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1. Machine learning

We have established an eXtreme Gradient Boost-
ing (XGBoost) model to predict the lattice con-
stants of double perovskite structures and generate
structural files for all perovskite materials. The re-
sulting model-building process is as follows.

The cubic phase prototype structure file of
Cs2InAgClg (see Fig. Sla) was obtained from the
Crystallography Open Database [1-9]. The initial
cubic phase structure of the material was obtained
through element substitution. The corresponding
tetragonal phase structure shown in Fig. S1b was
derived from the SroTaGaOg double perovskite.
All the initial material structures of the tetragonal
phase were generated by element substitution.
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Fig. S1.
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By comparing the structure files before and af-
ter structural relaxation, we observed that the most
significant change was in the lattice constants. As
shown in Fig. Slc (pre-relaxation cubic phase) and
Fig. S1d (post-relaxation cubic phase), the relative
atomic coordinates underwent only subtle changes.
These changes were negligible compared to the lat-
tice constant variations. Therefore, our prediction
target is the crystal lattice structure.

We compiled the structure files after structural
optimization. In the structure files of the cubic
phase, the values of the first, second, and third ba-
sis vectors along the a, b, and ¢ axes, respectively,
are identical. Consequently, the prediction target
for the cubic phase in the base learner only re-
quires the precise value of one basis vector com-
ponent. However, for the tetragonal phase, the
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(a) Prototypical cubic phase structure of Cs2InAgClg. (b) Tetragonal phase structure of SroTaGaOg.

(¢) Cubic phase structure of AgaLaSiOg generated by element substitution. (d) Prototypical tetragonal phase
structure of AgaTalrOs. (e) Cubic phase structure of AgaLaSiOs after structural optimization. (f) Tetragonal
phase structure of AgaTalrOg following structural optimization.
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Fig. S2. Device simulation of single-junction Rb2BiAgls solar cell and the single-junction K2CrErBrg solar
cell. (a) Energy level diagram of different transmission layers of RbaBiAgls. (b) EQE and (c) PCE of Rb2BiAgls
solar cell. (d) Energy level diagram of different transmission layers of KoCrErBrg. (e¢) EQE and (f) PCE of

K>CrErBrg solar cell.

Hyperparameter adjustment of ALIGNN model. TABLE SI
Selecti
Hyperparameter Setting range election Description
value

ALIGNN layers uniform integer (0;4) 3 A graph convolutional network (GNC) layer that
composes an edge-gated graph convolution on the
bond graph with an edge-gated graph convolution on
the line graph.

GCN layers uniform integer (0;4) 3 A graph convolutional network layer that enhances
the model’s understanding of graph structure by in-
troducing edge features.

edge input features 20, 40, 80, 100 40 The amount of feature information associated with
edges in the GCN.

triplet input features 20, 40, 80, 160 40 The amount of feature information that represents
the nodes in the graph and the relationships between
them.

embedding features 16, 32, 64, 80 32 The number of representations that maps nodes,
edges, or the entire graph in a graph to a low-
dimensional vector space.

hidden features 64, 128, 256, 512 128 The width of the graph convolution layers.

batch size 16, 32, 64, 128, 256 64 The number of plots that are processed at the same
time.

learning rate 10g(1074; 1071) 0.001 The step size at which the parameters are updated
during the training process.

epochs 100, 200, 500, 1000 100 The number of times the entire training set has been
traversed once.

values of the second basis vector along the b axis
and the third basis vector along the c axis are
identical, differing from the value of the first ba-
sis vector along the a axis. Consequently, the
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prediction target for the tetragonal phase in the
base learner requires the precise values of two ba-
sis vector components. To achieve accurate pre-
diction of lattice constants across multiple space



The key simulation parameters of tandem perovskite solar cells [11-13]. DOS is the density of states.
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TABLE SII

Parameter S[};rzij)l ZnO Rb2BiAgls | KoCrErBrg | Spiro-OMeTAD CdS CZTSSe
thickness — [nm] 50 300 300 50 50 1000
electron affinity X [eV] 4 3.2285 3.7297 2.5 4.2 4.2
bandgap E, [eV] 3.3 1.9 1.8 2.7 2.4 1.13
relative permittivity Er 9 8.67 4.11 3 9 13.6
eff. DOS for electron| Nc [cm™] [2.2 x 10'®| 7.7 x 10?" | 2.7 x 10*! 1.0 x 10" 1.8 x 10'?| 1.8 x 10"?
eff. DOS for hole Ny [em™®] 5.7 x 10'®| 1.9 x 10*' | 3.9 x 10*! 1.0x 10" 2.2 x10'®| 2.2 x 10'®
mobility of electron | e [cm? V/s] 100 81 11 0.0002 100 100
mobility of hole pn em? V/s 25 27 23 0.0002 25 25
SRH life time Te = T [ns] 0.003 100 100 0.1 0.005 5.4

groups, we constructed XGBoost descriptors based [2] A. Merkys, A. Vaitkus, J. Butkus,
on elemental properties. These include the atomic M. Okuli¢-Kazarinas, V. Kairys,
numbers, relative atomic masses, atomic volumes, S. Grazulis, J. Appl. Crystallogr. 49,
mass density (mass per unit volume), atomic radii, 292 (2016).

covalent radii, and effective ionic radii at the A, B, [3] S. Grazulis, A. Merkys, A. Vaitkus,

and X sites. All these data come from the Database
of Tonic Radii [10].

Table S1 summarizes the hyperparameter space
and final selected values for the ALIGNN model.
Seven key parameters were optimized on a pre-
defined grid: the numbers of ALIGNN and GCN
layers (3 each), edge and triplet input features
(40 each), embedding dimension (32), hidden-layer
width (128), batch size (64), learning rate (1x1073),
and training epochs (100). These settings yield the
best compromise between predictive accuracy and
computational cost.

Table S2 summarizes the electrical parame-
ters used in the COMSOL Multiphysics simula-
tions for the tandem perovskite solar-cell stack.
For each layer — ZnO, RbyBiAgls, KoCrErBrg,
Spiro-OMeTAD, CdS, and CZTSSe — the ta-
ble lists thickness, electron affinity (), band-gap
energy (E,), relative permittivity (e,), effective
conduction- and valence-band density of states (N¢
and Ny ), electron and hole mobilities (ue and up,),
and the common Shockley-Read-Hall (SRH) life-
time (7. = 73,). These values from recent simulation
studies [11-13] are directly imported into COM-
SOL’s semiconductor module to define the material
properties for all electrical simulations.
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