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Abstract

Graph-based incomplete multi-view clustering algorithms
have gathered much attention due to their impressive cluster-
ing performance. However, existing methods primarily lever-
age intra-view correlation from observed views, while ignor-
ing the exploration of explicit compensation relationships be-
tween different views. Moreover, these methods need post-
processing to get labels, and the separate steps lack negoti-
ation, which may lead to sub-optimal solutions. To address
these issues, we propose a Cross-view Anchor Graph Learn-
ing and Factorization (AGLF) method. AGLF develops an
Anchor Graph Completion (AGC) framework that explicitly
learns the missing subgraph structures. Instead of requiring
post-processing, AGC directly produces soft labels. By es-
tablishing a third-order tensor of soft labels, it employs the
tensor Schatten p-norm to enhance anchor graph learning
and factorization. To significantly improve the quality of sub-
graph learning, AGLF incorporates compensation subgraphs
from supplementary views into the AGC framework, enabling
the construction of a better anchor graph for label learning.
An optimization algorithm is devised to solve the objective
function. Experimental results across various datasets demon-
strate the effectiveness of our method.

Introduction
Multi-view clustering exploits the consistent and comple-
mentary information among views to enhance clustering
performance and have been extensively deployed in appli-
cations that have no label information (Hu, Shi, and Ye
2022; Qin et al. 2025). For example, they use hyperspectral
and multispectral images to recognize land cover in earth
observation (Wang, Zhang, and Zhou 2025c; Zhang et al.
2025b), as well as utilize textual information, click records,
and user behavior logs to recommend news articles (Wang
et al. 2021). However, existing multi-view clustering meth-
ods assume that all views of samples are complete. This as-
sumption can be easily violated in real scenarios due to data
corruption and equipment malfunction (Wen et al. 2023b;
Liu et al. 2023). Therefore, when multi-view clustering ap-
proaches are directly applied to incomplete multi-view data,
they often experience significant performance degradation
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or even complete failure. Consequently, Incomplete Multi-
view Clustering (IMVC) has become a significant challenge.

To solve this problem, various solutions have been
proposed in literature (Li et al. 2025; Qin and Qian
2024; Qin, Feng, and Zhang 2025). These existing incom-
plete clustering methods can be divided into three cate-
gories: representation-based, kernel-based, and graph-based.
Representation-based IMVC methods typically transform
the incomplete multi-view features into a unified represen-
tation. The work in (Wen et al. 2020b) utilized enhanced
matrix factorization to obtain a unified latent embedding,
on which K-mean is applied to yield final clustering results.
The work in (Lin et al. 2021) applied contrastive learning
to obtain discriminative presentation and clustering predic-
tion. With the development of kernel technologies, many re-
searchers developed IMVC methods based on kernel learn-
ing (Liu et al. 2019; Li et al. 2022a; Zhang et al. 2025a).
These methods map all views into kernel space and then im-
pute incomplete kernels for clustering. The third category of
IMVC method involves the application of graph-based infor-
mation to obtain clustering results (Cui et al. 2022; Li et al.
2022b, 2024c; Xia et al. 2022). These methods fuse multiple
graphs to create a consensus graph, on which spectral clus-
tering technologies are applied to obtain final clustering re-
sults. For example, Wen et al. proposed a subspace learning
framework that uses tensor technologies to constrain graph
learning (Wen et al. 2021). The works in (Wang, Zhang, and
Zhou 2025a; Wen et al. 2023a) explored high-confidence in-
formation from the graph of each viewpoint to guide the
learning of the consensus graph.

These aforementioned methods have achieved extensive
success in IMVC. However, we observe that the comple-
mentary information in incomplete data is not adequately
exploited. Furthermore, graph-based methods leverage only
observed views for intra-view correlations of samples, ignor-
ing the potential structural information for missing views.
Additionally, most methods require separate post-processing
to yield final clustering results, which may lead to sub-
optimal outcomes. To address these problems, this paper
proposes a Cross-view Anchor Graph Learning and Factor-
ization (AGLF) method, which unifies cross-view imputa-
tion and clustering partition into a single optimization pro-
cess and incorporates a low rank tensor constraint to cap-
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ture complementary information for improved partitioning.
Specifically, since anchor graph can reduce the computa-
tional and storage burdens compared to full graph, we first
construct an anchor graph for each view, filling in zero val-
ues for the elements missing from incomplete views. Then,
inspired by the clustering efficiency of non-negative matrix
factorization (Wang et al. 2025), we introduce an explicit
subgraph matrix to fill the missing elements in anchor graph
and decompose it to derive the clustering indicators. Mean-
while, a tensor Schatten p-norm is imposed on a third-order
tensor constructed with indicator matrices to explore the
complementary information. Finally, inspired by the poten-
tial information compensation from supplementary views,
we construct supplementary view data for each view and use
it to further enhance subgraph learning. The main contribu-
tions are summarized as follows:
• We propose an Anchor Graph Completion (AGC) frame-

work, which unifies missing subgraph learning and graph
decomposition in a unified model, incorporating a ten-
sor Schatten p-norm on indicator tensor to enhance these
processes.

• We construct supplementary view data matrices and uti-
lize dynamic anchors to learn missing subgraphs, effec-
tively exploring the compensation relationships between
missing views and cross-view observed data.

• We propose an effective optimization algorithm to solve
the objective function, which scales well with data size.
Comprehensive experimental results clearly demonstrate
the efficacy of the proposed AGLF method.

Related Work
Graph-based IMVC methods utilize graph structures to cap-
ture correlations among samples, applying clustering tech-
niques to the fused consensus graph to derive final cluster-
ing results (Wen et al. 2020a). However, constructing a full
graph from the entire original dataset can lead to redundant
information and waste resources (Zhang et al. 2024). The
anchor approach has emerged as an alternative and is gain-
ing increasing attention (Liu et al. 2024). It first generates m
representative data points P(v) ∈ Rdv×m from entire data
X(v) ∈ Rdv×n to serve as anchors. Then, it constructs the
anchor graph E(v) ∈ Rm×n that characterizes the relation-
ships between m anchors and n original data points. This
significantly reduces computational and storage costs com-
pared to a full graph, as m ≪ n. Inspired by this, Wang et
al. proposed an anchor graph-based IMVC method, IMVC-
CBG (Wang et al. 2022). To adequately explore view in-
formation diversity, Liu et al. proposed FIMVC-VIA that
utilizes view-independent anchors to learn a consensus an-
chor graph (Liu et al. 2022). Li et al. developed a parameter-
free PSIMVC-PG method to enhance model practicability
(Li et al. 2024b). To mitigate the randomness impact asso-
ciated with heuristic anchors, (Chen et al. 2023) introduced
dynamic anchor learning to improve model stability. To ad-
dress the cross-view anchor misalignment problem, (Li et al.
2023) introduced a predefined anchor-level guiding graph to
align dynamic anchors during learning process. The work
RISE (Wang, Zhang, and Zhou 2025b) addressed the issue

of rotational mismatch in the spectral embedding process of
incomplete anchor graphs. Drawing on the outstanding rep-
resentation learning capability of neural networks, CPSCAN
leveraged the distribution calibration capability of anchors
to enhance latent embedding alignment and imputation (Jin
et al. 2023). The PMIMC work applied contrastive learning
to strengthen anchors used for imputing missing data (Yuan
et al. 2025). These methods have shown significant success,
highlighting the substantial potential of anchors. However,
they primarily focus on leveraging intra-view correlations
of samples from observed views, neglecting the exploration
of compensation relationships between different views.

Methodology
Notations
This section introduces the notations used throughout pa-
per. We use bold calligraphy letters for third-order tensors,
F ∈ Rn1×n2×n3 , bold upper case letters for matrices, F,
bold lower case letters for vectors, f , and lower case let-
ters such as fi,j for the element in F. We use F (i) to rep-
resent the i-th frontal slice of F . F = fft(F , [], 3) and
F = ifft(F , [], 3) are the discrete Fourier transform (DFT)
of F along the third dimension and its reverse operation.
Moreover, tr(F) and FT stand for the trace and transpose of
matrix F. The F -norm of F is denoted by ∥F∥F . To save
space, we present only the definition of tensor Schatten p-
norm; more definitions can be found in (Kilmer and Martin
2011).
Definition 1. (Gao et al. 2021) Given a third-order tensor
F ∈ Rn1×n2×n3 , the tensor Schatten p-th norm of F is de-
fined as

∥F∥psp⃝ =

(
n3∑
i=1

∥∥∥F (i)
∥∥∥p

sp⃝

) 1
p

=

 n3∑
i=1

min(n1,n2)∑
j=1

σj

(
F (i)

)p 1
p

(1)

where σj

(
F (i)

)
is the j-th singular value of matrix F (i)

,
0 < p ≤ 1. Recent researches show that when p is appro-
priately chosen, the Schatten p-norm provides an effective
improvement for seeking tighter approximation of the rank
function (Li et al. 2024a).

Proposed Formula
We first construct a local anchor graph from the observed
features for each view, reducing computational and storage
costs. Next, we aim to explicitly fill in the missing elements
corresponding to the absent views and decompose the com-
bined anchor graph to achieve the final clustering results.
We formulate this process as an Anchor Graph Completion
(AGC) framework:

Gv,Fv

min
av,Mv

V∑
v=1

a2v
∥∥Ev +MvPv −GvF

T
v

∥∥2
F
+ λ1 ∥F∥psp⃝

s.t. MT
v1 = 1,Mv ≥ 0,GT

vGv = I,Fv ≥ 0,

aT1 = 1, av ≥ 0,

(2)

where Ev ∈ Rm×n is an anchor graph constructed on in-
complete data, with missing elements filled with zero val-
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ues. Mv ∈ Rm×nv represents missing information as a sub-
graph, with column normalization applied to avoid trivial so-
lutions. Pv ∈ {0, 1}nv×n is an index matrix used to place
the similarity elements of Mv into the missing positions.
Gv ∈ Rm×k is a basis matrix, with an orthogonal con-
straint imposed to enhance the discriminability of the bases.
Fv ∈ Rn×k is an indicator matrix. av is the view weight
used to balance contributions from different views, and λ1

is the trade-off parameter. Moreover, we stack matrices Fv

into a third-order tensor as lateral slices and impose a ten-
sor Schatten p-norm minimization constraint on F . This op-
eration ensures a cross-view spatial low-rank structure for
indicators of each sample, which effectively captures com-
plementary information from different views.

In model (2), cross-view complementary information is
explored solely on indicators using tensor learning, while
subgraph information is inferred within view by minimizing
data reconstruction loss. However, when the missing ratio
is large, the limited observed information in the incomplete
anchor graphs Ev may fail to effectively recover the miss-
ing data, leading to significant performance degradation. To
address this problem, we propose to explicitly exploit the
complementary information from data as follows:

min
Ω

V∑
v=1

a2v
∥∥Ev +MvPv −GvF

T
v

∥∥2
F
+ λ1 ∥F∥psp⃝

+λ2 ∥WvXv −AvMv∥2F
s.t. MT

v1 = 1,Mv ≥ 0,GT
vGv = I,Fv ≥ 0,

aT1 = 1, av ≥ 0,WT
vWv = I,AT

vAv = I,

(3)

where Ω = {av,Mv,Gv,Fv,Wv,Av} is a set of vari-
ables. v indicates the supplementary views of v-th view.
Xv ∈ Rdv×nv represents the supplementary matrix for
the v-th view, which concatenates the supplementary views
along the column dimension. Wv ∈ Rh×dv is a projection
matrix that enhances feature discriminability. Av ∈ Rh×m

consists of dynamic anchors learned to disclose the cluster-
ing structure from complementary data. λ2 is a trade-off pa-
rameter. The proposed third term leverages supplementary
data across views to identify alternatives for missing infor-
mation through dynamic anchor-based graph learning. It ef-
fectively expands the utilization of observed data by empha-
sizing inter-view information interaction.

Optimization
Inspired by Augmented Lagrange Multiplier (ALM), we in-
troduce an auxiliary variable J , and let J = F . Then
we rewrite the objective function as the following separable
augmented Lagrange function:

min
Ω

V∑
v=1

a2v
∥∥Ev +MvPv −GvF

T
v

∥∥2
F
+ λ1 ∥J ∥psp⃝

+ λ2 ∥WvXv −AvMv∥2F +
ρ

2
∥F −J ∥2F

+ ⟨Y ,F −J ⟩
s.t. MT

v1 = 1,Mv ≥ 0,GT
vGv = I,Fv ≥ 0,

aT1 = 1, av ≥ 0,WT
vWv = I,AT

vAv = I,

(4)

where Ω = {av,Mv,Gv,Fv,J ,Wv,Av} are variables
to be solved. Y is the Lagrange multiplier and ρ > 0 is
the penalty parameter. Then, we can solve each variable
individually while fixing the others.

Update Gv with fixed {av,Mv,Fv,J ,Wv,Av}, Eq.
(4) becomes:

min
GT

vGv=I

∥∥Ev +MvPv −GvF
T
v

∥∥2
F (5)

which can be obviously written as:

max
GT

vGv=I
tr
(
GT

v(Ev +MvPv)Fv

)
(6)

To solve Eq. (6), we introduce the following Theorem 1.
Theorem 1. For the following optimization problem, the

optimal solution of

max
G

tr
(
GTB

)
s.t. GTG = I,

(7)

is G = U[I,0]VT, where U and V are the left-singular
vectors and right-singular vectors, produced by singular
value decomposition (SVD) on B.

Proof. From SVD solution B = UΣVT and together with
Eq. (7), it is evident that

tr
(
GTB

)
= tr

(
GTUΣVT) = tr

(
ΣVTGTU

)
= tr (ΣH)

(8)

where H = VTGTU, Σi,i and Hi,i are the i-th row and
column elements from Σ and H, respectively. We can sim-
ply verify HHT = I, where I is an identity matrix. Conse-
quently, Σi,i ≥ 0 and −1 ≤ Hi,i ≤ 1. Thus, we have:

tr
(
GTB

)
=
∑
i

Σi,iHi,i ≤
∑
i

Hi,i. (9)

The equality holds when H is an identity matrix. Therefore,
when H = [I,0], tr

(
GTB

)
reaches its maximum. Thus,

we get the solution of Eq. (6) is: G = U[I,0]VT.

Update Fv with fixed {av,Mv,Gv,J ,Wv,Av}, Eq.
(4) becomes:

min
Fv

a2v
∥∥Ev +MvPv −GvF

T
v

∥∥2
F
+

ρ

2

∥∥∥∥Fv − Jv +
Yv

ρ

∥∥∥∥2
F

s.t. Fv ≥ 0.
(10)

And minimizing Eq. (10) is equivalent to

min
Fv≥0

∥∥∥∥∥Fv −
a2v(Ev +MvPv)

TGv +
ρ
2 (Jv − Yv

ρ )

av +
ρ
2

∥∥∥∥∥
2

F

.

(11)
The solution of Eq. (11) is:

Fv =

(
a2v(Ev +MvPv)

TGv +
ρ
2 (Jv − Yv

ρ )

av +
ρ
2

)
+

. (12)
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Update Mv with fixed {av,Gv,Fv,J ,Wv,Av}, Eq.
(4) becomes:

min
Mv

a2v ∥Qv +MvPv∥2F + λ2 ∥WvXv −AvMv∥2F .

s.t. MT
v1 = 1,Mv ≥ 0,WT

vWv = I,AT
vAv = I,

(13)
where Qv = Ev −GvF

T
v . And Eq. (13) can be transformed

into following equivalence problem:

min
MT

v1=1,Mv≥0

∥∥∥∥Mv −
−a2vQvP

T
v + λ2A

T
vWvXv

av + λ2

∥∥∥∥2
F

.

(14)
Eq. (14) is an euclidean projection problem on the simplex
space, which has a closed-form solution (Wang, Zhang, and
Zhou 2025d).

Update J with fixed {av,Mv,Gv,Fv,Wv,Av}, Eq.
(4) becomes:

min
J

λ1 ∥J ∥psp⃝ +
ρ

2

∥∥∥∥F −J +
Y
ρ

∥∥∥∥2
F

, (15)

which has a closed-form as Lemma 1 (Gao et al. 2021):

Lemma 1. Given a third-order tensor C ∈ Rn1×n2×n3

and its tensor singular value decomposition C = U∗Σ∗VT .
The optimal solution of

min
J

β ∥J ∥psp⃝ +
1

2
∥J − C∥2F , (16)

is J ∗ = Sτ (C) = U ∗ ifft(Γτ (Σ)) ∗ VT , where Γτ (Σ)
is a f-diagonal tensor in Fourier domain, whose diagonal
elements can be obtained by using the GST algorithm intro-
duced in (Gao et al. 2021).

By utilizing Lemma 1, the solution of J in Eq. (15) is:

Sλ1
ρ
(F +

Y
ρ
). (17)

Update Av with fixed {av,Mv,Gv,Fv,J ,Wv}, Eq.
(4) becomes:

min
AT

vAv=I
∥WvXv −AvMv∥2F , (18)

which is equivalent to:

max
AT

vAv=I
tr
(
AT

vWvXvM
T
v

)
. (19)

According to Theorem 1, we get the closed-form solution.

Update Wv with fixed {av,Mv,Gv,Fv,J ,Av}, Eq.
(4) becomes:

min
WT

vWv=I
∥WvXv −AvMv∥2F , (20)

which can be written as:

max
WT

vWv=I
tr
(
WT

vAvMvX
T
v

)
. (21)

Similarly, Eq.(21) has a closed-form solution as Eq.(19).

Update av with fixed {Mv,Gv,Fv,J ,Wv,Av}, Eq.
(4) becomes:

min
av

V∑
v=1

a2vr
2
v s.t.av ≥ 0,a⊤1 = 1, (22)

where rv =
∥∥Ev +MvPv −GvF

T
v

∥∥
F

. According to
Cauchy-Schwarz’s inequality, we can get the optimal solu-
tion of av by

av =
1
rv∑V

v=1
1
rv

. (23)

Finally, the entire optimization procedure for Eq. (4)
is listed in Algorithm 1. The code is available at
https://github.com/W-Xinxin/AGLF

Algorithm 1: AGLF

Input: Data matrices {Xv}Vv=1 ∈ Rdv×(n−nv), the number
of anchors m, the number of clusters k.

Output: Clustering labels of data points.
1: Initialize Mv = 0, Gv = 0, Fv = Jv = 0, Y = 0,

Wv = 0, Av = 0, av = 1
V , ρ = 10−4

2: Compute graph Ev and construct Xv for each view.
3: while not converge do
4: Update Gv by solving Eq. (6);
5: Update Fv by solving Eq. (12);
6: Update J by solving Eq. (17);
7: Update Mv by solving Eq. (14);
8: Update Av by solving Eq. (19);
9: Update Wv by solving Eq. (21);

10: Update av by Eq. (23);
11: Update Y and ρ: Y = Y + ρ(F − J ), ρ =

min(µρ, 1012);
12: end while
13: Calculate the clustering results by using

F =
∑V

v=1 a
2
vFv/

∑V
v=1 a

2
v .

14: return Clustering result.

Convergence Analysis
Our objective function (4) is bounded since it is a sum of var-
ious terms with positive norms. The optimization algorithm
divides the optimization problem into six sub-procedures,
each solving for one variable while keeping the others fixed.
Each sub-problem is monotonically decreasing, allowing
our algorithm to converge to a local optimum, as supported
by the convergence theorem in (Rudin 1976). The empirical
results presented in the experiment section demonstrate this
point in practice.

Complexity Analysis
Our method consists of two stages: 1) Construction of Ev;
2) using Algorithm 1 to solve Eq. (4). The first stage costs
O(V nmd + V nmlog(m)), where d is the sum of the fea-
ture dimensions on each view. The second stage focuses
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on solving {Mv,Fv,Gv,J ,Wv,Av}. The complexity
for updating these variables iteratively are O(V nmk +∑V

v=1 hmnvdv +
∑V

v=1 mnv),O(V nmk), O(V nmk +

V mk2), O(2V nklog(V k) + V 2kn), O(
∑V

v=1 hmnvdv +

dvh
2), and O(

∑V
v=1 hmnvdv +mh2). Due to m ≪ n, and

k, V are small constants, the main computational complex-
ity of solving (4) is O(V nmk +

∑V
v=1 hmnvdv). There-

fore, the total computational complexity is O(V nmd +∑V
v=1 hmnvdv), highlighting that our method scales well

with data size.

Experiments
Datasets and Baselines
We evaluate the performance of our algorithm on six
extensively used multi-view datasets: MSRCv1, BDGP,
Caltech101-7, CCV, Animal, and FMNIST. The details of
these datasets are demonstrated in Table 1.

Datasets Samples Cluster View

MSRCv1 210 7 5
Caltech101-7 1474 7 6
BDGP 2500 5 3
CCV 6773 20 3
Animal 11673 20 4
FMNIST 60000 10 3

Table 1: Description of used multi-view datasets

Following the common approach in (Wang, Zhang, and
Zhou 2025b; Wang et al. 2022), we set 9 missing ratios ω =
[0.1 : 0.1 : 0.9] to represent the percentage of samples with
incomplete views. When ω = 0.1, we randomly select 10%
of the samples to drop partial views, ensuring that at least
one view is retained.

Our algorithm is compared with the following incomplete
multi-view clustering methods: UEAF (Wen et al. 2019),
IMVC-CBG (Wang et al. 2022), FIMVC-VIA (Liu et al.
2022), PIMVC (Deng et al. 2023), CPSCAN (Jin et al.
2023), PSIMVC-PG (Li et al. 2024b), DIVIDE (Lu et al.
2024), PMIMC (Yuan et al. 2025), RISE (Wang, Zhang, and
Zhou 2025b). They are introduced in related work.

Implementation Details
For experimental fairness, the hyperparameters for the afore-
mentioned methods are set to the recommended values spec-
ified in their original papers. For our model, the parameter
λ1 is searched in [10−2, 10−1, ..., 102] and the parameter λ2

is adjusted in [10−5, 10−4, ..., 105]. The traditional models:
UEAF, IMVC-CBG, FIMVC-VIA, PIMVC, PSIMVC-PG,
and RISE were performed on a computer with a 3.5GHz
AMD Ryzen 9 3950x CPU and 64GB of RAM, utilizing
MATLAB 2022b (64-bit), while the deep learning models:
CPSCAN, DIVIDE, and PMIMC were run on an Ubuntu
system with an NVIDIA TITAN RTX GPU.

To evaluate the performance, three widely used cluster-
ing metrics: accuracy (ACC), normalized mutual informa-
tion (NMI), and Purity are used. The higher the values of

these metrics, the better the clustering performance. To mit-
igate the initialization sensitivity of K-means used in several
methods, we repeat the experiments 10 times and report the
average results.

Anchor Selection and Graph Construction
Our method employs K-means to select anchors from each
view and construct anchor graphs Ev using a parameter-
free and effective bipartite graph construct strategy (Li et al.
2020). More details are provided in the appendix.

Performance Comparison
We summarize the results across all missing ratios and report
the averages, with the best and second best results marked in
Table 2. We can draw the following observations:

1. Our proposed method consistently outperforms all com-
pared methods across three metrics in most circum-
stances. For example, regarding the ACC metric, it
achieves an average improvements of 11.65%, 18.04%,
35.61%, 14.37%, 25.16%, 8.42% over the state-of-the-
art across six datasets with missing ratios varying from
0.1 to 0.9. The superiority observed in the other criteria
are similar, further demonstrating its outstanding perfor-
mance across all datasets.

2. Data diversity may exhibit varying clustering patterns,
leading to different algorithms performing differently
across various datasets. For example, PIMVC achieves
the promising results on the MSRCv1, CCV, and Animal
datasets, while PMIMC excels on the Caltech101-7 and
BDGP datasets. Additionally, RISE shows strong perfor-
mance on the FMNIST dataset. In contrast, our proposed
method consistently demonstrates the best performance
across all datasets, indicating the effectiveness of anchor
graph learning.

3. By comparing our method with various approaches that
do not rely on anchors, such as UEAF and PIMVC, we
observe that our proposed method not only achieves su-
perior performance but also effectively handles large-
scale dataset, such as FMNIST. In addition, our method
outperforms deep learning methods, highlighting its po-
tential for practical applications.

To further evaluate the stability of our model regarding
varying missing ratios, we plot the result curves across the
varying missing ratios of [0.1 : 0.1 : 0.9]. As shown in
Figure 1, this visualization allows us to observe how per-
formance changes as the missing ratio increases. When the
percentage of incomplete samples increases, most methods
experience a decline in performance, while our method ex-
hibits a more stable response. Moreover, our method shows
upward trends in performance on the Caltech101-7 and
BGDP datasets during certain phases as the missing ratio
increases. This indicates the advantages of combining com-
pensation subgraphs from supplementary views.

Parameter Study
Our method involves four parameters that need to be ad-
justed appropriately, i.e., the trade-off parameters λ1 and λ2,

26574



Datasets Metrics UEAF IMVC-CBG FIMVC-VIA PIMVC CPSCAN PSIMVC-PG DIVIDE PMIMC RISE OursAAAI’19 CVPR’22 TNNLS’22 TNNLS’23 CVPR’23 TNNLS’24 AAAI’24 TIP’25 AAAI’25

ACC 56.23 60.93 74.28 79.56 74.13 60.27 53.50 70.42 71.66 91.21
MSRCv1 NMI 45.22 51.20 62.43 69.54 65.60 50.53 42.35 61.26 58.85 86.96

Purity 57.21 61.80 74.33 80.49 75.50 61.34 55.84 72.91 75.47 91.21

ACC 37.27 59.88 48.60 66.89 54.92 48.52 35.92 47.70 70.72 88.76
Caltech101-7 NMI 27.89 43.13 44.94 54.09 56.04 42.80 37.59 59.65 53.35 82.41

Purity 77.57 81.03 80.61 86.94 86.76 80.61 76.16 87.36 80.15 92.58

ACC 44.37 36.06 41.25 30.83 39.96 40.97 33.87 50.85 44.85 86.46
BDGP NMI 21.80 14.44 16.87 8.46 15.70 18.33 11.01 28.90 19.22 83.25

Purity 45.41 37.22 41.67 31.97 40.75 43.64 35.68 51.88 61.41 86.64

ACC 14.75 16.77 12.97 20.81 17.23 16.66 18.77 16.06 17.61 35.18
CCV NMI 10.55 13.40 14.90 18.25 14.28 11.76 15.02 13.03 12.30 49.65

Purity 18.75 20.15 22.84 25.27 21.11 19.97 22.01 20.10 29.36 36.14

ACC 17.40 15.51 16.07 19.73 13.04 14.90 15.91 16.01 15.95 44.89
Animal NMI 13.94 11.25 11.31 15.62 8.68 10.65 11.56 15.16 9.77 59.05

Purity 20.83 18.90 19.47 22.21 15.52 18.34 19.24 20.08 32.14 45.80

ACC OM 22.74 20.60 OM 14.77 22.20 10.52 25.13 51.24 59.66
FMNIST NMI OM 6.01 4.04 OM 3.42 3.11 3.11 22.70 38.08 49.12

Purity OM 22.80 21.05 OM 15.78 22.20 10.58 25.23 59.51 60.62

Table 2: Average clustering performance of our proposed method and other compared methods on six datasets. ‘OM’ represents
out of memory. The 1st/2nd best results are marked in bold and underline.
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Figure 1: The ACC, NMI, and Purity curves under varying missing ratios. The curves on other datasets are similar and we omit
them due to space limitations.
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(b) MSRCv1 (ω = 0.5)

Figure 2: Variation of ACC values with respect to λ1 and λ2

on the MSRCv1 dataset for different missing ratios.
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Figure 3: Variation of ACC values with respect to coefficient
p across two datasets for different missing ratios.
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Figure 4: Variation of ACC values with respect to different
anchor number on two datasets for different missing ratios.

tensor low rank coefficient p, and the number of anchors
used to construct the anchor graphs Ev . We first conduct
an experiment on the MSRCv1 dataset with a missing ratio
of 0.1 to analyze the sensitivity of λ1 and λ2. As shown in
Figure 2, we observe that our method achieves satisfactory
performance across a wide range of λ1 and λ2. To illustrate
the effect of missing ratio on the model’s sensitivity, we re-
peat the experiment with a missing ratio of 0.5. The results
demonstrate that our model remains relatively stable against
changes in the missing ratio.

Figure 3 presents the effects of the parameter p, which is
tuned within p ∈ {0.1 : 0.1 : 1}. Different values of p af-
fect model performance, with appropriate settings leading to
better results. The performance fluctuations are slight across
varying missing ratios, demonstrating the model’s stability.

Figure 4 demonstrates the impact of the number of an-
chors. We observe that it is feasible to use a small amount of
anchors to achieve promising performance with only slight
adjustments, regardless of the missing ratio.

ACC Miss Ratios

Models 0.3 0.5 0.7

AGLF w/o CSL 61.43 (↓33.33) 53.33 (↓39.53) 50.00 (↓37.62)
AGLF w/o TS 90.47(↓4.29) 84.28 (↓8.58) 80.95(↓6.67)

AGLF 94.76 92.86 87.62

Table 3: Ablation study on the MSRCv1 dataset.
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Figure 5: Convergence curves of AGLF on two datasets.

Ablation Study

The compensation subgraph learning is a primary contribu-
tion of our model, and the tensor Schatten p-norm is also a
key constraint. To assess the effect of these two techniques,
we devise two degraded models: “AGLF w/o CSL”, which
indicates the removal of compensation subgraph learning,
and “AGLF w/o TS”, which represents substituting the ten-
sor Schatten p-norm with F -norm. The performance com-
parison is shown in Table 3. We observe that AGLF con-
sistently outperforms the degraded models across varying
missing ratios. This indicates these components are essen-
tial and effective for our model.

Convergence Study

The proposed algorithm optimizes the objective function it-
eratively by introducing an auxiliary variable J . Conver-
gence of our algorithm is determined by checking the differ-
ence between J = F . As shown in Figure 5, The difference
decreases to nearly zero in fewer than 20 iterations, while
three metrics stabilize at high values, demonstrating the ef-
fectiveness and practicability of our optimization algorithm.

Conclusion
This paper focuses on exploring cross-view information
compensation for incomplete multi-view data, further inves-
tigating the complementary information among views. The
proposed Cross-view Anchor Graph Learning and Factor-
ization (AGLF) method achieves cross-view structural im-
putation based on supplementary view data and directly de-
rives soft clustering indicators without the need for post-
processing. To solve the proposed objective function, we de-
vise an optimization algorithm based on the Augmented La-
grange Multiplier. Extensive experiments across six datasets
demonstrate the effectiveness of our method.
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