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ABSTRACT

Subspace clustering has long been recognized as vulnerable
toward gross corruptions – the corruptions can easily mislead
the estimation of the underlying subspace structure. Recently,
deep extensions of traditional subspace clustering methods
have shown their great power to boost the clustering perfor-
mance. However, deep learning methods are, in themselves,
more prone to be affected by data corruptions. This moti-
vates us to design specific robust extensions for deep subspace
clustering methods. More precisely, we contribute a new ro-
bust deep framework called Duet Robust Deep Subspace
Clustering (DRDSC). Our main idea is to explicitly model
the corrupted patterns from both the data reconstruction
perspective and the latent self-expression perspective with
two regularization norms. Moreover, since the two involved
norms are non-smooth, we implement a smoothing technique
for these norms to facilitate the back-propagation of our
proposed network. Experiments carried out on read-world
vision tasks with different noise settings demonstrate the
effectiveness of our proposed method.
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1 INTRODUCTION

Subspace clustering is the process of assigning subspace
memberships to a set of unlabeled data points which are
roughly drawn from the union of an unknown number of low-
dimensional subspaces. During the past decades, subspace
clustering has successfully attracted enduring attention from
a wide spectrum of multimedia applications, such as metric
learning [41], motion segmentation [44], image segmentation
[14], and video clustering [23].

As a dominant approach in subspace clustering, spectral
type methods represents each sample by a linear combination
of the remaining samples and recovers the subspace structure
through different structure priors. The early trials in this area
restrict the data with a linear subspace assumption [7, 20, 25].
Recently, with the rise of deep learning techniques, deep neu-
ral networks, especially deep auto-encoders, are successfully
introduced into this problem to tackle non-linear data [15].
By virtue of the powerful unsupervised representation ability,
deep learning based subspace clustering has achieved a great
triumph against their shallow counterparts.

The aforementioned achievements are mainly observed
on reasonable datasets where almost no corruption occurs.
However, due to corrupted or irrelevant measurements, gross
errors are ubiquitous in real-world data. Unfortunately, sub-
space clustering is known to be vulnerable to such corrupted
observations, even a single grossly corrupted item is sufficient
to drive the subspace structure far away from the ground
truth. What’s more, the extremely high model complexity
makes the deep subspace clustering method even more prone
to be affected by such adverse corruptions.

Seeing the weakness, a few initial studies toward robust
deep subspace clustering have come out as a remedy. Nonethe-
less, the major issue is that they do not directly tackle the
corruptions in data. As a representative example, [16] in-
troduces a robust learning scheme into the deep subspace
clustering framework. By dynamically weighting each sample,
this approach learns from easy samples to hard ones, and
thus prevents the algorithm from getting stuck into bad local
minima. However, when the dataset is full of gross errors,
the model has to utilize hard examples at the beginning of
learning, which puts its validity at risk. Different from these
studies, our goal in this paper is to propose a robust deep
subspace clustering method where the corruption patterns
are specifically modeled based on the structure of the model.
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Note that a common deep subspace clustering framework
involves two main procedures: (1) transforms non-linear data
into a linear latent space and reconstructs the data, (2) rep-
resents the latent codes by themselves to find the underlying
subspace structure. Apparently, the corrupted instances in
data might destroy the model from both data reconstruction
and latent self-representation. Worse, the corruption dur-
ing reconstruction will spread to self-representation through
those latent codes with low fidelity. Therefore, there is a
necessity to consider the corruption in both two procedures.

In this paper, we propose a novel framework, duet robust
deep subspace clustering (DRDSC), to handle contaminated
data and enhance the robustness. The robustness of our
method comes from the following two aspects. First, we pro-
pose a robust deep auto-encoder by isolating the corruptions
in the input to obtain more faithful reconstruction. Based on
the robust backbone, we then further split the possible cor-
rupted errors from clean latent codes to ensure the subspace
structure not to be distorted in self-representation. Both cor-
ruption terms are penalized by group-sparsity norms. Before
optimization, we adopt a smoothing technique to alleviate
the non-differentiability of these norms, such that all the
variables in the network can be updated by back-propagation.
Our experiments on three widely used face/object datasets
validate that our approach successfully reduces the distortion
from gross errors.

The contributions of our paper are two-fold:

∙ We propose a novel robust deep subspace clustering
framework. By explicitly modeling the corruptions of
data construction and latent self-expression respec-
tively, the robustness of our model is preserved in a
double-assurance manner.

∙ We utilize a smoothing technique for norms to yield
a differentiable network. The non-differentiability of
norms are eliminated through the smooth approxima-
tion, such that back-propagation is available to update
both the network parameters and the corruption terms.

2 RELATED WORK

Existing subspace clustering methods can be roughly classi-
fied into four categories: iterative [13, 49], algebraic [9, 27],
statistical [10, 31], and spectral type methods [7, 20]. Re-
cently, spectral type models have attracted a lot of attention.
Such algorithms exploit the self-expressiveness of subspaces,
where a data point can be represented by a linear combination
of other data points in the same subspace. In practice, this
type of methods can be decomposed into two steps: (1) build
an affinity matrix by estimating the similarity between data
pairs based on self-expression; (2) perform spectral clustering
on the affinity matrix to obtain the partitions. Obviously,
building a suitable affinity matrix is of much significance
in these steps. Ideally, the affinity matrix is block diagonal
since all the inter-cluster affinities should be zero. To approx-
imate such a structure, sparse or low-rank priors are adopted
to the self-expressive coefficient matrix. Typically, Sparse
Subspace Clustering (SSC) [7] enforces the coefficients to

be sparse, while Low-Rank Representation (LRR) [20] re-
quires this coefficient matrix to be low-rank. Based on these
two algorithms, a lot of improvements are made in terms of
the effectiveness [19, 28, 46] and efficiency [33, 47]. Unlike
these indirect structure priors, Block Diagonal Regularizer
(BDR) is proposed in [25] directly pursuing the block diago-
nal structure by explicitly enforcing the graph Laplacian to
be 𝑘-connected.

Nevertheless, the above methods are limited to represent
the data points with linear combinations, thus might not be
effective to handle data sampled from non-linear subspaces.
To overcome this disadvantage, existing linear models like
SSC and LRR are kernelized for non-linearity [29, 42, 45].
Recently, deep learning based methods have been proposed
as a solution to this problem. [15] integrates a self-expressive
layer into deep auto-encoder to simultaneously learn the la-
tent non-linear representations and combination coefficients,
which considerably improves the clustering performance. Base
on this framework, other learning schemes [16, 50] are intro-
duced to jointly guide the sample representation and subspace
self-expression.

Robust Subspace Clustering. With the rise of subspace
clustering, the corruption existing in data raises the concern
of the community. A naive thought is to separate errors from
contaminated data [8, 24]. For instance, SSC and LRR both
have robust extensions by writing a contaminated element as
a linear combination of other elements plus an error [6, 21].
Different from them, Low Rank Subspace Clustering [39]
first gets rid of the corruptions in data, then uses clean
data to represent themselves. Based on these explicit error
models, more techniques are introduced to further improve
the robustness, such as dimension reduction [35], thresholding
[12, 30], and matching pursuits [37]. Besides, a robust metric
like correntropy [11, 26] could help to suppress the influence
of corruptions. Meanwhile, a few studies are conducted to
analyze subspace clustering methods under noise theoretically
[35, 43].

On the other hand, some outlier detection algorithms for
subspace clustering [22, 34, 36, 48] have been developed
recently. These algorithms aim at detecting and pruning
outliers in the dataset, then using only inliers for clustering.
In this paper, we focus on subspace clustering with outliers
rather than removing them.

In summary, though deep learning based models have
achieved promising performance, they still suffer from the
gross errors. To address this issue, we present a solution that
tries to alleviate the corrupted errors in deep models.

3 METHODOLOGY

In this section, we present our deep robust subspace clustering
method. First, we introduce the general formulation of the
subspace clustering problem. From this formulation, we easily
point out the deficiency of existing robust methods and then
move to our proposed model. After detailing the architecture
and corresponding robustness of our model, we tackle the
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Figure 1: Workflow of Duet Robust Deep Subspace Clustering. (a) The inputted samples 𝑋𝑖 contain potential
noises. Our framework consists of two main procedures: data reconstruction by an auto-encoder and self-
representation by a self-expression module. We consider corruptions coming from both components (with
𝐸𝑖 and 𝐹 as the learned indicators for corresponding corruptions). Our model is optimized under the joint
guidance of the Reconstruction loss and Self-expression loss. (b) Different with the existing deep subspace
clustering framework, we show our proposed method could significantly prevent the model from being affected
by the data corruptions. Namely, subspaces estimated by our method could be closer to the ground-truth
than the naive methods.

optimization for the non-differentiable objective function with
the smoothing of norms.

3.1 Problem definition

Given a dataset 𝒟 = {𝑋𝑖}𝑛𝑖=1 where data points are drawn
from a union of 𝑘 unknown low-dimensional subspaces, our
goal is to cluster them into 𝑘 partitions/subspaces. For the
sake of clarity, we limit our discussion to the clustering of
images, thus 𝑋𝑖 denotes 𝑖-th image in the following descrip-
tion.

The most crucial property of subspace clustering is the
self-expressiveness of subspaces, where all data points can be
represented using linear combinations of other points. Obvi-
ously, this property holds only when the subspaces are all lin-
ear or affine. To cope with data lying in non-linear subspaces,
we adopt a series of non-linear transformations to map these
data into a latent linear space, i.e., each image 𝑋𝑖 is encoded
to a latent vector 𝑧𝑖 ∈ R𝑑. Let 𝑍 = [𝑧1, · · · ,𝑧𝑛] ∈ R𝑑×𝑛 be
the latent code matrix and 𝐶 ∈ R𝑛×𝑛 be the coefficients of
the linear combinations. We can formulate the property of
self-expressiveness as 𝑍 = 𝑍𝐶. It is assumed that only a
non-trivial 𝑐𝑖𝑗 indicates that 𝑖- and 𝑗-th sample lie in the
same subspace. Hence, 𝐶 is expected to be a 𝑘 block diagonal
matrix after properly reordering the data points. Namely,
the number of blocks is the number of subspaces. Meanwhile,
we also expect all the diagonal entries of 𝐶 to be zero, such
that each point will not be represented by itself.

To obtain compact and effective latent representations, we

reconstruct 𝑧𝑖 to 𝑋̂𝑖 by non-linear transformations and min-

imize the difference between 𝑋𝑖 and 𝑋̂𝑖. By converting the

self-expressiveness constraint into a penalty term, subspace
clustering can be formulated as a minimization problem with
a general form as follows:

min
𝐶

ℒ(𝑍 −𝑍𝐶) + 𝜆1

∑︁
𝑖

𝒫(𝑋𝑖, 𝑋̂𝑖) + 𝜆2ℛ(𝐶)

𝑠.𝑡. 𝑑𝑖𝑎𝑔(𝐶) = 0

(1)

Here, we use ℒ(𝑍−𝑍𝐶) to measure the self-expression error,

𝒫(𝑋𝑖, 𝑋̂𝑖) to calculate the reconstruction cost, and ℛ(𝐶)
as a prior structure regularization for the self-expressive
coefficients 𝐶. To approximate a block diagonal 𝐶, there
are three major types of ℛ(𝐶): ℓ1 norm to pursue sparsity,
nuclear norm to pursue low-rankness, and a block diagonal
regularizer directly pursuing the block diagonality, which are
proposed in SSC, LRR and BDR, respectively. Besides, ℓ2
norm is also proved to be equivalent to the nuclear norm to
obtain a low-rank structure [24].

In the presence of corruptions, most of the existing re-
searches are limited to reduce the influence on ℒ(·) that
could directly distort the estimated subspace structures. Un-
fortunately, none of them realizes that a corrupted 𝑋 will
induce an unfaithful 𝑍 according to 𝒫(·), which leads to an
inaccurate self-expression in ℒ(·) and consequently a sub-
optimal solution. Especially when 𝒫(·) is modeled by a deep
neural network, the high complexity of deep network will in-
crease the risk of distortion. To address this issue, we propose
the duet robust deep subspace clustering (DRDSC) model. In
this approach, we take both ℒ(·) and 𝒫(·) into consideration,
and propose to split the corruptions from the clean data
progressively.
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3.2 A Duet Robust Deep Subspace
Clustering Framework

As illustrated in Figure 1, our model consists of a deep
convolutional auto-encoder as the backbone network and a
fully-connected (FC) layer as the self-expressive layer. The
model learns latent representations of data by the auto-
encoder and conducts self-expression in the latent space
through the FC layer. In the following, we show how these
two modules enhance the robustness.

Robust Reconstruction with 𝒫(·). The deep convolu-
tional auto-encoder non-linearly transforms an input image
𝑋𝑖 into the latent representation 𝑧𝑖 via the encoder and then

reconstruct the data as 𝑋̂𝑖 via the decoder. A common choice
for 𝒫(·) is 1

2
‖𝑋𝑖−𝑋̂𝑖‖2𝐹 . However, such squared term makes

this function easily dominated by samples, usually corrupted
ones, with large difference between the input and output.
To overcome this difficulty, we explicitly model the corrup-
tions of the reconstruction using a set of corruption indicator
matrices 𝐸𝑖 for each image. Furthermore, we impose the
Frobenius-norm on the corruption so that the network would
not be dominated by them and can take the best advantage
of its representation ability to recover the data. Accordingly,
our final 𝒫(·) is formulated as follows:

𝒫(𝑋𝑖, 𝑋̂𝑖) =
1

2
‖𝑋𝑖 − 𝑋̂𝑖 −𝐸𝑖‖2𝐹 + 𝜂1‖𝐸𝑖‖𝐹 (2)

where the hyperparameter 𝜂1 controls the tradeoff between
reconstruction accuracy and corruption magnitude.

Robust Self-expressiveness with ℒ(·). After sufficient
non-linear transformations, we could assume that the latent
representations lie in linear subspaces. Then we employ an
FC layer without bias and activation function between the en-
coder and decoder to represent latent codes with themselves.
Accordingly, the parameter of this layer can be modeled
as the representation coefficient matrix 𝐶. Traditional self-
expressive loss is usually modeled by:

ℒ(𝑍 −𝑍𝐶) =
1

2
‖𝑍 −𝑍𝐶‖2𝐹 =

1

2

𝑛∑︁
𝑖=1

‖𝑧𝑖 −𝑍𝑐𝑖‖22 (3)

where 𝑐𝑖 denotes the 𝑖-th column of 𝐶.
Likewise, to prevent the loss from being dominated by

the outliers, we explicitly split the corruptions 𝑓 𝑖 from each
latent code 𝑧𝑖. Then the robust ℒ(·) is:

ℒ(𝑍 −𝑍𝐶) =

𝑛∑︁
𝑖=1

1

2
‖𝑧𝑖 −𝑍𝑐𝑖 − 𝑓 𝑖‖

2
2 + 𝜂2‖𝑓 𝑖‖2 (4)

where 𝜂2 is a hyperparameter balancing the tradeoff between
the two terms. Besides, to approximate a block diagonal
𝐶, it is common to use the ℓ𝑝 norm as the structure prior
constraint ℛ(𝐶) = ‖𝐶‖𝑝.

Putting all these together, we eventually obtain the objec-
tive function as follows:

𝐿 =

𝑛∑︁
𝑖=1

1

2
‖𝑋𝑖 − 𝑋̂𝑖 −𝐸𝑖‖2𝐹 + 𝜂1‖𝐸𝑖‖𝐹+

𝜆1

(︁1
2
‖𝑧𝑖 −𝑍𝑐𝑖 − 𝑓 𝑖‖

2
2 + 𝜂2‖𝑓 𝑖‖2

)︁
+ 𝜆2‖𝐶‖𝑝

(5)

Different with Eq. (2), we apply the tradeoff hyperparameter
𝜆1 to ℒ(·) instead of 𝒫(·), in respect that the latent space
is linear only when the performance of reconstruction is
guaranteed.

3.3 Smoothing of norms

In Eq.(5), the Frobenius and ℓ2 norm of corruption terms
are replenished into the network for a double assurance of
robustness. However, they also bring the difficulty using
gradient-based optimizers due to their non-differentiability
at zero. A straightforward solution to this problem is to find
smooth approximations of the norms, which are differentiable
everywhere while approximates the original value as closely as
possible. Therefore, we then introduce a smoothing technique
of norms and provide two propositions for practical smooth
approximation of Frobenius and ℓ2 norms.

At first, we give the definition of L-smoothness.

Definition 1 (L-smoothness, [3]). Let 𝐿 ≥ 0. A func-
tion 𝑓 : E → (−∞,∞) is said to be L-smooth over a set 𝐷 ⊆
E if it is differentiable over D and satisfies sup𝑥 ‖∇2𝑓(𝑥)‖2,2 ≤
𝐿, where ‖𝐴‖2,2 =

√︀∑︀
𝑖 ‖𝑎𝑖‖2, and the constant L is called

the smoothness parameter.

By this definition, we have the definition of a smooth
approximation of a convex function.

Definition 2 ( 1
𝜇
-smooth approximation, [2]). For a

convex function ℎ : E → R, a convex differentiable function
ℎ𝜇 : E → R is said to be its 1

𝜇
-smooth approximation with

parameters (𝛼, 𝛽) if for any 𝜇 > 0 the following holds:

1) ℎ𝜇(𝑥) ≤ ℎ(𝑥) ≤ ℎ𝜇(𝑥) + 𝛽𝜇 for all 𝑥 ∈ E,
2) ℎ𝜇 is 𝛼

𝜇
-smooth.

Then we have the following proposition to smooth the
Frobenius norm.

Proposition 1 (smoothed Frobenius norm). Define

‖𝑋‖𝐹(𝜇)
=

√︀
‖𝑋‖2𝐹 + 𝜇2 − 𝜇, then ‖ · ‖𝐹(𝜇)

is a 1
𝜇
-smooth

approximation of the Frobenius norm ‖ · ‖𝐹 with parameters
(1,1).

Similarly, the ℓ2 norm can be smoothed as follows.

Proposition 2 (smoothed ℓ2 norm). Define ‖𝑋‖2(𝜇)
=√︀

‖𝑥‖22 + 𝜇2 − 𝜇, then ‖·‖2(𝜇)
is a 1

𝜇
-smooth approximation

of the ℓ2 norm ‖·‖2 with parameters (1,1).

The smooth approximation provides us with a powerful
tool to eliminate the non-differentiability of norms. By choos-
ing different 𝜇, we can balance the approximation accuracy
and smoothness. In practice, a very small 𝜇 (say 10−6 or 10−8)
could induce a differentiable approximation with hardly any
performance degradation. Thus we fix its value to 10−6 in
our implementation. Due to the limited space, we present the
proof of these two propositions and the sensitivity analysis
of 𝜇 in supplementary materials.
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3.4 Optimization

By Proposition 1 and 2, we obtain two tractable smoothed
norms and can rewrite the overall objective as follows:

𝐿 =

𝑛∑︁
𝑖=1

1

2
‖𝑋𝑖 − 𝑋̂𝑖 −𝐸𝑖‖2𝐹 + 𝜂1‖𝐸𝑖‖𝐹(𝜇)

+

𝜆1

(︁1
2
‖𝑧𝑖 −𝑍𝑐𝑖 − 𝑓 𝑖‖

2
2 + 𝜂2‖𝑓 𝑖‖2(𝜇)

)︁
+ 𝜆2‖𝐶‖𝑝

(6)

Since all terms in Eq. (6) are differentiable, the smoothing
of norms yields an totally differentiable network, which can be
updated via gradient-based solver like Adam [17]. Namely, all
the variables, including the parameters of encoder/decoder,
the self-expressive coefficients 𝐶, and the corruption terms
{𝐸𝑖} and {𝑓 𝑖}, will be simultaneously updated in our model.

When the training finished, we build the symmetric and
non-negative affinity matrix by 𝑊 = |𝐶| + |𝐶⊤| and find
the partition through spectral clustering [40] on 𝑊 . Let
𝐿𝑊 = 𝐷𝑊 −𝑊 be the Laplacian matrix and 𝐷𝑊 be the
degree matrix which is diagonal with the diagonal element
as 𝑑𝑖𝑖 =

∑︀𝑛
𝑗=1 𝑤𝑖𝑗 . We first perform eigen-decomposition on

normalized Laplacian 𝐿̃𝑊 = 𝐷
−1/2
𝑊 𝐿𝑊𝐷

−1/2
𝑊 , then obtain

final clustering label 𝑦̂ by feeding the eigenvectors associated
with the bottom 𝑘 eigenvalues into 𝑘-means [1].

4 EXPERIMENTS

In this section, we carry out evaluations on three popular
benchmark datasets in different corruption settings.

4.1 Experimental setup

Competitors. We compare our model with the following 10
methods.
(1) SSC [7]: The self-expressive coefficient matrix is assumed
to be sparse and constrained by ℓ1 norm.
(2) LRR [20]: The coefficient matrix is assumed to be low-
rank and constrained by nuclear norm.
(3) LRSC [39]: Data are decomposed into clean and cor-
rupted parts and self-represented by only clean data under
the low-rank assumption.
(4) BDR [25]: An explicit block diagonal regularizer is em-
ployed to pursue a block diagonal structure for 𝐶.
(5) KSSC [29]: SSC is combined with the kernel trick to deal
with non-linear data.
(6-8) AE+SSC/LRR/BDR: The latent representations ex-
tracted by a convolutional auto-encoder is used as the input
of SSC/LRR/BDR.
(9) DSC-Net [15]: An auto-encoder inserted with a self-
expressive layer is adopted to jointly reconstruct the data
and express the latent codes by themselves.
(10) DeepCogSC [16]: An adaptive weighting and easy-to-
hard learning scheme is introduced into DSC-Net.

To better show the effectiveness of our proposed method,
we implement SSC and LRR by explicitly modeling the self-
expressive corruptions with ℓ2,1 norm to ensure their robust-
ness. Besides, for fair comparison, we adopt the architecture
of convolutional auto-encoders in [15] for feature extraction
and the backbone network in DSC-Net/DeepCogSC/DRDSC.

Figure 2: Example of corrupted samples on Ex-
tended Yale B dataset. (a) Original image, (b/c)
10%/40% corrupted by random pixel corruption,
(d/e) 10%/40% corrupted by Gaussian noise.

And the structure prior in these deep methods is limited to
the ℓ2 norm for clarity. As discussed in Section 3.3, we fix 𝜇
value at 10−6 in our implementation.
Evaluation metrics. We use 7 metrics to evaluate the clus-
tering performance: Clustering accuracy (ACC), Normalized
Mutual Information (NMI), Precision (P), Recall (R), F1-
score (F), Adjusted Rand Index (ARI), Purity (PUR).
Synthetic corruptions. To explicitly evaluate the perfor-
mance under different situations, all samples in the dataset
are contaminated by two typical kinds of additive corruptions:
random pixel corruption and Gaussian noise. For the former,
we directly replace randomly selected pixels with values un-
der a uniform distribution on [0, 255], thus the information
in those positions is totally lost. Yet the latter noise, with a
mean of 0 and a std of 255, is added to the pixel value, such
that a part of information is still preserved in those corrupted
pixels. The corruption ratio, i.e., the percentage of randomly
selected pixels, is set to 10% and 40% to simulate a light
and heavy contamination, respectively. Note that the ratio
is lower than 50% to guarantee that the model would not
confuse the corruptions with clean pixels. Some corrupted
examples are depicted in Figure 2.

4.2 Extended Yale B Dataset

Dataset description. First, we evaluate our method on
Extended Yale B dataset [18] (EYaleB for short) for the
face clustering task. As a popular benchmark, it contains
2432 grayscale face images, taken from 38 subjects under 64
illumination conditions.
Implementation details. The images are down-sampled to
the size of 48×42 for preprocessing following the experimental
setup in [7]. In training, the learning rate is set to 8× 10−4.
We set 𝜆1 to 1, 𝜆2 to 100.8 as in DSC-Net for fair comparison,
and set 𝜂1 and 𝜂2 to 50 empirically.
Comparative results. All the evaluation results are de-
picted in Table 1. The highest value is marked in “magenta”
and the second highest is marked in “cyan” to evidently
denote the improvement. It is easy to see that our DRDSC
model outperforms the baselines in most metrics under dif-
ferent ratios of corruptions. Especially under 10% random
pixel corruption, the results of DRDSC is higher than the
second best DSC-Net with 3.95%, 20.05%, 1.61%, 19.33%,
27.92%, 5.73%, 3.91% in terms of ACC, AR, NMI, F, P,
R, PUR, respectively. Specifically, we have the following ob-
servations. (1) Under 10% corruptions, SSC and BDR with
auto-encoder features both achieve much better clustering
results than using raw input, which benefit from the powerful
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Table 1: Performance (%) on Extended Yale B with different corruption types and ratios. The larger, the
better. The value marked in “magenta” holds the highest value, and “cyan” holds the second highest.

(a) 10% random pixel corruption.

Method ACC AR NMI F P R Purity

SSC 53.66 32.33 32.16 34.35 29.72 40.70 61.31
LRR 56.41 32.84 62.45 34.84 30.31 40.97 60.86
LRSC 54.11 29.30 59.54 31.57 25.53 41.36 61.06
KSSC 36.88 22.34 49.26 24.48 23.03 26.13 47.66
BDR 56.37 27.23 61.31 29.61 23.42 40.25 60.28
AE+SSC 61.55 38.03 66.59 33.90 34.30 47.68 67.31
AE+LRR 41.61 15.74 49.11 18.60 14.20 26.94 46.34
AE+BDR 57.44 30.90 59.05 33.02 27.90 40.45 60.69
DSC-Net 85.03 57.77 84.09 59.08 49.13 74.08 85.03
DeepCogSC 84.30 50.46 84.59 52.12 40.29 73.78 84.29

Ours 88.98 77.82 86.20 78.41 77.05 79.81 88.94

(b) 40% random pixel corruption.

Method ACC AR NMI F P R Purity

SSC 28.45 12.55 36.51 15.00 13.92 16.25 35.36
LRR 30.43 13.12 33.43 15.49 14.77 16.28 34.66
LRSC 30.14 11.79 35.56 14.31 12.96 15.98 33.06
KSSC 27.34 12.31 35.60 14.75 13.75 15.91 34.09
BDR 30.76 13.25 38.70 15.74 14.22 17.63 36.23
AE+SSC 27.47 11.65 34.72 14.07 13.33 14.89 31.58
AE+LRR 24.88 11.59 34.61 13.96 13.53 14.41 30.51
AE+BDR 28.78 12.75 36.25 15.20 14.05 16.55 34.54
DSC-Net 30.67 8.52 35.53 11.64 8.85 16.97 35.52
DeepCogSC 32.15 4.88 42.59 9.03 5.37 28.53 36.88

Ours 31.58 3.35 45.85 7.91 4.34 44.39 37.09

(c) 10% Gaussian noise.

Method ACC AR NMI F P R Purity

SSC 56.04 31.94 61.13 34.00 29.07 40.94 61.68
LRR 56.50 30.47 62.83 32.64 27.07 41.10 60.73
LRSC 53.12 25.16 60.26 27.67 21.41 39.08 58.47
KSSC 37.34 22.59 49.65 24.75 22.99 26.80 48.19
BDR 55.43 23.48 59.61 26.11 19.72 38.60 58.06
AE+SSC 61.47 37.99 66.58 39.86 34.21 47.75 67.15
AE+LRR 41.24 17.06 49.13 19.78 15.61 26.98 47.20
AE+BDR 57.24 29.90 63.23 32.15 25.93 42.29 62.34
DSC-Net 81.70 44.40 82.01 46.32 34.63 69.94 81.70
DeepCogSC 82.65 43.91 93.59 45.89 33.73 71.72 82.65

Ours 89.43 79.47 86.75 80.01 79.25 80.79 89.43

(d) 40% Gaussian noise.

Method ACC AR NMI F P R Purity

SSC 30.22 13.47 37.67 15.92 14.56 17.55 36.47
LRR 28.91 12.72 32.57 15.06 14.56 15.59 33.10
LRSC 31.04 13.33 37.18 15.82 14.29 17.71 35.44
KSSC 26.32 11.71 33.67 14.13 13.34 15.03 32.85
BDR 32.32 14.95 39.71 17.35 15.92 19.08 38.65
AE+SSC 27.06 11.65 34.72 14.07 13.33 14.89 31.58
AE+LRR 24.47 10.45 33.09 12.86 12.40 13.35 28.82
AE+BDR 28.50 12.43 34.74 14.79 14.21 15.43 32.94
DSC-Net 28.33 8.67 35.04 11.74 9.06 16.66 32.36
DeepCogSC 34.58 5.09 42.40 9.23 5.48 29.19 38.73

Ours 34.91 5.32 45.29 9.48 5.60 30.93 38.94

feature extraction ability of DNNs. By contrast, the results
of AE+LRR are lower than LRR. This is probably because
the low-rankness is more fragile to corruptions than sparsity
on this dataset. (2) However, under 40% corruptions, SSC,
LRR and BDR all outperform AE+SSC/LRR/BDR. Since
the auto-encoder is trained with uncontaminated data, such
results confirm that contaminated features extracted by DNN
can also distort the underlying subspace structure. (3) With
the double assurance of robustness in data reconstruction
and latent self-representation, our DRDSC further reaches
the highest performance under slight corruptions. However,
when corruptions are heavy, DRDSC only outperforms the
baselines in terms of ACC, NMI, R and PUR. The reason
might be that both DRDSC and the second best DeepCogSC
focus on the agreement in the clustering results, i.e., the ratio
of similar pairs that are assigned to the same cluster. Thus
our model is more powerful in terms of these related metrics.

4.3 ORL Dataset

Dataset description. The ORL dataset [32] consists of 400
face images for 40 subjects. Each subject has 10 images taken
at different times, lighting conditions and facial expressions.
Implementation details. Similarly, following [5], the im-
ages are down-sampled to the size of 32×32 for preprocessing.
We set the learning rate to 5.5× 10−4 for training. Then we
fix 𝜆1 at 1.0, 𝜆2 at 0.2 as DSC-Net, while choosing 𝜂1 and
𝜂2 at 250 experimentally.

Comparative results. The quantitative results are sum-
marized in Table 2. Our DRDSC framework achieves better
performance than other competitors in all the metrics under
10%/40% random pixel corruption and 40% Gaussian noise.
It is worth mentioning that, with regard to ACC, AR, NMI, F,
P, R and PUR, our model outperforms the second best method
by up to 2.5%, 2.65%, 1.6%, 2.62%, 2.19%, 3.06%, 1.5% im-
provement, respectively. Besides, the following observations
can be made. (1) Unlike on EYaleB, our DRDSC could still
perform superior to other methods in terms of all metrics
under heavy corruptions. The reason might be that images in
ORL are easier to cluster than EYaleB even in the presence
of gross errors. (2) BDR and AE+BDR both beat other non-
deep models, and AE+BDR even obtains comparable results
to deep models. This indicates that a direct block diagonal
regularizer might be more effective than regularization using
indirect structure priors in self-expression.

4.4 COIL20 Dataset

Dataset description. Then we evaluate the methods on a
more general task, object clustering. The COIL20 dataset
[32] includes 1440 images for 20 objects, each of which has
72 images taken at different pose intervals on a turntable.
Unlike previous datasets, there are many blank pixels in the
images. Hence extra corruptions are prone to distort the
latent patterns, which makes this dataset hard to cluster.
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Table 2: Performance (%) on ORL with different corruption types and ratios.

(a) 10% random pixel corruption.

Method ACC AR NMI F P R PUR

SSC 69.25 57.35 82.59 58.34 56.68 60.11 72.75
LRR 70.25 58.73 82.57 59.71 57.06 62.61 74.25
LRSC 73.50 61.19 84.62 62.12 58.49 66.22 76.50
KSSC 73.75 61.47 84.41 62.38 59.51 65.56 76.00
BDR 75.00 63.73 85.99 64.59 62.15 67.22 77.75
AE+SSC 71.00 57.40 82.04 58.41 55.35 61.83 73.00
AE+LRR 69.50 58.74 83.08 59.71 57.34 62.28 72.50
AE+BDR 75.25 65.99 87.41 66.79 63.68 70.22 79.00
DSC-Net 81.50 71.57 88.02 72.22 71.30 73.17 82.50
DeepCogSC 81.50 71.33 88.44 72.00 69.66 74.50 83.00

Ours 84.00 73.03 88.59 73.65 72.14 75.22 83.25

(b) 40% random pixel corruption.

Method ACC AR NMI F P R PUR

SSC 37.25 16.98 57.01 18.94 18.16 19.78 40.00
LRR 37.00 18.90 59.82 20.82 19.89 21.83 41.75
LRSC 39.75 21.36 60.21 23.40 20.39 27.44 46.25
KSSC 39.00 20.14 58.30 22.02 21.11 23.00 42.25
BDR 39.25 20.24 58.46 22.10 21.37 22.89 41.00
AE+SSC 40.75 19.82 58.94 21.69 20.99 22.44 43.50
AE+LRR 39.75 20.72 60.85 22.59 21.60 23.67 42.50
AE+BDR 45.25 25.27 62.82 27.02 26.10 28.00 48.50
DSC-Net 44.50 25.00 63.20 26.74 26.07 27.44 48.25
DeepCogSC 47.25 26.11 63.17 27.81 27.16 28.50 49.75

Ours 49.75 28.75 64.80 30.42 29.35 31.56 51.50

(c) 10% Gaussian noise.

Method ACC AR NMI F P R PUR

SSC 71.75 58.77 83.45 59.73 57.90 61.67 73.25
LRR 68.00 55.96 81.73 56.99 54.92 59.22 71.25
LRSC 69.00 56.79 81.98 57.82 54.86 61.11 72.75
KSSC 71.25 58.62 83.30 59.60 56.69 62.83 73.75
BDR 74.50 63.95 86.25 64.81 61.54 68.44 77.50
AE+SSC 67.25 55.74 82.12 56.78 54.34 59.44 71.00
AE+LRR 71.50 58.42 83.03 59.39 56.86 62.17 74.00
AE+BDR 79.00 71.24 89.44 71.92 68.67 75.50 83.50
DSC-Net 82.25 74.35 90.20 74.95 72.17 77.94 83.75
DeepCogSC 81.75 73.46 86.69 74.08 72.00 76.28 83.25

Ours 83.75 75.49 89.75 76.05 74.71 77.44 85.25

(d) 40% Gaussian noise.

Method ACC AR NMI F P R PUR

SSC 39.50 18.57 58.61 20.49 19.58 21.50 41.75
LRR 40.25 21.30 60.37 23.14 22.30 24.06 43.00
LRSC 39.00 19.85 59.00 21.83 20.00 24.00 42.75
KSSC 39.25 18.91 58.66 20.85 19.64 22.22 41.75
BDR 37.00 22.64 61.29 24.63 21.56 28.72 45.25
AE+SSC 40.75 22.06 62.17 23.88 23.01 24.83 43.25
AE+LRR 39.25 21.33 60.90 23.18 22.31 24.11 42.50
AE+BDR 43.75 24.27 63.08 25.52 25.24 25.56 47.75
DSC-Net 44.00 24.11 62.93 25.89 24.91 26.94 47.5
DeepCogSC 43.25 24.78 62.84 26.53 25.73 27.39 45.75

Ours 45.50 27.33 63.68 29.05 27.77 30.44 48.00

(a) DRDSC (b) DSC-Net

Figure 3: Visualization of indicator matrix 𝐻 on
COIL20 under 10% random pixel corruptions. DSC-
Net completely confuses two clusters and merge
them as one, while our DRDSC could still preserve
the correct structure.

Implementation details. The images are down-sampled to
32×32 according to [4]. The learning rate is set to 8.5×10−4.
And we fix 𝜆1 at 1.0 and 𝜆2 at 150 same as DSC-Net, then
set 𝜂1 and 𝜂2 at 10 experimentally.
Comparative results. The clustering results are demon-
strated in Table 3. Similar to ORL, DRDSC consistently
achieves the highest performance regarding most of the met-
rics. However, for NMI and R, DeepCogSC is more effective
than our model because of its easy-to-hard learning scheme.

To better exhibit the strength of our model, we further
visualize the indicator matrix 𝐻 for the results of DRDSC

and DSC-Net under 10% random pixel corruption in Fig-
ure 3. Here 𝐻 is obtained by ℎ𝑖𝑗 = 1[𝑦̂𝑖 = 𝑦̂𝑗 ]. As shown in
Figure 3, both models obtain a clear block diagonal structure.
However, compared with DRDSC, there is an evident error in
𝐻 of DSC-Net that samples lying in two different subspaces
are assigned to the same cluster, which is shown in the orange
boxed region. Since DSC-Net does not have the ability to
eliminate the influence of contamination, the corruptions eas-
ily broadcast to the process of self-expression and thus induce
an incorrect subspace structure estimation. This visualization
suggests that, our DRDSC effectively prevents the subspace
structure from being distorted by the corruptions.

Moreover, we also visualize the spectral embeddings (ob-
tained in spectral clustering) for DRDSC and DeepCogSC
using t-SNE [38] under the same setting in Figure 4. Each
cluster is marked with a specific color in the figure. In the
boxed region of Figure 4b, we can see that DeepCogSC com-
pletely mixes up the clusters marked in red and green. In the
contrast, our DRDSC could distinctly split these two clusters
on the basis of its duet robustness. See Figure 4a. Thus the su-
periority of our proposed model is again demonstrated. High
resolution figures are provided in supplementary materials.
Ablation study. To clarify the contribution for noise mod-
eling on data reconstruction and self-expression, we evaluate
two ablated variants on this dataset: 1) DRDSC without
robust data reconstruction, 2) DRDSC without robust self-
expression (denoted as “w/o-rec” and “w/o-self” respectively).
From Table 4, we can observe that one-fold noise modeling
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Table 3: Performance (%) on COIL20 with different corruption types and ratios.

(a) 10% random pixel corruption.

Method ACC AR NMI F P R PUR

SSC 69.93 62.05 79.90 64.05 60.03 68.64 73.06
LRR 69.37 61.50 78.70 63.52 59.73 67.82 77.36
LRSC 68.54 61.58 78.24 63.53 6189 65.25 72.29
KSSC 74.79 71.35 86.31 72.89 66.74 80.29 84.51
BDR 69.44 61.60 79.85 63.63 5949 68.38 74.24
AE+SSC 72.85 67.16 81.86 68.83 66.81 70.98 78.68
AE+LRR 72.71 66.00 80.38 67.70 66.60 68.84 75.90
AE+BDR 71.53 63.70 83.14 65.71 58.42 75.08 82.08
DSC-Net 83.40 79.59 93.13 80.72 72.06 91.74 85.03
DeepCogSC 83.47 78.97 93.68 80.15 70.88 92.21 86.32

Ours 86.11 80.65 90.96 81.65 78.36 85.22 87.08

(b) 40% random pixel corruption.

Method ACC AR NMI F P R PUR

SSC 64.10 54.78 73.43 57.08 55.51 58.73 68.13
LRR 62.36 53.84 71.40 56.15 55.34 56.99 64.93
LRSC 65.49 57.92 74.60 60.05 58.61 61.57 70.07
KSSC 67.06 61.59 77.17 61.80 58.39 65.65 72.50
BDR 65.83 57.58 74.93 59.74 57.87 61.75 69.72
AE+SSC 65.56 58.25 75.30 60.42 57.53 63.60 72.22
AE+LRR 63.82 56.27 73.59 58.47 57.53 59.43 67.36
AE+BDR 67.33 60.26 77.76 61.03 57.31 65.27 72.22
DSC-Net 67.57 56.90 83.01 59.48 49.03 75.61 73.96
DeepCogSC 66.60 58.81 84.57 61.33 49.47 80.67 72.50

Ours 69.31 57.74 84.07 61.43 51.69 75.69 74.86

(c) 10% Gaussian noise.

Method ACC AR NMI F P R PUR

SSC 70.21 63.63 79.34 65.47 63.91 67.10 73.33
LRR 67.08 59.24 76.34 61.31 59.53 63.20 72.71
LRSC 68.82 59.44 74.47 61.47 60.60 62.37 70.63
KSSC 73.61 65.42 82.90 67.35 59.77 77.12 81.39
BDR 69.93 60.00 79.15 62.14 57.35 67.79 73.96
AE+SSC 71.60 64.61 79.53 66.38 65.39 67.40 74.51
AE+LRR 71.60 64.61 79.53 66.38 65.39 67.40 74.51
AE+BDR 71.94 65.09 80.41 66.85 65.44 68.32 73.75
DSC-Net 82.22 77.41 92.30 78.67 69.62 90.41 85.76
DeepCogSC 83.99 79.77 93.49 80.47 71.24 92.45 86.74

Ours 84.97 79.85 93.21 81.11 72.32 91.96 87.29

(d) 40% Gaussian noise.

Method ACC AR NMI F P R PUR

SSC 65.83 58.69 76.33 60.78 59.35 62.28 69.58
LRR 64.79 56.82 73.84 58.99 57.99 60.02 68.40
LRSC 64.58 56.38 74.56 58.64 55.97 61.58 72.01
KSSC 68.33 61.99 77.52 63.04 62.21 63.89 71.11
BDR 66.39 59.77 76.92 61.82 59.84 63.94 71.25
AE+SSC 66.60 56.81 74.21 58.99 57.68 60.35 68.96
AE+LRR 65.76 56.42 74.60 58.64 56.87 60.52 70.07
AE+BDR 68.33 60.17 76.68 62.16 61.50 62.83 70.90
DSC-Net 75.21 66.49 89.12 68.46 57.24 85.16 80.97
DeepCogSC 76.60 68.75 90.15 70.59 59.18 87.46 82.78

Ours 79.89 70.13 87.60 71.78 64.19 81.40 82.64

-40 -30 -20 -10 0 10 20 30 40 50
-80

-60

-40

-20

0

20

40

60

(a) DRDSC
-60 -40 -20 0 20 40 60

-60

-40

-20

0

20

40

60

(b) DeepCogSC

Figure 4: Visualization of spectral embeddings on
COIL20 under 10% random pixel corruption. Each
cluster is marked in a specific color. In the boxed
region, DeepCogSC completely mixes up the red and
green clusters, while DRDSC can distinguish them.

indeed helps the model address corrupted data. The pro-
posed method still outperforms these variants, which again
demonstrates the effectiveness of two-fold noise modeling.

5 CONCLUSION

In this paper, we propose a robust deep subspace cluster-
ing framework called Duet Robust Deep Subspace Cluster-
ing (DRDSC). DRDSC considers the robustness from both
data reconstruction and latent self-expression perspective.
By explicitly modeling the corruptions in these procedures
via two regularization terms, we could minimize the distor-
tion on the underlying subspace structure. Subsequently, a

Table 4: Ablation study on COIL20.

Noise Alg. ACC ARI NMI F P R PUR

Rand10%

w/o-rec 84.24 79.19 92.72 80.35 71.43 91.81 86.32
w/o-self 84.17 78.64 89.55 79.74 76.27 83.54 85.21
Ours 86.11 80.65 90.96 81.65 78.36 85.22 87.08

Rand40%

w/o-rec 66.32 54.87 83.25 57.74 44.82 81.15 71.11
w/o-self 69.32 56.28 83.89 59.03 46.35 81.25 71.74
Ours 69.31 57.74 84.07 61.43 51.69 75.69 74.86

Gauss10%

w/o-rec 84.51 77.87 89.79 79.06 72.61 86.77 84.51
w/o-self 84.31 77.79 90.57 79.00 71.68 87.99 84.51
Ours 84.97 79.85 93.21 81.11 72.32 91.96 87.29

Gauss40%

w/o-rec 71.18 60.75 83.88 63.17 50.54 84.22 71.18
w/o-self 71.04 63.22 86.21 65.49 52.35 87.43 73.19
Ours 79.89 70.13 87.60 71.78 64.19 81.40 82.64

tractable smoothing technique is proposed to overcome the
non-smoothness of these norms, thus back-propagation is
enabled for the whole network. Finally, comprehensive experi-
ments on three real-world datasets under different corruptions
demonstrate the effectiveness of our model.
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