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ABSTRACT: In doped two-dimensional nanomaterials, magnetism is one of the important physical properties. By
introducing foreign doping atoms or molecules, the electronic structure of the material can be effectively regulated,
leading to changes in magnetic behavior. Currently, magnetic property prediction has achieved considerable results
with the help of traditional CNNS, but there are still obvious limitations: (1) The feature extraction of dopant sites is
constrained by fixed receptive fields, making it difficult to characterize local structural perturbations in the vicinity
of dopant atoms and their spatial influence propagating to surrounding regions; (2) CNNs lack the capability to
model long-range dependencies between non-neighboring atoms and their chemical bonds, thereby weakening the
representation of long-range interactions within the material. In this study, we propose Multi-Scale and Attention
ConvNeXt (MSA-ConvNeXt) based on multi-scale convolution and attention mechanisms, which consists of the
following two core modules: (1) The Multi-scale Convolution Attention Block (MCAB), which models local structural
perturbations around dopant atoms and their spatial effects via parallel multi-scale convolutions. It uses a serial channel
and spatial attention mechanism to adaptively recalibrate multi-scale features, highlighting the response of doping
related regions and enhancing the ability to express dopant-site information; (2) The Visual Geometry Group-Swin
Transformer (VGG-Swin) architecture extracts structural features of dopant sites using VGG convolutions to prevent
the attenuation of structural information during global relationship modeling. Subsequently, the Swin Transformer is
introduced, which uses the self-attention mechanism to dynamically weight and globally associate features at different
spatial locations, in order to depict the long-range correlations between non-neighboring atoms and their chemical
bonds with the dopant-site. Experiments conducted on a doped two-dimensional nanomaterial dataset constructed
from the CMR database demonstrate that the proposed model outperforms existing methods in terms of accuracy and
Fl-score. Specifically, MSA-ConvNeXt achieves an accuracy of 91.66%, representing an improvement of 1.65% over the
next best model. In addition, all experimental results are averaged over multiple independent runs (with five different
random seeds), demonstrating the stability and reliability of the model’s performance. Ablation studies further validate
the effectiveness of each module design.

KEYWORDS: Doped two-dimensional nanomaterials; magnetic property prediction; multi-scale convolution;
attention mechanism; ConvNeXt

1 Introduction

With the continuous in-depth research on two-dimensional nanomaterials such as graphene, the quan-
tum confinement effect in low-dimensional systems has triggered the reconstruction of band structure and
exchange interactions, causing two-dimensional nanomaterials to exhibit unique properties in electronic,
optical, and magnetic aspects, thus becoming an important research direction in the field of materials
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science [1,2]. However, intrinsic two-dimensional nanomaterials typically exhibit low magnetic ordering
temperatures and limited magnetic anisotropy, which restricts their practical applications in magnetic
devices [3]. Therefore, effective magnetic control strategies are urgently needed.

Among various modulation strategies, doping is regarded as an efficient and highly designable mod-
ification approach [4,5]. By introducing foreign atoms to substitute lattice sites or occupy interstitial
positions, doping can alter the local electronic state distribution and exchange interactions, thereby achieving
precise tuning of magnetism [6]. Furthermore, distinct combinations of dopant species, concentrations,
and lattice sites significantly influence the magnetic properties of the material [7]. Traditional experimental
methods entail complex conditions and high costs during preparation and characterization, rendering them
inadequate to support large-scale trial-and-error screening [8,9].

Therefore, the efficient prediction of the magnetic properties of doped 2D nanomaterials has become
a critical issue for improving material design efficiency. Magnetism fundamentally relies on the inter-
actions between the local atomic environment and the overall structure, exhibiting complex non-linear
correlations [10]. In recent years, deep learning methods have been introduced into the field of material
property prediction [11,12]. Among these approaches, graph neural networks have made significant progress
in material property prediction by effectively modeling crystal structures based on atomic nodes and
their connectivity relations. Meanwhile, with the emergence of structural image datasets for doped two-
dimensional nanomaterials, data-driven prediction methods based on visual representations have also
attracted increasing attention. It offers a new perspective for magnetic property prediction through struc-
tural feature modeling. However, most existing studies directly migrate general-purpose visual network
architectures, lacking an inductive bias design specifically tailored to the structural characteristics of doped
2D nanomaterials. This makes it difficult to simultaneously characterize the local structural perturbations
induced by dopant sites and the overall long-range correlations of the material, thereby limiting the accuracy
of magnetic property prediction [13-18]. Specifically, on the one hand, traditional convolutional neural
networks employ kernels with fixed receptive fields, restricting their capacity for multi-scale information
modeling. In the structural image representation of doped 2D nanomaterials, it is challenging for them
to simultaneously capture the local structural perturbations in the vicinity of dopant atoms and their
propagating effects toward larger spatial scales [15,17]. On the other hand, although certain methods embed
attention mechanisms within convolutional modules to strengthen feature representation [18,19], they still
lack the capability to explicitly model long-range dependencies across different spatial regions, making it
difficult to adequately capture the structural correlations among non-neighboring atoms, their chemical
bonds, and the dopant sites.

To address the aforementioned issues, this paper constructs a four-stage progressive feature modeling
framework, achieving multi-level feature representation from local to global through a shallow-to-deep
structural design. The first three stages employ multi-scale convolutional structures to model the local
structural perturbations in the vicinity of dopant atoms and their effects across different spatial scales,
thereby enhancing the network’s perceptual capacity for multi-scale structural information. Subsequently,
in the high-level feature space of the fourth stage, a global dependency modeling module based on a self-
attention mechanism is introduced to explicitly characterize the long-range structural correlations among
different spatial regions, thereby achieving unified modeling of the coupling relationship between local
perturbations and the overall structure. Through this collaborative design of “local structure enhancement—
global relationship modeling,” the prediction of magnetic properties in doped 2D nanomaterials is realized.
The main contributions of this paper are summarized as follows:

«  We propose a multi-scale convolutional attention block (MCAB) to extract doping-related structural
information. It utilizes multiple depthwise separable convolution branches to capture local patterns at
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different scales, followed by adaptive fusion via learnable weights. Channel and spatial attention are
then applied to recalibrate key responses, enhancing the representation of structural features around
dopant sites.

o« We propose the VGG-Swin architecture, which achieves local structural pre-enhancement of
multi-scale features by introducing VGG convolutions prior to window attention. It utilizes the
hierarchical window self-attention mechanism of the Swin Transformer to model long-range structural
dependencies across different spatial regions. This effectively characterizes the correlations among non-
neighboring atoms, their chemical bonds, and dopant sites, elevating the discriminative capability of
the high-level feature space.

Based on the aforementioned modules, we construct the MSA-ConvNeXt model and systematically
validate it on the magnetic property prediction task for doped 2D nanomaterials. Experimental results
showed that the model achieved a prediction accuracy of 91.66%.

2 Related Works

Early research on material property prediction primarily relied on Graph Neural Networks (GNNs)
to explicitly model crystal structures. SchNet [20] encoded interatomic distances through continuous filter
convolutions, achieving effective prediction of molecular potential energy surfaces; CGCNN [11] extended
graph convolutions to the property prediction of crystalline materials; GATGNN [21] introduces a global
attention mechanism to enhance structural relationship modeling. ALIGNN [22] incorporates edge-level
information by jointly learning atom and bond graphs, improving the representation of complex structural
dependencies. These methods have made significant progress in atomic-level relationship modeling. With
the development of visual modeling technologies, some studies began mapping material structures into
continuous image representations to leverage the advantages of Convolutional Neural Networks (CNNs)
in spatial feature extraction. For instance, McNutt et al. [23] transformed the molecular docking problem
into an image recognition task; Takiguchi et al. [24] directly predicted the properties of single-molecule
magnets from molecular structures. Such methods can better preserve the continuous spatial distribution
characteristics of material structures and enhance the representational capacity for complex, non-linear
structure-property relationships. In the field of magnetic property prediction, Kovacs et al. [25] utilized
CNNs to model magnetic domain images, achieving the prediction of hysteresis performance and validating
the effectiveness of convolutional networks in magnetic structural image analysis. Talapatra et al. [26] further
directly regressed magnetic parameters from magnetic force microscopy images, exploring the mapping
relationship between visual features and magnetic responses. Zhang et al. [17] combined convolutional and
Transformer architectures to predict the magnetism of doped 2D materials, attempting to introduce global
relationship modeling on the basis of local feature extraction. These methods predominantly focus on local
feature extraction, and the synergistic modeling of dopant-induced local structural perturbations and overall
long-range structural correlations remains insufficient.

As the application of convolutional networks in material structural image modeling continues to
deepen, how to enhance multi-scale modeling capabilities while maintaining the advantages of local contin-
uous structural representation has become an important research direction. Compared to pure Transformer
architectures, convolutional networks possess a more stable inductive bias when processing material images
with continuous spatial distribution characteristics. Therefore, structural improvements based on modern
convolutional architectures have emerged as a viable pathway. ConvNeXt [27] enhances multi-scale feature
representation through designs such as large-kernel convolutions, inverted bottleneck structures, and
layer normalization; E-ConvNeXt [19] introduces cross-stage partial connections and channel attention
mechanisms to maintain high accuracy while reducing computational complexity, thereby further improving



4 Comput Mater Contin. 2026;88(3):13

the efficiency and representational capacity of the model. However, these variants are mainly designed
for natural images and are not specifically optimized for doped two-dimensional nanomaterials, especially
lacking a mechanism for jointly modeling local structural perturbations and long-range correlations.

To address the aforementioned deficiencies, this paper constructs the MSA-ConvNeXt model based
on a multi-scale convolution and attention fusion mechanism. This achieves fine-grained modeling of
structural details in the vicinity of dopant sites and their cross-scale diffusion effects, while simultaneously
strengthening the correlational representation among non-neighboring regions.

3 Materials and Methods
3.1 Data

The dataset used in this study is derived from a publicly available image dataset of doped two-
dimensional nanomaterials, which was constructed based on structural data from the Computational
Materials Repository (CMR) [28]. Zhang et al. [17] employed the Jmol-16.1 molecular visualization tool to
convert the structural data into images by rendering three-dimensional atomic coordinates into standardized
structural images, thereby establishing a two-dimensional material image database. Some example images
are shown in
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Figure 1: Images of two-dimensional nanomaterials with doping. Each image is named in three parts: the first part
represents the main element, the second part represents the doping element, the third part represents the doping
method, and additional numerical identifiers are used to distinguish repeated names.

To prevent data leakage, the dataset was first split at the level of original samples into training, validation,
and test sets with a ratio of 8:1:1. Data augmentation was applied only to the training set to improve the model’s
robustness to structural perturbations. The augmentation strategies included horizontal and vertical flipping,
rotation, affine transformation, mirror symmetry, Gaussian noise perturbation, brightness and contrast
adjustment, scaling, and translation. After preprocessing, the dataset contained a total of 12,760 structural
images, all of which were uniformly resized to a resolution of 500 x 500. The magnetic moments obtained
from the CMR database were used as labels, and the samples were divided into different magnetic categories
according to the range of magnetic moment values, thereby formulating a magnetic classification task.
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3.2 Training Settings

The MSA-ConvNeXt model constructed in this study adopts the main hyperparameter settings shown
in Table 1.

Table 1: Hyperparameter settings of the model.

Hyperparameter Value
Input channels 3 (RGB)
Stage depth configuration [3,3,9,3]
Kernel sizes of multi-branch convolutions 3x3/5x5/7x7
Drop rate of stochastic depth 0.3
Initial value for LayerScale 1x107¢
Window size 7
Number of attention heads 24
Label smoothing coeflicient (¢) 0.1
Batch size 32
Number of training epochs 300

To ensure the stability and reproducibility of the experimental results, the hardware and software
environments were uniformly configured. The specific configurations are listed in Table 2.

Table 2: Hardware and software environment settings.

Environment Configuration
Python 3.9
PyTorch 1.10.0
GPU NVIDIA Tesla V100
GPU memory 32GB
CPU 4 cores

To comprehensively and fairly evaluate model performance in multi-class tasks, Accuracy, Macro-
Precision, Macro-Recall, and Macro-F1 are adopted. All metrics are computed via macro-averaging to ensure
equal class weighting and mitigate class imbalance.

3.3 MSA-ConvNeXt Network

The proposed MSA-ConvNeXt model adopts a four-stage progressive feature extraction framework,
as shown in Fig. 2. The first three stages are equipped with the Multi-scale Convolution Attention Block
(MCAB), which consists of a Multi-Scale Local Feature Fusion (MSLFF) module and a Convolutional Block
Attention Module (CBAM). This design is intended to address the characteristic pattern in structural images
of doped two-dimensional nanomaterials, where local perturbations around dopant sites are pronounced
and their spatial influence gradually extends outward. Specifically, convolutional branches with different
scales are employed to characterize local structural information over different spatial ranges, while the
attention mechanism is introduced to enhance the representation of key responses in the fused multi-
scale features. In the fourth stage, a VGG-Swin (Visual Geometry Group-Swin Transformer) architecture
is introduced for global feature modeling. Local features are first strengthened by lightweight VGG-style



6 Comput Mater Contin. 2026;88(3):13

convolutions, and cross-region information interaction is then achieved through the Transformer, thereby
capturing long-range structural dependencies and global structural correlations.

stage 1 stage 2 stage 3 stage 4
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Figure 2: Overall architecture of the MSA-ConvNeXt model.

3.4 Multi-Scale Convolution and Attention Mechanism Module

To address the problem that structural images of doped two-dimensional nanomaterials exhibit local
perturbations at multiple scales and that a single receptive field cannot effectively capture structural features
over different spatial ranges, this study designs the MCAB. The block consists of the MSLFF and the CBAM.
By combining multi-scale feature extraction with attention guidance, MCAB emphasizes the characterization
of local perturbations around dopant sites and their spatial diffusion patterns, thereby enhancing the model’s
ability to represent local structural information.

Specifically, MSLFF employs three parallel depthwise separable convolution branches with kernel sizes
of 3x3,5x5, and 7 x 7 to extract structural features over different spatial receptive ranges, enabling the
network to capture both local perturbations and broader structural information within the same layer.

Fi=W*X, ke{3,57} Q)

To enable the network to adaptively select receptive fields, learnable parameters « = [a3, as, a7 ] are
introduced, and the fusion weights for each branch are obtained via the softmax function:
e’

S — )
Zje{3,5,7} e

The final multi-scale convolutional output is obtained by weighted fusion of the three branches:

Fysier = w3Fs + wsFs + w7 F5 (3)

After multi-scale feature extraction, channel attention and spatial attention mechanisms are introduced
to adaptively enhance the fused features. The channel attention module extracts channel-wise response
information through global average pooling and max pooling, and employs a multilayer perceptron to
model nonlinear dependencies among channels, thereby generating channel-level weights and strengthening
feature responses related to magnetic variations. The spatial attention module, in turn, applies average
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pooling and max pooling along the channel dimension, followed by a 7 x 7 convolution to generate the spatial
attention weight M;, thereby highlighting critical structural regions.

1 H W
avg,c p——— Xc ', . 4
Zavg HWZUZI (i, /) (4)
Zmax,c = max X (i, j) (5)
ij
F = [Fayg; Finax | e RZW (6)
M, = 0 (Convy,;(F)) e R"HW 7)

The cascaded design of the multi-scale depthwise convolution module and the CBAM attention
mechanism establishes a collaborative modeling scheme across structural hierarchies and spatial dimensions,
thereby enhancing the model’s ability to represent dopant-site information.

3.5 VGG-Swin Architecture

During the global structural modeling stage, the network adopts a VGG-Swin architecture to achieve
collaborative optimization of local detail enhancement and high-level relational modeling. This module first
applies lightweight convolutions to enhance local information in the input features, and then employs a self-
attention mechanism to model cross-region dependencies, thereby improving the model’s ability to jointly
represent local perturbations and global structural correlations in doped two-dimensional nanomaterials.
Specifically, a 3 x 3 convolution is first used to extract local structural information from the input features.
Subsequently, to ensure spatial consistency between the enhanced features and the original window features,
adaptive average pooling is applied to the output of the convolutional branch.

X, = AdaptiveAvgPool (Xvgg) (8)

On this basis, the aligned locally enhanced features are residually fused with the original input features.
The fused features are then fed into a self-attention module to model dependencies across spatial regions.
Finally, the features are further updated through residual connections and a feed-forward network.

A = Softmax ( (\2/12_; ) \% 9)

Y=(X+A)+MLP(X +A) (10)

This architecture enables the model to learn more stable and discriminative high-level feature represen-
tations by effectively integrating locally enhanced information with global relational information.

3.6 Definition of the Loss Function

During model training, cross-entropy loss with label smoothing was adopted as the optimization
objective. For the magnetic property prediction task of doped two-dimensional nanomaterials, the magnetic
categories of samples were obtained by discretizing the magnetic moments of materials into different value
ranges. Since the magnetic response of a material is jointly affected by factors such as dopant species, local
coordination environment, and structural distortion, different magnetic categories may exhibit a certain
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degree of similarity in the feature space. Therefore, a label smoothing strategy was introduced to improve
training stability and enhance the model’s robust discrimination among different magnetic categories.

C
L=-(1-¢)log(p,) - < Y- log(p:) (11)
i=1

where ¢ denotes the smoothing factor, C is the total number of classes, p; is the predicted probability for the
ith class, and y is the ground-truth class.

4 Results
4.1 Analysis of Experimental Results
4.1.1 Comparative Results and Discussion

This study selects the baseline model and several deep learning models for comparison, and the results
are presented in Table 3.

Table 3: Training results of magnetic property prediction for doped two-dimensional nanomaterials. Best results are in
bold, second best are underlined.

Model Optimization Loss Precision Recall F1-Score ACC
Momentum 1.0482 0.6323 0.5680 0.5919 0.8147
ConvNeXt SGD 1.0369 0.6626 0.5746 0.6067 0.8115
RMSProp 1.1412 0.6495 0.5549 0.5818 0.7519
AdamwW 1.0482 0.6683 0.6123 0.6362 0.8321
Momentum 0.6733 0.7273 0.7273 0.7273 0.8973
DenseNet SGD 0.7192 0.6909 0.6515 0.6706 0.8678
RMSProp 0.6238 0.6458 0.6212 0.6333 0.8337
AdamW 0.6772 0.6713 0.6704 0.6619 0.8581
Momentum 0.8168 0.6818 0.6212 0.6501 0.8683
ResNet50 SGD 0.5821 0.5802 0.5606 0.5702 0.8236
RMSProp 1.0696 0.6989 0.6515 0.6744 0.8727
AdamW 0.8487 0.7612 0.7799 0.7675 0.8635
Momentum 0.5775 0.6909 0.6515 0.6706 0.8616
Res2Net SGD 0.7089 0.2802 0.3333 0.3045 0.7622
RMSProp 0.5476 0.6818 0.6818 0.6818 0.8794
AdamW 0.8215 0.7069 0.7048 0.7055 0.8862
Momentum 1.0132 0.7045 0.6818 0.6930 0.8738
SGD 1.0387 0.6515 0.6515 0.6515 0.8515
ResNeXt
RMSProp 0.8795 0.7045 0.6818 0.6930 0.8895
AdamW 0.8183 0.6978 0.7188 0.7078 0.8917
Momentum 1.6550 0.0505 0.0909 0.0649 0.4095
Swin-Transformer SGD 1.6481 0.0505 0.0909 0.0649 0.4051
RMSProp 1.6611 0.0505 0.0909 0.0649 0.4051
AdamwW 1.6192 0.0505 0.0909 0.0649 0.4051
Momentum 11695 0.7907 0.7972 0.7893 0.8945
Swin-ResNet SGD 1.0875 0.8750 0.8848 0.8552 0.9001
RMSProp 1.1447 0.8741 0.8708 0.8578 0.8793
AdamW 1.1065 0.7116 0.7114 0.7093 0.8982

(Continued)
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Table 3 (continued)

Model Optimization Loss Precision Recall F1-Score ACC
Momentum  0.9340 0.7450 0.7137 0.7276 0.8689
SGD 0.9081 0.7352 0.8027 0.7544 0.8678

MSA- X
SA-ConvNeXt (ours) RMSProp 1.1939 0.6635 0.5798 0.6129 0.7811
AdamW 0.8008 0.8636 0.9202 0.8800 0.9166

Experimental results demonstrate that conventional convolutional neural networks achieve reasonable
performance under different optimizer settings. Compared with Swin-ResNet50, the proposed model
constructs a task-specific local-global collaborative modeling paradigm to capture the coexistence of local
structural perturbations and long-range structural correlations in doped two-dimensional nanomaterial
magnetic property prediction. Swin-ResNet50 enhances local feature extraction through a convolutional
backbone and models cross-region dependencies via the Swin Transformer, which alleviates the limitation
of pure Transformer models in capturing fine-grained local structures. However, its local representations
still rely on fixed-scale convolutional kernels, lacking explicit modeling of structural perturbations around
doping sites and their cross-scale propagation, and it does not perform targeted feature recalibration on
critical channels and spatial regions.

In contrast, MSA-ConvNeXt introduces a multi-scale convolutional attention module to adaptively
capture local structural features at different scales. In the global modeling stage, a VGG-Swin architecture is
incorporated to enhance cross-region dependency modeling, enabling global relationships to be established
upon more discriminative local representations. Under different optimizer settings, MSA-ConvNeXt consis-
tently achieves strong performance, reaching the highest accuracy of 0.9166 with the AdamW optimizer and
outperforming all comparative models. These results demonstrate the superior overall performance of the
proposed method for magnetic property prediction in doped two-dimensional nanomaterials.

4.1.2 Analysis of Accuracy and Loss Curves under Different Optimizers

To systematically evaluate the influence of different optimization algorithms on the training dynamics
of MSA-ConvNeXt, this section presents the validation accuracy and loss curves of four optimizers, namely
AdamW, SGD, Momentum, and RMSProp, over the training epochs, as shown in Fig. 3. The vertical axis
represents the validation accuracy and loss, while the horizontal axis denotes the training epochs.

— AdamW — AdamW

09 Momentum /

0 50 100 150 200 20 300 0 50 100 150 200 20 300
Epoch Epoch

(a) Validation ACC Curves under Four Optimizers (b) Validation Loss Curves under Four Optimizers

Figure 3: Validation ACC and loss curves of MSA-ConvNeXt.
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MSA-ConvNeXt introduces parallel multi-scale convolution branches and attention-based feature
recalibration, which creates strong collaborative optimization demands across different layers and branches.
AdamW effectively coordinates the learning of these modules through its adaptive update mechanism,
enabling early integration of multi-scale features and faster attention to magnetism-related structural regions.
Its faster accuracy improvement and loss reduction in the early stage indicate both strong convergence
capability and better compatibility with the proposed multi-scale convolution-attention design.

In comparison, SGD shows slower ACC improvement and loss reduction in the early stage, suggesting
limited update efficiency and a longer convergence process. Momentum exhibits relatively smooth curves,
indicating that the momentum term helps alleviate local oscillations, although its final performance remains
slightly lower than that of AdamW. RMSProp achieves rapid initial loss reduction but enters a plateau earlier
in the middle and late stages, indicating weaker sustained optimization ability. Considering convergence
speed, fluctuation characteristics, and final performance, AdamW was selected for subsequent experiments.

4.1.3 Comparison of the Convergence Characteristics of ConvNeXt and MSA-ConvNeXt

To further analyze the convergence behavior and generalization ability of MSA-ConvNeXt during
training, this section presents the ACC and loss curves of the training and validation sets for both the baseline
ConvNeXt model and MSA-ConvNeXt under the AdamW optimizer, as shown in Fig. 4.

— Trin

50 100 150 200 250 30 50 100 150 200 250 30
Epoch Epoch

(a) ACC Curves of the ConvNeXt Model (b) Loss Curves of the ConvNeXt Model

E) 100 150 200 250 30 E) 100 150 200 250 30
Epoch Epoch

(c) ACC Curves of the MSA-ConvNeXt Model (d) Loss Curves of the MSA-ConvNeXt Model
Figure 4: Comparison of the ACC and loss curves of ConvNeXt and MSA-ConvNeXt.

The ACC curves show that MSA-ConvNeXt achieves faster convergence and higher final classification
accuracy than the original ConvNeXt throughout training. In the early stage, the validation ACC of MSA-
ConvNeXt increases more rapidly, indicating that the multi-scale convolution design helps capture local
perturbations around dopant sites and their spatial diffusion patterns more effectively. Although both models
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exhibit fluctuations during the learning-rate adjustment stage, MSA-ConvNeXt recovers more quickly. In
the later stage, the gap between its training and validation curves remains within a reasonable range, with no
obvious overfitting, suggesting good generalization ability.

The loss curves further demonstrate that MSA-ConvNeXt exhibits a smoother and faster downward
trend, with both training and validation losses consistently lower than those of ConvNeXt. Overall, the multi-
scale feature extraction, attention-based feature enhancement, and global dependency modeling jointly
improve the model’s suitability for magnetic property prediction of doped two-dimensional nanomaterials.

4.2 Ablation Study of the MCAB Module

To systematically evaluate the functional position of the MCAB module within the network and its
impact on performance, this section introduces the MCAB module at different stages of the network while
maintaining the fourth-stage VGG-Swin global modeling structure unchanged. An ablation analysis is
conducted through stage-wise and cross-stage combinations, with the results presented in Table 4.

Table 4: Ablation study results of the MCAB module. Best results are in bold, second best are underlined.

Methods Accuracy
ConvNeXt 0.8321
Stage 1 0.8537
Stage 2 0.8635
Stage 3 0.8743
Stage1+2 0.8917
Stage 2 + 3 0.9047
MSA-ConvNeXt 0.9166

As can be observed from the experimental results, after introducing the MCAB module in any single
stage, the model accuracy improves compared to the baseline ConvNeXt (0.8321). When the MCAB is
introduced solely in the first stage, the accuracy increases to 0.8537; when introduced in the second and third
stages separately, the accuracy further improves to 0.8635 and 0.8743, respectively, demonstrating a trend
of gradual performance enhancement as the network hierarchy deepens. This phenomenon indicates that
with the elevation of the semantic level of features, the modeling capability of multi-scale convolution and
attention mechanisms for structural information progressively strengthens. Under cross-stage combination
configurations, the performance improvement is more pronounced. The Stage 1 + 2 combination achieves
0.8917, while the Stage 2 + 3 combination further elevates to 0.9047, which is approaching the performance
of the complete model. This suggests that middle- and high-level features play a more critical role in
semantic representation for the magnetic property prediction task of doped two-dimensional nanomaterials.
Multi-scale structural modeling and attention recalibration in the middle and high-level stages can more
effectively enhance the structural representations relevant to magnetic discrimination. When the MCAB
acts simultaneously on the shallow, middle, and deep stages, the model achieves optimal performance
(0.9166). This result demonstrates that although a single-stage introduction can yield stable gains, a multi-
stage synergistic configuration enables more comprehensive multi-scale structural modeling. This allows the
characterization of local structural perturbations and feature recalibration to form complementarities across
different levels, thereby further elevating overall prediction performance and model stability.
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4.3 Ablation Study of the VGG-Swin Architecture

To verify the role of the VGG-Swin architecture in global structural modeling, this section conducts
an ablation analysis on the innovations in the fourth stage of the model under the condition of keeping the
convolutional backbone structure unchanged. It compares the impact of different module configurations on
model performance, and the results are shown in Table 5. Here, Modell indicates that only the fourth stage
of the baseline model is replaced with the VGG-Swin architecture, while Model2 indicates that the MCAB
module is enabled in the first three stages and the ConvNeXt block in the fourth stage is retained.

Table 5: Ablation results of the VGG-Swin architecture. Best results are in bold, second best are underlined.

Methods Accuracy
ConvNeXt 0.8321
Modell 0.8657
Model2 0.9026
MSA-ConvNeXt 0.9166

As can be observed from the results in the table, the accuracy of the baseline ConvNeXt model
is 0.8321. When the VGG-Swin architecture is introduced only in the fourth stage (Modell), the model
accuracy increases to 0.8657, indicating that the global relationship modeling mechanism based on window
self-attention can to some extent enhance the model’s representational capacity for long-range structural
correlations. When the MCAB module is introduced only in the first three stages (Model2), the accuracy
improves to 0.9026, demonstrating that multi-scale convolution and the CBAM attention mechanism play
a more significant role in modeling local structural perturbations and can effectively enhance fine-grained
structural representations related to dopant sites. In the complete model (MSA-ConvNeXt), when both the
MCAB and VGG-Swin architecture are combined simultaneously, the model accuracy further improves to
0.9166, achieving optimal performance.

These results demonstrate that local multi-scale structural modeling and the global self-attention
mechanism are complementary in function. Their synergistic interaction constructs a more hierarchical
and discriminative structural representation, thereby elevating the overall magnetic property prediction
performance.

4.4 Ablation Study of Model Depth

To systematically verify the impact of depth allocation strategies at different stages on model perfor-
mance, this study adopts four representative depth variants based on the ConvNeXt backbone, including
an overall shallow structure (V1:Uniform-2), a uniformly deepened structure (V2:Uniform-3), a mid-stage
enhanced structure (V3:Stage-3-Enhanced), and the finally adopted MSA-ConvNeXt. By comparatively
analyzing the performance differences corresponding to various depth allocation methods, the importance of
middle- and high-level semantic modeling for predicting the magnetic properties of doped two-dimensional
nanomaterials can be further revealed, providing a theoretical basis for the design of the final backbone
structure. The results are presented in Table 6.

As can be seen from the results, with the increase in the overall depth of the network, the model
performance exhibits a steady upward trend. Compared to 0.8819 for the shallow structure V1, the accuracy of
V2, which uniformly deepens all stages, improves to 0.9014, indicating that increasing network capacity can
enhance feature representation capability. When more depth is further concentrated in the third stage to form
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V3, the accuracy improves to 0.9084, indicating that compared to uniform deepening, reinforcing middle-
and high-level features is more conducive to elevating semantic modeling capabilities in magnetic property
prediction. Middle-level features aid in aggregating local structural patterns and meso-scale configuration
information, while high-level features are more directly associated with the final magnetic discrimination
decision. Finally, building upon the reinforcement of middle-level and high-level depth and integrating the
multi-scale convolution attention module with the VGG-Swin global modeling mechanism, MSA-ConvNeXt
achieves the optimal performance of 0.9166. This demonstrates that combining staged depth allocation with
local-global synergistic modeling can further enhance the model’s representational capacity for the magnetic
structural features of doped two-dimensional nanomaterials.

Table 6: Impact of different depth allocations across stages on model performance. Best results are in bold, second best
are underlined.

Model Depths Configuration Accuracy
V1:Uniform-2 (2,2,2,2] 0.8819
V2:Uniform-3 (3,3,3,3] 0.9014

V3:Stage-3-Enhanced [2,2,6,2] 0.9084
MSA-ConvNeXt (3,3,9, 3] 0.9166

4.5 Visualization Analysis of Model Attention Mechanism

To further analyze the discriminative basis and interpretability of the proposed model, this study
conducts a visualization analysis of the attention responses of MSA-ConvNeXt. As illustrated in Fig. 5,
the input structural images of doped two-dimensional (2D) nanomaterials, their corresponding attention
heatmaps, and the overlay results are displayed. It can be observed that the high-response regions of the
model are primarily concentrated in the vicinity of dopant sites and their surrounding key structural units
rather than the background regions. This indicates that the model can adaptively focus on local structural
areas that potentially contribute to magnetic discrimination.

Input Image Overlay (Pred: 09)

Attention Heatmap

-
‘d
B .

Figure 5: Visualization of the model’s attention mechanism.

From a structural perspective, these visualization results reflect the reinforcement effect of the MCAB
module on local structural perturbations in the shallow and middle stages, while also demonstrating
the integration capability of the VGG-Swin architecture for cross-regional structural relationships in the
deep stages. Overall, the distribution of attention responses is consistent with the aforementioned ablation
experiments and quantitative comparison results, further supporting the rationality of multi-scale feature
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modeling and the global self-attention mechanism in the magnetic property prediction task of doped 2D
nanomaterials from the perspective of interpretability.

5 Conclusion

Magnetic property prediction of doped two-dimensional nanomaterials is important for the screening
and design of novel magnetic materials. To address the limitation of conventional convolutional neural
networks in jointly modeling local structural perturbations around dopant sites and long-range structural
correlations, this study proposes the MSA-ConvNeXt model. Experimental results show that the proposed
model achieves strong classification performance, reaching an accuracy of 91.66% and outperforming the
selected comparison models overall. Ablation studies further confirm the effectiveness of multi-scale feature
extraction, attention-based recalibration, and global relational modeling.

Nevertheless, several limitations remain. The current experiments are mainly conducted on a single
public dataset, and the generalization ability of the model still needs to be validated on more diverse data
sources and in more complex scenarios. In addition, model size, computational complexity, and inference
efficiency have not been systematically evaluated. Future work will focus on multi-source validation,
efficiency assessment, and physics-informed interpretability analysis to further improve the reliability and
applicability of the proposed model.
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