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Crystal structure generation

The generation of crystal structures is a crucial step in crystal structure prediction.
However, most crystal structure generation programs still suffer from some limitations. These
programs typically rely on a trial-and-error approach to generate potential structures, which is
inherently inefficient and often necessitates numerous iterations to achieve success,
potentially failing even after reaching the maximum number of attempts. Furthermore, many
programs require larger volumes to reduce the likelihood of unphysically short atomic
contacts in the generated structures. The majority of these programs are constrained to
scenarios where Z' equals 1 (i.e., the unit cell contains only one symmetrically independent
molecule), thereby limiting their effectiveness in generating more complex structures with
multiple independent molecules. This restriction significantly hinders their application in the

generation of high Z' and cocrystal crystal structures.
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To address these challenges and expedite the generation of a large number of crystal
structures, we have implemented a GPU-accelerated crystal structure generation code based
on PyTorch. This implementation significantly improves both the efficiency and diversity of
structure generation, facilitating a comprehensive exploration of potential candidate
structures and substantially accelerating the investigation of various crystal packing patterns.
The code currently supports all 230 space groups, but only general Wyckoff positions are

implemented at this stage.

Figure S1 presents the flowchart of the crystal structure generation process. In the first
step, we need to provide the molecular coordinates, the number of molecules in the
asymmetric unit cell (Z’), the number of symmetry operations (Z), and the initial volume of
the crystal. Based on this information, the program generates a random unit cell that meets
these criteria. Then it places the input molecule at random positions within the unit cell,
generating all symmetry-equivalent molecules according to the corresponding space group’s
symmetry operations. If any unreasonable short atomic contacts are detected in the generated
structure, the program performs rigid-body relaxation to obtain a physically reasonable

structure, using a criterion greater than the sum of the atomic van der Waals radii.

Throughout the generation process, we leverage PyTorch's tensor computation
capabilities to implement batch operations, fully exploiting the parallel computing power of
GPUs, enabling the program to generate a large number of candidate crystal structures

simultaneously in a single run, rather than sequentially.

To systematically investigate the polymorphism of Celecoxib, we generated 50k, 50k,
and 200k initial crystal structures for Z' = 1, 2, and 3, respectively.
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Figure S1. The workflow of crystal structure generation.

Training data generation

We first generated densely sampled conformations based on the SMILES representation
of Celecoxib using OpenEye Omega!. The sampled conformations were subsequently
subjected to 25 ps of restrained molecular dynamics (MD) simulations at 300 K employing
the pre-trained AIMNet2 model?> to thoroughly explore the conformational space. All
conformers were then optimized with a force convergence criterion of 0.01 eV/A, followed
by conformational deduplication using RMSD calculations based on the Kabsch algorithm3#,
using a threshold of 0.5 A. Ultimately, monomer structures within 10 kcal/mol of the lowest

energy conformer were retained.

By randomly combining these optimized monomers, we progressively constructed
dimers, trimers, and tetramers, applying the same optimization and screening procedures. For
each molecular cluster, including the monomers, a short MD simulation of 0.5 ps was
performed at 500 K, with configurations saved every 0.1 ps, yielding five configurations per
trajectory. QM calculations were then performed on all generated molecular clusters
(hereafter referred to as N-mers), resulting in an initial N-mers dataset (N = 1-4) comprising

18,816 structures.
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Model training

We employed a transfer learning strategy by initializing from four pre-trained AIMNet2
models and further trained them on the N-mers dataset to obtain four Celecoxib-specific
models. Our tests show that transfer learning yields lower errors for both energies and forces
compared to training from scratch (Figure S2). Model training was driven by a multi-task loss
function that jointly optimizes total energy, atomic forces, Hirshfeld atomic charges, and the
atomic Cg dispersion coefficients and polarizabilities from the D4 dispersion scheme’®, with

respective loss weights of 1.0, 0.2, 0.5, 0.5, and 0.5.

To accurately describe dispersion interactions, we introduced a hybrid explicit-implicit
dispersion correction scheme. During inference, the model-predicted atomic Cg4 coefficients
and polarizabilities were used to explicitly compute pairwise D4 dispersion energies via the
Tkatchenko-Scheffler method’. Validation shows that these two-body energies agree closely
with standard D4 results. During training, the three-body D4 correction term was implicitly
learned by incorporating it into the energies and forces of the training data. This hybrid
correction strategy enables a comprehensive description of both two-body and three-body
dispersion interactions in molecular crystals while maintaining the computational efficiency
of the AIMNet2, thus providing a more accurate and reliable potential energy surface

foundation for subsequent crystal structure prediction.
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Figure S2. Comparison of energy and force learning curves between models trained

from scratch and via transfer learning.
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Active learning

The overall workflow of the active learning procedure is illustrated in Figure S2. First,
we optimized the candidate crystal structures using one of the four fine-tuned AIMNet2
models described above to construct a comprehensive energy landscape. From this landscape,
structures with relative lattice energies lower than 15 kJ/mol were selected, and molecular
clusters (N-mers) were extracted from these low-energy structures. To capture potential non-
equilibrium conformations, we performed short MD simulations at 500 K for 1ps on the

extracted N-mers.

Subsequently, we evaluated both the energy uncertainty and force uncertainties of each

structure using an ensemble of four AIMNet2 models:
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where M is the number of models, and N,, and N, are the numbers of molecules and atoms in
a given structure, respectively. If a structure exhibited an energy uncertainty oz exceeding
1 kJ/mol or a force uncertainty or exceeding 1 kcal/mol/A, it was considered to have high
prediction uncertainty. These high-uncertainty structures were then forwarded for QM
calculations and incorporated into the training dataset to further refine the AIMNet2 models,
thereby improving their accuracy and robustness. The active learning procedure was deemed
converged when the fraction of uncertain candidates fell below a predefined threshold (1% in

this work).

We performed two rounds of active learning. In the first round, we extracted 1- to 4-
mers and added 3,354 new structures; in the second round, we expanded the pool to 1- to 6-
mers, adding 222 structures. The detailed size distribution of training N-mers for each active
learning cycle is summarized in Table S1. By selectively augmenting the training set with
these representative, high-uncertainty structures, we significantly improved the model’s
generalization and predictive performance. This active learning strategy not only reduced
computational cost but also accelerated model convergence, thereby substantially enhancing

the overall efficiency and reliability of molecular crystal structure prediction.
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Figure S3. The workflow of training AIMNet?2.

Table S1. Size distribution of the sampled and high-uncertainty N-mers in each active

learning cycle.

AL=0 AL=1 AL=2

N-mers ]vtot ]vtot N, unc ](\izl)c ]vtot N, unc ](\221)(:
1 270 168 0 0.00 219 0 0.00

2 2694 1393 54 3.88 1720 0 0.00

3 12798 10476 390 3.72 12655 6 0.05

4 3054 48851 2910 5.96 59138 18 0.03

5 — — — — 184632 138 0.07

6 — — — — 427427 60 0.01
Total 18816 60888 3354 5.51 685791 222 0.03
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QM calculation

We performed gas-phase QM calculations for the molecules in the N-mers dataset
using the ORCA 6.0 software®® at the PBE/def2-TZVP!%1! level of theory. D4 dispersion
corrections were carried out using the DFT-D4 program, which also provided the atomic Cs
dispersion coefficients and polarizabilities. Periodic DFT calculations were conducted with
the FHI-aims program'2. We employed the PBE functional with the many-body dispersion
interactions (MBD) at the non-local level'® and used the light species basis settings for
geometry optimization. After geometry optimization, single-point energy calculations were
performed using the tight species basis settings with PBE+MBD and B86bPBE+XDM to
ensure reliable energy evaluation accuracy. For the hybrid functional calculations
(PBEO+MBD and B86bPBE50+XDM), the mixed-basis approach!*!> was employed to
maintain computational tractability. The resulting relative lattice energies are summarized in

Figure S4 and Table S2.

For the selection of the k-point grid, we ensured that the product of the number of -

points (n) in each direction and the unit cell length (a) satisfied nXa=25 A to achieve
sufficient k-space sampling density. The convergence criterion for atomic forces in periodic
DFT geometry optimizations was set to a root-mean-square (RMS) force threshold of 0.005
eV/A. Given the high computational efficiency of AIMNet2 in predicting energies and forces,
a more stringent convergence criterion of 0.002 eV/A was adopted for structure optimizations

using AIMNet2.

Table S2. Comparison of relative lattice energies (kJ/mol) calculated using different methods,

basis sets, and optimized geometries.

Method I II III #1 #2

AIMNet2 ¢ 8.74 2.87 2.76 0.0 4.91

PBE + MBD/tight 6.66 0.28 2.18 0.0 5.58
PBEO + MBD/tight * 5.08 -2.01 -0.01 0.0 2.67
PBE + MBD/tight ¢ 5.49 1.73 1.90 0.0 5.26
PBEO + MBD/tight ¢ 3.13 -0.65 -0.01 0.0 3.06
PBEO + MBD/mixed ¢ 3.19 -1.82 -0.26 0.0 2.95
B86bPBE + XDM/tight ¢ 2.75 -1.59 -1.46 0.0 4.85
B86bPBES0 + XDM/mixed ¢ -0.63 -6.38 -3.92 0.0 0.98

@ Calculations based on AIMNet2-optimized geometries.

b Calculations based on PBE+MBD/light-optimized geometries.
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Figure S4. Relative lattice energy rankings of five selected polymorphs of Celecoxib
based on AIMNet2-optimized geometries. Results obtained with the PBEO and BS86bPBES0

functionals using the mixed basis set approach are shown.

Free energy and elastic constant calculations

The Helmbholtz free energy calculations were computed by interfacing AIMNet2 with
the Phonopy package!® to obtain temperature-dependent thermodynamic properties of
crystals. In the QHA calculations, 11 structures were generated by scaling the optimized
geometry with scale factors ranging from 0.95 to 1.05 in increments of 0.05. Each structure
was then re-optimized with fixed lattice parameters, and the resulting energy-volume data

were fitted using the Birch-Murnaghan equation of state!”.

Elastic constants were calculated using the stress-strain method implemented via an
interface with pymatgen'8, applying strain values of -0.003, -0.001, 0.001, and 0.003. The
DFT calculations in FHI-aims for elastic constant evaluations were performed using the light

settings due to the high computational cost associated with elastic tensor calculations.
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Elastic constant calculations with BIOVIA DFTB+ and CASTEP software

BIOVIA Materials Studio!® DFTB+2° and CASTEP?! modules were used for mechanical
property predictions of forms I, form II and III, with unit cell parameters fixed at their

crystallographic values.

Geometry optimization for CEL forms I and III were performed at the DFTB+D4 level
of theory using the 30ob parameter set and Grimme D4 dispersion correction>, adopting
“Fine” quality settings. This was followed by mechanical property predictions at the same
level of theory using the stress-strain method (referred to as the constant strain method in
Materials Studio). Similar calculations were carried out for CEL form I at the DFTB+D42B
level, employing the Grimme D4 dispersion correction with two-body terms only. Similar
calculations were carried out for CEL form I at the DFTB+D42B level, employing the

Grimme D4 dispersion correction with two-body terms only.

BIOVIA CASTEP calculations for CEL form II were performed at the
PBE+MBD*10.13.22 Jevel of theory with “Fine” accuracy settings, except that the plane-wave
energy cutoff was slightly reduced to 550 eV. After molecular geometry optimization,
mechanical properties were evaluated at the same level using the stress-strain method. Due to
very poor convergence, the “Medium” accuracy level was adopted for CASTEP calculations
of the elastic constants of form III, while maintaining the same 550 eV plane-wave cutoff.
Because of the high computational cost, CASTEP calculations were not feasible for CEL

form I.

Model evaluation

To evaluate the generalization performance of the model on unseen data, we constructed
a fully independent held-out test set that did not participate in either training or the active
learning procedure. Specifically, 20 systems were randomly selected from the N-mer (N = 2-
6) configurations included in the training set. For each system, a short MD simulation of 1 ps
was performed at 500 K, and configurations were saved every 0.1 ps, yielding 10
configurations per trajectory. All configurations generated in this manner were excluded from
model training and active learning. In total, this procedure resulted in a held-out test set
comprising 1000 systems, which was used to quantitatively evaluate the accuracy of energy

and force predictions.
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Figure S5. Correlation between AIMNet2-predicted energies and forces and the

corresponding reference DFT values for the held-out test set.

Table S3. Performance metrics of the AIMNet2 model for each N-mer (N = 2—6), evaluated

on a held-out molecular cluster test set of celecoxib. Energies are reported in kJ/mol and

forces in kJ/mol/A.
N-mers Energy Force
MAE MAE /N RMSE RMSE /N MAE RMSE
2 2.10 1.05 2.76 1.38 2.74 3.89
3 2.89 0.96 3.66 1.22 2.88 4.10
4 3.62 0.91 4.47 1.12 3.01 4.26
5 4.58 0.92 5.73 1.15 3.29 4.69
6 5.56 0.93 6.77 1.13 3.39 4.82
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Figure S6. Conformational energy profiles for the rotation of three key dihedral angles

in the celecoxib molecule.
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Figure S7. Correlation between relative lattice energies predicted by AIMNet2 and PBE
+ MBD, evaluated on AIMNet2-optimized geometries.

Table S4. Crystal structures optimized with AIMNet2 and PBE + MBD relative to
experimental structures. Relative errors (%) for cell lengths (a, b, c), angles (a, f, y), cell

volume, and density are reported, along with RMSD,, values (A).

Form Method a b c a S y Volume | Density | RMSDy,
[ AIMNet2 | 1.39 | -0.11 | -0.50 | 0.03 | -0.32 | -0.03 0.82 -0.80 0.115
PBE+MBD | -0.44 | -1.05 | -0.72 | -0.78 | 0.78 | 0.70 -2.20 221 0.160
1 AIMNet2 | -0.18 | 2.06 | -0.21 | -1.21 | -2.23 | -1.27 1.04 -1.03 0.231
PBE+MBD | 0.14 | -0.93 | -0.71 | -0.51 | 0.84 | 1.37 -1.11 1.10 0.144
I AIMNet2 | 0.46 | 0.36 | -0.81 | -1.49 | -0.04 | 0.27 0.22 -0.20 0.168
PBE+MBD | 0.04 | -233 | -1.29 | -1.18 | 0.00 | -1.26 | -2.90 3.02 0.196
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Table SS. Crystal structures optimized using AIMNet2 and PBE+MBD for two crystals

forms (#1 and #2). Cell lengths (a, b, c) are reported in A, angles (a, S, y) in degrees, cell

volumes in A%, densities in g/cm?.
Form Method a b c o p y Volume | Density
41 AIMNet2 9.377 | 10.081 | 10.440 | 103.95 | 106.69 | 105.70 | 853.88 1.483
PBE+MBD | 9.169 | 10.256 | 10.540 | 100.94 | 112.27 | 105.52 | 835.39 1.516
4 AIMNet2 8.388 | 9.307 | 11.711 | 82.31 73.45 81.03 861.77 1.470
PBE+MBD | 8.189 | 9.271 | 11.628 | 82.10 74.02 81.76 835.49 1.516

Table S6. Computational time for each task in the crystal structure prediction workflow. The

DFT calculation time is reported in CPU hours, while all other tasks are reported in GPU

hours.

Task

Compute time (hours)

Crystal generation 75
DFT calculation 30086

AIMNet?2 training 182
Crystal optimization 1028
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