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ABSTRACT: Force fields (FFs) are an established tool for simulating large and
complex molecular systems. However, parametrizing FFs is a challenging and time-
consuming task that relies on empirical heuristics, experimental data, and computational
data. Recent efforts aim to automate the assignment of FF parameters using pre-existing
databases and on-the-fly ab initio data. In this study, we propose a graph-based force field
(GB-FFs) model to directly derive parameters for the Generalized Amber Force Field
(GAFF) from chemical environments and research into the influence of functional
forms. Our end-to-end parametrization approach predicts parameters by aggregating the
basic information in directed molecular graphs, eliminating the need for expert-defined
procedures and enhances the accuracy and transferability of GAFF across a broader
range of molecular complexes. Simulation results are compared to the original GAFF
parametrization. In practice, our results demonstrate an improved transferability of the
model, showcasing its improved accuracy in modeling intermolecular and torsional
interactions, as well as improved solvation free energies. The optimization approach developed in this work is fully applicable to
other nonpolarizable FFs as well as to polarizable ones.

■ INTRODUCTION
The high numerical cost of quantitative ab initio methods
restricts their application to small systems, composed of a few
hundred atoms,1,2 limiting the ability to study larger molecular
systems. As an alternative, force fields (FFs) have emerged as
valuable tools, employing physically motivated functional
forms to model potential energy surfaces. These FFs are
parametrized to match ab initio as well as experimental data,
offering a computationally cheaper alternative for simulating
diverse systems, ranging from biology to polymers and
complex materials. Indeed, there is a wide range of FFs
developed for different purposes and compounds.

FFs can be categorized into two main families. The most
commonly used FFs are known as classical, or nonpolarizable,
FFs, that include AMBER,3,4 CHARMM,5,6 and GAFF.7,8

These nonpolarizable FFs employ a combination of fixed-
charge Coulomb potential and Lennard-Jones interactions to
model intermolecular interactions. They are highly efficient
numerically, enabling simulations of very large systems over
long time scales.9,10 However, their simple functional form
lacks polarization and many-body effects, which are crucial for
accurately describing complex phenomena such as pi-stacking
or allosteric effects.11,12

On the other hand, there are polarizable force fields (PFFs)
such as AMOEBA,13,14 AMOEBA+,15,16 CHARMM Drude,17

and SIBFA.18,19 These force fields have been specifically
developed to incorporate polarization and many-body effects.

This enhanced flexibility and accuracy comes at a higher
computational cost compared to nonpolarizable FFs. Never-
theless, PFFs provide a more comprehensive representation of
intermolecular interactions and are particularly suitable for
studying complex systems.20−23

In recent years, significant attention and resources have been
devoted to the development of Machine Learning Potentials
(MLPs), aiming to bridge the accuracy and generality gap
between FFs and ab initio methods.24−26 MLPs employ flexible
functional forms from the field of Machine Learning (ML) to
accurately fit ab initio energies or forces. With respect to the ab
initio methods, they offer a favorable balance between
computational efficiency and accuracy, circumventing the
need for empirical functional forms used in FFs. MLPs possess
the ability to capture complex interactions,27−31 that are
challenging to model when using traditional nonpolarizable
FFs.

However, the accuracy of MLPs depends on the quality of
the training data and the architecture of the ML model, which
can limit their transferability. Moreover, MLP models are often
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difficult to interpret, posing challenges in identifying and
understanding the underlying physics and chemistry of the
systems under study. To address this, one strategy involves
constructing hybrid models that combine MLPs and FFs,
bridging the gap between the short-range accuracy of quantum
mechanics and the computational efficiency of FFs.32−35

However, FFs remain widely used across various areas due
to their computational efficiency, and such hybrid MLP FF
strategies still require an accurate FF parametrization.
Parameterizing an FF is a challenging task since its accuracy
and transferability heavily depend on the quality of its
parameters. This process is time-consuming, often taking
years, as it relies on empirical heuristics, experimental data, and
computational data. FFs have established robust parametriza-
tion procedures, such as Antechamber for GAFF8 and poltype2
for AMOEBA.36,37 Additionally, these FFs rely on empirically
assigned atom types and atom classes to assign parameters
(e.g., bonds, angles) that are specific to the local topology. To
enhance the generalization and reliability of FFs, one tendency
is to expand the atomic type space. However, this leads to an
increasing number of possible valence compositions, introduc-
ing significant complexity into the parameter fitting process.
Moreover, even with modern parameter optimization frame-
works38 and sufficient data, FF parameters defined by fixed
atom types can sometimes suffer from low transferability.

Advances in the computational efficiency and scalability of
ab initio methods have also provided new opportunities to
enhance the transferability and accuracy of FFs by building
larger and more accurate databases.39,40 A question arises: can
ML be used to enhance the prediction of FF parameters by
training on ab initio databases? Recently, the Espaloma model
combined Graph Neural Networks (GNNs) and automatic
differentiation to predict FF parameters.41 By focusing on
intramolecular interactions, they demonstrated that GNNs can
effectively predict FF parameters based on potential energies.

Here, we propose a Graph-Based Force Fields (GB-FFs)
model for FF parametrization. GB-FFs automatically derive
accurate FF parameters using atom features and bond features
and aim to extend the generalization of FFs by using a novel
Directed Graph multihead Attention Network architecture. It
serves as a continuous alternative to traditional discrete atom
typing schemes, eliminating the need for assigning atom types
and obtaining FF parameters directly from atomic representa-
tions.

To assess the overall quality of our GB-FFs model, we
compared its performance to the original GAFF parametriza-
tion using the highly parallel Tinker-HP GPU package.42,43

Our model is freely available (MIT License) on GitHub at
https://github.com/GongCHEN-1995/GB-FFs-Model, and a
tutorial is included for generating GAFF parameters from a
given SMILES, as well as for fine-tuning the model on a newer
database.

This work introduces several significant contributions. First,
it improves the existing GAFF by refining its parameters,
thereby improving its accuracy. Second, it treats molecules as
directed molecular graphs and employs a self-attention
mechanism to effectively aggregate information, enhancing
the model’s performance. Third, it incorporates an efficient
charge transfer procedure to enhance the prediction of fixed
atomic charges with an N( ) complexity. Furthermore, the
model’s validation spans across various properties, including
both quantum-mechanical and experimental properties, such as
hydration free energies, across diverse molecular systems.

Additionally, the versatility and ease of use of the model allow
its extension to other force fields. Lastly, the paper explores the
limits of GAFF by modifying its functional forms, shedding
light on its strengths and weaknesses.

■ METHODS
In the following sections, we provide a brief introduction to
GAFF and present the GB-FFs model.

The General AMBER Force Field (GAFF). GAFF7 is
among the most popular classical FFs to simulate organic
molecules. It is an extension of the Amber force field.4 GAFF is
specifically designed to be compatible with a broad range of
organic molecules, including drug-like compounds, carbohy-
drates, and nucleic acids.

GAFF incorporates a comprehensive set of parameters for
bond stretching, angle bending, torsional, and nonbonded
interactions. These parameters allow for accurate modeling and
simulation of the behavior of organic molecules under various
conditions (e.g., high pressure, low temperature). Due to its
computational efficiency, relative reliability and its relatively
simple functional form, GAFF has been widely used and
implemented in many popular molecular simulation software
packages, such as AMBER,4 GROMACS,44 CHARMM,6 and
Tinker/Tinker-HP.42,43,45,46 Another advantage of GAFF is the
public availability of its parameters. Thus, facilitating its
widespread use within the scientific community.

In GAFF, the angle bending, bond stretching bonded
interactions are modeled using a harmonic potential making it
nonreactive thus greatly simplifying the parametrization
process. The torsional potential is expressed as a Fourier
series. For nonbonded interactions, the van der Waals (vdW)
interactions are described by a 12−6 Lennard-Jones potential,
and electrostatic interactions are modeled using atom-centered
fixed charges.
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where req and θeq are equilibrium structural parameters ; Kr, Kθ,
Vn are so-called “force constants”; n is multiplicity and γ is
phase angle for torsional angle parameters. The ϵ, σ, and q
parameters characterize the nonbonded vdW potential. ϵ, σ
follow Lorentz−Berthelot combination rules.47,48 The GAFF
parameters {Kr, req, Kθ, θeq, Vn, ϵ, σ} are directly read from
parameters table according to corresponding atom types while
n = 1, 2, 3, 4 and γ = 0 or π.

The parametrization process of GAFF starts by assigning
partial charges. In the early stages of GAFF, Hartree−Fock
(HF) with the 6-31G* basis set were used to generate
electrostatic potentials from which restrained electrostatic
potential (RESP) charge49,50 fits were derived. This process
proved to be expensive, especially for large molecules and led
to the development of the AM1-BCC charge scheme that
approximate HF/6-31G* RESP computation by first calculat-
ing charges using the AM1 semiempirical model and correct it
via bond charge corrections.51,52
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In GAFF, the equilibrium bond length θeq is fitted through
experimental data from X-ray and neutron diffraction, as well
as MP2/6-31G* computations. On the other hand, bond angle
parametrization uses reference from the Cambridge Structure
Database, empirical rules and MP2/6-31G* computations.
Finally, the strategy for developing torsional angle parameters
involves performing torsional angle scanning and fitting the
parameters to accurately reproduce the rotational profile
obtained from MP2/6-31G* calculations. The vdW parameters
are the same as those used by AMBER and thus extracted from
a database.

While in this paper we specifically used GB-FFs on the
second generation of GAFF parameters, this framework is
general and can be used on other types of FFs including
polarizable ones.

Graph-Based Force Fields Model, a Universal Param-
eterization Procedure. GNNs have been proved to be an
efficient and powerful way to detect chemical environment and
to extract molecular properties.53−56 In addition, GNNs also
have shown potential in expressing atoms’ representations and
bonds’ representations.53,54,57

The model is composed of three modules: molecule
processing model, symmetry-preserving parameter generator,
and charge transfer model (see Figure 1). These components
will be discussed in the following sections.

GB-FF’s runtime complexity for a molecule with N atoms is
N( ) and processing a molecule with N = 50 atoms takes

0.04 s on a single GPU V100. In comparison, Antechamber
takes 111 s to assign atom types and charges for the same
molecule and its AM1-BCC charge model has a computational
complexity of N( )2 .
Molecules Processing Model. Assigning atom types and

determining FF parameters are typical atom-level tasks.
Building on the notion of directed bonds,58 we used a
Directed Graph Attention neTworks (D-GATs) model.56 In
contrast to other ML-based molecular processing models, D-
GATs exhibit a remarkable ability to discern local chemical
environments and eliminate unnecessary message flow. They
have consistently outperformed state-of-the-art benchmarks in
13 out of 15 molecular property prediction tasks.56

To enhance the robustness, we employ the Smooth
Maximum Unit (SMU)59 as an activation function. SMU
offers a smooth approximation to the entire Maxout family,
including ReLU, Leaky ReLU, and their variants.60 Our goal is
to predict a set of parameters that can bring molecular dynamic

simulation results closer to the ab initio data. The molecular
potential energy surface is highly sensitive to these predicted
parameters. Our test demonstrated that the discontinuity in
the Maxout function can hinder the convergence of the
models’ loss.

To ensure compatibility with GAFF, we focused on
compounds composed of C, N, O, H, S, P, F, Cl, Br, and I.
Using the RDKit package,61 we extracted fundamental atomic
and bond features (see Table 1). These features, in

conjunction with the molecular graph represented in Lewis
structure,62 were then input into the GB-FFs model. For more
information about the accuracy of the predicted atom types
and features, refer to the section “Recovering atom types in
GAFF” in the Supporting Information (SI). The model’s
outputs include atomic and bond representations. For this
article, we specifically employ the directed bond representa-
tions to incorporate chemical information and the atomic
representations for predicting FF parameters (as illustrated in
Figure 2).

FFs are intricate and highly parameter-sensitive. To enhance
the models’ expressive capacity and expand their receptive
field, we employ a hierarchical structure consisting of two
stacked layers: Small and Larger Layers. Both layers share the
same model architecture but operate in distinct dimensions.

Figure 1. Framework of graph-based force fields (GB-FFs) model: It consists of molecule processing model, the symmetry-preserving parameter
generator and charge transfer model.

Table 1. Input Features of the GB-FFs Model

Atom Features Size(38) Descriptions

atom symbol 11 [UNK,H,C,N,O,F,P,S,Cl,Br,I] (one-hot)
degree 6 number of covalent bonds [0, 1, 2, 3, 4, 5] (one-

hot)
formal charge 7 [-3,-2,-1,-0,1,2,3] (one-hot)
hybridization 8 [unspecified, s, sp, sp2, sp3, sp3d, sp3d2, other]

(one-hot)
chirality 4 [unspecified, tetrahedral_CW,

tetrahedral_CCW, other] (one-hot)
ring 1 whether the atom is in ring [0/1] (one-hot)
aromaticity 1 whether the atom is part of an aromatic system

[0/1] (one-hot)
Bond

Features Size(12) Descriptions

bond type 4 [single, double, triple, aromatic] (one-hot)
conjugation 1 whether the bond is conjugated [0/1] (one-hot)
ring 1 whether the bond is in ring [0/1] (one-hot)
stereo type 6 [StereoNone, StereoAny, StereoZ, StereoE,

Stereocis, Stereotrans] (one-hot)
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Between the two stacked layers, we incorporate linear
transformations (We and Wn) to convert the dimensions of
atomic and bond representations.

As depicted in Figure 2, the Large Layers consist of 3
interaction layers with a model dimension (Dh) of 512. They
play a central role in detecting chemical environments and
forming atomic representations. The Small Layers, on the
other hand, employ 4 interaction layers with a model
dimension (Dh) of 128 and four attention heads. These layers
are primarily used for embedding initialization and demand
minimal computational resources.

We denote the output atomic representations as
= | =h h i N1, ...,T

i
T , while the output directed bond

representations are denoted as h p ij
T

( ) for all connected atoms
i and atoms j. It is important to emphasize that the

directionality in bond representation is critical, with h p ij
T

( )

indicating the bond from atom i to atom j.
Charge Transfer Model. To ensure the net charge of the

molecule aligns with the actual scenario and to improve the
physical meaning of charge distribution, we used directed bond
states { }h p ij

T
( ) to predict the charge transfer between connected

atoms. Our molecular processing model is based on directed
graphs, eliminating the need for additional operations, and it
can predict the charge transfer from one atom to its neighbors.

As illustrated in Figure 3, the directed bond features
obtained from Figure 2 are fed into a feed-forward neural
network (FFN) to determine the charge transfer in the
corresponding bond direction. The final atomic charge is
obtained by summing the original formal charge and the
incoming charges while subtracting the outgoing charges.

Figure 2. Molecule processing model: D-GATs model with Dh being the dimension of model and Nheads the number of heads in the multiattention
mechanism. Between two stacked layers, We and Wn aim to convert the dimension of the embeddings. The stacked layers consist of several
interaction layers.

Figure 3. Charge transfer model: The charge is allowed to transfer between connected atoms and the charge in/out is directly calculated by the
directed bond embeddings. The final partial charge of atom is the original formal charge plus charge flows in and minus the charge flows out.
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We used the AM1-BCC charge model49,50 to calculate the
original partial atomic charges. Our predicted GB-FFs charges
were compared with both AM1-BCC charges and the accurate
wB97x/def2-TZVPP Minimal Basis Iterative Stockholder
(MBIS) charges. We found that the charge transfer model
performs comparably to the AM1-BCC charge.
Symmetry-Preserving Parameter Generator. The number

of FF parameters depends on the molecule’s geometry.
According to the molecular geometry, we use RDKit to list
all the combinations of bonds, angles, dihedrals, and
nonbonded interaction pairs. We input atomic representations
into the parameter generator based on the identified structure
to predict all potential bonds, angles, dihedrals, and non-
bonded parameters.

The parameter generator needs to ensure that atom ordering
symmetries. For example, when bond parameters are predicted,
if we exchange the order of two input atomic representations,
the predicted parameters should be invariant. In the Espaloma
model,41 the relevant equivalent atom permutations are
enumerated, which has a computational cost. Here, we
leverage this by splitting the input atom embeddings based
on their intrinsic structure and applying linear transformations
to ensure symmetry:

= = +h h W h W hr r r i
T

r j
T

ij ji (2)

= = + +h h W h W h W hi
T

j
T

p
T

1 2 1ijp pji (3)

= = [ ] + [ ]h h W h h W h h, ,i
T

j
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q
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=h W hVdW VdW i
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where [.,.] denote concatenation and

× ×
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W W
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,

r
D

r

VdW
D D D D

1 2 1 2

2

h

h h h h

These embeddings for bond ({hr}), angle ({hθ}), torsion
({hϕ}), improper torsion term ({hφ}) and vdW interaction
({hVdW}) are in the same dimension. Additionally, the number
of parameters for each term is fixed (for example, one bond
term needs two parameters, {Kr, req}). According to the
corresponding embeddings, we can use the fully connected
NNs to predict the FF parameters (see Figure 4). Note that in
our procedure all FF parameters are optimized together, as
explained in the section Training Strategies below and
presented in more detail in the Supporting Information.

We will now present as a perspective our attempts to modify
GAFF’s functional in order to improve its accuracy and
transferability to a broader class of systems.

Perspective for GAFF Functional form. Here, we aim to
enhance the accuracy of GAFF by modifying its functional
form, especially by focusing on the bonded part. We modified
the bond-stretching term of GAFF by using a Morse function
and its angle bending energies with a Urey−Bradley term.
Morse Function for Stretching Energy. FFs typically adopt

functional forms based on a balance between the computa-
tional cost and approximation effectiveness. The Morse
function63 provides a more accurate description of the bond
potential, particularly for bonds that are stretched beyond their
equilibrium values. We employ the following form of the
Morse function (the same number of parameters as GAFF):

=E
K

e
4

( 1)bonds
bonds

r r r2( ) 2eq

(7)

with {Kr, req} are the parameters directly from GAFF
parameters.

In the following, the model is denoted as “GB-FFs Morse”.

Figure 4. Symmetry-preserving parameter generator: For a specified molecule, we input atom and bond features to hierarchical D-GATs and obtain
the atomic representations and directed bond representations. The symmetry-preserving parameter generator predicts all FF parameters, which can
be used to do molecular dynamic simulation.
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Urey−Bradley Terms. The Urey−Bradley (UB) terms64

serve as a cross-term addressing 1−3 nonbonded interactions
that are not adequately covered by the bond and angle terms.
We make use the following function:

=E K
r

r
1UB

angles
UB

UB

UB

2 2

eq
i

k
jjjjjjj

i
k
jjjjj

y
{
zzzzz

y

{
zzzzzzz (8)

with { }K r,UB UBeq
are the new FF parameters. The details to

calculate rUBeq
are presented in the Supporting Information

(Urey−Bradley Terms).
In the following, the model will be denoted as “GB-FFs UB”.
Training Strategies. Our training strategy consists of

several stages aimed at enhancing the robustness and
performance of our model. In the first stage, the model is
trained on the ANI-1 database, one of the largest database of
Density Functional Theory (DFT) computations for small
organic molecules.65 However, due to the relatively low ab
initio accuracy of the ANI-1 database, we fine-tuned the model
on two more chemically accurate databases: SPICE66 and
DES370K.67

The SPICE data set is used to ensure the accuracy on
intramolecular interactions of biomolecular systems. SPICE is
a collection of DFT data mainly built to train the MLP for
simulating drug molecules and proteins. The computations are
performed at the ωB97M-D3(BJ) functional68,69 with the def2-
TZVPPD basis set.70,71

In contrast, the DES370K data set is used to ensures the
accuracy of intermolecular interactions. In DES370K, the
reference interaction energies for these systems are computed
using the highly accurate coupled-cluster singles and doubles
with perturbative triples (CCSD(T))72 level of theory with a
complete basis set (CBS).73 The complexes in this database
represent most of the molecular interactions that could occur
in chemistry, including electrostatic-dominated (hydrogen
bonding), dispersion-dominated, and mixed (electrostatic/
dispersion) interactions.

Given that GAFF includes only the elements H, C, N, O, F,
P, S, Cl, Br, and I, we exclude the molecules containing
elements Li, Na, Mg, K, Ca both from SPICE and DES370K
data sets. This left us with a total of 29,389 compounds. The
compounds were randomly divided into training/validation/
test sets following an 8:1:1 ratio.

Fitting the potential energy and atomic forces simulta-
neously poses a significant challenge. First, because it is unclear
whether a unique global best fit exists and, second, if there exist
local ones. To address this challenge, we proposed a multistage
training strategy. The first stage consists of pretraining on the
large ANI-1 Database: initially, training on FF parameters only
(bond, angle, dihedral angle, vdW, AM1-BCC charges) to
match GAFF parameters and ensure the physical relevance of
the generated parameters; subsequently, training on FF
parameters and GAFF energy components; and finally, training
on FF parameters as well as ab initio energies and forces
computed with the ωB97x functional with the 6-31G(d) basis
set. Once this pretraining is completed, the second stage
involves fine-tuning: training on FF parameters along with
energies and forces from the SPICE database and interaction
energies from the DES370K database. More information can
be found in the SI (“Pretraining on ANI-1 Database” and
“Fine-Tuning Strategy on SPICE and DES370K Databases”).
This second stage allows us to capture not only a much higher

level of theory but also more accurate chemical diversity and
environments. In each training stage, we kept training on FF
parameters to maintain physical awareness and prevent a
significant deviation from the GAFF parameters.

■ RESULTS AND DISCUSSION
The results of the fine-tuning process are shown in Table 2.
For the SPICE database, compared to the original GAFF, our

GB-FFs GAFF model significantly reduces the Root Mean
Square Error (RMSE) for the energies from 5.8 kcal/mol to
less than 3.0 kcal/mol and for the forces from 13.4 kcal/mol/Å
to 6.0 kcal/mol/Å. However, for the DES370K database, the
RMSE for interaction energy has increased from 1.1 to 1.4
kcal/mol due to the sensitivity of vdW parameters.

Additionally, as stated before, GB-FFs is 3−4 orders of
magnitude faster than AM1-BCC calculations using Ante-
chamber (the command in AMBER), from 111 to 0.04 s for
50 atoms (more details are in SI “Computational Resources”).
Furthermore, the GB-FFs charges provided by the charge
transfer model closely approximate AM1-BCC charges (Table
2).

Finally, the results presented in Table 3 confirm the
improvements in all quantities on these two databases obtained
from an improved functional form.

Intermolecular Interaction Accuracy: S66×8 Bench-
mark. In previous databases, models are trained and tested on
the same databases. In this subsection, we aim to assess the
models’ ability to generalize to unseen molecular systems and
conformations.

The S66×8 database74 comprises 66 dimers positioned at 8
distinct intermolecular distances, resulting in a total of 528
unique structures. The S66×8 database is a widely known
reference database for assessing the accuracy of intermolecular
interactions.

The minimum distance between two monomers ranges from
0.9 to 2.0 times the equilibrium value. When the
intermolecular distance varies, the monomers have fixed

Table 2. RMSE Comparison on SPICE Dataset and
DES370K Database’s Ab Initio Data for Potential Energy,
Atomic Forces, and AM1-BCC Charges, between GAFF and
GB-FFs GAFF Models

SPICE DES370K

Energy
(kcal/mol)

Force
(kcal/mol/Å)

Charge
(C)

Energy
(kcal/mol)

Charge
(C)

GAFF 5.7804 13.4398 1.1470
GB-FFs

GAFF
2.9706 5.9232 0.0500 1.4146 0.0713

Table 3. RMSE Comparison on SPICE Dataset and
DES370K Database’s Ab Initio data for Potential Energy,
Atomic Forces, and AM1-BCC Charges, with the Improved
Functional Forms GB-FFs Morse and GB-FFs UB

SPICE DES370K

Energy
(kcal/mol)

Force
(kcal/mol/Å)

Charge
(C)

Energy
(kcal/mol)

Charge
(C)

GB-FFs
Morse

2.8812 5.3050 0.0492 1.3884 0.0698

GB-FFs
UB

2.5723 4.1416 0.0491 1.0941 0.0526
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geometries, meaning that the deformation energies of
monomers are not considered.

The Mean Absolute Error (MAE) and RMSE on the overall
data set are shown in Table 4. Further details regarding the

accuracy of predicted forces, including Mean Absolute
Percentage Error (MAPE) and atomwise performance, are
available in SI “Accuracy of predicted Atomic Forces”.
Compared to GAFF, the GB-FFs model reduced by more
than half of the RMSE. This demonstrates that the training
process significantly benefits the approximation of long-range
interactions in fitting potential energy and atomic forces.
Further improvements are presented in the SI with the
improved functional forms of GB-FFs Morse and GB-FFs UB.

Figure 5 depicts the results for the four dimers. The
remaining dimers can be found in SI “Full results on S66×8
database”. The GB-FFs GAFF models almost perfectly
reproduce the intermolecular energy surface of the water
dimer, which is a critical aspect for simulating solvated
biomolecules. In other instances, GB-FFs models are often
comparable or outperform GAFF.

Torsion Profiles of 62 Drug-like Fragments. After
evaluating intermolecular interactions between molecules, we

now turn our attention to assessing the accuracy of predicting
intramolecular interactions.

Torsion energies play a crucial role in biology and in small
molecular systems. However, accurately assessing torsional
parameters in FF is challenging, as they necessitate computa-
tionally expensive calculations and complicated fitting
procedure. Additionally, these parameters are highly sensitive
to the local chemical environment, making them difficult to
transfer across different molecular systems. Consequently, they
often rely on simplistic transferability rules, which can lead to
inaccuracies.

Thus, achieving accurate torsion profiles while avoiding the
need for extensive torsion fitting is of great importance in FF
parametrization. In this context, the performance of the GB-
FFs parametrization is also evaluated on a highly accurate
torsion scan database.75 It comprises 62 fragments with drug-
like functional groups and their CCSD(T) /CBS single point
energies calculated on optimized geometries using MP276,77/6-
311+G**.78,79

For each molecule of the 62 fragments, a specific dihedral
angle is varied from −170° to 170° in increments of 10° (the
chosen dihedral angle for modification is indicated in SI “Full
results on Torsion Scan database”.

The overall performance is recorded in Table 4. Compared
with the original GAFF, the GB-FFs models provide FF
parameters that better fit the potential energy changes caused
by dihedral angle variations. In some cases, although there may
be a gap between GB-FFs model’s predicted results and the
reference energies (see Figure 6c and 6d), the observed trends
in these changes correspond with the actual scenarios.

This assessment aims to highlight the capabilities of the GB-
FFs model in accurately capturing torsional energies.

Table 4. MAE and RMSE of the Interaction Energy on the
S66×8 Database, as Well as the MAE and RMSE of the
Potential Energy on the Torsion Scan Database for GAFF
and the GB-FFs GAFF Models

S66×8 Torsion Scan

MAE
(kcal/mol)

RMSE
(kcal/mol)

MAE
(kcal/mol)

RMSE
(kcal/mol)

GAFF 0.9368 1.8388 1.9694 3.5351
GB-FFs

GAFF
0.5087 0.8766 0.9892 1.4843

Figure 5. Results of four example on S66×8 database. (a) Water−Water, (b) Water−MeNH2, (c) Benzene−Benzene, and (d) Ethyne−Water.
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Hydration Free Energies. While our previous focus was
on potential energy and atomic forces, this subsection tackles a
more challenging property: hydration free energy.

We computed the hydration free energies for a set of 42
small molecules,37 previously employed to evaluate AMOE-
BA’s performance and the recently introduced ANI/AMOEBA
model.32 This set covers common chemistry examples,
including benzene, acetic acid, and ethane. The experimental
values are sourced from the Guthrie solvation database.80

In our experiments, the FF parameters for the solvated
molecules are taken from either the original GAFF or GB-FFs
models, while the surrounding water molecules are modeled
using the TIP3P water model,81 bonds and angles are
constrained using the rattle algorithm.82 The calculations
were performed using the newly introduced λ-ABF method

within Tinker-HP, over a total of 10 ns of simulation time in
the NPT ensemble with the Berendsen Barostat and the
velocity Verlet integrator.83 Based on the original paper
describing the method and our tests (see Figure S6 in the SI),
for most systems, 10 ns of simulation time is sufficient to reach
an error below 0.2 kcal/mol.

The overall performance is depicted in Figure 7, and the
comprehensive data details are documented in Tables S5 and
S6.

The original GAFF resulted in an RMSE of 1.310 kcal/mol
and an r2 value of 0.81 (see Figure 7a). In comparison, our best
model achieved an RMSE of 0.856 kcal/mol and an r2 of 0.92.
Across all metrics, our model demonstrated superior perform-
ance, notably by dividing the RMSE by a factor of almost 2.

Figure 6. Results of four examples on 1D torsion scan database. (a) C/C�C/C(C)C, (b) CC(�O)c1cccs1, (c) CCCC(F)F, and (d)
c1ccnc(c1)c2ccccn2.

Figure 7. Comparison of hydration free energies: Computed models versus experimental values for 42 molecules in TIP3P water. The
computations used λ-ABF over a total of 10 ns simulation time in the NPT ensemble with Berendsen barostat and the velocity Verlet integrator,
using a 1 fs time step. (a) Hydration free energy calculated by original GAFF. (b) Hydration free energy calculated by GB-FFs GAFF.
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■ CONCLUSION
In summary, the results that have been presented here have
demonstrated the efficiency and viability of using Directed
Graph Attention neTworks (D-GATs) to predict parameters
for the General AMBER Force Field (GAFF). The proposed
parametrization approach offered several advantages. First,
thanks to its low computational cost and N( ) complexity,
GB-FFs can assign parameters of molecules encompassing
hundreds of atoms, within a few hundredths of a second. This
enables the simultaneous and self-consistent parametrization of
small molecules and biomolecular systems, eliminating the
need for multiple distinct methodologies. Additionally, the
automated workflow can leverage large databases, which could
further enhance the development of FFs.

Thus we evaluated the accuracy and performance of the FF
parameters from the GB-FFs model through extensive
assessments on different databases.

First, we fine-tuned GB-FFs models on the SPICE and
DES370K databases, which explore a wide range of chemical
space. The resulting Root Mean Square Error (RMSE) of the
model for SPICE energies is 3.06 kcal/mol, improving that of
the original GAFF, which exhibits a 6.03 kcal/mol error. The
GB-FFs model also improves the GAFF performance on the
DES370K database.

To further assess the precision of our model in capturing
intermolecular interactions, such as vdW’s and Coulomb’s, we
tested its accuracy on the S66×8 database. Our results
showcase a reduction in RMSE by nearly half compared to
the original GAFF, highlighting the improved accuracy of our
approach in modeling intermolecular interactions. Moreover,
we have evaluated the model’s transferability and accuracy in
capturing torsional interactions by computing one-dimensional
torsion profiles. The GB-FFs parametrization exhibits excellent
performance in capturing torsional properties (energy RMSE
from 3.53 to 1.34 kcal/mol). Lastly, we examined the model’s
capability in predicting hydration free energies for various
systems. Our model achieved lower RMSE errors 0.72 kcal/
mol compared to the original GAFF parametrization 1.31 kcal/
mol, showcasing its high transferability to chemically relevant
systems.

The open-source code (MIT license) is available on GitHub
at https://github.com/GongCHEN-1995/GB-FFs-Model and
can be used on multiple GPUs, enabling accelerated
calculations and ensuring efficient processing of multiple
molecules simultaneously. Its flexibility allows for its easy
integration into popular molecular dynamics workflows.

While in this article our focus was specifically on optimizing
GAFF, it is important to note that our model can be extended
to other nonpolarizable FFs without the need for scheme
modifications, including with alternate functional forms that
leads to improvements on the evaluations of energies and
forces as demonstrated above. However, extending it to
polarizable FFs presents a more complex challenge that
demands further research, given the more complex nature of
the associated parameters.

Another improvement could be done regarding the assign-
ment of partial charges to refine the charge transfer model,
either by directly accounting for polarization effects or through
the electronegativity equalization approach proposed by Gilson
et al.84

Additionally, a way to enhance the accuracy of the model in
simulating condensed-phase systems would be to add addi-

tional quantities, such as binding free energies into the training
process, thus helping the model in capturing complex
molecular behavior in condensed phase.

Finally, another avenue for improvement involves integrating
polarization effects (references: 18, 20−22) and/or neural
network components (references: 32, 34) into their functional
form, along with accounting for nuclear quantum effects within
their dynamics (references: 85, 86).
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