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Abstract—This paper focuses on the problem of finding a few
representatives for a given dataset, which have both representa-
tion and discrimination ability. To solve this problem, we propose
a novel algorithm, called Structure Sparsity based Discriminative
Representative Selection (SSDRS), to find a representative subset
of data points. The selected representative subset keeps the
representation ability based on sparse representation models
assuming that each data point can be expressed as a linear
combination of those representatives. Meanwhile, we employ the
Fisher discrimination criterion to make the coefficient matrix
possess small within-class scatter but big between-class scatter,
which leads to the discriminant ability of representatives. Since
such a selected subset is representative and discriminative, it
can be used to properly describe the entire dataset and achieve
a good classification performance simultaneously. Experimental
results in terms of video summarization and image classification
indicate that our proposed algorithm outperforms the state-of-
the-art methods.

I. INTRODUCTION

In the community of pattern recognition and computer
vision, a common problem is how to efficiently deal with
large scale datasets, such as databases of images, videos and
text documents. Since dealing with massive datasets is time-
consuming and memory-consuming, many relevant methods
have been developed such as dimensionality reduction and
online learning. These methods can, to some degrees, deal with
large scale datasets and improve the classification performance
as well. But they generally need to take all data points into
consideration.

To handle large scale datasets, representative selection [1]
has recently been proposed, which is different from dimension-
ality reduction. Representative subset selection aims at finding
a few representatives in the object space that can appropriately
represent the whole dataset, thus the tasks such as cluster-
ing and classification can be done by using representatives
instead of the entire dataset. Recent works [2, 3] indicate that
classification algorithms can achieve a good performance if
the representatives are informative enough about the given
data. Many typical machine learning algorithms which are not
originally designed for massive datasets can be applied to large
scale datasets by using representatives.

To find a representative subset, several methods have been
proposed [3, 4, 5] in recent years. Kmedoids [3], similar to
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Kmeans, is an unsupervised representative selection method
which finds a number of data centers surrounded by other data
points. These centroids are treated as representatives. Different
from Kmedoids, the Affinity Propagation [5] algorithm finds
some data centers, which are chosen as a condensed view of
the whole dataset, by using a message passing algorithm when
similarities between pairs of samples are given. By assum-
ing data to be low-rank, some matrix factorization methods
[1, 6, 7] can be used for representative selection. The Rank
Revealing QR (RRQR) [1] algorithm aims at finding a proper
permutation matrix that can generate the best conditioned sub-
matrix and then obtain a few representatives. When a low-rank
data matrix has missing entries, another matrix factorization
method in [6] can be used to select a subset of samples by
employing a greedy algorithm. Moreover, a nonnegative matrix
factorization method [7] has been proposed to deal with the
data matrix, which contains nonnegative entries. This method
selects a few columns of the data matrix by using an Iy /1o
optimization.

Recently, the sparse model based representative subset se-
lection methods [2] have been demonstrated to be effective in
finding representatives. The Sparse Modeling Representative
Selection (SMRS) method [2] finds a few representatives by
solving a sparse multiple measurement vector problem, and
those selected representatives are correlated to the nonzero
rows of the coding coefficient matrix. Previous works are
basically proposed under the assumption that data points are
either lie in a low-dimensional space or have a natural cluster
structure. Meanwhile, most of them only aim at finding a
subset of data points that can properly describe the entire
dataset. However, these methods seldom take the discriminant
ability of representatives into consideration, which is very
important to the classification task.

In this paper, we propose a novel representative subset selec-
tion algorithm, named Structure Sparsity based Discriminative
Representative Selection (SSDRS), to select a subset of data
points that have the representational capacity and discriminant
ability at the same time. Our goal is achieved by minimizing
the objective function which consists of reconstruction fidelity
term and discrimination constraint term. Specially, the recon-
struction fidelity term is based on the sparse representation
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model, and the discrimination constraint term is achieved by
imposing the Fisher discrimination criterion on the coefficient
matrix so that those selected representatives belonging to the
same class will have the smallest within class scatter and the
representatives belonging to different classes will have the
biggest between class scatter. Thus, representatives selected by
our algorithm not only can well express the entire dataset but
also can make representatives belonging to different classes are
more differentiable. To the best of our knowledge, this is the
first work that focuses on finding a representative subset which
can simultaneously well describe the entire dataset and make
representatives belonging to different classes discriminative.
Experimental results with respect to two applications, i.e.,
video summarization and image classification, show that our
proposed algorithm outperforms the state-of-the-art algorithm-
.

The rest of this paper is organized as follows. In Section 2,
we briefly review the most related SMRS algorithm. Section
3 presents the formulation of the proposed SSDRS algorithm.
In Section 4, experimental results and discussion are given.
Finally, we conclude our work in Section 5.

II. SMRS REVISITED

Our proposed algorithm is motivated by the Sparse Mod-
eling Representative Selection method (SMRS) [2]. In order
to put our work into context, we first briefly introduce the
SMRS algorithm. SMRS is developed under the assumption
that each data point can be expressed as a linear combination
of a few representatives. The formulation of SMRS is provided
as follows.

Given an m x N data matrix Y = [y1,y2,
which consists of N data points {y; € R™},_;, SMRS
tries to learn a compact coefficient matrix X =
[x1, T2, ,EN] € RY*N by constraining the co-
efficient matrix X to be sparse. In this way, each data point
can be well represented by minimizing the following objective
function,

s yn]
N

min Y —YX|7 st [X],,<k17X =17, (1)

where the mixed lo/l; norm is defined as [ X],, £

>N I(||:n’||q > 0), where ' denotes the i-th row of X
and I(-) is an indicator function. The sparsity constraint,
X1, 0 < k, leads the coefficient matrix to be sparse so that
each sample can be represented by a linear combination of at
most k representatives. The affine constraint 17X = 17 is
imposed on X to ensure the selected representative subset to
be invariant with respect to global translation of the data.

The optimization problem in Equation (1) is a NP-hard
problem because of the existence of the mixed ly/l;, norm.
Thus a standard [; relaxation is used to replace the mixed
lo/l, norm and accordingly the objective function is rewritten
as follow.

min Y~ YX|7 st X, <7 17X =1",

where | X1, = Zi\jzl HaﬂHq is the sparsity constraint and
T is a properly chosen parameter. One can obtain a few
representatives according to the indices of the nonzero rows of
X. Those selected representatives can be seen as a condensed
view of the original dataset.

III. THE PROPOSED METHOD

In this section we first point out the problem we hope to
address, then we formulate the objective function of the pro-
posed algorithm in detail, and finally present the optimization
method.

A. Problem Statement

In this work, we aim to address the problem of finding
a few discriminative representatives which have both repre-
sentational capacity and discriminant ability. Similar to [2],
the representational capacity means that each data point can
be expressed as a linear combination of a few representatives
instead of all the data points. The discriminant ability indicates
that the chosen representatives have proper within-class scatter
and between-class scatter. Such selected representatives can
nicely describe the whole dataset as well as be discriminative
enough for the classification task. The problem of discrimina-
tive representatives selection is introduced as follows.

Given a set of training samples Y, we want to
learn a sparse coefficient matrix X, from which a rep-
resentative subset Yo, = [Yir, Yiss S Yir ] €
R™* (Y., C Y) can be chosen. We propose the
following objective function of the structure sparsity based
discriminative representative selection model:

min 7 (Y, X) +al| X[, , +Bf(X), (©)

where 7(Y’, X) is the reconstruction fidelity term; || X||, , is
the sparsity constraint; f(X) is the discrimination constraint
imposed on the coefficient matrix X; « and [ are scalar
parameters. In the next subsection, we will formulate the
objective function in more detail.

B. Formulation

The first part of our model aims at finding a representative
subset of a given dataset that can appropriately describe the
entire dataset. To overcome the limitation of existing works [1,
3], similar to SMRS [2], we define the reconstruction fidelity
term 7 (Y, X) as

r(Y,X) =Y -YX|7 )

In practice, each data point will be represented by using as
few representatives as possible. To achieve this, a mixed [; /5
norm is imposed to constrain the coefficient matrix X, thus
the first part of our model is formulated as

min (Y — Y X540 | Xy, (5)

A i . .
where | X, ; = Zf;l ||au’||2 is the sparsity constraint and «
is a scalar parameter that controls the sparsity of X.
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The second part of the proposed model f(X) aims at
making the representative subset Y., discriminative. We can
rewrite Y as Y = [Y1,Y3, , Y], where Y; consists
of samples belonging to the i*" class. Similarly, we can
rewrite X [ X1, Xo, -, X.|, where X; is a sub-
matrix consisting of the coding coefficients on Y;. Then the
discriminant ability of the selected representatives can be
achieved by imposing some discrimination criterion on the
labeled coefficient matrix X . In our model, we take the widely
used Fisher discrimination criterion [8] into consideration,
which can be achieved by minimizing the within-class scatter
Sw(X) and maximizing the between-class scatter Sp(X).
Definitions of Sy (X) and Sp(X) are given as follows:

SwX)=>"_ > (@-m)@-m)’, ©

Sp(X) = )

Z;l ni(m; —m)(m; —m)”,

where x; indicates the k-th column of X; m,; and m are
mean vectors of X; and X respectively; and n; denotes the
number of samples belonging to the i** class.

Thus the discrimination item f(X) can be defined as

F(X) = tr(Sw(X)) = tr(Sp(X) +n | X[F  ®
where || X ||§7 is an elastic term, and 7) is a carefully selected
parameter to make f(X) be convex. Readers can refer to [9]
for more details about the convexity of f(X). By imposing
the Fisher discrimination criterion on the coefficient matrix
X, such selected representatives, which can be regarded
as a condensed view of the whole dataset, will have the
discriminant ability.

Incorporating Equations (4) and (8) into Equation (3), we
can obtain the final formulation of the proposed model:

. 2
min Y = Y X[} +a | X, +

9
5 (tr(Sw (X)) = tr(Sa (X)) + |1 XI3) . O
By minimizing the above objective function, we can select a
discriminative representative subset of a given dataset. Those
selected representatives can not only appropriately describe
the entire dataset but also can be expected to achieve a good
performance in terms of classification.

C. Optimization

To optimize the objective function in Equation (9), many
convex optimization methods can be employed. In this paper,
we implement the widely used Proximal Gradient method [11]
to minimize the objective function. To apply the Proximal
Gradient method to solve the optimization problem of our
model, we rewrite the objective function in Equation (9) as

),

where (X)) is a smoothly differentiable function and Q(X)
is a non-differentiable function. Q(X) and Q(X) are defined

min - Q(X) + (X (10)
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Algorithm 1 The SSDRS algorithm

Input:
Original data matrix Y € R™*%;
Number of representatives k;
Output:
The representative subset Yiep = [Yiy, Yins ---
R™*k (K < N)
1: Initialize the coefficient matrix X with zeros

7yik} €

2: while not converge do

3:  Compute the gradient of QQ(X) which is denoted by
Ve (X);

4:  Set the parameter L with a line-search;

5. Update the coefficient matrix X by solving
min 3 [[X — (X'~ 1VQ (X)) [+ X[l

with the Proximal Gradient method [10];
6: end while
: Select k representatives Y., from the dataset correspond-
ing to the nonzero rows of X;

as follows:
QX) =Y - YX|}+
8 (r(Sw (X)) = tr(Sp(X)) + 1 |1 X I}
=Y -YX|}+8 > 1% - M;||3—

- 2 2
p Zln [mi —mll; + 8[| X||F,
i=
(1D
QX) = [ X515 (12)
where M is the mean vector matrix (by taking n; mean
vectors m; as its column vectors) of class 7. The Proximal
Gradient method is used to optimize Equation (10) by itera-
tively minimizing the following problem

2

o1 1 a
mn 3% - (2= gve )| +3 1%l a3

where X' is the coefficient matrix at iteration ¢, L > 0
is a parameter which should be an upper bound on the
Lipschitz constant of V() and is typically set with a line-
search. According to [10], we can obtain the coefficient matrix
at iteration ¢ + 1, denoted by X**!, as

lpill— ¢

Tl Pis if % <|lpill
0, otherwise

X (i) = { (14)

where X *+1 (i,:) denotes the i" row of X't p, € P =
[p1;p2;. . pis. . ] = (X' = LVQ (X))

The proposed algorithm is summarized in Algorithm 1. The
coefficient matrix X is iteratively updated untill convergence.
Since the indices of nonzero rows of X have correspondence
with the indices of columns of the original dataset Y, a few
representatives of data points can be selected according to the
nonzero rows of X.



Fig. 1: Brief description of the Society Raffles video and 9 representatives found by our algorithm. Those selected representatives bounded
in red rectangles capture main events and well summarize the video. (best viewed in color)

in red rectangles properly describe the whole frame sequences of the video. Since scene 2 contains more activities than other scenes, our
algorithm finds 3 representative frames for scene 2 and 1 representative frame for other scenes. (best viewed in color)

IV. EXPERIMENTAL RESULTS

To evaluate the performance of our proposed algorithm in
finding the discriminative representatives of real datasets, we
apply the SSDRS algorithm to video summarization and image
classification. Since data points in some classes are more
difficult to be expressed than those in other categories, we fix
the total number of representatives instead of fixing the number
of representatives for each class. Furthermore, data points with
small pairwise coherence will lead to too-close representatives,
thus we prune the representative subset to prevent them from
being too close to each other according to [12].

A. Video Summarization

In order to demonstrate the effectiveness of our proposed
algorithm, we apply SSDRS to the video summarization task.
We firstly choose a 1,536-frame one-shot video from [13].
The video consists of several continuous events under the
same background. After employing the SSDRS algorithm, 9
representatives for the video are obtained, which are bounded
in red rectangles, as shown in Fig. 1. These 9 representative
frames capture main events of the video as follows: a man
comes into the room; the man is talking with the thief near
the window; a woman appears in the scene; another man gets
in accompany with the woman; the man which stands on the
left of the woman leaves the room; the woman and the first
man sit down and talk with each other; the man steals the
woman’s tiara and gets ready to leave; the woman sees the
thief standing at the window; the woman is fainting on the sofa
and the thief has gone. Through Fig. 1, we can see that those
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representatives selected by our algorithm can well summarize
the whole video sequence and capture all different events.

Next, we consider a 706-frame multi-shot video taken from
[13]. The video consists of 5 shots, which describe 5 different
scenes, and each scene contains continuous activities. We
apply SSDRS to the video and obtain 7 representatives. A few
frames of the video and the selected representative frames lied
in the red rectangles are shown in Fig. 2. Those representative
frames summarize the video as follows: a boat is sailing at the
sea; a man starts to turn the rudder; the man fixes the rudder
in a proper location; the man tries to rotate the rudder back;
the other representative frames capture the scene of the boat’s
bow and sea; the scene of the man’s face characteristic and the
scene of mountains respectively. From Fig. 2, we can see that
those representative frames selected by our algorithm describe
the 5 scenes of the video well. Moreover, as scene 2 contains
several different continuous activities, 3 representative frames
are extracted to describe the continuous activities. Scene 1,
scene 3, scene 4, and scene 5 have 1 representative frame
respectively.

Experimental results in terms of video summarization
demonstrate the effectiveness of our algorithm in finding a
representative subset of data points. Those selected representa-
tives can well represent the whole video and are differentiable
as well.

B. Image Classification

Furthermore, we evaluate the performance of our selected
representatives in the task of image classification.



TABLE I: Classification results on the Extended YaleB database
with 7 representatives of 51 training samples in each class.

NN NS SRC SVM
Rand 30.40% | 71.30% | 82.60% | 87.90%
Kmedoids | 37.90% | 80.00% | 89.10% | 94.50%
SMRS 33.80% | 84.00% | 93.10% | 96.80%
SSDRS 49.16% | 85.21% | 92.67% | 88.13%

TABLE II: Classification results on the COIL-20 database with 5
representatives of 50 training samples in each class.

NN NS SRC SVM
Rand 80.00% | 81.36% | 83.86% | 83.18%
Kmedoids | 86.36% | 86.36% | 86.59% | 86.82%
SMRS 87.04% | 89.77% | 91.36% | 92.27%
SSDRS 93.41% | 93.41% | 92.05% | 96.13%

Datasets: In this paper, all the experiments are conducted
on four publicly available datasets. The first dataset is COIL-
20 [14], which consists of gray-scale images of 20 objects,
and each object contains 72 gray-scale images. The second
dataset used in our experiments is the Extended YaleB face
database (YaleB) [15]. This database contains face images of
38 individuals under the situation of fixed pose and varying
illumination. The third dataset we use is a subset of the USPS
digits database (subUSPS) [16], which contains 1000 digits
images. This dataset consists of 10 classes corresponding to
handwritten digits, and 100 images are randomly selected
for each class. The last dataset is the Multiple Feature Data
Set (MFEAT) which is taken from UCI Machine Learning
Repository [17]. MFEAT is a handwritten database extracted
from a Dutch Public utility and contains 2,000 digits images.
These images are divided into 10 classes and each class
contains 200 digit images.

Settings: In order to demonstrate the effectiveness of our
algorithm in finding representatives, we compare our algorithm
with simple random selection (Rand) [4], Kmedoids [3] and
Sparse Modeling Representative Selection (SMRS) [2]. We
employ all the algorithms to select a few representatives, which
are treated as the training sets of several standard classification
algorithms for performance evaluation. The classifiers include
Nearest Neighbor (NN) [8], Nearest Subspace (NS) [10],
Sparse Representation-based Classification (SRC) [18] and
Linear Support Vector Machine (SVM) [8]. For each class,
we randomly select 50 (COIL-20), 51 (YaleB), 50 (subUSPS)
and 150 (MFEAT) samples for training and the remaining
samples are used for testing. To have a fair comparison for all
the algorithms, on average we select 5 (COIL-20), 7 (YaleB),
4 (subUSPS) and 10 (MFEAT) representatives from training
samples for each class. As the performance of Kmedoids
strongly depends on initialization, we use the same strategy
as [2]. For the parameter n used in our algorithm, it is set
as 1 for all the experiments. In our method, we fine tune
the parameters o and § in Eq. (9) by searching the grid of
{107°,107%,...10%,10°}.

Results and Analysis: The classification performance on
four datasets is exhibited in TABLE I, TABLE II, TABLE III
and TABLE IV respectively. These experimental results indi-

TABLE III: Classification results on the MFEAT digits database
with 10 representatives of 150 training samples in each class.

NN NS SRC SVM
Rand 75.03% | 74.15% | 77.20% | 76.60%
Kmedoids | 78.00% | 78.20% | 77.20% | 77.40%
SMRS 771.20% | 76.20% | 75.20% | 79.20%
SSDRS 78.60% | 76.60% | 78.00% | 79.20%

TABLE 1IV: Classification results on the subUSPS digits database
with 4 representatives of 50 training samples in each class.

NN NS SRC SVM
Rand 57.30% | 59.17% | 57.61% | 65.80%
Kmedoids | 62.20% | 64.40% | 65.80% | 69.60%
SMRS 64.60% | 69.80% | 68.60% | 71.00%
SSDRS 71.40% | 76.80% | 72.00% | 78.60%

cate that representatives found by our algorithm mostly achieve
the highest classification performance on all the datasets.

Compared with the state-of-the-art SMRS method, our
algorithm has 7% improvement over SMRS averagely for the
simplest NN classifier. For NS, SRC and SVM classifiers, our
algorithm averagely has 3%, 2% and 1% improvements over
SMRS respectively. This indicates that our algorithm works
better than SMRS for almost all the classifiers. Moreover,
our algorithm achieves significant improvement on COIL-20
and subUSPS, and has some improvements on YaleB and
MFEAT in most cases. Compared with SMRS, our algorithm
adds the discriminant ability to the selected representatives,
thus making SSDRS more suitable for classification tasks.
Though a few representatives are selected as the training set,
SSDRS achieves good image classification performance based
on the representational capacity and discriminant ability of the
selected representatives.

Compared with the Rand and Kmedoids methods, our
algorithm averagely has 12% and 7% improvements for the
simplest NN classifier respectively. We also can see that our
algorithm has significant improvements on NS, SRC and SVM
classifiers. Moreover, we can see that SMRS outperforms
Rand and Kmedoids in most cases. Together with the best
classification results our algorithm gains, it indicates that
sparse representation based representative selection methods
are more effective than the algorithms with cluster structure
assumptions. The good performance of Kmedoids in TABLE
III may be due to the fact that the MFEAT dataset comes
from a low-dimensional subspace, which is the underlying
assumption of the NS classifier. Since the Extended YaleB
face database consists of images under varying illumination,
the inner and intra class distances of training data will be
changed when the representative subset is used to replace the
entire data. Maybe this is the reason why it leads to the large
gap between the NN classifier and other classifiers in TABLE
L

Moreover, we also investigate the classification performance
versus different numbers of representatives. To achieve this
goal, we implement the proposed algorithm on the COIL-20
dataset to select on average 100, 140, 220 and 300 representa-
tives respectively. In order to have a fair comparison, we select
the same number of representatives for the competing meth-
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Fig. 3: Accuracies vs. the number of representatives on the COIL-20 database. Classification performances of our algorithm and baselines
using NN, NS, SRC and SVM classifiers are exhibited in (a), (b), (c) and (d), respectively.

ods. Experimental results shown in Fig. 3 definitely indicate
that our proposed algorithm outperforms the state-of-the-art
methods. For all the algorithms, classification performances
are improved when the number of representatives increases.
This is due to the fact when more representatives are selected,
they are more informative about the original dataset. Since our
proposed algorithm performs much better than the competing
methods when the number of representatives are small, this
indicates that the representatives selected by our algorithm are
more informative than the competing methods.

V. CONCLUSION

In this paper, we have proposed a structure sparsity based
discriminative representative selection algorithm to find a
representative subset of data points which simultaneously have
the representational capacity and discriminant ability. Repre-
sentatives selected by our algorithm not only can appropriately
describe the entire dataset but also can lead the representatives
belonging to different classes to be discriminative. Further-
more, representatives found by our algorithm can achieve a
good classification performance due to the discriminant ability
of the representatives. The objective function of our model
consists of two parts. The first part is the reconstruction fidelity
term which aims at finding a few representatives to express the
whole dataset properly; the second part is the discrimination
constraint imposed on the coefficient matrix which can ensure
those selected representatives to be discriminative. Experi-
ments conducted in terms of video summarization provide
an intuitive interpretation for the representation ability and
discrimination ability of representatives. And experimental
results in terms of image classification also demonstrate the
superiority of our proposed algorithm to the state-of-the-art
representative selection methods.
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