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Abstract: The key to high-dimensional clustering lies in discovering the intrinsic structures and
patterns in data to provide valuable information. However, high-dimensional clustering faces
enormous challenges such as dimensionality disaster, increased data sparsity, and reduced reliability
of the clustering results. In order to address these issues, we propose a sparse clustering algorithm
based on a multi-domain dimensionality reduction model. This method achieves high-dimensional
clustering by integrating the sparse reconstruction process and sparse L1 regularization into a deep
autoencoder model. A sparse reconstruction module is designed based on the L1 sparse reconstruction
of features under different domains to reconstruct the data. The proposed method mainly contributes
in two aspects. Firstly, the spatial and frequency domains are combined by taking into account
the spatial distribution and frequency characteristics of the data to provide multiple perspectives
and choices for data analysis and processing. Then, a neural network-based clustering model with
sparsity is conducted by projecting data points onto multi-domains and implementing adaptive
regularization penalty terms to the weight matrix. The experimental results demonstrate superior
performance of the proposed method in handling clustering problems on high-dimensional datasets.

Keywords: high dimensional; clustering; multi-domain; sparsity; regularization

MSC: 62H30; 68T07; 68T09

1. Introduction

Clustering is one of the fundamental topics in machine learning to explore correlations
within data by partitioning a set of samples into a number of homogeneous clusters [1]. It
is intensively applied to security, text mining, image processing, bioinformatics and other
fields [2]. Under the situation of no prior knowledge or a small amount of prior knowledge,
clustering models usually classify data according to the similarity or dissimilarity measure
between data, where the aim is to make intra-class data tend to be highly similar while
inter-class data tend to be highly different [3]. To discover useful information hidden in a
large amount of data, it helps to divide the data into several different groups with similar
features. There is currently a large amount of research on clustering, such as centroid-based
clustering, hierarchical clustering, and spectral clustering, to provide better understanding
of the structure and discovers patterns and trends in the data. However, clustering on
high-dimensional data remains a challenging research topic.

High-dimensional data are widely used in fields such as computer vision. Compared
to low-dimensional data, high-dimensional data can provide richer information, help to
gain a deeper understanding of the data and discover hidden complex relationships, lead-
ing to more accurate predictions. However, in high-dimensional data, there is often a large
amount of redundant information, which poses great challenges to data processing and
even leads to the problem of the “curse of dimensionality”. This also makes a predicament
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in clustering analysis, causing the failure of traditional clustering methods in dealing with
high-dimensional data. As the dimensionality of data increases, the difficulty of cluster-
ing also increases. Therefore, continuing to explore new methods of high-dimensional
clustering to address the challenges of big data is of great significance.

The high-dimensional clustering mainly confronts the following challenges:

*  Asthe dimension of data increases, a large number of irrelevant attributes emerge in
high-dimensional datasets, which cannot form obvious data clusters in all dimensions.
In high-dimensional space, the distribution of data points becomes sparser, and it is
hard to find the correct clustering structure. Different distance measurement methods
may generate different clustering results.

¢ Inhigh-dimensional data, data points becomes increasingly similar and the distance
between them becomes more blurred. In this situation, traditional clustering methods
often fail to fully capture the intrinsic structure of data, making it difficult to effectively
identify and distinguish different data categories.

To address these problems, researchers have proposed various methods including
ensemble clustering clustering, subspace clustering, and dimensionality reduction-based
clustering. Huang et al. [4] introduced a new multi-directional integrated clustering method
to solve the curse of dimensionality in high-dimensional data by creating a large number of
diverse metrics and utilizing consistency functions to explore clustering diversity. Jia et al. [5]
proposed a unified numerical and classification attribute weighting scheme based on subspace
clustering, which quantifies the contribution of attributes to clustering by considering inter-
cluster differences and intra-cluster similarity, thereby improving the processing ability of
high-dimensional data. Hou et al. [6] proposed a new framework called discriminative
embedding clustering, which iteratively alternates dimensionality reduction and clustering to
improve the ability to efficiently process and manage large-scale high-dimensional data.

Clustering algorithms such as k-means and hierarchical clustering typically rely on
manually designed features or similarity measures, which is limited when dealing with
complex high-dimensional data. In recent years, deep learning has been used to improve
clustering performance significantly. It can discover intricate patterns in data by learning
feature representations and improve clustering performance. In 2022, Peng et al. [7] directly
established interpretable neural layers to achieve end-to-end clustering learning. Inspired by
this, we propose a sparse clustering model based on a multi-domain dimensionality reduction
architecture (SMDR). Furthermore, the proposed model accounts for features within both the
frequency domain and spatial domain information to facilitate a more comprehensive data
analysis and foster improvements in clustering efficiency. On the one hand, the spatial part
directly extracts features from data to obtain intrinsic law with intuitive characteristics of the
high-dimensional data. On the other hand, frequency features mirror the contributions of
each frequency component through decomposing data into different frequency components
to capture more refined and complex information in high-dimensional data.

Our contributions of this work are summarized as follows:

*  We present a sparse learning-based architecture with adaptive regularization to
achieve clustering in high-dimensional data. An automatic encoder model is de-
signed to generate sparsity in weights and reduce the complexity of clustering based
on the multi-domain dimensionality reduction.

*  The spatial information and frequency characteristics of data are combined to learn
domain-invariant feature representation. This combination improves noise resistance,
extracts rich features, achieves dimensionality reduction and compression, and pro-
vides more information and choices for data analysis and processing.

Compared with the TELL model [7], the proposed method amalgamates insights
from both spatial and frequency domains to enhance clustering accuracy and robustness.
This integration aims to mitigate inaccuracies and incompleteness in clustering outcomes,
thereby facilitating a more nuanced description and analysis of data. SMDR enhances
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sparsity by introducing an adaptive regularization penalty term in the weight matrix to
learn domain-invariant feature representation from both the spatial and frequency domains.

The remainder of the paper is organized as follows. Section 2 briefly introduces the
related works for high-dimensional clustering. In Section 3, we detail the SDMR framework.
Section 4 reports the experimental results on three benchmark datasets. Section 5 concludes
the paper.

2. Related Work

High-dimensional clustering is one of the hot research topics that have attracted much
attention in the past few years. A number of methods have been developed in traditional
clustering and deep learning to realize clustering for high-dimensional data.

2.1. Clustering for High-Dimensional Data

High-dimensional data clustering usually suffers from the problem of data space
sparsity. To address this issue, Jing et al. [8] extended the k-means clustering to process the
weight of each dimension in each cluster and identify the subsets of important dimensions.
Castelli et al. [9] proposed a singular value decomposition clustering such that the perfor-
mance of nearest neighbor queries decreases with the increase in the number of dimensions.
It groups homogeneous points into clusters and uses singular value decomposition to
reduce the dimension of each cluster separately. To reduce the computational cost of the k-
nearest neighbor method, Almalawi et al. [10] proposed a novel k-nearest neighbor method
based on various width clustering. It first employs the global width for clustering, and
then makes use of suitable local width recursive clustering. Ordonez et al. [11] proposed
an effective disk-based k-means clustering to realize the effective clustering of data only by
scanning the dataset a limited number of times. Rathore et al. [12] proposed FensiVAT clus-
tering for large-scale high-dimensional data by leveraging dimensionality reduction and
intelligent sampling strategies. To address the issue of requirement to preset the number
of clusters for most clustering algorithms, Guan et al. [13] proposed a Density Mountains
Separation (DEMOS) clustering algorithm. DEMOS determines the number of clusters by
pruning density peaks within a density-boosting cluster tree. To solve the problem that the
intrinsic structure of the data is destroyed, Zhao et al. [14] proposed a new fuzzy k-means
clustering model for performing clustering tasks on flexible manifolds. The model is based
on the fuzzy clustering of contraction patterns with the desired manifold structure.

2.2. Deep Learning Method

In recent years, deep learning has been widely used in clustering. Yang et al. [15]
proposed an end-to-end deep multi-view clustering model with collaborative learning to
predict the clustering results. Xu et al. [16] proposed a self-supervised discriminative fea-
ture learning for deep multi-view clustering. To better apply spectral clustering in unsuper-
vised learning, Zhao et al. [17] introduced a deep learning framework with fully connected
layers for learning a mapping function, replacing the traditional Laplacian matrix eigen-
value decomposition. Existing text-clustering algorithms suffer from high-dimensional and
sparsity problems, and ignore text structure information. To meet these challenges, Guan
et al. [18] proposed a deep feature-based clustering method to incorporate pre-trained
text encoders into the text-clustering task. Clustering methods based on deep learning
usually have the shortcomings of high complexity and requirements. Li et al. [19] proposed
a self-supervised self-organizing clustering network to jointly learn feature extraction and
feature clustering, thereby achieving a single-stage clustering method. Huang et al. [20]
proposed a novel end-to-end deep clustering method with prototype scattering and for-
ward sampling functions to make full use of both the contrast and non-contrast processes.
Wang et al. [21] proposed a deep non-parametric Bayesian method to avoid the demand of
knowing the number of clusters in traditional clustering methods and applied it to dual
unsupervised joint learning of image clustering. To solve the problem that global clustering
loss destroys the local geometry of the underlying data, Wang et al. [22] proposed a local to
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global deep clustering method based on approximately uniform manifolds in a two-stage
manner. To combine representation learning and clustering, Chang et al. [23] reconsidered
the definition of clustering tasks and developed a deep self-evolving clustering to jointly
learn representations and cluster data. The encoder-decoder architecture limits the depth of
the encoder, which severely reduces the ability to learn. To solve this problem, Ji et al. [24]
proposed a decoderless variational deep embedding for clustering. To address the limi-
tations of intrinsic linear and fixed structures, Li et al. [25] developed an adaptive deep
clustering method to embed structured graph learning with adaptive neighbors into deep
autoencoder networks. Deep generation model-based clustering methods have received a
lot of attention due to their ability to learn promising potential embeddings from raw data.
Yang et al. [26] proposed a novel clustering method based on a variational autoencoder
with spherical latent embedding. Wu et al. [27] proposed a novel approach based on neural
networks to achieve two related tasks and resolve their differences in an end-to-end manner.
Wu et al. [28] combined subspace clustering with deep semi-supervised feature learning
to face the challenge that the number of marker data for feature learning in deep neural
networks is limited. In terms of learning adaptive sparse regularizers from a given input
data for a specific task study, Wang et al. [29] proposed a deep sparse regularizer learning
model that adaptively learns data-driven sparse regularizers. Peng et al. [7] developed the
TELL model, which implements discrete k-means into a differentiable neural network with
inherent interpretability and transparency. In TELL, an interpretable plug-and-play neural
module is proposed as a differentiable alternative to the vanilla k-means for spatial cluster-
ing. It demonstrates significant advantages in interpretability and clustering performance
and is one of the few explainable artificial intelligence studies focusing on unsupervised
learning and data clustering.

Some clustering methods are based on learning domain-invariant representation.
Lin et al. [30] proposed an efficient cross-clustering classification algorithm on non-geometric
attributes of spatial clustering. It combines the information of two domains, iterating the
clustering algorithm on the optimization domain and iterating the classification algo-
rithm on the constrained domain, to effectively achieve the target clustering. Werner [31]
proposed a multi-domain autoencoder model, abbreviated as MD autoencoder, for multi-
domain research. In this paper, we propose a sparse clustering algorithm based on multi-
domain dimensionality reduction model. By integrating sparse reconstruction process and
sparse L1 regularization into the autoencoder model, the method can perform effective
dimensionality reduction and clustering on the given high-dimensional data.

3. Sparse Clustering Algorithm Based on Multi-Domain Dimensionality
Reduction Autoencoder

3.1. Multi-Domain Autoencoder

In this paper, we aim to achieve high-dimensional clustering in an end-to-end model.
The sample data are encoded and mapped to a low-dimensional representation space
from two domains. A multi-domain joint loss function is designed to guide the model to
capture valuable information for clustering. The cluster loss part measures the importance
of features between each cluster and the reconstruct loss part measures the reconstruction
ability of data. The regulation term is used to inspire sparsity.

In its spatial form, the loss function is:

(W) = £ L ()l () )
n=1u=
RO(H0) = S (o (7)) .
(W) = 5D - R0 (W) 3
L (W) = n)\leElli(w(l))+L§32(W(l))
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where W() is the weight matrix of the clustering layer, LSL)‘ (W(l)) is the clustering loss in
the spatial domain, 7 is the index of the sample data, N is the number of sample data, u is the

index of clusters, U is the number of clusters, .%, (X,gl) ; WD) is the attention of the sample

data in the uth spatial domain in the uth cluster, X,(ql) is the sample data, x,(}) (W(l)) is the
clustering center of the uth cluster, }A(,(ql) (W(l)) represents the reconstructed sample data,
fw (+) represents the encoder, g, (+) represents the decoder, L) (W(l)) represents the

reconstruction loss in the spatial domain, A = 0.01 weights the two losses, and LM (W(l))

represents the total loss in the spatial domain.

Then, we convert the sample data to the frequency domain by wavelet transform. The
inner products of the wavelet transform matrix and wavelet coefficient matrix obtain new
sample data at different scales and displacements.During the clustering process, frequency
domain information is captured, and noises are separated. For X(1), the discrete form of
wavelet transform can be represented as

x{? = Qc
C _ QTXr(zl) (2)
Q = yjx(P)=27"2p(2P k)

(2)

where X;;~ represents the sample in the frequency domain after wavelet transform; Q is the
wavelet transform matrix, which is also the value of the wavelet basis function at each pixel
point; C is the wavelet coefficient matrix; Xfll) represents the data in the spatial domain;
; x represents the wavelet basis function; j represents the scale of the wavelet function ; P
is the position matrix under the uth data; ¢ is the mother wavelet function with scale 1 and
translation 0; and 27//2 is a scaling factor used to adjust the scale of wavelet functions. We
use the above transformations to obtain sample data X(?) in the frequency domain. The

loss function in the frequency domain is:

) - £ L (e - ()
R0 = s (e (52 .
LA (W2 = znx -2 (W®)]3

L2 (w(Z)) — /\LE‘IL)L (W(2)> +1 (W(2)>

where W) is the weight matrix of the clustering layer, L( ) (W( )) is the clustering loss

in the frequency domain, .%, ( ,(12), w2 )) generates sparsity in the frequency domain in

the uth cluster, x&z) (W(z)) is the clustering center in the frequency domain of the uth

(2)

cluster, X;;”’ represents the reconstructed sample data in the frequency domain, f;;«)(-)

and g}y (-) are the same encoder and decoder as before but the parameter changes to w®,

and L%) (W(2)> is the reconstruction loss in the frequency domain, while L@ (W(2)> is the

total loss under the frequency domain.
The frequency domain and spatial domains are integrated to construct an autoencoder
in different domains. The specific workflow diagram is shown in Figure 1.
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Figure 1. Sparse clustering algorithm flowchart under multi-domain autoencoder.
Each loss function part is as follows:
1 2
Lgy(W) = ngb)l (W(1)> + Lgl»)z (W(2)>
N U
= L (4 (6 WO)Ix0 i (W) 3+
n= =
2 2 2
2, (X w@) | xP - P (W) 3) @
L) = L (WO 1 12 (W)
N 1) o0 2) o2
= x (1% =KD (WO) 5+ 2 - R (w))3)
n—=
Lmup(W) = ALcy(W) 4 Lrec(W)

where L, (W) is the clustering loss, L,,.(W) is the reconstruction loss, and Lyp (W) is
the total loss under multi-domains. At this point, we have obtained the self-encoder in
multi-domains.

3.2. Sparse L1 Regularization Model

We propose a sparse L1 regularization to generate sparsity in the model-training pro-
cess. This integrated approach implements an adaptive penalty term on the weight matrix:

p(W) =c(|Wo (I-W)li+ W) ®)

where ¢ is the sparsity-induced function, taking the sigmoid function; ® is the Hadamard
product; ||-||; represents the L1 norm of weight matrix; and I is a all-one matrix with
the same dimensions as W. The |W ® (I — W)||; term penalizes the elements in the W
matrix that are close to 0.5, that is, W and 1 — W will approach 0 at these positions. ||W||;
encourages the elements in W to approach 0, thereby achieving sparsity, and adjusts the
degree of regularization accordingly based on the input parameters. Considering that we
are studying a multi-domain problem where there are multi-network weight matrices, we
rewrite p(W) as ppr(W)

p(W) = X o([W0 e (1= W) 1+ W ) ©

m=
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where m is the index of the domain, M is the number of domains (here M = 2), and the
weight matrices on the clustering layer are W(1) and W(?) , W = {W(l), w® } . Apply it

to the loss function and obtain the final loss function Ly, (W):
Ltotar (W) = Ldu(W) + Lyec(W) + PZ(W) 7)

We employ the L1 norm to generate sparse solutions, optimizing the 0 — 1 property of
the function, and then utilize ¢ to control the sparsity of function, thereby optimizing the
calculation of clustering analysis errors. The flowchart is shown in Figure 2.

Ligiat (W) = Ly (W) + Lo (W) + ps (W)

Cluster layer

Encoder layer Decoder layer

sparse
e

Figure 2. Algorithm flowchart for adding sparse L1 regularization terms.

As shown in Figure 2, we add the regularization term p, (W) to the loss function of the
autoencoder in multi-domains. In the optimization process, some elements in the weight
matrix of the clustering layer are penalized to become or approach 0. This also makes the
proposed model robust to irrelevant or meaningless noise. This reduces the influence of
noise features, making clustering more concentrated and accurate.

The algorithm is as shown in Algorithm 1. As for the complexity of the algorithm, the
analysis is mainly divided into the following three parts. For the first part, the encoding
and decoding process, the complexity is O(P), and P is the dimension of the input sample
data. For the second part, calculate the loss function, which includes calculating the time
complexity of soft labels as O(U), where U is the number of cluster centers; calculating
the time complexity of hard labels as O(batch_size), where batch_size is the number of
samples in each batch; and calculating the time complexity of delta as O(batch_size x U).
Thus, the reconstruction loss time complexity can be calculated as O(batch_size x U) and
the clustering loss time complexity as O(P), so the time complexity of the loss function is
O(batch_size x U + P). For the third part, parameter updates and gradient updates have a
time complexity of O(P). The time complexity of updating cluster layer weights is O(U),
so the time complexity of parameter updates is O(P + U). Consequently, the complexity of
the proposed algorithm in each iteration is O(3P + batch_size x U).
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Algorithm 1: Sparse clustering algorithm based on multi-domain autoencoder.
Data: Random 80% of training dataset X.
Result: Clustered loss L., (W), reconstruction loss Ly..(W), NMI, ARI, ACC,
AMI, Homogeneity, Complete.
1 Download sample data X, normalize it to spatial domain X(1), set network
parameters, divide data into multiple small batchs;

2 Use wavelet transform to convert X(1) to X() in frequency domain;
3 for1 — Nepocy do

for x5 X,Sl) or X? - X,(12) do

4 ) )
5 Erzlcode; l
6 if Current epoch is odd: then
7 ‘ Directly compute cluster_batch(batch=500);
8 end
9 else
10 ‘ Compute cluster_batch using detach;
11 end
12 Use softmax on cluster_batch to compute soft_label;
13 Create delta matrix by setting the maximum element in each row of
soft_label to 1;
" Laa(W) = D0 EiLy (2 (3w ) 130 = ) (W ) 13+
15 L (Xr(lz); W(z)) 17— x? (W(Z)) ||§) ;
16 Decode;
v Lee(W) = TNy (IX87 = &0 (W) 3+ 1 x82 = 217 (W) 3);
18 Lymp(W) = ALy (W) + Lrec(W);
19 Optimizer;
20 end
21 end

4. Experimental Results and Analysis
4.1. Experimental Setup and Datasets

In this experiment, we implement all the results on a 3-node, 90-core ThinkSystem
SD630 306 V2 with Python 3.9 and PyTorch 2.0.1. The proposed method is evaluated using
three datasets from the torchvision library: MNIST, CIFAR-10, and CIFAR-100 datasets.
Specifically, the MNIST dataset consists of a widely used collection of handwritten digit
images, including digits 0 to 9, with a total of 70,000 images divided into 10 classes. Each
image is a 28 x 28 pixel grayscale image represented by a handwritten digit. The CIFAR-10
dataset is comprised of 60,000 RGB images, each measuring 32 x 32 pixels, and assigned
to one of ten different classes. Similar to CIFAR-10, the CIFAR-100 dataset contains a set
of 60,000 RGB images of size 32 x 32 x 3 from 100 fine-grained classes, which belong to
20 coarse-grained super-classes. The corresponding description is given in Table 1. It
is worth noting that we conduct experiments on the 20 super-classes of CIFAR-100 and
compare the performance on 20 super-classes.

Table 1. The used datasets.

Datasets Classes Size Dimensionality
MNIST 10 70,000 28 x 28
CIFAR10 10 60,000 32 x 32

CIFAR100 100 60,000 32 x 32
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The SMDR model utilizes a convolutional autoencoder to derive 10-dimensional fea-
tures from the input data, which are subsequently employed for clustering purposes at
the clustering layer. The encoder is made up of four convolutional layers conv(1,16,3,1,1)-
conv(16,32,3,2,1)-conv(32,32,3,1,1)-conv(32,16,3,2,1), and then is followed by two fully
connected layers fc(256)-fc(10). Here, conv(1,16,3,1,1) denotes the configuration of a con-
volutional layer with 1 input channel, 16 output channels, a convolution kernel size of
3, a stride of 1, and a padding of 1. Additionally, the notation fc(256) denotes a fully
connected layer comprising 256 neurons. Batch normalization is implemented following
each convolutional layer, with ReLU activation applied after each layer except for the
final fully connected layer. The decoder component functions in an inverse manner to
the encoder. The clustering layer is a fully connected layer that allows for the selection
of the desired number of clusters. Both the convolutional autoencoder and the clustering
layer are initialized randomly with Kaiming uniform [32], and then they are trained to-
gether for 3000 epochs using the default Adadelta [33] optimizer. In addition, there are no
hyper-parameters that need to be tuned in our proposed method.

4.2. Experimental Results and Analysis

We adopt seven evaluation metrics to assess the experimental results, namely, Accu-
racy (ACC), Adjusted Rand Index (ARI), Normalized Mutual Information (NMI), Adjusted
Mutual Information (AMI), Homogeneity (Homo.), Completeness (Comp.), and V-Measure
(V_Mea.). An important point to note is that higher values are preferable for all seven
metrics. ACC is the proportion of accurately predicted instances compared to the total
number of instances. ARI reflects the degree of overlap between two partitions. The Rand

Index (RI) is defined as
a+b n
RI=2"7 (7> =2, ®)

() 12
where a represents the number of instance pairs that are clustered in the same category
C and in the same cluster K, and b is defined as the number of instance pairs that are
categorized differently in C and clustered differently in K. Based on this, we define ARI as
RI — E[RI]

ARD = X (RD) — ERT]" ©)

NMI is used to measure the similarity of the clustering results. Mutual Information (MI))
is defined as
P(x,y)

MI(X;Y) = ;;P(x,y) log PP’ (10)

where the joint distribution of two random variables (X, Y) is denoted as P(x, y), and their
marginal distributions are represented as P(x) and p(y), respectively:

MI(X,Y)

MG = Fx), 1Y)

(11)

H (x) represents the entropy of information, and F(x, y) can be the min, max functions,
geometric mean function, or arithmetic mean function. AMI is denoted as

MI(X,Y) — E[MI(X,Y)]

AMI(X,Y) = F(H(X),H(Y)) — E[MI(X,Y)]

(12)
Homo. measures whether a clustering algorithm divides the data into homogeneous

groups, meaning clusters consist solely of samples from the same category:

H(CIK)
H(C) -

Homo.=1— (13)
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Comp. is used to measure whether a clustering algorithm’s partitioning of data is com-
plete, meaning whether samples from the same category are assigned to the same cluster:

H(K|C)
H(K) -
V_Mea. is a comprehensive evaluation metric that takes into account both homogene-

ity and completeness, and it can be used to assess the quality of a clustering algorithm’s
partitioning of data:

Comp. =1— (14)

(14 B) x Homo. x Comp.

V_Mea. =
—ven B x Homo. 4 Comp.

(15)

4.2.1. Experimental Comparisons

At the beginning of the experiment, we compare SMDR with seven popular clustering
methods on the MNIST dataset. These methods include one deep learning-based clustering
method (TELL [7]), two large-scale clustering methods (SLRR [34], LSC [35]), three subspace
clustering methods (SC [36], LRR [37], LSR [38]), and vanilla k-means. It should be noted
that we adjusted the hyperparameters of the methods being compared in the experiments.
The results of the comparison are displayed in Table 2.

Table 2. Clustering performance on MNIST dataset.

Methods NMI (%) ARI (%) ACC (%) Parameter
SLRR 7.6 5.6 21.8 2.1
LSC-R 56.7 46.0 59.6 6
LSC-K 69.9 60.8 72.1 6
SC 73.2 62.2 71.3 1
LRR 10.4 10.0 21.1 10.01
LSR1 31.5 21.4 404 04
LSR2 30.0 20.0 414 0.1
k-means 77.8 70.5 78.3 —
TELL 82.8 75.9 80.8 —
SMDR 85.7 84.2 91.7 —_

The clustering performance on the MNIST dataset displayed in Table 2, where bold
numbers indicate data in which this model exceeds others, shows that SMDR outper-
forms the other clustering methods in all three evaluation metrics, demonstrating superior
clustering performance on MNIST. Since TELL outperforms other clustering methods in
the evaluation metrics, a more in-depth comparison with TELL will be conducted on the
MNIST, CIFAR10, and CIFAR100 datasets to better understand the performance of SMDR.

4.2.2. The Comparison Results of SMDR and TELL on the MNIST Dataset

The comparison results of the clustering centers of SMDR and TELL on the MNIST
dataset are shown in Table 3. During the training phase, both models are trained to identify
the clustering centers of the MNIST dataset. Nevertheless, the TELL model exhibits an
inability to accurately capture the entirety of these clustering centers. For instance, it is
shown that at Epoch = 50, the model TELL encounters difficulty in accurately distinguishing
between the digits “1”, “4”, and “9”, while the model SMDR demonstrates only a slight
differentiation issue between the digits “4” and “9”. Although SMDR initially fails to
separate “4” and “9”, it successfully distinguishes them when Epoch = 1000. During the
training phase, both models are trained to identify the clustering centers of the MNIST
dataset. Nevertheless, the TELL model demonstrates an inability to accurately capture the
entirety of these clustering centers. For instance, it is shown that at Epoch = 50, the model
TELL encounters difficulty in accurately distinguishing between the digits “1”, “4”, and
“9”, while the model SMDR exhibits only a slight differentiation issue between the digits “4”
and “9”. Notably, in this situation, TELL still has not managed to differentiate “1”, “4”, and
“9”. Therefore, the proposed model achieves the global optimal faster compared to TELL.
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Table 3. Comparison of clustering centers for SMDR and TELL [7] on the MNIST dataset.
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Table 4 presents a comparison of the clustering performance achieved by SMDR and
TELL algorithms on the MNIST dataset. Both models successfully partition the dataset
into ten clusters. However, it is shown that after multiple iterations, the SMDR clustering
performance plot shows larger distances between clusters and tighter intra-cluster cohesion.
In this situation, SMDR outperforms TELL in terms of clustering quality.



Mathematics 2024, 12, 1526 12 of 16

Table 4. Comparison of clustering performance for SMDR and TELL on the MNIST dataset.
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The evaluation indicators of SMDR on MNIST are all higher than those of TELL as
shown in the data in Table 5. Although the increase in some indicators is not obvious, the
value of other indicators is greatly improved. As far as ARI is concerned, SMDR exceeds
TELL by 8.3%, which means that the clustering results are more consistent with the labels,
indicating that our proposed clustering algorithm has better performance. In particular,
ACC is 10.9% higher than TELL, and the prediction accuracy is greatly improved, which
can prove the superiority of the SMDR model.

Table 5. Clustering performance for SMDR and TELL on the MNIST dataset. Bold numbers indicate
data in which this model outperforms other models.

MNIST
NMI (%) ARI(%) ACC(%) AMI(%) Homo.(%) Comp.(%) V_Mea.(%)
TELL 82.8 759 80.8 82.8 82.2 83.5 82.8
SMDR  85.7 84.2 91.7 85.7 85.7 85.8 85.7

4.2.3. The Comparison Results of SMDR and TELL on CIFAR Dataset

The clustering performance of SMDR and TELL on the CIFAR-10 dataset is presented
in Table 6. It can be observed from Table 6 that the clustering evaluation metrics of SMDR
and TELL on CIFAR-10 are not significantly different, with SMDR only surpassing TELL
in terms of accuracy. For CIFAR-100, which has higher data complexity, we conduct
clustering on its 20 super-classes, and the comparison of clustering accuracy is shown in
Table 7. It is not difficult to see that SMDR has higher accuracy than TELL on super-classes
such as S6 and S7. However, the difference in accuracy between the two methods is not
significant in other super-classes. This demonstrates the excellent performance of SMDR
on complex datasets.

Table 6. Clustering performance of SMDR and TELL on CIFAR-10 dataset. Bold numbers indicate
data in which this model outperforms other models.

CIFAR10
NMI (%) ARI(%) ACC(%) AMI(%) Homo.(%) Comp.(%) V_Mea. (%)
TELL 10.5 53 23.1 10.5 10.2 10.8 10.5
SMDR 9.4 49 24.0 9.4 9.2 9.6 9.4

Table 7. Clustering accuracy on the 20 super-classes of the CIFAR-100 dataset. Bold numbers indicate
data in which this model outperforms other models.

S1 (%) 52 (%) S3 (%) 54 (%) S5 (%) 56 (%) S7 (%) S8 (%) S9 (%) 510 (%)

TELL 36.2 37.9 31.9 33.0 38.8 30.9 30.4 32.1 30.6 32.0
SMDR 329 32.6 29.5 35.7 38.8 33.1 35.2 35.1 26.5 32.8
S11 (%) S12 (%) S13 (%) S14 (%) S15 (%) 516 (%) $17 (%) S18 (%) $19 (%) S20 (%)
TELL 43.8 279 28.1 31.2 25.8 35.6 32.3 33.1 30.1 41.0
SMDR 40.3 28.6 26.0 30.7 26.0 354 31.9 32.6 30.0 40.8

4.3. Ablation Study

To gain a more comprehensive understanding of the effectiveness and robustness
of the method we proposed, we conduct three ablation studies based on MNIST. These
studies involve evaluating the performance of SMDR with different model structures, loss
functions, and optimizers.

4.3.1. Influence of Model Architecture

In previous experiments, SMDR relied on a convolutional autoencoder for feature
extraction. To verify the robustness of our proposed method, we conduct comparative
experiments between SMDR based on a fully connected autoencoder and vanilla k-means.
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The structure of the fully connected autoencoder is fc(500)-fc(500)-fc(2000)-fc(10), with
ReLU activation used for each fully connected layer except the last one. The decoder is the
reverse of the encoder.

Table 8 shows the comparison of clustering results of SMDR on MNIST based on
different model structures. It is apparent that both the FCN-based SMDR and the CNN-
based SMDR outperform their corresponding vanilla k-means in terms of evaluation
metrics. Furthermore, due to the powerful feature extraction capability of the convolutional
autoencoder, the CNN-based SMDR performs better in clustering than the FCN-based
SMDR. This further highlights the advantage of SMDR in feature extraction.

Table 8. Influence of model architecture on the MNIST dataset. Bold numbers indicate data in which
this model outperforms other models.

FCN CNN
NMI (%) ARI (%) ACC (%) NMI (%) ARI (%) ACC (%)
k-means 77.8 70.5 78.3 79.7 743 80.4
SMDR 82.9 82.2 91.5 85.7 84.2 91.7

4.3.2. Impact of Loss Function

In order to showcase the effectiveness of the sparse L1 regularization method that
was previously proposed, we compare the performance of SMDR on the loss function
with and without incorporating sparse L1 regularization. From Table 9, it is clear that the
role of sparse L1 regularization in clustering is undeniable. This also proves that sparse
L1 regularization can make some cluster weights in the clustering layer approach 0, thus
making the clustering results more accurate.

Table 9. Impact of loss function on the MNIST dataset. Bold numbers indicate data in which this
model outperforms other models.

NMI (%) ARI (%) ACC (%)
Loss 82.8 75.9 80.8
Loss + sparse L1 85.7 84.2 91.7

4.3.3. Influence of Optimizer

In addition to the two ablation experiments mentioned above, we implement further
evaluations of SMDR by employing different optimizers. In the experiment, we compare
two popular optimizers (Adadelta [33], Adam [39]), both with default parameters. As
shown in Table 10, it is indicated that SMDR using the Adadelta optimizer outperforms
SMDR using the Adam optimizer.

Table 10. Influence of optimizer on the MNIST dataset. Bold numbers indicate data in which this
model outperforms other models.

NMI (%) ARI (%) ACC (%)
Adam 85.3 78.8 83.6
Adadelta 85.7 84.2 91.7

5. Conclusions

In this paper, we propose a sparse clustering model based on the multi-domain dimen-
sionality reduction model to address the challenges in clustering high-dimensional data.
The model synthetically learns the spatial and frequency domain invariant information
in the data. Spatial information can provide useful information about the relationships
between data points. Furthermore, we use discrete wavelet transform to project the spatial
data into the frequency domain to provide local and frequency information. We integrate
the sparse reconstruction process and sparse L1 regularization into the automatic encoder
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to complete the feature selection of high-dimensional data. After effective dimensionality
reduction, the basic information of the original data is not lost, ensuring the accuracy of
clustering. The sparse L1 regularization effectively increases the sparsity of the cluster
layer weights, and improves the generalization performance and stability of the model.
Finally, experimental results on MNIST, CIFAR10, and CIFAR100 database demonstrate the
effectiveness of the proposed approach. In the future, we will focus on clustering on both
high-dimensional and massive data.
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