GRAPPA-based CHARMM Extender (GRACE): a tool for predicting
CHARMM-compatible force field parameters with automated
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Molecules can be represented as graphs. By using a Local Graph Attentional Transformer
architecture, the network learns to assign high-dimensional feature vectors called embeddings. The
embeddings are then used to predict the complete set of force-field parameters. This allows to study
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novel molecules at the spatial and temporal scales of force fields.

- ot
= =
o o =% <
23] w [ ) ek

Number of Molecules (log scale)
= — !
- - o
LR o _|‘-J -

—
o
N =Y

CHARMM36 Coverage Unparameterized Chemical Space

Why do we need GRACE?

The number of possible molecules is
enormous, while the number of molecules
with known force field parameters is
sparse. An attempt to enumerate possible
molecules of up to 17 atoms [4] already
exceeded the number of parameterized
molecules by 7 orders of magnitude.

»> L\ O S
i Bond stretching { | 0+ : Cé
-» P &
£ i 5+
Y Electrostatic
Angle bending potential
-»> 2 &
4>
& s o) S
Bond rotation : €
(torsion) : Lennard-Jones
- — : §  potential

Bonded forces Non-bonded forces

- o —— M 103} Classical FF
2 = & OpenFF-2.0.0 > === MLFF (Impl. 1)
, \ =GAFR-211 o [T T T T T IN T e ML FF (Impl. 2)
A ﬂ-- o
= e ..
ﬁ -"'--. ..;-.."‘- _.":. r X : \ e E
— 3 x % g " | E . , - T 107
B ;] a __ w [ ol
E ¥, 2] " ' » ' ", ¥p)
- ! - - : " e
- o 4 ¥ b
ﬁ : -rf T S F, J . E g [e]
! : . _ Y ri '
- u _-":'-- H_'. . ‘-ll-_:."!l : ol ...‘-_ TER E 1[]1 --------- e
A o L . ; \ - . - o SN 0 e o i o . :-..,H
% & _I: : ;.Ji "'a” ,;r l\\“‘ i .,fr - 4 E ._.rﬁ__h_"‘
o |:| --.__"__. : '.___-- ) N H""-*-.u____‘_.t-‘ !
-150 ~100 -50) 0 50 100 150 | | | | |
10% 10° 10° 10° 10° 10’

[5]

Dihedral Angle [degrees]

Traditional approaches for filling gaps in force fields are
rule-based systems that assign one of the pre-tabulated
atom types to each atom in a molecule. However, the
results are often of low quality as can be easily seen by
comparing to quantum mechanical torsion profiles [5].
Furthermore, the atom types are still limited by the
chemical space covered in the force field and cannot be
easily extended to e.g. radicals.

System Size (atoms)

An entirely different approach is the use of
machine-learning potentials [2,3] which predict
forces directly from the positions of an atomic
environment. They are better at interpolating
the chemical space and are more accurate than
force-fields. However, they are also orders of
magnitude slower and are often unsuited for
charged molecular species.

Prediction and refinement workflow

» The input to GRACE consists of atomic coordinates, total charge and
multiplicity, which is also the minimal input for any quantum chemistry
program. The optionally provided chemical groups ensure that the sum of
atomic charges is integer for every chemical group, which helps in polymer
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parametrization. QM geometry optimization using restricted Hartree-Fock
highlights possible problems with the input early. The Conformer—Rotamer
Ensemble Sampling Tool (CREST) and the Semiempirical Extended Tight-
Binding Program Package (XTB) are combined to generate diverse molecular

in a solvation shell. Lennard-Jones parameters can be

obtained from our CHARMM2GAT network. A charge optimization using a
Lagrangian delivers reliable atomic partial charges. With the non-bonded
parameters given, GRAPPA can be fine-tuned to deliver bonded parameters.
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Benchmark model for charge fitting

For the fit of non-bonded parameters in the CHARMM
force field one usually performs expensive geometry
optimizations for various dimers of the molecule with
water. To increase robustness and speed, we desired an
algorithm that computes non-bonded parameters from
a single quantum mechanical (QM) calculation. We
derived Lagrangian equations for this purpose that
simultaneously uphold the required molecular
symmetries. For the test-case of acetic acid, our charges
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are close to the CHARMM charges but improve the
mean absolute error from 6.0 kcal/mol to 3.8 kcal/mol.
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