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Abstract
Tensorial Multi-view Clustering (TMC) methods have received sig-
nificant attention due to their ability to capture the high-order
correlation among different views. Despite their notable progress,
two issues persist: 1) Most TMC methods are highly reliant on prior
structure information in sorted datasets, rendering them challeng-
ing to handle the shuffled case. 2) Extremely high computational
complexity arising from tensor-related operations. To address these
limitations, we propose a novel framework termed Anchors Bring
Stability and Efficiency: Fast Tensorial Multi-view Clustering on
Shuffled Case (SE-FTMC). SE-FTMC first learns a set of anchors
and a unified corresponding matrix between anchors and samples,
then the low-rank tensor learning is adopted in anchor space in-
stead of sample space to avoid reliance on the prior information
hidden in sorted samples and reduce the computational complex-
ity. Finally, SE-FTMC passes the high-order correlations learned
in the anchor space into the sample space through the correspond-
ing matrix to improve the efficiency and stability of clustering.
Furthermore, SE-FTMC is solved by an efficient algorithm with lin-
ear complexity. Extensive experiments on various datasets demon-
strate the effectiveness and superiority of our SE-FTMC compared
with state-of-the-art methods. The code is publicly available at:
https://github.com/jijintian/SE-FTMC.
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1 Introduction
With the rapid development of data collection techniques, objects
can be described from multiple sources or views. Multi-view learn-
ing aims to leverage the rich information contained in such multi-
view data to improve the performance of traditional machine learn-
ing tasks. As a fundamental task, multi-view clustering (MVC)
[2, 37, 45] aims to partition the samples into different categories by
exploiting the consistent and complementary information hidden
in multi-view data.

Existing MVC methods can be divided into subspace-based algo-
rithms [3, 12, 41], graph-based algorithms [7, 28, 43], kernel-based
algorithms [24, 31, 38], and deep learning based algorithms [6, 8, 49].
In recent years, the low-rank tensor learning framework, which
can effectively mine high-order correlations in multi-view data,
has been increasingly introduced to improve clustering perfor-
mance. For example, [50] initially constructs a three-order tensor
and introduces a straightforward low-rank constraint to explore
the high-order correlations among views. To more effectively con-
strain the low-rankness of the representation tensor, some works
[33, 34, 52] have proposed the Tensor Nuclear Norm (TNN), which
is based on the tensor Singular Value Decomposition (t-SVD). How-
ever, the t-SVD operation in these methods typically incurs a high
computational complexity O(𝑛3), making the efficiency of the algo-
rithm difficult to guarantee. Many approaches[11, 39, 47] attempt to
impose the low-rank constraint on the rotated representation ten-
sor, thereby facilitating a more effective exploration of high-order
correlations among views while improving the time complexity
to O(𝑛2 log(𝑛)). Subsequently, some methods employ the anchor
learning strategy [14, 16, 46] or tensor factorization strategy [9, 23]
to further improve the efficiency of the low-rank tensor learning
framework, achieving a time complexity of O(𝑛 log(𝑛)).

Although tensor-based multi-view clustering (TMC) methods
have achieved remarkable performance in various applications, they
suffer from a critical limitation. Most existing algorithms adopt the
rotation trick and apply the Fast Fourier Transform (FFT) along
the sample mode, making the low-rank learning framework highly
dependent on the quality of the input sample structure. These
approaches, known as sample-oriented framework, are there-
fore highly sensitive to the structural arrangement of the input
data. Specifically, sample-oriented methods perform extremely well
when the data exhibit an ordered structure, but their performance
degrades significantly when the data structure is altered or shuffled.
As illustrated in Figure. 1, input data can typically be arranged in
two ways: ordered and shuffled. In the ordered case (Figure. 1 (a)(b)),
the samples are grouped according to their categories, preserving a
block-diagonal structure in the affinity matrix. This organization
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(d) Results of different cases

Figure 1: Input data structure (affinity matrix) of different arrangements. (a).Ordered case: samples are arranged by categories.
This type contains prior structural information (i.e., the ideal clustering structure: diagonal block structure). (b). Shuffled
case: samples are arranged randomly. This type contains no prior information. (c). Intra-class shuffled case: randomization
of samples in the same class without destroying the diagonal block structure. (d). The clustering results of the TMC method
(ARLRR [40]TPAMI ’23) on different arrangements.

provides rich prior structural information, which sample-oriented
TMC methods exploit for accurate clustering. In contrast, in the
shuffled case (Figure. 1 (b)), the samples are randomly permuted,
resulting in a more chaotic affinity matrix with no clear block struc-
ture. In real-world scenarios, shuffled data arrangements are far
more common than the ideal ordered case. However, most existing
TMC algorithms are designed and tested primarily on ordered data,
overlooking the challenges posed by shuffled data [27]. This limita-
tion becomes apparent when these methods are applied to shuffled
datasets: they suffer from a dramatic loss of accuracy. As demon-
strated in Figure. 1 (d), when the input data retains its diagonal
block structure (e.g., ordered data or intra-class shuffled data), meth-
ods like ARLRR [40] exhibit satisfactory clustering performance.
However, when the block structure is lost (the shuffled case), the
performance of these TMC methods declines precipitously across
all datasets.

This observation reveals a fundamental limitation of the cur-
rent TMC framework: its inability to maintain robustness under
the shuffled case, a scenario frequently encountered in practical
clustering tasks. The root cause of this sensitivity lies in the method-
ological design of existing sample-oriented TMC algorithms, which
introduce a rotation trick and apply the FFT along the sample mode.
Since the FFT is inherently sensitive to the order of input data,
performing this operation on the sample mode makes the algo-
rithm highly dependent on the data arrangement. Consequently,
when the input samples are randomly permuted, the performance
of these methods degrades significantly, exposing their fragility
in unordered or unstructured data environments. In addition to
the robustness issue, the current TMC methods suffer from high
computational complexity. Owing to the application of low-rank
tensor learning in the sample space and the necessity of FFT opera-
tions along the sample mode, the overall computational complexity
cannot be reduced to linear. Even under ideal conditions, the time
complexity remains at least O(𝑛 log𝑛), which poses a substantial
bottleneck for scaling these methods to large-scale datasets.

To address the above problems, we propose a novel TMC frame-
work called Anchors Bring Stability and Efficiency: Fast Tensorial
Multi-view Clustering on Shuffled Datasets (SE-FTMC). The Fig-
ure. 2 illustrates the detailed framework of our proposed model.

Specifically, SE-FTMC first learns a set of anchors and the corre-
sponding matrix between anchors and samples, and imposes the
low-rank tensor learning framework on the anchor space to mine
the high-order correlations among views. Then, the corresponding
matrix can pass the information learned in the anchor space to
the sample space for clustering purposes. Owing to the optimality
that anchors exhibit in the sample space, our proposed SE-FTMC
can effectively handle shuffled datasets and exhibit a linear com-
putational complexity. The main contributions of this paper are
summarized as follows:

1) SE-FTMC reduces the time complexity of the TMC framework
based on rotated tensor to the linear level, thereby significantly en-
hancing the feasibility of applying low-rank tensor learning frame-
works to large-scale multi-view clustering tasks.

2) This paper discusses the problem of the traditional TMC frame-
work that is sensitive to whether the samples are ordered or not,
and our proposed SE-FTMC can achieve consistent performance
under different cases by adopting the low-rank tensor learning
framework in optimal anchor space instead of sample space.

3) An alternating optimization algorithm with good convergence
is designed to solve the proposed model. Extensive experiments
are conducted to demonstrate the effectiveness of our proposed
SE-FTMC compared with state-of-the-art methods.

2 Notations and Related Works
2.1 Notations
The frequently used notations are summarized in Table 1.

Given two three-order tensorsA ∈ R𝑛1×𝑛2×𝑛3 andB ∈ R𝑛2×𝑛4×𝑛3 ,
some tensor-related operations[22] are introduced as fellows:

• Cyclic expansion of the tensor:

𝑐𝑖𝑟𝑐 (A) =


A1 A𝑛3 · · · A2

A2 A1 · · · A3

.

.

.
.
.
.

. . .
.
.
.

A𝑛3 A𝑛3−1 · · · A1


∈ R𝑛1𝑛3×𝑛2𝑛3 . (1)

• Tensor unfolding and folding operations:

𝑢𝑛𝑓 𝑜𝑙𝑑 (A) =
[
A1,A2, · · · ,A𝑛3

]𝑇 ∈ R𝑛1𝑛3×𝑛2 .

A = 𝑓 𝑜𝑙𝑑 (𝑢𝑛𝑓 𝑜𝑙𝑑 (A)).
(2)
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Figure 2: The framework of our proposed SE-FTMC. SE-FTMC employs the low-rank tensor learning framework in the learned
anchor space instead of the original sample space to avoid the instability caused by the way the samples are arranged. Then the
captured information in the anchor space can pass to the sample space for clustering by the learned corresponding matrix Z.

Table 1: Summary of notations.

Symbol Definition

𝑥 , 𝒙 , X, and X scalar, vector, matrix, and tensor
X𝑘 the 𝑘-th frontal slice of tensor X
X𝑓 = fft(X, [], 3) the fast Fourier transformation (FFT)
𝑛, 𝑡,𝑚 the number of samples, anchors, and views
𝑑𝑣 the dimension of 𝑣-th view
X𝑣 ∈ R𝑛×𝑑𝑣

the feature matrix of 𝑣-th view
A𝑣 ∈ R𝑡×𝑑𝑣

the anchors of 𝑣-th view
E𝑣 ∈ R𝑛×𝑑𝑣

the reconstruction error in 𝑣-th view
∥·∥𝐹 , ∥·∥2,1 the Frobenius norm, ℓ2,1 norm
∥·∥⊛ the nuclear norm

• t-product operation:

A ∗ B = 𝑓 𝑜𝑙𝑑 (𝑐𝑖𝑟𝑐 (A) · 𝑢𝑛𝑓 𝑜𝑙𝑑 (B)) ∈ R𝑛1×𝑛4×𝑛3 . (3)

• Tensor Transpose: The transpose of a tensor A is denoted
as A𝑇 ∈ R𝑛2×𝑛1×𝑛3 . This operation involves transposing
each frontal slice of the tensor A, followed by swapping the
second frontal slice with the 𝑛3-th frontal slice.

• f-diagonal Tensor: A tensor A is called an f-diagonal tensor
if and only if each of its frontal slices is a diagonal matrix.

Based on the above tensor operations, the definition of the tensor-
Singular Value Decomposition (t-SVD) and Tensor Nuclear Norm
(TNN) are defined as follows:

Definition 1. (t-SVD) [21] Given tensor A ∈ R𝑛1×𝑛2×𝑛3 , then
the t-SVD of A is:

A = U ∗ S ∗ V𝑇 (4)

where U ∈ R𝑛1×𝑛1×𝑛3 and V ∈ R𝑛2×𝑛2×𝑛3 are orthogonal tensors,
S ∈ R𝑛1×𝑛2×𝑛3 is a f-diagonal tensor.

Definition 2. (TNN) [34, 47] Given a tensor A ∈ R𝑛1×𝑛2×𝑛3 ,
then the tensor nuclear norm is defined as:

∥A∥⊛ =
1
𝑛3

𝑛3∑︁
𝑘=1

ℎ∑︁
𝑖=1

S𝑘
𝑓
(𝑖, 𝑖) (5)

where ℎ = min(𝑛1, 𝑛2) and S𝑓 is from the t-SVD of tensor A in
Fourier domain.

2.2 Tensorial Multi-view Clustering (TMC)
Tensorial Multi-view Clustering (TMC) [4, 17, 19, 36, 47] has re-
cently attracted more attention due to its ability to mine the high-
order correlations among views. Depending on the construction of
representation matrices, TMC methods can be broadly categorized
into graph-based [44, 46, 48], subspace-based [5, 10, 18], and matrix
decomposition-based methods [15]. Currently, the subspace-based
strategy is a popular approach in TMC. Given a multi-view data
set {X1, · · · ,X𝑚} with𝑚 views, ∀𝑣 = 1, · · · ,𝑚, X𝑣 ∈ R𝑛×𝑑𝑣

, the
subspace-based TMC methods typically take the following form:

min
{Z𝑣

𝑋
,E𝑣 }

T (Z𝑋 ) + 𝛼L({E𝑣}),

𝑠 .𝑡 . ∀𝑣, X𝑣 = Z𝑣
𝑋X

𝑣 + E𝑣,Z𝑋 = Φ(Z1𝑋 , · · · ,Z
𝑚
𝑋 ),

(6)

where 𝛼 is a trade-off parameter. T (·) is the low-rank constraint.
E𝑣 means the reconstruction error. L(·) is designed to measure
the error. Φ(·) denotes merging and rotating operation [47], which
merges representation matrices Z𝑣

𝑋
∈ R𝑛×𝑛 to a three-order tensor

Z𝑋 with the dimension of 𝑛 ×𝑚 × 𝑛. This process incurs a com-
plexity of O(𝑛2 log𝑛) for learning the low-rank tensor. To reduce
the complexity, some methods take the anchor learning strategy
[14] (X𝑣 = Z𝑣

𝐿
A𝑣 + E𝑣 , where A𝑣 means the anchors in 𝑣-th view)

or matrix decomposition strategy [23] (X𝑣 = Z𝑣
𝐿
H𝑣 + E𝑣 , where H𝑣

means the base matrix in 𝑣-th view.) to reduce the representation
matrices Z𝑣

𝑋
∈ R𝑛×𝑛 into low-dimensional representation matrices
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Z𝑣
𝐿
∈ R𝑛×ℎ , where ℎ means the number of anchors or a small di-

mension. Consequently, these methods achieve a time complexity
of O(𝑛 log(𝑛)) for processing the tensor constructed from Z𝑣

𝐿
.

However, current sample-oriented TMC methods still have two
main limitations. First, due to the adoption of the rotation trick,
the FFT operation is applied along the sample mode, making the
method highly sensitive to the ordering of input samples. As a re-
sult, these algorithms exhibit satisfactory performance only when
the data is presented in a specific, ordered arrangement, but their
effectiveness degrades significantly when faced with shuffled or
randomly ordered datasets. Second, the imposition of the low-rank
tensor learning in the sample space limits the algorithm’s complex-
ity to a lower bound of O(𝑛 log(𝑛)), preventing TMCmethods from
achieving linear complexity and thereby restricting their scalability
for large datasets.

3 Proposed Method
As mentioned above, the limitations of current TMC methods are
caused by their sample-oriented framework. This strategy makes
them sensitive to sample arrangement and limits their scalability
to large-scale datasets. Being aware of these, we propose to employ
the low-rank tensor learning framework in the more stable anchor
space, based on Assumption 1. It is noted that the arrangement of
samples in the multi-view data does not affect the anchors, so the
low-rank tensor learning framework imposed on the anchor space
can achieve more stable performance than that in the sample space,
especially when the samples are randomly shuffled.

Assumption 1. (Anchor Assumption) Given a dataset X =

[𝒙1; · · · ; 𝒙𝑛] comprising 𝑛 samples, the concept of anchors A =

[𝒂1; · · · ; 𝒂𝑡 ] refers to a set of representative samples or points that
could represent a subgroup of samples or cover their data cloud. The
anchors are expected to possess the following characteristics:

1) Samples belonging to the same category may require more than
one anchor to cover.

2) The arrangement of the samples does not influence the anchors
in the sample space.

Rather than adopting the pre-defined anchor strategy [20, 25, 46],
we employ the anchor learning strategy to learn a set of optimal
anchors to avoid the sub-optimal problem. Given a multi-view data
set {X1, · · · ,X𝑚},∀𝑣,X𝑣 ∈ R𝑛×𝑑𝑣

with𝑚 views, where 𝑑𝑣 is the
dimension of the 𝑣-th view, the anchor learning strategy can be
expressed as the following problem,

min
{A𝑣 ,Z,E𝑣 }

L({E𝑣})

𝑠 .𝑡 . ∀𝑣, X𝑣 = ZA𝑣 + E𝑣,A𝑣A𝑣𝑇 = I,
(7)

where L(·) is designed to to measure the reconstruction error,
A𝑣 ∈ R𝑡×𝑑𝑣

means the anchor set in 𝑣-th view, with 𝑡 representing
the number of anchors. According to Assumption 1, 𝑐 ≤ 𝑡 , with 𝑐
denoting the number of clusters. Z ∈ R𝑛×𝑡 serves as the unified
corresponding matrix, facilitating information exchange between
the sample space and the anchor space. Compared to other methods
[30, 42, 51] that also use the anchor learning strategy, these algo-
rithms typically leverage the learned anchors to project the samples
into a lower-dimensional space, facilitating efficient cross-view in-
formation capture in the sample space. In contrast, our approach

treats the learned anchors as a new set of samples, enabling the
learning of multi-view consistency and complementary informa-
tion in a more compact and efficient anchor space. So given the
learned anchors {A𝑣}𝑚

𝑣=1, the low-rank tensor learning framework
can be imposed in anchor space to mine the high-order correlations
among views,

min
{G𝑣 ,E𝑣 }

∥G∥⊛ + 𝛼 ∥E∥2,1

𝑠 .𝑡 . ∀𝑣, A𝑣 = G𝑣A𝑣 + E𝑣,

E = [E1, · · · , E𝑚]𝑇 ,G = Φ(G1, · · · ,G𝑚),

(8)

where G𝑣 ∈ R𝑡×𝑡 denotes the representation matrices of anchors,
Φ(·) merges representation matrices G𝑣 to a three-order tensor
G with the dimension of 𝑡 ×𝑚 × 𝑡 , such tensor enjoys a 𝑡 log(𝑡)
complexity in tensor-related operations, which is much lower than
𝑛 log(𝑛) in previous TMC works[16, 46].

Combining Eq. (7) and Eq. (8), we formulate the objective func-
tion of SE-FTMC as follows:

min
{Z,G,A𝑣 ,E}

∥G∥⊛ + 𝛼 ∥E∥2,1

𝑠 .𝑡 . ∀𝑣, X𝑣 = ZG𝑣A𝑣 + E𝑣, Z𝑇Z = I,

A𝑣A𝑣𝑇 = I, E = [E1, · · · , E𝑚]𝑇 ,
G = Φ(G1, · · · ,G𝑚) .

(9)

When all variables reach their optimal values, we can directly
perform 𝑘-means on Z to obtain the clustering results.

4 Optimization
Inspired by the alternating direction method of multipliers (ADMM)
[26], the optimal problem Eq. (9) can be solved through an alternat-
ing optimization approach. We first introduce an auxiliary tensor
variable J and rewrite Eq. (9) as the following unconstrained prob-
lem. Then, we update each one individually while keeping the
others fixed.

L(Z, {G𝑣}𝑚𝑣=1, {A
𝑣}𝑚𝑣=1,J , E, {Y𝑣}𝑚𝑣=1,W)

= ∥J ∥⊛ + 𝛼 ∥E∥2,1 + ⟨W,G − J⟩

+
𝑚∑︁
𝑣=1

(
⟨Y𝑣,X𝑣 − ZG𝑣A𝑣 − E𝑣⟩

+ 𝜇

2


X𝑣 − ZG𝑣A𝑣 − E𝑣



2
𝐹

)
+ 𝜌

2
∥G − J ∥2𝐹 ,

(10)

4.1 Z-Problem:
Fixing other variables, we can update Z by solving following prob-
lem:

Z∗ = argmax
Z𝑇 Z=I

𝑇𝑟 (Z𝑇N), (11)

where N =
∑𝑚

𝑣=1 (Y𝑣 + 𝜇X𝑣 − 𝜇E𝑣)A𝑣𝑇G𝑣𝑇 . The optimal solution of
Z is U𝑍V𝑇𝑍 , where U𝑍 and V𝑍 are the left and right singular matrix
of N.
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4.2 G𝑣-Problem:
The subproblem of G𝑣 can be rewritten as:

min
G𝑣

⟨W,G − J⟩ + ⟨Y𝑣,X𝑣 − ZG𝑣A𝑣 − E𝑣⟩

+ 𝜇

2


X𝑣 − ZG𝑣A𝑣 − E𝑣



2
𝐹
+ 𝜌

2
∥G − J ∥2𝐹

(12)

This problem admits a closed-form solution by directly applying
the first-order optimality condition:

G𝑣 =
1

𝜇 + 𝜌
Z𝑇 (Y𝑣 + 𝜇X𝑣 − 𝜇E𝑣)A𝑣𝑇 + 𝜌J𝑣 −W𝑣 (13)

4.3 E-Problem:
The sub-problem of E can be rephrased as,

argmin
E

𝛼

𝜇
∥E∥2,1 +

1
2


E − Ê



2
𝐹
, (14)

where Ê is constructed by horizontally concatenating the matrices
(X𝑣 − ZG𝑣A𝑣 − E𝑣 + 1

𝜇Y
𝑣)𝑇 together along row. From the ℓ2,1

minimization thresholding operator in [32], we can obtain solution
as follows:

E:, 𝑗 =




Ê:, 𝑗 

2 − 𝛼

𝜇

Ê:, 𝑗 

2 Ê:, 𝑗 ,


Ê:, 𝑗 

2 >

𝛼

𝜇
,

0, otherwise.

(15)

where Ê:, 𝑗 is the 𝑗-th column of Ê.

4.4 J -Problem:
When other variables are fixed, the subproblem for J is formulated
as,

argmin
J

1
𝜌
∥J ∥⊛ + 1

2





J − (G + W
𝜌

)




2
𝐹

. (16)

Problem Eq. (16) is a typical t-SVD-based tensor nuclear norm min-
imization problem. The closed-form solution of this optimization
problem can be obtained through [47].

4.5 A𝑣-Problem:
Fixing the other variables, A𝑣 can be updated by,

A𝑣∗ = argmax
A𝑣A𝑣𝑇 =I

𝑇𝑟 (A𝑣M), (17)

whereM = (Y𝑣 + 𝜇X𝑣 − 𝜇E𝑣)𝑇ZG𝑣 . The optimal solution of A𝑣 is
V𝐴U𝐴

𝑇 , where U𝐴 and V𝐴 are the left and right singular matrix of
M.

At last, the Lagrange multipliers and penalty parameters are
updated as follows,

Y𝑣 = Y𝑣 + 𝜇 (X𝑣 − ZG𝑣A𝑣 − E𝑣)
W = W + 𝜌 (G − J)
𝜇 = 𝜂𝜇𝜇, 𝜌 = 𝜂𝜌𝜌

(18)

where 𝜂𝜇 , 𝜂𝜌 > 1 are used to accelerate convergence. The complete
procedure is summarized in Algorithm 1.

Algorithm 1 Optimization Algorithm of Eq. (9)

Input: Multi-view data {X1, . . . ,X𝑚}, cluster number 𝑐 , trade-off
parameter 𝛼 .

Initialize: Set A𝑣,Z, E𝑣,Y𝑣 to zero matrix , J = W = 0;
1: while not converge do
2: Update Z by Eq. (11);
3: Update G𝑣 by Eq. (13);
4: Update E by Eq. (15);
5: Update J by Eq. (16);
6: Update A𝑣 by Eq. (17);
7: Update 𝜇, 𝜌 , Y𝑣 , andW by Eq.(18);
8: Check the convergence conditions:

∥X𝑣 − ZG𝑣A𝑣 − E𝑣 ∥∞ < 𝜖 & ∥G − J ∥∞ < 𝜖

9: end while
10: Perform 𝑘-means on Z to obtain the final clustering results.

4.6 Computational Complexity Analysis
In this section, we analyze both the time complexity and the space
complexity of our proposed SE-FTMC.

Time Complexity: In our proposed SE-FTMC, the time con-
sumption mainly focuses on the update of each variable. Updating
Z requires O(𝑛𝑡𝑑 + 𝑡2𝑑), where 𝑑 =

∑𝑚
𝑣=1 𝑑

𝑣 . For G𝑣 , it needs
O(𝑛𝑡𝑑𝑣 + 𝑡2𝑑𝑣 + 𝑡3) operations. Updating E only costs O(𝑛𝑑). For
tensor J , the updating rule involves FFT, inverse FFT, and t-SVD
operators, accumulating a complexity of O(𝑚𝑡2 log 𝑡 +𝑚2𝑡2). For
A𝑣 , the time complexity is O(𝑛𝑡2 +𝑛𝑡𝑑𝑣). Considering the fact that
𝑡,𝑚 ≪ 𝑛, the overall time complexity of our proposed SE-FTMC
is O(𝑛), which is linear to the number of samples. Compared to
the time complexity O(𝑛2 log𝑛) in the traditional tensorial multi-
view clustering methods, SE-FTMC can address large-scale datasets
efficiently.

Space Complexity: The main space cost is the matrices of vari-
ables: Z ∈ R𝑛×𝑡 , G𝑣 ∈ R𝑡×𝑡 , E ∈ R𝑛×𝑑 , J ∈ R𝑡×𝑚×𝑡 , A𝑣 ∈ R𝑡×𝑑𝑣

and the matrix multiplication results. Since 𝑡,𝑚 ≪ 𝑛, the space
complexity of SE-FTMC is also linear to the number of samples,
O(𝑛).

Table 2: Details of the used datasets.

Dataset Type Sample &Cluster View

NGs Text 500 & 5 3
BBCSport Text 544 &5 2

HW Figure 2000 & 10 6
BDGP Genome 2500 & 5 2

CIFAR10 Object 50000 & 10 3
CIFAR100 Object 50000 & 100 3

YoutubeFace Video 101499 & 31 5

5 Experiment
In this section, to verify the effectiveness of SE-FTMC, we com-
pare SE-FTMC with some state-of-the-art clustering methods on
several widely used benchmark datasets. The experiments are im-
plemented on a computer with a 2.50GHz i7-11700 CPU and 32GB
RAM, MATLAB R2021a.
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Table 3: Results of our proposed method and other compared methods on four shuffled datasets.

Methods
Complexity

ACC(%) NMI(%) PUR(%) F-score(%) ARI(%) Running time(s)Time Space

NGs-Shuffled

LVMSC (AAAI 2020) O(𝑛) O(𝑛) 39.92(1.35) 18.65(5.05) 60.40(16.12) 33.22(3.63) 10.50(1.67) 1.26(0.12)
AWMVC (AAAI 2023) O(𝑛) O(𝑛2) 44.84(0.68) 31.35(0.52) 48.03(0.55) 38.22(0.40) 17.05(0.19) 3.88(0.61)
CAMVC (AAAI 2024) O(𝑛) O(𝑛) 98.81(0.14) 96.04(0.44) 98.81(0.14) 97.63(0.28) 97.04(0.35) 0.33(0.17)

3AMVC (ACM MM 2024) O(𝑛) O(𝑛) 45.44(0.79) 29.05(1.08) 49.72(1.27) 39.90(0.47) 22.10(1.19) 0.51(0.03)
ASR-ETR (ICCV 2023) O(𝑛 log(𝑛)) O(𝑛) 95.36(0.33) 86.17(0.78) 95.36(0.33) 90.93(0.64) 88.86(0.79) 3.60(0.41)
TLSpNM (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 98.80(0.00) 95.82(0.00) 98.80(0.00) 97.60(0.00) 97.01(0.00) 25.08(1.78)
ARLRR (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 97.27(0.12) 91.31(0.30) 97.27(0.12) 94.60(0.23) 93.26(0.29) 6.69(0.46)

OURS O(𝑛) O(𝑛) 98.84(0.08) 96.16(0.30) 98.84(0.08) 97.68(0.18) 97.11(0.23) 2.02(0.45)

BBCSport-Shuffled

LVMSC (AAAI 2020) O(𝑛) O(𝑛) 64.04(7.28) 47.72(6.55) 74.26(6.11) 53.33(9.20) 35.97(13.14) 0.56(0.41)
AWMVC (AAAI 2023) O(𝑛) O(𝑛2) 58.40(0.65) 43.13(1.27) 66.35(1.53) 46.74(1.11) 30.81(1.83) 3.53(0.45)
CAMVC (AAAI 2024) O(𝑛) O(𝑛) 91.55(1.59) 81.90(1.61) 92.05(1.24) 84.85(2.06) 80.15(2.64) 0.64(0.36)

3AMVC (ACM MM 2024) O(𝑛) O(𝑛) 53.55(10.61) 30.24(10.95) 57.60(9.07) 40.86(6.97) 21.39(9.59) 4.76(0.11)
ASR-ETR (ICCV 2023) O(𝑛 log(𝑛)) O(𝑛) 83.27(0.37) 67.02(1.34) 83.27(0.37) 74.14(2.69) 66.17(3.24) 3.68(0.32)
TLSpNM (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 75.77(5.79) 54.03(4.38) 77.90(2.54) 68.70(3.58) 55.51(6.13) 25.88(1.25)
ARLRR (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 88.85(0.11) 77.84(0.16) 88.85(0.11) 85.25(0.23) 80.59(0.29) 5.69(0.38)

OURS O(𝑛) O(𝑛) 92.94(1.08) 81.30(2.58) 92.94(1.08) 85.78(1.80) 81.28(2.53) 2.35(0.14)

BDGP-Shuffled

LVMSC (AAAI 2020) O(𝑛) O(𝑛) 53.72(1.53) 30.64(2.80) 55.74(3.51) 40.92(2.37) 25.23(3.50) 2.35(0.14)
AWMVC (AAAI 2023) O(𝑛) O(𝑛2) 47.88(0.44) 28.78(0.67) 50.51(0.29) 39.88(0.35) 24.66(0.49) 4.31(1.53)
CAMVC (AAAI 2024) O(𝑛) O(𝑛) 51.93(1.65) 28.57(0.88) 52.36(1.58) 42.85(0.98) 26.52(1.27) 1.23(0.33)

3AMVC (ACM MM 2024) O(𝑛) O(𝑛) 46.39(3.18) 28.96(2.05) 49.85(1.26) 36.67(0.99) 17.25(1.23) 5.79(1.24)
ASR-ETR (ICCV 2023) O(𝑛 log(𝑛)) O(𝑛) 52.18(4.66) 28.86(2.54) 52.40(4.96) 38.89(3.15) 23.10(4.09) 3.31(0.19)
TLSpNM (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 54.34(0.80) 36.21(0.56) 59.93(0.81) 43.68(0.78) 30.81(0.97) 144.49(3.56)
ARLRR (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 45.56(2.15) 24.19(2.58) 48.39(2.56) 37.45(1.54) 18.06(3.50) 222.10(6.78)

OURS O(𝑛) O(𝑛) 60.90(1.41) 39.31(1.55) 61.06(1.16) 45.74(0.74) 31.53(1.15) 4.01(0.28)

HW-Shuffled

LVMSC (AAAI 2020) O(𝑛) O(𝑛) 88.86(2.32) 82.28(2.24) 88.86(2.32) 88.91(4.31) 76.50(4.84) 10.42(1.03)
AWMVC (AAAI 2023) O(𝑛) O(𝑛2) 81.18(3.98) 77.28(2.73) 82.67(3.72) 73.87(4.03) 70.90(4.50) 0.52(0.02)
CAMVC (AAAI 2024) O(𝑛) O(𝑛) 90.09(1.07) 84.30(0.78) 90.28(0.96) 82.98(1.27) 81.08(0.39) 1.21(0.29)

3AMVC (ACM MM 2024) O(𝑛) O(𝑛) 89.82(1.91) 86.33(2.22) 90.52(1.62) 84.02(2.66) 82.20(2.96) 10.16(1.54)
ASR-ETR (ICCV 2023) O(𝑛 log(𝑛)) O(𝑛) 82.94(2.85) 73.89(1.66) 82.94(2.85) 71.72(2.65) 68.56(2.93) 2.54(0.69)
TLSpNM (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 92.10(0.80) 85.70(1.10) 92.10(0.80) 84.97(1.38) 83.67(1.49) 238.27(4.56)
ARLRR (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) 87.68(0.10) 80.44(0.21) 87.68(0.10) 78.28(0.17) 75.87(0.19) 382.24(57.32)

OURS O(𝑛) O(𝑛) 93.46(0.68) 87.94(0.84) 93.46(0.68) 87.52(1.17) 86.14(1.30) 1.23(0.11)

5.1 Experimental Setup
Datasets:We select seven challenging datasets to conduct the ex-
periments, including NGs1, BBCSport2, HW3, BDGP4, CIFAR10,
CIFAR100 [29], and YoutubeFace5. Table 2 shows the general statis-
tics of these datasets. All the datasets are ordered by category. To
construct the shuffled case, we randomly arrange the samples in all
datasets.

Competitors:We adopt seven state-of-the-art MVC methods as
baselines, including LVMSC (AAAI 2020) [20], AWMVC (AAAI
2023) [42], CAMVC (AAAI 2024) [51],3AMVC (ACM MM 2024)
[35], ASR-ETR (ICCV 2023) [14], TLSpNM (TPAMI 2023) [13],
and ARLRR (TPAMI 2023) [40]. For a fair comparison, we use
the official codes of these baselines to conduct the experiments.

1https://lig-membres.imag.fr/grimal/data.html
2http://mlg.ucd.ie/datasets/segment.html
3http://archive.ics.uci.edu/ml/datasets/Multiple+Features
4https://www.fruitfly.org/
5https://www.cs.tau.ac.il// wolf/ytfaces/

Evaluation Metrics: To measure the clustering performance,
five metrics are adopted, including Accuracy (ACC), Normalized
Mutual Information (NMI), Purity, the F-score (F), and the Adjusted
Rand index (ARI). All the metrics indicate better performance with
a larger value. Additionally, the running time is also recorded to
evaluate the efficiency.

Parameter Setting: For our proposed SE-FTMC, two parameters
need to be tuned, the search range for parameter 𝛼 is {0.001, 0.005,
0.01, 0.05, 0.1, 0.5, 1, 5}, and the search range for the number of an-
chors 𝑡 is {𝑐, 2𝑐, · · · , 8𝑐}. For all the baselines, their related parame-
ters are tuned with the ranges suggested in the original paper and
the best results are shown. We experiment with five shuffled cases
and give the mean and variance of the results.

5.2 Result Analysis
The experimental results are reported in Table 3 and 4, where the
best and second best values in all algorithms are indicated by red
values and blue values, respectively. From the results, we can draw
the following conclusions.
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Table 4: Results of our proposed method and other compared methods on CIFAR10-Shuffled, CIFAR100-Shuffled, and
YoutubeFace-Shuffled datasets. ’OM’ means the "out-of-memory error".

Methods
Complexity

ACC(%) NMI(%) PUR(%) F-score(%) ARI(%) Running time(s)Time Space

CIFAR10-Shuffled

LVMSC (AAAI 2020) O(𝑛) O(𝑛) 99.24(0.03) 97.91(0.12) 99.24(0.03) 98.50(0.06) 98.34(0.07) 114.65(10.46)
AWMVC (AAAI 2023) O(𝑛) O(𝑛2) 91.28(0.84) 85.75(0.65) 91.66(0.98) 86.66(0.83) 85.14(0.93) 1329.05(5.52)
CAMVC (AAAI 2024) O(𝑛) O(𝑛) 99.37(0.21) 98.24(0.57) 99.37(0.21) 98.75(0.41) 98.61(0.45) 79.2(5.28)

3AMVC (ACM MM 2024) O(𝑛) O(𝑛) 98.62(0.55) 97.36(0.01) 98.76(0.35) 97.83(0.36) 97.58(0.41) 442.44(13.57)
ASR-ETR (ICCV 2023) O(𝑛 log(𝑛)) O(𝑛) 99.35(0.00) 98.22(0.00) 99.35(0.00) 98.71(0.00) 98.57(0.00) 202.02(10.72)
TLSpNM (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) OM OM OM OM OM OM
ARLRR (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) OM OM OM OM OM OM

OURS O(𝑛) O(𝑛) 99.42(0.02) 98.36(0.04) 99.42(0.02) 98.85(0.04) 98.72(0.04) 110.47(5.67)

CIFAR100-Shuffled

LVMSC (AAAI 2020) O(𝑛) O(𝑛) 75.08(3.43) 91.13(2.98) 93.07(0.96) 55.11(14.99) 54.46(15.29) 837.77(16.54)
AWMVC (AAAI 2023) O(𝑛) O(𝑛2) 86.54(1.08) 97.79(0.18) 90.42(0.74) 88.47(0.99) 88.34(1.00) 1247.83(29.36)
CAMVC (AAAI 2024) O(𝑛) O(𝑛) 90.50(0.27) 98.43(0.04) 93.14(0.25) 91.77(0.28) 91.68(0.28) 268.49(20.31)

3AMVC (ACM MM 2024) O(𝑛) O(𝑛) 88.57(1.14) 97.71(0.47) 91.09(1.12) 88.79(1.82) 88.67(1.84) 732.37(25.41)
ASR-ETR (ICCV 2023) O(𝑛 log(𝑛)) O(𝑛) 84.82(0.99) 96.50(0.31) 89.32(0.58) 85.91(1.78) 85.75(1.80) 282.10(37.06)
TLSpNM (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) OM OM OM OM OM OM
ARLRR (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) OM OM OM OM OM OM

OURS O(𝑛) O(𝑛) 91.94(1.66) 98.18(0.38) 94.31(1.15) 92.63(1.61) 92.55(1.63) 125.20(1.15)

YoutubeFace-Shuffled

LVMSC (AAAI 2020) O(𝑛) O(𝑛) 14.62(0.49) 11.98(0.45) 20.63(2.06) 8.16(0.71) 1.88(0.33) 401.52(10.32)
AWMVC (AAAI 2023) O(𝑛) O(𝑛2) OM OM OM OM OM OM
CAMVC (AAAI 2024) O(𝑛) O(𝑛) 15.37(0.26) 13.07(0.26) 29.69(0.39) 7.46(0.10) 2.29(0.08) 529.36(23.45)

3AMVC (ACM MM 2024) O(𝑛) O(𝑛) 17.75(5.90) 16.08(4.29) 30.12(3.31) 7.88(1.37) 3.21(1.41) 1439.72(53.42)
ASR-ETR (ICCV 2023) O(𝑛 log(𝑛)) O(𝑛) 14.80(0.44) 11.86(0.47) 28.73(0.45) 7.02(0.03) 2.17(0.14) 376.83(6.98)
TLSpNM (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) OM OM OM OM OM OM
ARLRR (TPAMI 2023) O(𝑛2 log(𝑛)) O(𝑛2) OM OM OM OM OM OM

OURS O(𝑛) O(𝑛) 26.81(1.05) 20.57(1.57) 34.30(1.07) 12.95(0.31) 5.01(0.50) 245.25(20.31)

Table 5: Stability Analysis: Results (ACC%) of tensorial methods on four datasets (ordered case and shuffled case). ’Difference’
means the difference between the clustering performance of the ordered case and the shuffled case.

Methods
NGs BBCSport BDGP HW

Ordered Shuffled Difference Ordered Shuffled Difference Ordered Shuffled Difference Ordered Shuffled Difference

ASR-ETR (ICCV2023) 100 95.36 4.64 100 83.27 16.73 96.60 52.18 44.42 99.90 82.94 16.69
TLSpNM (TPAMI2023) 100 98.80 1.20 99.82 75.77 24.05 96.76 54.34 42.42 99.95 92.10 7.85
ARLRR (TPAMI2023) 100 97.27 2.73 100 88.85 11.15 60.68 45.56 15.12 99.90 87.68 12.22

OURS 98.80 98.84 0.04 91.91 92.94 1.03 59.08 60.90 1.82 93.30 93.46 0.16

1) Compared to traditional TMCmethods (TLSpNM and ARLRR),
anchor-based TMC methods like ASR-ETR and our SE-FTMC can
handle large-scale datasets. The main reason is that the latter adopts
the anchor strategy to reduce the dimension of the representation
tensor, thus greatly alleviating the time burden associated with
tensor operations.

2) Compared with LVMSC, some methods such as AWMVC,
CAMVC, ASR-ETR, and our SE-FTMC, can obtain better clustering
results in most cases. This is mainly because the former employs
the pre-defined anchor strategy, and the latter dynamically learns
optimal anchors to cover the whole data cloud, which avoids the
sub-optimal solution problem and improves the discriminability of
the learned affinity matrix for clustering.

3) Although our SE-FTMC and ASR-ETR are both anchor-based
TMC methods, SE-FTMC shows consistently competitive results

on different datasets. For example, in all datasets, SE-FTMC demon-
strates shorter running times compared to ASR-ETR. This is be-
cause ASR-ETR adopts the sample-oriented low-rank tensor learn-
ing framework, which is sensitive to the arrangement of samples
and usually takes a time complexity of O(𝑛 log(𝑛)). In contrast, SE-
FTMC performs the low-rank tensor learning framework in anchor
space, which enjoys a time complexity of O(𝑛) and is independent
of how the samples are arranged.

5.3 Stability Analysis
In this section, we analyze the stability of the TMCmethods in terms
of whether the dataset is shuffled or ordered. Since most tensorial
methods have high computational complexity, we conduct experi-
ments on four small-scale datasets, includingNGs, BBCSport, BDGP,
and HW datasets. We report the clustering performance (ACC) in
Table 5. We can observe that sample-oriented TMC methods (e.g.,
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(a) NGs (b) BBCSport (c) HW (d) BDGP

Figure 3: The performance (ACC ) of our proposed method on four datasets by varying the parameters (𝛼 and 𝑡 ).

0 5 10 15 20 25 30

Iterations

0

5

10

15

20

25

30

35

S
to

p
 C

ri
te

ri
a

Reconstruction Error

Match Error

(a) NGs

0 5 10 15 20 25 30 35

Iterations

0

10

20

30

40

50

60

S
to

p
 C

ri
te

ri
a

Reconstruction Error

Match Error

(b) BBCSport

0 10 20 30 40 50 60

Iterations

0

5

10

15

20

25

30

35

S
to

p
 C

ri
te

ri
a

Reconstruction Error

Match Error

(c) HW

0 5 10 15 20 25 30

Iterations

0

10

20

30

40

50

60

70

80

S
to

p
 C

ri
te

ri
a

Reconstruction Error

Match Error

(d) BDGP

Figure 4: Convergence curves of our proposed method on four datasets.

ASR-ETR, TLSpNM, and ARLRR) all achieve excellent clustering
results when the samples are ordered. However, when the samples
are randomly arranged, their performance degrades drastically, es-
pecially on the HW and BDGP datasets. This phenomenon suggests
that the prior structural information provided by ordered samples
can greatly improve sample-oriented TMC methods, but it also
highlights their susceptibility to sample arrangement, suggesting
that these algorithms may be unstable due to the unknown ordering
of samples in real-world datasets. In contrast, our SE-FTMC exhibits
stability regardless of the sorting or shuffling of the data, under-
scoring the effectiveness of our proposed anchor-oriented strategy
in enhancing the stability of traditional tensor methods. Note that
current TMC methods (TLSpNM, ARLRR, and ASR-ETR) employ
different tensor ranks in the low-rank tensor learning framework,
all of these methods suffer from a collapse in accuracy when faced
with shuffled data. This issue stems from the fact that, regardless
of the tensor rank chosen, these methods remain inherently con-
strained by the sample space, making it challenging for them to
effectively handle data variations such as shuffling.

5.4 Model Analysis
Parameter Analysis: The SE-FTMC model has two parameters

that need to be tuned, including the trade-off parameter 𝛼 and the
number of anchors 𝑡 . In detail, the search ranges of 𝛼 and 𝑡 are
defined as {0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1, 5} and {𝑐, 2𝑐, · · · , 8𝑐},
respectively. We record the clustering performance (ACC) of our
SE-FTMC on four datasets (NGs, BBCSport, HW, and BDGP) and
present the results in Figure. 3. We can observe that our proposed
method achieves relatively stable clustering results against these
two parameters. From the details, different datasets have varying
sensitivities to these parameters. In the HW dataset, the difference
between the optimal and lowest values is smaller than that in the
BBCSport dataset. Therefore, for other different datasets, we always
perform the grid search strategy over the defined search ranges to

obtain the optimal clustering results, which is not costly due to the
linear complexity of our algorithm and the small search range.

ConvergenceAnalysis:Note that all sub-problems in Eq. (9) are
closed and can be solved with guaranteed convergence. Specifically,
according to the convergence conditions in Chapter 3 of the ADMM
framework [1], the convergence of Algorithm 1 is guaranteed. In
this section, we adopt the stopping criteria to further demonstrate
the convergence. The stopping criteria used here are Reconstruction
Error (RE) and Match Error (ME) [47]. The variation curves of these
two stopping criteria on five different datasets are presented in
Figure. 4. It is clear to see that the values of RE and ME drop quickly
to 0 and remain stable on all datasets, and the number of iterations
on these datasets is within 20 steps. Thus, the convergence of the SE-
FTMC is not only theoretically established but also experimentally
verified.

6 Conclusion
In this paper, we propose an efficient and robust framework, SE-
FTMC, for tensorial multi-view clustering. SE-FTMC first discusses
the impact of shuffled datasets on TMC methods and reduces the
computational complexity of the TMC algorithm to linear time.
Unlike existing approaches that apply low-rank tensor learning in
the sample space, SE-FTMC leverages this framework in the anchor
space to extract high-order correlations among views. A learned
correspondence matrix facilitates the transfer of information from
anchors to samples for clustering purposes. In addition, we devise
an alternative optimization algorithm to solve the proposed model,
which enjoys linear complexity. Extensive experiments demon-
strate the effectiveness and superiority of our proposed SE-FTMC.
Although SE-FTMC has demonstrated satisfactory performance,
the leaned anchor sets under orthogonality constraints may have
difficulty covering complex sample spaces. Exploring a more stable
set of optimal anchors is a promising direction for future research.
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