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Abstract

Multi-view unsupervised feature selection (MUFS) has re-
ceived considerable attention in recent years. Existing MUFS
methods for processing unlabeled incomplete multi-view
data, where some samples are missing in certain views, first
impute the missing values and then perform feature selection
on the completed dataset. However, treating imputation and
feature selection as two separate processes overlooks their po-
tential interactions. The graph-guided local structure gleaned
from feature selection can aid in imputation, which in turn
can enhance the feature selection performance. Additionally,
most similarity graph-based MUFS methods suffer from high
computational costs. To address these problems, we propose
a novel MUFS method, termed Tensorial Incomplete Multi-
view unsupErvised Feature Selection (TIME-FS). TIME-FS
unifies missing value recovery, discriminative feature selec-
tion, and low-dimensional representation learning within a
joint framework through matrix decomposition. Then, TIME-
FS conducts CP decomposition on tensor data formed by the
low-dimensional representations of different views to learn a
consistent anchor graph across views and a view-preference
weight matrix, both of which simultaneously guide missing
view imputation and feature selection. Furthermore, an effi-
cient algorithm with low time complexity and rapid conver-
gence is proposed to solve TIME-FS. Extensive experimental
results demonstrate the effectiveness and efficiency of TIME-
FS over state-of-the-art methods.

Introduction
Multi-view data are common in real-world applications,
where the same sample is described using heterogeneous
features from different perspectives (Sun 2013; Zhao et al.
2017). Multi-view data are typically high-dimensional and
unlabeled, which is attributable to the diverse sources of fea-
tures and the labor-intensive process of labeling (Xie, Tao,
and Wei 2016; Tang et al. 2022a). As an important unsu-
pervised learning method, multi-view unsupervised feature
selection (MUFS) aims to select informative features from
unlabeled multi-view data, thereby achieving dimensional-
ity reduction and enhancing the performance of downstream
tasks (Li et al. 2017; Zhang et al. 2019).
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Figure 1: The framework of the proposed TIME-FS.

Existing MUFS methods are commonly classified into
two categories. The first category involves concatenating
multiple views into a single view and subsequently applying
single-view feature selection methods. Typical methods in
this category include JELSR (Hou et al. 2014), DUFS (Lim
and Kim 2021) and HSL (Mi et al. 2024). In contrast to the
first category, which combines multi-view data in a sequen-
tial manner, the second category directly conducts feature
selection on multi-view data by leveraging potential cor-
relations between views, exemplified by methods such as
TLR-MUFS (Yuan et al. 2022), SDFS (Zhou et al. 2023),
and JMVFG (Fang et al. 2024). TLR-MUFS employs ten-
sor low-rank regularization on similarity graphs to capture
cross-view consistency during the feature selection process.
JMVFG integrates multi-view graph learning and multi-
view feature selection into a unified framework.

Although previous methods have demonstrated promis-
ing feature selection performance, they are predicated on the
assumption that each sample appears in all views. This as-
sumption does not always hold in real-world scenarios. For
example, in e-commerce recommendation systems, many
users only have purchase behavior features, with profile in-
formation often missing due to privacy concerns (Elkahky,
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Song, and He 2015). There is limited research on unsu-
pervised feature selection for incomplete multi-view data.
CVFS (Xu et al. 2021) introduces a cross-view unsuper-
vised feature selection method for handling incomplete
multi-view data. C2IMUFS (Huang et al. 2023) proposes
an incomplete multi-view unsupervised feature selection
method that utilizes complementary and consensus informa-
tion across different views to construct the similarity graph.
These two methods begin by imputing the missing data,
followed by developing a multi-view feature selection ap-
proach on the completed dataset.

As mentioned above, the previously mentioned MUFS
method is applied to incomplete data through two sequential
steps: first, imputing the missing data, followed by perform-
ing feature selection on the imputed dataset. However, treat-
ing imputation and feature selection as two separate pro-
cesses fails to leverage their potential synergy. The local
structural information within and between views obtained
from feature selection can guide imputation. In turn, the re-
fined imputation can improve the effectiveness of feature se-
lection. Moreover, most MUFS methods that use the simi-
larity graph to characterize the local structure of data exhibit
high time complexity due to the graph construction and the
eigen-decomposition of the Laplacian matrix (Cao and Xie
2024b).

To address the above issues, we propose a novel MUFS
method, called Tensorial Incomplete Multi-view unsupEr-
vised Feature Selection (TIME-FS). Specifically, we first
propose a joint learning framework that integrates missing-
view imputation, feature selection, and low-dimensional
representation learning through matrix factorization. Then,
we perform CP decomposition on the tensor data formed by
the low-dimensional representations of different views. This
can learn a consistent anchor graph that captures the local
structural information between views and a view-preference
weight matrix that encapsulates view-specific information.
The learned anchor graph and view weight matrix can simul-
taneously guide both missing-view imputation and feature
selection. Furthermore, we develop an efficient optimiza-
tion algorithm to solve TIME-FS with low computational
time complexity and rapid convergence. Fig. 1 illustrates the
framework of TIME-FS. The main contributions of this pa-
per are summarized as follows:

• To the best of our knowledge, this is the first work
to propose a joint learning framework for adaptive
missing-view imputation, incomplete multi-view unsu-
pervised feature selection, and tensor-based anchor graph
learning. This framework facilitates seamless interaction
among these modules, ultimately enhancing the perfor-
mance of feature selection.

• TIME-FS adaptively learns a consistent anchor graph and
a view-preference weight matrix by performing CP de-
composition on the third-order tensor composed of the
low-dimensional representations of views. By leverag-
ing the learned view-consistent and view-specific local
structural information, it can simultaneously guide both
missing-view imputation and feature selection.

• An efficient iterative algorithm with low time complex-

ity and good convergence is developed to solve the pro-
posed TIME-FS. Comprehensive experiments on real-
world datasets demonstrate the superiority of TIME-FS
over other state-of-the-art (SOTA) methods in terms of
clustering performance and running time.

The Propose Method
We first summarize the notations used throughout this pa-
per and introduce the relevant definitions for matrix and ten-
sor operations. We use bold calligraphic letters to denote
tensors (e.g., A) and bold uppercase letters for matrices
(e.g., A). For any matrix A, Ai., A.j , and Aij represent
its i-th row, j-th column, and (i, j)-th entry, respectively.
The Frobenius norm of matrix A ∈ Rn×r is defined as
∥A∥F =

√∑n
i=1

∑r
j=1 A

2
ij , and the ℓ2,1-norm is given by

∥A∥2,1 =
∑n

i=1

√∑r
j=1 A

2
ij . Tr(A) and AT respectively

denote the trace and transpose of matrix A. Given two ma-
trices A ∈ Rn×r and B ∈ Rm×r, the Khatri-Rao product of
them is defined as A⊙B = [A.1 ⊗B.1, . . . ,A.r ⊗B.r] ∈
Rnm×r, where ⊗ is the Kronecker product. For any third-
order tensor Z ∈ Rn1×n2×n3 , the CP decomposition of Z
can be approximated by a sum of r rank-one tensors, ex-
pressed as Z ≈ [[A,B,C]] ≡

∑r
i=1(Ai. ◦ Bi. ◦ Ci.),

where ◦ denotes the vector outer product, and A ∈ Rn1×r,
B ∈ Rn2×r, and C ∈ Rn3×r (Carroll and Chang 1970).

Joint Learning of MUFS and Adaptive Imputation

Given an incomplete multi-view dataset X = {X(v)}Vv=1,
where X(v) = [X

(v)
.1 , . . . , X̊

(v)
.j , . . . ,X

(v)
.n ] ∈ Rdv×n is

the v-th view’s data matrix with n samples and dv features,
and X̊

(v)
.j denotes that the j-th sample in the v-th view is

missing. To select discriminative features from the given
multi-view dataset, many matrix factorization-based unsu-
pervised feature selection methods have been widely devel-
oped (Mairal et al. 2010; Huang et al. 2023; Mi et al. 2024).
However, when using existing methods for feature selection
on incomplete data, it is necessary to first impute the missing
values with predefined entries to form a complete dataset, af-
ter which feature selection is conducted. Such a “two-stage”
way fails to account for the potential interactions between
data imputation and feature selection. In this paper, we pro-
pose a “one-stage” method using matrix factorization that
simultaneously performs adaptive missing-view imputation
and feature selection. Moreover, we automatically assign
weights to each view based on their importance. This can
be formulated as follows:

min
E(v),W (v),

Z(v),αv

V∑
v=1

αγ
v{∥X̂(v) −W (v)Z(v)∥2F + λ∥W (v)∥2,1}

s.t. X̂(v) = X(v) +E(v)G(v),Z(v)(Z(v))T = I,

V∑
v=1

αv = 1, αv ≥ 0, v = 1, 2, . . . , V,

(1)
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where E(v) ∈ Rdv×nv is the data matrix in X(v) requiring
imputation of missing samples, nv is the number of miss-
ing samples in the v-th view, W (v) ∈ Rdv×c denotes the
feature selection matrix, Z(v) ∈ Rc×n represents the low-
dimensional representation of the v-th view, αv is the weight
of the v-th view, and γ and λ are two regularization param-
eters. G(v) ∈ Rnv×n serves as an indicator matrix for the
missing instances, defined as

G
(v)
ij =

 1 if X̊(v)
.j is the i-th missing instance

in the v-th view;
0 otherwise.

(2)

By imposing the constraint X̂(v) = X(v)+E(v)G(v), the
missing data in the original matrix X(v) is filled using E(v),
while the existing data remains unchanged. The orthogo-
nal constraint on Z(v) in Eq. (1) ensures that the learned
low-dimensional representation is more compact and avoids
redundancy. Furthermore, The ℓ2,1-norm is imposed on the
feature selection matrix W (v) to promote sparsity, thereby
driving the weights of non-essential features toward zero.

In Eq. (1), the missing data E(v) is treated as a vari-
able and is optimized simultaneously with the feature se-
lection matrix W (v) and the low-dimensional representa-
tion Z(v). This strategy guarantees that the imputed data
is reconstructed from the discriminative features identified
by W (v) and the compact low-dimensional representation,
thereby avoiding the influence of redundant features in the
original data. In turn, the adaptive imputation process also
boosts the effectiveness of feature selection. Therefore, the
joint learning of adaptive missing-view imputation, incom-
plete multi-view unsupervised feature selection, and low-
dimensional representation learning can facilitate seamless
interaction among these components and improve feature se-
lection performance.

Tensor-Based Anchor Graph Learning
Previous studies have demonstrated that leveraging local
structural information in multi-view data is beneficial to im-
prove the feature selection performance (Huang et al. 2023;
Liang et al. 2023). However, most conventional MUFS
methods use similarity graphs to describe the local structure
of data, often incurring high computational costs. To address
this issue, we use tensor CP decomposition on a third-order
tensor formed from the low-dimensional representations of
different views to obtain a consistent anchor graph and a
view-preference weight matrix. By learning a set of anchors
that are much fewer than the total number of samples, the re-
sulting anchor graph effectively reduces the computational
burden while capturing the consistent local structure be-
tween the original samples and these anchors across views.
Additionally, by combining the view-preference weight ma-
trix and anchor graph, we can capture the view-specific local
structural information. This can be formulated as follows:

min
A,M ,P

∥Z − [[A,M ,P ]]∥2F + η∥M∥2F

s.t. M1r = 1n,M ≥ 0,
(3)

where Z = Φ{Z(1),Z(2), . . . ,Z(V )} ∈ Rc×n×V is a third-
order tensor constructed by stacking V low-dimensional rep-
resentations {Z(v)}Vv=1, A ∈ Rc×r denotes the consensus
anchor set consisting of r (r ≪ n) anchors, M ∈ Rn×r

represents a consistent anchor graph, P ∈ RV×r is a view-
preference weight matrix, η is a trade-off parameter, and 1r

denotes the r-dimensional column vector with all entries be-
ing one. In Eq. (3), each row of P represents the differing
preference levels that an anchor assigns to each view. By in-
tegrating each row of P with the consistent anchor graph
M , one can capture the local structural information specific
to each view. Hence, Eq. (3) simultaneously utilizes shared
information between views and view-specific information to
capture the local data structure, which aids in recovering
missing data and enhances feature selection performance.

By combining Eqs. (1) and (3), the final objective function
of TIME-FS can be formulated as:

min
Θ

V∑
v=1

αγ
v [∥X̂(v) −W (v)Z(v)∥2F + λ∥W (v)∥2,1]

+ ∥Z − [[A,M ,P ]]∥2F + η∥M∥2F
s.t. X̂(v) = X(v) +E(v)G(V ),Z(v)(Z(v))T = I,

Z = Φ{Z(1),Z(2), . . . ,Z(V )},M1r = 1n,

M ≥ 0,

V∑
v=1

αv = 1, αv ≥ 0, v = 1, . . . , V,

(4)

where Θ = {{W (v),Z(v),E(v), αv}Vv=1,A,M ,P }.
By integrating feature selection, adaptive missing-view

imputation, and tensor-based anchor graph learning within
a unified framework, Time-FS is capable of leveraging both
view-consistent and view-specific local structural informa-
tion to enhance the performance of feature selection and fa-
cilitate the imputation of missing data. Furthermore, acquir-
ing more discriminative features and reliable imputed data
aids in accurately characterizing the local structure of the
data. These three components can synergistically enhance
one another to recover missing values and achieve better fea-
ture selection performance.

Optimization
Since the objective function in Eq. (4) is non-convex to all
variables simultaneously, we propose an alternative iterative
algorithm to solve this problem.
Update W (v) by Fixing Others. When other variables are
fixed, W (v) can be updated by solving the following prob-
lem:

min
W (v)

∥X̂(v) −W (v)Z(v)∥2F + λ∥W (v)∥2,1 (5)

According to (Nie et al. 2010), ∥W (v)∥2,1 can be
rewritten as Tr((W (v))TΛ(v)W (v)), where Λ(v) is a di-
agonal matrix, with the i-th diagonal element given by
1/(2∥W (v)

i. ∥2+ϵ), and ϵ is set to 2×10−16 to avoid division
by zero. Then, Eq. (5) is further transformed as follows:

min
W (v)

∥X̂(v) −W (v)Z(v)∥2F + λTr((W (v))TΛ(v)W (v))

(6)
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By taking the derivative of Eq. (6) w.r.t. W (v) and setting
it to 0, we obtain the optimal solution for W (v):

W (v) = (I − λΛ(v))−1X̂(v)(Z(v))T, (7)

where Λ(v) is initially derived from W (v), and both Λ(v)

and W (v) are updated in turns.
Update Z(v) by Fixing Others. After fixing other variables,
the objective function w.r.t. Z(v) is reduced to:

min
Z(v)

αγ
v∥X̂(v) −W (v)Z(v)∥2F + ∥Z − [[A,M ,P ]]∥2F

s.t. Z(v)(Z(v))T = I,Z = Φ{Z(1), . . . ,Z(V )}.
(8)

According to the definition of CP decomposition (Carroll
and Chang 1970), Eq. (8) can be transformed into:

min
Z(v)

αγ
v∥X̂(v)−W (v)Z(v)∥2F +∥Z(v)−Adiag(Pv.)M

T∥2F

s.t. Z(v)(Z(v))T = I.
(9)

By means of the property of matrix trace, we can refor-
mulate Eq. (9) as follows:

min
Z(v)(Z(v))T=I

∥Z(v) −Q(v)∥2F (10)

where Q(v) = αγ
vW

(v)X̂(v)+Adiag(Pv.)M
T. According

to the orthogonal Procrustes problem in (Viklands 2006), the
optimal solution of Eq. (10) can be obtained as follows:

Z(v) = U (v)(V (v))T, (11)

where U (v) ∈ Rc×c, V (v) ∈ Rc×n denote the left and right
singular matrix of Q(v), respectively.
Update A by Fixing Others. With other variables fixed, we
can update A by solving the following problem:

min
A

∥Z − [[A,M ,P ]]∥2F (12)

According to (Kolda and Bader 2009), Eq. (12) can be
rewritten as follows:

min
A

∥Z(1) −A(P ⊙M)T∥2F (13)

where Z(1) ∈ Rc×nV is the mode-1 unfolding of tensor Z ,
and ⊙ stands for Khatri-Rao product. By taking the deriva-
tive of Eq. (13) w.r.t. A and setting it to 0, we get the fol-
lowing closed-form solution:

A = Z(1)(P ⊙M)[(P ⊙M)T(P ⊙M)]−1 (14)

Update M by Fixing Others. When other variables are
fixed, updating M is equal to solve the following problem:

min
M

∥Z − [[A,M ,P ]]∥2F + η∥M∥2F
s.t. M1r = 1n,M ≥ 0,

(15)

Base on (Kolda and Bader 2009), Eq. (15) can be formulated
as follows:

min
M

∥Z(2) −M(P ⊙A)T∥2F + ηTr(MMT)

s.t. M1r = 1n,M ≥ 0,
(16)

where Z(2) ∈ Rn×cV is the mode-2 unfolding of tensor Z .
Eq. (16) can be solved row-by-row by optimizing the fol-

lowing problem:

min
Mi.

1

2
∥Mi. + Yi.∥22

s.t. Mi.1r = 1,Mi. ≥ 0,

(17)

where Y = −Z(2)(P ⊙A)[ηIr + (P ⊙A)T(P ⊙A)]−1.
Eq. (17) can be solved using the same procedure as in
(Wang, Yang, and Liu 2019). Then, we have

Mi. = (
1

r
(1 +

r∑
j=1

Yij)1
T
r − Yi.)+, (18)

where (y)+ = max(0, y) indicates the max function to en-
sure that y is non-negative.
Update P by Fixing Others. Similar to the process of solv-
ing Eq. (12), we can obtain the following equivalent opti-
mization problem w.r.t. P after fixing other variables:

min
P

∥Z(3) − P (M ⊙A)T∥2F (19)

where Z(3) ∈ RV×cn is the mode-3 unfolding of tensor Z .
By taking the derivative of Eq. (19) w.r.t. P and setting it to
0, we can obtain:

P = Z(3)(M ⊙A)[(M ⊙A)T(M ⊙A)]−1 (20)

Update E(v) by Fixing Others. After fixing the other vari-
ables, the optimization problem for updating E(v) becomes:

min
E(v)

∥X(v) +E(v)G(v) −W (v)Z(v)∥2F (21)

According to Eq. (2), we have X(v)(G(v))T = 0. Then,
the optimal solution E(v) can be obtained in closed form:
E(v) = W (v)Z(v)(G(v))T.
Update αv by Fixing Others. By fixing the other variables,
the objective function w.r.t. αv becomes:

min
αv

V∑
v=1

αγ
vd

(v), s.t.
V∑

v=1

αv = 1, αv ≥ 0, v = 1, . . . , V,

(22)
where d(v) = ∥X̂(v) − W (v)Z(v)∥2F + λ∥W ∥2,1. By em-
ploying the Lagrange multiplier method, we can obtain the
optimal solution of αv as follows:

αv =
(d(v))

1
1−γ∑V

v=1(d
(v))

1
1−γ

(23)

The entire optimization procedure of TIME-FS is sum-
marized in Algorithm 1. In this algorithm, the columns of
{Ev}Vv=1 are initialized as the mean of the observed in-
stances for each view. {Z(v)}Vv=1 is initialized randomly to
ensure row orthogonality, and both A and P are also ran-
domly initialized. W (v) is initially set to X̂(v)(Z(v))T. M
and {αv}Vv=1 are initialized according to Eqs. (18) and (23),
respectively.
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Algorithm 1: Iterative Algorithm of TIME-FS

Input:Incomplete multi-view data X = {X(v)}Vv=1; the pa-
rameters γ, η, and λ.

1: Initialize {E(v),Z(v),W (v), αv}Vv=1, A, P , and M .
2: while not convergent do
3: Update {W (v)}Vv=1 via Eq. (7);
4: Update {Z(v)}Vv=1 via Eq. (11);
5: Update A via Eq. (14);
6: Update M via Eq. (18);
7: Update P via Eq. (20);
8: Update {E(v)}Vv=1 by solving Eq. (21);
9: Update {αv}Vv=1 via Eq. (23);

10: end while
Output:Sorting the ℓ2-norm of the rows of {W(v)}Vv=1 in
descending order and selecting the top k features from X .

Complexity and Convergence Analysis
Time Complexity Analysis. In Algorithm 1, seven variables
are updated alternatively. In each iteration, updating W (v)

costs O(dvnc). By performing economic SVD (Brand 2006)
on Q(v) in Eq. (11), updating Z(v) costs O(dvnc+c2n). The
computational cost for updating A, M , and P is O(c2nV )
for each. Updating E(v) costs O(dvnvc+cnv), which is less
than O(dvnc+ c2n) because nv < n. Updating αv involves
only element-based operations, which can be disregarded.
Hence, the total time complexity of Algorithm 1 is O(dnc+

c2nV ), where d =
∑V

v=1 dv .
Convergence Analysis. Algorithm 1 solves the resulting op-
timization problem through an iterative process that decom-
poses it into seven sub-problems, optimizing each sequen-
tially. Since all seven sub-problems are convex and have
closed-form solutions, the objective function value of Eq. (4)
will decrease monotonically.

Experiment
Experimental Settings
Datasets. We use six real-world datasets for evaluation, in-
cluding one text dataset (WebKB1), one face image dataset
(ORL mtv2), one handwritten digit image dataset (Mfeat2),
and three object image datasets (COIL203, Caltech1012, and
Aloi2). Table 1 summarizes the detailed information of six
datasets. In addition, we construct the incomplete multi-
view data following the method in (Lin et al. 2022), by re-
moving certain ratios of samples from each view as missing
data. The missing ratio is set within the range of {10%, 20%,
30%, 40%, 50%} in the experiment.
Comparison Methods. To validate the effectiveness and
efficiency of the proposed TIME-FS, we compare it with
several SOTA methods, including TLR-MUFS (Yuan et al.
2022), TRCA-CGL (Liang et al. 2023), SDFS (Zhou et al.

1http://elenaher.dinauz.org/phd/data/networks/webkb/
2https://github.com/wangsiwei2010/awesome-multi-view-

clustering
3https://www.cs.columbia.edu/CAVE/software/softlib/coil-

20.php

Datasets Views Samples Features Classes

WebKB 3 203 1703/230/230 4
ORL mtv 3 400 4096/3304/6750 40
COIL20 3 1440 30/19/30 20
Mfeat 6 2000 216/76/64/6/240/47 10
Caltech101 6 2386 48/40/254/1984/512/928 20
Aloi 4 11025 77/13/64/64 100

Table 1: Dataset description

2023), C2IMUFS (Huang et al. 2023), CDMvFS (Cao, Xie,
and Li 2024), JMVFG (Fang et al. 2024), SCMvFS (Cao
and Xie 2024b), CDNMF (Duan et al. 2024), HSL (Mi et al.
2024), and CFSMO (Cao and Xie 2024a). Besides, a base-
line (AllFea) that uses all features is also evaluated.
Comparison Schemes. As most comparison methods can-
not be directly applied to incomplete multi-view data, we
first impute the missing samples with the mean value of the
corresponding view before applying these methods. To en-
sure a fair comparison, the parameters for all comparison
methods are tuned using the grid search strategy to achieve
the optimal results. Besides, the parameters of γ, η and λ
in our method are tuned in the range of {1.5, 2, 3, 4, 5, 6},
{0.01, 0.1, 1, 10, 100}, and {0.001, 0.005, 0.01, 0.05}, re-
spectively. Since determining the optimal number of se-
lected features for a certain dataset remains a challenging
problem (Li et al. 2017), we set the percentage of selected
features from 10% to 90% in increments of 10%. In the eval-
uation phase, we follow commonly used metrics to assess
the quality of the selected features in MUFS (Tang et al.
2022b; Fang et al. 2024): Clustering Accuracy (ACC) and
Normalized Mutual Information (NMI). K-means clustering
is then performed 30 times on the selected features, and the
average clustering results are reported. All experiments were
run in MATLAB R2022b on a desktop with an Intel Core i9-
10900 CPU @ 2.80 GHz and 64 GB RAM. The source code
is available at https://github.com/mingH-L/TIME-FS.

Experimental Results and Analysis
Performance Comparisons. To comprehensively evaluate
the effectiveness of the proposed TIME-FS, we report the
clustering performance of all methods with different feature
selection ratios and missing ratios. Figs. 2 and 3 respec-
tively show the performance of different methods in terms
of ACC and NMI with varying feature selection ratios (FR)
and a fixed missing ratio of 40%. As shown in Figs. 2 and
3, TIME-FS achieves competitive performance compared to
the other methods when the feature selection ratio ranges
from 10% to 90%. Specifically, on ORL mtv, COIL20 and
Mfeat datasets, TIME-FS obtains an average improvement
of over 10% in both ACC and NMI in comparison with the
best results of the SOTA methods. On Caltech101 and Aloi
datasets, TIME-FS respectively achieves more than 9% and
6% improvement in average ACC and NMI compared with
the second-best methods. TIME-FS still gains over 4% aver-
age improvement in ACC and NMI on WebKB dataset. Fur-
thermore, Figs. 4 and 5 illustrate the performance of various
methods in terms of ACC and NMI with varying missing ra-
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Figure 2: ACC of different methods on six datasets under different feature selection ratios.

Figure 3: NMI of different methods on six datasets under different feature selection ratios.

Figure 4: ACC of different methods on six datasets with different missing ratios.

Figure 5: NMI of different methods on six datasets with different missing ratios.

tios (MR) and a fixed feature selection ratio of 40%, respec-
tively. From these two figures, TIME-FS still achieves pretty
good performance compared to other competing methods in
most cases. The outstanding performance of TIME-FS re-
sults from integrating feature selection, adaptive missing-
view imputation, and anchor graph learning into a unified
framework, where each component is synergistically en-
hanced.
Running Time Comparison. To evaluate the computational
efficiency of the proposed algorithm, Table 2 reports the av-
erage runtime of various algorithms on six datasets. Each al-
gorithm was executed five times under identical conditions.
We can see that TIME-FS has a much shorter runtime than
other methods. Furthermore, we provide a theoretical com-
parison of the complexity of different algorithms. The last

column of Table 2 shows the time complexity of each algo-
rithm, clearly indicating that our method has the lowest time
complexity. The efficiency advantage mainly arises from our
algorithm’s ability to capture the local structure informa-
tion through learning an anchor graph and a view-preference
weight matrix via tensor decomposition. In contrast, most
competing methods construct similarity graphs and perform
eigen-decomposition of the Laplacian matrix to capture lo-
cal structure, which is more time-consuming.
Ablation Study. To demonstrate the effectiveness of the
proposed module in TIME-FS, we conduct ablation exper-
iments by comparing it with two of its variants.

(1)TIME-FS-I: The adaptive imputation module is re-
moved from Eq. (4), and the missing values are filled with
mean values.
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Methods Datasets Time Complexity
WebKB ORL mtv COIL20 Mfeat Caltech101 Aloi

TIME-FS 0.33∗ 4.20∗ 0.45∗ 1.21∗ 6.54∗ 64.54∗ O(dnc+ c2nV )

TLR-MUFS 1.68 229.24 2.82 10.08 29.29 381.52 O((2n+ 1)nV log(n) +
∑V

v=1 d
3
v)

TRCA-CGL 1.62 105.45 15.81 53.23 127.30 4361.28 O(n2V 2 + 2n2V log(n) + d3)

SDFS 2.25 40.41 27.68 108.34 187.16 2984.11 O(
∑V

v=1(n
3 + n2dv + nd2v + d2vl))

C2IMUFS 2.01 27.04 110.84 375.28 621.90 4288.34 O(nc
∑V

v=1 max(dv, n))

CDMvFS 2.24 56.71 50.82 330.09 527.94 18331.96 O(V n3 +
∑V

v=1 d
3
v)

JMVFG 2.80 12.37 3.22 29.91 68.75 825.82 O(
∑V

v=1 d
3
v + n

∑V
v=1 d

2
v + n2d)

SCMvFS 3.37 60.53 19.05 138.27 256.84 3482.33 O(V n3 +
∑V

v=1 d
3
v)

CDNMF 1.72 39.05 1.07 6.14 24.42 108.73 O(n
∑V

v=1 d
2
v)

HSL 15.32 499.09 2.47 7.52 94.47 73.78 O(d3 + ndl)

CFSMO 4.02 24.66 1.94 13.78 20.33 445.77 O(V cdn+ n2V +
∑V

v=1 d
3
v)

Table 2: Average running time (s) and time complexity of different methods across six datasets, where d =
∑V

v=1 dv and ∗
indicates a significant reduction in running time according to the Wilcoxon signed-rank test.

Figure 6: ACC of TIME-FS with varying parameters γ, η, λ
and feature selection ratios on Caltech101 dataset.

(2)TIME-FS-II: The tensor-based anchor graph learning
module is excluded from Eq. (4).

Table 3 presents the ablation experiment results on six
datasets with a missing ratio of 40% and a selection of 40%
of all features. We can see that the performance of TIME-
FS-I significantly decreases when compared to TIME-FS.
This highlights the effectiveness of jointly learning adap-
tive imputation and feature selection to enhance perfor-
mance. Moreover, TIME-FS performs significantly better
than TIME-FS-II, indicating that using the consistent anchor
graph and view-specific weight information can more accu-
rately capture the local data structure.

Parameter Sensitivity and Convergence Analysis. There
are three tuning parameters γ, η and λ in the proposed
TIME-FS. We illustrate how the performance of TIME-FS
varies with changes in the parameters and the feature selec-
tion ratio, as shown in Fig. (6). Due to limited space, we only
report the ACC results on Caltech101 dataset. From Fig. (6),
we can observe that TIME-FS does not vary much when γ,
η, and λ are within a certain range. However, it is relatively
sensitive to the feature selection ratio, which remains a chal-
lenging problem in MUFS. Furthermore, Fig. (7) shows the
convergence curves of TIME-FS on Caltech101 and Aloi
datasets. As can be seen, the proposed optimization algo-
rithm converges quickly within 40 iterations.

Figure 7: Convergence curves of TIME-FS on Caltech101
and Aloi datasets.

Datasets TIME-FS TIME-FS-I TIME-FS-II

ACC NMI ACC NMI ACC NMI

WebKB 60.85∗ 11.70∗ 55.40 4.45 55.21 4.82
ORL mtv 45.55∗ 62.54∗ 34.81 46.97 33.98 46.14
COIL20 80.65∗ 81.64∗ 55.39 59.14 59.80 65.07
Mfeat 72.18∗ 65.42∗ 45.95 39.23 45.62 38.77
Caltech101 62.73∗ 49.27∗ 34.81 46.97 32.08 37.64
Aloi 37.10∗ 54.87∗ 26.44 47.59 25.82 47.15

Table 3: Average performance comparison of TIME-FS and
its two variants in terms of ACC and NMI, where ∗ indicates
significant improvement by the Wilcoxon signed-rank test.

Conclusion
In this paper, we proposed a novel MUFS method, TIME-
FS, for incomplete multi-view data by integrating feature se-
lection, adaptive missing-view imputation, and anchor graph
learning into a unified framework, where these components
mutually enhance each other. Moreover, TIME-FS uses ten-
sor CP decomposition to learn a consistent anchor graph
across views and the view-preference weight matrix, effec-
tively capturing the local data structure while reducing com-
putational overhead. Extensive experiments conducted on
six real-world datasets demonstrated that TIME-FS outper-
forms SOTA methods in both effectiveness and efficiency.
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