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Abstract
The prevalence of real-world multi-view data makes incom-
plete multi-view clustering (IMVC) a crucial research. The
rapid development of Graph Neural Networks (GNNs) has
established them as one of the mainstream approaches for
multi-view clustering. Despite significant progress in GNNs-
based IMVC, some challenges remain: (1) Most methods rely
on the K-Nearest Neighbors (KNN) algorithm to construct
static graphs from raw data, which introduces noise and di-
minishes the robustness of the graph topology. (2) Existing
methods typically utilize the Mean Squared Error (MSE) loss
between the reconstructed graph and the sparse adjacency
graph directly as the graph reconstruction loss, leading to sub-
stantial gradient noise during optimization. To address these
issues, we propose a novel Dynamic Deep Graph Learning
for Incomplete Multi-View Clustering with Masked Graph
Reconstruction Loss (DGIMVCM). Firstly, we construct a
missing-robust global graph from the raw data. A graph con-
volutional embedding layer is then designed to extract pri-
mary features and refined dynamic view-specific graph struc-
tures, leveraging the global graph for imputation of missing
views. This process is complemented by graph structure con-
trastive learning, which identifies consistency among view-
specific graph structures. Secondly, a graph self-attention en-
coder is introduced to extract high-level representations based
on the imputed primary features and view-specific graphs,
and is optimized with a masked graph reconstruction loss to
mitigate gradient noise during optimization. Finally, a cluster-
ing module is constructed and optimized through a pseudo-
label self-supervised training mechanism. Extensive experi-
ments on multiple datasets validate the effectiveness and su-
periority of DGIMVCM.

Code — https://github.com/PaddiHunter/DGIMVCM

Introduction
Multi-view data refers to data that describes the same ob-
ject from multiple perspectives (Fu et al. 2020). Multi-view
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learning aims to leverage information from multiple views
to enhance generalization performance (Yu et al. 2024; Xu,
Tao, and Xu 2013). Multi-view clustering (MVC) is a promi-
nent unsupervised learning branch within multi-view learn-
ing, which groups data by exploiting the consistency and
complementarity across views (Fang et al. 2023; Yang and
Wang 2018; Zhou et al. 2024; Wu et al. 2024). Most ex-
isting multi-view clustering methods (Xu et al. 2021) oper-
ate under a data completeness assumption. However, due to
various unavoidable factors, samples often have only partial
views available (Tang et al. 2024; Yu et al. 2025). Conse-
quently, incomplete multi-view clustering has garnered in-
creasing attention.

Numerous studies (Ren et al. 2025, 2024) leverage Graph
Neural Networks (GNNs) to address multi-view cluster-
ing problems. Most of these methods construct adjacency
graphs from raw data using the K-nearest neighbors algo-
rithm, and these graphs remain fixed during model train-
ing (Chao et al. 2025a; Chao, Jiang, and Chu 2024). How-
ever, such pre-defined graphs often suffer from noise inher-
ent in the raw data, and their immutability during training
can limit performance improvements. To mitigate this, some
research endeavors first denoise the data using autoencoders
and subsequently extract graph structures from the refined
features (Huang et al. 2023; Wang et al. 2024). Neverthe-
less, these approaches are not well-suited to effectively han-
dle data incompleteness. Furthermore, many methods (Chao
et al. 2025b; Wang et al. 2024; Cheng et al. 2021) directly
compute the MSE loss between the reconstructed graph and
the adjacency graph as graph reconstruction loss. Due to
the sparsity of adjacency graphs, this often leads to the loss
optimization gradient direction containing substantial noise,
which impedes further performance enhancement.

To address these limitations, we propose the Dynamic
Deep Graph Learning for Incomplete Multi-View Cluster-
ing with Masked Graph Reconstruction Loss. Our approach
first utilizes a Graph Convolutional Network(GCN)-based
embedding layer with a global graph to impute features for
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missing views. Subsequently, view-specific graphs are dy-
namically extracted from these features. The structures of
these view-specific graphs are then refined by global graph,
and consistency among them is learned through graph struc-
ture contrastive learning. We then design a Graph Attention
Network (GAT) encoder, enabling the model to dynamically
learn edge weights, and optimize it using the masked graph
reconstruction loss to reduce gradient noise during optimiza-
tion. Finally, a clustering module is integrated, leveraging
pseudo-labels to guide the training process.

The main contributions of this paper are summarized as
follows:

1. We propose a novel incomplete multi-view clustering
method that dynamically learns graph structures and
edge weights. Extensive experimental results on four
widely used datasets validate the superiority of it.

2. We introduce an innovative embedding layer and a graph
structure contrastive learning method, which are de-
signed to enable the learning of inter-view consistent
graph structures and handle data incompleteness.

3. We present a generic masked graph reconstruction loss
that effectively mitigates gradient noise during the opti-
mization process. This is demonstrated through both the-
oretical analysis and extensive experimental evaluation.

Related Works
Deep Incomplete Multi-view Clustering
Deep incomplete multi-view clustering (DIMVC) meth-
ods are broadly categorized into imputation-based and
imputation-free approaches. Imputation-based methods typ-
ically initiate by recovering missing views, followed by clus-
tering on the reconstructed complete multi-view dataset. For
example, AGDIMC (Pu et al. 2024) imputes missing fea-
tures adaptively by leveraging cross-view soft cluster as-
signments and global cluster centroids. Similarly, Tang and
Liu (2022) propose a bi-level optimization framework that
dynamically imputes missing views from learned seman-
tic neighbors. Conversely, imputation-free methods directly
perform clustering based on available views. For instance,
Xu et al. (2024) utilizes multiple view-specific encoders
to extract information from each view and employs the
Product-of-Experts (PoE) approach to obtain a common rep-
resentation.

Graph Neural Networks for Multi-view Clustering
Graph Neural Networks (GNNs) are widely applied in
multi-view clustering due to their ability to learn both node
attributes and graph structures (Wen et al. 2021a; Shao
et al. 2022; Wen et al. 2024). For instance, SERIES (Wang
and Feng 2024) leverages GNNs through deep graph au-
toencoders to extract latent representations from multi-view
data, which are then fused to form a consistent structural
graph for clustering. SURER (Wang et al. 2024) enhances
multi-view clustering by adaptively refining view-specific
graphs and unifying them into a heterogeneous graph, subse-
quently learning a consensus representation via graph neu-
ral network. SGDMC (Huang et al. 2023) performs multi-

view clustering using self-supervised graph attention net-
works, where attention allocation considers both node at-
tributes and pseudo-labels. GHICMC (Chao et al. 2025a)
performs multi-view clustering by learning view-specific
and consensus representations via GCNs, imputing miss-
ing data through hierarchical global graph propagation.
ICMVC (Chao, Jiang, and Chu 2024) leverages multi-view
consistency transfer with GCN for missing data, fuses view-
specific representations via instance-level attention, and ap-
plies contrastive learning and high-confidence guiding.

The Proposed Method
In this section, we introduce the proposed method consisting
of four modules. Figure 1 illustrates the overall architecture
of the method.

Notations Let X = {X 1, ...,X v, ...,X V } denotes a com-
plete multi-view dataset with V views. X v ∈ RN×dv

repre-
sents the dataset for the v-th view, where N is the number
of samples and dv is the feature dimension of the v-th view.
To construct an incomplete multi-view dataset X , a miss-
ing indicator matrix M ∈ {0, 1}N×V is defined. Specifi-
cally, Miv = 1 indicates the presence of the v-th view for
the i-th sample, while Miv = 0 denotes the absence of it.
Each sample has at least one available view. The incomplete
dataset is then defined as X = {X1, ..., Xv, ...XV }, where
Xv = Mv ⊙ X v . Here, M ∈ {0, 1}N×dv

is a matrix ob-
tained by broadcasting the v-th column of M , and ⊙ denotes
the Hadamard product. The objective of the algorithm is to
cluster X into K categories.

Global Graph Fusion with Missing Robustness
To exploit consistency across views and leverage comple-
mentary information from other views to alleviate missing
data issues, we construct a global graph for feature imputa-
tion in the embedding layer and optimization of the encoder.

The global graph is aggregated from the graphs of indi-
vidual views. Specifically, we first compute the similarity
matrix Sv ∈ (0, 1]N×N for each view using the radial basis

function: Sv
ij = exp

(
−∥xv

i −xv
j ∥

2
2

t

)
, where Sv

ij quantifies the
similarity between samples xv

i and xv
j in the v-th view, and

t is a scale parameter. A challenge arises because missing
samples are represented by zero vectors, leading to abnor-
mally high similarities between them, which significantly
impact the edges of the global graph during aggregation.
Therefore, prior to aggregation, each Sv is pre-processed by
pruning edges associated with missing samples. The global
graph A ∈ {0, 1}N×N is then computed as follows:

A = TopK

(
V∑

v=1

fP (S
v)

)
, (1)

where the fP (·) function re-calibrates the similarity matrix
by zeroing out rows and columns associated with missing
samples. Subsequently, the function TopK(·) constructs an
adjacency matrix by setting the K largest elements in each
row to 1 and the remainder to 0. This approach effectively re-
duces the influence of missing samples on the global graph.
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Figure 1: The overview of the DGIMVCM framework. The framework comprises four components: global graph fusion, em-
bedding layer, graph self-attention encoder, and the clustering module. Initially, a global graph A is constructed by fusing
view-specific similarity matrices with missing sample edge pruning. Subsequently, a GCN-based embedding layer utilizes A to
extract imputed primary features {Zv}Vv=1 and view-specific graphs {Av}Vv=1 with missing structure refinement by the global
graph, which is optimized via view-specific graph structure consistency contrastive learning. Next, a graph self-attention en-
coder is employed to extract high-level features {Hv}Vv=1, optimized by a masked graph reconstruction loss that focuses only
on the K strongest edges. Finally, a clustering module performs self-supervised training using pseudo-labels and obtain the
final clustering results.

Embedding Layer for Dynamic View-specific
Graph Construction
Current GNN-based methods for IMVC are often limited by
static graph structure with raw data noise. To overcome these
challenges, we introduces a Graph Convolutional Network
(GCN)-based embedding layer to dynamically update the re-
fined view-specific graph structure and imputes the feature
of missing samples. Taking view v as an example, the em-
bedding layer is designed as follows.

Architecture of the Embedding Layer We implement
the embedding layer using GCN with the global graph as
input. This approach allows the primary features of missing
samples to integrate information from their adjacent com-
plete samples. The computation for the embedding layer of
view v is given by:

Zv = A
′
XvW v

e + bve , (2)

where Zv represents the primary features for the v-th view,

A
′
= D

− 1
2AD

− 1
2 is the normalized global graph adjacency

matrix, and D is a diagonal matrix with Dii =
∑

j Aij .
Furthermore, W v

e and bve are the trainable parameters in the
embedding layer.

Dynamic View-specific Graph Construction Similar to
the global graph construction, we first compute a similar-
ity matrix Ŝv ∈ (0, 1]N×N based on Zv by the radial basis
function as previously described. At this stage, the similarity

matrix is computed using the imputed features and integrates
information from the global graph, thereby possessing en-
hanced representational power. Subsequently, we construct
the view-specific adjacency matrix Av ∈ {0, 1}N×N using
the TopK(·) function:

Av = TopK(Ŝv), (3)
where the function TopK(·) is defined consistently with its
usage in Eq. (1). To mitigate the impact of missing data, fol-
lowing related works (Chao et al. 2025b), Av undergoes a
refinement process: inaccurate edges corresponding to miss-
ing samples are replaced with their counterparts from A.

Contrastive Learning for View-specific Graphs Direct
application of contrastive learning to features can force
multi-view features into a single representation space,
thereby reducing the diversity of feature representation. To
circumvent this issue, we instead employ view-graph struc-
ture contrastive learning to simultaneously uncover consis-
tency in graph structures across different views and en-
hance the distinctiveness of graph structures among samples.
Specifically, graph structures of the same sample across dif-
ferent views are considered positive pairs, whereas graph
structures of different samples are considered as negative
pairs. The contrastive loss for graph structures between view
v and view w is then calculated as:

L(v,w)
con =

1

N

N∑
i=1

− log
exp(d(ŝvi , ŝ

w
i )/τ)∑

u=v,w

∑
j ̸=i exp(d(ŝ

v
i , ŝ

u
j )/τ)

,

(4)
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where d(ŝvi , ŝ
w
i ) denotes the cosine similarity between ŝvi

and ŝwi , ŝvi represents the i-th row of the similarity matrix
Ŝv , and τ is the temperature parameter. The contrastive loss
for graph structures across different views is given by:

Lcon =
V∑

v=1

∑
w ̸=v

L(v,w)
con . (5)

Graph Self-Attention Encoder for Representation
Learning
Architecture of the Encoder To overcome the limitations
of fixed edge weights inherent in GCN, we employ Graph
Attention Networks (GATs) to construct the encoder. GATs
can automatically learn self-attention weights, which serve
as dynamic edge weights. Specifically, for view v, the en-
coder takes Zv and Av as input, mapping them to refined
high-level feature representations Hv ∈ RN×d̂v

, where d̂v

is the dimension of high-level feature for view v.
Considering the l-th layer, the core of the encoder involves

computing the self-attention weight evij,(l) between sample i
and sample j. This is achieved using a Dot-Product Atten-
tion mechanism (Vaswani et al. 2017):

evij,(l) =
(
Hv

i,(l−1)W
v
Q,(l)

)(
Hv

j,(l−1)W
v
K,(l)

)T
, (6)

where Hv
i,(l−1) denotes the feature representation of sample

i in view v at the (l− 1)-th layer of the encoder, W v
Q,(l) and

W v
K,(l) are the learnable projection matrices for computing

the Query and Key respectively at the l-th layer. This enables
the model to adaptively learn attention weights. Notably, the
features for the 0-th layer are initialized as Hv

(0) = Zv .
Next, to integrate the original graph structure information,

we constrain the computed attention weight matrix using the
view-specific graph and normalize it row-wise using soft-
max function, yielding the edge weight matrix Ãv

(l):

Ãv
ij,(l) =


exp(evij,(l))∑

k∈{k|Av
ik

=1}
exp(ev

ik,(l)
) , if Av

ij = 1

0, if Av
ij = 0,

(7)

where Av
ij = 1 indicates the existence of an edge between

samples i and j in the original view-specific graph Av . This
operation ensures that self-attention edge weights exist only
between originally connected nodes.

Utilizing this learnable edge weight matrix Ãv
(l), the fea-

tures Hv
(l) at the l-th layer are computed as follows:

Hv
(l) = σ((Ãv

(l)H
v
(l−1)W

v
V,(l))W

v
(l) + bv(l)) +Hv

(l−1), (8)

where W v
V,(l) is a projection matrix for computing the Value,

bv(l) is the bias vector, σ(·) denotes the activation function,
and W v

(l) is a projection matrix used for further feature trans-
formation. It is noteworthy that residual connections are em-
ployed to mitigate degradation issues in networks.

Masked Graph Reconstruction Loss For simplicity, we
compute a similarity matrix serving as the reconstructed
graph Âv using the radial basis function:

Âv
ij = e−

||hv
i −hv

j ||22
t , (9)

where hv
i represents the high-level feature of the i-th sam-

ple in view v. To guide the features from different views
towards learning a unified graph structure, the global graph
A serves as the reconstruction target. Unlike conventional
graph reconstruction losses, the masked graph reconstruc-
tion loss focuses on the strongest k edges for each sample
within the reconstructed graph, and is computed as:

Lrec =
1

V

V∑
v=1

1

N
||Mv ⊙ Âv −A||22, (10)

where Mv ∈ {0, 1}N×N is the graph mask matrix. Let Âv
i·

denote the i-th row of Âv , then Mv
ij = 1 if Âv

ij is among the
top-k largest elements in Âv

i·, otherwise Mv
ij = 0.

Gradient Analysis of Masked Graph Reconstruction
Loss This subsection highlights the advantages of our
masked graph reconstruction loss over traditional ap-
proaches by analyzing their gradients. Detailed derivations
are provided in Appendix A. Here, we present only the re-
sults.

Without loss of generality, consider the loss associated
with i-th sample feature hv

i from view v. We first ana-
lyze the gradient of the traditional graph reconstruction loss
Lv
rec t,i =

∑N
j=1(Â

v
ij −Aij)

2, with respect to hv
i :

∂Lv
rec t,i

∂hv
i

=
4

t
(
∑
j∈Ei

(Âv
ij − 1)Âv

ij(h
v
j − hv

i )+∑
j /∈Ei

(Âv
ij)

2
(hv

j − hv
i )), (11)

where Ei = {j | Aij = 1} denotes the set of indices for
samples adjacent to sample i in the global graph. Two types
of sample loss gradient are considered. For j ∈ Ei, the term
(Âv

ij − 1)Âv
ij is negative. Consequently, the gradient direc-

tion is hv
i − hv

j . As the model updates in the direction op-
posite to the loss gradient, this implies that hv

i is updated
towards hv

j , which can be interpreted as an attractive force.
Conversely, if j /∈ Ei, hv

i is updated away from hv
j , acting

as a repulsive force. Attraction forces are considered more
critical than repulsive forces, as they facilitate the formation
of clusters. However, because k is generally small, leading
to |Ei| ≪ N , the second term in Eq. (11) encompasses a
large number of components. Moreover, in the early stages
of training, Âv

ij values are not negligible, and the repul-
sive forces exhibit diverse directions. This introduces signifi-
cant gradient noise during optimization. Additionally, as the
global graph is sparse, non-adjacent samples may still be-
long to the same cluster. The repulsive forces between such
samples can excessively reduce their similarity.

For clarity, we refer to edges present in the global graph
as “informative edges”. Edges that are absent in the global
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graph but present in the reconstructed graph are termed
“hard edges”, as they indicate samples that are difficult for
the encoder to distinguish. The gradient of our masked graph
reconstruction loss Lv

rec m,i =
∑N

j=1(M
v
ijÂ

v
ij−Aij)

2, with
respect to hv

i is given by:
∂Lv

rec m,i

∂hv
i

=
4

t
(

∑
j:j∈Ei,Mv

ij=1

(Âv
ij − 1)Âv

ij(h
v
j − hv

i )

+
∑

j:j /∈Ei,Mv
ij=1

Âv
ij

2
(hv

j − hv
i )). (12)

Here, the first term represents informative edges, while the
second term addresses hard edges. During optimization, the
masking mechanism selects and retains the k strongest edges
in the reconstructed graph. The small value of k significantly
reduces gradient noise, predominantly manifesting as attrac-
tive forces, thereby enabling hv

i to be optimized towards
well-defined directions. For the selected edges, if they are
also present in the global graph, the loss reinforces these
connections. If they are absent, the loss weakens these con-
nections, allowing other more relevant edges to be selected
while preventing excessive weakening.

Algorithm 1: Optimization algorithm for DGIMVCM
Input: Incompleted multi-view data with N samples and V
views {Xv}Vv=1, number of clusters K, maximum iterations
epochs.
Output: Clustering results Y .

1: Compute global graph A by Eq. (1)
2: for epoch=1 to epochs do
3: Compute primary features {Zv}Vv=1 by Eq. (2)
4: Compute view-specific graphs {Av}Vv=1 by Eq. (3)
5: Compute the loss Lcon by Eq. (5)
6: Compute the high-level features {Hv}Vv=1 by Eq. (8)
7: Compute the {Âv}Vv=1 by Eq. (9)
8: Compute the loss Lrec by Eq. (10)
9: Compute the fused features H by Eq. (13)

10: Perform K-means on H to obtain U
11: Compute P by Eq. (15)
12: Compute {Qv}Vv=1 by Eq. (16)
13: Compute the loss Lkl by Eq. (17)
14: Compute the overall loss L by Eq. (19)
15: Update through gradient descent to minimize L
16: end for
17: Obtain the final clustering result Y by Eq. (18)

Self-supervised Clustering Module
Pseudo-label Acquisition To provide global clustering
supervision, we first compute global pseudo-labels P .
Specifically, High-level features {Hv}Vv=1 from all views
are fused to construct a global feature representation H ∈
RN×

∑V
v=1 d̂v :

H = [H1, . . . ,Hv, . . . ,HV ], (13)

where [·, . . . , ·] denotes the horizontal concatenation of ma-
trices. Subsequently, during training, the K-means algorithm

is applied to H to iteratively update the global cluster centers
U = [U1, . . . , UV ] ∈ RK×

∑V
v=1 d̂v . Here, Uv ∈ RK×d̂v

represents the cluster centers for view v. Consequently, the
soft labels Q are computed as follows:

qij =
(1 + ||hi − Uj ||22)−1∑K
k=1(1 + ||hi − Uk||22)−1

, (14)

where qij denotes the probability of the i-th sample being
assigned to the j-th cluster, hi represents the global feature
of the i-th sample, and Uj is the j-th global cluster center.
Finally, by sharpening the soft labels, the pseudo-labels P
are obtained via:

pij =
(

qij∑
j qij

)2∑
j(

qij∑
j qij

)2
. (15)

Clustering Layer The clustering layer computes soft la-
bels based on the cluster centers {Uv}Vv=1 using Student’s
t-distribution, as presented below:

qvij =
(1 + ||hi − Uv

j ||22)−1∑K
k=1(1 + ||hi − Uv

k ||22)−1
, (16)

where qvij denotes the probability that the i-th sample in view
v is assigned to the j-th cluster, hv

i denotes the high level
feature of the i-th sample in view v, and Uv

j denotes the j-th
cluster center for view v, which implicitly updates with the
global cluster centers U . The global pseudo-labels P serve
as the supervisory signal to optimize the soft distributions
of each view. This is achieved by introducing kl divergence
loss:

Lkl =

V∑
v=1

DKL(P ||Qv) =

V∑
v=1

N∑
i=1

K∑
j=1

pij log
pij
qvij

. (17)

Finally, by combining the results from all view-specific soft
labels, the ultimate clustering assignment Y = {yi}Ni=1 is
obtained:

yi = argmax
k

V∑
v=1

qvik, (18)

where yi represents the assigned cluster label for the i-th
sample.

The Overall Loss Function
In summary, the overall loss function is defined as:

L = Lrec + αLcon + βLkl, (19)

where, α and β represent hyperparameters that balance the
contributions of the three loss functions. The complete algo-
rithn procedure is detailed in Algorithm 1.

Experiments
Experimental Settings
To construct incomplete datasets, the missing rate is defined
as δ = (N −n)/N , which represents the proportion of sam-
ples with missing views in a multi-view dataset. Here, N de-
notes the total number of samples in the dataset, and n rep-
resents the number of samples with complete views. For in-
complete samples, a random number of views are removed.
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δ Methods HW Scene-15 Landuse-21 100Leaves
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

0

DIMVC 0.446 0.533 0.381 0.350 0.309 0.179 0.243 0.301 0.109 0.825 0.922 0.753
DSIMVC 0.759 0.756 0.661 0.281 0.299 0.146 0.177 0.173 0.049 0.401 0.725 0.294

GIGA 0.807 0.853 0.756 0.221 0.263 0.041 0.131 0.257 0.017 0.742 0.877 0.483
GIMVC 0.935 0.886 0.874 0.426 0.465 0.279 0.258 0.337 0.114 0.857 0.952 0.819

CDIMC-net 0.861 0.890 0.827 0.347 0.421 0.198 0.184 0.236 0.054 0.799 0.938 0.751
MRL CAL 0.478 0.526 0.337 0.194 0.168 0.069 0.163 0.169 0.045 0.224 0.587 0.126

DCP 0.828 0.852 0.771 0.401 0.436 0.240 0.260 0.311 0.121 0.606 0.843 0.496
GHICMC 0.854 0.860 0.794 0.434 0.438 0.273 0.266 0.313 0.128 0.940 0.969 0.914

Ours 0.979 0.953 0.953 0.503 0.508 0.330 0.319 0.393 0.171 0.956 0.984 0.940

0.5

DIMVC 0.322 0.255 0.151 0.310 0.261 0.143 0.226 0.278 0.099 0.579 0.731 0.380
DSIMVC 0.729 0.687 0.586 0.260 0.267 0.125 0.172 0.169 0.048 0.295 0.616 0.171

GIGA 0.764 0.730 0.594 0.146 0.127 0.008 0.182 0.279 0.025 0.418 0.649 0.055
GIMVC 0.911 0.838 0.825 0.385 0.373 0.218 0.228 0.273 0.085 0.688 0.842 0.555

CDIMC-net 0.858 0.861 0.792 0.217 0.268 0.067 0.122 0.161 0.020 0.330 0.643 0.207
MRL CAL 0.358 0.370 0.191 0.189 0.150 0.065 0.162 0.168 0.044 0.145 0.434 0.052

DCP 0.628 0.671 0.463 0.397 0.408 0.232 0.256 0.292 0.119 0.449 0.689 0.209
GHICMC 0.844 0.844 0.784 0.413 0.403 0.247 0.251 0.285 0.112 0.707 0.826 0.565

Ours 0.939 0.879 0.870 0.452 0.430 0.273 0.287 0.328 0.140 0.812 0.891 0.703

Table 1. Experimental results on the four datasets. The best results in each column are shown in bold and the second best results
are underlined. δ = 0 indicates complete, while δ = 0.5 indicates incomplete.

Figure 2: Accuracy on four datasets with different missing rates.

Datasets and Metrics

Experiments are conducted on four widely used multi-view
datasets. Specifically, Scene-15 (Fei-Fei and Perona 2005;
Lazebnik, Schmid, and Ponce 2006) comprises 4485 scene
images categorized into 15 classes, with each sample rep-
resented by three distinct views. HandWritten (Li et al.
2015) contains 2000 samples across ten numeric categories,
each characterized by six views. Landuse-21 (Yang and
Newsam 2010) consists of 2100 satellite images distributed
among 21 categories, with each category containing 100 im-
ages, and each image represented by three views. Finally, the
100leaves dataset (Mallah et al. 2013) includes 1600 image
samples derived from 100 plant species, with each sample
possessing three different views.

To evaluate the effectiveness of the clustering approach,
three widely recognized metrics are employed: clustering
accuracy (ACC), normalized mutual information (NMI), and
adjusted random index (ARI). For each of these metrics, a
higher value signifies superior clustering performance.

Compared Methods
To demonstrate the superiority of our proposed method, we
conduct a comparative analysis against eight state-of-the-art
incomplete multi-view clustering methods. These methods
are enumerated as follows:

• DIMVC (Xu et al. 2022): This method proposes an
imputation-free and fusion-free deep framework specif-
ically designed for incomplete multi-view clustering.

• DSIMVC (Tang and Liu 2022): This method introduces
a bi-level optimization framework that addresses missing
views by leveraging learned neighbor semantics.

• GIGA (Yang et al. 2024): This method adaptively esti-
mates the factual weight of each available view to miti-
gate the adverse effects of missing data.

• GIMVC (Bai et al. 2024): This is an imputation-free in-
complete multi-view clustering method that incorporates
a graph-guided mechanism.

• CDIMC-net (Wen et al. 2021b): This method integrates
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encoders with a graph embedding strategy to capture
both high-level features and local structural information.

• MRL CAL (Wang, Zhang, and Ma 2024): This method
facilitates data recovery, consistent representation learn-
ing, and clustering through the joint learning of features
across distinct subspaces.

• DCP (Lin et al. 2022): This method performs multi-view
clustering by jointly maximizing inter-view mutual infor-
mation and minimizing conditional entropy.

• GHICMC (Chao et al. 2025a): This method integrates
representation learning, global graph propagation and
contrastive clustering.

Experimental Results and Analysis
Table 1 presents the average clustering results obtained over
five runs for each method. It can be observed that our method
consistently outperforms baseline methods on all datasets,
under both complete and incomplete data conditions.

To further validate the effectiveness of our method, exper-
iments are conducted with missing rates ranging from 0.1 to
0.7, with an interval of 0.2. Figure 2 illustrates the perfor-
mance of all methods across four datasets. It is evident that
our proposed model achieves superior performance consis-
tently across all datasets and missing rate settings.

Ablation Study
To validate the effectiveness of each component in our
proposed method, we conducted ablation studies by pro-
gressively removing: (A) the masked graph reconstruction
loss Lrec, (B) the embedding layer with the contrastive
loss Lcon, and (C) the self-supervised clustering module
with Lkl. Table 2 presents the experimental results on the
100leaves dataset with a missing rate of 0.5. It is notewor-
thy that when the embedding layer is removed, view-specific
graphs are constructed from the raw data X . The perfor-
mance of the model consistently degrades to varying degrees
upon the removal of each component. Notably, the absence
of the embedding layer leads to a substantial decrease in per-
formance. In contrast, the self-supervised clustering module
demonstrates the least impact on the overall performance.

Components 100Leaves
A B C ACC NMI ARI

✓ ✓ ✓ 0.812 0.891 0.703
✓ ✓ 0.704 0.824 0.561

✓ ✓ 0.529 0.714 0.290
✓ ✓ 0.806 0.890 0.698

Table 2. Ablation studies on 100Leaves when δ = 0.5.

Loss Function Comparison
To validate the effectiveness of the masked graph recon-
struction loss, we conduct experiments comparing its per-
formance against the traditional graph reconstruction loss.
Table 3 summarizes the model performance on the Scene-
15 dataset, evaluated under missing data rates ranging from

0.1 to 0.7, with an interval of 0.2. The results clearly demon-
strate that the masked graph reconstruction loss consistently
outperforms the traditional graph reconstruction loss across
most experimental conditions.

Parameter Sensitivity Analysis
In this subsection, we analyze the model’s sensitivity to
hyperparameters α and β. Both hyperparameters are var-
ied within the range {10−3, 10−2, 10−1, 100, 101, 102}. Fig-
ure 3 presents the experimental results obtained on the
Landuse-21 dataset with a missing rate of 0.5. Our model
demonstrates robustness to these hyperparameters, consis-
tently achieving competitive performance across their spec-
ified reasonable ranges.

δ Type of the loss ACC NMI ARI

0.1 masked 0.505 0.497 0.326
traditional 0.479 0.486 0.305

0.3 masked 0.469 0.464 0.298
traditional 0.470 0.458 0.286

0.5 masked 0.452 0.430 0.273
traditional 0.447 0.425 0.262

0.7 masked 0.426 0.397 0.244
traditional 0.403 0.390 0.227

Table 3. Comparison of graph reconstruction loss functions
on Scene-15 for varying δ.

Figure 3: Parameter sensitivity analysis for α and β on
Landuse-21 with missing rate of 0.5.

Conclusion
This paper proposes DGIMVCM, a novel incomplete multi-
view clustering framework. The framework incorporates a
GCN-based embedding layer, designed to dynamically ex-
tract view-specific graphs and effectively address the miss-
ing data problem. Furthermore, it employs a GAT-based en-
coder, which adaptively learns edge weights. To optimize
this encoder and mitigate gradient noise during optimiza-
tion, a masked graph reconstruction loss is utilized. Exten-
sive experiments consistently demonstrate the superiority of
DGIMVCM compared to state-of-the-art methods.
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