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Introduction
Model building is probably the most significant component of scientific thinking baring abstract similarities in all branches of science. We build models and examine how they function, we apply modifications to them as long as we reach our desired goal. Artificial intelligence is a special branch of
science, which provides an endless horizon to the lovers of computational model building.
Machine learning forms a branch of artificial intelligence [25]. It comprises a set of algorithms
that enable computers to learn. The concept of learning usually builds on two different approaches:
inductive and deductive learning. My thesis follows the inductive learning approach, which retrieves
rules or descriptive patterns from massive data sets. Presently, the main focus of machine learning
is the complex task of automatic information extraction. Further important application possibilities
lie in natural language processing, syntactic pattern recognition, the improvement of search engines,
medical diagnosis, bio-informatics, speech recognition, object recognition, and enhancing computer
games with humanlike intelligence - only to mention a few fields. Certain machine learning methods
attempt to eliminate human resource from the process of data analysis, while others try to make
human-machine interaction more human.
Considering the current level of technological advances, machine learning has become the most
researched and most intensively developing field of artificial intelligence. The present thesis focuses
on the examination and elaboration of the most novel approach in machine learning, namely that of
kernel methods.
Kernel methods (KM) are a family of pattern recognition algorithms [26], whose most significant
member is the Support Vector Machine (SVM) [31]. The general task of pattern recognition is to
identify and examine representative correlations (e.g., clusters, classification decisions, etc.) on general
data (e.g., vectors, documents, sequences, pictures, etc.). The KM approach was named after kernel
functions, which work in a derived feature space where the real coordinates of patterns never have
to be calculated. These methods only rely on the dot product of paired sample points, which are
calculated implicitly by applying the kernel functions. Apart from SVM, there are a number of other
algorithms belonging to the family of KM: e.g., various regression methods, Fisher’s linear discriminant
analysis (LDA) [9], principal components analysis (PCA) [10], canonical correlation analysis (CCA)
[2], ridge regression [22], spectral clustering [21], and many others. Generally speaking, the majority
of kernel methods lead to effectively soluble problems, convex optimisation or eigenproblems.

The Kernel Mapping Idea
Let X, y be the training data, where X = (x1 , . . . , xn ) are the input patterns (xj ∈ Rd ) and
y ∈ {−1, +1}n are the corresponding target labels for classification tasks or alternatively y ∈ R for
regression problems. We will assume that (xi , yi ), i = 1, . . . , n are independent, identically distributed
random variables.
It is often the case that the problem of classification, regression or relevant feature extraction can
be made substantially easier when the data is mapped into an appropriate high dimensional space by
some non-linear mapping φ and linear methods are applied to the transformed data. If the algorithm

is expressible in terms of dot products and if the non-linear mapping
φ : Rd → H

(1)

is such that the dot products of the images of any two points x1 and x2 under φ can be computed
as a function of x1 and x2 only and in poly(d)-time without explicitly calculating φ(x1 ) or φ(x2 )
then the algorithm remains tractable, regardless of the dimensionality of H. This allows us to consider
very high or even infinite dimensional image spaces H. We may as well start by choosing a symmetric
positive definite function
k : Rd × Rd → R,

(2)

called the kernel function (see e.g. [4]). Then the closure of the linear span of the set
{ k(x, ·) | x ∈ Rd }

(3)

gives rise to a Hilbert space H where the inner product is defined such that it satisfies
hk(x1 , ·), k(x2 , ·)i = k(x1 , x2 )

(4)

for all points x1 , x2 ∈ Rd [20]. The choice of k automatically gives rise to the mapping
φ : Rd → H

(5)

defined by φ(x) = k(x, ·). This is called the kernel mapping idea [1; 23; 30], which is used for the
derivation of novel kernel based algorithm described in the thesis.

Results
The theses of the present dissertation can be differentiated in two ways and can be separated into two
different groups. In one reading, the results acquired by the author fall into the topic of kernel-based
feature extraction and classification methods within the field of machine learning. In an other reading,
we can learn about algorithmic constructions and practical applications. Hereunder, following the
structure of the dissertation, the results are introduced according to the first approach. It is important
to note that the list of results below enumerate only those parts of the novelties to which the author
has contributed in major part.
The author’s kernel-based feature extraction methods form the first group of results. These results
are described in detail in Chapter 2 and 3 of the dissertation.
I/1. The author has defined the direct version of the MMDA algorithm [11; 16]. This method employs
a feature extraction technique that increases the efficiency of classification methods. The author
managed to prove the feasibility of the defined method by applying it on several examples of
the UCI machine learning database [3].
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I/2. The MMDA algorithm is apt by nature to reduce high dimensional feature spaces in order to
increase classification efficiency. The author has developed a modified version of this algorithm
for face recognition. With the help of the FERET gold standard face recognition database [6],
he managed to prove the usability of the introduced method. He also managed to surpass the
state-of-the-art results in the field [16].
I/3. Beyond classification, regression problems may also form the focus of feature extraction. The
author has also developed a version of the MMDA algorithm for solving regression tasks, with a
focus on the retrieval of correlation-free features. The name of the method is Kernel Decorrelated
Learning Regression (KDLR) [28]. Based on tests performed over standard regression problems
we can state that the approach leads to more efficient regression in practice.
I/4. The author proposed the combination of the statistics-based average derivative estimation
method on the one hand, and kernel functions on the other hand. The aim of this novel method
called Kernel Average Derivative Estimation (KADE) is the identification of sub-spaces that are
relevant from a regression’s point of view [28]. By testing on artificial data and comparing relating algorithms the author proved that the identified sub-spaces enable more effective regression
in a good number of cases.
Novel kernel-based classification algorithms form the second group of results. These results are
detailed in Chapter 4 and 5.
II/1. The author defined a family of hyperplane-based classification methods [13]. He proposed three
modifications, each following traditional geometrical concepts: i) he used various loss functions
in hyperplane-based classification; ii) he applied linear regression in a unique way to improve
classification; and iii) he developed the Minor Component Classifier method, which defines a
classification hyperplane with the help of an eigenvector pertaining to the smallest eigenvalue
of a sample point matrix. The author formed the testing environment of the methods and
performed demonstrational tests. Results prove that the methods developed by the author are
comparable to results performed by SVM [26].
II/2. The author constructed a classification scheme called Convex Machine Technique, which applies
a rare combination of basis functions. The method contains a number of machine learning
techniques, such as: Support Vector Machine (SVM) [26], Smooth Support Vector Machine
(SSVM) [18], Least Square Support Vector Machine (LSVM) [27], Kernel Logistic Regression
(KLR) [8], just to mention a few. Inspired by basic numerical mathematical methods, the author
also developed three basis function selection techniques (RANDOM, MGRAMM, CORR) [14],
which he tested on certain elements of the UCI data repository [3].
II/3. He further developed three complex basis function selection techniques (SFS, SFFS, PTA) in
order to improve the efficiency of classification on the one hand, and to decrease the size
complexity of the classification model on the other hand. The defined methods build on the
analogy of state-of-the-art feature space selection techniques. Base on test results, it can be
declared that these methods support effective classification [28].
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T hesis T opics [11] [13] [14] [15] [16] [28] Chapter
T ype
MMDA •
2
Feature Extraction
MMDA FACE version •
•
2
Feature Extraction
KDLR •
•
3
Feature Extraction
KADE
•
3
Feature Extraction
Hyperplane Classifiers
•
4
Classification
Convex Networks
•
•
5
Classification
Basic Basis Selection Methods
•
5
Basis Selection
Complex Basis Selection Methods
•
5
Basis Selection

1. táblázat. The relation between the thesis topics and the corresponding publications.

Finally, Table 1 summarizes which publication covers which method of the thesis.

Conclusions
The thesis is built around the kernel idea, which is suitable for the transformation of linear models
into non-linear ones, while only minimally increasing the complexity of the model. The kernel idea is
able to transform algorithms that only use the dot product of a set of sample vectors as their input.
In this case, we can acquire alternative models with the non-linear re-definition of the dot product.
Thus, the main objective is to re-define the basic tasks of machine learning, such as feature extraction,
classification, regression in the form of dot products. The results included in my dissertation contribute
to the described idea with a number of novel algorithms.
In the first part of the thesis, I defined feature extraction techniques that effectively increase the
precision of classification and regression methods. We succeeded in justifying the grounds for these
techniques by making them work on standard data bases of machine learning and on the task of face
recognition. In summary, we can state that the four elaborated methods pave the way to the effective
reduction of high dimensional feature spaces.
In the second part, I focused on the topic of classification. I first introduced a family of hyperplanebased classification methods. These outline a group of methods that gives a deeper insight into the
nature of how variably the hyperplane can be used for classification. The leading motif of the newly
defined method group is the underlying geometrical approach. In the same part, we define a general
classification scheme leading to the optimisation of convex functions, which comprises a number
of techniques developed over the past few years. The unified approach that determined our way of
thinking in this case supposes a traditional numerical mathematical thinking. The methods introduced
in part two performed well on both real and artificial data. With this, we managed to emphasize
usability beyond the constructional results.
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Appendices
A.1 The MMDA algorithm
Let us fix a positive real number C that we will use to weight the misclassification cost. Now define
the maximum margin separation problem with orthogonality constraint (MMSO problem) as follows:
Let u be a d-dimensional vector: u ∈ Rd . The MMSO problem parameterized by (X, y, C, u) is to
find w ∈ Rd , b ∈ R and ξ = (ξ1 , . . . , ξn ) ∈ Rn such that
n

X
1
kwk22 + C
ξi → min s.t.
2
i=1

T

yi (w xi + b) ≥ 1 − ξi ,
ξi ≥ 0,

i = 1, . . . , n,

uT w = 0.

(6)

The formalism remains similar when the number of orthogonality constraints – r, say – is bigger than
one. The corresponding MMSO problem will be denoted by (X, y, C, U ), where U = (u1 , . . . , ur ) is
the matrix of vectors that are used to define the orthogonality constraints (i.e. UT w = 0).
It is not difficult to prove that the solution of an MMSO problem (X, y, C, U ) may be obtained
by solving the following dual quadratic programming problem:
´
1³
− α> Y KY α + γ > U T U γ + α> 1 + γ > U T XY α → max
α,γ
2
such that y T α = 0, 0 ≤ α ≤ C1,
(7)
where K = X T X and 1 = (1, . . . , 1)T . Since the number of columns of U is r, the dimensionality
of γ will also be r, and hence the number of variables in the above quadratic programming problem
will be n + r.
The direct method works as follows: Given the data (X, y, C), let (w1 , b1 ) be the solution of
the MMSO problem (X, y, C, 0). Assuming that the solution vectors (w1 , b1 ), . . . , (wr−1 , br−1 ) have
already been computed, (wr , br ) is obtained as the solution of the MMSO problem (X, y, C, Wr−1 ),
where Wr−1 = (w1 , . . . , wr−1 ).

A.2 Feature Extraction by MMDA for Face Recognition
Human face recognition is a special classification problem where the number of classes is high, there
are only a few samples per class and the input space is high-dimensional. These properties make face
recognition an especially challenging classification problem.
Since MMDA is defined for binary classification problems, with multi-class problems one needs
to group certain classes together. In [11] it was suggested that MMDA should be used following a
„one-vs.-all” approach: basically when the number of classes is m, MMDA is run m times with one
class against all the others. This is a simple approach and in [11] it was suggested that although it
6

Algorithm 1 Feature Extraction by MMDA for Face Recognition
input: (m, (x1 , y1 ) . . . , (xN , yN )) // no. of subjects, list of face-image, person id pairs
F := (); X i := {xj |yj = i}, i = 1, . . . , m; // images of person i
(w1 , . . . , wn ) := FE((x1 , y1 ) . . . , (xN , yN )); // extract n features using method FE
for i ∈ {1, . . . , n} do
zj := wiT xj , j = 1, . . . , N ; // project images
Z i := {zj |yj = i}, i = 1, . . . , m; // collect projected images of person i
Find (v1 , . . . , vm ) ∈ {−1, 1}m such that
X
X
X
(z − z 0 )2 +
vi =−1,vj =−1 z∈Z i
i6=j
z 0 ∈Z j

X

(z − z 0 )2

vi =1,vj =1 z∈Z i
i6=j
z 0 ∈Z j

is minimized.
F0 := M M DA(∪vi =−1 X i , ∪vj =+1 X j ); // extract features using MMDA
append(F, F 0); // append features to the list of features extracted so far
end for
return F
is likely to be suboptimal, it can yield a sufficiently good performance even when compared with the
more involved approach based on output-coding [12].
It should be mentioned that the one-vs.-all approach cannot produce useful features in face recognition tasks as here all the m subproblems are seriously skewed with one class having only a few
elements and the other has lots. Such skewed distributions will yield highly correlated features for
the independent subproblems since the subproblems are „well aligned” (it is easy to see that forcing
independent features to be decorrelated does not help either due to the large overlap of the problems).
The same conclusion holds for the features obtained using the output-coding approach [12] since there
classes are grouped together without taking into account their relations in the input space. In a typical
subtask persons with very different faces could be grouped together while persons with similar faces
might be assigned to different classes.
This gives us the idea of using the available data to create the binary classification subproblems
for MMDA. The particular approach suggested here is to use information in the images to create the
subproblems. One approach for doing just this is the following. Some method (like LDA [9] or PCA
[10]) is used to generate a number of unrelated features. For each feature, the projections of training
images on a selected feature are computed. This produces a number of points on the real-line. Next,
the persons in the training set are grouped into two groups so as to minimize the total within-group
distortion between the previously calculated points on the real-line (this is a special case of k-means
clustering and can be implemented efficiently). MMDA is then run on this binary classification problem
7

(on the original, untransformed images) and the corresponding features are then saved. The process
is continued with the next feature. The union of features extracted this way defines the extracted
feature space. The proposed algorithm is listed above.

A.3 Kernel Decorrelated Learning Regression
We consider regression problems, where the data (Xi , Yi ) are independent, identically distributed
random variables, L is loss function such as e.g. quadratic loss function L(y, z) = (y − z)2 , and we
seek to determine the regressor f (x) = argminy E[L(Y, y)|X = x].
Let us first consider the model
X
Y =
βi gi (X) + ²,
(8)
i

where gi : X → R are unknown functions, and ² is noise variable, independent of Y, X. We shall
consider estimating gi by means of an iterative procedure. One view of the model is then to treat
the Y = β T γ + ² as a linear regression problem, where γ = (g1 , . . . , gm ). We shall assume that the
vector β is such that 0 ≤ β ≤ 1, β T e = 1, where e = (1, 1, . . . , 1)T , i.e., the output can be obtained
as a noisy convex combination of the ‘features’ g1 (X), . . . , gm (X). We shall further assume that the
loss function is the quadratic loss.
P
Let g = i βi gi , f arbitrary. Then, it is not hard to see that
X
X
βi E[(gi (X) − g(X))2 ]
(9)
βi Loss(gi ) −
Loss(g) =
i

i

and
Loss(g) = E[(g(X) − f (X))2 ].

(10)

This formula, first given in [17] is called „ambiguity decomposition” (AD). The ensemble loss can
be decreased if the ambiguity of the ensemble is maximized whilst keeping the loss of the individual
members low. Now, we obtain easily
³
X
X
βi E[(gi (X) − g(X))2 ] =
(βi2 − βi ) E[gi (X)]2
i
´ X
βi βj Cov(gi (X), gj (X)).
+ Var[gi (X)] −

i

(11)

i6=j

Therefore, given two ensembles (gi ), (ĝi ) satisfying E[gi (X)] = E[ĝi (X)], Var[gi (X)] = Var[ĝi (X)],
if
X
X
βi βj E[gi (X) gj (X)] <
βi βj E[ĝi (X) ĝj (X)]
(12)
i6=j

i6=j

then Loss(g) < Loss(ĝ). The assumption of equal expected values and variances is motivated by
assuming that each gi should match the regressor function f as closely as it is possible and hence the
expected value and variance of gi (X) are controlled by this desire. As a conclusion, we have that one
way of have a small ensemble loss is to enforce orthogonality: E[gi (X)gj (X)] = 0, i 6= j.
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Now, let k : Rd × Rd → R be a positive definite kernel, H be the RKHS corresponding to k. Let
{(xi , yi )}ni=1 denote the observed data (again, xi , yi are i.i.d.) and let L(y, z) be a loss function, e.g.
L(y, z) = (y − z)2 , f ∈ H. Define
n

1X
R(f ) =
L(f (xi ), yi ) + λkf k2 ,
n

(13)

i=1

where kf k2 is in the norm of H (i.e. this is ridge regression in the case of the quadratic loss). By the
„Representer Theorem” of Wahba [33] f ∈ span(Φ), where Φ = (φ1 , . . . , φn ) and φi : Rd → R is
defined by φi (x) = k(xi , x). E.g. assume f = Φα for some α ∈ Rn . Equation (13) can be solved by
n

1X
R(α; X; k) =
L((Φα)(xi ), yi ) + λαT Kα,
n

(14)

i=1

where Kij = k(xi , xj ) and X = (x1 , . . . , xn ). When the dataset X and the kernel k are fixed we will
often write R(α) instead of R(α; X; k). Similarly, when the kernel is fixed we will use R(α; X).
Now assume gi = Φαi , gj = Φαj . By replacing the expectation operation with the the empirical
mean in orthogonality criterion we obtain
0=

n
X

gi (xk )gj (xk ) = αkT K 2 αj .

(15)

k=1

Therefore an iterative procedure that optimizes R(α) and respects the orthogonality criterion is
as follows: Given α1 , . . . , αi , let
αi+1 = argmin{ R(α) | αjT K 2 α = 0, 1 ≤ j ≤ i }.
α

(16)

Once α1 , . . . , αk are computed for some k > 0, one may estimate the optimal mixing coefficients
βi by e.g. ordinary or regularized (linear) least squares. We call the method obtained by solving (16)
together with the method used to obtain the mixing coefficients βi , decorrelated learning regression
(DLR).
The solution of (16) can be obtained by solving the Langrangian dual of the quadratic programming
problem (16). For this, assume that the solutions up to step i are obtained in the form ΦAi where
we have collected the vectors α1 , . . . , αi into the matrix Ai . Also, consider now the ²-loss of function
of Vapnik [30]: L(y, z) = max(0, |y − z| − ²). It is relatively easy to derive that the problem reduces
to the following quadratic programing problem:
1
L(α, α∗ , β) = − (α − α∗ )T K(α − α∗ ) − (α − α∗ )T K 2 Ai β
2
1 T
3
− β Ai K Ai β + (α − α∗ )T y − ²(α + α∗ )T e → max
2
s.t. 0 ≤ αi , αi∗ ≤ C ∀i.
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(17)

A.4 Kernel Average Derivative Estimation
Here we assume that the unknown regressor function f can be written in the form
f (x) = f0 (Bx)

(18)

for some matrix B ∈ Rm×d with m ¿ d (i.e. BB T = Im ). Here f0 is an unknown link function.
Our goal here is to find the effective dimension m and to describe the effective dimension reducing
space S = =B T [19]. The basic idea of average derivative estimation is as follows: Considering the
derivative of f we get that for all x ∈ Rd and for
def

F (x) = B T f00 (Bx)

(19)

we have F (x) ∈ S.
The basic idea now is to estimate f using a non-parametric estimator. Let fˆ denote such an
estimate obtained and let x1 , . . . , xn be the data points used. Then define
F̂ (x) = d/dxfˆ
and compute the eigenvalue decomposition of
X
F̂ (xi )F̂ (xi )T .
M=

(20)

(21)

i

If F̂ = F then it is easy to see that only the first m eigenvalues of M differ from zero. Since F̂ is only
an approximation of F we may expect that M will have more than m non-zero eigenvalues. However,
the hope is that the dimensionality of the effective dimension reducing subspace can be recovered by
detecting a gap in the spectrum.
Here we propose to use kernel machines to obtain fˆ, an estimate of f . We shall call the resulting
method KADE (Kernel based Average Derivative Estimation). The choice of using kernel machines is
motivated by the widely accepted view that kernel machines are less sensitive to the dimensionality
of the input space which is important in the first step of the algorithm.

A.5 Hyperplane Classifiers
Hyperplane-based classification methods may seem a weak approximators for separating positive and
negative samples. This is because in low dimension it is very easy to define a sample set, where
linear separation is not viable. The kernel idea, however, "step over" these limitations and, therefore
examining the hyperplane-based techniques has become the main focus nowadays.
In the following we briefly describe three methods. The first one extend the hyperplane-based
approach with loss functions, the second one uses the regression formalism in a unique way for
classification, while the third one - which may be the most important result - is a novel method called
Minor Component Classifier. Here the classification is carried out via merging the input and output
space of the classification task. By employing the kernel-idea we got the following methods:
10

a) Linear Classifier with Loss functions:
ÃÃ ! Ã !!
xi
xj
,
min
g yi
αi k
,
α
1
1
i=1
j=1
n
X



n
X

(22)

where g is a loss function, while k is a kernel function. For solving the above unconstrained minimization
problem we can use the Quasi-Newton or even the Newton iteration method.
b) Linear Regression for Classification: the decision rule for an arbitrary sample z is
³
´
T
T
+ T
sign (z 1)X1 (K K) K Y ,
(23)
where




ÃÃ ! Ã !!
xT1 1
xi
xj
 . .
,
.
X1 =  .. ..  and Kij = k
1
1
T
xn 1

(24)

c) Minor Component Classifier:
min
β

β T K̄ K̄β
,
β T K̄β

(25)

where the matrix K̄ contain the pairwise dot products of transformed points:
   
xi
xj
   
K̄ij = k  yi  ,  yj  .
1
1

(26)

The solution of (25) can be obtained by finding the eigenvector corresponding to the smallest nontrivial
eigenvalue of the generalized eigenproblem
K̄ K̄β = λK̄β.

(27)

A.5 Convex Machines
Now - as in earlier - consider the problem of classifying n points in a compact set X over Rm ,
represented by vectors x1 , . . . , xn , according to the membership of each point xi in the classes
{1, . . . , c}, as specified by y1 , . . . , yn . A multiclass problem can be transformed into a set of binary
classification tasks – where we usually have yi in {−1, +1} – using various algorithms like the oneagainst-all method [34] or the output coding scheme [12], say. Hence our investigation here can be
restricted to the problem of binary classification without loss of generality.
Now let V be a vector space, which will be viewed as a function space here. Let S ⊂ V denote a
finite set of basis functions
S = {f1 (x), . . . , fk (x)},

11

fi : X → R

(28)

and let Span(S) stand for the linear subspace spanned by S, that is
)
(
k
X
Span(S) = fα : X → R | fα (x) =
αi fi (x), x ∈ X , α ∈ Rk .

(29)

i=1

The classification problem may be defined by the following optimization problem
min

fα (x)∈Span(S)

Ex,y L(fα (x), y),

(30)

where L is a loss function measuring the quality of the predictor fα (x) and E denotes the expectation
over (x, y). A possible convex restriction of Eq. (30) is
min

fα (x)∈Box(S,B)

Ex,y H(yi fα (xi )).

(31)

Here the loss function L(fα (x), y) is assumed to be of the form H(yi fα (xi )), where H : R → R is a
twice continuously differentiable, non-negative, decreasing, convex function. Box(S, B), furthermore,
is a box constrained subset of Span(S), i.e. B = B1 × · · · × Bn ⊆ Rn is a cartesian product space of
non-empty intervals and
)
(
k
X
αi fi (x), x ∈ X , α ∈ B .
(32)
Box(S, B) = fα : X → R | fα (x) =
i=1

Due to the fact that the problem of approximating a function from sparse data is ill-posed [32] we have
already assumed two different types of restrictions on the shape of the predictor function: i) fα (x) is
a linear combination of a finite set of basis functions and ii), this linear combination is constrained
components by components using intervals. In addition, inspired by regularization theory [7; 29] we
add a regularization term to the cost function to be optimized:
min

fα (x)∈Box(S,B)

Ex,y H(yi fα (xi )) + λkαk2A ,

(33)

where λ > 0 and A ∈ Rk×k is an arbitrary symmetric positive-definite matrix. We call this general
formula as ’Convex Machines’.

A.5 Basic heuristics
Sparse solutions (i.e. sparse input-output models) for classification problems are beneficial for two
reasons. First, we may avoid the problem of overfitting and second, both the optimization procedure
and the evaluation of the classifier is faster. Therefore forcing as many αi parameters to be zero as
possible in the predictor function
k
X
fα =
αi fi (x)
(34)
i=1

is a reasonable strategy. For the sake of controlling the sparsity the number of basis functions with
zero-coefficients will be restricted by making the following assumption
k
X

|sign(αi )| ≤ q,

i=1
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(35)

where q is a preset parameter. Unluckily, such a condition makes the optimization problem of Eq.
(33) combinatorial, so the suggested nonlinear Gauss-Seidel technique in its original form cannot be
applied. Our aim is to select from the available basis functions a subset of order q at most with
minimal function value. This task is NP hard [5] so the only effective way here is to employ heuristics.
RANDOM The simplest strategy is the random selection approach when we randomly select q basis
functions from among the k basis functions. This approach does not have an objective function
that can be minimized so we will choose instead the subset with the best performance after
several executions.
MGRAMM Convex Machines approximates the optimal separator surface using a linear combination
of the basis functions. Hence the approximation can be performed on an orthogonal basis of the
function space, as in the case of the result of the Gramm-Schmidt orthogonalization algorithm.
Despite this, the dimension of the basis is the rank of the function set which can exceed the
desired number q. Moreover, the algorithm generates an orthogonal function system with linear
combinations of basis functions instead of selecting the individual functions.
To solve the above we will define a greedy iterative selection strategy based on a modified version
of the Gramm-Schmidt orthogonalization algorithm. Among the available basis functions we
choose the one with a maximal residual norm after the Gramm-Schmidt process at each step.
The result of this greedy method is not the orthogonal function system itself but the basis
functions used in the linear combinations.
Assume that the basis functions are elements of L2 so the dot product is the integral of the
product function. When analytical computations of the integrals are not possible we utilize the
following approximation in the algorithm using the sample points
hf, gi =

n
X

f (xi )g(xi )

f, g : X → R.

(36)

i=1

CORR The MGRAMM method tries to choose an orthogonal basis of the functions with the help of
the Gramm-Schmidt process. The choice might be good when the dot product of functions is
available. Employing the approximation in Eq. (36) the result of the algorithm will be also just
an approximation of the desired basis.
Such an estimation can be carried out in different ways. The orthogonality of the elements in
the basis can be also employed, since the mutual correlation coefficients must be zero. Our
aim is to select functions such that the squared sum of the element in the correlation matrix
should be minimal. Similar to MGRAMM this method will be a greedy iterative process and also
exploit the fact that the mutual correlation coefficient for normalized functions takes the form
of Eq. (36).
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A.6 Complex Heuristics
Measure-based subset selection is an active area of other fields in artificial intelligence like Feature
Selection [24], say. In this context one should select r features from the available m to maximize the
classification performance of a machine learning algorithm. The elaborated techniques can be employed
for our subset selection problem if the required measure is replaced by the objective function value of
the CM task.
SFS The Sequential Forward Selection method is a greedy approach for the measure-based subset
selection problem. Starting with the empty index set it extends the indices with the locally
optimal element without backtracking.
PTA The SFS method is a sequential algorithm, hence previous steps cannot be modified when
detecting their latter impact on the result. A solution to the problem is the Plus l Take Away
r approach. It periodically extends the actual index set by l elements and afterwards removes
r so that the measure is locally optimal after each step. By doing this the effects of previous
selections can be eliminated during the execution of the subroutine.
SFFS When running a PTA routine r removing steps always follow l extending ones. Hence it is
possible to execute a removing step when the evolving set has a worse measure value than the
previous one of the same order. Conversely, an extending step can be performed when we get
a better solution at that particular level by removing a function. These problems are absent in
the Sequential Forward Floating Selection algorithm. It sequentially removes elements after one
extending step while the measure we obtain is better than the previous ones of the same order.
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