X
1 X
2
R ≈
Φ(xk ) −
Φ(xl )
=
k(xk , xk ) − 2
k(xk , xl ).
(17)
m
m
m
m
k=1

l=1

k,l=1

k=1

The first advantage in using the variance instead of the radius is that it is easier to compute. But a second
advantage is that it is less sensitive to outliers and that it is also theoretically sound [Bousquet, 2002].
A similar approach to the one described in the previous section is to consider the scaling factors σ not
anymore as hyperparameters but as parameters of the learning algorithm [Grandvalet and Canu, 2003]. A
scalar parameter σ0 controls the norm of σ ≥ 0:
min max
σ

X

α

αk −

k

under constraints
0 ≤ αk ≤ C,

1X
αk αl yk yl kσ (xk , xl )
2
k,l

X

αk yk = 0

and

||σ||p = σ0 ,

(18)

with kσ defined in (15). The closer the hyperparameter p is to 0, the sparser the solution, but also the more
difficult the optimization.
Linear SVMs
We now study the special case of optimizing the scaling factors for a linear kernel,
kσ (xk , xl ) =

n
X

σi2 xk,i xl,i .

i=1

Assume that the data are centered and that each component is rescaled such that it has unit variance. Then
the variance criterion (17), as an approximation of the radius, gives
n

m

n

X
1 XX 2
σi (xk,i )2 =
σi2 .
m i=1
i=1

R2 =

k=1

Since for hard-margin SVMs the maximum of the dual is equal to w2 /2, the optimization of the radius-margin
criterion (16) can be rewritten as the maximization of the margin under constant radius13 ,
min max
σ

X

α

under constraints
αk ≥ 0,

αk −

k

m
n
X
1 X
αk αl yk yl
σi2 xk,i xl,i
2
i=1

(19)

k,l=1

X

αk yk = 0

and

X

σi2 = 1.

Note that in the linear case, we recover the optimization procedure proposed in Grandvalet and Canu [2003]
with p = 2 in (18).
As explained in the beginning of this section, it is possible to find the optimal scaling factors σ by gradient
descent. Moreover, it turns out that (19) is a convex optimization problem in σk2 (as a pointwise maximum of
linear functions) and is thus easy to solve. However, when the number of variables is larger than the number
of training points, it might be advantageous to take the dual of (19) and solve the following optimization
problem:
m
X
max
αk
α

13

k=1

It is indeed possible to fix the radius since multiplying the vector  by a scalar λ would result in a multiplication
of R2 by λ2 and a weight vector w
e with norm kwk/λ and thus would not affect the bound.
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under constraints
αk ≥ 0,
−1 ≤

m
X

X

αk yk = 0

αk yk xk,i ≤ 1,

1 ≤ i ≤ n.

k=1
−
Let µ+
i and µi be the Lagrange multipliers associated with the two sets of constraints above. Then, one can
−
recover the scaling parameters σi by σi2 = µ+
i + µi , which is typically a sparse vector. A similar approach
was proposed by Peleg and Meir [2004].
Please note that even if this kind of approach is appealing, this might lead to overfitting in the case where
there are more dimensions than training samples.

Link with RFE
When the input components are normalized to have variance 1, the derivative of the radius/margin bound
with respect to the square of the scaling factors is
∂R2 w2
= −R2 wp2 + w2 .
∂σp2
From this point of view, RFE amounts to making one gradient step and removing the components with the
smallest scaling factors.
3.2 Automatic Relevance Determination
Automatic Relevance Determination has first been introduced in the context of Neural Networks [MacKay,
1994, Neal, 1996]. In this section, we follow the Sparse Bayesian learning framework described in Tipping
[2001]. Further details as well as application to gene expression data can be found in Li et al. [2002].
In a probabilistic framework, a model of the likelihood of the data is chosen P (y|w) as well as a prior on
the weight vector, P (w). To predict the output of a test point x, the average of fw (x) over the posterior
distribution P (w|y) is computed. If this integral is too complicated to estimate, a standard solution is to
predict using the function fwmap , where wmap is the vector of parameters called the Maximum a Posteriori
(MAP), i.e.
wmap = argmax P (w|y) = argmin − log P (y|w) − log P (w).
(20)
w

w

The right hand side of the previous equation can be interpreted as the minimization of a regularized risk,
the first term being the empirical risk and the second term being the regularization term.
One way to get a sparse vector wmap is to introduce several hyperparameters βi controlling the variance of
the wi [Tipping, 2001],
n r
Y
βi
P (w|β) =
exp(−βi wi2 /2).
2π
i=1
The vector β is learned by maximum likelihood type II, i.e. by finding the vector β which maximizes (assuming
(improper) flat hyperprior on β),
Z
P (y|β) = P (y|w)P (w|β)dw.
(21)
Using a Laplace approximation to compute the above integral and setting the derivative of (21) to 0, the
vector β satisfies at the optimum [MacKay, 1994, Tipping, 2001]
βi =

1 − βi Hii−1
,
(wi )2map

where H is the Hessian of the log posterior around its maximum, H = −∇2 log P (w|y)|wmap .
An iterative scheme is adopted: compute wmap with (20) and update β using (22).

(22)
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•
•
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When a component is not useful for the learning task, the maximization of the marginalized likelihood
(21) over the corresponding βi will result in βi → ∞ and thus wi → 0, effectively pruning the weight wi .
−1/2
From this point of view, βi
is the Bayesian equivalent of the scaling factors σi introduced in Section
3.1.
The prior on the weights wi can be computed as
Z
P (wi ) = P (wi |βi )P (βi )dβi .
When the hyperprior on βi is a Gamma distribution, this gives a Student-t distribution on P (wi ) [Tipping,
2001]: it is sharply peaked around 0 and thus tends to set the weights wi at 0, leading to a sparse solution.

3.3 Variable Scaling: Extension to Maximum Entropy Discrimination
The Maximum Entropy Discrimination (MED) framework has been introduced in Jaakkola et al. [1999]. It is
a probabilistic model in which one does not learn parameters of a model, but distributions over them. Those
distributions are found by minimizing the KL divergence with a prior distribution while taking into account
constraints given by the labeled examples. For classification, it turns out that the optimization problem
solved in Jaakkola et al. [1999] is very similar to the SVM one.
Feature selection can be easily integrated in this framework [Jebara and Jaakkola, 2000]. For this purpose,
one has to specify a prior probability p0 that a feature is active.
If wi would be the weight associated with a given feature for a linear model (as found by a linear SVM for
instance), then the expectation of this weight taking into account this sparse prior is modified as follows
Jebara and Jaakkola [2000],
wi
.
1−p0
1 + p0 exp(−wi2 )
This has the effect of discarding the components for which
wi2 ¿ log

1 − p0
.
p0

For this reason, even though the feature selection is done in a complete different framework than a standard
SVM, this algorithm turns out to be similar to RFE in the sense that it ignores features whose weights are
smaller than a threshold. The MED framework was recently extended to the case where multiple inter-related
learning tasks are jointly solved [Jebara, 2004].
3.4 Joint Classifier and Feature Optimization (JCFO)
The Joint Classifier and Feature Optimization (JCFO) algorithm [Krishnapuram et al., 2004] is similar to
sparse Gaussian Process for classification (see also Seeger [2000], Williams and Barber [1998]) with an ARD
prior (Section 3.2). It considers classifiers of the form:
m
X

αk k(σ ∗ x, σ ∗ xk ) + b.

k=1

The aim of this classifier is to find a function with a sparse vector α and a sparse vector of scaling factors
σ. This is achieved by using a Laplacian prior on α and σ. The inference in this probabilistic model is done
by a type of EM algorithm as well as by conjugate gradient descent on σ. Note that, as in Section 3.1, this
gradient descent can be avoided in the case of a linear kernel.
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4 Sparsity Term
In the case of linear models, indicator variables are not necessary as feature selection can be enforced on
the parameters of the model directly. This is generally done by adding a sparsity term to the objective
function that the model minimizes. To link minimization problem (4) of the introductory section to methods
that use a sparsity term for feature selection purposes, we consider linear decision functions of the form
f (w, x) = w · x, indicator variables σ ∈ {0, 1}n and we make use of the following lemma,
P
Lemma: If the learning criterion T can be expressed as T (w, σ) =
L(f (w ∗ σ, xk ), yk ) + Ω(w) and Ω is
component-wise minimized at 0, then
min

w, l0 (σ)=σ0

T (w, σ) =

min

l0 (w)=σ0

T (w, 1),

(23)

where the zero ”norm” l0 is defined as l0 (σ) := cardinality({i ∈ {1, · · · , n} : σi 6= 0}).
Proof: Let w∗ and σ ∗ minimize the left hand side of (23). Then T (w∗ , σ ∗ ) ≥ T (w∗ ∗ σ ∗ , 1) because setting
one of the component of w to 0 will decrease Ω by assumption. Thus, the left hand side of (23) is larger than
its right hand side. On the other hand, if w∗ is the minimizer of the right hand side, defining σi = 1wi∗ 6=0
shows the other inequality.
In other words, in the linear case, one can ignore the scaling factors σ and directly find a sparse vector
w. The following section presents in more detail how this is implemented for several algorithms. For the sake
of simplicity, we will assume that the target is in {−1, 1}. When generalizations to more complex problems
(regression or multi-class) are possible, it will be stated clearly.
4.1 Feature Selection as an Optimization Problem
Most linear models that we consider can be understood as the result of the following minimization:
m

min
w,b

1 X
L (w · xk + b, yk ) + CΩ(w),
m
k=1

where L(f (xk ), yk ) measures the loss of function f (x) = (w·x+b) on the training point (xk , yk ), Ω(w) : Rn →
R+ is a penalizing term and C is a trade-off coefficient balancing the empirical error with this penalizing
term. Examples of empirical errors are:
1. The `1 hinge loss:
`hinge (w · x + b, y) := |1 − y (w · x + b)|+ ,
where |z|+ = z if z > 0 and |z|+ = 0 otherwise.
2. The `2 loss:
2
`2 (w · x + b, y) := (w · x + b − y) .
3. The Logistic loss:

`Logistic (w · x + b, y) := log(1 + e−y(w·x+b) ).

This loss, usually used in logistic regression, is based on the following model: log

³

P (y=1|w,b)
1−P (y=1|w,b)

´
= w·x+b.

The penalizing terms that we will consider here will be of two types:
1. The `0 norm:
Ω(w) = `0 (w)
representing the number of non-zero coordinates of w.
2. The `1 norm:
n
X
Ω(w) =
|wi |.
i=1

Table 1 introduces the possible combinations of loss and sparsity along with the corresponding algorithms.
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Loss \ Sparsity
`0
`1
hinge
FSV [4.3]
`1 SVM [4.2]
`2
multiplicative update [4.3]
LASSO [4.4]
Logistic
×
Generalized Lasso [4.4]
Table 1. Methods that have been designed to enforce feature selection during the training of a linear model. A cross
means that such combination has not been considered so far. The number in brackets refers to the section number.

4.2 `1 Support Vector Machine
The `1 Support Vector Machine (`1 -SVM) of Bradley and Mangasarian [1998] for classification solves the
following optimization problem:
n
m
X
X
min
|wi | + C
ξk
w,b

i=1

k=1

subject to: ξk ≥ 0 and yk (w · xk + b) ≥ 1 − ξk . The main difference compared
to a classical SVM is the
P
replacement of the quadratic regularization term kwk22 by the `1 norm i |wi |. This slight change in the
regularization term induces a big difference in the final outcome of the optimization. This is due to the
strict convexity shape of the quadratic norm. Assume that two linear models parameterized by w1 and
w2 are consistent on the training set. Assume furthermore that w1 uses only the first half of the features
and w2 the second half (the input space is built from redundant features). Then any linear combination:
w = (1 − λ)w1 + λw2 (λ ∈ (0, 1)) will have a smaller `2 norm than w1 or w2 . This implies - in this particular
case - that choosing a vector w with more features induces a strictly smaller `2 norm. This shows that the
SVM tends to return a model that uses many redundant features. It is by the way one of the strengths of the
SVM to distribute the classification decision among many redundant features, making it more robust to the
overall noise.14 In the context of feature selection, such a property might be a drawback. The introduction
of the `1 norm tends to remove this property by giving the same value of the regularization term to all the
w ∈ [w1 , w2 ]. This lets other factors (like the minimization of the empirical error) choose the right model
and hence choose a sparse model if it decreases the empirical error. Note that the trade-off parameter C can
be used to balance the amount of sparsity relative to the empirical error. A small C will lead to a sparse
linear model but whose empirical error is not as controlled as with a large C.
The `1 SVM was applied as a feature selection method by different authors. Bradley and Mangasarian [1998]
introduced this version of the SVM more like a general classification technique but they noted the ability
of this method to return sparse linear models. Fung and Mangasarian [2003] exploited this property to
perform feature selection introducing a new optimization technique. Note that the `1 SVM can be defined
for regression as well. Bi et al. [2003] use this approach in the context of drug design.
4.3 Concave Minimization
In the case of linear models, feature selection can be understood as the following optimization problem:
min `0 (w)
w,b

subject to: yk (w · xk + b) ≥ 0. Said differently, feature selection is interpreted as finding a w with as few
non zero coordinates as possible such that the derived linear model is consistent on the training set. This
problem is known to be NP-hard [Amaldi and Kann, 1998] and hence cannot be solved directly. In this
section, we present two attempts to approximately optimize it. Both approximations are based on replacing
`0 by a smooth function whose gradient can be computed and can be used to perform a gradient descent.
Note that the above problem does not match the goal of feature selection in machine learning. The latter is
indeed interested in improving generalization error. In the current set-up, we are just interested in finding
the smallest number of features consistent with the training set. This can obviously lead to overfitting when
14

If each redundant feature is perturbed by the same zero mean random noise, adding these features would reduce
the overall influence of this noise to the output of the SVM.
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the number of training samples is much smaller than the number of dimensions.15 This supports the idea
that exact minimization of the `0 norm is not desired and it motivates approximations that push the solution
towards low capacity systems for which the generalization error is better controlled. Such systems might be,
for instance, large margin classifiers. The iterative nature of the methods that we describe below make it
possible as well to use early stopping. The latter technique computes an estimate of the generalization error
on a validation set and stops the procedure when the error estimate is too high.
Feature Selection Concave (FSV)
Bradley and Mangasarian [1998] propose to approximate the function `0 (w) as:
`0 (w) ≈

n
X

1 − exp(−α|wi |).

i=1

The coefficient α controls the steepness of the function and its closeness to `0 (w). In their paper, Bradley
and Mangasarian suggest to take α = 5 as a first guess. Note that this function is not differentiable directly
but a constrained gradient descent can be applied without any difficulty. Algorithm 3 presents the method.
Although this algorithm is presented here for separable datasets, it is described in the original paper for
non-separable datasets. The errors are then computed using the hinge loss.
Algorithm 3 Feature Selection Concave (FSV)
Require: α: controls the steepness of the objective function
1: Start with v0
2: cont=true; t=0;
3: while (cont==true) do
4:
Let v∗ be the solution of the Linear Program:
min
v

n
X

{Find the descent direction}
t

αe−αvk vk − vkt



k=1

subject to: yk (w · xk + b) ≥ 1, −vk ≤ wk ≤ vk
5:
vt+1 = v∗ ;
6:
if (vt+1 == vt ) then
7:
cont=false;
8:
end if
9:
t=t+1;
10: end while

{If nothing changes, stop}

Multiplicative Update
Weston et al. [2003] use a slightly different function. They replace the `0 norm by:
`0 (w) ↔

n
X

log (² + |wi |) .

i=1

Although not a good approximation of `0 , Weston et al. argue that its minimum is close to the minimum of the
`0 norm. The interest of taking such an approximation is that it leads directly to an iterative scheme whose
basic step is a classical SVM optimization problem. The multiplicative update can therefore be implemented
very quickly from any SVM optimization code. Algorithm 4 describes the approach.
As for FSV, the multiplicative update can be extended to non separable datasets. The errors are then measured with a quadratic loss. Both FSV and multiplicative update can be generalized to regression problems.
We refer the reader to the original papers for more details.
15

Having a small number of samples increases the chance of having a noisy feature completely correlated with the
output target.
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Algorithm 4 Multiplicative update

1: Start with σ 0 = (1, ..., 1) ∈ Rn
2: cont=true; t=0;
3: while (cont==true) do
4:
Let w∗ be the minimum of:
minw kwk22

subject to: yk w · ( t ∗ xk ) + b ≥ 1
5:
t+1 = t ∗ w∗ ;
6:
if ( t+1 ==  t ) then
7:
cont=false;
8:
end if
9:
t=t+1;
10: end while

{SVM optimization}

{∗ is the component-wise multiplication}
{If nothing changes, stop}

4.4 LASSO
The LASSO technique (Least Absolute Shrinkage and Selection Operator) [Tibshirani, 1996] is very similar
in its spirit to the `1 SVM. It minimizes the following problem:
min
w,b

m
X

2

(w · xk − yk )

k=1

Pn

subject to: i=1 |wi | ≤ σ0 . The use of the `1 norm constraint on the parameter leads to a sparse model as
in the case of the `1 SVM. It can be used for regression and classification. Recently, the LASSO technique
has been generalized to handle classification problem with a more adequate loss. Roth [2003] defined what
is called generalized LASSO as:
m
X
min
log(1 + e−yk (w·xk +b) )
w,b

Pn

k=1

subject to: i=1 |wi | ≤ σ0 . Although the problem is convex, it is not quadratic nor linear. To solve it, Roth
suggests to use an Iterative Reweighed Least Square scheme. The generalized LASSO has the advantage of
producing sparse models whose outputs can be interpreted as probabilities.
4.5 Other Methods
This section is by no means an exhaustive survey of all machine learning techniques that can be understood as
minimizing an empirical error plus a sparsity term. Such an interpretation encompasses too many methods to
discuss them in this chapter. We have instead presented examples of which we believe that they cover a wide
range of approaches. Other methods, like sparse kernel Fisher discriminant [Mika et al., 2000], the grafting
method [Perkins et al., 2003] (see also Section 2.2) or the Potential Support Vector Machine [Hochreiter and
Obermayer, 2004] can be understood - in a certain sense - as minimizing an empirical error plus a sparsity
term. In fact, any machine learning technique involving a linear model can be extended to implement feature
selection by adding a sparsity term. We have shown two of those sparsity terms in this section (namely the
`1 and the `0 norm). We believe they can be combined with most objective functions and optimized using
the methods described, or variants of them.

5 Discussions and Conclusions
The introduction of this chapter provides a theoretical framework which unifies many embedded feature
selection methods that were introduced during the last few years. This framework is built upon the concept
of scaling factors. We discussed embedded methods along how they approximate the proposed optimization
problem:
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Explicit removal or addition of features - the scaling factors are optimized over the discrete set {0, 1}n
in a greedy iteration,
• Optimization of scaling factors over the compact interval [0, 1]n , and
• Linear approaches, that directly enforce sparsity of the model parameters.

•

From the literature that covers embedded methods it is neither possible to infer a ranking that reflects the
relative abilities of the methods nor is it possible to state which methods work best in which scenario. These
conclusions could be drawn only from a systematic comparison - which clearly is beyond the scope of this
chapter.
Every family of feature selection methods (filter, wrapper and embedded) has its own advantages and drawbacks. In general, filter methods are fast, since they do not incorporate learning. Most wrapper methods are
slower than filter methods, since they typically need to evaluate a cross-validation scheme at every iteration.
Whenever the function that measures the quality of a scaling factor can be evaluated faster than a crossvalidation error estimation procedure, we expect embedded methods to be faster than wrapper approaches.
Embedded methods tend to have higher capacity than filter methods and are therefore more likely to overfit. We thus expect filter methods to perform better if only small amounts of training data are available.
Embedded methods will eventually outperform filter methods as the number of training points increase.
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