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Abstract

Significant efforts have been focused on enhancing the uti-
lization of multiple node features and topological structures
in multi-view graph learning through explicit model-driven
and implicit deep learning-based methodologies. The for-
mer excels in embedding prior knowledge, thereby offering
theoretical interpretability but is limited in application flex-
ibility due to manual parameter selection. In contrast, the
latter leverages automatic differentiation, providing greater
flexibility but lacking theoretical interpretability due to their
opaque nature. Motivated by these observations, we propose
an interpretable deep unfolding network for mutual-benefit
multi-view graph learning, aiming to combine the strengths
of both approaches. Specifically, we employ the Alternating
Direction Method of Multipliers (ADMM) to solve a multi-
view graph learning model with sparse and low-rank con-
straints. This solution is then integrated into deep unfolding
networks to enhance interpretability. Furthermore, we con-
vert optimization conditions into implicit losses and utilize
automatic differentiation to update parameters, reducing the
need for manual tuning and increasing flexibility. This inte-
gration optimizes multi-view learning for a graph represen-
tation that balances interpretability and flexibility. Empirical
evaluations on six diverse datasets demonstrate the effective-
ness and superiority of the proposed method over state-of-
the-art approaches.

Code — https://github.com/rl227/IMML-Net

Introduction
Multi-modal artificial intelligence has revolutionized vari-
ous fields, driving advancements in areas such as data anal-
ysis (Cheng et al. 2024; Niyogi, Lindquist, and Maiti 2024;
Kou et al. 2024), machine learning (Gu and Zhu 2024; Hu
et al. 2024b), and network science (Wang et al. 2023; Luo
et al. 2025). In this context, multi-view graph learning has
gained significant attention due to its ability to leverage mul-
tiple topological structures to improve data representation
(Yang et al. 2024; Hu et al. 2024a). Traditional methods for
multi-view graph learning can be broadly categorized into
explicit model-based and implicit deep-based approaches.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Explicit model-based methods (Wang et al. 2021; Yu
et al. 2024) excel in integrating structured prior knowledge
into graph learning through precise mathematical formu-
lations. This approach provides robust theory-level inter-
pretability by transparently common graph patterns through
regularization mechanisms (Wang et al. 2022a). For in-
stance, multi-view sparse learning (Wang et al. 2022a) lever-
ages such constraints to identify critical cross-view graph
structures while suppressing redundant information through
sparse optimization. However, these methods demand exten-
sive manual parameter tuning for graph weight optimization,
significantly limiting their application-level flexibility due
to computational burdens, expertise requirements, and poor
adaptability across diverse datasets or tasks. Conversely, im-
plicit deep-based methods (Liu, Tong, and Chen 2023; Li
et al. 2024) leverage the automatic differentiation capabili-
ties of deep architectures to achieve exceptional application-
level flexibility. This enables dynamic adaptation to complex
multi-view dependencies through joint optimization and
neural architecture reconfiguration, exemplified by multi-
view networks (Lin et al. 2023) that process heterogeneous
graph data while autonomously adjusting parameters across
views. Such inherent adaptability facilitates deployment in
evolving real-world scenarios. Nevertheless, the opaqueness
of deep architectures fundamentally obstructs interpretabil-
ity, complicating mechanistic understanding of graph struc-
ture generation and limiting explanatory transparency. De-
spite resolving manual tuning limitations, this black-box na-
ture remains a core trade-off against the mathematical clarity
offered by model-based alternatives.

Deep unfolding networks (Gregor and LeCun 2010;
Zheng et al. 2023; Joukovsky, Eldar, and Deligiannis 2024;
Fang et al. 2024b; Du et al. 2025), a novel neural ar-
chitecture, effectively alleviate interpretability issues while
achieving strong results across multiple tasks. These meth-
ods map optimization processes of explicit model-based
methods to learnable implicit deep networks via end-to-end
training. This approach uniquely balances interpretability
from model-based frameworks with the flexibility of deep
learning for automatic tuning. Consequently, we propose
to translate multi-view graph optimizations into equivalent
deep networks to construct interpretable yet flexible graph
learning architectures leveraging automatic differentiation.
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Figure 1: An overview of the proposed method.

Inspired by these insights, we propose an interpretable
deep unfolding network for mutual-benefit multi-view graph
learning (IMML-Net), which fuses the strengths of ex-
plicit model-based and implicit deep-based approaches.
Our framework balances theory-level interpretability and
application-level flexibility to overcome existing limita-
tions. First, we utilize the Alternating Direction Method
of Multipliers (ADMM) optimizer to effectively solve the
multi-view graph learning model with sparse and low-rank
constraints. This iterative solution of mathematical support
is incorporated as prior knowledge into the construction of
explicit-level deep unfolding networks, thereby enhancing
the theory-level interpretability. Second, we convert certain
conditions into implicit-level losses and employ the auto-
matic differentiation rules of deep learning to update pa-
rameters. This reduces the need for manual parameter ad-
justment, thereby improving the application-level adaptabil-
ity. This dual-path integration performs mutual-benefit opti-
mization, bridging the method gap for explainable yet adapt-
able graph learning systems. The proposed framework can
be illustrated as Fig. 1, and the main contributions can be
summarized as follows:

• We propose an interpretable deep unfolding network
for mutual-benefit multi-view graph learning, combining
the strengths of explicit model-based and implicit deep-
based methodologies.

• We employ ADMM to solve multi-view graph learning
with sparse and low-rank constraints, integrating it into
deep unfolding networks for better interpretability and
converting specific conditions into implicit losses up-
dated via automatic differentiation for flexibility.

• Empirical evaluations across diverse datasets show the
effectiveness and superiority of the proposed method
compared to state-of-the-art approaches.

Related Work
In this section, the relevant work details and summary are
as follows. The proposed method is closely related to multi-
view graph learning and deep unfolding networks.

Multi-view Graph Learning
Multi-view graph learning aims to integrate node and topo-
logical information from multiple sources to enhance task
performance (Wang, Zhang, and Zhou 2025b; Wang et al.
2025; Ji and Feng 2025a; Wang, Zhang, and Zhou 2025a).
Two common approaches are Explicit model-based and im-
plicit deep-based methods. Explicit model-based methods
perform joint graph learning of features and structures by
constructing optimization problems with embedded prior
knowledge for better interpretability (Luo et al. 2024; Chen
et al. 2025). For example, Li et al. (Li et al. 2021) used flex-
ible regression residuals, Wang et al. (Wang et al. 2022c)
built anchor correspondence, and Ji et al. (Ji and Feng
2025b) incorporated tensor regularization. Although these
excellent methods can learn an interpretable multi-view
graph with theoretical support, they are limited by the time-
consuming manual parameter adjustment and extensive em-
pirical verification required. This limits their adaptability
in different datasets or tasks, lacking a certain application-
level flexibility. Unlike the above methods, implicit deep-
based methods utilize deep networks and automatic differ-
entiation mechanisms to integrate nodes and topology for
graph learning. Lin et al. (Lin and Kang 2021) implemented
node-sampling anchor matrices, Zhang et al. (Zhang et al.
2023) designed pathway-dropping architectures, and Du et
al. (Du et al. 2024) proposed consensus-generative graph
fusion. Although these methods have learned a multi-view
graph with good task performance, their black-box nature
unfortunately impairs the theoretical interpretability of the
decision-making processes and model behaviors involved in
learning these graphs.

Interpretable Deep Unfolding Networks
Deep unfolding networks (DUNs) transformatively integrate
optimization algorithms’ theoretical strengths with deep
learning’s adaptive nature by recasting iterative optimization
steps as neural network layers. This significantly enhances
efficiency in solving complex problems (Fan et al. 2024;
Hu et al. 2024c), ensuring flexibility through end-to-end
parameter learning while maintaining explicit methods’ in-
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Notations Descriptions

V , C The number of views and classes.
N The number of total training samples.
Dv The dimensions of the v-th view feature.

{Xv}Vv=1 Xv ∈ RDv×N is the v-view training samples.
{Ev}Vv=1 Ev ∈ RDv×N is the v-th noise matrix.
{Mv}Vv=1 Mv ∈ RDv×N is the view-specific Lagrange multiplier.

Z Z ∈ RN×N is the learned graph.
J J ∈ RN×N is the intermediate variable matrix.
M M ∈ RN×N is the common-variable Lagrange multiplier.

Table 1: Essential notations and descriptions.

terpretability. Applications demonstrate broad impact: Ning
et al. developed model-guided DUNs for interpretable im-
age super-resolution (Ning et al. 2021); Fu et al. created
model-driven structures for JPEG artifact removal (Fu et al.
2022); Zhou et al. integrated physical mechanisms into pan-
sharpening tasks (Zhou et al. 2023); Du et al. enhanced trust-
worthiness in open-set learning (Du et al. 2023); Fang et
al. balanced interpretation and extensibility in representa-
tion learning (Fang et al. 2024a); and Huang et al. designed
exclusion mechanisms for reflection removal (Huang et al.
2025). Similarly, our work utilizes deep unfolding networks
as a bridge between explicit model-based methods and im-
plicit deep-based methods to construct a multi-view learning
network that is compatible with theory-level interpretability
and application-level flexibility. To our knowledge, we have
innovatively adopted deep unfolding networks as a bridge
to inject prior knowledge into the first instance of an equiv-
alent deep learning method, endowing interpretable multi-
view graph learning with adaptive flexibility.

Proposed Model
In this section, we propose a multi-view deep unfold-
ing network for graph learning. First, we design an inter-
pretable deep unfolding network based on ADMM iteration
for multi-view graph learning, integrating prior-knowledge,
such as sparsity and low-rank constraints. Second, we con-
struct an implicit-level unsupervised training loss and utilize
it to update the associated parameters by transforming the
specific multi-view attribute conditions. This overcomes the
search limitations of fixed values, offering a flexible graph
learning space that enhances application adaptability. The
key notations are summarized in Table 1.

Model Formulation and Optimization
Suppose that X ∈ RD×N is the data point, where D fea-
tures and N samples, facing three low-quality challenges
(Liu et al. 2012): 1) Feature redundancy in shared spaces, 2)
Weak global structure compactness hindering pattern extrac-
tion, 3) High noise/corruption disrupting data organization.
According to (Liu et al. 2012), these issues motivate the de-
composition X = DZ+E where Z ∈ RN×N is a common
representation matrix and E ∈ RD×N an error matrix. Dur-
ing this data reconstruction process, it is crucial to capture
important information, maintain a compact global structure,
and eliminate noise errors. To this end, a constrained opti-
mization problem is formulated, ensuring both the sparsity
and low-rank nature of the representation Z while eliminat-

ing noise through E as
min
Z,E

α∥Z∥1 + β∥Z∥∗ + γ∥E∥2,1, s.t., X = DZ+E, (1)

where ∥ · ∥1, ∥ · ∥∗, and ∥ · ∥2,1 represent l1-norm sparse,
nuclear-norm low-rank, and l2,1-norm row sparse terms, re-
spectively. α, β, and γ are three trade-off parameters. Prob-
lem (1) aims to preserve vital global structures and signifi-
cant local features in a common representation while reduc-
ing the impact of data errors.

In practice, multi-view scenarios are more prevalent,
where models often face issues related to low-quality data
across multiple views. This typically refers to certain modal-
ities or views in the data being incomplete or degraded due
to factors such as noise, missing values, sensor inaccuracies,
and other imperfections. Such data often also exhibit char-
acteristics like information redundancy, weak structure, or
high levels of noise. Therefore, Problem (1) is transformed
into the following optimization problem as

min
Z,Ev

α∥Z∥1 + β∥Z∥∗ +

V∑
v=1

γ∥Ev∥2,1, s.t., Xv = XvZ+Ev.

(2)
Problem (2) learns a common low-rank representation Z
to minimize redundancy while isolating view-specific noise
Ev , enabling unified graph mapping. On this basis, as a com-
mon practice for optimizing nuclear norm, we need to intro-
duce an intermediate variable J into Problem (2) as

min
Z,J,Ev

α∥Z∥1 + β∥J∥∗ +
V∑

v=1

γ∥Ev∥2,1,

s.t., Xv = XvZ+Ev,Z = J.

(3)

The Augmented Lagrange function can be reformulated

L(Z,J,Ev,Mv,M) = α∥Z∥1 + β∥J∥∗ +

V∑
v=1

(
γ∥Ev∥2,1+

⟨Mv,Xv −XvZ−Ev⟩+
µ

2
∥Xv −XvZ−Ev∥2F

)
+

⟨M,Z− J⟩+ µ

2
∥Z− J∥2F ,

(4)
where µ is a penalty parameter, and Mv and M are view-
specific and common Lagrange multipliers, respectively.
The final joint optimization problem can be presented as

min
Z,J,Ev,Mv,M

α∥Z∥1 + β∥J∥∗ +

V∑
v=1

(
γ∥Ev∥2,1 +

µ

2
∥Xv−

XvZ−Ev +
Mv

µ
∥2F − 1

2µ
∥Mv∥2F

)
+

µ

2
∥Z− J+

M

µ
∥2F − 1

2µ
∥M∥2F .

(5)
Problem (5) formalizes common graph learning and view
denoising. We solve this using ADMM, transforming each
sub-variable into a sub-problem to be solved through alter-
nating iterations until the optimal solution is found.

1) Optimization with Respect to Z: Fix other variables,
the objective problem for Z is

min
Z

α∥Z∥1 +
V∑

v=1

(µ

2
∥Xv − XvZ − Ev +

Mv

µ
∥2F
)
+

µ

2
∥Z − J +

M

µ
∥2F .

(6)
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The solution to this problem can be obtained using the iter-
ative soft thresholding algorithm (ISTA) operator (Beck and
Teboulle 2009). First, we take the derivative of the convex
part of the optimization function corresponding to the above
problem (6), we have

∇L1(Z) =µ
V∑

v=1

X
⊤
v

(
XvZ − (Xv − Ev +

Mv

µ
)

)
+ µ

(
Z − (J −

M

µ
)

)
,

(7)

where L1(·) denotes the convex part of the optimization
function of Problem (6), and ∇L1(·) is the derivative of
L1(·). Then, following the solution approach of ISTA, we
can obtain

Z
(l+1)

= Prox α
L

(
Z

(l) −
1

L
∇L1(Z

(l)
)

)

= Prox α
L

(
Z

(l) −
1

L

(
µ

V∑
v=1

X
⊤
v

(
XvZ

(l) − Bv

)
+ µ

(
Z

(l) − C
)))

,

(8)

where L is the Lipschitz constant of ∇L1(·), l denotes the
l-th iteration, Bv = Xv − Ev + Mv

µ , and C = J − M
µ .

Specifically, given a matrix A ∈ RN1×N2 is a matrix of any
dimension with a sparse threshold ξ1 ≥ 0, we have an ISTA
operator as

Proxξ1(A) = sign(A)⊙max(|A| − ξ1, 0), (9)

where sign(A) is a symbol matrix of A, ⊙ is the multipli-
cation of two matrix element levels, and | · | is an absolute
value operation.

2) Optimization with Respect to J: Fix other variables,
the optimization problem for J is

min
J

β∥J∥∗ +
µ

2
∥Z− J+

M

µ
∥2F . (10)

The solution to this problem can be obtained using the sin-
gular value thresholding (SVT) operator (Liu et al. 2012) as

J(l+1) = SVT β
µ

(
Z+

M

µ

)
. (11)

As for SVT(·) method, we need to first introduce the fol-
lowing operations. Given a matrix A ∈ RN1×N2 of rank r,
a singular value decomposition (SVD) can be utilized as

A = Udiag({σi}1≤i≤r)V, (12)

where U ∈ RN1×r and V ∈ Rr×N2 are two matrices
with orthonormal columns, and diag(·) denotes a matrix
where the diagonal elements have positive singular values
{σi}1≤i≤r while the remaining elements are zero. Then, for
a singular value threshold ξ2 ≥ 0, a SVT operator as

SVTξ2(A) = Udiag({max(σi − ξ2, 0)}1≤i≤r)V. (13)

By substituting it into Eq. (11), the solution to sub-problem
(10) can be obtained.

3) Optimization with Respect to Ev: Similarly, we ob-
tain the optimization problem for solving variable Ev as

min
Ev

γ∥Ev∥2,1 +
µ

2
∥Xv −XvZ−Ev +

Mv

µ
∥2F . (14)

The solution to this problem can be obtained using the group
ISTA (GISTA) (Liu, Lin, and Yu 2010) operator as

E(l+1)
v = Prog γ

µ

(
Xv −XvZ+

Mv

µ

)
. (15)

Specifically, given a matrix A ∈ RN1×N2 is a matrix of any
dimension with a column sparse threshold ξ3 ≥ 0, we have
a GISTA operator as

Progξ3(A) =
max(∥Ai∥2 − ξ3, 0)

∥Ai∥2
Ai, (16)

where Ai is the i-th column of A. Eq. (15) with (16) is the
iteration solution of sub-problem (14).

4) Optimization with Respect to Lagrange Multiplier
Mv , M: Finally, we need to fix the corresponding variables
to solve the Lagrange multipliers Mv and M from the fol-
lowing optimization problem as

min
Mv,M

V∑
v=1

(µ
2
∥Xv −XvZ−Ev +

Mv

µ
∥2F − 1

2µ
∥Mv∥2F

)
+

µ

2
∥Z− J+

M

µ
∥2F − 1

2µ
∥M∥2F .

(17)
The corresponding iteration form is

M(l+1)
v = M(l)

v + µ(Xv −XvZ−Ev), (18)

M(l+1) = M(l) + µ(Z− J), (19)

where penalty parameter µ is obtained as

µ(l+1) = min
(
µmax, ρµ

(l)
)
, where

ρ =


ρ0, if µ(l) ·max

(∥∥∥Z(l+1) − Z(l)
∥∥∥
F
,
∥∥∥J(l+1) − J(l)

∥∥∥
F
,∥∥∥E(l+1)

v −E(l)
v

∥∥∥
F

)
/∥Xv∥F < ε;

1, otherwise.

,

(20)
where ρ is a scale factor, ρ0, µmax, and ε are three pre-
determined constants. Therefore, we present the ADMM so-
lution for the overall optimization Problem (5). Next, we
will construct corresponding interpretable deep unfolding
networks based on these iterations.

Explicit-level Interpretable Network Architecture
In this section, we construct an interpretable deep unfolding
network from Problem 5’s framework, unfolding iterative
optimization into modules embedding sparsity and low-rank
constraints. The explicit network integrates four modules:
sparse graph learning, low-rank maintenance, noise process-
ing, and Lagrange multiplier updates—collectively achiev-
ing unified graph representations. Each module corresponds
to an ADMM variable solution, forming a neural cycle for
interpretable learning. This structure allows us to build a
deep network that is both interpretable.

1) Sparse Graph Learning Module (SparseModule):
To address feature information redundancy, SparseModule
focuses on extracting the most relevant and non-redundant
features from the multi-view data. By enforcing sparsity
in the learned graph representation Z, it ensures that only
the most critical connections between graph nodes are pre-
served, reducing redundancy of the shared space. Thus, the
update for SparseModule is given by

Z(l+1) = Φθ

(
F1Z

(l) + F2

(
V∑

v=1

X⊤
v Bv +C

))
, (21)
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where F1 ∈ RN×N =
(
I− µ

L

∑V
v=1 X

⊤
v Xv − µ

LI
)

and

F2 ∈ RN×N = µ
LI are two learnable network layers, I ∈

RN×N is a unit matrix, and Φθ(·) denotes a deep network
component mapping of ISTA operator Prox α

L
(·) due to the

similarity as the description of (Beck and Teboulle 2009) in
functionality,

Φθ(A) = ReLU(A− θ)− ReLU(−A− θ), (22)
where θ is a learnable sparse threshold, which applies it to
ensure that only the most informative features remain.

2) Low-rank Maintenance Module (LRModule): To
improve global structure compactness, LRModule preserves
the underlying low-rank structure J of the data. By focusing
on the most significant patterns, this module compresses the
global representation, enabling the extraction of core pat-
terns. It ensures that the multi-view data is embedded in a
compact manner, aiding in the identification of shared and
important structures. Therefore, LRModule is updated as

J(l+1) = Ψτ

(
Z+

M

µ

)
, (23)

where Ψτ (·) denotes a deep network component mapping
of SVT operator SVT β

µ
(·), which is consistent with the de-

scription in (Liu et al. 2012),
Ψτ (A) = UReLU(diag({σi − τ}1≤i≤r))V, (24)

where τ is a learnable singular value threshold. This update
helps in maintaining a compressed global structure by re-
taining only the most significant components of the data.

3) Noise Processing Module (NoiseModule): To handle
high levels of noise, NoiseModule separates and removes
noise and view-specific errors from the data, ensuring that
only clean and useful information is incorporated into the
learned representation. By isolating noise in the form of the
error matrix Ev , it allows the model to better focus on the es-
sential patterns within the data and avoid disruptions caused
by noise or corruptions. Here, NoiseModule is presented as

E(l+1)
v = Ωζ

(
Xv −XvZ+

Mv

µ

)
, (25)

where Ωζ(·) denotes a deep network component mapping
of GISTA operator Prog γ

µ
(·), and the starting point of its

function is same as (Liu, Lin, and Yu 2010),

Ωζ(A) =
ReLU(∥Ai∥2 − ζ)

∥Ai∥2
Ai, (26)

where ζ is a learnable column sparse threshold. This en-
sures that noise is progressively filtered out, contributing to
a cleaner representation for all views.

4) Lagrange Multiplier Module (LagModule): Finally,
LagModule ensures that the sparse and low-rank constraints
are properly balanced while addressing the challenges posed
by redundancy, weak structure, and noise. It maintains the
connection between the sparse and low-rank components
through updates of the Lagrange multipliers Mv and M, en-
suring convergence to an optimal solution that satisfies the
constraints. The updates for LagModule are

M(l+1)
v = Bv

(
M(l)

v + µ(Xv −XvZ−Ev)
)
, (27)

Algorithm 1: IMML-Net

Require: Multi-view data {Xv}Vv=1, layer number L, train-
ing epoch E.

Ensure: Graph representation Z.
1: Initialize {Wv}Vv=1, Z, and parameter set Θ;
2: for e = 1 → E do
3: for l = 1 → L do
4: Calculate Z(l) by SparseModule (21);
5: Update J(l) by LRModule (23);
6: Compute E

(l)
v by NoiseModule (25);

7: Update M
(l)
v and M(l) by LagModule (27)-(28);

8: end for
9: Update implicit-level training loss (31);

10: Update learnable parameters Θ by backpropagation;
11: end for
12: return Graph representation Z.

M(l+1) = B
(
M(l) + µ(Z− J)

)
, (28)

where Bv and B are two linear layers to provide addi-
tional flexibility, µ is converted from a complicated update
(µ(l+1) = min

(
µmax, ρµ

(l)
)
) into a self-learning parameter

for more conveniently adaptive punishment and adjustment.

Implicit-level Unsupervised Training Loss
In order to further leverage the application-level flexibil-
ity, we design an implicit unsupervised loss for train-
ing unfolding networks using automatic differentiation. By
converting key conditions into loss functions, these com-
ponents—reconstruction and orthogonality losses—enforce
sparsity and low-rank representation learning while preserv-
ing essential information and cross-view consistency. The
implicit training loss consists of two main components: re-
construction loss and orthogonality loss.

To ensure the online learning representation does not
overly lose the original structure, we use reconstruction loss.
This preserves feature semantics and topological structure
within each view. Enforcing consistency between represen-
tation Z, affinity matrix Wv , and original feature matrix Xv
helps capture key info across multi-view data. The recon-
struction loss is expressed as

LR =
V∑

v=1

(∥Z−Wv∥2F + ∥Z−XvX
T
v ∥2F ), (29)

where the first term ensures consistency between the rep-
resentation and the affinity matrix, the second term ensures
the representation reconstructs the original feature matrix.

Second, to maintain a structured and independent latent
representation, orthogonality loss enforces that the columns
of the representation are orthogonal to each other. his en-
sures that the learned representation remains independent
across components, reducing redundancy and enhancing sta-
bility. The orthogonality loss is given as

LO = ∥ZZT − I∥2F , (30)

where I is the identity matrix, ensuring the orthogonality of
the representation.
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Methods ALOI Caltech101-7 Caltech101-20 Notting-Hill Scene15 Youtube
ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

k-means 47.5 47.3 33.0 49.6 32.7 30.2 31.3 34.5 18.9 63.7 58.0 49.7 30.8 28.5 14.8 24.2 15.1 7.90
MCGC 52.4 52.5 25.9 53.6 42.9 38.4 54.6 50.5 38.8 52.3 60.1 41.3 42.3 41.9 24.7 30.0 17.4 8.80
GMC 64.9 61.8 32.9 69.2 60.6 59.4 45.6 38.5 32.8 31.2 55.2 62.2 38.1 41.6 29.1 21.7 17.1 5.40

LVMSC 69.5 72.5 59.2 37.3 61.9 73.3 25.0 44.9 67.5 72.6 67.5 60.9 40.6 40.3 24.8 20.1 15.80 3.10
CDMGC 47.1 49.7 52.6 76.3 60.5 62.3 61.4 50.7 38.9 63.9 68.8 72.9 34.4 40.2 19.1 20.6 16.2 6.30
FMVSC 57.1 71.1 51.0 61.5 57.0 64.0 62.5 43.9 63.6 71.3 67.7 69.3 45.7 45.8 25.8 36.1 25.4 13.5
OMSC 58.7 70.0 48.1 80.3 66.2 74.4 65.2 58.7 67.1 60.7 53.3 55.9 41.5 45.3 32.7 35.4 22.1 10.2
SMGC 64.6 18.8 48.9 82.1 68.7 80.2 69.4 56.4 74.5 60.4 51.7 55.7 42.5 44.3 23.0 35.4 20.2 9.85

RCAGL 54.2 67.8 50.1 80.1 66.3 72.8 70.3 61.9 72.6 75.5 60.1 63.2 41.9 54.8 31.7 34.1 17.4 12.6

DSRL-Net 67.1 65.7 56.6 79.4 70.2 74.9 68.5 65.4 75.5 65.3 56.4 62.8 43.3 44.6 26.0 32.6 20.7 3.38
SDSNE-Net 58.9 61.3 52.2 82.1 70.4 76.8 70.3 66.2 74.8 62.6 56.1 50.6 46.7 50.9 35.1 34.1 19.9 7.95
DSMVC-Net 74.3 48.2 52.4 80.6 73.2 80.1 71.2 67.2 70.9 69.6 53.9 59.5 48.9 42.8 34.1 33.7 58.4 10.3
CWCL-Net 68.7 66.6 57.9 84.9 73.3 82.7 73.1 65.5 73.3 73.9 65.7 64.3 56.0 42.3 27.5 56.0 21.7 12.4

IMML-Net 76.5 80.8 67.4 86.7 75.6 85.5 74.9 69.9 79.2 89.5 80.8 81.9 58.3 58.1 38.9 37.0 23.8 14.7

Table 2: Clustering performance (mean%) of all methods on six datasets. The best results are highlighted in bold.

To train the network, we use the joint training loss below
to get the optimal parameters.

Ltotal = λ1LR + λ2LO, (31)

where λ1 and λ2 are two trade-off parameters balancing
the reconstruction and orthogonality losses. The parameters
Θ = {ΘR,ΘO} = {F1,F2,Bv,B, θ, τ, ς} can be up-
dated by the above training loss. By employing this implicit-
level unsupervised training loss (31), we further enhance
the framework’s application-level flexibility while ensuring
theory-level interpretability, achieving a mutually beneficial
balance between explicit and implicit multi-view learning.

Summary and Complexity
1) Summary: Eqs. (21), (23), (25), (27), and (28) are the
total explicit-level interpretable deep unfolding network ar-
chitecture. This architecture combines the power of graph-
based learning with deep unfolding techniques to create a
structured, interpretable framework for multi-view learning.
By embedding sparsity, low-rank constraints, and noise fil-
tering into the iterative optimization process, the network
ensures that the learned representations are both robust and
efficient. In parallel, the implicit-level unsupervised train-
ing loss automatically updates network parameters, ensuring
that the representations are consistent, compact, and inde-
pendent across views. Together, these components provide
a flexible yet interpretable solution to multi-view learning,
balancing theoretical rigor with practical adaptability. Algo-
rithm 1 presents the overall process of IMML-Net.

2) Complexity: The computational complexity of Z sub-
block network costs O(n3) with the SVD. It takes O(n3)
to compute J and M2 sub-block networks, and the com-
plexity of Ev and M(1,v) sub-block networks consumes
O
∑V

v=1(n
2dv). In summary, the overall complexity re-

quires O(n2(n+
∑V

v=1 dv)) for each training epoch.

Experiments
To verify the effectiveness of the subspace representation,
we evaluate the proposed model on a mainstream task with
six datasets and make a comparison with other state-of-the-
art multi-view learning algorithms.

Datasets # Samples # Views # Feature Dimensions # Classes

ALOI 1,079 4 64/64/77/13 10
Caltech101-7 1,474 6 48/40/254/1,984/512/928 7

Caltech101-20 2,386 6 48/40/254/1,984/512/928 20
Notting-Hill 4,660 3 6,750/2,000/3,304 5

Scene15 4,485 3 1,800/1,180/1,240 15
Youtube 2,000 6 2,000/1,024/64/512/64/647 10

Table 3: A brief description of the tested datasets.

Experimental Setup
To validate our method, six publicly available datasets are
employed: ALOI, Caltech101-7/20, Notting-Hill, Scene15,
and YouTube (Details are presented in Table 3).

The compared multi-view clustering methods include:
Explicit model-based methods: k-means, CDMGC (Huang
et al. 2022), FMVSC (Wang et al. 2022d), OMSC (Chen
et al. 2022), SMGC (Tan et al. 2023), and RCAGL (Liu et al.
2024); Implicit deep-based methods: DSRL-Net (Wang
et al. 2022b), SDSNE-Net (Liu et al. 2022), DSMVC-Net
(Tang and Liu 2023), and CWCL-Net (Yan et al. 2025).

Moreover, three well-known clustering evaluation met-
rics, including clustering accuracy (ACC), normalized mu-
tual information (NMI), and adjusted rand index (ARI), are
utilized for a quantitative comparison. The proposed method
is implemented with PyTorch on a standard Ubuntu-16.04
operation system with a NVIDIA Tesla P100 GPU. The
learning rate is set to be 0.001, and 200 epochs are uniformly
trained. The trade-off parameters λ1 and λ2 are set as 1.0.

Experimental Results
To assess IMML-Net, we compare it with SOTA methods on
six datasets (Table 2). The key observations can be made:

• Overall Superiority of IMML-Net: Achieves best per-
formance across all datasets. Specifically, IMML-Net
yields the highest ACC (e.g., 76.5% on ALOI, 86.7%
on Caltech101-7, and 89.5% on Notting-Hill), NMI (e.g.,
80.8% on ALOI and Notting-Hill), and ARI (e.g., 85.5%
on Caltech101-7 and 81.9% on Notting-Hill), outper-
forming the best baseline by noticeable margins.
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LR LO ALOI Caltech101-7 Notting-Hill Scene15 Youtube

51.5 (0.0) 56.1 (0.0) 57.0 (0.0) 42.4 (1.5) 26.1 (1.3)
✓ 71.8 (4.6) 80.8 (0.8) 79.4 (0.4) 50.9 (0.8) 30.5 (0.5)

✓ 72.8 (4.8) 81.8 (0.3) 83.8 (2.8) 53.7 (1.6) 26.9 (1.2)
✓ ✓ 76.5 (4.0) 86.7 (1.2) 89.5 (1.1) 58.3 (1.4) 37.0 (1.9)

Table 4: Ablation study of the proposed method.

• Comparison with Explicit Methods: IMML-Net con-
sistently outperforms explicit models (e.g., FMVSC/S-
MGC/RCAGL) despite their dataset-specific strengths,
overcoming their generalization and flexibility limita-
tions. By integrating sparse/low-rank constraints into un-
folding networks and avoiding manual hyperparameter
tuning, IMML-Net achieves superior adaptability.

• Comparison with Implicit Deep Networks: IMML-
Net exceeds or matches deep baselines (e.g., CWCL-Net
84.9% ACC on Caltech101-7) across all datasets. The
fusion of model-driven modules with implicit losses en-
hances both representation quality and interpretability.

• Dataset-Wise Insights: IMML-Net performs exception-
ally well on datasets with complex modality combina-
tions or noisy features like Notting-Hill and Scene15,
showcasing its ability to denoise, compress, and align
multi-view information through its modular architecture.

• Summary: Overall, the experimental results demonstrate
the effectiveness and superiority of IMML-Net in clus-
tering quality, robustness, and generalizability across di-
verse multi-view scenarios. Its bi-level interpretable de-
sign offers a promising approach for future multi-view
representation learning models.

Ablation Study
We conduct an ablation study to evaluate the impact of the
implicit-level losses in IMML-Net, namely the reconstruc-
tion loss (LR) and the orthogonality loss (LO), with results
summarized in Table 4. Introducing either loss individually
leads to notable performance gains, demonstrating their ef-
fectiveness in enhancing subspace representation. Notably,
using LO alone often yields better results than LR alone,
suggesting that the orthogonality constraint plays a more
critical role in promoting discriminative clustering struc-
tures. The best performance is consistently achieved when
both losses are applied jointly, highlighting their comple-
mentary nature and validating the necessity of the combined
design in improving the robustness and expressiveness of the
learned representations.

Parameter Sensitivity Analysis
To examine the robustness of IMML-Net with respect to
the trade-off parameters, we analyze the impact of λ1 and
λ2, which control the weights of the reconstruction loss
and orthogonality loss, respectively. As shown in Fig. 2, we
vary each parameter in the range {0.0001, 0.001, · · · , 10.0}
while fixing the other. Performance remains stable across
datasets for a wide range of values, indicating the proposed
method is not overly sensitive to parameter choices. This ro-
bustness enhances its practicality in real-world applications.
Furthermore, Fig. 3 illustrates the convergence behavior of

Figure 2: Parameter sensitivity of the proposed method with
respect to λ1 and λ2 on Caltech101-20.

Figure 3: The curve of loss values and performance.

IMML-Net by plotting the training loss and performance
on Caltech101-20. We observe that the loss values decrease
rapidly during the early training stages and gradually stabi-
lize, while the ACC, NMI, and ARI scores steadily increase
and converge, demonstrating a strong correlation between
the implicit-level training objective and clustering perfor-
mance. In summary, IMML-Net exhibits favorable parame-
ter robustness and stable optimization dynamics, confirming
its practical applicability and training reliability.

Conclusion
In this paper, we presented an interpretable multi-view sub-
space representation learning framework from a bi-level
optimization perspective. To overcome the existing prob-
lems in two mainstream multi-view subspace representa-
tion learning methods, we utilized bi-level optimization as
a bridge to establish an interpretable network while preserv-
ing scalable solution spaces and good fitting ability. The pro-
posed method constructed a forward propagation network by
the proposed explicit-level problem, and then subspace rep-
resentation learning was driven by two implicit-level losses.
This bi-level optimization combines explicit and implicit
problems to learn an interpretable latent subspace repre-
sentation, outperforming current state-of-the-art multi-view
learning methods. In future work, we will utilize the pro-
posed framework as a guideline to construct a more task-
specific bi-level (explicit and implicit-level) joint objective
function for a broader range of application fields.
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