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1. Take your structure and generate one node for each
atom in the unit cell. Each node will include a list of
features describing the atom type (such as mass, ionic
Define a cutoff radius,
maximum distance between atoms to consider

radius, ...).

chemical bond.
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2. For each atom, draw a sphere with the cutoff radius
centered on it. Ensure the supercell is large enough to
contain this sphere. Create edges between the centered
atom and all atoms within the cutoff radius. Multiple edges
may exist between the same two atoms, representing
bonds to periodic images, this preserves the periodicity of
the crystal. Each edge should include as a feature the
Euclidean distance between the connected nodes.
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3. Repeat this process for all atoms in the unit cell. Avoid counting the same bond twice; for instance, if atom 1-2 (red
connection) was already considered when centering on atom 1, skip it when centering on atom 2.
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4. This process converts the physical
(lattice parameters and ion positions)

representation
into a graph

representation with node, edge, and adjacency tensors.

Physical Graph
representation representation
Lattice parameters: Node list:
a, b,cabBy {(mi,.Zy,rixi) }
lon positions: Edge list:
{(x.yi,z)} {(d)}

Adjacency list:
{(ai,a)}

( \
N
| e e

Extra. If a periodic image of the centered atom lies within
the cutoff radius, treat it as a self-loop (an edge that
starts and ends at the same node).
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Supplementary Figure 1: Generation of a graph for a given crystal structure.
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Supplementary Figure 2: Band-gap model loss as a function of the graph radius cutoff.
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Supplementary Figure 3: Radial pair distribution function for equilibrium AgszSBr:
(a) Ag-Ag, (b) S-S, (¢) Br-Br, (d) Ag-S, (e) Ag-Br, and (f) S-Br. The dashed vertical

line at 5.5 A represents the selected cutoff radius for graph generation.
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Supplementary Figure 4: Representation of the six architectures used, differing in the

number of convolution and pooling layers and in the activation functions.
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Supplementary Figure 5: Violin plots of GNN performance metrics (R?, MAE, MSE;
left to right) for different (a—c) architectures, (d—f) learning rates, (g—i) number of hidden

channels, and (j-1) dropout values, when predicting the energy per atom.
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Supplementary Figure 6: Violin plots of GNN performance metrics (R?, MAE, MSE;
left to right) for different (a—c) architectures, (d—f) learning rates, (g—i) number of hidden
channels, and (j-1) dropout values, when predicting the band gap.
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Supplementary Figure 7: Violin plots of GNN performance metrics (R?, MAE, MSE;
left to right) for different (a—c) architectures, (d—f) learning rates, (g—i) number of hidden

channels; and (j-1) dropout values, when predicting the valence band maximum.
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Supplementary Figure 8: Violin plots of GNN performance metrics (R?, MAE, MSE;

left to right) for different (a—c) architectures, (d—f) learning rates, (g—i) number of hidden

channels, and (j-1) dropout values, when predicting the hydrostatic stress.
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Supplementary Figure 9: Band gap calculated for randomly generated disordered

configurations as a function of the atomic displacement amplitude. Results were obtained

with DFT methods.
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Supplementary Figure 10: Distribution of (a) energy per atom, (b) band gap,

(c) valence band maximum, and (d) hydrostatic stress, for datasets generated with

phonon-based atomic displacements (green), random atomic displacements (violet), and

combining both schemes (blue).

11




—
Q
~

g

o
©

.u.)
o©
(o)}

1

Frequency (a

Phononic
Uniform

Frequency (a.u.)

—
(@)
~

3 4 5

Ag-Ag distance (A)

Frequency (a.u.)

Phononic
Uniform

Frequency (a.u.)

D

3 4 5
Ag-Br distance (A)

—
—h
2

Frequency (a.u.)

Phononic
Uniform

Frequency (a.u.)

3.5 4.0 4.5 5.0 55
Br-S distance (&)

Phononic
Uniform

1.0 ]
0.8-5
0.6-f
0.4

0.2 ]

0.0 L A= =l

2 3 4
Ag-S distance (A)

O T T

Phononic
Uniform

4.0 4.5 5.0
S-S distance (A)

5.5

25
2.o-f
1.5-f
1.o-f

0.5

0.0 l—————

Phononic
Uniform

4.0 4.5 5.0
Br-Br distance (A)

(b) Ag-S, (c¢) Ag-Br, (d) S-S, (e) Br-S, and (f) Br-Br.

5.5

Supplementary Figure 11: Distribution of pair atomic distances for (a) Ag-Ag,




Phonon-based AIMD-based

MAE (eV) RMSE (eV) R?| MAE (eV) RMSE (eV) R?

Train 0.029 0.037 0.89 0.036 0.045 0.79
Validation 0.028 0.035 0.90 0.037 0.046 0.78
Complementary 0.044 0.063 0.68 0.058 0.071 0.53

Supplementary Table I: Performance metrics for GNN models trained on phonon and
AIMD-based datasets. Perfomances were evaluated on the corresponding train and

validation datasets, as well as on the other model’s dataset (“Complementary”).
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SUPPLEMENTARY DISCUSSION

Supplementary Fig. 1 describes in detail the method employed to generate graphs for
crystal structures. Using a cutoff radius, we constructed graphs in which each node corre-
sponds to one atom in the unit cell and stores relevant chemical features: atomic number,
atomic mass, atomic radius, and electronegativity. A supercell was then generated large
enough to contain all cutoff spheres centered on the atoms of the unit cell. An edge was
defined whenever the Euclidean distance between two atoms was smaller than the chosen
cutoff radius, and this distance was stored as the edge feature. Our algorithm ensures that
each bond is counted only once. When an atom forms a bond with one of its periodic images,
this connection is added as a self-loop (or self-edge).

The final graph consists of three tensors:

e Node tensor: stores node information with dimensions (n,4), where n is the total

number of nodes.

e Edge tensor: stores edge information with dimensions (m, 1), where m is the total

number of edges.

e Adjacency tensor: stores the indices of nodes connected by each edge, with dimensions

(m,1). Each element of this list is a tuple (4, 7), where i and j range from 1 to n.

In PyTorch Geometric, to make the edges undirected (i.e., without a preferred orienta-
tion), each edge is stored twice with reversed order in the adjacency list, (4, 7) and (j,4), both
sharing the same Euclidean distance feature. This duplication is unnecessary for self-edges,
which are undirected by definition, (i,7).

Supplementary Fig. 2 shows the convergence test for the cutoff radius. To ensure that the
chosen cutoff was sufficiently large, GNN models were trained using graphs generated with
different cutoff radii, and the corresponding validation losses were evaluated. We observed
convergence of the loss function for models trained with graphs constructed using a cutoff
radius of 5.5 A, which was therefore selected for all subsequent calculations.

Supplementary Fig. 3 displays the radial pair distribution function calculated for different
pairs of atoms in equilibrium AgzSBr. The dashed vertical line indicates the selected cutoff
radius for graph generation. From the figure it is clear that at least the first coordination

shell for each atomic pair lies within the selected cutoff distance of 5.5 A.
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Supplementary Fig. 4 displays the six different GNN model architectures used in this
work. These architectures differ in both the number and type of layers employed.

Supplementary Figs. 5-8 present the results of the hyperparameter study for each of
the four predicted properties. A total of 480 different GNN models were trained per prop-
erty, combining six architectures with various hyperparameter values: learning rate (1072,
1073, 1074, 1075, 107°%), number of hidden channels (32,64,128,256), and dropout rate
(0,0.2,0.4,0.6). Results are shown using violin plots grouped by hyperparameter value, dis-
playing model performance for three metrics: MAE, RMSE, and R?. The horizontal dark
line in each violin represents the mean metric value. Models yielding R? < —1 were excluded,
as such cases correspond to predictions worse than random guessing, typically indicating a
failed training process.

Supplementary Fig. 9 shows the convergence test for the maximum atomic amplitude
displacement of uniform random structures. The selected value for this study, 0.8 A, en-
sures that all configurations contained in the randomly-generated dataset exhibit insulating
behaviour.

Supplementary Fig. 10 shows the distributions of computed magnitudes for structures
generated with the uniform and phonon-based distortion approaches, as well as for the com-
bined dataset. Magnitudes such as the band gap exhibit similar distributions over the same
domain, whereas others, such as the energy per atom, differ significantly, uniform distortions
lead to higher-energy (less stable) configurations compared to phonon-based distortions.

Supplementary Fig. 11 presents the pairwise atomic distance distributions for atomi-
cally disordered AgsSBr configurations generated using both the phonon-based and random
approaches. The results show similar ranges and density distributions for both datasets, in-
dicating that although the two schemes sample different regions of the configuration space,
the interatomic distances remain comparable.

Supplementary Table I reports the performance metrics for the GNN model trained on a
phonon-based dataset and on an alternative dataset consisting of configurations extracted
from AIMD simulations. Each dataset contains around 1,000 configurations obtained for
AgsSBr and AgsSI. The AIMD simulations were conducted at T = 200, 400, and 600 K and
lasted for about 60-70 ps each.

All scripts used in this work are available in the open-access GitHub repository:

https://github.com/polbeni/ GNN-materials.
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