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Figure 1 (Color online) Logarithmic distribution of the number of elements in a dataset.
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Table 1 Bandgap distribution of perovskite materials
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Figure 2 (Color online) Structure of channel attention mechanism.
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Figure 3 (Color online) Architecture of CNN-SE model.

F 2 CNN-SERHZZMZESH
Table 2 CNN-SE model network layer parameters

Dense

SENet

Layers Input channels Output channels Size of output features Kernel size
Conv2D 1 160 12x12 3x3
SENet 160 160 12x12 3x3
Pooling2D 160 320 6x6 3x3
Conv2D 320 320 6x6 3x3
SENet 320 320 6x6 3x3
Pooling2D 320 640 3x3 3x3
Dense 640 320 3x3 3x3
Dense 320 1 3x3 3x3
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Figure 4 (Color online) Comparison between predicted and true values by CNN-SE model. (a), (b) Results for the training set and the test set.
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Figure 5 (Color online) Pearson correlation coefficient heatmap of the top 10 features most correlated with bandgap.
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Figure 6 (Color online) The SHAP summary plot illustrates how each feature value influences the bandgap prediction. The X-axis represents the
SHAP value (feature contribution), and the Y-axis lists the feature names. Red indicates a high feature value, while blue indicates a low feature value.
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Figure 7 (Color online) Comparison of predicted results between the
CNN-SE model and baseline models.
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Figure 8 (Color online) Impact of attention mechanism on the importance of different features. The chart compares the SHAP values of each input
feature for the model with and without the attention mechanism. The percentage values above the bars represent the relative increase in the SHAP
value (the contribution to the model output) of each feature after introducing the attention mechanism.
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Table 5 Performance comparison of different models on single and double perovskite subsets
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A convolutional neural network model for predicting perovskite
bandgaps

WANG HongBo'? & ZHANG WeiBing'~
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Accurate prediction of bandgaps is a critical issue in the semiconductor field. This paper proposes a convolutional neural network
model incorporating a channel attention mechanism to achieve accurate and rapid bandgap prediction of perovskite materials. Based
on data of ABX;-type single perovskites and A,BB'X¢-type double perovskites, the model employs a dual-pooling parallel structure to
collaboratively extract both local extrema and global distribution information of features, and introduces a channel attention
mechanism to adaptively weight bandgap-related feature channels, thereby enhancing the recognition of key features. On the test set,
the model achieved strong predictive performance with R? = 0.917 and RMSE = 0.493 eV, significantly outperforming traditional
machine learning models such as XGBoost. When applied to an independent external test set, the model maintained a robust
generalization capability with R* = 0.936. Through interpretability analysis and ablation experiments, key features influencing the
bandgap, such as formation energy, B-site electronegativity, p-orbital valence electron count, and unfilled d-orbital electron count,
were further revealed. The effectiveness of the dual-pooling structure and the attention mechanism in improving model performance
was also validated. This study establishes an efficient and reliable bandgap prediction model for perovskites, providing theoretical
guidance and data support for the design and high-throughput screening of target-bandgap materials, which contributes to accelerating
the development of new materials.

perovskite, band gap, convolutional neural network, channel attention mechanism
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