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Hyperparameter tuning in SchNet GCNN.
To investigate the hyperparameter dependence of the GNN model with the created SchNet, we
further optimized the hyperparameters. The results are shown in Figure S1. num_layer is the
number of interaction layers, max_radius is the maximum edge length, and edge_attr_size is
the number of edge features. The results show that SchNet is relatively robust to the number of
layers and filters, and that edge length and number of features have a greater impact on
accuracy.

Figure S1. Results of SchNet hyperparameter search, showing the negative of RMSE vs.
hyperparameter value, with larger values indicating better model performance. Number of
interaction layers (num_layer), number of edge filter attributes m (num_filters), graph cutoff
radius (max_radius), node feature embedding size (num_hidden_channels), number of
Gaussian functions in the edge distance expansion (edge_attr_size), and initial learning rate
were tested.



Figure S2. Performance improvement of SchNet and CGCNN with the size of the training
dataset.

Table S1. Top 20 materials that have large dielectric permittivity.

Formula <εion>harm <ε>

Sr2Ba2Ti4O12 752 2674

Sr2BaPbTi4O12 681 698

Ca2BaZrPbTi3O12 647 2068

Sr3BaTi4O12 622 636

Ca2SrBaTi4O12 597 628

Ca2SrZrHfPbTi2O12 533 1815

Sr2BaPbTi4O12 427 456

Ca4Sr2Ba2Ti8O24 424 463

InNbTi6O16 418 587

Ba2Zr4Pb2O12 411 556

Ba3PbTi4O12 401 448

Ca5Sr2BaTi8O24 399 643

Ca6Ba2Ti8O24 361 398

InTaTi6O16 350 912

Ca2Sr4Ba2Ti8O24 341 452



CaBaZrHfPb2Ti2O12 324 1110

Sr3PbTi4O12 322 324

SrBa2PbTi4O12 319 324

SrBaPb2Ti4O12 318 333

CaSrBaPbTi4O12 315 439

Table S2. List of descriptors for the random forest model.

Descriptor Name
PymatgenData std_dev row
PymatgenData mean thermal_conductivity
PymatgenData std_dev melting_point
TMetalFraction
gap_AO
mass density
packing fraction
mean neighbor distance variation
avg_dev neighbor distance variation
sgl_bd CN_1 (mean)
bent 150 degrees CN_2 (mean)
linear CN_2 (mean)
trigonal planar CN_3 (mean)
pentagonal planar CN_5 (std)
octahedral CN_6 (max)
octahedral CN_6 (std)
q6 CN_12 (mean)
EwaldSiteEnergy
Symmetry_weighted_index_4 (std)
Voro_vol_maximum (mean)
Voro_area_std_dev (mean)
Voro_area_minimum(std)
Voro_area_maximum (min)

Voro_dist_std_dev (mean)
G2_80.0 (min)
G4_0.005_4.0_1.0 (std)
local difference in Number (max)
local difference in MendeleevNumber (max)
local difference in MendeleevNumber(min)
local difference in AtomicWeight (max)



local difference in AtomicWeight (mean)
local difference in MeltingT (mean)
local difference in Row (max)
local difference in Electronegativity (min)
local difference in Nvalence (std)
local difference in NsUnfilled (mean)
local difference in NdUnfilled (max)
local difference in NdUnfilled (std)
local difference in NUnfilled (max)
local difference in Nunfilled (min)
local difference in Nunfilled(mean)
local difference in Nunfilled (std)
local difference in GSvolume_pa (max)
local difference in GSvolume_pa (min)
local difference in SpaceGroupNumber (max)

To investigate the hyperparameter dependence of the random forest regression models we
created, we optimized the hyperparameters. Grid Search and Optuna [1] were used for
hyperparameter optimization. Optuna is a Python library for hyperparameter optimization based
on Bayesian optimization. The optimization results are shown in Tables S3-S5. Both methods
yielded better accuracy than the defaults, but the results were not dramatic.

Table S3. Results of hyperparameter optimization of random forests in Scikit-learn with the Grid
Search and Bayesian optimization library Optuna.

Table S4. Random Forest regression results with hyperparameters optimized by Grid Search
and Optuna.



Table S5. Hyperparameters of the random forests used in the optimization with Grid Search and
Optuna
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