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Abstract

Multi-view classification (MVC) faces inherent challenges
due to domain gaps and inconsistencies across different
views, often resulting in uncertainties during the fusion pro-
cess. While Evidential Deep Learning (EDL) has been ef-
fective in addressing view uncertainty, existing methods pre-
dominantly rely on the Dempster-Shafer combination rule,
which is sensitive to conflicting evidence and often neglects
the critical role of neighborhood structures within multi-view
data. To address these limitations, we propose a Trusted
Unified Feature-NEighborhood Dynamics (TUNED) model
for robust MVC. This method effectively integrates local
and global feature-neighborhood (F-N) structures for robust
decision-making. Specifically, we begin by extracting local
F-N structures within each view. To further mitigate potential
uncertainties and conflicts in multi-view fusion, we employ a
selective Markov random field that adaptively manages cross-
view neighborhood dependencies. Additionally, we employ
a shared parameterized evidence extractor that learns global
consensus conditioned on local F-N structures, thereby en-
hancing the global integration of multi-view features. Experi-
ments on benchmark datasets show that our method improves
accuracy and robustness over existing approaches, particu-
larly in scenarios with high uncertainty and conflicting views.

Code — https://github.com/JethroJames/TUNED

Introduction
Multi-view classification (MVC) has become a prominent
research area due to the increasing availability of data
from diverse sources. However, the existing MVC ap-
proaches predominantly encode multi-view features into a
low-dimensional feature space through a feature bottleneck
for fusion and classification. This straightforward fusion
process often encounters inherent challenges, such as do-
main gaps and varying information content across views,
which can introduce latent uncertainties during the fusion
stage. To address this, many methods have explored measur-
ing the quality of individual view representations to achieve
discriminative multi-view fusion. Notably, Evidential Deep
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Figure 1: Comparison of EDL-based methods. (a) Conven-
tional models use DNNs {fv(·)}Vv=1 for evidence extrac-
tion, neglecting view-specific neighborhood structures and
relying on the Dempster-Shafer theory (DST) for direct fu-
sion, which can be unreliable with conflicting views. (b)
Our method incorporates feature-neighborhood information
via DNNs {fv(·)}Vv=1 and GNNs {gv(·)}Vv=1. The proposed
Selective Markov Random Field (S-MRF) module dynami-
cally fuses evidence, improving inference reliability without
the need for hand-crafted loss functions.

Learning (EDL), which stems from subjective logic (Jøsang
2016) and Dempster-Shafer theory (Dempster 1968), has
demonstrated effectiveness in assessing view representation
uncertainty across various studies (Huang et al. 2024b; Bao,
Yu, and Kong 2021; Yu et al. 2023; Qin et al. 2022; Shao,
Dou, and Pan 2024; Xu et al. 2024; Yue et al. 2024).

Nevertheless, current EDL-based multi-view learning
methods heavily rely on the Dempster-Shafer fusion frame-
work. While theoretically robust, this framework is highly
sensitive to conflicting evidence, where even a single con-
tradictory source can produce anomalous results, ultimately
compromising inference performance (Huang et al. 2023a;
Xiao 2019). Additionally, these methods often overlook the
critical importance of neighborhood structure in multi-view
features, leading to suboptimal performance in downstream
tasks. For instance, in facial expression recognition, focus-
ing solely on isolated view features can lead to misinterpre-
tations due to variations such as lighting or angles. Without
effectively leveraging both local and global neighborhood

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

17413



relationships, models struggle to capture the full context of
the data, resulting in a less reliable fusion process. Unfortu-
nately, existing EDL-based methods do not effectively lever-
age both local and global neighborhood relationships, which
hinders their ability to fully capture the context of the data
and leads to a less reliable fusion process.

To address these challenges, we propose a model
for robust MVC method called Trusted Unified Feature-
NEighborhood Dynamics (TUNED). To be specific, in the
feature extraction stage, our method not only captures view-
specific information but also integrates local neighborhood
structures within each view. During the fusion stage, we si-
multaneously consider global neighborhood structures and
the learning of cross-view dependencies, allowing for a more
comprehensive understanding of the relationships between
different views. To further refine this process, we intro-
duce a dynamic Markov random field that adaptively ac-
counts for cross-view relationships, suppressing views with
lower coherence and learning optimal weights for each view.
Moreover, We employ a parameterized evidence extractor
to learn a collaborative evidence distribution. From this dis-
tribution, we sample evidence and perform a locally con-
ditioned fusion with the evidence from each view. This
approach enhances the joint learning of local and global
feature-neighborhood structures, facilitating more effective
and conflict-resilient integration across multiple views. Our
contributions are threefold as follows:

• We introduce a novel MVC framework that seamlessly
integrates both local and global neighborhood structures.
This approach enhances the robustness of feature extrac-
tion and fusion processes by effectively capturing cross-
view dependencies and mitigating potential conflicts.

• We develop a selective Markov random field (S-MRF)
model combined with a parameterized evidence extrac-
tor, which adaptively learns and fuses collaborative evi-
dence across multiple views. This dual-layered evidence
integration significantly improves the model’s ability to
handle complex, heterogeneous data sources.

• Extensive experiments on benchmark datasets demon-
strate that our method consistently outperforms state-of-
the-art approaches, achieving superior accuracy and ro-
bustness in MVC tasks, particularly in scenarios with
high levels of uncertainty and conflicts.

Related Work
Conflictive multi-view learning
Most conflictive multi-view learning approaches focus on
eliminating conflicting data instances. One line of work is
based on multi-view outlier detection, which identifies out-
liers exhibiting abnormal behavior across multiple views.
These methods are generally categorized into two types:
cluster-based (Huang et al. 2023b; Zhang et al. 2023; Liu
et al. 2024) and self-representation-based (Wang et al. 2019;
Wen et al. 2023b). Cluster-based methods perform cluster-
ing independently in each view and generate affinity vectors
for each instance (Marcos Alvarez et al. 2013; Zhao et al.

2017). Outliers are then detected by comparing these vec-
tors across different views. In contrast, self-representation-
based methods detect outliers by evaluating their difficulty
in being represented by the normal views (Hou et al. 2020).

Another approach focuses on partially view-aligned
multi-view learning (Zhang et al. 2021; Wen et al. 2023c).
Early work (Lampert and Krömer 2010) introduced weakly-
paired maximum covariance analysis to address challenges
posed by unaligned data. More recently, (Huang et al. 2020)
employed a differentiable variant of the Hungarian algo-
rithm to align unaligned data. Subsequent work proposed
noise-robust contrastive learning (Yang et al. 2021; Li 2022;
Qin et al. 2024) to compute alignment matrices.

However, these conflictive multi-view learning methods
primarily aim to eliminate conflicting instances to achieve
coordinated decisions across views. In scenarios like adver-
sarial attack defense, making careful decisions in the pres-
ence of conflicting instances is crucial. To address this, re-
cent methods have leveraged Evidential Deep Learning’s
(EDL) uncertainty measurement capabilities, quantifying
both the conflict degree of among global proxy views (Liu
et al. 2023, 2022; Xu et al. 2024) or local intra-view dis-
sonance (Yue et al. 2024). These methods seek to coordi-
nate multiple views for decision-making without discard-
ing conflicting instances. However, they universally rely on
the Dempster-Shafer evidence fusion framework, which is
highly sensitive to conflicting views (Xiao 2019; Huang
et al. 2023a). Without hand-crafted loss functions, this
framework often yields counterintuitive and unreliable re-
sults, degrading task performance. To overcome these lim-
itations, we propose a novel multi-view fusion framework
that introduces a global-local F-N joint learning paradigm,
further mitigating multi-view conflicts and enabling more
reliable decision-making.

Uncertainty-based deep learning
Deep neural networks have made significant strides across
various tasks, yet they often struggle to quantify uncertainty,
especially when dealing with noisy or low-quality data (Wen
et al. 2023a; Liu, Huang, and Letchmunan 2023; Liu et al.
2024; Chen et al. 2024a,b). To address these uncertainties,
several approaches have been developed, including deter-
ministic methods (Sensoy, Kaplan, and Kandemir 2018),
Bayesian neural networks (Gal and Ghahramani 2016), en-
semble methods (Lakshminarayanan, Pritzel, and Blundell
2017), and test-time augmentation (Lyzhov et al. 2020).
These methods offer different mechanisms for uncertainty
estimation, either by enhancing model robustness through
probabilistic modeling or by using multiple predictions or
augmentations for more accurate uncertainty quantification.

Recently, EDL, a prominent deterministic approach
evolving from subjective logic (Jøsang 2016) and Dempster-
Shafer theory (DST) (Dempster 1968), has shown promise
in uncertainty estimation. EDL has been successfully ap-
plied to tasks like MVC (Han et al. 2021, 2022; Liu et al.
2022, 2023; Xu et al. 2024; Huang et al. 2024a), zero-shot
learning (Huang et al. 2024b), cross-modal retrieval (Qin
et al. 2022), and video understanding (Chen, Gao, and Xu
2023; Gao, Chen, and Xu 2023; Ma et al. 2024; Chen et al.
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Figure 2: Illustration of the TUNED workflow, which comprises two stages. In the first stage, local view-specific feature-
neighborhood (F-N) structures are extracted and fused to obtain evidence from the multi-view dataset. In the second stage, this
evidence is integrated with global consensus F-N features through joint learning. The final step involves local-global evidence
evaluation via EDL, followed by evidence fusion using the S-MRF module, leading to reliable inference outcomes.

2024c), demonstrating its versatility. In MVC, the pioneer-
ing work (Han et al. 2021) introduced the Dempster-Shafer
combination rule, sparking a series of EDL-based studies.
However, most of these methods assume that uncertainty
will decrease after evidence fusion. The Dempster-Shafer
rule, being highly sensitive to conflicting views, can produce
counterintuitive and unreliable results when faced with con-
flicting evidence (Xiao 2019; Huang et al. 2023a). Despite
recent efforts to improve global coordination and local con-
sistency through hand-crafted loss functions, the limitations
of the Dempster-Shafer rule still hinder EDL’s progress in
MVC. To this end, we propose a novel fusion framework
that mitigates the impact of conflicting views without rely-
ing on complex similarity measures or intricate loss designs.

Methodology
This section presents our proposed method for enhancing
EDL through robust evidence fusion in conflictive MVC us-
ing the S-MRF. We begin by formally defining the problem,
followed by a detailed explanation of how our model incor-
porates view-specific local F-N structures during the evi-
dence extraction phase. Subsequently, we describe the use
of S-MRF to suppress inter-view conflict dependencies, en-
abling the joint learning of local-global F-N structures. We
then outline the loss functions involved in our approach. Fi-
nally, we discuss the factors contributing to the effectiveness
of our method.

Problem Definition
In MVC, we are given a dataset D = {Xi,yi}ni=1, where
n denotes the number of samples. Each sample Xi consists
of multiple views, represented as Xi = {xv

i }Vv=1, where V
is the total number of views, and xv

i ∈ Rdv represents the

feature vector of the i-th sample in the v-th view. The cor-
responding label for each sample is denoted by yi ∈ Y ,
where Y is the set of possible labels. The target of MVC
is to learn a model Fθ : X → Y that accurately predicts
the label yi for an unseen sample Xi by effectively inte-
grating information from all available views {xv

i }Vv=1. The
challenge lies in leveraging the complementary information
from each view while handling potential inconsistencies or
conflicts among the views, ultimately improving the overall
classification performance.

Local F-N structure extraction
Local feature structure embedding. We simply extract
local features from each view using view-specific DNNs.
Specifically, for each view v, we extract feature representa-
tions hv

n from the input data using DNNs {fv(·)}Vv=1. Given
an input feature vector x v

n, the corresponding DNN fv(·)
maps this to a feature vector:

hv
n = fv(x v

n; θ
v) (1)

where θv denotes the parameters of the DNN for view v.
These local feature representations inherently capture the lo-
cal neighborhood structure within each view, providing crit-
ical information for subsequent integration.

Local neighborhood structure embedding. In multi-
view data analysis, traditional feature extraction methods of-
ten fail to account for the inherent local neighborhood struc-
tures among samples. This omission is particularly problem-
atic in datasets with non-Euclidean characteristics, such as
social or biological networks, where intricate patterns are
prevalent. Capturing both local and global relationships is
crucial for fully understanding the data’s complexity. To ef-
fectively capture the complex local neighborhood relation-
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ships within multi-view data, we employ the Clustering-
with-Adaptive-Neighbors (CAN) (Nie, Wang, and Huang
2014) approach to construct an adaptive adjacency matrix
for our Graph Convolutional Network (GCN). This method
dynamically determines the neighborhood structure for each
sample, enabling the model to robustly reflect both local and
global data characteristics.

Given a feature matrix Xv ∈ Rdv×n, where dv repre-
sents the feature dimension for view v and n represents the
number of samples, we first compute the pairwise distance
matrix D ∈ Rn×n, where each element Dij = ∥xv

i − xv
j∥22

represents the squared distance between samples xv
i and xv

j .
Next, we sort the distances for each sample to identify its
top k nearest neighbors. Let φ(xv

i ) denote the distance to
the k-th nearest neighbor for sample xv

i . We then compute
a weight matrix M using the formula Tij = φ(xv

i ) −Dij ,
which balances the influence of each neighbor as follows:

Mij = max

(
0,

Tij
k · φ(xv

i )−
∑

j∈Ni
Dij

)
, (2)

where Ni represents the set of k nearest neighbors for sam-
ple xv

i . This adaptive weighting strategy ensures that each
sample’s neighborhood captures the most relevant local rela-
tionships, leading to a more representative and robust graph
structure. The symmetrized adjacency matrix A is then com-
puted as:

Av =
Mv + (Mv)⊤

2
, (3)

where A is used as the input for the view-specific GCN, and
the feature extraction process is defined as below:

Qv
l+1 = σ(ÂvQv

l W
v
l ), (4)

where Âv is the normalized adjacency matrix, σ is the ac-
tivation function (e.g., ReLU, Softplus), and Wv

l are the
learnable weights at layer l.

Neighborhood-aware evidential deep learning
In multi-view learning, capturing the complex relationships
among data points is essential for accurate classification.
Traditional methods often overlook neighborhood struc-
tures, leading to suboptimal integration of multi-view data,
especially in non-Euclidean spaces like social or biologi-
cal networks. To address this, we propose neighborhood-
aware EDL, which explicitly incorporates neighborhood
structure. By fusing local-global F-N structures, our ap-
proach enhances the model’s ability to account for depen-
dencies among data points and achieve more reliable and
robust classification.

Local evidence extraction. In our framework, the
neighborhood-aware features are fused using a function Ψ(·)
(See Supplementary Material) with an activation layer (e.g.,
ReLU, Softplus) to obtain non-negative output as evidence
for each view, so that we can obtain the parameters of the
Dirichlet distribution. For a classification problem with K
classes, the evidence ev

n for an instance xv
n in view v is

represented by an opinion ωv = (bv, uv), where bv =

(bv1 , . . . , b
v
K)⊤ is the belief mass vector, which assigns be-

lief values to each class based on the evidence and u is the
uncertainty mass, representing the degree of uncertainty in
the evidence. These components are constrained by the fol-
lowing relationship:

K∑
k=1

bvk + uv = 1, where bvk ≥ 0 and uv ≥ 0. (5)

The belief bv and uncertainty uv are linked to the Dirich-
let distribution, which models second-order uncertainty. The
Dirichlet probability density function (PDF) is defined as:

D(p|αv) =

{
1

B(α)

∏K
k=1 p

αv
k−1

k , for p ∈ Sv
K ,

0, otherwise,
(6)

where pv = (pv
1 , . . . , p

v
K)⊤ is the probability assigned

to each class k, and α = (α1, . . . , αK)⊤ are the Dirichlet
parameters. The simplex SK is defined as:

Sv
K =

{
pv

∣∣∣∣∣
K∑

k=1

pv
k = 1, 0 ≤ pv

k ≤ 1 for all k

}
. (7)

The view-specific Dirichlet parameters αv are computed
as αv = ev + 1, ensuring non-sparsity. The belief and un-
certainty are related to these parameters by:

bvk =
evk
Sv

=
αv
k − 1

Sv
, uv =

K

Sv
, (8)

where Sv =
∑K

k=1(e
v
k + 1) =

∑K
k=1 α

v
k. The uncertainty

u is inversely proportional to the total evidence, indicating
that as the evidence increases, the uncertainty decreases.

After obtaining the view-specific evidence, this step re-
flects the confidence of the local proxy in classifying based
on the F-N structures. This evidence is then further inte-
grated with global F-N structures in a joint learning manner,
setting the stage for robust multi-view evidences fusion.

Global consensus evidence extraction. To resolve con-
flicts between views and establish a robust multi-view con-
sensus, we introduce a consensus evidence extraction mech-
anism. This mechanism samples a consensus evidence vec-
tor econs

n from a shared Dirichlet distribution and conditions
it on the local F-N structures through a fusion function Φ(·),
which integrates the sampled consensus evidence with the
view-specific evidence vectors as follows:

ẽvn = evn +Φ(e⋄n, e
v
n) , (9)

where e⋄n ∼ Dir(α⋄
n) is the evidence vector randomly sam-

pled from the shared Dirichlet distribution parameterized
by α⋄

n. The fusion function Φ(·) (e.g. Self-Attention, co-
sine similarity etc.) conditions the consensus evidence on
the local F-N structures, facilitating robust global learning of
multi-view consensus evidence. This approach ensures that
the consensus evidence effectively reflects patterns across all
views, while also being adaptable to local variations.
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Conflictive evidence aggregation
Conflicts among views are prevalent yet often overlooked
by existing methods. Directly integrating all views can lead
to performance degradation, as seen in frameworks like the
Dempster-Shafer Theory, where minor local conflicts can
cause global fusion failures. To address this, we propose
the S-MRF model, which adaptively selects highly relevant
views for evidence fusion. This model mitigates the impact
of local conflicts on global neighborhood-aware evidence in-
tegration, ensuring robust and reliable inference.

Selective Markov random field. Specifically, the S-MRF
model represents the interaction among views through an
energy function, which considers both unary and pairwise
potentials. The energy function is defined as below:

E(Z) =
∑
i

ϕ(zi) +
∑
i,j

σ(zi, zj), (10)

where ϕ(zi) represents the unary potential representation of
view i, and σ(zi, zj) represents the pairwise potential repre-
sentation between views i and j. In the S-MRF model, each
view v is associated with an evidence vector ev . A graph
G = (V, E) is constructed, where V corresponds to the set
of views, and E represents the set of edges determined by the
similarity between views. The edge weight wi,j reflects the
similarity between views i and j, calculated using metrics
such as cosine similarity or other suitable measures.

Edges are included in the graph if they meet a threshold
τ , ensuring that only significant and relevant connections are
retained, thus addressing inter-view conflicts:

wi,j ≥ τ · wmax, (11)

where wmax is the maximum edge weight in the initial con-
nectivity matrix.

Local-global evidence aggregation. According to equa-
tion (9), we denote view v evidence as Ẽv , which accounts
for local-global F-N structures. The aggregated evidence
Ẽagg from these selectively connected views is computed as:

Ẽagg =
∑

(i,j)∈E

wi,j · Ẽj . (12)

By normalizing the contributions, the S-MRF model ef-
fectively combines evidence from views that are contextu-
ally significant, reducing the impact of irrelevant or conflict-
ing views on the overall integration process. This selective
approach enhances integration efficiency and improves the
interpretability of the resulting evidence fusion.

Loss function
Neighborhood-aware EDL loss. For each instance
{xv

n}Vv=1, we fuse the extracted feature structure hv
n and

neighborhood structure qv
n using a F-N aggregation function

Ψ(·) to obtain evidence evn for each view:

evn = Ψ(hv
n,q

v
n). (13)

This evidence vector evn is then used to parameterize the
Dirichlet distribution αv

n = evn + 1. Then we adapt the con-
ventional cross-entropy loss to integrate the evidence and

uncertainty from each view, enhancing the robustness of the
classification process as follows.

Lace(α
v
n) =

∫  K∑
j=1

−ynj log pnj

 ∏K
j=1 p

αnj−1
nj

B (αv
n)

dpn

=
K∑
j=1

ynj(ψ(S
v
n)− ψ(αv

nj)), (14)

where ψ(·) is the digamma function. The above loss func-
tion does not guarantee that the evidence generated by the
incorrect labels is lower. To address this issue, we can in-
troduce an additional term in the loss function, namely the
Kullback-Leibler (KL) divergence:

LKL(αn) = KL [D(pn|α̃n) ∥ D(pn|1)] (15)

= log (
Γ(
∑K

k=1α̃nk)

Γ(K)
∏K

k=1 Γ(α̃nk)
)

+
K∑

k=1

(α̃nk − 1)

ψ(α̃nk)− ψ(
K∑
j=1

α̃nj)

 ,
where D(pn|1) is the uniform Dirichlet distribution, α̃v

n =
yn+(1−yn)⊙αv

n is the Dirichlet parameters after removal
of the non-misleading evidence from predicted parameters
for the n-th instance, and Γ(·) is the gamma function.

Therefore, given the Dirichlet distribution with parameter
αv
n for the n-th instance, the loss is:

Lacc(α
v
n) = Lace(α

v
n) + λsLKL(α

v
n), (16)

where λs = min(1.0, s/T ) ∈ [0, 1] is the annealing coeffi-
cient, with t representing the current training epoch and T
the total number of annealing steps. This gradual increase
in the influence of KL divergence in the loss function helps
prevent premature convergence of misclassified instances to-
wards a uniform distribution.

Conflict-aware aggregation loss. In the proposed S-MRF
module, each graph node represents evidence derived from
different views. To achieve conflict-aware MVC, it is es-
sential to harmonize the evidence across these views. This
is accomplished by a combined loss function that simul-
taneously maximizes the pairwise similarity between evi-
dence and minimize the deviation of each evidence from
their mean. Moreover, we introduce a regularizer to prevent
node degradation and maintain diversity in the graph.

Specifically, to ensure global consistency and inter-view
collaboration, we introduce a unified consistency loss Lcon,
which combines both the similarity encouragement in terms
of statistical property and regularization components:

Lcon =− 2

V (V − 1)

V−1∑
i=1

V∑
j=i+1

ei · ej
∥ei∥∥ej∥

+
1

V N

V∑
v=1

N∑
n=1

∥evn − µv∥22 −
V∑

v=1

∥Ev∥2F,

(17)

where µv represents the mean evidence across all samples
within view v, while Ev denotes the v-th view evidence.

17417



To sum up, the overall loss function for a specific instance
{xv

n}Vv=1 can be calculated as:

L =
1

V

V∑
v=1

Lacc(α
v
n) + λtLcon (18)

The model optimization process and extensive discussion
can be found in Supplementary Material.

Experiment
Experimental setup
Datasets. The overview of the datasets used in our study
is illustrated in Table 1, with more detailed descrip-
tions provided in the Supplementary Material. In sum-
mary, we benchmarked our approach against state-of-the-art
(SOTA) methods on eight multi-view datasets. The conflic-
tive datasets were constructed by us based on these datasets,
following the methodology outlined in (Xu et al. 2024).
Each method was run 10 times, and we report the average
performance along with the standard deviation.

Dataset Size Classes Dimensionality

PIE 680 68 484|256|279
HandWritten 2000 10 240|76|216|47|64|6
Scene15 4485 15 20|59|40
Caltech101 8677 101 4096|4096
Animal 10158 50 4096|4096
ALOI 10800 100 77|13|64|125
CUB 11788 10 1024|300
NUS-WIDE-OBJECT 30000 31 129|74|145|226|65

Table 1: Overview of datasets used in experiments

Compared methods. In this study, we compared our
approach against eight SOTA methods. Among these,
TMC (Han et al. 2021), TMDL-OA (Liu et al. 2022),
ECML (Xu et al. 2024), and RMVC (Yue et al. 2024) are
EDL-based multi-view methods, while EDL (Sensoy, Ka-
plan, and Kandemir 2018) itself is a single-view method.
Detailed descriptions of all the comparison methods can be
found in the Supplementary Material.

Quantative results
Comparison with SOTA. Tables 2 and 3 show the clas-
sification performance on normal and conflictive test sets.
We can observe that: (1) On normal test sets, TUNED out-
performs all other baselines on all datasets except for the
HandWritten and Scene15 datasets. (2) When evaluating on
conflictive test sets, the accuracy of all compared methods
significantly decreases. However, TUNED achieves impres-
sive results across all datasets, with particularly large im-
provements on the Scene15, Animal, and ALOI datasets
(18%, 37.73%, and 15.4% respectively). Additionally, we
notice that on the Animal dataset, the conflictive views even
achieve better results than on the normal test sets. This might
be due to the sensitivity of the parameters being further am-
plified by the reduced number of views, a phenomenon that
has been validated in subsequent studies.

Ablation study. Table 4 presents the ablation study re-
sults of TUNED on the HandWritten and Scene datasets.
The experimental results indicate that each component of
our framework contributes positively to multi-view fusion.
Moreover, compared to other fusion methods such as Arith-
metic mean and DST, our MRF fusion demonstrates superior
performance. We provide additional comparisons based on a
broader set of metrics in the Supplementary Material.

Qualitative results
Visualization of S-MRF. The Figure 3 illustrates the
weight relationships between different views in the Hand-
Written dataset. The left and right panels show the conflict
levels for normal and conflict instances, respectively. To cre-
ate conflict, we modified the content of view 0, resulting in
misalignment with the other views, and set the correspond-
ing τ to 0.7. The results demonstrate that, after training,
the weights between the conflict view and the other views
are reduced to zero. This clearly indicates that our fusion
method effectively captures and mitigates the impact of con-
flict views on model integration.

Robustness to conflict. We evaluated TMDL-OA, ECML,
and our TUNED model on the HandWritten dataset with
varying numbers of noisy views in Figure 4. Conflict test sets
were created by adding noise to single, paired, and multiple
views among the six available. Results show that as more
views are corrupted, accuracy generally decreases. However,
our TUNED model consistently outperforms others, demon-
strating lower variance and greater robustness, especially
in scenarios with noise in single views, where ECML and
TMDL-OA show significant instability.

Figure 3: S-MRF weights for the HandWritten dataset. (a)
Represents the weights under the normal setting, while (b)
illustrates the weights under the conflict setting. And the red
node indicates the view where conflict have been introduced.

Figure 4: Robustness comparison: Impact of conflict views
on model performance across different configurations.
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Method PIE HandWritten Scene15 Caltech101 CUB Animal ALOI NUS

EDL 86.25±0.89 96.90±0.16 52.76±0.54 73.35±1.73 86.22±0.36 84.30±1.76 37.87±5.13 22.33±0.64
DCCAE 81.96±1.04 95.45±0.35 74.62±1.52 89.56±0.41 85.39±1.36 82.72±1.38 87.20±0.14 35.75±0.48

CPM-Nets 88.53±1.23 94.55±1.36 67.29±1.01 90.35±2.12 89.32±0.38 87.40±1.12 49.13±6.19 35.37±1.05
DUA-Nets 90.56±0.47 98.10±0.32 68.23±0.11 93.43±0.34 80.13±1.67 78.65±0.55 83.09±2.15 33.98±0.34

TMC 91.85±0.23 98.51±0.13 67.71±0.30 92.80±0.50 90.57±2.96 87.20±0.33 79.31±0.31 35.18±1.55
TMDL-OA 92.33±0.36 99.25±0.45 75.57±0.02 94.63±0.04 95.43±0.20 87.05±0.28 65.20±0.18 34.39±0.44

ECML 94.71±0.02 99.40±0.00 76.19±0.12 95.36±0.38 98.50±2.75 84.01±0.63 69.29± 0.11 34.04 ± 0.27
RMVC 91.18±0.24 98.51±0.04 73.05±0.24 88.73±0.60 93.18±0.47 87.67±0.17 87.38±0.67 34.68±0.32

Ours 96.83±0.01 99.20±0.23 75.89±0.70 97.38±0.45 99.00±0.33 89.52 ± 0.13 88.93±0.35 37.46±0.25
△% 2.24 -0.2 -0.39 2.12 0.51 2.11 1.77 4.78

Table 2: Accuracy (%) on normal test sets. The best and the second best results are highlighted by boldface and underlined
respectively. △% denotes the performance improvement of ours over the best baseline. NUS refers to “NUS-WIDE-OBJECT”.

Method PIE HandWritten Scene15 Caltech-101 CUB Animal ALOI NUS

EDL 21.76±0.67 57.25±0.49 14.28±0.24 55.74±0.12 53.75±0.42 30.71±0.27 25.05±3.10 18.07±0.28
DCCAE 26.89±1.10 82.85±0.38 25.97±2.86 60.90±2.32 63.57±1.28 64.30±2.11 75.12±0.43 32.12±0.52

CPM-Nets 53.19±1.17 83.34±1.07 29.63±1.12 66.54±2.89 68.82±0.17 64.83±0.35 36.29±5.02 29.20±0.81
DUA-Nets 56.45±1.75 87.16±0.34 26.18±1.31 75.19±2.34 60.53±1.17 62.46±1.12 69.07±2.50 31.82±0.43

TMC 61.65±1.03 92.76±0.15 42.27±1.61 90.16±2.50 73.37±2.16 64.85±1.19 76.68±0.32 33.76±2.16
TMDL-OA 68.16±0.34 93.05±0.05 48.42±1.02 90.63±2.05 74.43±0.26 64.62±0.15 62.90±0.12 32.44±0.26

ECML 84.00±0.14 94.40±0.05 56.97±0.52 92.36±1.48 76.50±1.15 62.67±0.81 64.91 ± 0.20 31.19 ± 0.22
RMVC 76.47±3.43 94.75±0.75 49.83±2.23 80.56±0.71 72.78±0.42 66.00±0.59 52.67±1.97 24.62±3.19

Ours 86.02±0.19 96.75± 0.55 67.22± 0.58 93.22±0.41 76.67±0.38 90.90± 0.18 88.49±0.29 34.09±0.14
△% 2.40 2.11 18.00 0.93 2.22 37.73 15.40 0.98

Table 3: Accuracy (%) on conflictive test sets. The tags setting is the same as that in Table 2.

Method HandWritten Scene15

Normal Conflict Normal Conflict

w/o GCN 95.75 95.75 69.23 64.21
w/o econs

n 96.50 94.25 70.79 64.88
w/o Lcon 96.50 94.50 70.79 65.44
w/ Average 96.25 96.00 70.90 65.33
w/ DST 95.75 91.75 70.56 66.67
w/ S-MRF 99.20 96.75 75.89 67.22

Table 4: Ablation study: Accuracy (%) on HandWritten and
Scene15 datasets under normal and conflict conditions.

T-SNE visualization. We visualized the Evidence from
three views and their fused representation on the Scene
dataset after model training in Figure 5. The results demon-
strate that MRF effectively captures inter-view relationships,
producing a fused Evidence representation with more dis-
tinct class separations, thereby enhancing the discriminative
power between categories.

Conclusion
In this study, we introduced the TUNED model to address
the challenges of multi-view classification, particularly in
scenarios with conflicting views and high uncertainty. Our
approach successfully integrates local and global feature-
neighborhood structures, significantly enhancing robustness
and driving improvements in classification performance. A
limitation is its untested application in incomplete multi-
view data scenarios, where missing views may degrade the
structure. Future work will extend the approach to robustly
handle incomplete multi-view classification.

Figure 5: T-SNE visualization of Evidence. (a)-(c) show the
t-SNE results for Evidence from three individual views. (d)
illustrates the fused Evidence after t-SNE, highlighting the
more cohesive data representation achieved through fusion.
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