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Feature selection is an effective way to reduce computational cost and improve feature
quality for the large-scale multimedia analysis system. In this paper, we propose a novel
feature selection method in which the hinge loss function with a ℓ2;1 norm regularization
term is used to learn a sparse feature selection matrix for each learning task. Meanwhile,
shared information exploiting across multiple tasks has been also taken into account by
imposing a constraint which globally limits the combined feature selection matrices to be
low-rank. A convex optimization method is proposed to use in the framework by
minimizing the trace norm of a matrix instead of minimizing the rank of a matrix
directly. Afterwards, gradient descent is applied to find the global optimum. Extensive
experiments have been conducted across eight datasets for different multimedia applications, including action recognition, face recognition, object recognition and scene
recognition. Experimental results demonstrate that the proposed method performs better
than other compared approaches. Especially, when the shared information across multiple
tasks is very beneficial to the multi-task learning, obvious improvements can be observed.
& 2014 Elsevier B.V. All rights reserved.
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1. Introduction
With the explosion of multimedia data in our daily life,
effective and efficient ways managing such big scale data
have attracted much research attention over the past few
years. Thus, a mechanism, which is able to facilitate indexing,
ranking and classification, is in great demand. Most of the
existing approaches which improve the system performance,
from a hierarchical perspective, can be categorized into two
groups. The first group of methods focuses on designing new
machine learning algorithms for different applications at a
higher level. In contrast, crafting and selecting distinctive
features can obtain significant improvement of the performance at a lower level in a system. Comparing with crafting specific features, such as SIFT, STIP, and MFCC, feature
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selection chooses a subset of variables from the raw features
aiming to describe the input data more productively than the
original ones. This is achieved by removing noise or irrelevant variables resulting in satisfied system performance,
such as higher prediction accuracy.
In the literature, feature selection models can be divided
into three major categories: filter methods, wrapper methods
and embedded methods. In filter methods [1], all features are
firstly ranked and those features with higher ranked scores
are then selected as the distinctive features before feeding
them to the classifier. In this manner, selection and prediction
are separate which means that the feature selection is
independent of the classifier. The features which have no
influences on the class information should be removed as
irrelevant features. In the light of this principal, a suitable
ranking criterion is applied to evaluate relevance of the
variables to the class labels by comparing with a threshold.
In wrapper methods [2,3], the classifier is bound up with
a specific search algorithm aiming to select a subset of
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features yielding the best prediction results. For each subset
of the original features, prediction scores can be regarded as
evaluation outcomes. The best subset is consequently
obtained by optimizing the objective function. In embedded
methods [4–7], variable selection is directly integrated into
the training process. For instance, Neumann et al. [8]
investigate a few SVM-based feature selection methods
which are similar with our proposed method in this paper.
During the last decades, feature selection has been pervasively applied in a number of applications due to its advantages mentioned above. In bioinformatics, feature selection
has been used to remove redundancy and noise from raw
data. In [9], a wrapper-based feature selection algorithm and
the SVM classifier have been applied to discover discriminative features and predict the functional classes of proteins.
Conilione and Wang [10] perform a correlation-based feature
selection method to recognize promoter regions. Also, in [11],
features are ranked and selected to improve the performance
of the SVM classifier-based system, miTarget, which predicts
miRNA target gene. In [12], a semi-supervised feature selection algorithm has been proposed for video and image
analysis. Besides, feature selection has been also utilized in
other research areas. In the field of multimedia analysis,
multimedia data, i.e. images and videos, often employ high
dimensional representation models. For example, Bag-ofVisual Word (BoVW) model and its extension (spatial and
temporal pyramid BoVW model) are very popular for encoding features in image and video analysis systems over the
past few years [13–17]. These representation methods have
huge number of features causing heavy computational cost.
To improve efficiency and effectiveness, many works [18–21]
have paid great attention to tackle this problem.
In this paper, we focus on feature selection when the
labeled data are few. Generally speaking, there are two ways
to deal with the small number of labeled data. The first one is
known as semi-supervised learning. As manifold structure
has shown to be effective for data analysis, e.g., retrieval [22]
and recognition [23–25], one possible direction is to leverage
the local geometry for feature selection [26,27]. In addition,
transfer learning and multi-task learning are able to utilize
knowledge from related tasks, which are particularly suitable
for the cases when the labeled data are few [28–30]. Although multi-task learning and shared structural analysis have
attracted much research attention, feature selection using
multi-task learning while exploiting shared knowledge
across multiple tasks has been largely ignored [31]. It is
intuitive that learners absorb new knowledge more quickly
and accurately if already known experience which is relevant
to the new learning task can be taken into account. In
[32–34], learning relatedness of tasks simultaneously is
preferable to independently learning each task. Particularly,
when there are only a few labeled data per task, discovering
shared knowledge across multiple tasks can significantly
improve the performance for multimedia analysis [29].
Similarly, when labeled data are scarce, feature selection
can also benefit from relatedness learning across multiple
learning tasks. In fact, most of the existing feature selection
algorithms [35–38] only focus on uncovering distinctive
subsets of features for each independent task. Shared information among multiple tasks is rarely considered when
selecting features. In [39], a discriminative model that

exploits shared structures across multiple tasks is proposed
to select features. In this paper, we propose a multi-task
SVM-based feature selection algorithm. The main contributions of this work are as follows:

 The proposed method efficiently selects discriminative fea-





tures for each task by restricting feature selection matrix for
each task to be sparse. More specifically, for the l-th learning
task, ℓ2;1 norm penalty term makes the feature selection
matrix be sparse in rows. A small number of non-zero rows
will be selected as the most common and distinctive
features across different classes. Correlations among different
classes are thus exploited which might be beneficial to
perform feature selection for each learning task.
Relatedness of features among multiple tasks has been
also taken into account by simultaneously mining the
shared structure across all tasks. A global constraint is
imposed to a feature selection matrix, which combines
feature selection matrices from all tasks, to be lowrank. In this way, common patterns or shared information across multiple tasks can be discovered.
Instead of directly minimizing the rank of a matrix, which
is a solution to shared information discovery but nonconvex, we propose to minimize trace norm of a matrix,
which is a convex optimization problem. By leveraging
each task with the entire learning objective, our proposed
work is superior to all the compared methods according
to the experiment results. Notably, our method outperforms single task feature selection counterparts when
labeled training samples for each task are limited.

The rest of paper is organized as follows: Section 2 elaborates
our proposed method followed by a brief illustration of
optimization in Section 3. Experimental setup and results
will be demonstrated and reported in Section 4. Section 5
will conclude this paper.
2. Multi-task feature selection with shared knowledge
exploiting
In a problem of multi-task learning, given t tasks and
c classes, training samples for each task are denoted as
i
l
fðxil ; yil Þgjni ¼
1 , yl A f1; …; cl g. nl and cl are the number of
training samples and the number of classes in the l-th
task, respectively. Feature selection for each task is equal
to find a set of feature selection functions ff l gjtl ¼ 1 . From
the perspective of supervision, supervised and unsupervised feature selection algorithms and related variants
[40–43] have flourished in the past decade. As demonstrated in [19,44,37], exploiting correlations among features using sparsity-based methods are beneficial to
feature selection. In [19,37,45], ℓ2;1 norm regularization
is used as an effective model to uncover feature correlations for a single task learning problem. ℓ2;1 norm of an
arbitrary matrix M A Rdc is defined as
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
d

J M J 2;1 ¼ ∑

i¼1

c

∑ M2ij

ð1Þ

j¼1

Comparing with some sparsity-based norm functions [46], the
ℓ2;1 norm, from the definition, computes the ℓ2 norm of
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each row, J M in J 2 , followed by the summation of the resulting
vectors, ∑di¼ 1 J M in J 2 , which is actually the ℓ1 norm of the
results. By minimizing the ℓ2;1 norm regularizer, entries in
each row are similar which favors uniformity, while some
rows are shrinking to zero rows. In this way, the most
discriminative features can be selected by choosing those
non-zero rows, if M is used as a feature coefficient matrix. In a
problem of multi-task feature selection, the framework can be
written as
!
t

min ∑
fl

l¼1

ml

∑ lossðf l ðxil Þ; yil Þ þ αgðÞ ;

Because minimizing a rank of a matrix is non-convex, we
propose to minimize the trace norm of W which is a convex
optimization problem. For an arbitrary matrix A, its trace
norm is defined as


J AJ n ¼ Tr ðAAT ÞÞ1=2
ð4Þ
TrðÞ is the trace operation. To step further, we propose to use
hinge loss function, maxð0; 1  y  wT xÞ, in the objective
function. Note that comparisons and discussions on various
loss functions are beyond the scope of this paper. In this
paper, we just use hinge loss due to its simplicity. After
integrating the hinge loss and trace norm regularizer in (4),
the objective function is re-written as
t

wlk

l¼1

with

Shared

Knowledge

Discovery

3. Optimization
In this section, we will elaborate the corresponding
optimization and algorithm of the framework. According
to [31], the objective function in (5) can be re-formulated as
cl

t

min
wlk

nk

!

t

∑ ∑ ∑ ð1 ðwTlk xðiÞ
ÞyðiÞ
Þ þ α ∑ TrðW Tl Dl W l Þ þ βTrðW T DWÞ ;
lk
lk þ

l¼1k¼1i¼1

l¼1

ð6Þ

i¼1

Wl l ¼ 1

∑

Feature Selection
(MFSSKD).

ð2Þ

where f l ðxl Þ ¼ wTl  xl and gðÞ ¼ J wl J 2;1 is the ℓ2;1 norm
regularizer selecting the most distinctive features for the l-th
task by leveraging the sparsity of each feature coefficient
matrix with the promising performance. α is the regularization parameter. Note that wl ¼ ½w0 ; w1 ; …; wd T A Rd þ 1 and
xl ¼ ½1; x1 ; …; xd T A Rd þ 1 . The biased term for f l ðxl Þ is
therefore w0.
As mentioned before, it is assumed that if multiple tasks
contain shared knowledge from which can be borrowed, it
might be beneficial to a single task learning. In other words,
exploiting shared information among multiple tasks is helpful to improve the performance of multi-task learning. In
[32,47], relatedness across multiple tasks is exploited by
learning a shared low-dimensional subspace. Refs. [28,31,48]
have demonstrated that shared information across multiple
tasks can be uncovered by imposing a low-rank constraint
to the matrix W ¼ ½W 1 ; …; W t  which is stacked by feature
selection matrix of each task all together. W l jtl ¼ 1 ¼
½wl1 ; …; wlcl  A Rðd þ 1Þcl . Similarly, low-rank constraint has
been also applied to uncovering shared information between
positive and related training data in [49]. Inspired by these
works, we propose our framework for multi-task feature
selection as

t 
min ∑ lossðW Tl X l ; Y l Þ þ α J W l J 2;1 þ β RankðWÞ;
ð3Þ

min

3

cl

nk

!

!

∑ ∑ ð1  ðwTlk  xðiÞ
ÞyðiÞ
Þ þ α JW l J 2;1 þ β J W J n ;
lk
lk þ

ð5Þ

k¼1i¼1

where operator ðzÞ þ ¼ maxð0; zÞ. W ¼ ½W 1 ; …; W t  and
J  J n is the trace norm. cl and nk is the number of classes
for the l-th task and the number of training samples with
respect to the k-th class. α and β are regularization parameters. This objective function is convex and can reach the
global optimum. We name this algorithm as Multi-task

Dl is a diagonal matrix which is defined as
2 1
3
6
Dl ¼ 6
4

2 J z1l J 2

⋱
1
2 J zdl J 2

7
7
5

ð7Þ

and D is equal to
D¼

1
ðWW T Þ  1=2
2

ð8Þ

Because W l ¼ ½wl1 ; …; wlcl  and W ¼ ½W 1 ; …; W t , the second
term in (6) can be formulated as
cl

TrðW Tl Dl W l Þ ¼ ∑ wTlk Dl wlk

ð9Þ

k¼1

Similarly, the last term in (6) can be formulated as
cl

t

TrðW T DWÞ ¼ ∑ ∑ wTlk Dwlk

ð10Þ

l¼1k¼1

Taking (9) and (10) into (6), the objective function arrives
at
t

cl

min Jðwlk Þ ¼ min ∑ ∑
wlk

wlk

l¼1k¼1

!

nk

∑ ð1  wTlk xðiÞ
yðiÞ Þ þ wTlk ðαDl þ βDÞwlk
lk lk þ

i¼1

ð11Þ
Since we use hinge loss in (11), we split the entire cost
function into two parts:
Jðwlk Þ ¼ J 1 ðwlk Þ þ J 2 ðwlk Þ;
T ðiÞ ðiÞ
k
where J 1 ðwlk Þ ¼ ∑tl ¼ 1 ∑ckl ¼ 1 ∑ni ¼
1 ð1 wlk xlk ylk Þ þ and J 2 ð w
cl
t
T
lk Þ ¼ ∑l ¼ 1 ∑k ¼ 1 wlk ðαDl þ β DÞwlk . By setting derivative of
(11) with respect to wlk, we have

∂Jðwlk Þ ∂J 1 ðwlk Þ ∂J 2 ðwlk Þ
¼
þ
∂wlk
∂wlk
∂wlk
n0k

¼ ∑  xðiÞ
yðiÞ þ2ðαDl þ βDÞwlk ;
lk lk

ð12Þ

i¼1

where n0k is the number of training samples, for the k-th class,
which satisfy with wTlk xðiÞ
yðiÞ o1, i ¼ 1; …; nk and n0k rnk .
lk lk
Consequently, we use gradient descent in Algorithm 1 to
iteratively update wlk until convergence of objective function
has reached. The most time consuming operation is the
calculation of D according to (8). Thus, computational com3
plexity of Algorithm 1 is Oðd Þ, where d is the feature
dimensionality.
Algorithm 1. Multi-task Feature Selection with Shared
Knowledge Discovery.
Input:
The l-th task training data from cl classes: X l jtl ¼ 1 ;
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The l-th task training data labels Y l jtl ¼ 1 ;
Parameters

α, β.



Output:
Feature selection matrix W l jtl ¼ 1 .
1:

Initialize W l ¼ ½wl1 ; …; wlcl  A Rðd þ 1Þcl randomly;

Compute W ¼ ½W 1 ; …; W t  A Rðd þ 1Þ∑l ¼ 1 cl ;
3:
Compute Dl of Wl according to (7);
4:
Compute D of W according to (8);
5:
repeat

6
for l’1 to t do
6
6
for k’1: cl do
66
66
repeat
66
66
∂Jðwlk Þ
66
according to ð12Þ
 6 6  Compute wrlkþ 1 ¼ wrlk  λ
66
∂wlk
66
66
Update W l ; W; Dl and D
44


until Convergence;

t

2:

6:

until Convergence;
Return W l jtl ¼ 1 .

4. Experiments
In this section, we will demonstrate our experimental
settings followed by a brief introduction of datasets and
compared methods in this paper. Consequently, the experimental results will be reported, including the overall performance comparison, studies of parameter sensitivity and
convergence demonstrations of Algorithm 1.




indoors. In total, KTH contains 599 video clips (2391
sequences) with the resolution of 160  120 pixels.
MIML dataset [53]: It consists of 2000 natural scene
images belonging to the classes desert, mountains, sea,
sunset, and trees. Images are collected from both the
COREL image collection and Internet. Meanwhile there
are over 22% images with multi-class labels.
SCENE [54]: This dataset consists of 2400 natural scene
images which can be categorized into six primary classes:
Beach, Sunset, Fall foliage, Field, Mountain and Urban.
UMIST: The UMIST, which is also known as the Sheffield
Face Database, consists of 564 images of 20 individuals.
Each individual is shown in a variety of poses from
profile to frontal views.

For those image-based datasets (COIL20, COREL5K, MIML,
SCENE and UMIST), raw pixels have been used as input
features. For those video datasets (KTH, HumanEva), a
number of man-crafted features have been proposed. However, we only use the most typical feature to evaluate the
performance. For example, STIP feature has been extracted
from KTH data. Then, a dictionary with 1000 visual words
has been learned from a sampled STIP feature subset by
KMeans clustering. The video data in KTH dataset are then
represented as 1000 dimensional feature vectors by bag-ofwords model. Table 1 shows details of datasets. We compare
our proposed method with the following methods:

4.1. Experimental settings
To evaluate our algorithm, we have conducted extensive experiments and made the comparisons on a number
of datasets regarding different multimedia applications:

 ADL-RFID [50]: It contains 10 housekeeping activities








(vacuuming, ironing, dusting, brooming, mopping, cleaning windows, making bed, watering plants, washing
dishes, and setting the table). The total length of the
dataset is 240 min. The data was recorded by 12 subjects
in a controlled lab environment. Only RFID tag data are
used in this experiment. There are 191 objects in the lab
that are associated with RFID tags.
COIL-20: It contains 1440 gray-scale images of 20 objects
(72 images per object) under various poses. The objects
are rotated through 3601 and taken at the interval of 5
degrees.
COREL-5K: This dataset consists of 5000 images categorized into 50 classes, such as beach, bird, jewelry, and
sunset, and each class has 100 images.
HumanEva [51]: We downsample 10,000 3D motion/pose
data for two objects from HumanEva motion dataset in
this experiment as the same as in [52]. Each object has
5000 samples in five action classes: boxing, gesturing,
jogging, throw-catch and walking. In this dataset, we
consider each action performed by each person as an
independent action learning task.
KTH actions dataset: KTH dataset records 6 categories of
actions: walking, jogging, running, boxing, hand-waving
and hand-clapping. Each action is performed by 25
subjects under 4 different scenarios: outdoors, outdoors
with scale variation, outdoors with different clothes and

1. All variables: All original variables are preserved as the
baseline in the experiments.
2. Max variance: Features are ranked according to the
variance magnitude of each feature in a descending

Table 1
Dataset description.
Datasets

Feature
dimension

ADL-RFID
191
COIL-20
1024
Corel5K
423
HumanEva 168
KTH
1000
MIML
423
UMIST
644
SCENE
294

Number of
classes

Number of
samples

10
20
50
10
6
5
20
6

61
1440
5000
10,000
2391
2000
575
2407

Table 2
Performance comparison (MAP %) across all datasets.
Datasets

Ours

All
features

Max
variance

Fisher
score

STSVM

FSSI

ADL-RFID
COIL-20
Corel5K
HumanEva
KTH
MIML
UMIST
SCENE

29.85
94.85
21.91
91.79
76.06
39.91
98.39
36.08

23.49
94.55
21.67
89.11
74.91
33.97
98.01
32.40

23.51
94.51
21.63
88.66
74.87
33.95
98.01
32.44

27.34
94.34
21.58
90.53
75.15
39.17
98.26
34.13

24.41
93.41
19.88
88.80
74.62
35.67
98.05
32.82

28.18
94.18
21.78
91.47
75.36
37.71
98.18
35.89
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Fig. 1. Performance variations w.r.t different combinations of α and β. (a) HumanEva. (b) Scene.

order. The highest ranked features are selected.
3. Fisher score [40]: It is a classical filter method in which the
discriminative power of each feature is ranked according
to some univariate metric.
4. Single task SVM (ST-SVM): To validate the benefit from
shared knowledge mining in the proposed method,
SVM-based feature selection using ℓ2;1 norm for single
task is also compared in the experiments. This method
is equal to our proposed method without the low-rank
constraint to the stacked feature selection matrices.
5. Feature selection with shared information (FSSI) [31]: It
employs the least squared loss function and ℓ2;1 norm
regularization for each single task, and a joint trace
norm minimization to exploit shared information
among multiple tasks.

For all the compared methods, corresponding parameters
are all tuned in the same range of f10  4 ; 10  2 ; 1; 102 ; 104 g.
We treat each class of the dataset as a learning task. To
evaluate feature selection methods, we train a linear SVM
classifier for each learning task. The parameter of SVM,
which controls the trade off between allowing training
errors and forcing rigid margins, is also tuned in the
aforementioned range. For all experiments, we randomly
select 10 labeled data per class as the training sets and use
the rest of data as the testing sets.1 Average Precision and
Mean Average Precision are used as metrics for each
learning task and the holistic performance, respectively.
Learning rate λ is initialized to 0.1 and adapts after each
iteration step by dividing the number of iteration.

1
Due to the size of ADL-RFID dataset, we only randomly select 2
labeled data per class.

4.2. Experimental results
We have compared five feature selection algorithms over
eight datasets involving a number of multimedia applications: action recognition (ADL-RFID, KTH, HumanEva), face
recognition(UMIST), object recognition (COIL-20, COREL-5K)
and scene recognition (MIML, SCENE). In Table 2, the performance comparison across all the datasets measured by MAP
is reported. From the outcome, it is observed that the
proposed method has been consistently better than the other
compared algorithms. Notably, our algorithm and FSSI consistently perform fairly better on ADL-RFID, HumanEva, KTH,
MIML and SCENE against those methods which neglect the
shared knowledge across multiple learning tasks (All Features, Max Variance, Fisher Score, ST-SVM). Meanwhile our
algorithm and FSSI are slightly better than the counterparts
on COIL-20, COREL-5K and UMIST. The reason for this outcome might be because the shared information across multiple learning tasks in ADL-RFID, HumanEva, KTH, MIML and
SCENE is more helpful than the one in COIL-20, COREL-5K
and UMIST. Even though exploiting shared information across
multi-tasks is employed, only slight improvements have been
observed in the latter three datasets. Besides, our approach is
marginally better than FSSI over most of the datasets except
for MIML (2.2% improvement).
We study the sensitivity of parameters in two experiments. In the first one, we select HumanEva and SCENE as
examples to demonstrate the performance variations of the
proposed feature selection approach with respect to different
combinations of parameters α and β in Fig. 1. In the second
experiment, we fix both α ¼ 1 and the percentage of selected
features. Performance variations of two tasks in KTH, jogging
and handclapping, are reported under different β. When β is
close to zero, the contribution of shared information exploiting in (5) is removed which means little shared information
has been taken into account in this case. In Fig. 2, for both
two tasks, performance initializes at a lower value and then
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Fig. 2. Performance variations of jogging and handclapping with different β on KTH dataset. (a) Jogging. (b) Handclapping.

Fig. 3. The objective function values across all datasets when α ¼ 1 and β ¼ 1. (a) ADL-RFID. (b) COIL-20. (c) COREL-5K. (d) HumanEva (e) KTH. (f) MIML.
(g) UMIST. (h) SCENE.

peaks at the highest point when β is set to a proper value.
More specifically, the classification performance of jogging
starts with a small proportion of shared information when
β ¼ 10  4 . When β ¼ 1, a 3.4% improvement is observed. We
also have similar observations for other tasks across all the
datasets. This validates that the shared information can be
beneficial to learning of single task.
In Fig. 3, the objective function value of (5) at each iteration
step for each dataset is plotted when all parameters are set to
1. It is observed that the objective function monotonically
decreases until convergence. However, the pace of convergence varies for different datasets. For instance, our algorithm
converges much faster on COIL-20 and KTH than on the
others when both α and β are set to 1.

structures among multiple tasks are jointly considered. Specifically, we propose to use hinge loss function with the
ℓ2;1 norm regularization to learn feature selection matrix
for each task. Sparsity of the feature selection matrix helps us
to discover the correlations within each task while choosing
distinctive features. Meanwhile, we also impose a global
constraint to exploit shared information across multiple tasks.
This is achieved by minimizing the trace norm of W ¼
½W 1 ; …; W t . Gradient descent is applied to reach the global
optimum. Extensive experiments on a variety of datasets have
demonstrated that the proposed method improves the performance particularly when the shared information is rich and
helpful on some multimedia datasets.

5. Conclusions and future work
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