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Abstract

In multi-view classification tasks (MVC), each view provides
an unique perspective on the data, offering complementary in-
formation that can improve classification performance when
properly integrated. However, traditional methods typically
adopt a uniform processing strategy for all views before fu-
sion, overlooking the fact that different views may require
different treatments due to variations in their quality and in-
formativeness. To address this limitation, we propose a novel
framework called Uncertainty-Guided View-Strength-Aware
Feature Utilization (UVF) for multi-view classification. Our
approach introduces a view uncertainty estimation module
to quantify the discriminative strength of each view. Based
on this estimation, a Differentiated Feature Selector (DFS)
adaptively selects features, retaining informative dimensions
in weak views while preserving original features in strong
views. Furthermore, we employ an uncertainty-guided fusion
strategy that assigns dynamic weights to each view’s contri-
bution based on its uncertainty score, enhancing the robust-
ness and reliability of the final decision. Experimental results
on benchmark datasets demonstrate that our method signifi-
cantly outperforms conventional approaches, achieving better
classification accuracy and interpretability through strength-
aware feature processing and fusion.

Code — https://github.com/1vli-rise/UVF

Introduction

With rapid development of multimedia and representation
learning methods, data are generally represented with mul-
tiple grout of features (Jiang et al. 2021; Liang et al. 2025d;
Zhang et al. 2024a; Jin et al. 2025; Lu et al. 2025). Com-
pared with single-view data, multi-view data is more in-
formative and covers a wider range of information dimen-
sions and diversity. By leveraging the complementarity and
redundancy across views, multi-view learning methods can
enhance the generalization ability of models and facilitate
better decision-making in real-world scenarios. Hence, it is
important to use multiple view data to perceive the world.
With the development of deep learning techniques, many
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multi-view fusion networks have been proposed (Liang et al.
2025b, 2024). They often employ different joint training
strategies such as feature interaction (Zhu et al. 2022) (i.e.,
two modalities interact from the input level) and prediction
ensemble (Zhang et al. 2024c) (i.e., two modalities interact
from the prediction level), all while optimizing an unified
learning objective.

While multi-view learning has demonstrated considerable
success across a variety of domains, from image classifica-
tion to biomedical analysis, many existing approaches oper-
ate under a critical limitation: they treat all views as equally
informative and reliable throughout the learning process.As
shown in Fig. 1, these methods typically adopt the same
strategy to process all views before fusion. In real-world ap-
plications, the quality of each view is often far from uni-
form. Variations arise from multiple sources, including sen-
sor fidelity, feature extraction pipelines, missing modalities,
environmental noise, and domain shifts. As a result, the dis-
criminative power and semantic relevance of each view can
differ substantially.

Treating all views equally before fusion may lead to
performance degradation due to the inclusion of redun-
dant or misleading information. Simply aggregating features
from all available views—regardless of their reliability—can
propagate noise into the joint representation and hinder
model interpretability and generalization. To address this is-
sue, we propose a novel Uncertainty-Guided View-Strength-
Aware Feature Utilization (UVF) framework for multi-view
classification. The core idea is to estimate the discrimina-
tive strength of each view prior to fusion and adopt differ-
entiated processing strategies accordingly. Meanwhile, this
view strength information is also incorporated into the fu-
sion stage to enhance the effectiveness of view integration
and improve final classification performance.

Specifically, we first introduce an Uncertainty Estimation
Module, which quantifies the reliability of each view—lower
uncertainty implies stronger view quality. Based on these es-
timates, we design a Differentiated Feature Selector (DFS)
that adaptively processes each view. Strong views (with
low uncertainty) are retained in full to preserve informa-
tive patterns, while weak views (with high uncertainty) are
gated to suppress noise and irrelevant features. Finally, an
Uncertainty-Guided Fusion Module is employed to assign
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Figure 1: The differences between our proposed UVF and
the existing MMC methods.

dynamic weights to each view based on its estimated uncer-
tainty, leading to more reliable decision-making.
Our main contributions are summarized as follows:

e An uncertainty-guided view-strength-aware feature uti-
lization (UVF) framework is proposed. The UVF incor-
porates a gating mechanism guided by the estimated un-
certainty of each view. In particular, views with low un-
certainty (strong views) retain most of their original fea-
tures to preserve comprehensive representation capacity,
while views with high uncertainty (weak views) undergo
adaptive feature filtering to suppress noise and eliminate
redundant or misleading information.

We design a novel uncertainty-guided fusion strategy
that leverages view-wise uncertainty scores to adap-
tively weigh the contributions of different views during
decision-making.

The extensive comparison experiments on public datasets
show that UVF achieves competitive performance com-
pared to the the state-of-the-art MVC methods.

Related Work

Multi-view classification (MVC) is an effective paradigm
that integrates multiple views of data to improve the ro-
bustness and accuracy of classification tasks. Most existing
MVC methods are grounded in two fundamental principles:
(i) the consensus principle, which encourages consistency
among different views, and (ii) the diversity principle, which
emphasizes the unique and complementary information pro-
vided by each view (Li and Tang 2024). For instance, Liang
et al. (Liang et al. 2022) introduced association-based fusion
by modeling cross-modality associations in a learnable and
interpretable way. However, their method treats all modali-
ties equally during the early processing stage, without con-
sidering the potential differences in informativeness across
views. Similarly, Chen et al. (Chen et al. 2023) developed a
joint deep learning framework to extract unified feature rep-
resentations from heterogeneous views, but it also relies on
shared representations that may suppress the unique contri-
butions of stronger views.

Fusion strategies in MVC can generally be catego-
rized into feature-level and decision-level methods (Guo
et al. 2024; Zhang et al. 2024b). Feature-level fusion-based
methods (FW) assign weights to features from different
views during the representation learning stage. For exam-
ple, AWDR (Yang, Deng, and Nie 2019) further refines fea-
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ture contributions by incorporating view weights in a square-
root form to emphasize more informative views. In contrast,
decision-level methods (DW) assign weights after individ-
ual classifiers produce predictions. For example, TMC (Han
et al. 2022) applies Dempster-Shafer theory to model the re-
liability of each view through an evidence-based confidence
mechanism.

While these methods have shown promising results, they
often ignore the inherent uncertainty and dynamic discrimi-
native power of each view, which may vary across instances
due to noise, redundancy, or sparsity.

The Proposed Method

Basic Setting

The remainder of this section uses the following notation.
Let ¥ = R™ x R™2 x -.. x R™VI represent the instance
space (or feature space) of representations from |V'| views,
where m; (1 < i < |V]) denotes the feature dimension of
the i-th view, and let Y = {l1, 2, ..., [, } represent the label
space with ¢ class labels. Let D denote an unknown distri-
bution over X x ). A training set D = {(x¥,y;),|,1 <
v < |V],1 <i<n}e (X xY)"isdrawn independently
and identically from D, where x} = (3}, 2},,..., %}, ) €
R™v is the feature vector of the v-th view with dimension
My, and y; € ) is the known label associated with x}. The
task of multi-view classification is to learn a prediction func-
tion f : X — Y from D, which can assign an appropriate
label f(x) € Y to an unseen instance x.

Uncertainty Estimation Module

In multi-view data, each sample in the same dataset has mul-
tiple related feature representations which leads to differ-
ences in the dimensionality of the feature vectors of samples
across different views. This requires unifying the dimension-
ality of feature vectors from different views to facilitate sub-
sequent computations. Therefore, the first step is to map in-
stances from different views in the original feature space to
the same latent space, as shown in Fig. 2.

x, =Wx"+b, (1)

where W € R?™> and b € R? are learnable parameters.

After projecting the features into a unified latent space,
we aim to evaluate the uncertainty of each view with respect
to the classification task. Intuitively, a view that consistently
provides confident predictions (i.e., predictions with skewed
class probability distributions) is considered strong, while a
view that yields ambiguous or flat distributions is considered
weak. To quantify this uncertainty, we calculate the devia-
tion of the predicted probability distribution from the ideal
uniform distribution. Specifically, we pass the latent feature
x? through a classifier to obtain a class probability vector
p” € RY, where C is the number of categories. The uncer-
tainty score for view v is then computed as:

= 1
s'=>|py =l
=1

n= 67
where . denotes the probability value of a uniform distribu-
tion across all classes.
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Figure 2: The whole framework of the proposed UVFE.

View-Strength-Aware Feature Utilization Module

In traditional multi-view learning, all views are often pro-
cessed equally, ignoring the potential quality differences
between views. However, in real-world scenarios, different
views may have varying discriminative abilities due to noise,
redundancy, or data sparsity. To address this issue, we pro-
pose a gating mechanism with a dynamic selection strategy.

Differentiated Feature Selector (DFS). We design a
learnable gate network to perform feature selection for each
view. Given a feature vector z¥ € R?, a two-layer MLP
with sigmoid activation is applied to compute a gating vec-
tor g¥ € R%:

g’ = sigmoid (W3 - ReLU(WY - x7)). 3)
Then, the gated feature vector 2V is obtained by:
z’ =g’ OxZ, “

which selectively retains important feature dimensions while
suppressing irrelevant or noisy ones. The gate is fully differ-
entiable and allows end-to-end training.

Strength-Guided Gating Strategy. To prevent over-
processing of high-quality views, we introduce a dynamic
gating strategy guided by view uncertainty. After computing
uncertainty scores {s*, s2,..., s} for all V views, we sort
them and define a threshold 7 as the K-th smallest score.
For each view v, we determine whether to apply the DFS as
follows:

To encourage the model to select only the most discrimina-
tive features, we impose an ¢;-based regularization on the

DFS(x"), ifs” <,
v, if s¥ > 7.

vo__

&)

X

gate outputs:

1%
1
Ly = v § Esnp [lIg"[l1] - (6)
v=1

To prevent excessive distortion of the input features, we fur-
ther introduce an MSE constraint that encourages the gated
features to remain close to the original input:

B
1 v o2
LMSE:§§|\XZ_Z 13- (7

Uncertainty-Guided Fusion Module

To effectively integrate information from multiple views,
we propose an uncertainty fusion mechanism that estimates
and utilizes both cognitive uncertainty and prediction uncer-
tainty of each view to determine its contribution to the final
representation. Unlike traditional fusion approaches that as-
sign equal or fixed weights to all views, our method adap-
tively adjusts the fusion weights based on how confident the
model is about the predictions made from each view.

Cognitive Uncertainty Estimation. Cognitive uncer-
tainty, also known as epistemic uncertainty, reflects the un-
certainty in the model parameters and can be reduced with
more data. In this work, we approximate cognitive uncer-
tainty using Monte Carlo Dropout (MC Dropout), which is
a practical Bayesian approximation. Specifically, for each
view v, we pass the gated feature vector z(*) through a clas-
sifier £(*) with dropout enabled during T" stochastic forward
passes:

pV = Softmax(f(*)(z"); Dropout). (8)
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Accuracy

Groups Methods AWA NUS Reuters5 Reuters3 VoxCeleb  YoutubeFace

EmbraceNet(IF19) 84.97+0.23 72.43+£0.38 80.07+0.21 83.58£0.25 81.74+0.34 80.90 +1.04

Feature AWDR(PR19) 90.46 £ 0.06 72.44+£0.66 79.69 £0.27 83.32+£0.32 91.08+£0.09 85.11+0.15

RAMC(INS22) 90.63 +£0.13 72.51 £0.67 79.84 £0.25 83.48+£0.25 91.54+0.11 85.21 £0.17

BV(TEVC21) 88.65 +0.43 68.69 £0.59 80.61+0.25 83.98+£0.14 63.25+£0.14 82.01 £0.18

SSV(TEVC21) 82.37+1.26 63.70£0.64 79.51+0.41 84.71+£0.22 85.10£0.23 84.43£0.31

MR(TEVC21) 87.10+0.64 64.39£0.85 78.24+£0.45 84.17+£0.19 79.92+0.29 84.78 £0.21

TMOA(AAAI22) 89.17+0.31 72.60£0.48 79.11 +£0.43 84.19+£0.27 84.72+0.21 84.35+0.25

Decision TMCICLR22) 88.59+0.25 72.73+£0.30 79.60 £0.56 84.23+£0.35 73.13+£0.15 71.18 £2.27

ETMC(TPAMI23) 88.24 +0.17 73.05£0.67 79.80£0.41 84.24 £0.42 88.70£0.15 79.63 +1.89

ECML(AAAI24) 80.51+0.41 72.53£0.55 81.39+0.18 85.88£0.29 89.06£0.21 81.95+0.20

RMVC(IF25) 81.49+0.31 60.61 £0.54 78.89£0.20 82.97£0.19 88.34+£0.09 81.56 +0.28

TUNED(AAAI25) 89.05+0.45 74.08£0.36 81.65+0.32 86.02+£0.69 91.67+0.30 84.79+0.33

AssoDMVCIIJCAI2025) 90.86 £0.19 74.62+0.15 81.794+0.20 86.04 £0.57 93.85£0.05 86.21 +0.15

Ours UVF 91.05 £ 0.14 75.04 £0.26 82.01 +0.10 86.09 £0.08 94.18 = 0.24 86.38 = 0.09
Precision

Groups Methods AWA NUS Reuters5 Reuters3 VoxCeleb  YoutubeFace

EmbraceNet(IF19) 82.14+0.57 71.73£0.32 80.42+0.25 83.77£0.34 80.95+£0.46 83.71+1.10

Feature AWDR(PR19) 89.32+0.33 72.71£0.61 79.87+0.30 83.49+£0.34 91.83+£0.11 89.94 +0.32

RAMC(INS22) 89.41+0.38 72.82+£0.64 80.12+0.27 83.70£0.28 92.19+0.06 90.64 £ 0.08

BV(TEVC21) 86.57+0.46 70.98£0.95 80.77£0.19 84.13+£0.19 64.63+£0.63 84.34+0.61

SSV(TEVC21) 82.76 £1.10 67.23£0.58 80.19£0.49 85.16£0.20 84.44+0.18 94.13 £+ 0.37

MR(TEVC21) 85.44+0.64 64.90 £0.81 78.21 £0.48 84.25+£0.13 78.85+0.29 86.56 +0.58

TMOA(AAAA22) 88.15+0.62 72.73£0.53 79.89 £0.72 84.40£0.23 84.38£0.30 87.59 +0.28

Decision TMCICLR22) 87.76 £0.40 72.71£0.22 79.86+0.46 84.43+£0.49 73.26+£0.34 82.53+2.01

ETMC(TPAMI23) 87.68+0.63 72.39£0.64 79.99+0.33 84.38 £0.37 87.28£0.15 83.40+2.33

ECML(AAAI24) 86.27+1.22 73.05£0.26 81.52+0.18 85.81£0.27 74.21+£0.46 84.34 +0.38

RMVCIF25) 81.35+0.23 60.09 £0.41 80.32+0.45 8228 £0.49 89.26+0.19 81.324+0.23

TUNED(AAAI2S) 89.02+0.12 74.12+£0.33 81.12+0.22 85.79+£0.12 92.01 £0.23 85.35+0.15

AssoDMVCIJCAI2025) 89.79 £0.23 75.00 £0.13 82.03 +£0.20 85.89 £0.23 93.95+0.13 86.52 +0.40

Ours UVF 91.03 +0.14 7513 £0.41 82.26 £0.16 86.20 £0.07 94.37 £0.22 86.47 +0.08

Table 1: Comparison results with SOTA methods on the accuracy and precision. The best and the second best results are

highlighted by boldface and underlined, respectively.

Here, pi”) € RY represents the predicted class probability

distribution at the ¢-th pass. We then compute the average
prediction and the variance across these 7" passes:

1 T
p= )i ©)
t=1
T
1
Var’ = = > (p} — ")’ (10)

t=1

To obtain the overall cognitive uncertainty score CU" for
the v-th view, we aggregate the variance across all C' classes
and average over the batch:

c

Z Var}

c=1

v
cus’ = Epqch

(1D
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exp(—cusv)

S exp(—cusi)’
This score captures how unstable the model’s predictions

are when given input from view v, reflecting the model’s
confidence.

cU” =

12)

Prediction Uncertainty Estimation. In the multi-view
classification, different views may contain varying levels of
noise, redundancy, or informativeness. To account for this,
we introduce an uncertainty estimation mechanism that eval-
uates the reliability of each view’s prediction. We first com-
pute an uncertainty score for each view to quantify its pre-
diction ambiguity:
c

1
us® = Z |Softmax(f“(2")); —pl, w=

. ok (13)
1=1

where fU denotes the classifier associated with the v-th
view, implemented as a fully connected layer followed by



Recall

Groups Methods AWA NUS Reuters5 Reuters3 VoxCeleb  YoutubeFace

EmbraceNet(IF19) 80.04 £0.59 72.04 £0.34 79.85£0.26 83.46£0.21 78.36 +£0.34 80.65+1.13

Feature AWDR(PR19) 86.86 = 0.20 71.87£0.62 79.59 £0.23 83.30£0.29 87.26 =0.13 83.57 £ 0.30

RAMC(INS22) 87.08£0.42 71.92+0.65 79.73+£0.23 83.45+0.23 87.95+£0.11 83.35£0.27

BV(TEVC21) 85.72+£0.57 67.67 £0.57 80.52£0.29 83.91£0.11 57.79+0.14 81.05+0.35

SSV(TEVC21) 77.28£1.45 60.52£0.63 79.08+0.40 84.48 £0.25 81.07+0.26 80.80+0.53

MR(TEVC21) 83.55£0.77 63.10+0.91 78.11+0.45 84.12+0.26 75.36 £0.32 83.87£0.31

TMOA(AAAI22) 83.62+0.91 71.81+0.49 78.85+0.30 84.25+0.30 81.54+0.26 82.63 £0.39

Decision TMCICLR22) 84.47£0.54 71.70£0.43 79.60+£0.56 84.19+0.29 64.06 £0.12 68.50 £2.77

ETMC(TPAMI23) 83.52£0.51 72.35+0.79 79.74+0.52 83.51+0.51 85.85+£0.22 81.51+£0.26

ECML(AAAI24) 84.34 £0.88 71.55+0.68 81.52+0.16 85.81 +0.27 74.53 £0.46 80.59 £ 0.18

RMVC(IF25) 80.01 £0.49 59.80+1.46 78.09+0.85 84.24 +0.56 87.14+0.09 82.36 £0.13

TUNED(AAAI2S) 87.14£0.73 73.25+0.55 81.34+0.41 84.78 £0.44 91.46 +0.32 84.78 £ 0.47

AssoDMVC(ICAI2025) 87.98 £0.21 74.01 £0.15 81.574+0.15 86.01 £0.18 91.55£0.11 86.93 £+ 0.23

Ours UVF 90.98 £ 0.16 74.89 £0.29 81.99+£0.11 86.07 +0.07 94.11£0.2 86.27 £ 0.07
Fl1

Groups Methods AWA NUS Reuters5 Reuters3 VoxCeleb  YoutubeFace

EmbraceNet(IF19) 80.60 £0.62 71.78 £0.36 80.07 £0.22 83.59 +£0.25 78.64+0.41 81.61+0.99

Feature AWDR(PR19) 87.72+£0.21 72.16+£0.62 79.71 £0.27 83.37+£0.30 88.57+£0.13 85.51 £0.12

RAMCINS22) 87.92+0.30 72.21 +£0.65 79.90+0.25 83.54+0.24 89.20+£0.10 86.69 £0.17

BV(TEVC21) 85.94 £0.50 68.64+0.63 80.61+0.24 83.90+0.11 58.34+£0.23 82.49+£0.25

SSV(TEVC21) 78.82+£1.45 62.13£0.69 79.49+0.42 84.75+0.21 81.75+0.23 86.55+0.27

MR(TEVC21) 84.14£0.73 62.96+0.93 78.11+0.46 84.16+0.19 75.88+0.30 85.03 £0.29

TMOA(AAAI22) 83.656£0.86 72.02+0.49 79.14+0.49 84.24+0.24 82.02+0.33 84.85+£0.25

Decision TMCICLR22) 85.28 £0.54 71.84+0.31 79.52+0.57 84.22+0.38 65.22+£0.09 71.92+£2.06

ETMC(TPAMI23) 84.60 £0.49 72.19+0.68 79.72+0.40 84.24+0.42 86.03 £0.20 80.97 £1.48

ECML(AAAI24) 84.82+1.05 72.01 £0.52 81.35+0.16 85.89 +0.28 75.87+£0.35 82.30£0.15

RMVC(IF25) 80.62 £0.59 59.97+1.46 79.21+0.85 83.24 +£0.70 88.14 £0.09 81.66 £0.15

TUNED(AAAI2S) 88.11£0.73 73.65+0.55 81.46+0.45 85.24 +0.44 91.84 +£0.42 85.06 £ 0.57

AssoDMVC(JCAI2025) 88.38 £0.30 74.50+0.15 81.77 +£0.15 85.93 £0.20 92.73 £0.11 86.72 £ 0.40

Ours UVF 90.94 + 0.13 75.03 £0.34 82.08 £0.07 86.12+0.06 94.13 +0.24 86.34 £+ 0.07

Table 2: Comparison results with SOTA methods on the recall and F1. The best and the second best results are highlighted by

boldface and underlined, respectively.

Batch Normalization and a ReLLU activation function. Sub-
sequently, we normalize the uncertainty scores across all
views to obtain fusion weights:

us?

ZV ust
i=1
To obtain an overall uncertainty score for each view, we

combine the prediction uncertainty (PU) and cognitive un-
certainty (CU) using a weighted linear formulation:

w’ =\ - PU” + Xy - CU",

PUY = (14)

(15)
where \; and A5 are hyperparameters that control the con-
tributions of prediction and cognitive uncertainties, respec-
tively. Finally, the fused representation is computed as a
weighted sum of the selected features from all views:

;
y=Ywie
i=1

(16)
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Overall Objective Function

The proposed model is optimized in an end-to-end manner
using a composite loss function that integrates classifica-
tion accuracy, feature sparsity, and information preservation.
Specifically, the overall objective is defined as:

L = Lcg + ALy + BLysE, (17)
where £ is an /; regularization term imposed on the gat-
ing masks to encourage feature sparsity, and Lysg is a mean
squared error term that preserves the similarity between
original and gated features. The hyperparameters A\ and
are used to balance the contributions of the sparsity and re-
construction losses and L. denotes the cross entropy loss,
formulated as:

N C
Loe==> > uijlog(iiy)- (18)
i=1 j=1



Experiments
Datasets

Our experiments are conducted on six challenging multi-
view classification datasets which include image, text, au-
dio, depth and video datasets. (1) Animals with Attributes
(AWA)(Lampert, Nickisch, and Harmeling 2013) dataset,
which includes 30,475 images from 50 categories with seven
view features. (2) NUS-WIDE-128 (NUS)(Tang et al. 2016)
dataset, which includes 43,800 samples from 128 categories
with seven view features. (3) Reuters (Liang et al. 2025a)
dataset, which includes 111,740 samples from six categories
with five multilingual view features. (4) MVoxCeleb (Liang
et al. 2025a), which includes 153,516 samples from 1,251
categories with five audio view features. (5) YoutubeFace
dataset, which includes 3,425 videos from 1,595 different
people with five view features. According to (Wang et al.
2022), we use a subset of 31 categories from this dataset,
with a total of 101,499 frames.

Experimental Results with Other Methods

To validate the effectiveness of the our method, compre-
hensive comparison experiments are conduced with eight
related weighting-based multi-view classification methods.
The compared methods can be classified into the following
two groups according to the level of weighting:

1. The first category is the feature level including Em-
braceNet, AWDR and RAMC (Jiang et al. 2022). Em-
braceNet assigns 1 to the weight value of one view while
0 to others for each example according to a multino-
mial distribution. AWDR is an adaptive-weighting dis-
criminative regression approach. Following (Yang, Deng,
and Nie 2019), the parameter A is chosen from the set
{1073,1072,--- , 103}, while k varies within the range
{1,3,---,9}. RAMC employs an Ly ;-norm loss func-
tion to acquire a joint weighted projection space across
all views. This method preserves the correlation and di-
versity among views through a self-supervised weighting
strategy. Similarly, the parameter \ is chosen from the
set {1073,1072,--. ;103} and k ranges from the range
{1,3,---,9}.

. The second category is the decision level including
BV, SSV, MR (Liang et al. 2021), TMC (Han et al.
2022), TMOA (Liu et al. 2022), ETMC (Han et al.
2023), ECML (Xu et al. 2024), RMVC (Yue et al. 2025)
,TUNED (Huang et al. 2025) and AssoDMVC (Liang
et al. 2025¢). BV assigns 1 to the weight value of the
view with the best performance while 0 to others accord-
ing to whole classification performance of each view.
MR assigns 1 to the weight value of the view with the
best performance while O to others for each example ac-
cording to the classification performance of each view of
each example. SSV assigns the same values to all views.
TMC, TMOA, ETMC, ECML and RMVC are trusted fu-
sion methods.

The results in Tables 1 and 2, are presented through the
mean metric value and the standard deviation obtained from
5-fold cross-validation. From Tables 1 and 2, the following
observations can be made:
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1. In summary, the UVF method almost achieve the best
performance on all datasets. For instance, on the Vox-
Celeb and NUS datasets, UVF achieves approximately
0.33% and 0.42% accuracy improvements compared to
the second-best model. These improvements highlight
the significant advantage of the UVF in ensuring high
performance in decision making. Additionally, UVF con-
sistently maintained top or near-top performance across
most datasets, including AWA, Reuters5, Reuters3, and
YoutubeFace, achieving 91.05%, 82.01%, 86.09%, and
86.38%, respectively.

In addition to accuracy, we also observe consistent im-
provements in other metrics such as precision, recall, and
F1-score across all datasets. These comprehensive gains
indicate that UVF not only improves the model’s over-
all correctness but also enhances its robustness in detect-
ing minority classes and handling class imbalance. For
example, on the Reuters5 dataset, UVF achieves an F1-
score of 82.08%, surpassing other methods by a consid-
erable margin, which suggests its strong discriminative
capability in complex real-world text scenarios.

Overall, the experimental results clearly demonstrate that
UVF provides a robust and effective solution for multi-view
classification, especially in scenarios where the views differ
in quality and relevance.

Further Analysis

Ablation Experiments. To comprehensively evaluate the
contribution of each component in the proposed UVF
framework, we perform ablation experiments by selectively
enabling the Differentiated Feature Selector (DFS), the
Strength-Guided Gating Strategy (SG), and the Uncertainty-
Guided Fusion Module (UG). The results on six datasets are
summarized in Table 3.

When DFS is added alone, the model performance im-
proves significantly. Specifically, the model performs bet-
ter with the DFS, achieving 89.69% on the AWA dataset,
which is significantly higher than the 82.27% without it.
Moreover, the integration of SG and DFS results in a 2.06%
accuracy gain on the VoxCeleb dataset. When DFS is used
in conjunction with UG, the model performance is further
improved. Specifically, the accuracy on the AWA dataset in-
creases from 89.69% to 90.98% when the UG is added.

These results verify the effectiveness and synergy of each
proposed module. Among them, DFS contributes the most
significant improvement, while SG and UG provide further
complementary gains when integrated together.

DFS SG UG\AWA NUS Reuters5 Reuters3 VoxCeleb YoutubeFace

X X x (82277213 7748 8323  90.06 84.58
X X v (82467299 77.84 8330  90.61 85.05
v X x(89.6974.48 80.59 84.65 91.17 85.59
vV v x[89.6974.66 81.07 8519 9324 85.59
vV X v (90987459 81.43 8551 9235 85.32
v v VvV ]91.0575.04 82.01 86.09 94.18 86.38

Table 3: Ablation results for different components.



Uncertainty-View Strength Consistency Validation. To
assess whether the uncertainty estimation accurately reflects
the relative strength of different views, we conduct a consis-
tency validation experiment. Specifically, for each view, we
compute two quantities:

 Single-view accuracy. The classification accuracy when
the model uses only the features from that view.
¢ Uncertainty fusion weight. The weight assigned to the

view during uncertainty-guided fusion, computed from
its uncertainty score.

Metric View 1 View 2 View 3 View 4 View 5

Accuracy (%) 41.29 38.86 57.37 67.07 81.11
Uncertainty Weight 0.13 0.12 0.17 0.19 0.39
Rank 4 5 3 2 1

Table 4: Comparison between single-view classification ac-
curacy and uncertainty-derived weights on Reuters5 dataset.

Intuitively, a stronger view (i.e., more informative and re-
liable) should achieve higher single-view accuracy and be
assigned a higher fusion weight (i.e., lower uncertainty).
Therefore, we compare the ranking of the views based on
their single-view accuracy with the ranking of their uncer-
tainty weights. As presented in Table 4, the results demon-
strate that views achieving higher single-view accuracy tend
to receive higher fusion weights through uncertainty-based
estimation. This suggests that the proposed uncertainty-
guided fusion mechanism is capable of reliably reflecting
the relative informativeness of each view. As shown in Ta-
ble 5, we also analyze how two uncertainty-based weighting
methods affect the model.

CU PU\AWA NUS Reuters5 Reuters3 VoxCeleb YoutubeFace

X % (89.6974.66 81.07 85.19 93.24 85.59
v’ x190.1774.83 81.30 85.09  93.82 85.69
X v'191.0474.72 81.88 85.68  94.12 85.71
v v |91.0575.04 82.01 86.09 94.18 86.38

Table 5: Effect of CU and PU in terms of accuracy.

Effectiveness of DFS on Single-View Classification. To
further validate the effectiveness of the Differentiated Fea-
ture Selector (DFS), we conduct a comparison experiment
under a single-view setting on the Reuters5. Specifically, we
evaluate the classification performance of each individual
view both with and without DFS applied. As shown in Fig. 3,
introducing DFS consistently improves the accuracy of each
view. Notably, the performance gains range from 1.22% to
3.54%, demonstrating that DFS effectively enhances view-
specific discriminative representation even when no cross-
view information is utilized.

DFS Output Visualization Analysis. To investigate how
the gating network selects features, we visualize its out-
put to understand the importance distribution learned by the
model. During inference, we collect the DES output values
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Figure 3: Effective analysis of DFS.

(after the sigmoid activation). We visualize these values us-
ing a heatmap, where each row represents a sample, and each
column corresponds to a feature. As shown in Fig. 4, the vi-
sualization results demonstrate that DFS prioritizes retaining
the majority of features from strong views by assigning them
relatively high weights, whereas for weak views, it conducts
adaptive feature selection to emphasize the most informative
feature.

View 5
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Figure 4: Visualization of DFS on YoutubeFace.

Conclusion

In this paper, we propose a novel framework, Uncertainty-
Guided View-Strength-Aware Feature Utilization for multi-
view classification tasks. The proposed method addresses
the challenge of unequal view quality by introducing three
key components: a Differentiated Feature Selector (DFS)
to capture view-specific discriminative features, a Strength-
Guided Gating Strategy (SG) to model and leverage the con-
tribution strength of each view, and an Uncertainty-Guided
Fusion Module (UG) to adaptively weight view information
based on cognitive and predictive uncertainty. By integrating
uncertainty estimation with strength-adaptive feature utiliza-
tion, our method offers a principled framework for robust
multi-view fusion and paves the way for further exploration
into uncertainty-aware fusion strategies.
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