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Abstract— We propose a novel multiple kernel learning
(MKL) algorithm with a group lasso regularizer, called group
lasso regularized MKL (GL-MKL), for heterogeneous feature
selection. We extend the existing MKL algorithm and impose a
mixed `1 and `2 norm constraint (known as group lasso) as the
regularizer. Our GL-MKL determines the optimal base kernels,
including the associated weights and kernel parameters, and
results in a compact set of features for comparable or improved
recognition performance. The use of our GL-MKL avoids the
problem of choosing the proper technique to normalize the
feature attributes collected from heterogeneous domains (and
thus with different properties and distribution ranges). Our
approach does not need to exhaustively search for the entire
feature space when performing feature selection like prior
sequential-based feature selection methods did, and we do not
require any prior knowledge on the optimal size of the feature
subset either. Comparisons with existing MKL or sequentialbased feature selection methods on a variety of datasets confirm
the effectiveness of our method in selecting a compact feature
subset for comparable or improved classification performance.
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Fig. 1. An example of the UCI dataset (wine) in which the features are
collected from heterogeneous domains, and thus each feature attribute has
a unique property and distribution range (e.g., Feature 2 corresponds to
Proline, ranging between 0 and 2000).

I. I NTRODUCTION
Different from feature extraction, which requires the determination of feature domains/sources to use for pattern
recognition problems, feature selection aims to select a subset
of relevant features for reduced computation complexity
with improved or comparable recognition performance. More
specifically, the task of feature selection is to identify (or
to remove) redundant features from the original feature
set according to some criterion functions. As a result, a
comparable or improved recognition performance will be
achieved with a compact feature subset selected.
Several feature selection techniques have been proposed
and are widely used due to its simplicity in implementation.
For example, sequential forward or backward selection (SFS
[1] and SBS [2]) methods provide an intuitive way to select
a feature subset by iteratively adding or removing features
from the original feature set and improve the recognition
performance. However, these sequential selection based approaches might encounter nesting effects, i.e. the subset of
the N best features must contain the subset of the N-1 best
ones, and so on. The sequential forward floating selection
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(SFFS) [3] algorithm was proposed to alleviate this effect
by a dynamic backtracking after each iteration. Recently, an
improved forward floating selection (IFFS) [4] was proposed
to improve the SFFS algorithm by replacing weak features
when backtracking can not locate a better subset than that
of previous iterations. Although impressive results were
reported in SFFS and IFFS, their high computational cost
prohibits practical uses especially for high-dimensional data.
Besides the nesting effect, another limitation of this type
of methods is that the users are required to specify the
preferable size of the feature subset for the termination of
the entire selection process. However, the optimal number of
feature subset is typically not known in advance.
It is worth noting that, in real-world applications, the
features of interest might come from different domains in
many pattern recognition problems. For example, to classify
different types of wines, one might consider appearance or
chemical components as the features of interest, as shown in
Figure 1. The features extracted from different domains of
interest are typically referred to as heterogeneous features.
This type of features has a unique property for each feature
attribute (e.g., physical meaning, distribution, sensor type,
etc.), and thus the direct use of heterogeneous features for
designing pattern recognition algorithms often results in the
dependency on its dominant feature subset. However, the
dominant features do not necessarily imply improved recognition performance, and thus it is very challenging to deal
with heterogeneous features for practical problems. While

techniques such as linear or zero-mean normalization can be
applied on the heterogenous features before designing the
recognition algorithms, one will need to carefully select the
proper normalization technique to preprocess the data. More
importantly, restricting each heterogenous feature to have
the same range of distribution does not guarantee improved
recognition performance either.
During the past few years, kernel methods such as support
vector machines (SVM) [5] have been shown to be very
effective for data representation, dimension reduction, and
classification. A more flexible learning model using multiple
kernels instead of one, which is known as multiple kernel
learning (MKL), has recently been proposed [6]. MKL has
shown to improve the performance of many learning tasks
such as [7], [8]. Prior work such as [9], [10], [11] has
proposed to use MKL for feature selection related problems.
For example, Gehler et al. [9] applied MKL to learn the
optimal weights when combining different types of features
for object recognition; however, they did not focus on selecting the optimal feature subset for each type of features,
and thus their work is considered as feature fusion instead
of selection. Dileep et al. [10] proposed to identify the
feature subset according to the weights of the base kernels
learned for each dimension in the feature space, but they
only observed limited performance improvements. Although
an improved feature selection method recently proposed by
Xu et al. [11] obtained promising results using MKL, their
method needs to solve a complex combinatorial optimization
problem, which is not preferable when the numbers of data
samples or the corresponding feature dimensions are large.
Their method also requires the user to specify the preferable
size of the feature subset. Nonetheless, these prior MKL
based approaches treat all features equally important, and
none of them addresses the problem of heterogeneous feature
selection.
In this paper, we propose a novel MKL-based method for
heterogeneous feature selection, which does not require the
selection of proper feature normalization techniques nor the
prior knowledge on the optimal size of the feature subset. We
extend the standard MKL formulation and impose a mixed `1
and `2 norm constraint as the group lasso regularizer, which
will determine the optimal weights for each base kernel and
thus achieve the goal of feature selection. In our framework,
each heterogeneous feature is associated with multiple base
kernels and is thus considered as a group. The imposed
group lasso regularizer tends to maintain sparsity between
different groups (i.e. features), while the associated weights
of the selected kernels for each group need not be sparse.
This allows our MKL algorithm to select more than one
base kernel for each type of heterogeneous features, while a
compact set of groups (features) will be enforced due to the
added sparsity at the group (feature) level. Since we associate
each heterogeneous feature with multiple base kernels with
different kernel parameter (e.g. width of the Gaussian kernel),
our MKL has the capability to deal with heterogeneous
data without the need to perform any specific normalization

procedure. Using our approach, a compact feature subset
and their optimal kernels (including the associated weights
and kernel parameters) can be learned automatically and
simultaneously.
We note that the combination of `1 and `2 regularization
terms is used in the elastic net [12]. Different from our
method utilizing a mixed `1 and `2 norm regularizer, the
elastic net model balances the trade-off between `1 and
`2 regularization for feature selection in the original input
space. Although the elastic net is able to associate highly
correlated feature attributes during the selection process, it
treats all feature attributes equally important and might not
be preferable for heterogeneous feature selection. Besides, it
cannot be easily extended to feature selection in nonlinear
feature spaces. It is worth noting that our proposed method
not only addresses the above issues, our GL-MKL framework
can be simplified using linear kernels, and thus we can
perform feature selection in either linear or nonlinear spaces.
The remaining of this paper is organized as follows.
Section II briefly reviews multiple kernel learning and its
use for feature selection. Our group lasso regularized MKL
framework for feature selection is introduced in Section III.
Experimental results in terms of both classification accuracy
and the number of selected features on several datasets are
presented in Section IV. Finally, Section V concludes this
paper.
II. M ULTIPLE K ERNEL L EARNING
A. Review of MKL
The support vector machine (SVM) [13] has been known
to be an effective binary classifier due to its generalization ability. It learns an optimal separating hyperplane to
distinguish data between two different classes without any
assumption on data distribution. For the standard SVM,
the norm vector w of the hyperplane needs to address the
following problem,
n
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where C is the trade-off between the SVM’s generalization
and the training error ξi , which is the Hinge loss of xi . The
corresponding dual problem of (1) is expressed as follows:
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where αi are the Lagrange coefficients. The kernel function
k(xi , xj ) is applied in (2) to calculate the inner product
between different xi in the transformed space. However, a
single kernel function might not be sufficient to model the

separating hyperplane, especially when the data distribution
is complex. As a result, multiple kernels are recently applied
for this purpose, and this is referred to as multiple kernel
learning (MKL) [6]. More precisely, one can replace the
single kernel in (2) by a linear combination of base kernels,
while each kernel describes a different property of the data
of interest (i.e., different feature spaces or distributions).
Thus, this will provide improved generalization ability for
the learning model.
Similar to SVM, one can approach MKL by formulating
and solving its primal form. This process can be considered
as describing the data in multiple feature spaces using different norm vectors wm . According to [14], the primal form
of MKL is thus formulated as the following optimization
problem:
p
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ξi ≥ 0, for i = 1, 2, . . . , n ,
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where β = [β1 , β2 , . . . , βp ]> . Similar to SVM, C in (3) is the
trade-off between the generalization of MKL and its training
errors ξi . From the above formulation, we see that the primal
form of MKL restricts the weight of the norm vector w`
with β` ≥ 0, and it also imposes the constraint of kβk1 = 1,
which tends to produce a sparse solution for β. These weight
coefficients β` determine the significance of norm vectors w`
for MKL, which will be associated with the weights for each
kernel in the MKL dual form, as discussed next.
Using the kernel functions, the MKL can also be transformed and be solved in higher-order transformed sapce.
With the existing constraint on β` , the minimization problem
(3) can thus be transformed into the following min-max
problem:
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MKL can be computed as:
p
n X
X
FM KL (x) = sign(
β` (k` (xi , x) · αi + b)).

(5)

i=1 `=1

B. MKL for Feature Selection
MKL has recently been applied for feature combination or
selection [9], [10], [11]. Existing methods typically approach
this type of problem as solving a task of learning the
optimal weights for each feature representation or feature
attribute. More specifically, for feature selection in a pdimensional space, MKL aims to learn the weights βm for
each of the p feature dimensions according to its relevance to
the task of classification (see (4)). More specifically, MKL
uses each feature to generate its corresponding kernel and
determine the weight coefficient of each kernels as shown
in Fig. 2. Although the weighted sum of these kernels
calculated from individual features is expected to improve
the classification performance, results reported in previous
works such as [10] only indicate negligible improvements
on several data sets. However, the above methods treat all
features equally important during the selection process, and
thus the resulting feature subset will be dominated by those
with larger distribution ranges. In other words, they did not
address the problem of feature selection from heterogeneous
data. In the next section, we will detail our proposed method
for heterogeneous feature selection.
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Fig. 2. Illustration of MKL for feature selection. Each feature constructs a
base kernel, and the MKL determines weight coefficients β` for each base
kernel with a sparsity constraint.

i=1

0 ≤ α ≤ 1C, kβk1 = 1, β > 0.
Comparing (4) to (2), multiple base kernel functions are
applied in (4) while only a single kernel is used in (2). In
(4), since the constraint kβk1 = 1 tends to result in a sparse
solution of β` , this learning process can be viewed as the
removal of redundant kernels among the base kernels. Simply
speaking, the MKL formulation in (4) aims to determine an
optimal and compact linear combination of base kernels for
improved recognition performance, and this is achieved by
learning the best weights β` for the base kernels and the
predictors αi for the associated data (for classification). Once
the training process is complete, the coefficients αi and β`
are determined. For a test input x, the decision function of

III. G ROUP L ASSO R EGULARIZED MKL
A. Algorithm of GL-MKL
In this paper, we focus on the problem of heterogeneous
feature selection, i.e., each or some feature attributes from
the original p-dimensional space are collected from heterogeneous sources/domains and thus have different properties
and distribution ranges. As discussed earlier, prior feature
selection methods using MKL impose the `1 regularizer on
the coefficient vector β, and this constraint tends to produce
a sparse solution [6], [14] (i.e., only few weights β` are with
non-zero values). While this provides an effective way to
select discriminating features (depending on the associated
β` values), this type of approach still considers different
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Fig. 3. Illustration of our GL-MKL for heterogeneous feature selection. Different from Fig. 1, multiple kernels constructed for each heterogeneous feature
form a group, and we enforce the group-lasso constraint on the weights of each base kernel. Our group-lasso constraint tends to select a compact set of
groups for the purpose of feature selection. Since different types of feature attributes should be associated with their preferable kernels, our GL-MKL
allows the existence of non-sparsity for the kernel weights within each group.

features equally important in the selection process, and thus
it is not clear how to extend this MKL-based feature selection
approach to deal with heterogeneous data.
To address this problem, we propose a novel MKL with
a group lasso regularizer, called group lasso regularized
MKL (GL-MKL), which constrains the coefficient β with
a mixed `1 and `2 norm. Suppose that we have each of the p
features paired with k different kernel choices (e.g. different
σ choices if using Gaussian kernels). There is a total of p×k
base kernels in our group lasso regularized MKL. That is,
we have β = [β1 ; β2 ; · · · ; βp ] = [β11 , β12 , . . . , βpk ]> ∈
R(p×k)×1 , which are associated with base kernels as shown
in Fig. 3. Our mixed `1 and `2 constraint imposed on β
will maintain sparsity between different groups (i.e. different
features), while the associated βmj values in each group need
not be sparse (see Fig. 3). More precisely, we enforce the
sparsity constraint at the feature level (for feature selection),
and we allow our MKL to select more than one kernels
for each feature to improve overall performance (to handle
heterogeneous features).
With these p × k kernels and the corresponding coefficient
β ∈ R(p×k)×1 , the primal form of our GL-MKL is formulated as follows:
min
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convexity of the optimization problem. It is also worth noting
that the constraint of the mixed norm in (6) provides us the
flexibility to control the sparsity within β. More specifically,
assigning (k = 1, p = 0) or (k = 0, p = 1) will convert our
algorithm back to `1 or `2 regularized MKL problem, which
can be considered as two special cases of our proposed MKL.
In practice, one can choose different numbers of kernels for
each feature using our MKL, while we fix this number k in
this paper.
We see that, if β is fixed in (6), our GL-MKL formulation
becomes a Lagrangian function of variables w, b, and ξ:
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where αi and νi are the Lagrangian multipliers. Setting the
derivatives of this function with respect to the corresponding
variables to zero, we have the following conditions:
n
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where βm = [βm1 , βm2 , . . . , βmk ]. We also apply the
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Substitute the KKT conditions to (7), we then transform (6)

into the following min-max optimization problem
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Algorithm 1: Our Group Lasso Regularized MKL
Input: Data matrix A, label y, kernel function kmj
Output: α and β ∈ Rp×k
begin
0
t ← 1; S 0 ← 1; θ0 ← 0; βmj
←

while | 1 −

θ t−1
S t−1

1
√
p k

∀ m, j;

|≤  do

t

α ← solve (9) with fixed β t−1 ;
S t ← S(αt , β t−1 );

kβm k2 ≤ 1, β > 0.

m=1

The above min-max problem be solved by gradient based
methods (e.g., [6], [14]). Alternatively, we can formulate
(9) as a semi-infinite programming (SIP) problem [15] and
search for the best α and β iteratively. To be more specific,
we fix β and solve the maximization problem of (9) with
respect to α; we note that this procedure can be addressed
using any regular SVM solver such as libSVM [16], which
solves (9) with fixed β. Once the variables α are determined
in an iteration, we fix α and solve the minimization problem
of (9) with respect to β. Suppose that α∗ is the optimal
solution in (9), we have the objective value S(α∗ , β) = θ
and θ ≥ S(α, β) for all α and β. Thus, by fixing α, we
convert (9) into the following SIP problem which minimizing
θ to its lower bound:
min
θ,β

s.t.

θ

(10)

θ ≥ S(α, β),
p
X
kβm k2 ≤ 1, βm ∈ Rk > 0 ∀m,
m=1

0 ≤ α ≤ 1C,

m
X

yi αi = 0, ∀α ∈ Rn .

i=1

In our implementation, we use the function fmincon in
MATLAB to solve (10). By iteratively solving the above two
types of optimization problems (with respect to β or α), the
optimal solution of (9) is thus determined. The pseudo code
of our GL-MKL is described in Algorithm 1, and the decision
function of GLMKL is calculated as:
FGLM KL (x) = sign(

p,k
n
X
X

βmj (kmj (xi , x)αi + b)).

i=1 m,j=1

(11)
B. GL-MKL for Heterogeneous Feature Selection
Recalled that MKL has been applied for feature selection.
It simply considers the use of each feature attribute to
construct the base kernel, and the learning process is to
determine the associated weight for each kernel. If the weight
is zero, the corresponding feature is redundant and thus is
discarded. However, this method cannot be easily extended to
heterogeneous feature selection, since each feature exhibits
a unique property and thus has a different distribution in its
attribute values.

β t , θt ← solve (10) with fixed αt ;
t←t+1
TABLE I
UCI DATASETS
Dataset
Number of instances
Number of features
Number of classes
Heterogeneous features

Wpbc
198
31
2
Yes

Wdbc
569
30
2
Yes

Ionosphere
351
34
2
No

Wine
178
13
3
Yes

When using our proposed GL-MKL for heterogenous
feature selection, we associate multiple types of kernels (with
different kernel parameters) with each feature and consider
them as a group, as shown in Fig. 3. The weight coefficients
of each kernel, denoted by βmj , are constrained by our group
lasso regularization (see (9)), and thus our feature selection
framework maintains sparsity across βm but allows nonsparsity within βm . We note that the above sparsity among
different groups (features) is preferable, since it meets the
goal of feature selection (i.e., a compact set of features is
desirable). On the other hand, our group lasso constraint allows the non-sparsity within each group of base kernels; this
is to accommodate the presence of heterogeneous data, which
will require different (and possibly multiple) kernels with
distinct kernel parameters to describe the data in different
feature spaces. Therefore, the use of our GL-MKL provides
additional flexibility in fitting heterogeneous data, and this
cannot be easily achieved by standard MKL or sequentialbased feature selection methods. Another advantage over
sequential-based approaches is that we do not require the
prior knowledge on the preferable/optimal size of the feature
subset to be selected. In the next section, we will evaluate
our GL-MKL feature selection on a variety of datasets and
show the effectiveness of our proposed method.
IV. E XPERIMENTS
A. Experiment Setup
In this section, we evaluate the performance of recognition
and feature selection on four UCI datasets1 (see Table I
1 The UCI datasets are available at http://archive.ics.uci.
edu/ml/

for detailed descriptions) using our proposed GL-MKL and
state-of-the-art MKL or sequential-based feature selection
methods. Among the datasets we consider, all contain heterogeneous features except for the Ionosphere dataset. Besides,
the Wine dataset contains multiple classes to be recognized,
and we use the one-against-one strategy for classification in
our experiments. It is worth noting that, the use of both types
of data (heterogeneous or not) is to show the feasibility and
robustness of our method for both types of problems. We do
not normalize each feature attribute, since we observed that
scaling each feature into the same range (by either linear
or zero-mean) actually degrade the performance in several
cases. This is why a method (like ours) which can directly
handle heterogeneous feature data is preferable.
In our experiments, we compare our proposed GL-MKL
with SVM (using all features), standard MKL (with `1
norm constraint on β) [10], non-sparse MKL (with `2 norm
constraint) [7], SFFS [3], and IFFS [4]. Gaussian kernels
are used for nonlinear mapping in SVM and all MKL-based
methods. For SVM, there is only one Gaussian kernel, and its
parameter σ is chosen by cross-validation. For standard and
non-sparse MKL, each feature dimension constructs a base
kernel, and σ is the same for all base kernels (i.e. k = 1 in
(9)). The σ value in these types of MKL-based methods is
also selected by cross-validation for fair performance comparisons. To deal with heterogeneous features, we allow our
proposed GL-MKL to choose among four different Gaussian
kernels (with different σ) for each feature dimension in the
p-dimensional data space, so that our GL-MKL has a total
of 4 × p base kernels. We then group these kernels at feature
level to enforce the group lasso constraint. Recall that, since
our approach learns the optimal kernels for feature selection,
we do not require any validation data to select σ. For all
our tests, we randomly select 80% of the data for training,
and the remaining as the test set data. Each experiment is
repeated with 5 random trials, and we present the average
recognition rate and the average size of the selected feature
subset for each case, as shown in Table II and III.
B. Comparisons with MKL-based Feature Selection Methods
We first compare our results with those using SVM,
standard MKL (with `1 norm constraint on β) [10], and nonsparse MKL (with `2 norm constraint) [7]; all methods do
not assume that the optimal number of features are known in
advance. For different datasets and feature selection methods,
the averaged recognition performance and the size of the
selected feature subset are presented in Table II. We note that
the Wpbc, Wdbc, and Wine datasets contain heterogeneous
data, and Ionosphere dataset is homogeneous data. While
the nonlinear SVM does not have the capability of selecting
discriminating features, it is used as the baseline classifier
for comparisons.
From Table II, it can be observed that the recognition rates
reported by non-sparse MKL, MKL, and our heterogenous
feature selection method are statistically comparable to each
other. However, it is worth noting that our GL-MKL resulted
in the most compact feature subset for each dataset, as shown

Fig. 4. The weights β determined for each base kernel and the corresponding feature. The x-axis is the index of βmj (out of k × p = 4p for
each dataset), and the y-axis is the associated weight. Each grid in the figure
indicates a feature of interest, and the four components (red bars) in each
grid represent the selected kernel weights.

in the last column of Table II. Therefore, these results verify
the use of our method for feature selection with comparable
recognition performance achieved. As mentioned earlier, one
of the advantages using our method is the ability to deal with
raw feature data from heterogeneous domains, and thus the
determination of proper feature normalization technique is
not needed (which is required in most feature selection work
when dealing with this kind of data).
Fig. 4 illustrates the weight βmj for each base kernel
and the associated feature using our GL-MKL for feature
selection on the above datasets. For each feature (i.e., each
grid in Fig. 4), we assign a total of k = 4 base kernels, and
the feature selection results are depicted by their weights (red
bars in Fig. 4). It can be seen that our approach selected a
compact feature subset (e.g. only 3 out of 31 features were
selected in Wpbc, as shown in Fig. 4), while the associated
kernels need not be sparse. These results support that our
approaches is able to provide a sparse yet discriminating
feature subset, and achieves comparable performance as
standard methods do.
C. Comparisons with Sequential Feature Selection Methods
We also compare our results with IFFS [4], and SFFS [3],
which are state-of-the-art sequential-based feature selection
methods and are popular due to its simplicity in implementation. The major concern of this type of approaches is that
it needs to exhaustively search for the entire feature space
for feature selection, or it will need the user to specify
the preferable number of features to be selected. These
concerns would prohibit their use for applications with high
dimensional data. Since these two methods need the prior
knowledge of the feature subset size, we use the number
of features selected by our GL-MKL (determined in Table
II), and compare the recognition performance using the same
size of the feature subset.
From Table III, we see that our method outperforms SFFS
and IFFS in terms of recognition on both heterogeneous or
homogeneous feature data. Comparing with sequential-based

TABLE II
P ERFORMANCE COMPARISONS . F OR EACH DATASET AND FEATURE SELECTION APPROACH , THE AVERAGE RECOGNITION ACCURACY (%) AND ITS
STANDARD DEVIATION ARE PRESENTED , FOLLOWED BY THE AVERAGE SIZE OF THE SELECTED FEATURE SUBSET NOTED IN

(). W HILE COMPARABLE

RECOGNITION RATES AMONG DIFFERENT APPROACHES ARE OBSERVED IN THIS TABLE , OUR METHOD SELECTS THE SMALLEST FEATURE SUBSET FOR
EACH DATASET ( HIGHLIGHTED IN BOLD ), AND THUS PRODUCES PREFERABLE FEATURE SELECTION RESULTS .

Dataset
Wdbc
Wpbc
Ionosphere
Wine

SVM
93.81 ± 2.65 (30)
76.12 ± 1.16 (31)
95.14 ± 2.17 (34)
81.76 ± 2.46 (13)

Non-sparse MKL [7]
95.40 ± 1.81 (23)
75.10 ± 2.46 (12)
87.43 ± 3.70 (33)
92.94 ± 6.10 (11.8)

MKL [10]
95.22 ± 2.04 (7.2)
75.71 ± 0.85 (3.2)
89.71 ± 1.86 (11.2)
90.00 ± 4.92 (4.5)

Our method
94.87 ± 4.26 (4.2)
75.71 ± 1.33 (2.4)
93.71 ± 3.29 (10.8)
95.29 ± 1.61 (5.3)

TABLE III
P ERFORMANCE COMPARISONS WITH SEQUENTIAL - BASED FEATURE
SELECTION METHODS . N OTE THAT BOTH SFFS AND IFFS USE ABOUT
THE SAME NUMBER OF FEATURES SELECTED BY OUR METHOD .
Dataset
Wdbc
Wpbc
Ionosphere
Wine

SFFS [3]
91.68 ± 2.28 (5)
76.92 ± 7.60 (3)
89.42 ± 2.94 (11)
90.85 ± 3.33 (5)

IFFS [4]
94.51 ± 1.17 (5)
68.20 ± 8.82 (3)
91.14 ± 1.89 (11)
88.00 ± 5.54 (5)

Our method
94.87 ± 4.26 (4.2)
75.71 ± 1.33 (2.4)
93.71 ± 3.29 (10.8)
95.29 ± 1.61 (5.3)

feature selection methods, our method exhibits excellent ability in automatically determining the least number of features
when producing satisfactory recognition performance.
To make the comparisons more complete, we also search
for the entire feature space on heterogeneous datasets with
binary and multiple classes using SFFS and IFFS, and we
plot their corresponding averaged recognition rates in Fig.
5. It can be seen that, if the user does not specify the
preferable number of features to be selected, one will need
to exhaustively search for the optimal size of the feature
subset using sequential-based methods. When using our
GL-MKL, the optimal number of features can be selected
automatically, while we achieve improved or comparable
recognition performance (marked by black ∗ in Fig. 5) as
the sequential-based methods do.
V. C ONCLUSIONS
A novel group lasso regularized MKL (GL-MKL) was
proposed in this paper for heterogeneous feature selection.
The group lasso regularizer of our MKL, i.e. a mixed `1
and `2 norm constraint on the kernel weights, results in a
compact feature subset, while the associated weights of the
selected kernels for each feature are not necessarily sparse.
The use of our GL-MKL for feature selection avoids the
problem of normalizing the data when features are collected
from different domains, which is why our method was able to
handle heterogeneous feature data and to outperformed standard MKL or sequential-based methods in the experiments.
Using our GL-MKL, the optimal kernels for each feature
including the associated weights and kernel parameters can
be determined simultaneously, while we do not exhaustively
search for the entire feature space. Our feature selection
method does not assume the size of the feature subset a
priori as sequential selection methods do. Compared with
existing feature selection approaches, our GL-MKL exhibited

Fig. 5. Recognition performance of SFFS and IFFS on Wdbc and Wine
datasets using different numbers of features. The one reported by our GLMKL is denoted by ∗ in the figure, which achieves the best or comparable
performance with the smallest numbers of features.

excellent capability in handling heterogeneous data, and
selected the most compact feature subset for comparable or
improved recognition performance.
Future research directions will be directed at extensions
of our proposed framework to both feature selection and
fusion problems. In many real-world pattern recognition and
computer vision applications, one typically needs to integrate
multiple types of features in order to further increase the performance. Although fusion at the classifier level is possible,
combining different features (e.g., from visual, audio, text,
etc. domains) is known to provide/preserve more information
then using a single one does. While a simple concatenation
of feature vectors is possible for feature-level fusion, one will
still need to properly normalize those feature vectors before
training/testing. To address this issue, we will extend our
proposed framework and evaluate its effectiveness in feature
level fusion for improved performance.
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