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Abstract—Deep subspace clustering methods based on autoen-
coder (AE) have achieved impressive performance in various
applications. However, these methods often place excessive re-
liance on the AE framework, which focuses primarily on pixel-
level reconstruction while overlooking the structural information
inherent in the data. To overcome this limitation, we propose
a novel approach called the Multi-level Structural Contrastive
Subspace Clustering Network (MSCSCN). Unlike traditional
AE-based methods, MSCSCN departs from the AE paradigm
and introduces multi-level contrastive prediction to improve
feature learning. Specifically, MSCSCN integrates multi-level
features from both original and augmented data within a self-
expression learning process, enhancing the learned pairwise
affinities. Additionally, we propose a structural contrastive loss,
which strengthens cluster boundary discrimination by effectively
utilizing pairwise affinities and structural information. Our
experimental results on several benchmark datasets demonstrate
that MSCSCN outperforms competitive deep subspace cluster-
ing methods, highlighting its superior capability in improving
clustering performance and capturing the underlying structural
information within the data.

Index Terms—Deep subspace clustering, Self-expression ma-
trix, Multi-level feature, Structural information.

I. INTRODUCTION

UBSPACE clustering aims to discover the intrinsic struc-

ture of the data in an unsupervised manner, segmenting
data points by effectively representing high-dimensional data
as a union of low-dimensional subspaces, thus addressing
the challenges associated with high dimensionality. Subspace
clustering has been successfully applied in various areas,
including motion segmentation [1, 2], face clustering [3, 4],
and bioinformatics [5, 6].

Subspace clustering methods leverage the self-expression
property through sparse [7, 8, 9, 10, 11] or low-rank [12, 13,
14, 15] constraints to learn pairwise affinities. These methods
assume that data points lie within linear subspaces, where
points within the same subspace can be linearly represented
by each other. However, this assumption often fails in real-
world data. To address this, recent deep subspace clustering
methods [16, 17, 18, 19, 20] utilize deep neural networks
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as nonlinear mapping functions to better handle nonlinearity,
achieving significantly improved clustering performance. One
pioneering approach, the Deep Subspace Clustering Network
(DSC-Net) [21], integrates an AE with a self-expression
layer, preserving intermediate representation information while
modeling the self-expression property. Since then, numer-
ous variants of DSC-Net have emerged, addressing various
aspects such as adversarial training [17, 22], regularization
constraints [19, 20, 23], and self-supervised learning [18, 24].
As research advances, there has been growing attention on
exploring additional attributes of the self-expression matrix,
such as structural refinement [25], the double self-expression
learning technique [26], and more.

Although DSC-Net and its variants have showed remarkable
clustering performance, they face some limitations: 1) Most
approaches focus primarily on learning high-level features and
the self-expression matrix, while neglecting the learning of
low-level features and the structural information inherent in
the data. 2) AE-based representation learning may not align
with the objectives of subspace clustering, which prioritizes
discovering discriminative features for cluster boundary iden-
tification rather than pixel-level image reconstruction.

To address these issues, we propose a novel deep subspace
clustering framework, the Multi-level Structural Contrastive
Subspace Clustering Network (MSCSCN). Moving away from
the traditional AE architecture, our approach emphasizes the
use of structural information to learn clustering-guided rep-
resentations. Specifically, we abandon the AE paradigm and
instead train the network with a multi-level contrastive loss.
Both low-level and high-level features are incorporated into
the self-expression learning process to strengthen subspace-
preserving properties. To further enhance cluster boundary dis-
crimination, we introduce a structural contrastive loss that cap-
tures clustering-guided embeddings by leveraging structured
information through pairwise affinities. The key contributions
are summarized as follows:

« We propose a novel deep subspace clustering framework,
MSCSCN, which departs from the AE paradigm by inte-
grating multi-level contrastive learning with both raw and
augmented data into the self-expression learning process,
thereby enhancing subspace-preserving properties.

e We introduce a structural contrastive loss to capture
clustering-guided embeddings, improving cluster bound-
ary discrimination by leveraging structural information
and pairwise affinities.
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II. METHODOLOGY

In this section, we present the MSCSCN framework, as
illustrated in Fig. 1. The framework comprises three modules:
multi-level feature extraction, low-rank self-expression learn-
ing, and multi-level structural contrastive prediction, each of
which is explained in detail below.

A. Multi-Level Feature Extraction

To effectively extract local features while preserving spatial
locality, we employ a multi-level convolutional neural network
consisting of several convolutional layers. Let f(-) represent
the convolutional encoder shared by both the original and aug-
mented data, with a total of L layers. f;(-) denotes the network
at layer [. Given the data points X = {x; | i =1,2,--- ,N} €
RN where d is the feature dimension and N is the number
of samples, we apply a random transformation to generate
augmented data X = {2; | i = 1,2,--- , N} € RN _ Conse-
quently, we obtain multi-level features Z; = f;(X) € R4*¥N
and Z; = fi(X) € R®*N_ where d; represents the feature
dimension at layer /. We define Z; to Z1_; as the low-level
features and Z1, as the high-level features. By leveraging both
of them, our approach ensures a more comprehensive feature
learning process that benefits subspace clustering.

B. Low-Rank Self-Expression Learning

Deep subspace clustering methods leverage the self-
expression property, which posits that a data point within a
subspace can be represented as a linear combination of other
points in the same subspace. To improve the model’s ability
to capture the global structure of the data, we employ a multi-
level low-rank self-expression loss, defined as follows:

L
Lsg ZWZ (23 2] = [20; 2] SSTH? +)‘HSSTH1’

1=1

ey
where [Zl; Zl] € R24xN g c RNXm and m is the parameter
that controls the rank of C. The self-expression matrix is
represented as a symmetric matrix of the form C' = SST.
Given that the rank of S is constrained by the smaller of the
two dimensions m and N, we set m to be significantly smaller
than NN. As a result, the rank of C' is limited, and the number
of parameters is greatly reduced. Based on the observation
that the core structure of the data remains consistent despite
minor transformations, we assert that data correlations should
remain invariant under such transformations, and the manifold
structure should be preserved. Notably, in Eq. (1), both the
original and augmented data contribute to the construction of
the similarity graph, enhancing the learned pairwise affinities.

C. Multi-Level Structural Contrastive Prediction

Data augmentation is applied to the data, resulting in 2N
points. For each data point x;, we select points with high-
confidence affinities to form positive pairs, while the remaining
2N — 2 points are treated as negative pairs. These points
are then passed through two stacked MLP layers with ReLU
activations, which nonlinearly project the representations. The
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Fig. 1: An overview of the proposed MSCSCN framework, in-
cluding multi-level feature extraction, low-rank self-expression
learning, and multi-level structural contrastive prediction.

features extracted by each layer correspond to a projection
head, leading to a set of multi-level projection heads G =
{G1,G2,...,GL}, where G;(-) -+ Gr_1(+) represent the low-
level projection heads, and Gy (-) serves as the high-level
projection head.

To incorporate each feature layer into self-expression learn-
ing, we apply self-expression mapping to obtain the repre-
sentations Z;C, which are then projected through G. This
results in Hy = [h, hb,-- kY] = G(Z,C) € RPN and
H = [iLll, b, - ﬁﬂv] = Gi(2,C) € RP*N where D; stands
for the dimension of G;(-), ! = 1.--- , L. For clarity, we define
the probability P;(z; | ;) as the likelihood that x; lies within
the same subspace as the given data point z;:

sim (b, hé)
Soay sim (bl 1) <+ sim (L, BL)

In Eq. (2), sim(a,b) represents the pairwise similarity, i.e.,

Pl(xj \ %) = )

sim(a,b) = exp % /o), where a, b denote two feature
vectors and o represents the temperature factor.

Consequently, the multi-level contrastive loss Lyc can be
formulated as the sum of the negative log-likelihoods for all
data points in the dataset. Let ¢;(x;, z;) = —log Pi(z; | x;),
we have

L N
Lyc = % Z Z (51(951', &) + 51(951‘7931‘))- 3)

1=1 i=1
Since previous methods often overlook the geometric struc-
ture among samples, their ability to capture data point sim-
ilarities is constrained. To address this issue, we propose a
structural contrastive loss, Lsc, leveraging high-level features:

N
Lsc = — o D 4
o] ; {ML(%?%)JML(%’%) @
Qij=1

In Eq. (4), we apply the spectral clustering algorithm to obtain
the pseudo-labels from the previous iteration and construct the
structural matrix Q € {0,1}V*N, where |Q| represents the
total number of ones. @);; = 1 if x; and z; belong to the
same subspace, in which case they are treated as a positive
pair, otherwise, ();; = 0. The structural matrix () quantifies
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the similarities between data samples, and is updated every T’
epochs in our method.

Unlike other contrastive subspace clustering methods [26,
27], our method builds positive and negative pairs via data
augmentation and the structural matrix. Instead of directly
operating on the self-expression matrix, our loss is applied
to features and does not rely on an AE-based framework.

By incorporating Eq. (3), the framework leverages the com-
plementary strengths of both low-level and high-level features,
thereby enhancing its ability to capture high-quality feature
representations. Eq. (4) enables the framework to identify
intra-cluster structure, thereby facilitating the extraction of
clustering-guided embeddings and subspace learning.

D. Overall Objective

The overall objective consists of the multi-level structural
contrastive loss and the self-expression loss is as:

L = alyc + Lsc + Lsg, (5)

where « is the trade-off parameter. Our training strategy
consists of two phases. First, we initialize () = I, and pretrain
the network using Eqgs. (1) and (3). We save the final clustering
assignment to initialize Q. Then we fine-tune the framework
by Eq. (5). For clarity, the procedure of our framework is
specified in Algorithm 1.

Algorithm 1 Procedure for MSCSCN framework

1: Input: Input data X, augmentation strategies, tradeoff parameters
A, a, 7y, temperature factor o = 0.1, maximum iteration M, T'.

: Initialization: @ = 1.

: Pretrain the network via Egs. (1) and (3).

: for Iter =1to M do

Fine-tune the network via Eq. (5).

if Iter%T == 0 then
Run spectral clustering to update Q).

end if

: end for

: Output: data segementation.

So@eRUE WY

—

III. EXPERIMENTS
A. Experiment Setting

We evaluate our framework through extensive experiments
on benchmark datasets, including ORL', EYaleB?, COIL20?,
MNIST#, UMIST® and COIL100°. Table I provides their de-
tailed descriptions. Then, we compare our method with bench-
mark subspace clustering approaches including SSC [28],
ENSC [29], KSSC [30], SSC-OMP [31], EDSC [32], LRR
[33], LRSC [12], DSC-Net [21], AE+SSC [21], DASC [17],
SSConSCN [18], AASSC-Net [25], LDLRSC [20], DSESC
[26] and EDS-SC[23]. As shown in Table II, consistent with
previous deep subspace clustering methods, we adopt the

Uhttp://www.cl.cam.ac.uk/research/dtg/attarchive/facedatabase.html
Zhttp://vision.ucsd.edu/extyaleb/Cropped YaleBZip/Cropped Yale.zip
3http://www.cs.columbia.edu/CAVE/software/softlib/coil-20.php
“http://yann.lecun.com/exdb/mnist
Shttp://eprints.lincoln.ac.uk/id/eprint/16081/
Ohttp://www.cs.columbia.edu/CAVE/software/softlib/coil-100.php

3
TABLE I
SUMMARY OF DATASETS
Datasets ORL EYaleB COIL20 MNIST UMIST COIL100
Number of samples 400 2432 1440 1000 480 7200
Number of classes 40 38 20 10 20 100
Image size 28x28 48x42 32x32 32x32 32x32 32x32
TABLE II

ENCODER AND HYPERPARAMETER SETTINGS OF DATASETS

Datasets Kernel Size Channels Hyperparameters {c, A, v}
ORL (3%3, 3x3, 3x3) (5,3, 3) {10,107 %,1073}
EYaleB (5%5, 3x3, 3x3) (10, 20, 30) {1072,1072,10~%}
COIL20 (3x3, 3x3) (5, 10) {10,1073,10~4}
MNIST (5%5, 3x3, 3x3) (10, 20, 30) {10-1,1073,101}
UMIST (5%5, 3x3, 3x3) (15, 10, 5) {101,1073,1071}
COIL100 (3x3, 3x3) (20, 30) {10,10~%,10~3}

same network architecture as their encoders to ensure fair
comparisons with prior approaches. However, for COIL20
and COIL100, a single-layer encoder is unsuitable for our
method. Therefore, we employ a multi-layer architecture. In
all experiments, the learning rate is set to 1.0 x1073, and
the temperature factor is set to 0.1. We use Adam as the
optimizer and set T € {3,4,5,6} for all experiments. The
output dimension of the projection head is 64 for ORL,
UMIST, and MNIST, 128 for COIL20 and COIL100, and
256 for EYaleB, with consistent settings across different levels
within each dataset. Additionally, we select the parameters at
intervals of one order of magnitude, ranging from 10~* to 102.
The specific hyperparameters are listed in the final column of
Table II. We explore various data augmentation techniques for
our framework, including random horizontal flipping across
all six datasets, and dataset-specific augmentations: contrast
and random Gaussian blur for ORL, brightness and random
Gaussian blur for UMIST, brightness and contrast for EYaleB
and MNIST, and random rotation for COIL20 and COIL100.

B. Experiment Results and Discussion

Table III summarizes the compared results in terms of ACC
and NMI across various datasets using different algorithms,
leading to the following key observations and conclusions:

o Traditional subspace clustering methods exhibit subopti-
mal performance, underscoring the significant advantages
of deep representations. For instance, on the EYaleB
dataset, our proposed method outperforms the best con-
ventional approach by a notable margin, achieving a
14.48% improvement in ACC and a 12.92% improvement
in NMI. This highlights the importance of leveraging
deep learning techniques for subspace clustering tasks.

o The incorporation of structural information plays a crucial
role in improving clustering performance, as demon-
strated by AASSC-Net. However, our method leverages
this structural information more effectively, leading to
superior results. On the MNIST dataset, our approach
outperforms AASSC-Net by 8.10% in ACC and 11.82%
in NMI, showing that the integration of structural cues
significantly enhances the clustering process.

e Our proposed MSCSCN method consistently achieves
the best performance across all datasets. For example,
on the UMIST dataset, our method improves ACC by
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TABLE III
CLUSTERING RESULTS IN TERMS OF ACC AND NMI oN ORL, EYALEB, COIL20, MNIST, UMIST AND COIL100 DATASETS

Datasets ORL EYaleB COIL20 MNIST UMIST COIL100
Methods ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI
LRSC [12] 67.75 80.82 67.43 77.19 74.16 84.52 51.40 55.76 67.29 74.98 49.33 58.10
LRR [33 81.00 86.03 84.99 86.36 81.18 87.47 69.79 76.30 53.86 56.32 40.18 4721
SSC |28 67.00 82.06 62.54 86.04 86.31 88.92 45.30 47.09 69.04 74.89 55.10 58.41
EnSC [2! g 69.25 82.20 61.14 82.43 87.60 89.52 49.83 54.95 69.31 75.69 57.32 59.24
EDSC [3 H 70.38 77.99 84.99 86.36 83.71 88.28 56.50 57.52 69.37 75.22 61.87 67.51
AE+SSC [21] 7450 88.24 7475 77.64 87.11 89.90 48.40 5337 70.42 75.15 56.07 58.71
SSC-OMP [31] 71.00 79.52 7372 78.03 64.10 74.12 34.00 3272 64.38 70.68 3271 —
KSSC [30 71.43 80.70 69.21 73.59 70.87 82.43 52.20 56.23 65.31 73.71 52.82 60.47
DSCNet [21] 86.00 90.34 97.33 97.03 94.86 94.08 75.00 73.19 73.12 76.62 69.04 70.15
ASC § 88.25 93.15 98.56 98.01 96.39 96.86 80.40 78.00 76.88 80.42 72.15 72.86
SSConSCN [18 89.50 — 98.48 — 97.86 — — — — — 73.33 —
AASSC-Net 52 ] 90.75 94.31 — — 98.40 98.29 84.60 76.09 83.54 89.02 — —
LDLRSC [ 87.50 93.25 97.86 97.11 97.78 97.58 77.70 69.01 9333 94.63 — —
DSESC [26 88.75 92.20 97.94 97.25 98.33 98.10 — — 82.50 89.10 — —
EDS-SC [23] 89.75 — 98.00 97.76 97.99 98.10 — — — — — —
MSCSCN (Ours) 91.50 94.57 99.47 99.26 99.03 99.15 92.70 87.91 95.00 95.95 75.38 83.08
TABLE IV - K
ABLATION STUDIES ON ALL DATASETS . w
Datasets ORL EYaleB COIL20 MNIST UMIST COIL100 .
Methods ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI .
Lyc+Lsg 89.25 94.19 96.67 95.78 95.53 98.12 80.40 72.57 89.38 94.42 71.57 81.49
Lsc+Lsg 89.50 94.28 98.68 98.21 92.78 96.70 92.50 87.77 93.13 95.81 69.92 82.48
Lye+Lsc+Lse 91.50 94.57 99.47 99.26 99.03 99.15 92.70 87.91 95.00 95.95 75.38 83.08 D R — P R T S a— PR
(a) DSC-Net (b) DLRSC

1.67% and NMI by 1.32%, setting a new benchmark for
subspace clustering tasks. These results demonstrate the
effectiveness of our approach, underscoring its ability to
outperform other competitive deep subspace clustering

methods.
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Fig. 2: Clustering results in terms of ACC and NMI vs.
different choices of parameter m and 7" on the EYaleB dataset.

C. Ablation Study

To assess the impact of various components within our
framework, we conduct an ablation study and present the
results in Table IV. Since our proposed framework integrates
both multi-level contrastive loss and high-level structural con-
trastive loss based on the self-expression model, we denote
“Lymc + Lsg” as the training configuration excluding Lgc,
while “Lgc + Lgg” corresponds to the configuration where
a = 0. The results highlight the importance of incorporat-
ing both structured information and multi-level features in
subspace clustering. Specifically, removing Lgc forces the
framework to treat each data point as belonging to a unique
subspace, thus restricting the exploration of both intra-sample
and inter-cluster similarities. Additionally, excluding Ly
weakens the framework’s ability to capture high-quality fea-
tures, as relying solely on high-level features for the structural
contrastive loss neglects the contribution of low-level features.

(c) DSESC (d) MSCSCN(Ours)

Fig. 3: Visualization of the self-expression matrix using dif-
ferent methods on the EYaleB dataset.

D. Parameter and Visualization Analysis

We evaluate the sensitivity of MSCSCN to the parameters
m and T through experiments and visualize a subset of
C on the EYaleB dataset to demonstrate its self-expression
capability. Here, m controls the rank of C' and is configured
within the range of 5 x K to 12 x K, where K = 64
for the EYaleB dataset. Meanwhile, T' determines the update
frequency of (). As shown in Fig. 2, the results reveal that
MSCSCN consistently achieves low clustering errors across
a wide range of m and T, highlighting its stability with
respect to parameter variations. Additionally, as shown in
Fig. 3, MSCSCN demonstrates a more distinct block-diagonal
structure, fewer inter-cluster connection errors, and stronger
intra-cluster connections compared to DSC-Net, DLRSC, and
DSESC approaches.

IV. CONCLUSION

In this letter, we propose a multi-level structural contrastive
model for deep subspace clustering. Unlike previous AE-based
methods that focus on pixel-level reconstruction, our approach
emphasizes data geometry through structural contrastive loss,
enhancing cluster boundary discrimination. By integrating
both low-level and high-level features into the self-expression
learning process, the framework improves the preservation
of subspace representations. Our experiments on benchmark
datasets demonstrate the model’s superiority over competing
subspace clustering methods.
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