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Figure 1 (Color online) Factors affecting the stability of perovskite solar cells. (a) Electronic structure of ideal ABX; perovskite!'!); (b) oxygen
oxidation of Sn** to Sn*"'?; (c) phase separation caused by uneven mixing ratio!"’); (d) interface recombination process of carriers within the solar
cell™; (e) two-stage degradation process of perovskite solar cells under continuous ultraviolet light irradiation!"); (f) stress relief scheme for perovskite

layers based on nano-NC-PEDOT:PSS and PEDOT:PSS structures*”
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Figure 2 (Color online) Al-regulated stability of perovskite solar cells in terms of material component screening: schematic diagram of predicting

novel perovskite frameworks via the combination of ML and DFT*?!
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Figure 3 (Color online) Al-regulated stability of perovskite solar cells in terms of material composition optimization. (a) Neural network-based
prediction of halide perovskite phase diagrams with the Gibbs free energy of phase separation as the target property®; (b) perovskites with a band gap
of 1.7 and 1.8 eV in the predicted phase diagram (distribution)”’; (c) predicted optimal 1.7 eV perovskite; (d) NMF-ML analysis chart**!
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Figure 4 (Color online) Al regulation of the stability of perovskite solar cells in terms of interface engineering and defect regulation. (a) Schematic
diagram of interfacial charge transfer in perovskite solar cells®®”); (b) comparison between predicted values and actual values of the random forest model
on the training set and test set®”; (c) SHAP summary plot of current-voltage (I-V) characteristics obtained via the random forest regression algorithm
and SHAP analysis'*”; (d) screening results of dominant impurities for 9 types of MAPbX; compounds*?; (e) defect formation energy (AE)) of IPb

antisite defects when various anionic ligands used for passivation are substituted at the halogen anion site”; () scatter plot of ML-predicted values and
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Perovskite solar cells (PSCs) have rapidly emerged as a promising candidate for next-generation photovoltaic technologies
due to their high power-conversion efficiency, low-temperature solution processability, and compatibility with lightweight
and flexible device architectures. To date, the certified efficiency of single-junction PSCs has exceeded 27%, while
perovskite/silicon tandem devices have surpassed 34%. Despite these advances, long-term operational stability under realistic
working conditions remains the primary barrier to large-scale commercialization.

The stability of PSCs is governed by complex and strongly coupled interactions between intrinsic material properties and
external stress factors. Intrinsic factors include crystal composition, phase stability, defect chemistry, and interfacial
characteristics, while extrinsic stressors involve illumination, heat, electric fields, moisture, oxygen, and mechanical
deformation. The resulting high-dimensional parameter space renders conventional trial-and-error optimization approaches
highly inefficient.

Machine learning (ML), as a key branch of artificial intelligence (AI), has recently emerged as a powerful tool for data-
driven materials and device design targeting stability optimization. In this review, we summarize Al-assisted strategies to
enhance PSC stability from four complementary perspectives: (i) materials component screening, (ii) composition
optimization, (iii) interface engineering, and (iv) defect control using density functional theory (DFT) and molecular dynamics
(MD)-based modeling.

For materials screening, we review the integration of high-throughput first-principles calculations with ML models to
explore the vast chemical space of ABX; perovskites, double perovskites, and two-dimensional perovskites, with an emphasis
on identifying lead-free, nontoxic, and bandgap-matched light-absorbing materials. Regarding composition optimization, we
highlight recent progress using machine learning interatomic potentials and ML-based Gibbs free energy models, which
enable the construction of multidimensional phase diagrams and the prediction of phase segregation behavior in
multicomponent systems, such as FA,Cs;_.Pb(I,Br,_,); alloys.

At the device and interface levels, we discuss representative applications of Al models, including random forest, gradient
boosting, and Bayesian optimization, for screening charge transport layers and interface modifiers, reducing energy-level
mismatches, suppressing nonradiative recombination, and guiding process optimization in closed-loop experimental
platforms. In defect engineering and multiscale modeling, we summarize ML-based surrogate models and ML force fields
trained on DFT and MD datasets for predicting defect formation energies, migration barriers, and ion transport behavior in
perovskite lattices and grain boundaries.

Finally, we outline key challenges and future opportunities for applying Al to PSC stability research, including the limited
availability of high-quality stability datasets, the need for physics-informed multitask models capable of capturing multiscale
degradation mechanisms, and the integration of AI with automated high-throughput experimentation and multiphysics device
simulations. We argue that establishing FAIR-compliant stability databases, developing automated testing platforms, and
advancing synergistic “AIl-DFT/MD-device” design frameworks are essential for transforming PSC stability optimization
from experience-driven trial-and-error approaches into a data-driven and mechanism-guided engineering science.

artificial intelligence, perovskite solar cells, emerging photovoltaic technology, interface engineering, defect
passivation
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