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Abstract—By cleverly utilizing the theory of sparse
representation, sparse subset selection methods aim to identify
the most informative subset from a dataset to represent
the original data, thereby eliminating data redundancy. The
recently proposed dissimilarity-based sparse subset selection
(DS3) algorithm demonstrates both theoretical elegance
and practical effectiveness. However, the ability of the
DS3 algorithm in detecting clustering structures is limited.
Specifically, when the dataset exhibits explicit clustering
structures, it is essential to carefully adjust the sparsity
regularization parameter to select one representative for each
cluster. Moreover, when the DS3 algorithm selects multiple
representatives for each cluster, the selected representatives
often lack sufficient diversity. To address these issues, we
propose a clustering structure sensitive DS3 (CSS-DS3)
algorithm, which is implemented by adding a low-rank penalty
to the member matrix in DS3. When the dataset exhibits a clear
clustering structure, the CSS-DS3 algorithm can effectively
identify the clustering structure and selects one or more correct
and diverse representatives for each cluster, even within a wide
range of sparsity regularization parameter values. The proposed
algorithm model is solved by the alternating direction method
of multipliers (ADMM). Experimental results on both synthetic
and real-world datasets demonstrate that the proposed method
outperforms state-of-the-art approaches.

Index Terms—Sparse subset selection, Clustering, Low-rank
penalty, Alternating direction method of multipliers.

I. INTRODUCTION

THE advancement of networks, data collection, and
storage technologies has resulted in tremendous growth

in data. Although these data contain valuable information,
they also bring a lot of trouble. For instance, the data
often contain significant noise and redundancy, which not
only degrade the performance of learning algorithms but
also consume considerable storage capacity. To address
these challenges, subset selection [1], [2], [3] methods have
been proposed. Subset selection, also known as prototype
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selection, represents the dataset by selecting representative
samples from the original data, thereby effectively reducing
its size. This can significantly reduce storage costs and
improve the algorithm’s running efficiency.

Subset selection algorithms can be divided into two
main categories: self-representation-based subset selection
algorithms [2], [3], [4], [5], [6] and subset selection
algorithms that consider pairwise relationships between
data points [1], [7], [8]. To our knowledge, Elhamifar
first proposed a self-representation-based subset selection
algorithm: sparse modeling representative selection (SMRS)
[2]. This algorithm achieves subset selection by minimizing
the reconstruction error loss function and row sparsity
regularization of the coefficient matrix. The SMRS algorithm
demonstrates significant performance in applications such
as video summarization and image classification. However,
the SMRS algorithm only considers the representativeness
of the selected representatives while neglecting diversity.
To improve the diversity of selected representatives, Wang
et al. proposed the structured sparse dictionary selection
(SSDS) algorithm [4], which achieves this by incorporating
diversity regularization and local sensitivity terms. Despite
these advances, the selected subset may still be suboptimal
in certain scenarios. This limitation motivated Wei et
al. to develop the cost-sensitive sparse subset selection
(CS4) algorithm [5], which introduces a prediction cost
term to select more informative representatives that better
characterize dataset structures. When processing data that
inherently resides in nonlinear manifolds, these linear
self-representation methods exhibit fundamental limitations
[1]. To address this issue, Sedghi et al. proposed the
Manifold Sampling through Sparse Reproduction Profile of
Randomized Transformations (MoSSaRT) algorithm [6]. The
MoSSaRT algorithm selects subset from nonlinear manifolds
by using randomized explicit feature maps to approximate
Reproducing Kernel Hilbert Space embeddings, coupled
with a sparsity-aware convex optimization strategy. Although
self-representation-based subset selection algorithms have
become the important methods for subset selection, they
share a common limitation: performance degradation when
dealing with high-dimensional data.

Compared with subset selection based on
self-representation, subset selection based on pairwise
relationships between data points can be more efficient
when dealing with high-dimensional data [1]. Subset
selection based on pairwise relationships between data
points is closely related to cluster analysis methods. By
applying clustering algorithms, we can obtain the cluster
center for each cluster, which serves as representatives,
either directly or indirectly. The set formed by these
representatives effectively represents the original dataset.

The well-known K-means algorithm [9] is a clustering
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algorithm based on data partitioning that is computationally
efficient. However, using K-means to perform subset
selection is not feasible since it selects the data points near
the center of each cluster as representatives. To address
this issue, the K-medoids algorithm [10] was proposed.
Compared to the K-means algorithm, the K-medoids
algorithm can directly select representatives from the original
dataset and perform subset selection. Subsequently, Zhang
[11] et al. proposed an improved version of the K-medoids
algorithm, which leverages distributed storage and parallel
computation for large-scale data processing, enhancing the
efficiency and fault tolerance of the K-medoids algorithm.
However, the above algorithms require specifying the number
of clusters, k, before running. Different values of k can
lead to significantly different clustering results, limiting their
applicability in situations where the optimal k is unknown.
In contrast, the affinity propagation (AP) algorithm [12]
eliminates the need to predefine k, automatically determining
the number of cluster centers based on the data’s affinity.
Nevertheless, the intricate mechanisms of AP algorithm may
restrict its adoption in certain use cases.

In recent years, Elhamifar et al. have proposed the
dissimilarity-based sparse subset selection (DS3) algorithm
[1]. Unlike the K-means [9] and K-medoids algorithms
[13], DS3 is a convex programming-based approach that
can avoid the issue of local optima. Moreover, in contrast
to the AP algorithm [12], the DS3 algorithm has a more
straightforward mechanism and can be more easily modified
for application in various scenarios. In addition, since DS3
employs the alternating direction method of multipliers
(ADMM) algorithm, which inherently supports parallel
computing, to solve the model, it holds immense potential
for processing large datasets. Due to its elegant theory
and excellent experimental results, DS3 has been widely
extended. For example, Elhamifar et al. further proposed
the sequential facility location (SeqFL) algorithm [8] for
sequential data and an online version of the DS3 algorithm
[7]. In [14] and [5], the authors proposed the DS3 algorithm
for automatic dissimilarity learning. In [15], a new form of
the DS3 algorithm was proposed for profile data mining,
which is described as a linear programming problem, making
it easy to solve.

Despite the numerous extended versions of DS3
that have been proposed, a key issue with DS3 has
consistently remained unresolved: its limited ability to detect
clustering structures. This deficiency makes it sensitive
to the sparsity regularization parameter. Particularly for
datasets with distinct clustering structures, selecting one
correct representative for each cluster requires meticulous
adjustment of the regularization parameter, which can
be an exhausting process. Furthermore, when multiple
representatives are selected for each cluster, the selected
representatives often lack diversity. To overcome these
limitations, a clustering structure sensitive DS3 (CSS-DS3)
algorithm is proposed by introducing a low-rank penalty
term. As shown in Fig. 1, when the dataset has a distinct
clustering structure, CSS-DS3 proceeds by first clustering the
dataset and then employs the obtained clustering structure
to complete the subset selection of the dataset; when
the dataset lacks a clear clustering structure, CSS-DS3
operates similarly to DS3, by first selecting representatives

and subsequently using these representatives to perform
data clustering. This approach effectively eliminates the
tedious parameter adjustment process and selects the
appropriate representatives for each cluster. For the datasets
lacking distinct clustering structures, the CSS-DS3 algorithm
performs subset selection first, followed by clustering,
ensuring adaptability across various scenarios.

The main contributions of this paper are as follows.
• We propose the CSS-DS3 algorithm to improve

the DS3 algorithm’s ability to detect the clustering
structure by imposing a low-rank constraint on the
membership matrix. When the dataset exhibits a distinct
clustering structure, the low-rank constraint enables
the CSS-DS3 algorithm to generate a block-diagonal
membership matrix. This matrix effectively identifies
the clustering structure and guides the algorithm in
performing subset selection based on clustering. In
addition, the CSS-DS3 algorithm increases the diversity
of the selected representatives by first determining
the clustering structure and then selecting multiple
representatives for each cluster.

• We employ the alternating iteratively reweighted
least squares (AIRLS) algorithm to efficiently solve
the low-rank penalty subproblem. This approach is
integrated into the optimization framework of the
ADMM to solve the entire optimization problem
involved in CSS-DS3.

• We evaluate the effectiveness of the CSS-DS3 algorithm
by conducting comparative experiments on both
synthetic and real-world datasets including subset
selection, clustering, summarization, and classification.

The structure of this paper is outlined as follows: Section
II describes the notations and definitions adopted throughout
the manuscript and provides a brief overview of the relevant
algorithms. Section III detailed the CSS-DS3 algorithm
and its solution method. Section IV presents extensive
comparative experiments on both synthetic and real-world
datasets, covering tasks such as subset selection, cluster
analysis, video summarization and classification. Section V
concludes and discusses future work.

II. RELATED WORKS

This section presents the notations and norm definitions
in this paper, along with a brief review of the main related
works: the AP [12], the DS3 [1], and the AIRLS algorithms
[16].

A. Notations and Definitions
In this paper, matrices are represented by bold uppercase

letters, while vectors are indicated by bold lowercase letters.
Given a matrix V ∈ Rm×n, its i-th row, j-th column, and
the element at the i-th row and j-th column are denoted by
vi, vj , and vij , respectively.

The l2,1-norm and l∞,1-norm of V are provided as
follows.

∥V ∥2,1 =
m∑
i=1

(
n∑

j=1

|vij |2)
1
2 =

m∑
i=1

∥vi∥2,

∥V ∥∞,1 =
m∑
i=1

( max
1≤j≤n

|vij |) =
m∑
i=1

∥vi∥∞.
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Fig. 1. Framework of the CSS-DS3 algorithm.

B. AP
Given the similarity between data points, the AP algorithm

[12] relies on exchanging messages among them. Each
data point sends messages indicating its suitability as
a representative for other data points. The mathematical
formulation of the AP algorithm is given below.

r(i, k) = s(i, k)−max
j ̸=k
{a(i, j) + s(i, j)},

a(i, k) =


min{0, r(k, k) +

∑
j ̸=i,k

max{0, r(j, k)}}, i ̸= k∑
j ̸=k

max{0, r(j, k)}, i = k

 ,

(1)
where r(i, k) represents the degree to which the k-th data
point is able to act as a representative for the i-th point.
a(i, k) represents the degree of representation that the i-th
data point believes it can represent the k-th data point. s(i, k)
represents the degree of similarity between data point xi

and data point xk. Once the maximum number of iterations
is completed, or when the changes are smaller than a
defined threshold, the message exchanges among data points
terminate.

One of the key benefits of the AP algorithm is that it
approaches the global optimum, making it insensitive to
initialization. However, its complex mechanism can present
challenges when applied to different scenarios.

C. DS3

Given the source set G = [g1, g2..., gM ] ∈ Rm×M , the
target set H = [h1,h2, ...,hN ] ∈ Rm×N , DS3 aims at
finding a subset of G that can represent the set H well
[1]. The optimization model for DS3 is defined as follows.

min
{zij}

λ
M∑
i=1

∥zi∥α +
N∑
j=1

M∑
i=1

dijzij

s.t.
n∑

i=1

zij = 1,∀j; zij ≥ 0,∀i, j,
(2)

where the dij measures the dissimilarity between gi and
hj , while zij indicates the probability that gi represents

hj , and zi refers to the i-th row of the indicator matrix
Z ∈ RM×N . The parameter α ∈ {2,∞}. The first term
is the regularization term, aiming to minimize the number
of representatives selected. The second term is the coding
cost, while the sparsity regularization parameter λ is used to
balance the above two terms.

The optimization problem in (2) can be expressed in
matrix form as

min
Z

λ1 ∥Z∥α,1 + Tr
(
DTZ

)
s.t. 1TZ = 1T ,Z ≥ 0,

(3)

where 1 is the vector in which elements are 1. The operator
Tr(·) represents the trace of a matrix. The optimization
problem in (3) can be solved using the ADMM algorithm.

In contrast to the K-means [9] and K-medoids [13]
algorithms, the DS3 [1] algorithm avoids the issue of local
minima due to its convex optimization model. Unlike the
AP algorithm [12], the DS3 algorithm has a straightforward
mechanism, and can be modified more easily to be applied
to various scenarios [1]. In addition, since DS3 employs
the ADMM algorithm, which supports parallel computing,
to solve the model, it exhibits significant potential for
processing large datasets. Due to its many advantages, the
DS3 algorithm has been the subject of significant study and
discussion. For example, in [17] and [8], the DS3 algorithm
is extended for sequential data. In [14] and [5], the authors
proposed the DS3 algorithm for automatic dissimilarity
learning. In [15], a new form of the DS3 algorithm is
proposed for profile data mining, which is described as a
linear programming problem, making it easy to solve.

D. AIRLS
Assume the data matrix A ∈ Rm×n is corrupted

by Gaussian noise, in order to recover A from noise,
the following matrix rank minimization problem can be
considered:

min
B

∥A−B∥2F + γrank(B), (4)
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where rank(·) is rank operation of matrices, γ is a
regularization parameter, and B ∈ Rm×n is an approximate
low-rank matrix of matrix A.

The optimization problem in (4) is exactly the a matrix
completion issue based on low-rank matrix approximation,
which has been widely discussed. Given that this problem
is NP-hard, a common alternative is to substitute the
rank operation in (4) with the nuclear norm. However,
the minimization problem of nuclear norm involves
singular value decomposition of matrices, a computationally
expensive task. For efficiency, the task of finding the optimal
B can be substituted with the task of finding two optimal
small matrices [16]. Namely, the optimization problem in (4)
can be converted into the following problem

min
U,V
∥A−UV T ∥2F + γ

d∑
i=1

(∥ui∥22 + ∥vi∥22)
q
2 ), (5)

where U ∈ Rm×d,V ∈ Rn×d, ui,vi denote the columns of
the matrices U and V , 0 < q ≤ 1. The problem in (5) replace
B using UV T , and thus, achieves the low rank of UV T

by sparsifying the columns of U and V . The problem (5)
is transformed into a Lagrangian function, and the matrices
U ,V are solved alternately and iteratively until the algorithm
converges. For specific solution steps, please refer to the
literature [16].

Compared with existing mainstream algorithms [18],
[19], this approach offers benefits such as reduced
computational complexity, rapid convergence, and smaller
matrix approximation errors.

III. PROPOSED METHOD

As mentioned in the introduction, the DS3 algorithm
exhibits limited ability in detecting clear clustering structure.
It requires careful adjustment of regularization parameters
when selecting one or more representatives for each cluster,
which can be time-consuming. Moreover, when the DS3
algorithm selects multiple representatives for each clustering,
the selected representatives often lack diversity. To address
these issues, in this section, we propose a clustering structure
sensitive DS3 (CSS-DS3) algorithm by adding a low-rank
penalty to the membership matrix in DS3. The low-rank
term enables the DS3 algorithm to identify clustering
structures and select representatives within each cluster when
the dataset has a clear clustering structure. This approach
eliminates the need for laborious adjusting of the parameter
λ, simplifying the selection of representatives. Furthermore,
by first determining the clustering structure of the data and
then selecting representatives, it ensures that the selected
representatives are more diverse.

A. CSS-DS3 Model

Based on the above description, we construct the following
model:

min
Z

Tr
(
DTZ

)
+ λ1 ∥Z∥α,1 + λ2rank(Z)

s.t. 1TZ = 1T ,Z ≥ 0,
(6)

where D ∈ RM×N and Z ∈ RM×N are the dissimilarity
matrix and the membership matrix, respectively. The operator

rank(·) denotes the rank of a matrix. To simplify the model
in subsequent implementations, we set α = 2.

The optimization problem in Eq. (6) is NP-hard due to the
rank problem. To address this, one approach is to use the
nuclear norm as a relaxation of the matrix rank. However,
the nuclear norm often involves performing a matrix Singular
Value Decomposition (SVD), which has high computational
complexity. To improve efficiency, we use the AIRLS [16]
algorithm to achieve a low-rank approximation of the matrix
Z without performing explicit SVD decomposition on large
matrices. Thus, we can transform the model in Eq. (6) as
follows.

min
Z,U ,V

Tr
(
DTZ

)
+ λ1 ∥Z∥2,1

+ λ2

d∑
i=1

(
∥ui∥22 + ∥vi∥22 + σ

) q
2

s.t. 1TZ = 1T ,Z = UV T ,Z ≥ 0,

(7)

where U ∈ RM×d, V ∈ RN×d, and q ∈ (0, 1]. The vectors
ui and vi represent the i-th columns of the matrices U
and V , respectively. σ is a small positive constant. Since
rank(Z) < min(rank(U ), rank(V ))< d, the rank of matrix
Z is controlled by parameter d. When d << min(M ,N),
the rank of Z will become very small.

It is worth noting that the DS3 model (3) only applies
sparsity regularization to matrix Z, while the proposed model
(7) essentially regularizes matrix Z using both sparsity and
low rank. Naturally, a question arises: is it feasible to use
only low-rank regularization? In other words, consider the
following model:

min
Z,U ,V

Tr
(
DTZ

)
+ λ

d∑
i=1

(
∥ui∥22 + ∥vi∥22 + σ

) q
2

s.t. 1TZ = 1T ,Z = UV T ,Z ≥ 0.

(8)

Can we only use model (8) to perform clustering and subset
selection for data? We point out that model (8) is effective
in detecting clustering structure and selecting representatives
only for data with obvious clustering structure. However,
when the data lacks a clear clustering structure, the selected
representatives using this model are often not representative.
The experiment in Section IV will verify this point. This
also simultaneously demonstrates that the proposed model
(7) integrates the benefits of both sparsity and low-rank
regularization.

B. Optimization Algorithm
To solve the optimization problem in (7), we adopt the

ADMM algorithm [20]. To this end, we introduce the
auxiliary variable A such that Z = A. Thus, problem (7)
can be rewritten as

min
Z,A,U,V

Tr
(
DTA

)
+ λ1 ∥Z∥2,1

+ λ2

d∑
i=1

(
∥ui∥22 + ∥vi∥22 + σ

) q
2

s.t. Z = A,1TA = 1T ,A ≥ 0,UV T = A.

(9)

By transforming (9) into the augmented Lagrange function,
we obtain:

min
Z,A,U ,V ,Λ1,Λ2

L(Z,A,U ,V ,Λ1,Λ2)

s.t. Z = A,1TA = 1T ,A ≥ 0,UV T = A,
(10)
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where

L(Z,A,U ,V ,Λ1,Λ2) = Tr
(
DTA

)
+ λ1 ∥Z∥2,1

+ λ2

d∑
i=1

(
∥ui∥22 + ∥vi∥22 + σ

) q
2

+
µ

2

(
∥Z −A∥2F +

∥∥∥A−UV T
∥∥∥2
F

)
+ Tr

(
ΛT

1 (Z −A)
)
+ Tr

(
ΛT

2 (A−UV T )
)
,

(11)

where µ denotes the penalty parameter, and Λ1, Λ2 are the
Lagrange multiplier. In order to solve the problem in (11),
the alternative optimization is adopted:

CSS-DS3(1). With A, U , V , Λ1, and Λ2 fixed, the matrix
Z is updated by minimizing:

min
Z

L(Z) = λ1 ∥Z∥2,1 +
µ

2
∥Z −A∥2F + Tr

(
ΛT

1 (A−Z)
)

= λ1 ∥Z∥2,1 +
µ

2

∥∥∥∥Z −
(
A− Λ1

µ

)∥∥∥∥2
F

,

(12)
problem (12) yields to the shrinkage operation [21], which
gives its closed-form solution:

Z = max{∥A−Λ1/µ∥2 −
λ1

µ
, 0} A−Λ1/µ

∥A−Λ1/µ∥2
. (13)

CSS-DS3(2). With U ,V ,Z,Λ1, and Λ2 fixed, the matrix
A is updated by minimizing:

min
A

L(A) =
µ

2

∥∥∥∥A− 1

2

(
Z +UV T − D −Λ1 +Λ2

µ

)∥∥∥∥2
F

s.t. 1TA = 1T ,A ≥ 0.
(14)

Problem (14) involves projecting the matrix
1

2

(
Z +UV T − D −Λ1 +Λ2

µ

)
onto the probability

simplex {1TA = 1T ,A ≥ 0}, which is solvable efficiently
by the algorithm from [22].

CSS-DS3(3). With Z, A, Λ1, and Λ2 fixed, the matrices
U and V is updated by minimizing:

min
U,V

L(U ,V ) = λ2

d∑
i=1

(
∥ui∥22 + ∥vi∥22 + σ

) q
2

+
µ

2

∥∥∥A−UV T
∥∥∥2
F
+ Tr

(
ΛT

2 (A−UV T )
)

= λ2

d∑
i=1

(
∥ui∥22 + ∥vi∥22 + σ

) q
2

+
µ

2

∥∥∥∥UV T −
(
A+

Λ2

µ

)∥∥∥∥2
F

.

(15)

Let Y = A +
Λ2

µ
. Problem (15) can be seen as finding

a low-rank approximation of Y using UV T , which can be
efficiently solved by the AIRLS algorithm described in [16].

CSS-DS3(4). The matrices Z, A, U , and V are held fixed
while updating the Lagrangian multiplier matrices Λ1 and
Λ2, respectively. Then, use the gradient ascent method:

Λ1 = Λ1 + µ(Z −A),

Λ2 = Λ2 + µ(A− (UV T )).
(16)

CSS-DS3(5). The errors are updated as follows:

error1 = ∥Z(k+1) −Z(k)∥∞,

error2 = ∥Z(k+1) −A(k+1)∥∞,

error3 = ∥A(k+1) −U (k+1)(V (k+1))T ∥∞.

(17)

As the first stage of CSS-DS3, the detailed optimization
procedure is shown in Algorithm 1.

Algorithm 1 : ADMM Algorithm for Solving Problem (7)
Input: D, λ1, λ2, d, q
Output: membership matrix Z

1: Initialization: Z(0) = A(0) = I,Λ1 = Λ2 = 0, k = 0, µ =
10−1, ε = 10−7, error = 2ε, and maxIter=103.

2: while (error1 > ε or error2 > ε or error3 > ε) and (k <
maxIter) do

3: Update the matrix Z by computing Eq. (13);
4: Update the matrix A by solving problem (14);
5: Update matrices U and V by solving problem (15);
6: Update multiplier matrices Λ1 and Λ2 by computing

Eq. (16);
7: Update errors by computing Eq. (17);
8: k ← k + 1;
9: end while

After obtaining the membership matrix Z, the CSS-DS3
algorithm is fully described in Algorithm 2.

Algorithm 2 : The CSS-DS3 Algorithm
Input: D, λ1, λ2, d, q
Output: Representative subset

Stage I:
1: Follow the step of Algorithm 1 to obtain Z;
Stage II:
2: if Z has a clear block diagonal structure then
3: Compute the similarity matrix

S =
Z +ZT

2
;

4: Divide the data into K clusters by running the NCut
algorithm on S;

5: if select one representative for each cluster then
6: for k = 1 to K do
7: Compute the sum of the similarity of the i-th

sample to the other Nk − 1 samples in the
k-th cluster as

si =

Nk∑
j=1,j ̸=i

zij , i = 1, 2, . . . , Nk;

8: Compute the largest si (i = 1, 2, . . . , Nk)
and record its index as

k∗ = argmax
i

ski ;

9: Select the k∗-th sample as the representative
of the k-th cluster;

10: end for
11: end if
12: if select multiple representatives for each cluster then
13: for k = 1 to K do
14: Execute Algorithm 1 in the k-th cluster

to obtain the membership matrix Zk, run
the post-processing pseudocode in the DS3
algorithm to determine the optimal subset;

15: end for
16: end if
17: else
18: Based on the obtained matrix Z, run the post-processing

pseudocode in the DS3 algorithm to determine the
optimal subset.

19: end if
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Specifically, when obtaining the membership matrix Z
through ADMM optimization, the CSS-DS3 algorithm
proceeds with two distinct pathways based on the
membership matrix’s structure: (1) When Z exhibits a
clear block-diagonal structure (indicating that the dataset
has a distinct clustering structure), it serves as a similarity
matrix for spectral clustering using the Ncut algorithm [23],
from which the point with maximal intra-cluster similarity
sum is selected as cluster representative. In addition, to
select multiple representatives for each cluster, the algorithm
performs Algorithm 1 within each individual cluster and
then runs the post-processing pseudocode in the DS3
algorithm to determine the representatives. (2) When Z lacks
this block-diagonal structure, subset selection is performed
using the post-processing code in the DS3 algorithm directly.
In this case, the algorithm can adapt to different types of
datasets, ensuring its flexibility and effectiveness in various
scenarios.

C. Time Complexity Analysis

The computational time complexity of the CSS-DS3
algorithm is analyzed below. First, the complexity of Stage I
(Algorithm 1) is considered. In line 4, the time complexity
for updating matrix Z is O(MN). In line 5, the update
of matrix A has a time complexity of O(MNlogM). In
line 6, the time complexity for updating matrices U ,V
is O((M + N)d) [16]. The last part updates matrices Λ1

and Λ2 in line 7 has a time complexity of O(2(MN)).
For Stage II, the time complexity for NCut algorithm is
O(M3). The complexity of selecting a representative for
each cluster is O(M2). The complexity of selecting multiple
representatives for each cluster is O(τ1MNlog(M)), where
τ1 denotes the maximum number of iterations of the ADMM.
In summary, the time complexity of the CSS-DS3 algorithm
is O(τ1(MNlog(M) + (M +N)d+3MN) +M3 +M2 +
τ1MNlog(M)) ≈ O(τ1MNlog(M) +M3).

IV. EXPERIMENTS

In this section, we assess the CSS-DS3 algorithm’s
performance by conducting a number of comparative
experiments on both synthetic and real-world datasets. First,
we analyze the effect of the low-rank penalty in CSS-DS3
through subset selection experiments on synthetic dataset.
Second, we evaluate its clustering performance on nine
real-world datasets and investigate its convergence and
parameter sensitivity. Finally, we evaluate its subset selection
performance in summarization and classification tasks. The
computer configuration used in the experimental setup is Intel
(R) Core (TM) i5-10210U CPU@2.11 GHz, 16GB RAM,
and Windows 10 operating system.

A. Subset Selection on Synthetic Dataset

In the experiments, we constructed three synthetic datasets,
X1, X2, and X3, with distinct characteristics. While X1
and X2 follow normal distributions, X3 adopts a manifold
distribution to simulate more complex structures. X1 exhibits
a clear clustering structure, while X2 lacks a distinct
clustering structure. Both X1 and X2 contain three clusters,
C1, C2, and C3, each cluster comprising 50 data points. The
clusters C1, C2, and C3 in both datasets have distinct means,

µc1, µc2, and µc3, while sharing the same standard deviation
σ. The detailed information of the synthetic datasets X1 and
X2 is presented in Table I.

TABLE I
INFORMATION ON SYNTHETIC DATASETS.

Datasets µc1 µc2 µc3 σ σ σ

X1 [−0.5, 1]T [0.5, 1]T [0, 0]T 0.15 0.15 0.15
X2 [−3, 0]T [3, 0]T [0, 2]T 1 1 1

We first performed experiments on the synthetic dataset
X1. For the DS3 algorithm, λ was set to 10−4, while for
the CSS-DS3 algorithm, λ1, λ2, d, and q were set to 10−4,
10−10, 10, and 10−2, respectively. The experimental results
are plotted in Fig. 2. It was observed that DS3 treated each
data point as a representative, failing to capture the clustering
structure of the dataset, which resulted in a membership
matrix becoming an identity matrix. We speculate that this
occurs because, in the DS3 algorithm, when λ is small, only
the clustering encoding term is active. In such cases, the
coding cost becomes high, leading DS3 to select each sample
as a representative. We randomly selected λ values from the
interval [10−10, 10−4] and performed similar experiments,
yielding consistent results. These findings demonstrate that
DS3 is highly sensitive to λ, necessitating careful adjustment
to determine an appropriate value.

In contrast, the CSS-DS3 algorithm effectively detects the
clustering structure of the dataset, resulting in a membership
matrix with three block diagonals and finding a representative
in each cluster. This is because, in the CSS-DS3 algorithm,
even with a small value of λ1, the presence of the
low-rank regularization term enables the algorithm to identify
clustering structures and select representatives efficiently.
This approach avoids the sensitivity of the DS3 algorithm to
the sparsity regularization parameter. We adjusted λ1 within
the range [10−10, 10−2] and observed that the membership
matrix obtained by the CSS-DS3 algorithm consistently
exhibited three block-diagonal structures. In other words,
the CSS-DS3 algorithm reliably captures the clustering
structure of the data within this range, selecting appropriate
representatives for each cluster. Since the membership matrix
Z remained stable throughout the adjustment process, we
further validated the stability of the detected clustering
structure by calculating the value of Tr(DTZ). The
experimental result is shown in Fig. 3. It can be observed
that, in the interval [10−10, 10−4], the Tr(DTZ) of the DS3
algorithm is always 0, and when the sparsity regularization
parameter transitions from 10−3 to 10−2, a significant change
is observed in Tr(DTZ). Therefore, the DS3 algorithm
is highly sensitive to the sparsity regularization parameter.
However, regardless of how the sparsity regularization
parameter varies in the interval [10−10, 10−2], the Tr(DTZ)
of the CSS-DS3 algorithm remains stable. The experimental
results demonstrate that, compared to DS3, which requires
careful tuning of λ to select the correct representative in
each cluster, the CSS-DS3 algorithm identifies the clustering
structure of the dataset more easily, thereby simplifying the
representative selection.

Subsequently, we validated the performance of the
CSS-DS3 algorithm in selecting multiple representatives
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Fig. 2. Comparison of DS3 and CSS-DS3 on the synthetic dataset X1
under a small sparsity regularization parameter.
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Fig. 3. The trend of the value of Tr(DTZ) with respect to the sparsity
regularization parameter.

from each cluster in datasets X1 and X3. In the experiment,
the parameters of the CSS-DS3 algorithm were kept
constant, while the DS3 algorithm determined the required
number of representatives by adjusting the regularization
parameter within the range [10−10, 1]. The experimental
results are shown in Fig. 4(a) and (b). It indicates
that the number of representatives selected by the DS3
algorithm is uneven across clusters, and no adjustment to
the regularization parameter could achieve an equal number
of representatives in each cluster. In contrast, the CSS-DS3
algorithm successfully selected three representatives from
each cluster. Since each cluster in this dataset has equal
variance, this result demonstrates that the representatives
selected by the CSS-DS3 algorithm are more balanced and
reasonable. In Fig. 5(a) and (b), the DS3 algorithm selected
10 representatives from the dataset, but two representatives
in each cluster were nearly overlapping. In contrast, the
CSS-DS3 algorithm was able to select 5 representatives with
greater diversity for each cluster. This further demonstrates
that the representatives selected by the CSS-DS3 algorithm
are more diverse and reasonable.

Next, we evaluated the CSS-DS3 algorithm’s ability to
enhance the diversity of selected representatives. In the
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Fig. 4. Comparison of DS3 and CSS-DS3 in selecting multiple
representatives per cluster on the synthetic dataset X1.
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Fig. 5. Comparison of DS3 and CSS-DS3 in selecting multiple
representatives per cluster on the synthetic dataset X3.

experiments, we set λ = λ1 = 4 × 10−2 and λ2 = 10−4.
The results are shown in Fig. 6. From Fig. 6, it can be
seen that both DS3 and CSS-DS3 select one representative
for each cluster. However, the DS3 membership matrix
shows multiple non-zero rows in the second and third
clusters, indicating that DS3 selects multiple candidate
representatives. The partial detailed views of rows 89-97
and columns 51-55 from Fig. 6(b) and (e) are shown in
Fig. 6(c) and (f), respectively, where the red boxed rows
present the weight allocation of representative samples.
Fig. 6(c) reveals the membership matrix of DS3 has two
non-zero rows with a sum of one, indicating the samples
in DS3 has membership degrees to multiple representatives.
In this case, DS3 ultimately achieves the correct selection of
representatives due to the post-processing of the membership
matrix provided in the DS3 code. In contrast, as seen
in Fig. 6(f), CSS-DS3 has only one membership degree
per sample. The low-rank constraint in CSS-DS3 promotes
similar samples to have similar codes, encouraging the
selection of the same representative and improving diversity.
Thus, the introduction of the low-rank constraint effectively
improves representative diversity.

Finally, to verify that the CSS-DS3 algorithm can also
select the correct representatives from datasets with unclear
clustering structures, we conducted experiments using the
synthetic dataset X2. We compared the experimental results
of the algorithm corresponding to model (8) with those
of the CSS-DS3 algorithm. For model (8), we set the
parameters as d = 10 and λ = 0.5, while for CSS-DS3,
we set d = 10 and λ1 = λ2 = 0.5. As shown in
Fig. 7, when dealing with datasets lacking clear clustering
structures, the representatives selected by model (8) tend to
deviate. However, further examination of Fig. 7(c) reveals
that the representatives selected by CSS-DS3 are located
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Fig. 6. Comparison of DS3 and CSS-DS3 in selecting one representative per cluster on the synthetic dataset X1.

at the cluster centers of each category, making them more
representative. When observing the membership matrix
generated by model (8), the block diagonal matrix produced
is not sufficiently clear. In contrast, the membership matrix
of CSS-DS3 is more organized and successfully selecting
one representative for each cluster. Therefore, by combining
low-rank and sparsity regularization, the CSS-DS3 algorithm
can better handle various datasets, improving its applicability.
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Fig. 7. Comparison of model (8) and CSS-DS3 in selecting three
representatives on the synthetic dataset X2.

B. Clustering, Parameter Sensitivity, and Convergence

In this section, we first assess the clustering structure
detection capability of CSS-DS3 through clustering
experiments, and we also test the parameter sensitivity and
convergence of the CSS-DS3 algorithm.

1) Clustering: In the experiment, we compared the
CSS-DS3 algorithm with K-means [9], K-medoids [13], AP
[12], DS3 [1], l1-ProSe [14], MoSSaRT [6], and CS4 [5]
through clustering experiments on five UCI datasets [24]
and four gene expression datasets. The UCI datasets include
SOYBEAN, IRIS, WINE, SEEDS, and DNA, while the gene
expression datasets include COLON [25], GLIOMA, LUNG,
and PRO-GE [26]. Detailed information about the datasets
is provided in Table II. The clustering performance of each
algorithm is assessed using widely recognized metrics like
clustering accuracy (ACC), F-score, and purity (PUR). The
parameter settings for the seven algorithms are listed in Table
III, and the results of the experiments can be found in Tables
IV, V, and VI.

As shown in Table IV, with the exception of the COLON
and DNA datasets, the CSS-DS3 algorithm achieved the
highest clustering accuracy across the remaining datasets.
Notably, on the WINE, PRO-GE, and IRIS datasets, the
CSS-DS3 algorithm achieved improvements in accuracy of
21.35%, 15.69%, and 12.03%, respectively, compared to
the DS3 algorithm. As shown in Tables V and VI, the
proposed algorithm also exhibits significantly higher F-score
and PUR values on most datasets. These results indicate that
the CSS-DS3 algorithm effectively overcome the limitations
of the DS3 algorithm in detecting clustering structure.

2) Parameter Sensitivity: To further evaluate the
robustness of the CSS-DS3 algorithm concerning the
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Fig. 9. The ACC values of the CSS-DS3 algorithm on four datasets under different regularization parameters.

TABLE II
DETAILED INFORMATION ON THE UCI DATASET AND THE GENE

EXPRESSION DATASET.

Datasets Size Dimensions Classes

SOYBEAN 47 35 4
IRIS 150 4 3
WINE 178 13 3
SEEDS 210 7 3
DNA 2000 180 3
COLON 62 2000 2
GLIOMA 50 4434 4
LUNG 203 3312 5
PRO-GE 102 5966 2

parameters λ1 and λ2, experiments were conducted on
the IRIS, SOYBEAN, LUNG, and COLON datasets.
Additionally, the sensitivity of the DS3 algorithm to the
parameter λ was also tested. For the CSS-DS3 algorithm,
the parameters d and q were set to 6 and 0.01, respectively.
For the DS3 algorithm, the value range of λ was adjusted
according to the number of classes in each dataset. When
the number of selected representatives equals the number
of classes, clustering accuracy is highest; otherwise, the
accuracy declines.

The parameter sensitivity experiment for the DS3
algorithm is shown in Fig. 8. The results show that even
a slight change in the value of λ leads to significant
variations in clustering accuracy, indicating that the DS3
algorithm is highly sensitive to this parameter. In contrast,
the experimental results for the CSS-DS3 algorithm, shown
in Fig. 9, demonstrate smoother variations in clustering
accuracy across different values of λ1 and λ2. Therefore,
the CSS-DS3 algorithm is more robust to parameters.

3) Convergence: To verify the convergence of the
proposed algorithm, convergence analysis experiments were
conducted on four datasets. Fig. 10 shows the value of the

CSS-DS3 objective function after 1000 iterations. It can
be seen that the CSS-DS3 algorithm reaches convergence
between 800 and 1000 iterations on all four datasets.
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Fig. 10. The convergence curves of CSS-DS3 on the IRIS, SOYBEAN,
LUNG, and COLON datasets.

C. Applications in Summarization and Classification

In this section, we evaluate the subset selection capability
of the CSS-DS3 algorithm through both summarization
and classification experiments. First, in the summarization
experiments, the CSS-DS3 algorithm’s performance is
assessed by selecting a single representative and multiple
representatives for each cluster, which is verified through
video summarization and face summarization experiments,
respectively. Second, in the classification experiment, the
CSS-DS3 algorithm’s performance is validated when the
clustering structure of the dataset is unclear.

1) Video Summarization: The experiments used the
VSUMM dataset [27], which primarily consists of various
types of videos, including news programs, sports videos,
and cartoons. It also includes manually generated video
summaries from 50 users. Six videos from the VSUMM
dataset were selected for the experiment, with detailed
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TABLE III
THE PARAMETER SETTINGS OF THE EIGHT ALGORITHMS ON REAL DATASETS.

Algorithms Parameter settings

K-means k was set to the actual number of categories in every dataset.
K-medoids k was set to the actual number of categories in every dataset.
AP γ was set to 0.5; p was set to the median similarity between data points.
DS3 λ was taken from the range [0.01, 1] with a step size of 0.01.
l1-ProSe λ1, λ2, and λ3 were selected from the set {0.1, 0.2, . . . , 1, 2, . . . , 10}.
MoSSaRT k was set to the actual number of categories in every dataset. λ was taken from the range [0.01, 1] with a step size of 0.01.
CS4 λ1 and λ2 were selected from the set {0.01, 0.02 . . . , 1, 2, . . . , 102}.
CSS-DS3 λ1 = 10−4; λ2 in {1, 10, . . . , 102}. Parameters d and q were selected from {6, 7, 8, 9, 10} and {10−2, 10−1, 1}, respectively.

TABLE IV
THE ACC OF DIFFERENT ALGORITHMS ON NINE DATASETS.

Datasets K-means K-medoids AP DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

SOYBEAN 0.7234 0.6702 0.6809 0.8085 0.7872 0.7649 0.7872 0.91490.91490.9149

IRIS 0.8240 0.8413 0.9000 0.8264 0.9246 0.8747 0.9133 0.94670.94670.9467

WINE 0.7022 0.7146 0.6573 0.7472 0.7609 0.6270 0.6685 0.96070.96070.9607

SEEDS 0.8905 0.8905 0.8619 0.8762 0.7048 0.7457 0.6571 0.91400.91400.9140

DNA 0.5250 0.3850 0.3952 0.5090 0.52950.52950.5295 0.4891 0.4920 0.5090

COLON 0.5914 0.5537 0.5968 0.6290 0.79030.79030.7903 0.6258 0.6613 0.6452

GLIOMA 0.5400 0.5600 0.5400 0.5600 0.5400 0.5200 0.5600 0.58000.58000.5800

LUNG 0.7127 0.6765 0.7245 0.7833 0.6601 0.8015 0.7833 0.83250.83250.8325

PRO-GE 0.5817 0.6013 0.5784 0.5196 0.6142 0.6137 0.6275 0.66670.66670.6667

TABLE V
THE F-SCORE OF DIFFERENT ALGORITHMS ON NINE DATASETS.

Datasets K-means K-medoids AP DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

SOYBEAN 0.6566 0.6081 0.7322 0.7612 0.7952 0.7033 0.7548 0.81730.81730.8173

IRIS 0.8111 0.8207 0.8317 0.7462 0.8700 0.7778 0.8318 0.89930.89930.8993

WINE 0.5835 0.5979 0.6371 0.7575 0.7705 0.6358 0.7384 0.89760.89760.8976

SEEDS 0.8067 0.8067 0.7670 0.7473 0.7150 0.6020 0.8526 0.88450.88450.8845

DNA 0.5126 0.3031 0.3112 0.5400 0.55960.55960.5596 0.4641 0.4720 0.4866

COLON 0.6722 0.4167 0.6246 0.6968 0.80000.80000.8000 0.6217 0.6959 0.5912

GLIOMA 0.4634 0.4993 0.4905 0.5986 0.5504 0.3734 0.5726 0.61990.61990.6199

LUNG 0.6307 0.6780 0.5354 0.6619 0.6721 0.7142 0.6784 0.72080.72080.7208

PRO-GE 0.5386 0.5750 0.4686 0.5189 0.6259 0.5186 0.5684 0.69170.69170.6917

information about these videos provided in Table VII. Due
to the large volume of video frames in the experiments, one
frame was captured every 30 frames. The feature vector
for each image was calculated using the spatial pyramid
histogram [28], with 3 pyramid levels and 200 features. In
the experiments, the parameter k in the K-means, K-medoids
and MoSSaRT algorithms was set to match the number
of user-defined summaries, while the parameter settings for

TABLE VI
THE PUR OF DIFFERENT ALGORITHMS ON NINE DATASETS.

Datasets K-means K-medoids AP DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

SOYBEAN 0.7872 0.7660 0.8085 0.7872 0.8211 0.7649 0.8211 0.91640.91640.9164

IRIS 0.8867 0.8933 0.9000 0.6667 0.9396 0.8747 0.9273 0.95180.95180.9518

WINE 0.7022 0.7191 0.6573 0.7303 0.7940 0.6314 0.7107 0.94940.94940.9494

SEEDS 0.8905 0.8905 0.8619 0.6667 0.7385 0.7457 0.6922 0.90000.90000.9000

DNA 0.5650 0.5255 0.4052 0.5255 0.64450.64450.6445 0.5255 0.5306 0.5291

COLON 0.6359 0.5852 0.6452 0.6188 0.82320.82320.8232 0.6516 0.6942 0.6705

GLIOMA 0.5600 0.5800 0.6400 0.5800 0.5772 0.5700 0.5920 0.68000.68000.6800

LUNG 0.8064 0.7783 0.8571 0.6847 0.6921 0.8015 0.8186 0.86850.86850.8685

PRO-GE 0.5822 0.5980 0.5882 0.5098 0.6484 0.6137 0.6643 0.69800.69800.6980

the other algorithms remained unchanged from the previous
section.

TABLE VII
THE VIDEO DATASETS USED IN THE EXPERIMENT.

Video datasets Format Duration Frame rate Frame count

Video 88 avi 139s 30fps 4200
Video 89 avi 96s 30fps 2880
Video 90 avi 179s 30fps 2370
Video 92 avi 109s 30fps 3266
Video 106 avi 171s 30fps 4290
Video 109 avi 30s 30fps 904

The optimal accuracies of different algorithms on the six
video datasets are reported in Table VIII. It can be observed
that the accuracy of CSS-DS3 is significantly higher than
those of K-means, K-medoids, and AP. Compared to DS3,
CSS-DS3 shows a notable improvement in accuracy on
most datasets. In terms of average accuracy, the CSS-DS3
algorithm attains the highest video summarization accuracy,
followed by DS3.

TABLE VIII
VIDEO SUMMARIZATION ACCURACIES (%)OF DIFFERENT

ALGORITHMS.

Video data K-means K-medoids AP DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

Video 88 33.33 33.33 33.33 44.44 44.44 44.44 44.44 55.5655.5655.56

Video 89 50.00 62.50 60.00 75.00 62.50 75.00 62.50 87.5087.5087.50

Video 90 62.50 50.00 40.00 62.50 62.50 50.00 75.0075.0075.00 62.50

Video 92 50.00 50.00 56.00 62.50 50.00 62.50 37.50 75.0075.0075.00

Video 106 37.50 25.00 12.50 50.00 50.00 50.00 37.50 62.5062.5062.50

Video 109 55.56 66.67 44.44 66.67 66.67 44.44 55.56 88.8988.8988.89

Average 48.09 47.92 41.05 60.19 56.02 54.40 52.08 78.4778.4778.47

The video summaries produced by the comparison
algorithms and CSS-DS3 for Video 89 are displayed in Fig.
11. From Fig. 11, it can be seen that, compared to other
algorithms, the proposed algorithm selects more key frames.

2) Face Summarization: In this section, experiments were
conducted on the UMIST face dataset to evaluate the multiple
representative selection per cluster ability of the proposed
algorithm. The UMIST dataset consists of 575 images of 20
individuals, covering a range of poses from profile to frontal
views. For the experiment, three individuals were randomly
selected, each with 10 images, and each image was resized
to 50 × 50 pixels. The parameter settings in the experiment
are the same as those used in the video summarization. The
experimental results, shown in Fig. 12, reveal that the 6th
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Fig. 11. User summary and video summaries by different algorithms for Video 89 with user-match frames highlighted in red.

and 7th images, as well as the 21st and 23rd images selected
by the DS3 algorithm, are highly similar, indicating a lack
of diversity in the selected representatives. In contrast, the
CSS-DS3 algorithm selected three representatives for each
individual, each representative demonstrating both sufficient
representativeness and diversity. These results indicate that
when the dataset contains clear clustering structures and
requires multiple representatives per cluster, the CSS-DS3
algorithm selects representatives that are both more diverse
and representative.

(a) DS3

(b) CSS-DS3

Fig. 12. Representatives (highlighted with red rectangles) selected by DS3
and CSS-DS3 from UMIST dataset.

3) Classification: Through selecting a smaller,
representative subset of the original training data, subset
selection can boost the efficiency of supervised classification.
The selected subset is used as the new training set for

the learning algorithm, reducing computational cost and
memory requirements while maintaining or even improving
classifier performance. Due to the need to select multiple
representatives in each cluster in the experiments, which
means that the clustering structure of the dataset can be
ignored. This section primarily verify the effectiveness of
the CSS-DS3 algorithm when dealing with datasets with
unclear clustering structures. In the experiments, the USPS
[25] and MUSK [29] datasets were used, with detailed
information provided in Table IX. The parameter settings
for the seven algorithms are shown in Table X.

TABLE IX
DETAILED INFORMATION ON THE USPS DATASET AND THE MUSK

DATASET.

Datasets Samples Dimensions Classes

USPS 925 256 10
MUSK 476 166 2

The effectiveness of CSS-DS3 is evaluated using
classification accuracy and error. The classification error is
defined as

err(β) = accuracy(1)− accuracy(β), (18)

where β represents the proportion of selected samples,
accuracy(1) and accuracy(β) refer to the classification
accuracy achieved by the K-Nearest Neighbor (KNN)
algorithm [30] on the full and reduced training sets,
respectively. In these experiments, K in the KNN algorithm
is set to 1.

For the experiments, 80% of the data from each class was
randomly assigned to form the training set, and the remaining
20% was allocated to the test set. When the full training
sets from the USPS and MUSK datasets were used, the
classification accuracies obtained were 91.35% and 85.17%,
respectively.
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TABLE X
THE PARAMETER SETTINGS OF THE SEVEN ALGORITHMS ON REAL

DATASETS.

Algorithms The setting of parameters

K-means k was set to the number of required representatives
in subset selection.

K-medoids k was set to the number of required representatives
in subset selection.

DS3 The λ was taken from the range [0.01, 1] with a step
size of 0.01.

l1-ProSe The λ1, λ2, and λ3 were selected from the set
{0.1, 0.2, . . . , 1, 2, . . . , 10}.

MoSSaRT k was set to the number of required representatives
in subset selection. The λ was taken in the range
[0.01, 1] with a step size of 0.01.

CS4 The λ1 and λ2 were selected from the set {0.01,
0.02, . . . , 0.09, 0.1, 0.2, . . . , 1, 2, . . . , 102}.

CSS-DS3 λ1 was selected from {0.01, 0.02, . . . , 0.09,
0.1, 0.2, . . . , 1}, λ2 was selected from
{1, 10, . . . , 100}.The parameters d and q were
selected from {6, 7, 8, 9, 10} and {10−2, 10−1, 1}.

Each experiment was conducted five times, and the
average classification accuracies and errors were reported.
The results are presented in Tables XI, XII, XIII, and
XIV. As shown, on the USPS and MUSK datasets,
the CSS-DS3 algorithm achieves the highest classification
accuracy, except when β = 0.35. The results demonstrate
that utilizing the CSS-DS3 algorithm to summarize the
training set for classification tasks effectively reduces the
computational cost of the classification algorithm while
maintaining classification performance.

TABLE XI
CLASSIFICATION ACCURACIES (%) OF SEVEN ALGORITHMS ON THE

USPS DATASET.

β Kmeans Kmedoids DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

0.05 75.68 76.76 75.68 73.51 78.05 56.76 79.4679.4679.46
0.10 82.16 78.92 78.38 81.62 81.56 57.84 83.2483.2483.24
0.20 84.86 84.32 86.31 85.41 85.43 70.81 87.0387.0387.03
0.35 87.57 87.57 87.93 88.1188.1188.11 87.59 76.76 87.93

TABLE XII
CLASSIFICATION ERRORS (%) OF SEVEN ALGORITHMS ON THE USPS

DATASET.

β Kmeans Kmedoids DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

0.05 15.67 14.59 15.67 17.84 13.3 34.59 11.8911.8911.89
0.10 9.19 12.43 12.97 9.73 9.79 33.51 8.118.118.11
0.20 6.49 7.03 5.04 5.94 5.92 20.54 4.324.324.32
0.35 3.78 3.78 3.42 3.243.243.24 3.76 14.59 3.42

TABLE XIII
CLASSIFICATION ACCURACIES (%) OF SEVEN ALGORITHMS ON THE

MUSK DATASET.

β Kmeans Kmedoids DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

0.05 61.46 58.33 63.54 57.29 60.49 62.50 69.7969.7969.79
0.10 66.67 63.54 66.67 61.46 64.34 70.83 73.9673.9673.96
0.20 72.92 72.92 76.04 68.75 72.13 75.00 77.0877.0877.08
0.35 76.04 78.12 78.13 78.15 78.75 82.2982.2982.29 81.25

V. CONCLUSIONS

In this paper, we propose a clustering structure sensitive
DS3 algorithm by adding a low-rank penalty to the
original DS3 model. When the data exhibits a clear

TABLE XIV
CLASSIFICATION ERRORS (%) OF SEVEN ALGORITHMS ON THE MUSK

DATASET.

β Kmeans Kmedoids DS3 l1-ProSe MoSSaRT CS4 CSS-DS3

0.05 23.71 26.84 21.63 27.88 24.68 22.67 15.3815.3815.38
0.10 18.50 21.63 18.50 23.71 20.83 14.34 11.2111.2111.21
0.20 12.25 12.25 9.13 16.42 13.04 10.17 8.098.098.09
0.35 9.13 7.05 7.04 7.02 6.42 2.882.882.88 3.92

clustering structure, the strong ability of low-rank constraints
to detect the clustering structure makes subset selection
easier. This manifests in the algorithm being more robust
to sparsity regularization parameters, enabling easier and
more accurate determination of representatives. Additionally,
when selecting multiple representatives for each cluster,
determining the clustering structure first and then performing
subset selection can ensure that the selected representatives
are more diverse. Finally, the algorithm can select
representatives even when dealing with datasets lacking clear
clustering structures, thereby increasing its applicability to
various datasets. The algorithm framework based on ADMM
and AIRLS also gives the CSS-DS3 algorithm the potential
to handle large datasets. Experiments on both synthetic
and real-world datasets demonstrate the superiority of the
algorithm.

In practical applications, the datasets encountered may be
flawed. For example, the datasets may have missing entries.
Machine learning methods for dealing with such datasets
have always been a hot topic in machine learning research
[31], [32], [33], [34]. However, research on sparse subset
selection for datasets with missing entries is rare. Future
work will explore the joint use of sparsity and low-rank
penalization to develop subset selection algorithms capable
of effectively handling datasets with missing entries.
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