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Abstract

Pseudo-multiview learning improves classification by integrating complementary feature
representations, but its performance degrades as the number of psuedo-views increases
due to model collapse and ineffective feature scaling. This paper introduces a multiscale
grid architecture that extracts structured, scale-adaptive features to stabilize evidence
aggregation in pseudo-multiview learning. The proposed design enables efficient handling
of difficult classification scenarios by enforcing balanced multiscale representation and
reducing redundancy across psuedo-views. Extensive experiments on challenging real-
world datasets, including BreakHis (40×, 100×, 200×, 400×), Oxford-IIIT Pet, and Chest
X-ray, demonstrate consistent gains in accuracy and stability over the original pseudo-
multiview framework and other baseline models. The results confirm that grid-based
multiscale feature extraction provides a reliable means to enhance pseudo-multiview
learning, particularly in settings where prior methods struggled to generalize.
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1. Introduction
Image classification is a core problem in computer vision and serves as the foundation

for numerous downstream applications. Early approaches depended on handcrafted
descriptors such as scale-invariant feature transform (SIFT) [1], histogram of oriented
gradients (HOG) [2], and color-based statistics, paired with classical classifiers including
support vector machines (SVMs) [3] and k-nearest neighbors (k-NN) [4]. Although effective
for constrained tasks, these pipelines require extensive feature engineering and often fail to
capture complex visual structures.

Deep learning has reshaped image classification by enabling models to learn dis-
criminative representations directly from raw images. Convolutional neural networks
(CNNs) [5] and their large-scale variants such as EfficientNet [6], HorNet [7], ConvNeXt [8],
and MaxVit [9] have achieved substantial gains on benchmarks like ImageNet [10]. These
advances have established deep learning as the dominant framework across practical do-
mains, including medical image analysis, autonomous systems, and surveillance, where
high accuracy and generalization are essential.

Combining feature representations is a widely used strategy for improving classifica-
tion performance. Feature concatenation [11], in particular, remains a simple yet effective
method for aggregating complementary information extracted by deep models. However,
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this strategy can inflate model capacity and exacerbate the confidence calibration prob-
lem (CCP) [12], in which networks produce overconfident predictions that lack reliable
uncertainty estimates. To mitigate calibration issues, uncertainty-aware classification meth-
ods have been explored through Bayesian [13,14] and non-Bayesian [15,16] formulations.
Bayesian frameworks provide principled uncertainty quantification but incur high compu-
tational cost, while many non-Bayesian approaches support only single-view data, limiting
their applicability.

Standard neural classifiers rely on a softmax output, which provides normalized
scores but does not explicitly model uncertainty. Alternatively, the Dirichlet distribution
represents a probability density over the simplex and can encode both class evidence and
its associated uncertainty. Subjective logic [17], which builds on Dirichlet-based modeling,
offers a principled means to express belief, uncertainty, and prior knowledge within the
same analytical framework.

Pseudo-multiview learning [18] adopts subjective logic to integrate information from
multiple views by modeling each view with a variational Dirichlet distribution and fusing
them at the evidence level. This approach preserves uncertainty throughout the decision
process and avoids the drawbacks of direct feature or probability concatenation. While
effective, its computational burden increases as more psuedo-views are introduced, leading
to model collapse in difficult classification scenarios.

To address the above limitation, this work introduces a multiscale grid architecture
designed to extract structured, diverse features that stabilize pseudo-multiview evidence
fusion. The grid representation reduces redundancy across psuedo-views and mitigates the
collapse effects observed in prior frameworks. Extensive experiments on challenging real-
world datasets–including BreakHis at multiple magnification levels, Oxford-IIIT Pet, and
Chest X-ray–demonstrate substantial improvements in classification accuracy and stability.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 details the proposed multiscale grid-based pseudo-multiview learning method.
Section 4 reports experimental evaluations, and Section 5 concludes the paper.

2. Related Work
2.1. Multiview Learning

Multiview learning [19] is a machine learning paradigm in which multiple represen-
tations of the same underlying data are jointly exploited to enhance model performance.
Each view captures a distinct aspect of the data distribution, and integrating these comple-
mentary perspectives often leads to more reliable and expressive feature representations.
This paradigm has been successfully applied across diverse domains such as computer
vision, natural language processing, and bioinformatics, where heterogeneous information
sources are common.

A number of studies have explored different strategies for leveraging multiview infor-
mation. For example, Zhang et al. [20] introduce a multiview framework for Alzheimer’s
disease diagnosis that simultaneously models the relationships between features and class
labels while capturing higher-order dependencies across multiple kernel matrices. In com-
puter vision, new multiview models have been proposed to address scenarios where certain
views are missing or incomplete [21], enabling flexible fusion of partial information. In the
field of program analysis, Long et al. [22] develop a multiview graph-based representation
method that combines graph neural networks with multiview embedding techniques to
improve code understanding.

Multiview learning has also been actively studied in clustering applications. A series of
works by Liu et al. [23–25] propose methods for integrating incomplete clustering matrices
derived from partially observed views and address the challenge of selecting appropriate
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hyperparameters for unsupervised multiview settings. Additional contributions in this
direction [26,27] demonstrate that multiview information, when properly aggregated, can
significantly improve clustering quality in complex multi-source environments.

2.2. Uncertainty-Aware and Pseudo-Multiview Learning

Reliable uncertainty estimation plays a critical role in safety-critical applications, where
overconfident predictions may lead to incorrect decisions. Conventional deterministic
neural networks provide point estimates through softmax outputs but do not explicitly
quantify uncertainty [12]. To address this limitation, a variety of uncertainty-aware methods
have been developed.

Sampling-based approaches such as Monte Carlo Dropout [28] treat stochastic forward
passes as approximate Bayesian inference, offering a lightweight means of estimating pre-
dictive variance. Other methods incorporate uncertainty directly into the architecture—for
example, uncertainty-aware attention mechanisms [29] modulate feature importance using
confidence estimates, while evidential deep learning [30] models predictions as evidence for
a Dirichlet distribution, enabling the network to simultaneously infer belief and associated
uncertainty. Although effective, these approaches generally operate in single-view settings
and do not exploit complementary information across multiple feature perspectives.

Pseudo-multiview learning (PML) [18] extends uncertainty-aware modeling to a
multiview setting by generating multiple internal representations, or psuedo-views, from
a single input. Instead of concatenating features or combining class-probability outputs,
PML interprets non-negative evidence from each psuedo-view as parameters of a Dirichlet
distribution. Subjective logic is then used to map this evidence into belief and uncertainty,
and the final decision is obtained by fusing opinions through an averaging rule. This
formulation enables the model to down-weight unreliable views while emphasizing those
that provide stronger evidence.

Figure 1 shows the overall flow of PML, where the evidence for a given view is denoted
by ei. The corresponding Dirichlet parameter is computed as αi = 1 + ei. The opinion
ωi = {bi, ui, a} is then obtained using the following:

bi = ei/Si, (1)

ui = K/Si, (2)

where Si = ∑k ei(k) is the total evidence for the i-th view and K is the number of classes.
Here, bi denotes the belief, ui the uncertainty, and a the base rate. In the absence of prior
knowledge, a uniform base rate a = 1/K can be used. As psuedo-views are generated
simultaneously, their opinions are fused using the averaging rule. To illustrate the fusion
process (the last stage in Figure 1), Table 1 provides an example of fusing two opinions.
The fused belief for the first class (0.52) lies between the original beliefs (0.6 and 0.4),
and the fused uncertainty (0.24) also falls between the original uncertainties (0.2 and 0.3),
demonstrating that averaging fusion yields a consistent and uncertainty-aware combination
of the two inputs.

In the broader multiview learning literature, the idea of artificial view generation has
been actively explored to compensate for missing views or enrich representation diversity.
Contrastive learning methods such as SimCLR [31] create multiple augmented views of
the same sample to strengthen representation invariance. GAN-based view synthesis
frameworks [32] generate synthetic viewpoints to mimic unavailable camera angles or
modalities. Rotation-based artificial view augmentation has been proposed to improve
multiview embedding robustness [33]. In clustering, synthetic feature generation is em-
ployed to emulate incomplete or corrupted views [34]. These studies collectively highlight
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the benefits of leveraging constructed or transformed views when genuine multiview
observations are limited or partially missing.
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Figure 1. Illustration of pseudo-multiview learning.

Table 1. Summary of the opinion fusion process. A binary classification problem with two opinions
is considered.

Step Formula Example

Input ω1 = {b1, u1, a} b1 = {0.6, 0.2}, u1 = 0.2, a = {0.5, 0.5}
ω2 = {b2, u2, a} b2 = {0.4, 0.3}, u2 = 0.3

Evidence
conversion

r1(k) = W · b1(k)/u1 r1 = {6, 2}
r2(k) = W · b2(k)/u2 r2 = {2.67, 2}

W is a non-informative weight W = 2

Opinion
fusion

r∗(k) = [r1(k) + r2(k)]/2 r∗ = {4.33, 2}
S∗ = W + ∑k r∗(k) S∗ = 8.33
b∗(k) = r∗(k)/S∗ b∗ = {0.52, 0.24}

u∗(k) = W/S∗ u∗ = 0.24

Fused
opinion ω∗ = {b∗, u∗, a} b∗ = {0.52, 0.24}, u∗ = 0.24,

a = {0.5, 0.5}

Despite its advantages, conventional PML faces a scalability challenge. As the number
of psuedo-views increases, the dimensionality of the evidence space grows rapidly, result-
ing in large parameter counts and unstable optimization. Fully independent full-resolution
branches exacerbate this issue, often leading to convergence failures or degraded perfor-
mance on complex datasets, as demonstrated in Appendix A. Furthermore, conventional
PML does not include cross-branch information flow, limiting its ability to exploit shared
structure across views.

Grid-structured neural architectures have recently emerged as an effective mecha-
nism for organizing feature extraction across multiple spatial or semantic scales. Unlike
traditional sequential or parallel networks, grid-based models introduce structured lateral
and vertical connections that enable information to flow across scales while maintaining
computational efficiency. Such representations have been shown to facilitate deeper su-
pervision, improve gradient propagation, and enhance feature reuse. Examples include
MIRNet for image restoration [35], MGFNet for multimodal semantic segmentation [36],
and hierarchical multiscale feature fusion networks for medical image classification [37].
These approaches demonstrate that grid-based connectivity can effectively encode hierar-
chical relationships between feature maps, reduce redundancy, and stabilize optimization
in deep architectures.

These findings motivate the development of the proposed multiscale grid architecture.
By introducing structured interactions between psuedo-views and generating additional
views through multiscale downsampling rather than full-resolution replication, the pro-
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posed approach reduces parameter growth, stabilizes training, and provides a more reliable
foundation for uncertainty-aware multiview learning.

3. Proposed Method
Figure 2 illustrates the overall architecture (inspired by GridDehazeNet+ [38]) for

three psuedo-views. The model first extracts base-level features from the input using a
Pre-Processing Block (PPB) and then propagates these features through a grid of Residual
Dense Blocks (RDBs). Downsampling operators connect vertical branches, forming lower-
resolution psuedo-views, while lateral skip connections maintain information flow within
each resolution level. Each branch is followed by a Spatial-Channel Attention Block (SCAB)
to enhance discriminative feature learning. For each psuedo-view, the final features are
transformed into non-negative evidence vectors, which are mapped to Dirichlet opinions
and fused using subjective logic.

Let [B, C, H, W] denote the batch size, channel number, height, and width of the
feature maps in each psuedo-view. Given the input of [B, 3, 224, 224], the PPB produces
an initial feature map of size [B, 16, 224, 224] for the first row, which processes features
at full resolution. Meanwhile, the second and third rows apply downsampling to create
psuedo-views at [B, 16, 112, 112] and [B, 16, 56, 56], respectively. Each RDB refines features
through dense connections, and the SCAB applies attention mechanisms to enhance feature
quality. The size of each feature map is reduced as it passes through the grid, with the final
outputs for the three psuedo-views being [B, 16, 28, 28], [B, 16, 14, 14], and [B, 16, 7, 7]. These
features are then transformed into evidence vectors for classification, as discussed earlier
in Section 2.2.

The multiscale grid architecture enables the model to capture complementary infor-
mation across different resolutions while controlling parameter growth, thus addressing
the limitations of the conventional PML. The following subsections provide detailed de-
scriptions of each component in the architecture.

Input PPB RDB RDB RDB
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
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Figure 2. Overall architectural design of the proposed stability-enhanced pseudo-multiview learning
method for three psuedo-views. Conv@K3S1 denotes a convolutional layer with kernel size 3 × 3
and stride 1. The notation [B, C, H, W] denotes the batch size, channel number, height, and width.

3.1. Multiscale Grid Architecture

The multiscale grid consists of three rows corresponding to three psuedo-views and
three columns representing progressive feature refinement stages. The top row receives
full-resolution features from the PPB. Subsequent rows receive progressively downscaled
inputs via learnable downsamplers. This grid architecture offers three advantages:

• It creates a structured set of psuedo-views with controlled complexity.
• It reduces the number of parameters per view, mitigating the model collapse problem

observed in conventional PML.
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• It encourages multiscale feature complementarity that is beneficial for difficult classifi-
cation tasks.

Each node in the grid is an RDB, while the edges correspond to downsampling
connections. Details of these modules are shown in Figure 3.

Downsampler

Residual Dense Block (RDB)

+ +

Pre-Processing Block (PPB)

Conv@K3S1 Conv@K3S2 Addition+

Figure 3. Architectural designs of pre-processing, residual dense, and downsampler blocks. Connec-
tions are shown in different colors for ease of viewing.

3.2. Pre-Processing Block

The PPB (Figure 3, left) extracts shallow features from the input image and prepares
them for multiscale processing. It consists of a sequence of convolutional layers with kernel
size 3 × 3, each followed by a ReLU activation. A final residual addition stabilizes gradient
propagation and preserves low-frequency image structure. The PPB produces the initial
feature map for the top-left node of the grid.

3.3. Residual Dense Block

Each RDB (Figure 3, right) refines features through a series of densely connected
convolutional layers. Features from all preceding layers within the block are concatenated
before being passed to the next layer, enabling effective information reuse and improving
feature diversity. A local residual connection is applied from the block input to its output
to alleviate vanishing gradients and support deeper feature extraction. RDBs form the
fundamental processing units of the grid.

3.4. Downsampling for Multiscale View Generation

Downsampling modules connect vertically adjacent nodes in the grid (Figure 2). Each
downsampler applies a convolution-based reduction in spatial resolution, creating addi-
tional psuedo-views with substantially fewer parameters than full-resolution branches. By
generating views from downscaled features, this strategy enables the use of more psuedo-
views without causing memory overflow or convergence failure, directly addressing the
limitations described in Section 2.2.

3.5. Spatial-Channel Attention Block

To enhance discriminative feature representations, each branch passes through a
Spatial-Channel Attention Block (SCAB), as illustrated in Figure 4. The SCAB integrates
the following elements.

• The Channel Attention Block (CAB) applies global max and average pooling to esti-
mate channel-wise importance. A shared Multi-Layer Perceptron (MLP) infers channel
attention weights, which are applied via pixel-wise multiplication.

• The Spatial Attention Block (SAB) aggregates channel information via spatial max
and average pooling, followed by a convolutional filter to compute spatial attention
weights, which are also applied via pixel-wise multiplication.
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The SCAB performs channel and spatial attention to emphasize informative regions
and suppress background information, thus improving the quality of features fed into the
next RDB.

Max. Pooling

Avg. Pooling

×

MLP + S

Max. Pooling

Avg. Pooling

×

SC

Channel Attention Block (CAB)

Spatial Attention Block (SAB)

•••

•••

Conv@K3S1 MLP
Multi-Layer

Perceptron
C ConcatenationS Sigmoid×

Pixel-Wise

Multiplication

Spatial-Channel Attention Block (SCAB)

CAB

CAB

CAB

+ SAB

Figure 4. Architectural design of the Spatial-Channel Attention Block.

3.6. Evidence Extraction and Opinion Fusion

For each psuedo-view, the final feature tensor is transformed by a 1 × 1 convolution
layer with ReLU activation to produce a non-negative evidence vector ei. The corresponding
Dirichlet parameters are computed as αi = ei + 1. The Dirichlet strength Si = ∑k αi(k)
yields the belief and uncertainty components of the subjective logic opinion, detailed
as follows.

• Belief: bi(k) = ei(k)/Si

• Uncertainty: ui = K/Si

• Base rate: a = 1/K (uniform)

Opinions from all psuedo-views are fused using the averaging rule, which yields a
balanced and uncertainty-aware aggregated opinion. The maximum-belief class of the
fused opinion is taken as the final prediction.

The proposed multiscale grid architecture provides a principled solution to the scala-
bility limitations of the conventional PML. By forming psuedo-views through downscaled
feature branches and enforcing structured information flow via the grid topology, the model
avoids parameter explosion and training instability. The combination of PPB, RDB, down-
sampling, and SCAB enhances multiscale feature extraction while preserving subjective
logic-based uncertainty modeling.

3.7. Loss Function

Let xi denote the input image and yi the corresponding class label. The model gen-
erates N psuedo-views, each producing an evidence vector ei that is at the output of the
last RDB in each row. The evidence vectors are transformed into Dirichlet parameters
αi = ei + 1. The cross-entropy loss LCE is applied with an additional KL-divergence
regularization term LKL to encourage the model to produce well-calibrated uncertainty
estimates. The overall loss function is defined as follows:

L(xi, yi) =
N

∑
j=1

(
Lj

CE(xi, yi) + λLj
KL(xi, yi)

)
, (3)
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where λ is a hyperparameter that balances the two loss components. For the j-th psuedo-
view, the cross-entropy and KL-divergence losses are computed as follows:

LCE(xi, yi) =
K

∑
k=1

yi(k)(ψ(Si)− ψ(αi(k))), (4)

LKL(xi, yi) = log
Γ(θi)

Γ(K)∏K
k=1 Γ(αi(k))

+
K

∑
k=1

(αi(k)− 1)(ψ(αi(k))− ψ(θi)), (5)

where θi = ∑K
k=1 αi(k) is the total Dirichlet strength, Γ(·) is the gamma function, and ψ(·)

is the digamma function. Si and K are defined earlier in Section 2.2 as the total evidence
and the number of classes, respectively.

4. Experimental Results
4.1. Experimental Settings

The proposed multiscale grid architecture is evaluated on three real-world datasets
drawn from distinct application domains: microscopic pathology imaging (BreakHis [39]),
natural image categorization (Oxford-IIIT Pet [40]), and medical radiography (Chest
X-ray [41]). Training and testing the model separately on multiple datasets from distinct
domains is a commonly accepted way to evaluate the architectural generalizability of the
method [42,43]. It demonstrates that the proposed architecture adapts well to diverse visual
environments, even though it does not measure out-of-distribution performance. It is also
worth noting that the conventional PML exhibits limited performance on these datasets,
which further underscores the need for a more robust architecture.

The BreakHis dataset comprises 9109 breast tumor microscopy images collected from
82 patients. Images are provided at four magnification levels (40×, 100×, 200×, and 400×)
and are categorized into benign and malignant classes, offering a diverse set of examples
for binary classification under varying visual scales.

The Oxford-IIIT Pet dataset contains 37 fine-grained categories of cats and dogs, with
roughly 200 images per category. The dataset presents substantial intra-class variability
due to changes in pose, illumination, and appearance, making it a challenging benchmark
for evaluating feature discrimination ability.

The Chest X-ray dataset consists of 5863 pediatric radiographs labeled as either pneu-
monia or normal. Images were acquired as part of routine clinical practice at Guangzhou
Women and Children’s Medical Center. Low-quality scans were removed, and the annota-
tions were verified by multiple radiologists to ensure reliable diagnostic labels.

A five-fold cross-validation protocol is used in all evaluations. Hyperparameters
are selected using the Microsoft Neural Network Intelligence toolkit [44]. The learn-
ing rate is searched within the interval [10−4, 10−1], and batch sizes are drawn from
{8, 32, 64, 256, 512, 1024}. Training is terminated early if no improvement is observed
for ten consecutive epochs.

4.2. Comparison with Conventional Pseudo-Multivew Learning
4.2.1. Performance Comparison

To provide a direct comparison with the proposed model, the architecture illustrated
in Figure 5 is implemented. In this baseline, each branch operates independently, and no
cross-branch interactions are applied. All input images are resized to 224 × 224, allowing
experiments with two, three, and four psuedo-views.

Table 2 reports the AUC and ACC values for both the conventional PML and the
proposed model across all datasets. Several consistent patterns emerge. First, conventional
PML exhibits modest improvement when increasing the number of views from two to
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three, as additional branches introduce complementary feature perspectives. However,
when extended to four full-resolution branches, performance deteriorates due to the rapid
growth in model parameters. This behavior aligns with the known limitations of PML.
Its independent parallel branches lead to unstable optimization, slow convergence, and
degraded classification accuracy when the model becomes excessively large.
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Figure 5. Overall architectural design of the baseline model (the conventional PML) for three
psuedo-views.

Table 2. Performance comparison between conventional pseudo-multiview learning and the proposed
method. The best results are in bold.

Dataset Number
of Views

AUC ACC
Conventional Proposed Conventional Proposed

BreakHis
40×

2 0.590 ± 0.039 0.618 ± 0.037 0.622 ± 0.040 0.645 ± 0.038
3 0.611 ± 0.041 0.638 ± 0.037 0.634 ± 0.042 0.662 ± 0.036
4 0.565 ± 0.048 0.654 ± 0.035 0.598 ± 0.049 0.676 ± 0.034

BreakHis
100×

2 0.652 ± 0.047 0.672 ± 0.035 0.631 ± 0.072 0.651 ± 0.058
3 0.669 ± 0.044 0.685 ± 0.033 0.645 ± 0.067 0.668 ± 0.054
4 0.621 ± 0.051 0.701 ± 0.032 0.602 ± 0.073 0.683 ± 0.049

BreakHis
200×

2 0.688 ± 0.027 0.707 ± 0.031 0.641 ± 0.053 0.668 ± 0.045
3 0.703 ± 0.025 0.723 ± 0.028 0.654 ± 0.049 0.684 ± 0.042
4 0.656 ± 0.036 0.739 ± 0.026 0.612 ± 0.057 0.701 ± 0.040

BreakHis
400×

2 0.690 ± 0.032 0.711 ± 0.029 0.635 ± 0.029 0.662 ± 0.027
3 0.702 ± 0.030 0.726 ± 0.027 0.648 ± 0.031 0.676 ± 0.026
4 0.655 ± 0.038 0.741 ± 0.025 0.603 ± 0.038 0.694 ± 0.023

Oxford-
IIIT Pet

2 0.818 ± 0.022 0.832 ± 0.028 0.733 ± 0.029 0.751 ± 0.030
3 0.829 ± 0.020 0.845 ± 0.026 0.744 ± 0.027 0.764 ± 0.030
4 0.688 ± 0.047 0.861 ± 0.025 0.609 ± 0.033 0.778 ± 0.027

Chest
X-ray

2 0.917 ± 0.010 0.930 ± 0.012 0.869 ± 0.012 0.881 ± 0.013
3 0.924 ± 0.009 0.938 ± 0.010 0.875 ± 0.011 0.892 ± 0.010
4 0.683 ± 0.015 0.945 ± 0.018 0.599 ± 0.017 0.904 ± 0.012

In contrast, the proposed multiscale PML consistently demonstrates monotonic perfor-
mance gains when increasing the number of psuedo-views. The architectural elements of
the model-downsampled branches, the grid-structured topology, and the Spatial-Channel
Attention Modules allow new views to be introduced without inflating the parameter count.
As a result, the proposed method achieves superior accuracy and AUC across all view
counts and datasets.

In addition, Figure 6 provides insight into the convergence behavior of both models.
Across all datasets, the proposed method attains higher accuracy earlier in training and
stabilizes more rapidly than conventional PML. For example, on BreakHis 40× and 100×,
the proposed model reaches near-optimal performance within the first 20∼30 epochs,

https://doi.org/10.3390/math14061085

https://doi.org/10.3390/math14061085


Mathematics 2026, 14, 1085 10 of 19

whereas the conventional PML converges more slowly and exhibits larger fluctuations.
Similar trends appear in the Oxford-IIIT Pet and Chest X-ray datasets, where the proposed
method consistently demonstrates faster stabilization and higher accuracy at intermediate
epochs. These convergence plots highlight the benefits of multiscale feature integration and
cross-branch interactions, both of which contribute to a smoother optimization landscape
and more efficient training dynamics.

Overall, the empirical results confirm that the proposed multiscale grid architecture
not only overcomes the scalability limitations of conventional PML but also accelerates
convergence and enhances predictive performance. This improvement enables reliable
and efficient multiview learning even when the number of psuedo-views increases or the
dataset exhibits substantial intra-class variability.
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Figure 6. Model convergence on different real-world datasets. (a) BreakHis 40×; (b) BreakHis 100×;
(c) BreakHis 200×; (d) BreakHis 400×; (e) Oxford-IIIT Pet; (f) Chest X-ray.

4.2.2. Parameter Count Comparison

To quantify the computational advantages of the proposed multiscale grid architecture,
a comparison of the number of trainable parameters against the conventional PML model
under different numbers of psuedo-views is conducted. Table 3 summarizes the parameter
counts for both approaches when configured with two, three, and four views.

Table 3. Parameter count comparison between the conventional PML and the proposed method.

Number of Views PML Proposed Reduction Rate

2 269,812 266,042 1.40%
3 398,822 386,578 3.07%
4 527,832 505,834 4.17%

The results show that the proposed method consistently requires fewer parameters
than conventional PML. With two psuedo-views, the reduction is modest (1.40%), reflecting
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the structural similarity between the two-branch configurations. However, as the number
of views increases, the benefit becomes more pronounced. At three and four views, the
proposed architecture achieves parameter reductions of 3.07% and 4.17%, respectively.
In conventional PML, each additional psuedo-view introduces a full-resolution branch
with no cross-scale connections, leading to near-linear parameter growth. In contrast, the
proposed method constructs additional psuedo-views through multiscale downsampling
within a grid topology, allowing lower-resolution branches to reuse upstream features and
avoid duplicating full feature extractors.

These reductions, while moderate in absolute magnitude, have two important im-
plications. First, they directly contribute to the improved training stability by preventing
parameter explosion as the number of views increases. Second, they demonstrate that the
multiscale grid architecture provides a more efficient representation strategy, enabling the
integration of multiple psuedo-views without incurring the prohibitive computational cost
associated with conventional PML.

Overall, the comparison confirms that the proposed method offers a more scalable and
computationally efficient framework for pseudo-multiview learning, particularly when the
number of views is increased.

4.3. Comparison with Uncertainty-Aware Methods

To further evaluate the effectiveness of the proposed multiscale PML framework, a
comparison against three widely used uncertainty-aware classification methods—Monte
Carlo Dropout (MCDO) [28], uncertainty-aware attention (UA) [29] and evidential deep
learning (EDL) [30]—is conducted. These methods serve as strong baselines in uncertainty
modeling and have been applied extensively in safety-critical applications. All three
approaches operate in a single-view setting and are implemented on top of the first branch
of the architecture in Figure 2 to ensure a fair comparison. By contrast, both the conventional
PML and the proposed method use two psuedo-views.

MCDO estimates predictive uncertainty by performing multiple stochastic forward
passes with dropout activated at inference time, providing a lightweight approximation to
Bayesian inference. UA incorporates uncertainty information directly into the attention
mechanism to highlight reliable features and suppress ambiguous regions. EDL models
predictions as evidence for a Dirichlet distribution, enabling simultaneous estimation of
belief and uncertainty without relying on sampling. Together, these methods represent the
dominant strategies for uncertainty-aware deep learning.

Table 4 summarizes the AUC and ACC values achieved by all approaches across the
BreakHis, Oxford-IIIT Pet, and Chest X-ray datasets.

Table 4. Performance comparison between uncertainty-aware approaches and the proposed method.
The best results are in bold.

Metric Dataset MCDO UA EDL PML Proposed

AUC
BreakHis

40× 0.567 ± 0.033 0.582 ± 0.029 0.585 ± 0.028 0.590 ± 0.039 0.618 ± 0.037
100× 0.604 ± 0.030 0.626 ± 0.028 0.637 ± 0.026 0.652 ± 0.047 0.672 ± 0.035
200× 0.671 ± 0.027 0.687 ± 0.023 0.694 ± 0.021 0.688 ± 0.027 0.707 ± 0.031
400× 0.650 ± 0.034 0.671 ± 0.032 0.683 ± 0.030 0.690 ± 0.032 0.711 ± 0.029

Oxford-IIIT Pet 0.781 ± 0.025 0.801 ± 0.020 0.808 ± 0.019 0.818 ± 0.022 0.832 ± 0.028
Chest X-ray 0.891 ± 0.011 0.905 ± 0.009 0.913 ± 0.009 0.917 ± 0.010 0.930 ± 0.012

ACC
BreakHis

40× 0.586 ± 0.027 0.605 ± 0.024 0.616 ± 0.022 0.622 ± 0.040 0.645 ± 0.038
100× 0.597 ± 0.026 0.612 ± 0.024 0.625 ± 0.025 0.631 ± 0.072 0.651 ± 0.058
200× 0.602 ± 0.025 0.620 ± 0.022 0.631 ± 0.021 0.641 ± 0.053 0.668 ± 0.045
400× 0.599 ± 0.028 0.616 ± 0.025 0.629 ± 0.023 0.635 ± 0.029 0.662 ± 0.027

Oxford-IIIT Pet 0.688 ± 0.025 0.712 ± 0.020 0.720 ± 0.018 0.733 ± 0.029 0.751 ± 0.030
Chest X-ray 0.833 ± 0.015 0.850 ± 0.014 0.861 ± 0.013 0.869 ± 0.012 0.881 ± 0.013
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Several consistent observations emerge from Table 4. First, among the three single-view
uncertainty-aware methods, EDL generally delivers the strongest overall performance,
followed by UA and then MCDO. This observation aligns with the expected behavior.
EDL benefits from explicit evidence modeling, while MCDO relies on sampling-based
approximations that tend to produce higher variance.

Second, conventional PML achieves competitive results relative to these baselines,
particularly on datasets with moderate complexity. However, as it uses two independent
full-resolution branches, its representational capacity is limited by parameter growth and
the lack of cross-branch interactions.

Most importantly, the proposed multiscale PML consistently outperforms all bench-
mark methods across every dataset and evaluation metric. The improvement is particularly
notable on the BreakHis dataset, where multiscale visual characteristics are critical for
accurate prediction. For example, at 40× magnification, the proposed method raises AUC
from 0.590 (PML) and 0.567 (MCDO) to 0.618, while similar gains are observed in accu-
racy. Substantial improvements are also seen at higher magnifications, where conventional
methods tend to struggle due to the variability of fine-grained tissue structures.

On the Oxford-IIIT Pet dataset, the proposed model reaches an AUC of 0.832, outper-
forming EDL (0.808) and UA (0.801). The advantage persists on the Chest X-ray dataset,
where the proposed approach achieves the highest AUC (0.930) and ACC (0.881), demon-
strating its superiority over benchmark methods.

These results highlight two key strengths of the proposed approach. First, the mul-
tiscale grid architecture enables the extraction of complementary features at different
resolutions, improving the expressiveness of the model relative to single-view baselines.
Second, subjective-logic-based fusion provides a stable mechanism for combining multi-
scale evidence while preserving uncertainty, allowing the model to down-weight unreliable
psuedo-views and enhance overall prediction reliability.

Overall, the proposed method achieves the best performance among all evaluated
uncertainty-aware techniques, confirming the advantage of combining multiscale feature
extraction with principled opinion fusion under subjective logic.

4.4. Ablation Study
4.4.1. Multiscale Grid Architecture

To analyze the contribution of individual components within the proposed multi-
scale grid architecture, an ablation study is conducted, focusing on two key modules:
the downsampler and the Spatial-Channel Attention Block (SCAB). Four configurations
are evaluated:

• the baseline model without downsampler and SCAB;
• downsampler only (SCABs are replaced with addition operations);
• SCAB only (downsamplers are replaced with identity operations);
• the full model incorporating both modules.

The results are summarized in Table 5. Across all datasets, the baseline configuration
exhibits the lowest AUC and ACC values, reflecting the limitations of conventional PML
where each full-resolution branch operates independently and lacks structured multiscale
interactions. Introducing the downsampler alone yields only minor improvements. This
behavior is expected, as multiscale features provide additional complementary information,
but without SCAB the model cannot fully exploit cross-scale dependencies or emphasize
salient regions. The incremental improvements observed in this setting confirm that
downsampling by itself is insufficient to substantially enhance feature quality.

In contrast, enabling SCAB alone leads to a clear performance gain on every dataset.
SCAB’s spatial and channel attention mechanisms strengthen informative features and
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suppress background noise, allowing the model to generate higher-quality features. The
improvements in both AUC and ACC demonstrate that attention plays a central role in
enhancing the discriminative power of psuedo-views.

The full configuration, which combines downsampling and SCAB within the grid,
consistently achieves the highest performance. This result confirms that SCAB benefits
significantly from the multiscale feature hierarchy created by the downsampler. The grid
arrangement allows information to flow across resolution levels, enabling SCAB to operate
on richer and more diverse feature sets. As a result, the full model attains superior accuracy
and stability across all datasets, validating the design of the proposed architecture.

Table 5. Effect of downsampler and SCAB on AUC and ACC across all datasets. The best results
are in bold.

Dataset Downsampler SCAB Metric
AUC ACC

BreakHis

40×
✓ ✓ 0.618 ± 0.037 0.645 ± 0.038
✓ 0.594 ± 0.039 0.624 ± 0.040

✓ 0.610 ± 0.038 0.639 ± 0.039
0.590 ± 0.039 0.622 ± 0.040

100×
✓ ✓ 0.672 ± 0.035 0.651 ± 0.058
✓ 0.655 ± 0.046 0.633 ± 0.070

✓ 0.666 ± 0.039 0.646 ± 0.064
0.652 ± 0.047 0.631 ± 0.072

200×
✓ ✓ 0.707 ± 0.031 0.668 ± 0.045
✓ 0.691 ± 0.027 0.643 ± 0.052

✓ 0.700 ± 0.029 0.660 ± 0.049
0.688 ± 0.027 0.641 ± 0.053

400×
✓ ✓ 0.711 ± 0.029 0.662 ± 0.027
✓ 0.693 ± 0.032 0.637 ± 0.029

✓ 0.703 ± 0.030 0.653 ± 0.028
0.690 ± 0.032 0.635 ± 0.029

Oxford-IIIT Pet

✓ ✓ 0.832 ± 0.028 0.751 ± 0.030
✓ 0.821 ± 0.023 0.736 ± 0.029

✓ 0.828 ± 0.026 0.746 ± 0.029
0.818 ± 0.022 0.733 ± 0.029

Chest X-ray

✓ ✓ 0.930 ± 0.012 0.881 ± 0.013
✓ 0.919 ± 0.010 0.871 ± 0.012

✓ 0.926 ± 0.011 0.878 ± 0.013
0.917 ± 0.010 0.869 ± 0.012

4.4.2. Uncertainty Threshold

The proposed method produces a subjective logic opinion for each psuedo-view,
allowing the final prediction to be filtered by an uncertainty threshold. A prediction is
accepted only when its fused uncertainty falls below a predefined value. This mechanism
enables the model to reject low-confidence predictions and potentially improve reliability.
To study the effect of this threshold, the proposed method is evaluated on the BreakHis
(40×, 100×, 200×, and 400×), Oxford-IIIT Pet, and Chest X-ray datasets under seven
uncertainty thresholds: 0.0, 0.2, 0.4, 0.5, 0.6, 0.8, and 1.0.

Figure 7 illustrates the mean accuracy and AUC, along with their variances, across
all datasets. Both metrics exhibit consistent behavior as the threshold varies. When the
threshold is set to a very large value (0.8 or 1.0), the model accepts nearly all predictions–
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including highly uncertain ones–and therefore yields slightly lower accuracy and AUC. As
the threshold decreases, both metrics improve because ambiguous samples are gradually
excluded from evaluation. In the mid-range (0.4∼0.6), the curves for accuracy and AUC
stabilize for all datasets, indicating that the model has filtered out most of the unreliable
predictions while still retaining a sufficiently large number of samples.
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Figure 7. Classification performance on different real-world datasets with varying uncertainty
thresholds. (a) BreakHis 40×; (b) BreakHis 100×; (c) BreakHis 200×; (d) BreakHis 400×; (e) Oxford-
IIIT Pet; (f) Chest X-ray.

For example, BreakHis 40× shows a rise in AUC from 0.596 at threshold 1.0 to 0.618 at
threshold 0.5, accompanied by an accuracy increase from 0.623 to 0.645. Similar improve-
ments are observed in the BreakHis 100×, 200×, and 400× subsets, as well as in Oxford-IIIT
Pet and Chest X-ray. The latter dataset, which exhibits lower inherent uncertainty, shows a
modest but consistent improvement in both metrics as the threshold decreases.

Although thresholds lower than 0.5, such as 0.2 and 0.0, continue to increase accuracy
and AUC, these gains come at the cost of discarding a larger portion of the test predictions.
Such aggressive filtering reduces evaluation coverage and biases the reported metrics
toward only the easiest samples. Conversely, thresholds higher than 0.5 retain too many
unreliable predictions and lead to suboptimal performance.

Considering these observations, the threshold of 0.5 is selected for all experiments in
this paper because it reprsents a balanced point:

• it preserves most test samples;
• it delivers strong and stable performance across all datasets;
• it avoids the coverage loss and evaluation bias associated with overly strict thresholds.

4.4.3. Robustness to Noisy Input

To assess the robustness of the proposed model under degraded input conditions, an
ablation study where one of the two psuedo-views is corrupted with Gaussian noise of
zero mean and standard deviation ranging from 0 to 109 is conducted. The experiment is
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performed on conventional PML, the proposed multiscale PML (both with two psuedo-
views), and three single-view uncertainty-aware baselines: MCDO, UA, and EDL. For the
proposed method, two scenarios are tested:

• noise applied to the top branch;
• noise applied to the bottom branch.

In the multiscale grid architecture, the top branch influences all lower branches,
whereas the bottom branch cannot affect the upper-level view.

Figure 8 presents the mean accuracy and variance across the BreakHis (40×, 100×,
200×, 400×), Oxford-IIIT Pet, and Chest X-ray datasets. All models perform well when
the input is clean (σ = 0). However, as the noise level increases, the differences among
methods become increasingly pronounced.
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Figure 8. Classification accuracy on different real-world datasets with varying noise levels.
(a) BreakHis 40×; (b) BreakHis 100×; (c) BreakHis 200×; (d) BreakHis 400×; (e) Oxford-IIIT Pet;
(f) Chest X-ray.

Comparison with Single-View Methods: The single-view baselines (MCDO, UA, and
EDL) degrade rapidly under noise. MCDO shows the steepest decline, consistent with its
known sensitivity to input corruption. For example, on BreakHis 40×, its accuracy drops
from 0.586 at σ = 0 to 0.458 at σ = 1 and further to 0.378 at σ = 102. UA exhibits slightly
better noise tolerance, while EDL offers the strongest robustness among the three, thanks
to its evidence-based modeling. Nevertheless, all single-view methods suffer substantial
performance degradation as noise level increases because they rely solely on one noisy
feature stream.

Comparison with Conventional PML: Conventional PML is more robust than single-
view methods at low noise levels due to its multiview design, but its independent branches
limit its resilience to extreme noise. When one branch is corrupted, the unaffected branch
provides partial compensation, but the absence of cross-scale interaction prevents the
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model from redistributing reliable evidence effectively. For example, on BreakHis 200×,
conventional PML drops from 0.641 at σ = 0 to 0.604 at σ = 102 and 0.546 at σ = 104.

Proposed Method (Bottom-Branch Noise): When noise is applied to the bottom
branch of the proposed method, the upper branch remains intact and continues to dominate
the fused opinion. As a result, the model achieves significantly better performance than
conventional PML and all single-view baselines. For example, on BreakHis 200×, the
bottom-noisy curve decreases from 0.668 (σ = 0) to 0.628 (σ = 102), which is higher than
the conventional PML’s 0.604, UA’s 0.453, and MCDO’s 0.425 at the same noise level. This
result demonstrates the advantage of the multiscale grid architecture: noise affecting a
low-resolution view can be compensated for by clean high-resolution evidence.

Proposed Method (Top-Branch Noise): When noise corrupts the top branch, the
proposed method exhibits a clear limitation. As the architecture propagates information
downward through cross-branch interactions, noise introduced at the highest-resolution
branch affects all subsequent views. Consequently, the accuracy deteriorates more sharply
than in the bottom-noisy case and may fall below that of conventional PML at higher noise
levels. For example, on BreakHis 400×, the top-noisy accuracy drops from 0.662 at σ = 0 to
0.463 at σ = 103, whereas conventional PML remains higher at 0.596. This result confirms
that the strong coupling between branches, while beneficial in clean settings, makes the
system vulnerable to corruption of the top-level features.

Summary: The proposed method delivers superior performance under noisy input
conditions when the corruption is applied to the bottom branch, outperforming conven-
tional PML and all single-view uncertainty-aware baselines across datasets and noise levels.
However, when the top branch is corrupted, the noise propagates to all lower branches,
revealing a structural limitation of the multiscale grid architecture. This trade-off highlights
the importance of designing noise-resilient cross-branch interactions and motivates future
exploration of selective or gated information flow mechanisms.

5. Conclusions
This paper introduced a multiscale grid architecture for pseudo-multiview learning

(PML), designed to address the scalability and training stability limitations of conventional
PML. By constructing additional psuedo-views through multiscale downsampling and
enabling structured cross-branch interactions, the proposed framework extracts comple-
mentary features more effectively while controlling parameter growth. Combined with
subjective-logic-based opinion fusion, the method offers a principled mechanism for inte-
grating evidence across psuedo-views in an uncertainty-aware manner.

Comprehensive experiments on three datasets from distinct domains—BreakHis for
microscopic pathology imaging, Oxford-IIIT Pet for natural-image fine-grained classifi-
cation, and Chest X-ray for medical radiography—demonstrate that the proposed model
achieves consistently higher AUC and accuracy than conventional PML and single-view
uncertainty-aware baselines such as Monte Carlo Dropout, uncertainty-aware attention,
and evidential deep learning. The model converges more rapidly during training, exhibits
more stable optimization behavior, and achieves measurable reductions in parameter count
as the number of psuedo-views increases. Ablation studies further show that both the
downsampling mechanism and the Spatial-Channel Attention Block (SCAB) contribute to
performance improvements, with SCAB providing the most significant gains.

The noise-sensitivity study highlights both the strengths and limitations of the pro-
posed architecture. When noise affects lower-resolution branches, the multiscale design
suppresses its impact and preserves performance. However, noise injected into the highest-
resolution branch propagates downward through the grid and degrades all psuedo-views,
revealing a structural vulnerability associated with top-down feature coupling.
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Overall, the proposed multiscale grid architecture provides an effective and efficient
refinement of pseudo-multiview learning, offering improved stability, convergence, and per-
formance across diverse datasets. Future work will explore selective or gated cross-branch
connections to mitigate noise propagation, develop adaptive view-weighting mechanisms,
and extend the framework to additional domains and modalities.
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Appendix A
In pseudo-multiview learning (PML), adding more views increases the dimensionality

of the evidence representations and leads to substantial growth in the number of trainable
parameters. As a result, training becomes unstable when the number of views becomes too
large. This limitation is demonstrated on the Oxford-IIIT Pet dataset [40] by varying the
number of psuedo-views from two to six. Assessment metrics include Receiver Operating
Characteristic Area Under the Curve (AUC) and Accuracy (ACC). Figure A1 illustrates the
architectural design of the model used in this experiment for two views, where B denotes
the batch size. The same architecture is used for three to six views, with additional branches
of [B, 28, 112, 112] added in a similar manner.

Table A1 shows that performance improves from two to four views due to increased
feature diversity, but accuracy decreases when using five and six views, indicating that the
model fails to converge reliably under the expanded parameter space. Training models
with seven or more views results in out-of-memory errors, showing that naive scaling of
PML is not feasible.

Table A1. Model performance on the Oxford-IIIT Pet dataset for different numbers of psuedo-views.

Number of Views AUC ACC

2 0.808 ± 0.029 0.725 ± 0.033
3 0.821 ± 0.031 0.739 ± 0.035
4 0.832 ± 0.028 0.751 ± 0.030
5 0.641 ± 0.037 0.562 ± 0.041
6 0.609 ± 0.045 0.523 ± 0.048
≥7 Out of memory
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Figure A1. Architectural design of the model in the pseudo-view-varying experiment, where the
[B, C, H, W] notation denotes the batch size, channel number, height, and width, respectively.
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