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MODEL FOR PARAMETERIZATION

OF INTERATOMIC INTERACTION POTENTIALS
BY QUANTUM-MECHANICAL DESCRIPTORS

ON THE BASIS OF A GRAPH NEURAL NETWORK

Based on graph neural networks, a machine learning model has been developed to predict the
total energy of biomolecules from their structural formulas and quantum-mechanical descrip-
tors by predicting the parameters of the functions that approximate interatomic potentials. The
applicability of the created model for predicting the total energy of biomolecules, their interac-
tion enerqgy, and the ordering of conformers by energies has been proven. The physical validity
of the obtained parameter values was demonstrated, which opens opportunities for further ap-
plication of the model in molecular modeling problems.
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1. Introduction

The calculation of the energy of a system of atoms is
a necessary step when applying physical methods to
perform computer simulations of the structure and
dynamics of both isolated molecules and condensed
matter. In the framework of the quantum-chemical
approach [1], such calculations are carried out on
the basis of solving a quantum-mechanical problem
aimed at finding the state of an electronic subsys-
tem at given coordinates of the atoms under consid-
eration. Despite their high reliability, such methods
require a numerical solution of equations describing
the electronic structure (for example, the Hartree—
Fock equation or the density functional theory equa-
tion) at every step of the main simulation procedure,
which leads to significant computational costs. This
imposes a practical limitation on the application of
those methods when simulating systems, in particu-
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lar, biomolecular ones, which contain a substantial
number of atoms and/or require a joint analysis of a
considerable number of configurations using methods
of statistical physics. Some reduction of the compu-
tational complexity is possible by approximating the
system energy as a function of the coordinates of its
atoms, in particular, by the sum of atom-to-atom po-
tential functions. This approach, which is known as
the force-field method, is the least computationally
expensive and the basis of widely used implementa-
tions of the molecular dynamics method [2], docking
[3], methods for finding the structures of atomic clus-
ters [4-6], and protein structure modeling [7, 8].

A transition from the solution of complicated quan-
tum-mechanical equations to the classical representa-
tion of force fields, which is approximate but compu-
tationally efficient, enables the modeling of systems
on the time and size scales that are unattainable
for direct quantum-mechanical calculations. Never-
theless, the reliability and efficiency of such model-
ing depend entirely on the correctness of the chosen
interatomic potentials. This procedure includes both
the choice of an appropriate functional form for their
representation (in particular, with correct asymptotic
behavior at large interatomic distances) and a proper
calibration of the parameters in the chosen functions.
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In addition to standard approaches [9], where the
functional form of the potential is taken in advance,
interatomic potentials can also be approximated us-
ing machine learning (ML) methods. The ML meth-
ods, in which the functional dependence can be ap-
proximated on the basis of a set of examples of ar-
guments and function values, are successfully applied
in chemistry to predict reaction paths [10, 11], en-
ergies of excited states [12, 13], and formation en-
ergies [14, 15], as well as to search for new chemi-
cal compounds [16-18]. Recently, it has been shown
[19] that ML potentials, in which ML methods are
used to represent interatomic interaction potentials,
can predict the energies of molecules with the ac-
curacy of quantum-mechanical calculations, but at
a much lower computational cost. From a computa-
tional point of view, modern ML models are based,
as a rule, on neural networks. Some examples of
such models are Grappa [20], TorchANI [21], and
TorchMD-Net [22].

It is essential that the representation of interatomic
potentials on the basis of ML models allows not only
the approximation problem to be solved, but also
avoids the need to calibrate the parameters of these
potentials. For this purpose, we seek an ML model
that could represent the energy of a system of atoms
as a function of not only intermolecular distances but
also the structure of the molecules themselves. A key
precondition here is the choice of informative descrip-
tors to represent the molecular structure, which facil-
itates the parameterization (“training”) of the models
and ensures their generalization ability. The relevant
descriptors as numerical representations of molecu-
lar structure must be invariant to molecular rotations
and translations, correctly take permutations of iden-
tical atoms into account, and unambiguously describe
the molecular configuration.

However, despite the versatility of ML models ba-
sed on the application of neural networks as a tool for
approximating the energy of a system of atoms, their
application in simulation methods requires more com-
putations than the classical force-field method. Fur-
thermore, the interpretation of data representations
in the form of abstract multicomponent “vectors” op-
erated by neural networks in intermediate calcula-
tions is difficult and does not allow the influence of the
system structure on the system energy to be clearly
traced. This circumstance can lead, in particular, to
the fact that the model captures statistical correla-
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tions rather than cause-and-effect relations and, as
a result, to the “error compensation” effect, when,
for example, the influence of two different functional
groups on the properties of a molecule is associated
with those groups in an arbitrary way if those groups
are mainly found together in the training data set
of the model, and the approximation of the sum
of the contributions made by those groups becomes
sufficient.

Unlike existing approaches, in this paper, the pos-
sibility of a two-stage construction of an ML model
of force fields on the basis of neural networks is an-
alyzed. At the first stage, descriptors obtained from
quantum-chemical calculations using the virial theo-
rem and associated with individual atoms or atomic
pairs, rather than a whole molecule, are applied. This
allows the error compensation effect, which is char-
acteristic of the direct total-energy approximation,
to be reduced and, simultaneously, the efficiency of
“transfer learning” [23] in the parameterization of
interatomic potentials to be estimated. In addition,
contrary to numerous neural network models that di-
rectly approximate the total energy or the potential
of a molecule, our approach is aimed at predicting the
parameters of classical interatomic potentials, which
are afterward used to calculate the energy.

2. Virial Theorem and Its

Application to the Construction

of Quantum-Mechanical Descriptors

One of the main elements of the model proposed in
this paper is the application of quantum-mechanical
descriptors, which are based on the fundamental re-
lation between the kinetic energy of electrons in a
molecule and the molecular energy as a solution of a
stationary Schrédinger equation; this relation is es-
tablished by the virial theorem.

According to the virial theorem, the average value
of the kinetic energy operator for electrons in the sys-
tem can be written in terms of the total system en-
ergy [24] as follows:

(T.) = —B. (1)

In terms of the wave function W, this relation looks
like

N A2
(U|T ) = —— (T|A, |¥) =
h? l
= _Neﬁe <\I/|AT1|\II>, (2)

ISSN 2071-0194. Ukr. J. Phys. 2026. Vol. 71, No. 7



Model for Parameterization of Interatomic Interaction Potentials

where 7T, is the electron kinetic energy operator, h
is the reduced Planck constant, m. is the electron
mass, N, is the number of electrons in the system,
and A,, is the Laplace operator in the coordinate
r;. The quantum average of the latter with the many-
particle wave function ¥ of the electron subsystem in
the molecule is given by

<\I/|AT1|\I’> = /d’l‘l dry ...dry X

XU (r1, 79, e, ’N) A, U (ry, 7o, .oy TN ).

(3)

(Hereafter, for brevity, the summation over the spin
degrees of freedom is combined with the integration
over the spatial coordinates.) It can be expressed in
terms of the reduced single-particle density matrix

~y(r,7) = Ne/ dry ...dry %
X U*(r, 19, e, rN)U(F, 7o, ...

(4)

Then, expressing the kinetic energy in terms of
~(r, 7), we obtain

5TN)-

2

—F = <Te> = _NEZLW<\II|AT1|\I]> =
o [ @er)_, (5)

Let us now represent the density matrix via its ex-
pansion in the basis functions x,(r), as is usually
done when numerically solving equations in quantum-
chemical methods [25]:

'7(T7 77) = ZZDMDXH(T)XV(F)V (6)

where the coefficients D,,,, form the so-called elec-
tron density matrix, which contains the necessary in-
formation about the electronic structure of the sys-
tem. Substituting this expansion into the expression
for the energy, we obtain

~ h2
—F = <Te> = —2me ZZD“V X

nov

< [ xalr) A7),

(7)

For further purposes, it is convenient to introduce the
matrix element of kinetic energy, K, , for the basis
functions,

h2
K, =——
ey 2me

/ X () (Ao (7)), dr. (8)
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Thus, the quantum average of the kinetic energy can
be written as follows:

—E=(T.) = Z ZDWKW =Tr(D-K),

9)

where Tr(D - K) is the matrix trace, which is a scalar
quantity. As the kinetic energy of electrons in the
given system, its counterpart in the auxiliary Kohn-
Sham system was adopted; strictly speaking, this
makes the statement of the virial theorem about the
total energy approximate.

Next, let us distribute the sum (9) over individ-
ual atoms in order to separate the contribution of
each of them (similarly to the introduction of Mul-
liken atomic charges [25]),

—E=(l.) = ZZ Z Z Dy Kw |,

nEAVEB

(10)

where A and B are atomic indices. The presented re-
lationship between the matrices D, and K, , on the
one hand, and the total energy of the system, on the
other hand, gives reason to expect that a neural net-
work trained on the contributions of individual atoms
or atomic pairs (in particular, chemical bonds) rep-
resented in those matrices will be able to form infor-
mative feature vectors. These vectors, in turn, can be
used in other models to predict the energy parameters
of molecules more accurately.

3. Characteristics
and Preparation of Applied Datasets

A necessary precondition for training a neural net-
work is the availability of a sufficiently large, di-
verse, representative, and balanced dataset, in par-
ticular, for tasks related to the modeling of molecular
properties. In this work, the QMugs dataset [26] was
used, which is a subset of the ChEMBL database [27]
and contains only biologically and pharmacologically
relevant molecules. This approach allows the model
to be oriented towards predicting the properties of
molecules that are similar to drugs, which enhances
its practical value.

The original QMugs dataset contained information
on about 665000 molecules. Given the limitations on
computational resources, a subset of 304331 molecu-
les was selected. These data were divided into three
subsets: a validation set containing 19814 molecules
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Fig. 1. Distributions of the numbers of atoms of various chem-
ical elements in molecules in the training, validation, and test
samples
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Fig. 2. Distributions of the numbers of atoms in a molecule
in the training, validation, and test samples
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Fig. 3. Distribution of the total energy per atom among
molecules in the training, validation, and test samples

(6.5%), a test set with 56904 molecules (18.7%), and
a training set with 227613 molecules (74.8%).

As part of the preliminary analysis, a statistical
analysis of the key dataset characteristics was per-
formed. The distributions of molecules over the chem-
ical elements (H, C, N, O, F, S, Cl, Br, and P; Fig. 1),
the number of atoms in a molecule (Fig. 2), and the
energy per atom (Fig. 3) were analyzed. The similar-
ity of the obtained distributions for the validation,
test, and training samples confirms the correctness
of the performed partition, which is a necessary con-
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dition for constructing reliable and generalizable ML
models.

For each molecule, using the Psi4 program (28], we
calculated the kinetic energy matrix elements using
formula (10) and the same Def2-SVP basis set as that
used in creating the initial QMugs dataset.

Since our ultimate goal is to construct a mapping
of the molecular structure onto the force field param-
eters, it is necessary to represent the molecular struc-
ture in a form suitable for machine learning meth-
ods. In such problems, a molecule is often represented
as a graph [29], which allows its structure and proper-
ties to be effectively taken into account when solving
machine learning problems. In the graph, the nodes
correspond to atoms, and the edges to chemical bonds
or non-covalent interactions between the atoms.

In the ML model developed in this work, every node
of the graph (an atom) contains information about
the atom as a chemical element, which is represented
as a vector with a single non-zero component, and
the index of this component determines the chemical
element (the so-called one-hot coding).

One of the stages of graph formation is the determi-
nation of chemical bonds between the atoms. Based
on the data on the molecular structure, the multi-
plicity of every bond (single, double, etc.) is deter-
mined. Additionally, spatial “interactions” are taken
into account: the distance between the atoms in ev-
ery pair is calculated, and if it exceeds a given thresh-
old, the interaction for this pair is omitted. For atoms
within this threshold, the bond is classified as non-
covalent.

The graph edges are described using a set of param-
eters. Among them are the coordinates of the atoms
and the bond type: covalent (taking into account
the bond multiplicity) or non-covalent. This parame-
ter set allows the graph to store information about
both covalent and non-covalent interactions within
the molecule.

On the basis of those data, a graph is created us-
ing the Deep Graph Library (DGL) [30]. The graph
stores both structural and physicochemical informa-
tion about the molecule, which makes it suitable for
further analysis using ML methods.

4. Architectures of Created
Neural Networks

The created ML model included two neural net-
works. They corresponded to the proposed two-stage
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approach to predicting the energy of a system of
atoms as a function of atomic coordinates.

The first network was aimed at encoding the con-
figuration of the chemical environment of every atom
and bond in the form of a vector of a given dimen-
sion, the so-called embedding. For its implementa-
tion, the Graph Neural Network (GNN) approach was
used, in accordance with the chosen method for repre-
senting the molecular structure. Among the existing
variants of GNN, the Message Passing Neural Net-
work (MPNN) architecture [31] was chosen. The ar-
chitecture and features of training this network are
described below in more detail; see Section 4.1. To
implement all ML models in this work, the PyTorch
framework [32] was used.

After analyzing the structural formula of the
molecule using the created MPNN, separate fully
connected neural networks were created for atoms
and atomic pairs to predict the parameters of inter-
atomic potentials. Since the corresponding networks
do not use information about interatomic distances,
the parameters of such potentials in the proposed
approach can be predicted only on the basis of the
structural formulas of molecules. At the same time,
interatomic distances affect the obtained molecular
energies only through the expressions for interatomic
potentials. These expressions are described in more
detail in Section 4.2.

4.1. Graph Neural Network
for creating embeddings

To construct embeddings as vector representations
of the local environment of atoms and bonds in a
molecule, a graph neural network with the MPNN
architecture was developed, which included 4 mes-
sage passing steps and a hidden layer of 350 neu-
rons. When training this network, it was used as a
predictor of the contributions made by the elements
of the kinetic energy and electron density matrices
[see Eq. (10)] associated with the individual atoms,

KD = > K, Dy, (11)
H,VEL

and the chemical bonds,

KD; =Y "> " KDy, (12)

wEi vE]

in a molecule to the total kinetic energy of its elec-
tronic subsystem. In doing so, when training the
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MPNN, auxiliary modules were added to its archi-
tecture in the form of two separate fully connected
neural networks: one for atoms (MLPom) and the
other for bonds (MLPqgc). More specifically, at each
iteration of the training process, the embedding

h; = MPNN (z;, {(z}, ;) | j € N(i)}) (13)
was initially calculated for every i-th atom using
the MPNN. Here, z; is the vector of input atomic
features, e;; is the vector of features for the bond
between atoms i and j, and AN(i) is the set of
neighboring atoms (connected by the given chemical
bond). Then, the auxiliary fully connected network
MLP 0m takes the obtained embedding h; as input
data and calculates the corresponding contribution
for the atoms,

KD; " = MLP yom (h). (14)
The network for atoms included three linear layers
with LeakyReLU activation functions and a hidden-
layer width of 160 neurons.

The MLPegge network for bonds takes as input
the concatenation of the summed embeddings of two
atoms forming an edge in the molecular graph and
the bond feature vector e;;,

——edge

KDij = MLPedge ((hz + hg) || eij), (]_5)

where || denotes the vector concatenation opera-
tion. The MLP.qg. architecture consisted of four lin-
ear layers with LeakyReLU activations between them
and a hidden-layer width of 199 neurons. When train-
ing the MPNN, only covalent bonds were taken into
account, whereas the contribution from non-covalent
interactions was neglected.

After the networks had predicted the correspond-

——at
ing contributions at the atomic (KD: Om) and bond

(I/(Bjjge) levels, their sums were compared with
the reference values calculated using the quantum-
chemical method. Hence, the loss function was de-
fined as the mean absolute error (MAE)

MAEppNN =
1 n ——atom ——edge true
SIS ISR SRR ko
" =i lien (i.5)eM
(16)
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where KDY is the true value calculated using
the quantum-chemical methods. Next, standard error
backpropagation was carried out to simultaneously
update the weights of the MPNN, MLP.iom, and
MLPcgge in order to minimize this error. The model
for creating embeddings was trained on an Nvidia
GeForce GTX 1080 video card, using the Adam op-
timization algorithm [33] and a batch size of 64.

4.2. Fully connected network
for predicting the total molecular energy

As a result of using the MPNN network trained in
the above-described way, the embeddings h;, which
encode the atomic chemical “context” and are deter-
mined by the structural formula of the molecule but
do not depend on its spatial structure, were calcu-
lated for each atom in the selected molecules. The
next step was to create two separate fully connected
networks, the input data for which were the obtained
embeddings and the edge feature vectors.

Let one of those networks (denoted as charge_net)
take the embeddings h; as input and assume the par-
tial charges of atoms to be

Q; = charge net(h;). (17)

Let the other network (denoted as feats_net) oper-
ate at the level of atomic pairs. For each edge of the
molecular graph, it takes the concatenation
wij = [hi || hy | i) (18)
of the embeddings of atoms ¢ and j as input; here,
the symbols || denote the sequential union (concate-
nation) of the vector elements h; and h;, and the vec-
tor of edge features e;;. On the basis of this vector,
feats_net assumes a set of force field parameters

C= feats_net(mij) = [Co, 017 027 ceey Clg]
578

(19)

for each atomic pair in the molecule. Specifying the
distance between the atoms as

rij = |Ri — Rjl, (20)

the long-range component of the interatomic interac-
tion is calculated using the predicted parameters as

QiQ; [Col | [Ch]
Bjt==— -+ (21)
Tij T3 Tij
and the short-range component as
6
B =3 Cac
k=1
2
rij — (1.2 +0.6(k — 1))
X exp ( (ry T ) , (22)
2k+1

where ¢ = 1077 is a term introduced to avoid division
by zero during training. Equation (21) is used only for
pairs of atoms that do not share a covalent bond; for
covalently bound atoms, we put E}jR = 0. Finally,
the total interaction energy of atoms ¢ and j is given
by the sum

Ey =E*+ ESR (23)

The predicted total energy contributions are read
out from the graph’s edges and nodes to obtain the
total energy. It is compared with the energy E?C cal-
culated using the quantum chemical method for this
molecule according to the MAE (mean absolute er-
ror) metric. To facilitate the training of the neural
network, the model was used not to predict the to-
tal energy directly, but to make a correction to the
estimate E''™ for the energy obtained using linear re-
gression. The input data for such a regression were
the vector NV of the atomic numbers of all chemical
elements in the molecule,

m

E™ =y N+b= Z wa Ny + b, (24)

a=1

where N = (N1, Na,...,N,,), m is the number of
chemical elements, w is the vector of linear regres-
sion coefficients, and b is the free term of linear re-
gression. Thus, the loss function during the training
and testing of the networks was calculated using the

formula
1 N mols

MAE = > By +E - ERC,

n §
MO M=1 (i j)em
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where the index M enumerates the molecules in the
sample, and the expression (i,j) € M means that
all atomic pairs in the M-th molecule are taken into
account in the sum.

During the training of networks, to avoid the over-
training of neural networks and increase their resis-
tance to small changes in the spatial positions of
atoms, normally distributed random values (“Gaus-
sian noise”) with a mean value of 0 and the stan-
dard deviation o = 0.005 A were added to the atomic
coordinates.

When training the charge_net and feats_net
models, the Adam algorithm with an initial training
rate of 0.001, together with a training rate reduction
scheduler, was used, which reduced the rate by a fac-
tor of 0.8 every 20 iterations (“epochs”). The models
were trained using an Nvidia A100 graphics card and
a batch size of 400. This approach allows the model
to approach the minimum of the loss function more
effectively at later training stages. In total, the train-
ing lasted 400 iterations.

It is worth noting that only individual molecules,
rather than their complexes, were used in the train-
ing. This feature makes the training process faster,
but, generally speaking, changes it from the interpo-
lation mode to the extrapolation one when applying
the parameters of the interatomic interaction poten-
tials (21) and (22), obtained using Eqgs. (17) and (19),
to the most practically important case of intermolec-
ular interaction. Therefore, the validation results pre-
sented below for the models demonstrate their gener-
alization ability in this case.

Besides the charge_net and feats_net models for
predicting the total energy of molecules, their analogs
were also created for predicting the kinetic energy of
electrons in molecules. Their non-equivalence to the
models for predicting the total energy of molecules
is associated with the approximate character of the
virial theorem in the case when, for the kinetic en-
ergy of electrons, the corresponding value for the
Kohn-Sham auxiliary system in the DFT method is
adopted. However, since according to the virial theo-
rem, the average value of the kinetic energy operator
is equal to the total system energy (1) to within a
sign, then, when training the networks for the kinetic
energy prediction, a similar parameterization in the
neural network architecture was used, with the sign
change to the opposite in front of the sum of the terms
EiLjR and Eisz =0.

ISSN 2071-0194. Ukr. J. Phys. 2026. Vol. 71, No. 7

5. Results and Discussion

5.1. Training and validation
results for models predicting
the total energy of molecules

The dynamics of the loss function reduction during
the training of the model for creating embeddings are
shown in Fig. 5, a, and the corresponding results for
the models for predicting the kinetic and total ener-
gies are depicted in Figs. 5, b and 5, ¢, respectively.

For the test set, the average errors for the pre-
dicted kinetic energy of electrons and total energy of
molecules were 6.1 kecal /mol (Fig. 6) and 2.2 kcal/mol
(Fig. 7); in the latter case, the obtained value is close
to the generally accepted chemical accuracy thresh-
old (1 kcal/mol). Such an accuracy level is considered
acceptable for most tasks in computational chem-
istry, in particular, for the high-quality reproduction
of thermodynamic characteristics and the adequate
modeling of chemical processes.

o
n
v

.5 — Training sample E 0.04
*g 050 —— Test sample 2 0.03
s 5
§ 0.45 ” 0.02
- So.01
0.40
0 200 400 0 200 400
Iteration number Iteration number
a b
Fig. 5. Dependences of the 0.02
loss function on the iteration &
s 13}
number for the training and 5 0.01
test sets of models for cre- 7,
(23
ating embeddings (a), pre- S
dicting the kinetic energy (b), 0.00 0 200 200
and predicting the total en- lteration number
ergy (c) ¢
RMSE = 8.742 kcalimol MAE = 6.302 kcal/imol
35 200
SE
R
i
-200{
-200 0 200 0 20
Etrue, kcal/mol Etrue — Epredicted, kcal/mol
a b

Fig. 6. Estimation of model predictions for the kinetic energy
on the validation data set: comparison of true and predicted
values (in kcal/mol) (a); distribution of the error in determin-
ing the kinetic energy (in kcal/mol) (b). Etrue are the reference
values of kinetic energy (in kcal/mol); Epredicted are the model
predictions
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Fig. 7. Evaluation of model predictions for the total energy on
the validation dataset: comparison of true and predicted values
(in kcal/mol) (a); distribution of the error in determining the
total energy (in kcal/mol) (b). Eirue are the reference values of
total energy (in kcal/mol); Epredicted are the model predictions

Intermolecular interaction energies
(kcal/mol) calculated for the A—T and G—C base pairs
using the created ML model and other methods

Method A-T pair G-C pair
Reference value [34] 12.4 25.4
ML model 14.8 30.5
ANI 10.7 17.2
GFN2-xTB 16.1 29.2

Taking into account the small error produced by
the created models when they are applied to individ-
ual molecules (in the interpolation mode), their op-
eration in the extrapolation mode was tested for task
types different from those used to train the model. In
particular, the prediction of the intermolecular inter-
action energy was considered; this quantity was not
included in the training data set. Such an application
also corresponds to a more practical case, where the
key role is played not by the absolute values of the
system energy, but by the energy differences arising
when the system configuration changes.

5.2. Application of models

for evaluating interaction energies

in DNA nucleotide base pairs

The interaction energy between the base pairs of de-
oxyribonucleic acid (DNA), namely, the adenine (A)—
thymine (T) and guanine (G)-cytosine (C) pairs, is
an important characteristic that affects the strength
of pairing between its polymer chains. These energy
parameters are important for understanding the ther-
modynamic properties of the DNA macromolecule,
its melting point, its ability to form stable secondary
structures, and the mechanisms of chain breakage and
damage under various physical and chemical factors.
Furthermore, the procedure for evaluating the inter-
action energy, as an example of how a certain model
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of the interatomic interaction potential can be ap-
plied, is important for the development of accurate
molecular dynamics models for biotechnological ap-
plications.

Two strong hydrogen bonds are formed in the ade-
nine-thymine pair, and three in the guanine—cytosine
pair, which makes the G-C pair generally more stable
than the A—T one. The interaction energy in the gas
phase is usually evaluated to be about 12.4 kcal/mol
for the A-T pair, and about 25.4 kcal/mol for the
G—C pair [34]. The values of the interaction energy
may vary depending on the chosen quantum chem-
ical calculation method and the specific simulation
conditions.

Within the framework of the developed models, the
interaction energy of two molecules, Fi,;, was deter-
mined using the formula

Eint = (Emol 1+ Emol 2) - Ecomplexa (25)

where Ecomplex 1S the energy of the whole system (the
complex) of two molecules, and Fy,01 1 and Ep,q) 2 are
the energies of isolated molecules in their equilibrium
geometry. Since the QMugs molecular set was used
to train the ML models, the equilibrium geometries
of which were found by the semi-empirical quantum-
chemical method GFN2-xTB [35], the same method
was used to determine the geometries of the molec-
ular complex and its components, for which the cre-
ated ML models were applied to calculate the energies
EcompleX7 Enol 1, and Eye 2 in Eq (25)

To compare with other modeling methods applied
to intermolecular interactions, the energies Fj,; for
the A-T and G-C pairs were also found using the
TorchANI neural network and the semi-empirical
method GFN2-xTB. The results obtained are quoted
in Table. The obtained values testify that the cre-
ated ML model demonstrates results for the inter-
action energy that are comparable with the results
obtained using other methods and quite close to the
reference values: in the case of the adenine-thymine
and guanine—cytosine DNA base pairs, its deviation
from the known values equals 2.4 and 5.1 kecal/mol,
respectively.

5.3. Prediction of the interaction

energy of molecules in noncovalently

bound complexes

For a more complete estimation of the accuracy of the
created ML model, it is appropriate to test it on a
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wider set of molecules and obtain a statistically more
substantiated characteristic of its performance in pre-
dicting molecular interaction energies. For this pur-
pose, the GMTKNS55 data set [36] was used, namely,
its subset S66 [37], which contains 66 chemically rep-
resentative dimers formed by noncovalently bound
molecules. The interaction energies in this set vary
from 2.82 to 19.49 kcal/mol, with an average value of
5.47 kcal /mol.

In this work, only those dimer geometries from the
S66 data set were used that were optimized for further
analysis with the GFN2-xTB method. Afterwards,
the interaction energies of the molecules in the com-
plexes were calculated using the DFT method, the
exchange-correlation functional wB97X-D [38], and
the def2-SVP basis set, taking into account the effect
of basis function overlapping (Basis Set Superposition
Error, BSSE [39]). The latter was evaluated and com-
pensated using the counterpoise correction procedure
implemented in the Psi4 program.

Although in the original work [37], the interac-
tion energies were obtained by the high-precision
CCSD(T),/CBS method [40], which is considered the
reference in quantum chemical calculations, the ap-
plied wB97X-D/def2-SVP variant of the DFT method
allowed us to obtain results close to the reference
ones. The corresponding comparison of energies is
presented in Fig. 8. It is essential that the same vari-
ant of the DFT method was also used to calculate
the total energy of molecules when creating the train-
ing set for the neural networks. This correspondence
demonstrates that the chosen method is appropriate
and correct for our study.

The results obtained by applying the developed ML
model to calculate the energy of intermolecular in-
teraction in the examined complexes are shown in
Fig. 9. They demonstrate that the created model can
predict the interaction energy values corresponding to
the reference ones, with a root-mean-square error of
1.7 kecal/mol. Thus, for the problem of determining
the energy of intermolecular interaction, the created
model produces correct results, despite the fact that
this parameter was not the main target metric during
the model training.

5.4. Prediction of relative
conformer energies

The variability in the spatial arrangement of atoms
in biomolecules (such as proteins, nucleic acids, or li-
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gands), provided that their graphs of chemical bonds
are fixed, is determined by the molecular conforma-
tion. Due to the “flexibility” of their structure, biomo-
lecules can acquire various conformations via rotating
atomic groups around single o-bonds. The confor-
mational diversity substantially affects the functional
properties of molecules: including their ability to in-
teract with other molecules, and their catalytic activ-
ity [41]. In particular, protein a-helices and S-sheets
represent different ways of folding the same polypep-
tide chain. When analyzing experimental data of ro-
tational spectroscopy [42], as well as absorption and
Raman scattering spectra [43], it is important to take
into account the existence of many conformers in the
specimen composition, because all available conform-
ers contribute to the total spectrum measured in the
gas phase. In this case, the intensity of the contribu-
tion made by each conformer is proportional to the
probability of its existence under specific thermody-
namic conditions. This probability is determined by
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the relative energy of each conformer according to the
Gibbs distribution. That is why methods for evaluat-
ing the relative energies of molecular conformers are
of practical importance.

To analyze the applicability of the developed ML
model to this problem, a subsample of molecules
containing 7-9 atoms (excluding H atoms) was se-
lected from the PC9 data set [44]. A total of 117
molecules were selected, and a search for possible
conformations was performed for each of them using
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the CREST program [45]. In total, 4253 conformers
were obtained. Then, the molecular geometries were
further optimized using the GFN2-xTB method. Af-
ter additional optimization using the DFT method
wB97X-D/def2-SVP, the Psi4 program was used to
calculate the relative energies of the conformers as
the difference between the energy of a given molecular
conformation and the lowest energy of its conformers.

To comparatively analyze the correctness of the
predictions produced by the created ML model, the
relative energies were found using the GFN2-xTB
method and the ANI neural network. The results of
this analysis, shown in Fig. 10, indicate that the
created model demonstrates good correlation in de-
termining the relative energies of conformers, with
RMSE = 1.4 kcal/mol. Since all conformers of the
same molecule have the same graph and, accordingly,
the same force field parameters, this test addition-
ally verifies the correctness of the analytical formulas
themselves for calculating the system energy, in which
both the interatomic distances and the force field pa-
rameters are present.

5.5. Physical content
of the parameters of the created
interatomic potential

In the created potential (21)—(23), the functional
forms of the terms in Eq. (21), which describe long-
range interactions, correspond to the electrostatic in-
teraction and the Lennard-Jones potential

ver=|()"- (7]

However, their choice does not automatically guar-
antee that those terms correspond to the indicated
physical mechanisms of interatomic interaction be-
cause the effects of error compensation between differ-
ent terms are possible during the training of the ML
models. It is therefore necessary to verify separately
the physical correctness of the obtained parameters
in those terms.

(26)

The Lennard-Jones potential (26) includes two
quantities: the parameter o corresponds to the dis-
tance at which the potential reaches its minimum,
and the parameter ¢ characterizes the depth of the
potential well. These parameters can be calculated on
the basis of the coefficients obtained for model (23)
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using the following formulas:

Co

G 1
Cr

82401.

o= (27)
The distributions of the o- and e-values obtained in
this way are plotted in Fig. 11.

The calculated distributions demonstrate that, by
their order of magnitude, typical o- and e-values are
comparable with the corresponding parameters used
in classical force fields, in particular, in GROMOS
[46], where typical values of o are about 3 A, and
those of ¢ are about 0.13 kcal/mol. This fact con-
firms the physical validity of the proposed approach,
applied to training the feats_net network.

In Fig. 12, the distribution of total charges in
1000 electroneutral molecules from the validation
dataset is shown. The total charges were obtained
by summing up Q;-values [see Eq. (17)] predicted by
the charge_net network as the charges of individual
atoms in each molecule. Although the network train-
ing process did not impose any special restrictions
on @;, except for the use of these quantities in the
term corresponding to Coulomb’s law, the obtained
results indicate that the values of the total molec-
ular charge are mainly within the limits of 40.25¢,
where e is the electron charge, which is acceptable
for electroneutral molecules. Thus, the predicted val-
ues of the atomic charges are not arbitrary but con-
sistent with one another according to the structural
formula of the molecule. The total molecule charge
is 0.13e (Fig. 12, a) and the atomic charge is 0.073¢
(Fig. 12, b), these values are of the same order of mag-
nitude as the fractional charges assigned to atoms in
other interatomic potentials.

6. Conclusions

To summarize, a two-stage approach to training neu-
ral networks for reproducing the dependence of the
energy of biomolecules on their spatial structure and
quantum-mechanical descriptors has been proposed
and implemented. It was demonstrated that, based
on the structural formula and the components of the
electron kinetic energy of the molecule, which were
determined using the density functional theory meth-
ods and are localized at atoms and atomic pairs, it is
possible to obtain feature vectors that are analogous
to the atomic types used in classical force fields for
molecular dynamics. For this purpose, a graph neural
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network model was created to calculate such feature
vectors for all atoms in an arbitrary electroneutral
molecule consisting of the chemical elements H, C,
N, O, F, S, CI, Br, and P. A functional form for the
interatomic interaction potential has been proposed;
its parameters are functions of the atomic feature vec-
tors found in the framework of the graph neural net-
work model. To approximate this function, a model
based on a fully connected neural network was cre-
ated. Using this model and the proposed potentials,
it is possible to determine the total energy of the
molecule and the kinetic energy of its electrons in the
pairwise interaction approximation, with mean abso-
lute deviations of 2.2 keal/mol and 6.1 kcal/mol, re-
spectively. It was confirmed that the created models
can be generalized to molecules not included in the
training sample, as well as to problems beyond the
scope of direct training. In particular, the applicabil-
ity of the interatomic interaction potentials obtained
using the created models on the basis of the structural
formulas of molecules for predicting their interaction
energies was confirmed. For the S66 set of 66 molec-
ular complexes, the root-mean-square error in deter-
mining this energy equals 1.7 kcal/mol. It was found
that the proposed two-stage neural network model al-
lows the relative energies of biomolecular conformers
from the PC9 set to be determined with a root-mean-
square error of 1.4 kcal /mol. It was found that the pa-
rameters of the Lennard-Jones-type interatomic po-
tentials, determined by the created neural network
models, are consistent in order of magnitude with the
corresponding parameters of the classical GROMOS
force field.
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MOJIEJIb IJI5 IIAPAMETPU3ALIIL

ITOTEHLIIAJIIB MIZKATOMHOT B3AEMO/IIT

3A KBAHTOBO-MEXAHIYHUMU JECKPUIITOPAMUI
HA OCHOBI 'PA®OBOI HEMPOHHOI MEPEYKI

Ha ocuoBi rpadoBux HEHPOHHMX MepexK PO3PODBJIEHO MOJIEb
MAaIlMHHOTO HABYaHHS sl IepeibadeHHs] TIOBHOI eHepril Gio-
MOJIEKYJI 3a IXHBOIO CTPYKTYPHOIO (POPMYJIOIO Ta KBAaHTOBO-
MeXaHIYHUMHU JECKPUIITOPAMU ILJISXOM IIPOTHO3YBAaHHS Ilapa-
MeTpiB PYHKIN, 0 aIPOKCUMYIOTH MIiKATOMHI ITOTEHIiaJIH.
JloBeJ1eHO 3aCTOCOBHICTH CTBOPEHOI MOJIEJII JJIsd Iepe10adeHHs
JIJIs1 IPOTHO3YBaHHsI BIIOPSIAKYBaHHS KOH(MOPMEPIB 3a eHepris-
mu. [Tokazano ¢izuyny OOI'pYHTOBAHICTH OTPUMAHHUX IIapaMe-
TPIB, IO BiAKPUBAE MOXKJIMBOCTI JJIsl TIOJAJIBIIIOr0 BUKOPUCTA~
HHSI MOJIeJIi B 33/1a9aX MOJIEKYJISIPHOTO MOJIE/IIOBAHHSI.

Katwwoei caoea: MallUHHE HaBYaHHHA, IOTEHIIAIN MiX-
aTOMHOI B3aeMogil, KoHdopMmepu OGIOMOJIEKYJ, KBaHTOBO-Me-
XaHIYHI JIECKPUIITOPH, HEHPOHHI MepexKi, 3B’s13yBaHHs 6ioMO-
JIEKYL.
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