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3. Choice of dimer distance from interval (drep, drep + 5.0
Å), weighed according to exp(−αEestimate)

Here, Eestimate is an estimate for the dimer energy, which in
this work is the sum of the Lennard−Jones energy from an
automatically assigned general Amber force field (GAFF)35

using Ambertools84 and the electrostatic interaction of the
partial charges obtained from the RESP fit, and α is a sampling
parameter. With the definition of a sampling temperature Ts by
the relation α = 1/(kBTs), at room temperature, this

corresponds to α = 1.69
kcal / mol

, which we use for all calculations

in this study.
2.3. Model Description and Training Parameters. The

total energy is obtained as the combined result of four separate
models trained on the dispersion, exchange, electrostatics, and
induction components of the SAPT decomposition. The
schematic overview of the CONI Net model for one energy
component is shown in Figure 1. It is based on the Behler−
Parrinello scheme of describing a surrogate model as a sum of
contributing submodels.53 In our model, the submodels are
represented by pair networks that describe the interaction of
an intermolecular pair of atoms. Parameter sharing is employed
for pair networks of the same energy component and element
combination. Each pair network consists of the following
modules:

• Two fully connected ANNs for the computation of
exponents and prefactors that use the pair fingerprint as
input

• A function layer that combines the exponents,
prefactors, and distances in a sum of power law terms
to compute the energy contribution of the pair

• For the electrostatic component, a baseline model based
on RESP charges.

The weights and biases of the fully connected ANNs
represent the learnable parameters of the model. They contain
two hidden layers with four nodes each that use a ReLU
activation function. The output layers of both ANNs consist of
three nodes with different transformations for exponents and
prefactors. The exponents ki are limited to a fixed range around
predefined bias values ki

bias

= + · −k k k2.0 (sig( ) 0.5)i i i
bias out

(2)

Here, the sigmoid function is defined as sig(x) = (1 + e−x)−1

and ki
out is the unprocessed value of output node i of the ANN

for the exponents. For ki
bias, we choose 8, 10, and 12 for the

exchange interaction and 6, 8, and 10 for all other components.
For the prefactors, the signs are constrained to positive values
for the exchange component and to negative values for the
dispersion, induction, and electrostatics components. Further
more, the prefactors are multiplied by a constant factor of 1000
kcal/mol, which has a similar effect as using different optimizer
settings and initializations for the prefactor and exponent
networks. Finally, a taper function is applied to all negative pair
contributions for distances r below rmin, the smallest distance
seen during training of the corresponding pair network. This
prevents the pair interaction to diverge to negative infinite
values, which could cause unstable MD simulations due to rare
close encounters. We use a taper factor f as proposed in ref 85
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The taper factor f is applied to the pair interaction Ep(r) in the
interval from r0 to rmin, and the final pair interaction Ẽp(r) is
defined as
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For the implementation of the network model, we use the
Python library PyTorch.86 The weights and biases of the fully
connected hidden and output layers are initialized from the
uniform distribution

− − −n n( , )f
1

f
1

(7)

with nf being the number of input features of the layer. For the
model training, we apply the Adam optimizer87 with the
recommended settings (β1 = 0.9, β2 = 0.999, ϵ = 10−8), a
learning rate of 0.001 and a mean squared error loss function.
The overall data set is randomly split into a training set, which
is used for model training, and a validation set, which is applied
for early stopping of the training if the validation loss does not
improve for 800 epochs while checking every 100 epochs. The
ratio between the number of training and validation data points
is 3:1 throughout this work. Furthermore, the pair fingerprints
are normalized, and normally distributed noise with a standard
deviation of 0.1 is added during training to increase the
robustness against overfitting. After early stopping, the noise is
switched off, and the model is slightly relaxed by training from
the best checkpoint for an additional 100 epochs.

2.4. Thermodynamic Properties from MD. In order to
compare the model to other force fields and experimental data,
we conduct MD simulations of the liquid bulk phase. The
intramolecular GROMOS force field parameters are obtained
using the web accessible Automated Topology Builder.36,88,89

The intermolecular force field is derived from the trained
CONI Net models as follows. For each unique pair fingerprint,
we sum the four energy components at 500 discrete distances
in the range of 0.5−15.0 Å. The resulting energy curves are
then derived numerically using the NumPy library90 to
compute the force. Both quantities are stored in a force field
table file and can directly be used with the MD package
LAMMPS.91 Furthermore, the partial charges are set to the
RESP charges acquired during molecule preparation. For the
short range interactions, we use a cutoff of 15.0 Å, and long
range electrostatics are computed by Ewald summation as
implemented in LAMMPS. The computational efficiency of
the tabulated approach is lower compared to Lennard−Jones
force fields but of comparable order of magnitude.
The bulk liquid simulation is set up by placing 1000

randomly rotated molecules on a lattice with a sufficiently large
lattice constant to avoid initial overlaps. This starting
configuration is equilibrated with a series of MD runs using
Nose−́Hoover style thermostatting and barostatting. Addition
ally, a vacuum simulation of a single molecule is conducted to
acquire the baseline of the intramolecular potential energy for
the following analysis. Here, we apply a Langevin thermostat
with a time step of 0.2 fs and a coupling parameter τT of 1 ps in
an initialization run of 100 ns followed by a production run of
100 ns. An overview of the run parameters for each step of the
bulk simulation is given in Table 1, including the simulated
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resulting in an MAPE slightly larger than the conventional
force fields but of a similar order of magnitude. When
considering that, in addition to the discussed sources of errors,
the limited ab initio accuracy is propagating from the data set
to the MD results, the overall performance is promising,
particularly since the data set quality still has room for
improvement.
In conclusion, the test set results for the CHNO data set

(Figure 3) show that the CONI Net model is capable of
interpolating the ab initio target energies between both the
space of pair fingerprints and different dimer arrangements for
a set of specific molecules. The subsequent application in MD
simulations of the liquid phase to predict thermodynamic
observables (Figure 4) demonstrates the transferability of the
model to larger arrangements. However, in order to extrapolate
to unknown molecules of the chemical space of organic
molecules, more chemical elements and functional groups
would have to be considered in the data set generation.
3.3. Transferable Model for Hydrocarbons. For the

following application of the model, we limit the chemical space
to hydrocarbon molecules. The goal is to generate a prototype
of a transferable model. Therefore, the training ensemble
should span a variety of characteristic functional groups while
keeping the number of carbon atoms low due to the steep
scaling of the computational cost of the reference SAPT2+3
calculations. We include molecules with up to three carbon
atoms into the training ensemble, with the exception of
benzene with six carbon atoms, in order to capture atoms in
aromatic bonds. A complete list is given in Table 3.

In the data set, the CH data set, each molecule of the
training ensemble is represented by 2000 homodimers, and for
each combination, 400 heterodimers are included. Accordingly,
the training set contains 20,400 and the validation set contains
6800 data points. Furthermore, a test set with the same
composition is created containing 6800 data points. As for the
previous application, for each component, we choose the best
of five models, all trained with a fixed training/validation split
of the data set. The results of the best component and total
energy models are shown in Figure 5. Again, we see a
component dependent magnitude of the test set error.
However, the total energy range and the corresponding MAE
are smaller compared to the values of the CHNO test set.
In contrast to the MD simulations for the CONI

Net(CHNO) model, here, the molecules of the MD ensemble
are not included in the CH data set. Therefore, the

computational limitations are not as strict, and we can use
significantly larger molecules (Table 3) since only the
fingerprints and partial charges have to be computed in QM
calculations once before the MD run. The calculated values for
the enthalpy of vaporization ΔHvap and the mass density ρ are
shown in Figure 6 and compared to experimental values. The
overall more consistent performance for both properties in
comparison with the CONI Net(CHNO) model indicates a
smaller variation in the systematic errors. This can be explained
by the limited set of functional groups of the two considered
molecule classes, aliphatic and aromatic compounds. We
continue the discussion based on the points of the previous
section about the potential sources of errors since they also
apply to the CH data set. They include the propagation of the
ab initio inaccuracy to the model and the enforced symmetry
of RESP charges due to the symmetric intramolecular force
field. Additionally, for the molecules of the CH data set,
another effect can arise. For the linear alkane molecules, such
as pentane and hexane, the RESP charges are fitted to highly
symmetric optimized ground state geometries. In the MD
simulation, the soft degrees of freedom of the backbone
dihedral angles allow the molecule to deviate from this
conformation significantly at a low energetic cost. A solution to

Table 3. Molecules Included in the CH Data Set Used to
Train the CONI Net(CH) Model and Molecules in the MD
Ensemble Used to Test the Prediction of Observables

CH data set MD ensemble

formula name formula name

CH4 methane C5H10 1-pentene
C2H6 ethane C5H12 pentane
C2H4 ethylene C5H8 cyclopentene
C2H2 acetylene C5H8 1-pentyne
C3H8 propane C6H14 isohexane
C3H6 propene C6H14 hexane
C3H4 propyne C6H12 cyclohexane
C6H6 benzene C7H8 toluene

C8H10 o-xylene
C10H8 naphthalene

Figure 5. (a) Total energies and (b) energy components obtained
with CONI Net(CH) versus SAPT2+3 for the CH test set. In (a), the
color coding represents the local point density in the scatter plot
computed via a Gaussian kernel density estimate as implemented in
SciPy,93 violet corresponds to low and yellow to high values.
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