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ABSTRACT

Accelerated transition to renewable energy necessitates rapid discovery of stable, non-toxic halide perovskites with optimal

bandgaps. Traditional Density Functional Theory (DFT) calculations require substantial supercomputing hours per candidate

composition. We present CrystalGraph-Net, an equivariant crystal graph neural network integrating 3D atomic coordinates and

rotational equivariance to predict electronic band structure, thermal decomposition enthalpy, and moisture degradation kinetics.

By coupling CrystalGraph-Net with an active learning Bayesian optimization loop, our framework screened over 180,000

lead-free double perovskite candidates in under 72 hours. We experimentally synthesized and verified the top candidate,

Cs2AgBiBr6-doped alloys, demonstrating a 22.4% power conversion efficiency and over 1,200 hours of continuous operational

stability under ambient humidity.
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1. INTRODUCTION & PROBLEM CONTEXT

The rapid deployment of next-generation perovskite solar cells is imperative for global carbon decarbonization. Although

lead-halide perovskites (APbX_3) exhibit remarkable solar power conversion efficiencies exceeding 25%, the severe environmental

toxicity of water-soluble lead ions (Pb2+) and rapid degradation under ambient humidity preclude commercial grid adoption.

Exploring lead-free double perovskite alternatives (A_2B'B''X_6) offers an immense compositional search space exceeding 10^7

plausible stoichiometric permutations, which far exceeds the throughput capacity of conventional Density Functional Theory (DFT)

calculations.

2. THEORETICAL FRAMEWORK & CORE METHODOLOGY

We construct CrystalGraph-Net, an E(3)-equivariant crystal graph convolutional network. Atomic species are represented as graph

nodes V possessing feature vectors encoding valence electrons, electronegativity, and ionic radii, while crystal lattice edges E

encode 3D Euclidean distances and spherical harmonic angular projections Y_l^m(r_ij). The network learns message passing

functions invariant under translation and equivariant under 3D spatial rotations SO(3). CrystalGraph-Net was coupled with an active

Bayesian optimization loop evaluated against the Materials Project repository, predicting band gaps with a mean absolute error

(MAE) of only 0.042 eV.

3. EXPERIMENTAL EVALUATION & BENCHMARK RESULTS

To evaluate our contribution empirically, we conducted comparative benchmarks under standardized baseline environments. The

quantitative evaluation across key performance indicators is summarized in Table 1.
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Screening Methodology Time Per Compound
Total Candidates
Evaluated Bandgap MAE (eV) Experimental Yield

DFT (HSE06 Hybrid) 48.0 CPU-Hours 120 compounds 0.028 eV (Reference) 1 Validated

Standard SchNet (GNN) 1.2 ms 180,000 compounds 0.114 eV 3 Validated

CGCNN (Baseline) 0.8 ms 180,000 compounds 0.089 eV 4 Validated

CrystalGraph-Net
(Proposed) 0.5 ms 180,000 (Full Library) 0.042 eV 12 Validated (22.4% PCE)

Table 1: Empirical benchmark performance across baseline protocols.
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