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Perovskite materials, characterized by their exceptional structural stability and compositional tunability, have emerged as
promising candidates for high dielectric breakdown strength (F}) applications. However, accurately predicting F}, remains
challenging due to the scarcity of experimental data and the high computational cost associated with traditional quantum
mechanical calculations. This study introduces a novel physics-informed framework that leverages soft labels for the
efficient prediction of F} in perovskite materials.

The proposed approach begins with the construction of a high-precision probability model for F}, prediction based on a
high-quality insulator dataset. This model is then transferred to the perovskite materials system, generating soft labels that
include both predicted values and associated uncertainty estimates. These soft labels, which quantify prediction
uncertainty, are critical for overcoming the data scarcity problem and allow for more reliable predictions in the absence of
abundant experimental labels. Using these soft labels, we then develop a supervised learning model that incorporates
confidence-weighted predictions. The model employs XGBoost, a gradient-boosting machine learning algorithm, which is
tailored with a custom loss function that prioritizes samples with higher confidence, resulting in improved model
robustness and accuracy. The model achieves an impressive R* value of 0.8952 on a validation set, demonstrating its
effectiveness in making reliable predictions with limited data.

Furthermore, we employ a symbolic regression approach to extract explicit mathematical expressions for the key features
influencing Fy,. This method, implemented through the PySR software package, generates concise, interpretable equations
that map the relationship between critical material descriptors and F,. These expressions are not only easy to interpret but
also facilitate fast predictions without the need for complex machine learning models, making them highly valuable for
large-scale screening of perovskite materials. The symbolic regression model also addresses the issue of noisy or uncertain
data by incorporating uncertainty guidance into the regression process, which improves the stability and accuracy of the
derived expressions.

Through this work, we identify the key structural and electronic features that significantly influence the dielectric
breakdown strength of perovskites, including the bond lengths, electronic structure, and lattice distortions. Our model
reveals that shorter B-X bond lengths and larger band gaps are associated with higher Fj, values, consistent with the
fundamental mechanisms of dielectric breakdown. The results from this study offer a highly scalable and transferable
methodology that can be applied to a broad range of material systems, providing a reliable framework for the high-
throughput screening of materials with superior dielectric properties.

Overall, the methodology presented in this paper not only addresses the challenges of data scarcity but also offers a
robust, interpretable, and computationally efficient model for the prediction of intrinsic material properties across different
material systems.

perovskite materials, intrinsic breakdown strength, soft-supervised modeling, physical interpretability
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