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1 Dataset construction

1.1 Selection of raw molecules

To provide a comprehensive coverage of the chemical space, we chose ChEMBL,! a large-
scale bioactivity database for drug discovery, as the primary source of raw molecules. To
enhance data quality, we applied filters to retain molecules with fewer than 10 aromatic rings,
a polar surface area (PSA) below 200 AQ, and a quantitative estimate of drug-likeness (QED)
greater than 0.2. Additionally, expert-curated molecules from ZINC20? were incorporated to
further broaden the chemical space coverage. We also filtered the raw molecules by element
and hybridization type, retaining only those with elements C, H, O, N, P, S, F, Cl, Br, I,
and hybridization types s, sp, sp2, and sp3. In total, 2.46 million molecules represented by

SMILES were prepared for fragmentation.

1.2 Fragmentation algorithm

Starting from the selected raw molecules, we employed an in-house graph expansion-based
fragmentation algorithm to generate molecular fragments (See Fig. S1). As discussed in
the main article, the fragments should be sufficiently large to capture the local environment
of bonded structures, while being small enough to eliminate long range interactions and
optimize computational efficiency. For each raw molecule, we traversed every bond, angle
and non-ring torsion, retraining their neighboring conjugated atoms while severing distant
atoms. The severed bonds were capped by hydrogen atoms (aliphatic carbons), or methyl
groups (other heavy atoms). The resulting fragments were then duplicated by their SMILES

patterns and filtered by the number of atoms, excluding those with more than 70 atoms.



Figure S1: Fragmentation examples. Fragments (bottom) of the same raw molecule (top)
from the highlighted bond (a), angle (b) and torsion (c).

1.3 Enumeration of protonation states and pKa filtering

Afterward, the fragments were expanded by enumerating possible protonation states using
a straightforward reaction template method.?® The simplicity of these templates, however,
resulted in some improbable protonation states. To address this, we filtered the states using
a pKa range from 0 to 14. Classic Epik (version 6.5)* was utilized to evaluate the micro-
pKa of titratable sites. Fragments with a predicted micro-pKa of their protonated titratable
sites smaller than O or deprotonated titratable sites greater than 14 were excluded. This
relatively loose filtering condition was employed to encompass most protonation states likely
encountered in simulations. Ultimately, 2.4 million fragments with unique SMILES were

obtained.



1.4 QM methods and workflow

From the 2.4 million fragments, two QM datasets, namely optimization dataset and torsion
dataset, were constructed at the BSLYP-D3(BJ)/DZVP? level of theory, using Q-Chem
6.15 and GPU4PySCF 1.07 as QM engines, respectively. When generating the optimization
dataset, initial 3D conformation of each fragment were generated from its SMILES pattern
using the RDKit software,® followed by up to 200 rounds of geometric optimization using
the geomeTRIC? optimizer. Single point energy and Hessian were then calculated using Q-
Chem 6.1¢ with unpruned SG-2 (75/302) and unpruned SG-3 (99/590) grids, respectively.
For the torsion dataset, two subsets were curated separately: non-ring torsions and in-ring
torsions. Starting from the conformations in the optimization dataset, each non-ring torsion
was initially scanned by rotating the torsion angle in 15° increments, generating 24 initial
frames that were then optimized using the geomeTRIC optimizer with the torsion angle
constrained. Additionally, 1 million in-ring torsions were sampled from the optimization
dataset and scanned using a frame-by-frame approach with a 20 kcal /mol energy threshold,

as they might not encompass the full 360° space.

1.5 QM engine

In the curation of torsion dataset, we used GPU4PySCF 1.07 instead of Q-Chem 6.1 as
the QM engine, which accelerated nearly 50 million conformation optimizations, involving
over 2 billion single-point energy and gradient calculations. To ensure the consistency, we
retained the B3LYP-D3(BJ) functional and DZVP basis set as used in Q-Chem calculations.
Benchmarking on 10 typical molecules at both B3LYP /def2-SVP and B3LYP /def2-TZVPP
levels, GPU4PySCF demonstrated remarkable accuracy, with a maximum energy difference
of 6 x 1075 Hartree and a gradient discrepancy within 2 x 10~* Hartree/Bohr compared to Q-
Chem 6.1. These results aligned with our own measurements using B3LYP-D3(BJ)/DZVP.
Additionally, the grid density in GPU4PySCF was set to 75/302 to match the computational

parameters in Q-Chem.



1.6 Filtering QM data

After optimization, we applied filters to the structural changes, specifically focusing on co-
valent bond breakages and new bond formations. Covalent bond breakages were identified
if the bond length exceeded 120% of the single bond lengths of corresponding elements
from OpenFF. MDAnalysis!'? software was employed to check if the distances between non-
covalently connected atom pairs exceeded their respective vdW radii, indicating potential
new bond formation. After excluding conformers with bond breakages or new bond forma-
tions during optimization, the remaining conformers constituted the torsion dataset.

For Hessian matrices, we applied sanity check using their eigenvalues. Since the Hessian
should be positive definite for an equilibrium state, we discarded data with the smallest
eigenvalue lower than -2 kcal /mol/ A2 Additionally, when the smallest absolute eigenvalue
was much greater than zero (we used a threshold of 10 kcal /mol/A?), indicating the violation

of the translational invariance, the data was also discarded.

1.7 Diversity of chemical space

The diversity of chemical space covered by our curated datasets is measured using the Morgan
fingerprint, with the size of the fingerprint set to 2048 and a radius of 2, focusing on the two
central atoms in the selected torsion. This torsional fingerprints were also used to evaluate
the diversities of different datasets for comparison. For each dataset, we traversed every
torsion in each molecule, recording the torsional fingerprint only if its circular standard
deviation (std.) is greater than 0.3. This threshold corresponds to sampling within a range
of 60 degrees approximately, ensuring sufficient exploration of the torsional angles space.
Torsional fingerprints were calculated for SPICE, GEOM and our curated datasets as 2048-
dimensional data for each torsion, which were reduced to 50 dimensions and further to 2

dimensions using t-SNE for visualization.



1.8 Diverse test dataset

From our curated torsion dataset, a diverse torsion dataset was extracted using the torsional
fingerprints, to serve as a robust and challenging benchmark for assessing the performance
of force fields in predicting torsional energy profiles. To construct such diverse test set,
the torsion dataset was filtered by a stricter pKa range from 5.4 to 9.4 (see Section 1.3).
The qualified fragments were split into two subsets: in-ring and non-ring, according to
the nature of the rotated bond. In each subset, torsional fingerprints were calculated for
each molecule on its rotated torsion, with similarities measured by the Tanimoto similarity
coefficient. A diverse set of 1000 molecules was then selected from the in-ring and non-ring
subsets respectively using the min-max algorithm, resulting the ByteDance diverse torsion
dataset(BDTorsion). The remaining torsion dataset was used as the training dataset for

ByteFF.



2 Model architecture

2.1 Input features

For comprehensive description of the molecular graph, both atomic and bond features were
extracted from the molecular graph. Atom features include the element type, ring connectiv-
ity, minimum ring size, and formal charge of each atom. While bond features include bond
order, and whether the bond is in ring. After continuous vectorial embedding for both atom
and bond features, they were further concatenated into node and edge feature embeddings,
respectively. Embeddings for each node or bond were then independently processed through
a few MLP layers to produce the output embeddings, before being fed into the node and

edge channels of the modified Edge-augmented Graph Transformer (EGT) architecture.

2.2 Neural network architecture

ByteFF employed a modified EGT architecture!! to learn molecular mechanics force field
parameters from the molecular graph. A main characteristic of the EGT architecture is the
residual edge channel, which incorporate the edge features into the original node-based atten-
tion mechanism. In this architecture, node embeddings get updated through a self-attention
mechanism in node channels, while edge channels, which keep track of the bond features,
directly contribute to this process, allowing the graph structure to evolve dynamically. The
interaction between node and edge channels ensure that the structural information evolves
from layer to layer, enabling the model to learn the structural features of the molecular
graph. Instead of using the vanilla form of the EGT architecture, we replaced the global
self-attention mechanism in EGT with the local self-attention mechanism such that the at-
tention mechanism is constrained to the local neighborhood of each node. Additionally, the
hidden states of the bidirectional edges were averaged, so that h... = h

61] eji'



2.3 Symmetry preserving mechanisms

When describing a molecular graph, it is important to recognize the chemical symmetry of
the molecule. Accurate identifying chemically equivalent atoms and bonds not only helps
to provide reasonable node/edge embeddings in the featurization module, it also ensures
permutation invariance when deriving force field parameters in output module.

For each molecule, atom and bond features were extracted independently, and canonical
atom rankings were calculated using the RDKit package to identify chemically equivalent
atoms and bonds. In the featurization module, embeddings of chemically equivalent atoms
and bonds were averaged to preserve chemical symmetry of the molecule. After the GNN
module, hidden states were processed through the edge-augmented symmetry-preserving
pooling to obtain symmetric input for the MLP layers in the output module. With respect
to the specific permutation invariance of bond, angle, proper, and improper torsion, the

edge-augmented symmetry-preserving pooling is processed in the following manner:

By =NNu([ha, : hey; @ hay]) + NNp([ha; @ ey, @ hey])

ho,; =N No([ha, @ heyy @ hay @ heyy @ hay])
+ NNy(lhay < ey, = ha, < hey, )
hoe =NNo([ar < heyy = By = Besy By < heg = ) "
+ NNy ((hay = ey < By = ey, = = e, < hy)

hwijkl :NNdJ([hxi . h’eij : h%])
+ Nquhl“z : heik : hxk])
+ NN#J([hfL”z : heu : hxz])

Where h,, denotes node hidden states of atom i, h.,; denotes edge hidden states between
atom ¢ and 7, NN,, NNy, NNy and NN, denote the MLP layers for bond, angle, proper,
and improper torsions, respectively. The colon sign (:) denotes concatenation. Following this

process, the permutation invariance is evident as in h,,; = h.,, he,, = he, ;s he, . = ey,
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For improper dihedral, with atom 7 being the center atom, the value of hy,;,, remains the

same for all permutations of j, k,[ in this notation.

2.4 Total charge preserving

In the output module, the total charge of the molecule was preserved by using the bond
charge correction (BCC) algorithm. Instead of directly predicting the partial charge on
each atom, we predicted the charge transferred across each bond and summed them up to
obtain the charge on each atom. In the BCC algorithm, two atoms involved in a bond were
perturbed by equal amount but opposite charges, ensuring no net gain or loss of charge on
the molecule level, thus preserving the total charge of the molecule.

To achieve this, the transferred charge across bond between atom ¢ and j, g;;, is predicted

by an anti-symmetric function under exchange of atom ¢ and j:
dij = f (NNQ([hJCz : heij : hx]D - NNQ([hﬂﬁj : heji : hwz])) ) (2)

where function f is an odd function, modeled by an MLP with no bias and tanh activation

function. Then, g¢;;s are summed up to obtain the charge on each atom:

4 =q + Z i (3)

JEN(3)

where N (i) denotes the neighbors of atom i, and ¢! is the formal charge of atom i averaged

according to the chemical symmetry.

2.5 Hyperparameter configurations

Following the model architecture defined above, following hyperparameter configurations
were used in the ByteFF model: In the featurization processes, both node and edges em-

beddings were generated by 2 MLP layers with 64 hidden units and GELU activation. In

11



the GNN layers, 4 layers of modified EGT were used with 256 hidden units and GELU ac-
tivation. In the output module, the node and edge hidden states were first post-processed
by 4 MLP layers with 512 hidden units and GELU activation, followed by edge-augmented
symmetry-preserving pooling and total charge preserving treatment utilizing the bond charge
correction algorithm. The force field parameters were predicted by 4 MLP layers with 256
hidden units and GELU activation. Five models, each initialized with different random seeds,
were trained. The final force field parameters were obtained by averaging the predictions

from these five models.

12



3 Training details

3.1 Training datasets

As documented in Table 1, three datasets were involved in the training procedure: optimiza-
tion dataset, torsion dataset and off-equilibrium dataset. The off-equilibrium dataset contains
three sub-dataset used by Espaloma-0.3.0,'? namely SPICE-Pubchem, SPICE-Dipeptide and
RNA-Diverse. The optimization dataset and torsion dataset were split into training and
validation sets with a ratio of 9:1, while the off-equilibrium dataset was split into train-

ing /validation and test sets following the same manner in Espaloma-0.3.0.

3.2 Training strategies

The training procedure of ByteFF models comprises three stages: pre-training, training, and
the optional fine-tuning stage.

In the pre-training stage, the goal was to optimize the model to learn reasonable force field
parameters using the optimization dataset. This involved fitting various parameters through
multiple well-designed loss functions: (1) Non-bonded parameters and force constants of
proper torsions were fitted to those used by GAFF-2.2 with mean squared error (MSE)
losses. (2) Equilibrium values of bonded parameters were optimized with energy-based loss
functions w.r.t. corresponding terms on conformations in the optimization dataset. (3)
Force constants were fitted by minimizing the discrepancies of Hessian matrices between
QM and the force field, using the mean absolute percentage error (MAPE) losses. Here,
only the Hessian blocks corresponding to bond and angle terms were fitted, leading to the
term “partial Hessian loss”.

For the first loss, GAFF-2.2 parameters with AM1BCC charges were obtained for all
molecules in the optimization dataset using Antechamber.'®* From the resulting itp files,
the o, € and ¢ values were extracted and served as labels for training non-bonded parameters.

Meanwhile, the values of proper torsion force constants were used as labels to train proper

13



torsions. After pre-training, the model was able to accurately reproduce the GAFF-2.2
non-bonded parameters and proper torsion force constants. The root mean squared error
(RMSE) for o, €, ¢ and proper torsion k on the validation set was 1.1 x 1073 A, 4.2 x 104
keal /mol, 1.3 x 1072 elementary charges and 7.0 x 1072 kcal /mol, respectively.

In the training stage, the curated torsion dataset was incorporated to train the force con-
stants of proper torsion using the Boltzmann MSE losses, '®> while other force field parameters
were trained using the same loss functions and labels as in the pre-training stage. Due to the
limitation of functional forms in MMFF, it is usually considered unattainable to perfectly
fit QM PES using an MMFF. With the focus on torsional energy profiles, we chose to fit
the projection of PES on the torsional degree of freedom, using an iterative optimization-
and-training approach. Such approach includes (1) optimizing the QM conformations from
torsion datasets using the force field, with the scanned torsion constrained and atoms re-
strained, (2) training the force field parameters on the optimized conformations, and (3)
attenuate the strength of the positional restraints as the force field’s accuracy improved. In
the training processes, L1-norm regularization was applied to the force constants of proper
torsions to restrain redundant degrees of freedom.

After the training stage, an optional fine-tuning stage was performed to further improved
the model’s performance by incorporating the off-equilibrium dataset and refine the force field

parameters with QM energy and forces.

3.3 Loss functions

In the multi-stage training procedures, various forms of loss functions were employed to
optimize the performance of ByteFF models in an efficient and robust manner. The detailed

loss functions are described in the follows.
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3.3.1 MSE loss
In the pre-training, training, and fine-tuning stages, non-bonded parameters, including o, €

and ¢ in Eq. 2, were trained using the MSE loss functions.

Liise "N > (gi—d
atom Natom

in which Ngiom is the number of atoms, 7, € and ¢ denote model predictions

In the pre-training stage, MSE loss was also used to fit the force constants of proper

torsions k:Z¢.
k 1 n rn
£1\/fSE = AN Z(k¢¢ - k¢¢)2 (5)
PTOPET ropers ng

in which n, refers to the periodicity of proper torsions and lA% denotes model prediction.

Using a periodicity of 4 instead of 1 or 2 as typically used in GAFF, we labeled k;¢ terms

missing in GAFF as zeros.
In the fine-tuning stage, MSE losses were used to fit both force and energy.

1 2
£Force _ ‘FQM _ FMM‘
MSE 3Natom i 7

atom

2

(7)

1
E?M—EyM—N—Z(EgM—E?&M)

conf N

/:Energy . 1
MSE N
conf Neont

The force field predicted energy (EMM) and labeled energy (EM) of each conformation

conf

Force Energy
vep and Lyjgp” w.r.t.

were aligned by the average of all conformations. The gradient of £

non-bonded parameters were truncated.
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3.3.2 Energy-based loss

Energy-based loss functions were used to train equilibrium values of bond length (), angle
(6p), and improper torsion force constants (ky) because corresponding energies should be
minimized at equilibrium conformations, and their harmonic formulations are well-suited for
training. During the training process, the gradients of other force constants were clamped

to ensure only these terms are trainable.

70 :;EMM
FEhond Nbond bond
1
6o _ MM
EEangle - Nangle Eangle (8)
ky _ 1 EMM
Eimproper o Nimproper mproper

Since the equilibrium value of improper was fixed to 180° to maintain the planarity of
corresponding structures, £ were used to prevent large k; when equilibrium structures
significantly deviate from planarity. The gradients w.r.t. other force field parameters were

truncated.

3.3.3 Partial Hessian loss

When training force constants of bond (k,), angle (kp), and improper (ky), we used the
MAPE of partial Hessian blocks as the loss function. This loss was designed utilizing the
energy decomposition nature in MMFF, which avoided the O(n?) complexity of calculating
the full Hessian matrix. For example, the partial Hessian block relating to atom ¢ and j

contributed by bond (i — j) can be represented as:

82 EMI\/I 82 EMM 82EMM

bondij bondij bondi]-
amixj 8x¢8yj 8:)37;BZJ'

H?fmdz’j _ 82E§£¥dij 82E1%1:1/Idij 82E%¥dij 7 (9)
J Oy; 0z Oyiy; Oy;0z;
PEN, 0, B
0z;0x; 02z;0y; 0z 2

16



In addition to H;;, the same bond (i—j) also contributes to another partial Hessian block Hj;.
Similarly, one angle contributes to six partial Hessian blocks, and one proper or improper
torsion contributes to twelve blocks. Summing up all the contributions, the partial Hessian

block predicted by the force field was obtained:
MM __ bond angle proper improper
The MAPE loss was then used to evaluate discrepancies of partial Hessian blocks between

QM and force field predictions:

/:k’r,keykw _ 1 Z Z |H3M _ H%IM | (11>
MAPE 2 X (Nbond + Nangle) maX(’tr(HgM)‘7 LB)

(ij)€bonds,angles

The discrepancy between QM and MM was normalized by the trace of QM partial Hessian
blocks, as it was a rotation invariant of the partial Hessian. The trace was clamped to a
lower bound of LB, which was set to 10.0 in the pre-training stage. The gradient w.r.t. force

field parameters except for k,, kg and ky were truncated.

3.3.4 Boltzmann MSE loss

When trained with the torsion dataset, force constants of proper torsions (k,) were fitted
using the Boltzmann MSE loss, similar to that used by OPLS-AA.16 In the torsion dataset,
each molecule contains multiple (Neopnr) conformations. Before calculating the loss function,
the force field predicted energy (EMM) and QM energy (ESM) of each conformation were
aligned w.r.t the corresponding minimum energy of all configurations:

B = B — min(E),

7

(12)

B = B — min(E™).
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The Boltzmann MSE loss was then calculated by reweighing the MSE error using the Boltz-

mann formulation weight.

Nconf
Ly _—
Bolt MSE —
- Nconf

Neont QM MM 2
. . : (B — B!
w; - EZQM — MM _ D (w (chnf ) 7 (13)
i=1 Zi:1 W

afmin(EAZQM,EAlMM)

B

where w; = min {1.0, exp ( ) }, while energy clamp « and decay weight [ are
hyperparameters of the Boltzmann weighting function. Gradients with respect to all force
field parameters, except for ky, were truncated. Additionally, gradients with respect to kg

were truncated for torsion angles with a circular standard deviation below 0.3, as insufficient

sampling leads to large uncertainty which is inappropriate for reliable training.

3.3.5 Ll-norm regularization

In both training and fine-tuning stages, L1-norm regularization was used to restraint the
redundant degrees of freedom of k;p predicted by the model.

g
k¢

L = — D

PrOPEr b opers ng

3.4 Loss functions used in different stages

As demonstrated in the main article, different datasets and loss functions were combined in
different training stages. In the pre-training stage, the optimization dataset was used, and

the overall loss function was given by:

Lpreftraining :['optimization

g (o € € k k
=MiseLse + MiseLuse + MiseLuse T AviseLrise (15)
6o ky ﬁkw

4\ 0 + 2\
Ebond Eanglc Eanglc Eimproper Eimproper

Ebond

kr,kg,ky pkr kg, ky
+AMAPE EMAPE .
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Since individual terms in the loss function are able to decrease simultaneously, the value of
As were simply set to 1.0 with satisfying performance and not further optimized.
In the training stage, both optimization and torsion datasets were used, with the overall

loss function given by:

Ltraining :Acoptimization + Ltorsion

__\O o € € q q
Loptimization =AuseLuse T AseLuse T AuseLvse

N Yyt SR N o/ D Vo N o (16)

Ebond angle Eangle Eimproper Eimproper

k’r‘7k97k’d) k?"k97kw
+ A1\/IAPE ﬁMAPE

_\Fke ke kg kg
Liorsion _)‘Bolt_MSE'CBolt_MSE + )\Ll—norm‘CLl—norm’

in which all As were set to 1.0, the clamp and decay weights in the Boltzmann MSE loss

kg

L1-norm Were tested and

were set to 10.0 and 2.0 respectively. Several alternative values of A
the best were chosen according to the resulting validation loss.
In the fine-tuning stage, in addition to the optimization and torsion datasets, the off-

equilibrium dataset was also incorporated, with the overall loss function given by:

Etraining :Loptimization + ['torsion + Loﬁfequﬂibrium

(17)
__\ Energy pEnergy Force pForce
Eoﬂ—equﬂibrium _>‘MSE ‘CMSE + >‘MSE EMSE?

where Loptimization ad Liorsion Were the same as those in the training stage. All As were set
to 1.0, except for Ao which was set to 0.1. A few alternative ratios of A\see to oL
were tested and the best were chosen according to the resulting validation loss.

All loss functions are differentiable with respect to the force field parameters, allowing

gradients to be backpropagated to the model parameters. We implemented gradient back-

propagation and batch training using PyTorch,'” with gradient clipping applied based on
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the maximum values of each force field parameter.

0L OL ke,
— S B 18

3.5 Force field geometric optimization

In the force field geometric optimization, torsion constraint was applied to the scanned
torsion in the torsion dataset, such that the scanned torsion angle was fixed during the op-
timization. We implemented a batched L-BFGS'® with SHAKE algorithm ! using PyTorch

to automate and accelerate the optimization process.
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4 Metrics for force field evaluation

To evaluate the performance of ByteFF models and directly compare various force fields,
several evaluation datasets were used, including OpenFFBenchmark dataset and a series
of torsion scan datasets (TorsionNet500 and BDTorsion). These evaluation datasets were

entirely separate from the training data, ensuring no risk of data leakage.

4.1 Metrics on OpenFFBenchmark dataset

On the OpenFFBenchmark public dataset, three metrics were calculated for evaluating the
performance of force fields: root-mean-square deviation (RMSD) of atomic positions, torsion
fingerprint deviation (TFD),? and relative energy differences (AAFE) using the compare-
force-fields scheme defined by OpenFF team.?'?2 With these metrics, we compared the
performance of ByteFF models with GAFF-2.2, OpenFF-2.0.0 and Espaloma-0.3.0. The
results of OpenFF-2.0.0 were similar to those in 22, with slight difference mainly arose from
the download failure of several conformers (a total of 71,456 conformers were downloaded).
Additionally, 142 conformers were removed due to mismatch with their mapped SMILES.
Furthermore, OpenFF-2.0.0 failed to label 8 molecules, and Espaloma-0.3.0 failed to label 5

molecules, which were excluded from the evaluation.

4.2 Metrics on torsion scan datasets

On torsion scan datasets, we calculated the root mean squared error (RMSE) and Boltzmann-
weighted RMSE of the torsion energy profile on both TorsionNet5002® and BDTorsion
datasets. The MM energy profiles were calculated by minimizing the energy of QM-minimized
conformers under MMFFs, with the scanned torsion constrained and other torsion angles re-
strained by 0.1 kcal /mol/rad, preventing significant conformational changes. In the RMSE
calculation, the QM and MM energies were adjusted so that their average values were equal.

The Boltzmann-weighted RMSE was calculated as the square root of the Boltzmann MSE

21



described in Section 3.3.4, with both clamp and decay parameters set to 2 kcal/mol. In
the tested torsion scan datasets, conformers with different chirality were split into different
molecules. Three molecules in TorsionNet500 were removed due to the mismatch between
conformers and mapped SMILES. Additionally, OpenFF-2.0.0 failed to label 32 molecules in
BDTorsion in-ring dataset and 7 molecules in BDTorsion non-ring dataset, while Espaloma-
0.3.0 failed to label 30 molecules in BDTorsion in-ring dataset and 7 molecules in BDTorsion

non-ring dataset, which were excluded from the evaluation.

4.3 Metadynamics Details

Ten drug-like fragments were selected from ligands in the FEP+ benchmark dataset®* by
experts for MetaD simulations. One torsion angle in each fragment were chosen as the

collective variable (CV) to impose bias potential. All metadynamics simulations?>2

were
performed at 300 K for 1 ns using the Langevin integrator with a timestep of 1 fs. The
biasing potential was added every 40 MD timesteps, with wells of width ¢ = 0.1° and
heights w = 0.2 kJ/mol. The well-tempered algorithm?” was used for smooth convergence
of the bias potential, with a bias factor v = 5. Such parameters were chosen to ensure
the biasing potentials converged within the 1 ns simulations. The final biasing potentials

V (s) were converted to the free energy surfaces of the biased torsions F'(s) via the following

expression:

F(s) = =(=—=)V(s). (19)
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Figure S2: Additional examples of the in-ring torsion prediction accuracy of var-
ious force fields. As supplementary examples to Figure 4 (a-b), more example molecules
with in-ring torsion predictions are shown here, covering various types and in-ring torsions
and different elements. The torsional energy profile predicted by various force fields are
shown for each example molecule, in comparison with reference from the QM calculation.
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Figure S3: Additional examples of the non-ring torsion prediction accuracy of
various force fields. As supplementary examples to Figure 4 (c-d), more molecules with
non-ring torsion predictions are shown here. For each molecule, the torsional energy profile
predicted by various force fields are also shown with reference from the QM calculation.
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Figure S4: Additional examples of the torsional free energy surface (FES) pre-
diction accuracy of various force fields. As supplementary examples to Figure 7, nine
additional molecules with torsion FES predictions are shown here. For each molecule, the
torsional FES predicted by various force fields are also shown with reference from the QM
calculation.
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