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ABSTRACT

All-atom molecular dynamics (MD) simulations are a standard tool for probing the structural and dynamical properties of biomolecular
systems, but their accuracy comes at the cost of high computational demands. To overcome spatial-temporal limitations, implicit models or
coarse-graining are often employed, but usually at the expense of reduced accuracy. This limitation is also evident in the Poisson-Boltzmann
(PB) mean-field theory, which efficiently captures long-range electrostatics but fails to account for crucial short-range interactions. In this
work, we bridge this gap by introducing a graph neural network (GNN) A-learning approach trained on the difference between all-atom
MD and PB, resulting in DIS-PB (deep implicit solvation model using the PB potential as a prior). DIS-PB, which models solutes and salt
ions explicitly by MD while water is coarse-grained out, captures both short-range electrostatic correlations as well as long-range electrostatic
interaction tails. Applied to a system of the DNA molecule in 1 mol 17! salt solution, our method reproduces structural properties (NDPs,
RDFs, and binding probability patterns) with high fidelity, showing that the GNN-corrected PB can reach the accuracy of all-atom MD at a
lower computational cost.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0313624
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I. INTRODUCTION

Electrostatic interactions play a dominant role in numerous
biological processes due to their long-range nature and the high
charge density of biomolecules such as proteins and nucleic acids.'
The interactions between nucleic acids, such as DNA and RNA, and
counterions are essential for their proper functioning. Counterions
help neutralize the negatively charged phosphate groups along the
nucleic acid’s backbone. In addition to binding at specific sites
and forming long-range interactions, counterions also interact dif-
fusely, creating an “ion atmosphere” around such biomolecules.”

Therefore, accurately modeling their electrostatic properties
requires careful consideration of the underlying computational
models used to study electrostatic interactions.

Two primary types of models are used in computational elec-
trostatics: explicit solvent models and implicit solvent models.
Explicit solvent models account for the full degrees of freedom
of solvent molecules (typically water) and ions, which offers a
more accurate representation of the system. However, these mod-
els come with high computational costs because the computational
complexity scales with the number of atoms involved, making
them unsuitable for large systems or long timescales. Alternatively,
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coarse-graining (CG) modeling can be employed to reduce the
computational overhead.”” This approach reduces the degrees of
freedom in the simulation by either grouping correlated atoms
into effective interaction sites or by representing components of
the system using a simplified implicit model. Implicit methods
treat the solvent as a polarizable continuum and counterions as a
mean-field charged “cloud.”’ Implicit models drastically reduce the
number of explicit particle interactions, thereby lowering the com-
putational cost, as the solvent usually comprises more than 90%
of the system. Some of the commonly employed implicit methods
include PB,' " COSMO/polarized continuum model,'” the general-
ized Born model," '° or calculating the effective potential between
solutes."” We will focus on the PB method, which has been exten-
sively used for various applications, such as calculating the elec-
trostatic potentials surrounding DNA and RNA,'*"” examining salt
effects on ligand and protein binding to DNA,” * studying nucleic
acid pK, shifts,”> and ion distributions around nucleic acids.”***
Despite its widespread use, the PB model treats ions as an ideal
gas within a constant dielectric medium, which limits its ability to
account for ion-ion correlations and restricts its use in capturing
specific microscopic interactions.

In contrast to the PB model, all-atom MD simulations can
provide a wealth of microscopic and dynamic information about
biological systems.” ** These simulations rely on force fields (FFs)
derived from empirical data and ab initio calculations. The quality
of employed FF constrains the accuracy of the simulation results.
MD simulations have been used to investigate potential corre-
lations between monovalent cations binding to DNA, structural
perturbations, nucleic acid stability, and nucleic acid-counterion
interactions.”"** The most widespread FFs are the so-called classi-
cal force fields, which use a combination of fixed-charge Coulomb
potential and Lennard-Jones (LJ) interactions to model the inter-
molecular potential. A more detailed and explicit representation of
system particles, including solvent, ions, and solute, results in signif-
icant computational complexity and time inefficiency. To address
these limitations, multiscale simulations offer a practical solution
by combining the accuracy of all-atom MD simulations with the
efficiency of faster, less detailed methods such as CG modeling
or implicit solvent models. The adaptive resolution simulation
scheme™ " allows dynamic switching between all-atom, CG,”’
implicit™ representations of solvent and ions, providing an efﬁc1ent
way to simulate large systems while maintaining a high level of accu-
racy in key regions of the system, such as the nucleic acid or protein.
This approach has been applied to simulate a DNA molecule’”*
efficiently and to investigate the mechanisms underlying phase
transitions in high-density DNA arrays.”””’

In recent years, machine learning (ML) potentials have been
developed to bridge the gap between the computational efficiency
of force fields and the high accuracy of more complex ab initio
methods.”” These models use different ML architectures (such as
deep neural networks, graph networks, or kernel methods) to accu-
rately fit the potential energy surface (PES) of the ab initio sys-
tem, with a computational cost comparable to classical FFs.”
Various approaches, including iterative Boltzmann inversion, "’
force matching,”””* and relative entropy,”” have been used to
approximate the potential of mean-force with high-dimensional
energy functions, particularly for modeling non-bonded interac-

tions in systems such as aqueous salt solutions’”’’ and soft matter.”!

55,56
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ML models represent the PES as a sum of atomic terms, captur-
ing many-body interactions among atoms within a specified cutoff
distance. The incorporation of 3-body non-bonded interactions
has been demonstrated to influence both structural and dynamic
properties in interatomic interactions’® " as well as between
CG particles.”’ The construction of ML-based PES is computa-
tionally efficient, as its complexity scales linearly with system size.
However, it involves significant approximation since electrons and
nuclei, being charged particles, experience long-range Coulomb
interactions. For isotropic systems such as water solutions, the
ML potential without an explicit electrostatic term provides accurate
results.®” In contrast, long-range electrostatic interactions are critical
for accurately modeling anisotropic systems such as battery materi-
als.”” Despite this, short-range ML models are trained on ab initio
methods, which include long-range electrostatics, suggesting that
short-range models can approximate certain long-range effects. To
better account for long-range interactions, various ML architectures
have been developed, such as charge equilibration in the fourth
generation potential, 67545 the long-distance equivariant frame-
work LODE,””*” Ewald summation for long-range interactions,"*"’
a long-range ML framework for computing electrostatic potentials
by long-range descriptors,”’ virtual-node message-passing GNN,”’
etc. A common strategy to explicitly incorporate long-range electro-
statics within ML models is to decompose the PES into two com-
ponents: one representing short-range interactions, modeled using
standard ML techniques, and the other capturing long-range inter-
actions through a predefined, phy51cs based potential. This method
is referred to as A-learning.””

ML algorithms can generate both all-atom and CG models”
successfully replicating structural”® ' and dynamical' """ prop-
erties. While many studies have focused on pure water solvents or
treated ions implicitly, ions are critical in biological processes such
as protein binding and nucleic acid folding.*'**""” Due to the grow-
ing interest in liquid electrolytes for lithium-ion batteries, ML force
fields are also being applied in the MD of such systems.''’'"> How-
ever, ML potentials that explicitly include ion interactions often rely
on all-atom models, which also represent solvent molecules in full
atomic detail.”""”

Unlike previously described ML methods that refine all-atom
MD results to ab initio levels,''* our study aims to bridge the
accuracy-efficiency trade-off between the PB model and the all-atom
MD. Our reference data consist of all-atom MD simulations of a
DNA molecule in aqueous salt solution. As a baseline, we construct a
prior potential from the PB electrostatic field of a CG DNA represen-
tation. While the PB approach efficiently captures long-range elec-
trostatics, it neglects essential short-range interactions. To address
this limitation, we introduce an ML potential trained via A-learning
on the difference between all-atom and PB forces for a system con-
taining the CG DNA and ions (but no water). The ML component
records short-range physics, including ion-ion correlation, hydra-
tion effects, and collective behavior. In the final DIS-PB simulations,
the system contains only the CG DNA and ions, with water omit-
ted, and combines the ML and PB contributions into an efficient
yet accurate alternative to all-atom MD. The workflow of the model
is depicted in Fig. 1. Our workflow builds directly on the previ-
ously introduced DIS framework.!”” In the present work, we retain
the same overall learning strategy but modify the formulation of
the prior model: whereas DIS employed a Lennard-Jones—Coulomb
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FIG. 1. DIS-PB model workflow. The all-atom MD simulation box and DIS-PB MD simulation box show the cross sections of a periodic DNA molecule in a 1 mol I=! sodium
chloride salt solution, with sodium ions shown in green and chloride ions in ochre. The all-atom model includes water molecules and DNA with carbon, nitrogen, phosphate,
oxygen, and hydrogen atoms depicted in cyan, blue, yellow, red, and white, respectively. The DIS-PB model contains only ions and the CG DNA molecule (types and
colors of atoms match the all-atom representation). The PB electrostatic potential is calculated with APBS for an elongated CG DNA molecule. For database generation,
ionic positions are obtained from an all-atom MD simulation, while forces are defined as the difference between the all-atom MD forces and the PB forces. These data are
the input for the GNN Allegro, which is trained with a force-matching method. In the DIS-PB model, MD simulations combine a short-range ML potential with long-range

contributions calculated as an additional ionic force from the PB potential.

reference potential, DIS-PB replaces this prior with a PB electrostatic
potential. This change is motivated by limitations identified in the
original DIS method and is intended to assess whether a PB-based
prior can improve the efficiency-accuracy balance. To evaluate the
accuracy of our approach, we compare several structural and sta-
tistical properties, including ion-DNA normalized density profiles
(NDPs), ion-ion radial distribution functions (RDFs), binding pat-
tern probabilities, cumulative distribution functions, and excess ion
numbers, across all-atom MD, DIS-PB simulations, and simulations
with the standard (non-A) ML potential.

1. METHODS
A. All-atom MD simulation/database generation

For the all-atom MD simulation, we simulate a 10 base-pair
DNA duplex with the sequence d(CTCTCGAGAG); using a peri-
odic box (89.7 x 80.7 x 33.99 A%) containing TIP3P'?" water
and an appropriate number of monovalent cations (Na*) and
anions (Cl7), inserted by replacing water molecules to construct a
1 mol 17" salt solution. The AMBER 032! force field is used for
the DNA molecule, and the Joung and Cheatham parameters'”*

are applied for ions, with additional corrections for ion-phosphate
interactions.'”” MD simulations are performed using LAMMPS,'*
integrating Newton’s equations of motion with the velocity Ver-
let algorithm and a 1 fs time step.'””'*" In this work, we employ
periodic boundary conditions along the helical (z) axis, where cor-
responding intramolecular DNA interactions—defined by bond,
angle, and dihedral potentials—are used to connect each strand to
its periodic image. This setup effectively mimics an infinitely long
DNA molecule while maintaining structural continuity across peri-
odic boundaries. Throughout the simulations, the DNA molecule
is kept rigid. After a 2 ns equilibration in the NPT ensemble with
the Nosé-Hoover temperature thermostat'’’ (a coupling constant
of 0.1 ps) and Nosé-Hoover pressure barostat (a coupling constant
of 0.1 ps), the system is heated for 10 ns in the NVT ensemble at
the temperature of 300 K. The production run is carried out in an
NVT ensemble at a temperature of 300 K. Non-bonded van der
Waals and electrostatic interactions between all particles are treated
with a hybrid potential composed of L] potential and Coulomb
potential within cutoff distances of 0.9 and 1.2 nm, respectively. The
electrostatic interactions beyond the cutoff are corrected with the
PPPM solver.'*
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B. Poisson-Boltzmann potential/prior
1. Solving the nonlinear Poisson-Boltzmann equation

The PB equation is a second-order elliptic partial differen-
tial equation that models the electrostatic potential around a fixed
charge distribution in an ionic solution. To accurately compute the
electrostatic potential, three components must be considered: the
solute molecule, the solvent, and the solvated ions. The Poisson’s
equation,

-V - [e(r)vo(r)] = p(r)

1
forre Q, where ®©(r)=0b(r) forredQ, W

describes the electrostatic potential ®(r) generated by charge dis-
tribution p(r) in a polarizable continuum. Here, e(r) = eper(r) is
a spatially dependent permitivity, written in terms of the vacuum
permitivity ¢y and relative permitivity e,(r). Equation (1) is gener-
ally solved on some finite domain Q, with the potential specified
as b(r) on the domain boundary 9Q. Typically, Dirichlet bound-
ary conditions are employed to calculate b(r), as it is an analytic
and asymptotically correct form of the potential (Coulomb’s law or
Debye-Hiickel).

In a biomolecular system, it is useful to consider two types
of distributions. First, the biomolecule (solute), characterized by
partial atomic charges, is typically represented as a fixed charge
distribution,

M
pi(r) = Qid(r—ri), (2)
i=1

where each of the M atomic partial charges {Q;} is represented
by a delta function 8(r — r;) centered at the corresponding atomic
position {r; }. Second, the contributions of the counterions are mod-
eled in a continuous (mean-field) approximation by a Boltzmann
distribution, which defines the mobile charge distribution,

pn(r) = 3 6 exp [Bg0(r) + V()] )

J

for m counterion species with charges {qj}, bulk concentra-
tions {¢;}, and steric potentials {V;} (i.e., potentials that prevent
biomolecule-counterion overlap). In Eq. (3), § = 1/KT is the inverse
thermal energy, with k being the Boltzmann constant and T being
the temperature. In the case of a one-to-one electrolyte, Eq. (3)
reduces to

pm(r) = %*(r) sinh [®(r)], (4)

where coefficient %*(x) describes both ion accessibility (indirectly
via exp[-fV(x)]) and bulk ionic strength. Combining the expres-
sions for the fixed biomolecule [Eq. (2)] and mobile counterion
[Eq. (4)] distributions with Poisson’s equation [Eq. (1)] yields the
nonlinear PB equation (NPBE) for the one-to-one electrolyte,

-V - [e(r)VD(r)] + & (r) sinh [O(r)] = Z qié(r—ri)

©)
forre Q, where ®©(r)=b(r) forredQ,
and the corresponding electric field,
E(r) = -vVO(r). (6)

ARTICLE pubs.aip.org/aipl/jcp

The coefficients of the PB equation—the relative permittivity e(r)
and ion accessibility function % *(r)—depend on the structure of the
biomolecule (atomic coordinates and radii), as well as on the ionic
radius, and are constructed using standard surface-based definitions
as implemented in the APBS software. Fixed charge distribution is
represented by atomic charges and atom locations that appear in the
delta functions as the set of points {r;}.

In particular, €(r) is discontinuous along the biomolecular
surface and assumes low solute dielectric values (between 2 and
20) inside and high bulk solvent values (generally near 80) outside
the surface. The ion accessibility function k*(r) is defined using
the inflated van der Waals surface—the union of spheres centered
at atomic positions with radii equal to the atomic van der Waals
radius plus the counterion radius. This ion accessibility field can also
be used to derive a steric exclusion contribution to the PB poten-
tial, which prevents ions from penetrating the biomolecular volume.
All details of these constructions are standard and follow the APBS
implementation described in Ref. 10.

In this work, we do not modify the underlying definitions of
e,(r) and %% (r), but instead examine the sensitivity to selected para-
meters such as ion radius, grid spacing, and solute dielectric constant
that significantly influence their evaluation and, consequently, the
overall result of PB potential, as shown in Fig. 4.

The PB equation may only be solved analytically for sim-
plified models, requiring numerical simulation for more complex
geometries.'”’ To solve the NPBE, the APBS""1%? software is used,
employing the finite-difference method. This method discretizes the
PB equation on a non-uniform Cartesian grid, converting continu-
ous functions and operators into discrete counterparts. This trans-
formation yields a system of linear equations that can be efficiently
solved via matrix inversion.'”’

We use the extended CG DNA model as the input structure
for the APBS calculations. The CG mapping, based on the CG DNA
model by Kovaleva et al.,'* represents each nucleotide with six
CG sites. The all-atom DNA model contains 634 atoms, whereas
the input to the PB and ML models includes only 120 explicit
DNA atoms. Although solving the PB equation with the all-atom
DNA model is not substantially slower than with the CG DNA
model, we choose to use the CG model for both PB and ML calcula-
tions to maintain clarity in the workflow. As shown in Fig. 2, using
the all-atom DNA model does not significantly improve the PB solu-
tion; therefore, the choice of model has little impact on the results.
The PB potential naturally decreases with distance from the DNA
molecule in the x and y directions. By choosing sufficiently large lat-
eral dimensions for both the MD and APBS boxes, the potential at
their boundaries converges to zero, minimizing artifacts from peri-
odicity. Along the z axis, however, we aim to model an infinitely
long DNA strand, so the MD box spans exactly one DNA pitch,
as described in Sec. II A. As shown in Fig. 3, the APBS potential
does not decay along z. To prevent inconsistencies between the finite
APBS solution—which would otherwise truncate the potential at
the DNA ends—and the periodic boundary conditions in MD, the
CG model in APBS is extended in both the +z and —z directions
to include three helical turns of DNA. This setup ensures that the
PB potential is properly evaluated at the boundaries of the MD box
along the z axis, making it fully consistent with the periodic repre-
sentation of an infinitely long DNA molecule in the MD simulation.
Choosing the optimal computational model for PB calculations with
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FIG. 2. Cylindrical concentration profiles of Na* (a) and CI~ (b) relative to the DNA axial axis. The PB concentration profile is calculated using ¢;(r) = ¢ exp [-B(q,®(r)
+Vi(r))], where c?, g;, @(r), Vi(r) are the bulk concentration, charge, PB potential, and solute-ion interaction potential for species i, respectively. Results are shown for
all-atom MD simulation (black-solid line) and PB solutions for the all-atom DNA model (blue-dotted line) with rjo, of 1.0 A and PB solution for the CG DNA mode! with rio, of

2.0 A (red-dashed line) at 1.0 mol I=".

APBS requires selecting several parameters, including the molecu-

lar surface defining the dielectric boundary and the treatment of

the solvent dielectric region. Among the most important are the
ion size—treated in some studies as an adjustable parameter fitted
to experimental data’'** or derived from radial distribution func-
tions in all-atom MD simulations’*—and the grid spacing, which
varies in the literature from 0.5 A" to 1.5 A.”° We have carefully
optimized various parameters through multiple tests, as indicated in
Fig. 4. For solving the PB equation, we select an automatically con-
figured sequential focusing multi-grid. The PB equation is initially
solved on a coarse grid box (150 x 150 x 120 A*), followed by a
fine grid box (95 x 95 x 64 A3 ), both centered at the center of mass
(CoM) of a CG DNA molecule [49, 50, 17 A]. This grid configura-
tion results in an APBS box larger than the MD simulation box in all
three spatial directions. We use 257, 257, and 193 grid points in the x,
y,and z directions, respectively, creating a 3D grid with grid spacings
0f0.37, 0.37, and 0.33 in the x, y, and z directions, respectively. The

(a) ®(r) along the APBS box

PB equation is solved using a single Debye-Hiickel boundary con-
dition, with the solute having a dielectric constant of 2, to account
for the effect of polarizability,””'”>'*° and the solvent dielectric set
to 78.4, consistent with experimental data for water at 300 K. The
ionic radius is set to 2 A and the concentration to 1 mol 17*. The
CG DNA molecule defines the dielectric boundary, with atomic radii
and partial charges consistent with those in the all-atom simulation.
Nucleic acid atomic charges are assigned to nearest-neighbor grid
points. The solvent-excluded surface is modeled with a rolling probe
of radius 1.4 A.

2. Electrostatic forces from the Poisson-Boltzmann
potential

The PB equation is a mean-field electrostatic model that simpli-
fies various atomic details and all non-Coulombic solvent-polymer
interactions.'® It also neglects direct ion-ion interactions and only

o(r) [kT/ec]
N
o u

100

0 20 40 A 60 80 FIG. 3. PB electrostatic potential [®(r)]
x[A] calculated with APBS along the x (at
=< (b fixed y = 50.027 A and z = 16.965 A
2 0 1 grid points) (a), y (at fixed x = 49.845 A
= V and z = 16.965 A grid points) (b), and z
£ -5001, . . : . : (at fixed x = 49.845 A and y = 50.027 A
© 0 20 40 60 80 100 grid points) (c) axis of the APBS box. The
y [A] units for the PB electrostatic potential are
k (in J K=") for the Boltzmann constant,
I (c) T (in K) for the system temperature, and
5 10 A \/\/\_/\/‘\/\/\/\_/\/\/ e for the elementary charge (in C).
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approximates the ion’s size to a certain extent.”® These simplifi-
cations result in non-physical behavior during MD simulations.
As a mean-field-based model, the PB equation is most suitable for
describing electrostatic interactions at large distances. Deviations
from experimental data and detailed all-atom simulations become
more pronounced at short-range distances, especially in the pres-
ence of a strong electric field.”® This can be observed in Fig. 2,
where the concentration profile calculated directly from the PB solu-
tion deviates significantly from the all-atom MD result within the
~12 A distance from the DNA axial axis but converges well beyond
that region. We solve the NPBE with APBS. In our simulations, the
CG DNA molecule is kept fixed, and we focus exclusively on the
interactions of mobile ions. The full PB potential at position r; is
defined as

UPB(ri) _ qicD(ri) + Vsterif(ri)’ (7)

where g; is the ion charge (1 and -1 for Na* and Cl” ions), ®(r) is
the electrostatic potential, V¥*(r) is the steric exclusion potential,
and r; = (x;, ;i) is the position vector of the i-th ion.

Distance from DNA axial axis [A]

The corresponding PB force acting on the i-th ion is then given
by

FIPB - QiE(ri) _ viVsteriC(r)) (8)

where E(r;) = —V;®(r) is the electric field at the ion position r;. The
steric component of the PB force strongly repels Na* ions from the
DNA region during the MD simulations, leading to poor sampling
of ion-DNA configurations during ML training and, consequently,
degraded overall performance of the DIS-PB model. For the con-
struction of the PB prior, we, therefore, retain only the electrostatic
contribution,

FP = qiE(rs). ©)

The PB prior, Eq. (9), accounts for the mean-field, long-range
Coulombic force on the ions. The remaining contribution corre-
sponding to short-range ion-solute interactions is instead learned
by the ML algorithm.

As APBS solves the NPBE using FDM, the electrostatic
potential is output as values on a three-dimensional grid. Dur-
ing the MD simulation, ion positions do not generally coincide
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FIG. 5. Schematic representation of the
trilinear interpolation of the APBS electric
field from the values at the grid points to
the positions of the ions during the MD
simulation. The central region of the box
shows the electric field components in
the x, y, and z directions for the elon-
gated CG DNA molecule. For visual clar-
ity, the grid cells are shown much larger
than the actual grid spacing used in the
APBS calculations.

with the grid points of the mesh. From APBS, we obtain three
3D grids for each component of the electric field, i.e., E(x,y,z)
= (Ex(%,3,2), Ey(x,5,2), Ez(x,9,2)). During the MD simulation,
each electric field is interpolated from the APBS grid values to the
ion position using trilinear interpolation, providing the local field
needed to compute F;?, as schematically shown in Fig. 5.

First, the relative distances in the x, y, and z directions from the
ion position to the nearest grid points are calculated as

0 0 0
e AT

Ax = = N
yi =y z' -

1 >
X —XO

where (x,y,z) are the ion coordinates, (xo,y,,20) are the nearest
grid points lower than the ion position, and (x, Y2 ) are the near-
est grid points higher than the ion position. The electric field at the
ion position is then obtained via trilinear interpolation,

¢ =cooo(1 = Ax)(1 - Ay)(1—Az) + cr00Ax(1 = Ay)(1 - Az)
+co10(1 = Ax)Ay(1 — Az) + c110AxAy(1 — Az)
+co01(1 — Ax)(1 - Ay)Az + c101Ax(1 - Ay)Az
+ co11 (1 — Ax)AyAz + ci11AxAyAz, (11)

where cooo through ci11 correspond to the electric field values at
the nearest eight grid points, and c is the interpolated value at the
ion position (schematically shown in Fig. 5). After interpolating all
three components of the electric field, the electrostatic force on the
ions is calculated straightforwardly using Eq. (9). This approach is
implemented within the LAMMPS'** framework via a custom fix
module.

C. The DIS-PB model

As described in Sec. II B, the PB method is a mean-field
theory that efficiently captures long-range electrostatic tails. How-
ever, its simplicity and computational efficiency come at the cost
of reduced accuracy in short-range interactions. In Sec. I, we out-
lined how ML approaches have recently emerged as powerful tools
for representing complex many-body potentials, with architectures

particularly well suited for modeling short-range interactions. To
combine the strengths of both approaches, we employ a A-learning
strategy'"*"”""*" in which the ML model is trained on the differ-
ence between all-atom MD forces and PB forces, thereby capturing
the short-range contributions that PB neglects. A cutoff of 12 A
is used for pair distances between all atom types during training,
which is sufficient to capture the relevant short-range interactions
and to include an appropriate number of neighbors per atom in the
coarse-grained system. As illustrated in Fig. 6, 12 A corresponds to
the approximate minimum distance from the CG DNA axial axis
below which short-range PB interactions deviate significantly from
the all-atom solution; beyond this distance, the PB and all-atom pro-
files are in good agreement. It should be noted that the 12 A cutoff
used during training and in the DIS-PB MD simulations with the
Allegro force field does not directly correspond to the radial distance
from the DNA axis shown in Fig. 6. The cutoff refers to pairwise
distances, whereas Fig. 6 shows distances from the CG DNA axial
axis, with DNA atoms extending up to ~10 A from the axis. Newer
versions of Allegro allow different cutoffs for different atom types,
enabling more precise control of the overall distance from the CG
DNA axis. When such ML potential is combined with the PB poten-
tial, the resulting effective potential is capable of closely reproducing
all-atom MD results. We evaluate this approach on a DNA system
in an aqueous salt solution. The all-atom MD simulations include
explicit DNA, ions, and water molecules, whereas the PB poten-
tial calculations, ML training, and MD simulations with ML and
PB potentials combined are based on a CG DNA representation
with explicit ions, while water is omitted completely. As a result, all
water-water and water—ion explicit interactions present in all-atom
MD are excluded, which, in turn, contributes to the computational
speed-up of our approach. We refer to this framework as the DIS-PB
model.

Due to its high data efficiency, strict locality, and ability to accu-
rately interpolate to out-of-distribution configurations, we choose
the GNN Allegro ML potential based on a many-body equivari-
ant neural network (ENN) architecture.®”*%%%*1%971%2 Collections
of nodes and edges represent the atomistic structures. In the graph
representation, the nodes correspond to atoms, and edges connect
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FIG. 6. 2-particle potential of mean force [PMF®] profiles for Na* (a) and CI= (b) relative to the DNA axial axis. Insets show the corresponding cylindrical concentration
profiles for Na™* (c) and CI- (d). The PB concentration profile is calculated using ¢i(r) = ¢! exp [-B(qi®(r) + Vi(r))], where c?, g;, ®(r), Vi(r) are the bulk concentration,

charge, PB potential, and solute—ion interaction potential for species i, respectively. PMF@ is computed as PMF® = —RT In (c;(r)/c”), where R is the gas constant, T
is the temperature, and ¢;(r) /c? is the normalized concentration profile. Results are shown for all-atom MD simulation (black-solid line), PB solution (blue-dotted line), and

DIS-PB MD simulation (red-dashed line) at 1.0 mol I=! salt solution.

the atoms within a cutoff-distance sphere. This makes the Allegro
model compatible with the spatial decomposition approach used in
LAMMPS, leading to excellent computational efficiency and scala-
bility across devices. The parameters for the ML model are trained
using a force-matching approach.'*’ The training loss is defined as

lBN

ML A2
= — S |EME MR 12
3BN1§=1: |Fi Al (12)

L
where B, N, EML, Ffm = -v;EM and FiA denote the batch size, num-
ber of ions, ML potential energy of the system,””'"” ML-predicted
force difference, and true (reference) force difference acting on
atom (ion) i, respectively. Since we employ the A-learning approach,
forces on ions had to be stored every 1 ps during the production
phase of the all-atom MD simulation. PB forces are calculated for
the ions at the positions from the all-atom MD simulation. These
stored forces are then subtracted to obtain the true forces used for
training,

FzA _ F?ll—atom _ Fprrior) (13)

where F#'=9™ are the forces obtained from the all-atom simula-
tion using a classical MD force field (in our case, AMBER 03), and

Ff Prer are the forces calculated by Eq. (9). The ML potential is opti-
mized using the Adam optimizer'* with the default parameters
from PyTorch.'*> The training dataset contains 2.0 x 10° configu-
rations obtained from the reference all-atom MD simulation, which
are split sequentially by Allegro into training (80%) and validation
(20%) datasets. The accuracy of prediction for both datasets is eval-
uated with the force matching approach described in Eq. (12). Other
training hyperparameters are in large agreement with the DIS model
by Coste et al.'"’

DIS-PB MD simulations are performed in LAMMPS,'** inte-
grating Newton’s equations of motion with the velocity Ver-
let algorithm using a 1 fs time step.'””'*® The PB equation is

combined with the ML potential via a custom fix that adds the cor-
responding external forces to the ions. Thus, during DIS-PB MD
simulations, the total force on each ion FPS7%2 is computed as the

sum of the PB prior force FfB" " and the ML-predicted force FMF,

DIS—-PB PB
Fi — Fi prior

+FME, (14)

The number of ions and the box dimensions are consistent with
those used in the all-atom MD simulations (Sec. I A), while the
CG DNA model is the same as described above for the PB calcu-
lations. Simulations are carried out in the NVT ensemble, with the
temperature maintained at 300 K using the Nosé-Hoover thermo-
stat. Periodic boundary conditions effectively render the CG DNA
molecule infinite, which is kept rigid throughout the simulation.
Each production run lasts 25 ns following 1 ns of equilibration.
Unlike the DIS model of Coste et al.,''” in which ion-ion and
ion-DNA interactions are represented explicitly using a pairwise
Lennard-Jones potential combined with a Wolf-summed Coulomb
term, the prior used in DIS-PB is based on a Poisson-Boltzmann
electrostatic field. The L]-Wolf prior provides a pairwise, real-space
approximation to long-range electrostatics, whereas the PB-based
prior incorporates solvent screening at the mean-field continuum
level and captures non-local electrostatic effects through a spatially
extended field. This formulation allows the ML correction in DIS-PB
to focus exclusively on local contributions such as ion-ion corre-
lations and near-surface ion-DNA interactions, while the PB prior
accounts for the non-local electrostatic component. Due to this
conceptual distinction, in which the PB electrostatics enter as an
external field rather than explicit pairwise forces, the PB-based prior
enables efficient GPU execution of the MD simulations, leading to a
substantial computational acceleration compared to DIS.

D. Umbrella sampling and PMF calculation

The potential of mean force (PMF) provides the free-energy
profile along a chosen reaction coordinate, reflecting the effective
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interactions between the two chosen particles. In our case, the
collective variable is defined as the distance between the DNA’s
CoM and the sodium ion, constrained to the straight line extend-
ing from the DNA’s CoM in the positive x-direction. Its sampled
range spans 2.5-20 A. We obtain the PMF using umbrella sampling
implemented via the colvars module in LAMMPS.* A total of
36 harmonic windows are used, each with a spring constant of
5 kcal mol™ A~ along the reaction coordinate and a stiff perpen-
dicular restraint of 250 kcal mol™" A% to confine the ion to the
sampling axis. Each window is simulated for 2 ns with a sampling
interval of 10 fs.

We reconstruct the unbiased free-energy profile using the
weighted histogram analysis method (WHAM),'*” employing 120
histogram bins and 50 Monte Carlo iterations, as implemented in the
WHAM package developed by Grossfield’s group.'** This procedure
is carried out for three models: the all-atom MD reference simu-
lation, the DIS-PB MD simulation, and the Allegro-only potential
trained directly on all-atom forces. For comparison, we also include
the PB electrostatic potential ®(r) as well as the full PB potential
along the same distance between DNA’s CoM and the sodium ion in
the positive x-direction.

Ill. RESULTS AND DISCUSSION

We aim to achieve the all-atom MD accuracy by applying a
A-learning approach that combines the PB model, which serves as
the baseline capturing long-range electrostatics, with an ML poten-
tial that recovers the missing short-range interactions. As shown in
Fig. 6, the PB solution fails to accurately reproduce the ion distri-
bution at short range (below 12 A) due to the absence of specific
interactions in its underlying theory. To improve the PB solution,
we introduce an ML potential trained on the difference between
the all-atom and PB forces, thereby capturing the short-range con-
tributions. Both the PB and ML components employ the same

ARTICLE pubs.aip.org/aipl/jcp

CG representation of the DNA molecule, in which only selected
DNA atoms are retained and water molecules are omitted. This
coarse-grained design reduces the computational cost compared to
all-atom MD simulations.

To optimize the performance of our DIS-PB model, we adapt
several ML hyperparameters from the original DIS model.'"” In
addition, to evaluate what Allegro can learn without A-learning,
we train it directly on the full all-atom forces using the same
hyperparameters as in the DIS-PB model.

To assess the effective ion-DNA interactions across the differ-
ent models, we first examine the PMF for a Na* ion approaching the
DNA molecule’s CoM along the x-axis (Fig. 7). The PMF is obtained
using the umbrella sampling protocol described in Sec. IT D. As the
ion approaches the DNA, the PB prior and the full PB potential
depart markedly from the all-atom reference and fail to repro-
duce the essential short-range ion-DNA interactions captured in
the all-atom PMF, consistent with the discussion in Sec. II B.
Adding the ML-based correction in this region produces a sub-
stantial improvement: the DIS-PB PMF closely follows the all-atom
result. By contrast, the Allegro-only force field—trained directly on
all-atom forces—matches the all-atom PMF slightly less accurately
than DIS-PB at short separations (up to 8 A). However, in the
intermediate range (8 to 12 A), it provides a slightly better match
than DIS-PB, and it performs comparably in the long-range limit.
Beyond 12 A, the ion-DNA interaction becomes negligible relative
to thermal fluctuations, and the PMFs from all force fields fall within
approximately kT of each other.

The NDPs of Na* ions in Fig. 8(a) show that the Allegro-
only model effectively reproduces the structural distribution of Na*
ions around DNA. However, due to the absence of non-local inter-
actions between Cl™ ions and CG DNA atoms, the model fails
to capture the expected electrostatic repulsion. As a result, Cl~
ions penetrate the CG DNA structure and accumulate near car-
bon, nitrogen, and oxygen atoms in the major groove [Fig. 8(b)],

10
— all-atom
...... PB
8, —-= PB prior
. ML Allegro
\ —— DIS-PB FIG. 7. PMF for Na* ion as a func-
\ tion of the distance from the DNA CoM
— 6 \ along the x-axis. The PMF is calcu-
] \ lated as described in Sec. |l D. Results
§ . are shown for the all-atom MD simu-
S | lation (black-solid line), total PB poten-
= 4 \ tial Eq. (7) (blue-dotted line), PB prior
E \ potential corresponding to the electro-
o F static contribution, i.e., the first term
\. of Eq. (7) (green dotted-dashed line),
2 \ DIS-PB MD simulation (red-dashed line),
\ and Allegro-only MD simulation (orange-
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leading to unstable simulation behavior. In contrast, this unphysi-
cal behavior is absent from the DIS-PB model, ensuring simulation
stability by consistently repelling Cl~ from all DNA atoms. In addi-
tion, the Na* NDP profile is in better agreement with all-atom
results. This improved behavior highlights the importance of incor-
porating the PB mean-field prior in combination with a learned
short-range potential. In the comparison between the DIS model
and DIS-PB, we did not observe any significant improvement in
the accuracy of the NDP profiles. To evaluate the representation
of ion-ion interactions, which are not included in PB theory, we
calculated RDF profiles in the CG DNA salt system. The RDFs gen-
erated using the DIS-PB model closely match those from all-atom
MD simulations, demonstrating that Allegro’s local graph-based
neural network architecture effectively captures short-range, many-
body interactions [Figs. 8(c)-8(e)].

Pairwise Distance [A]

We further examine the development of the ion atmosphere
moving away from the DNA axis by calculating the number of
excess Na* ions. This is done by integrating the difference between
the radial and the bulk concentration across a cylindrical volume.
The deviation between the all-atom and DIS-PB models is around
1.5 Na* [Fig. 9(a)], indicating a good agreement. To investigate
specific Na* binding patterns to the CG DNA atom types, we
identify ions residing in the first hydration shell and compute the
probability distribution of binding configurations.*! As shown in
Fig. 9(b), the most frequently involved atom types in the most proba-
ble binding patterns are phosphate (P), then guanine oxygen (GO6),
guanine carbon (GC8), adenine carbon (AC8), and thymine oxy-
gen (TO4)—all located in the DNA major groove. Less frequent
contributions to the most probable binding patterns include the gua-
nine nitrogen (GN2), thymine oxygen (TO2), and cytosine oxygen

(@) (b)
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(CO2), which are located in the minor groove. DIS-PB and all-atom
results agree very well.

A key advantage of Allegro lies in its scalability, enabled by
its strictly local architecture. Unlike the DIS model reported by
Coste,''"” which employs a hybrid model combining L]-Wolf and
Allegro potentials, and most other methods that integrate short-
range ML potential with long-range interactions, our approach uses
purely Allegro ML potential supplemented by an external non-local,
long-range potential. Since PB electrostatics can be calculated at
only a fraction of the computational cost of all-atom MD, and our
model employs a highly coarse-grained representation with implicit
water, one might expect a substantial speed-up. However, evaluat-
ing the ML potential for ions—which accounts for both ion-ion
and ion-DNA interactions—is relatively demanding, more expen-
sive than standard pair potentials, and constitutes the majority of
the computational cost in our DIS-PB MD simulations. As a result,
the speed-up is more modest. We anticipate a much clearer com-
putational advantage for larger systems, where the number of water
molecules in an all-atom model would grow significantly while the
relative cost of the ML potential remains about the same. Even so,
our design efficiently exploits GPU resources and yields consider-
able performance gains in MD simulations. First, we compare the
speed of the original DIS model'"” and our DIS-PB model. Because
the original DIS model cannot be deployed on a GPU, we have per-
formed both simulations on a single CPU. The main computational
bottleneck for both DIS and DIS-PB methods is the evaluation of
the ML potential, which was trained with similar hyperparameters,
resulting in comparable complexity. As a result, the simulation rates
of the two methods are identical, yielding 1.42 ns per day for both the
DIS and DIS-PB approaches, whereas the all-atom MD simulation
is considerably slower at 0.6 ns per day. To further examine com-
putation efficiency, we compared the performance of the all-atom
MD and DIS-PB MD, both run on a single GPU. The all-atom
model produces a simulation rate of 12.736 ns per day, whereas
the DIS-PB model achieves a rate of 16.251 ns per day. This speed-
up highlights the computational efficiency of the DIS-PB model,
enabling longer simulations and larger system sizes. The reported
simulation rates refer to the runtime of the MD simulations only;
the one-time cost of generating the all-atom reference data for
ML training is not included, as this reference simulation is iden-
tical to the all-atom MD used for validation and is performed
only once.

A key limitation of our approach is that the DNA molecule is
kept rigid throughout the MD simulations, which restricts the model
to describing only ion behavior without accounting for DNA con-
formational flexibility. This simplification likely alters ion condensa-
tion sites and, consequently, the ion distribution and condensation
behavior.'”*”1° However, at the same time, the rigid DNA setup
provides a practical advantage: it allows fast and direct incorpora-
tion of the PB potential, which would otherwise vary with every
DNA conformational change. To achieve a more realistic descrip-
tion of DNA dynamics, we plan to couple the implicit electrostatic
solver (APBS) directly to the MD engine (LAMMPS), thereby allow-
ing DNA to move during the simulation under the combined action
of the PB forces on the DNA atoms and the standard MD inter-
action potentials used in the system. Within this framework, the
electrostatic potential will be recomputed every few ps, ensuring that
the ionic distribution adjusts self-consistently to the updated DNA
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conformation. Furthermore, because the model is trained on a single
rigid DNA sequence, the learned ML potential is not transferable to
other sequences, as it lacks explicit information about DNA struc-
ture and sequence dependence. Since our model is trained on a
single solvent concentration, it is not directly transferable to other
salt concentrations. This limitation could be overcome by making
the ML model concentration-dependent, incorporating the solvent
concentration as an additional input. Another limitation arises from
the A-learning approach itself, which couples two complex poten-
tials with many parameters. Any modification in the PB calculation
requires new data generation and may necessitate adjustment of
ML hyperparameters, making the procedure time-consuming and
challenging to systematically approach the accuracy of all-atom MD
simulations. A possible improvement would be to incorporate the
PB prior directly into the ML training and to couple the APBS soft-
ware for PB calculations with LAMMPS for MD simulations in an
on-the-fly manner so that both contributions evolve consistently
during the simulation.

IV. CONCLUSION

In conclusion, we have developed the DIS-PB machine learn-
ing model, based on an equivariant GNN and A-learning with the
PB baseline. Standard ML approaches are particularly well suited for
capturing short-range contributions to the potential, owing to their
many-body character, flexibility, and, in the case of Allegro, strict
locality that ensures scalability. In contrast, the PB method efficiently
describes long-range electrostatics but lacks short-range accuracy
due to its simplifying assumptions. By combining these comple-
mentary strengths, DIS-PB captures both regimes when applied to a
simplified system composed only of CG DNA and explicit ions, with
water omitted entirely. This coarse-graining substantially reduces
the number of particles and interactions the model must consider,
which accelerates ML training and makes the resulting MD simula-
tions faster. At the same time, the A-learning correction ensures that
essential short-range and long-range effects are preserved, allowing
the simulations to approach the accuracy of all-atom MD at a lower
computational cost. In future work, we will extend the applicabil-
ity of the DIS-PB model to more complex biomolecular systems,
broadening its scope to a wider range of problems in computational
biophysics.
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