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Abstract: Machine learning potentials, particularly the deep potential (DP) model, have revolution-
ized molecular dynamics (MD) simulations, striking a balance between accuracy and computational
efficiency. To facilitate the DP model’s integration with the popular MD engine OpenMM, we have
developed a versatile OpenMM plugin. This plugin supports a range of applications, from conven-
tional MD simulations to alchemical free energy calculations and hybrid DP/MM simulations. Our
extensive validation tests encompassed energy conservation in microcanonical ensemble simulations,
fidelity in canonical ensemble generation, and the evaluation of the structural, transport, and ther-
modynamic properties of bulk water. The introduction of this plugin is expected to significantly
expand the application scope of DP models within the MD simulation community, representing a
major advancement in the field.

Keywords: molecular dynamics; OpenMM; deep potential; machine learning potential; force field

1. Introduction

Molecular dynamics (MD) simulation is a technique that is widely used to study
many-particle systems in chemistry, biology, and materials science [1–3]. To fully unleash
the explanatory and predictive power of MD simulations, the underlying potential en-
ergy models need to be both accurate and computationally efficient. The potential energy
can be calculated on-the-fly by electronic structure methods, with the simulation system
propagated with either the Ehrenfest or Car–Parrinello dynamics [4]. Due to the expen-
sive computational cost associated with ab initio calculations, this is often only possible
for material systems that are homogenous and can be represented by small numbers of
atoms with proper periodic boundary conditions. For more heterogeneous chemical and
biological systems, classical force fields (FFs) are often used, which include the harmonic
bond, angle, and dihedral potentials to represent short-range bonded interactions and
the Coulomb and Lennard–Jones potentials to model long-range non-bonded interactions.
These systems also require significantly longer simulation times to explore their com-
plicated conformational spaces. Decades of research have been invested to make these
simulations feasible in terms of enhanced sampling techniques [5], highly optimized simu-
lation software [6–9], and adaptation for heterogeneous computer hardware such as GPU,
FPGA, and ASICs [10–13].

An emerging solution to circumvent the trade-off between accuracy and efficiency
would be machine learning potentials (MLPs) [14,15], either kernel-based [16–21] or neural
network-based [22–37]. A key factor of machine learning potentials is to design the input
features that represent the symmetries of simulation systems as much as possible [17].
The first influential neural network-based potential model was proposed by Behler and
Parrinello in 2007 [25]. They suggested that the total potential energy of a simulation
system Usys can be constructed as the summation of the atomic energy Ui of each particle,
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see Equation (1). Ui is determined by the particle type and its surrounding environment
with individual neural network NNi fed by an environment feature vector. This vector
is constructed from the particle’s cartesian coordinates {R} and fulfills the rotational
symmetry of molecular systems.

Usys =
N

∑
i=1

Ui =
N

∑
i=1

NNi({R}). (1)

A variety of neural network potentials (NNPs) have been proposed since then, with
different network architectures and input features. Smith et al. developed the ANI-
1 series of NNP models [38,39] by introducing more sophisticated three-body atomic
environment features to better account for heterogeneous molecular environments. The
message passing neural network (MPNN) [40] fetched the atomic environment information
by recursively iterating the neighbor atoms along the topological links with a cost of
reduced computational efficiency. This approach has been employed in various NNP
models such as the deep tensor neural network (DTNN) [30] and SchNet [31].

Another approach to improve the accuracy of NNPs involves using embedding net-
works that learn the weighting information of surrounding particles and automatically
construct atomic environment vectors. Zhang and co-workers proposed the deep potential
(DP) model that constructs the potential using two different types of neural networks [28].
First, an embedding network takes the reciprocal distances between the central atom and
its surrounding particles as input, and outputs an embedding vector that captures the
weighting information of surrounding particles. An embedding matrix is then assembled
by concatenating the embedding vectors of neighbor particles ordered by their reciprocal
distances and further multiplied by the distance matrix and its transpose. The embedding
matrix is thus invariant to the translation, rotation, and permutation of atoms, and serves
as the input of a second fitting network to output the atomic energy Ui. The introduction
of the embedding network in the DP model eliminates the need for empirically designed
atomic-centered symmetry functions and improves generalization performance. We note
that other types of effective embedding and fitting mechanisms have been proposed [41].

The DP model strikes a balance between accuracy and computational cost and has
been widely used in the simulations of complex systems, in particular homogenous
systems [42–44]. The lower computational cost of the DP model enables the capability
of ∼ns/day simulation performance for a copper system consisting of more than 100 mil-
lion atoms in a Summit supercomputer, with an ab initio-level accuracy [45]. Furthermore,
with its superior generalization ability, a unique DP model can be utilized to explore the
phase diagram of water over a vast range of temperatures and pressure with high-level
accuracy [44]. Not only does the DP model provide an accurate description of the energy
landscape for a wide range of chemical space, but it also enables simulations of systems that
are otherwise inaccessible through ab initio calculations [43]. However, its applicability in
heterogeneous systems, particularly in biomolecular systems, is limited due to challenges
associated with the proper inclusion of long-range interactions and efficient sampling of
conformation spaces.

The community of the DP model continues to evolve, with ongoing developments
aimed at enhancing its capabilities. For instance, one notable advancement involves the
incorporation of explicit long-range electrostatic interactions through the use of Gaussian
charges, which are modeled by an additional deep neural network [46,47]. This would make
it more suitable for modeling heterogeneous systems such as biological macromolecules.
In a recent study, Pan et al. utilized the deep potential method to systematically improve
the accuracy of the QM/MM free energy calculations of enzyme reactions by replacing
the QM part with a DP model [48]. The DP method was originally implemented in a high-
performance tool DeePMD-kit [49] for both model training and model inference, with an
interface to LAMMPS https://www.lammps.org/#gsc.tab=0 (accessed on 1 December
2023) [50] for running MD simulations. With more application scenarios and functionalities
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developed by the DP model, an efficient and flexible integration of the DP model into more
MD engines would be desirable for the MD simulation community.

MLPs were usually implemented in individually developed packages, most of which
have limited functionalities. Efforts to implement different ML potentials into one software
package have been attempted, for example in the MLatom package [51,52]. The separate
implementation of ML potentials would help validate and benchmark these potential
models. It would also be beneficial to implement ML potentials into existing MD engines
such as CHARMM [7], GROMACS [9], Amber [6], and OpenMM [10]. This would allow
the ML potentials to be combined with decades of efforts to realize accurate and advanced
integration, free energy, and enhanced sampling techniques. The implementation of ML
potentials in these traditional MD codes would also greatly promote them to be more
broadly used and allow direct integration with existing empirical FF models.

OpenMM is a high-performance MD engine that supports multiple hardware plat-
forms, in particular GPUs [10,53–55]. It was designed to be hierarchical and extendable,
and it supports almost all modern GPUs. OpenMM implements a user-friendly interface
with Python and key MD algorithms with C++ and CUDA for performance. It supports
a wide range of empirical FF models including the polarizable AMOEBA [56] and Drude
FFs [57], the atom-typing-free open force field models [58] as well as some machine learning
potentials via its TensorFlow plugin [59] and Torch plugin [60]. Although the DP model
was implemented in the DeePMD-kit package that is based on TensorFlow, the DP model
cannot be running with the current TensorFlow plugin in OpenMM due to the wrapped
C/C++ interface for inference in the DeePMD-kit package. Similar works are still ongoing
for the efficient integration of OpenMM and NNPs [61].

In this study, we introduce and validate an efficient OpenMM plugin that provides
support for DP models. This plugin incorporates several advantageous features, which
allow for performing free energy perturbation (FEP) calculations and running multiscale
DP/MM simulations with fixed or adaptive DP regions [62]. We validated the plugin using
a comprehensive range of kinetic and thermodynamic characteristics using MD simulations
with the DP model. Validation tests include the evaluation of energy conservation in
the NVE ensemble, the structural and dynamical properties of bulk waters, as well as
the fidelity of NVT ensemble generation. Moreover, we propose a protocol to carry out
alchemical free energy calculations using the DP model through our plugin, exemplified by
calculating the hydration free energy of water molecules. To substantiate the efficacy of
DP/MM simulations, we performed two distinct simulation experiments, one featuring a
fixed DP region for water molecules and another employing an adaptive DP region for a
zinc-containing protein system. Collectively, our findings attest to the effectiveness and
adaptability of our newly developed OpenMM plugin for simulations with the machine
learning DP models.

2. Results
2.1. Design and Implementation of the OpenMM Deepmd Plugin
2.1.1. General Architecture

The OpenMM Deepmd plugin serves as a flexible and efficient interface connecting
OpenMM with the DP model. Its initialization involves utilizing the DeepPotentialModel
class, enabling the loading of trained DP models. During each MD step, the plugin retrieves
particle coordinates from the OpenMM context and passes them to the DP model for energy
and force inferences (see Figure 1). To broaden the plugin’s applicability and enhance user
flexibility, the selected particles can encompass either the entire system or a specific subset.
The plugin also supports the selection of particles based on their proximity to designated
central particles, and it updates the OpenMM context with the newly calculated energy
and forces. This integration not only allows the usage of the DP model in conventional
MD simulations but also facilitates its utilization in hybrid MD simulations with other
FF models. The current implementation of the Deepmd plugin ensures that it can be
employed on both CPU and GPU platforms. While the GPU version incurs additional
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communication overhead between the CPU and GPU at each step, our profiling data
presented in Section 2.2.6 reveal that this overhead represents only a minor fraction of the
total per-step computational cost.
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Figure 1. The architecture of the OpenMM Deepmd plugin, illustrating the data flow and the
interaction between OpenMM and the DP model.

2.1.2. Python Class DeepPotentialModel

To facilitate the utilization of the deep potential model in OpenMM with this plugin,
we have carefully designed a Python wrapped class named DeepPotentialModel. This
class serves as a wrapper around the raw Python class DeepmdForce, thereby providing a
more user-friendly interface for employing the deep potential model within OpenMM. The
DeepPotentialModel class presents users with five distinct methods; the first two are essential
for all application scenarios, while the remaining three are optional. The initialization of
DeepPotentialModel only requires the path to the DP model file. Users have the additional
option to specify a scale factor λ, which scales the forces and energies exerted by the DP
model within the simulation. By default, λ is set to 1.

dp_model = DeepPotentialModel(model_file, Lambda=1.0).

While the variable units used in the training and inference of DP models are generally
flexible, OpenMM imposes more strict unit requirements: nanometers (nm) for distance,
kilojoules per mole (kJ/mol) for energy, and kilojoules per mole-nanometer (kJ/(mol·nm))
for force. The disparity in units requires users to explicitly set conversion factors. Specif-
ically, three coefficients must be specified for the conversion of coordinate units, force
units, and energy units, respectively. These coefficients do not have predefined values
since they are determined by the training data used to construct the DP model. This also
underscores the importance for users to ensure that the units of their training data are
compatible with the OpenMM context before initiating simulations. The coord_coefficient
acts as a multiplicative factor applied to particle coordinates before feeding them into the
DP model. Similarly, the force_coefficient and energy_coefficient will be respectively applied
to the forces and energy values calculated by the DP model before passing them to the
OpenMM context.

dp_model.setUnitTransformCoefficients(
coord_coefficient, force_coefficient, energy_coefficient) .

The createSystem method provides a straightforward approach to preparing an OpenMM
simulation context with this plugin. In particular, the method generates an OpenMM System
object using the simulated system’s topology as its input. This object can then be used
to construct an OpenMM Simulation object for subsequent simulations. It is important to
note that the System object generated through this method is indistinguishable from those
created with the native classical force fields present in OpenMM.

dp_system = dp_model.createSystem(topology).
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These three methods are already sufficient to construct a conventional simulation
context employing the DP model within OpenMM, although the utility of the third method
is not always needed. Recent studies, especially in the realm of biomolecular systems, show
that most applications of MLPs in molecular dynamic simulations are based on hybrid
MLP/MM frameworks [48,61–65] In such schemes, the particles described by the MLP
models constitute a subset of the entire system. For implementing the hybrid MLP/MM
scheme in OpenMM, the DeepPotentialModel class offers two optional methods that allow
users to specify which particles will be input to the DP model and generate the Force object
designated for integration with classical force fields. The major distinction between these
two methods lies in how they handle the selection of input particles for the DP model: one
method exclusively uses the specified particles as input, while the other incorporates both
the specified particles and their adjacent particles. To explicitly define the input particles
for the DP model, both the topology of the entire system and the list of these particle indices,
denoted as dp_particles, are required.

dp_force = dp_model.addParticlesToDPRegion(dp_particles, topology).

To specify the input particles for the DP model along with their neighbors, the topology
of the entire system, the center particle indices center_particles, and the cutoff distance radius
are needed. By default, the radius is set to 0.35 nanometers. Furthermore, for a reasonable
selection of neighboring particles in biomolecular systems, the particles selected based on
distance are, by default, extended to their entire residues through extend_residues=True.

dp_force = dp_model.addCenterParticlesToAdaptiveDPRegion(
center_particles, topology, radius=0.35, extend_residues=True).

This combination of methods significantly expands the range of practical applications
for this plugin across various tasks. Pertinent examples for a variety of application scenarios
are provided in the Section 3.

2.2. Validation of the OpenMM Deepmd Plugin

We performed various simulations to validate the Deepmd plugin using different
criteria. These tests included conventional MD simulations of water systems within NVE
and NVT ensembles. On one hand, we validated the implementation by verifying energy
conversation and correcting thermodynamic behavior; on the other hand, we directly
compared water properties obtained using this plugin with results from LAMMPS, employ-
ing the same DP water model. The extensibility of the plugin was further demonstrated
by additional tests, which incorporated the execution of alchemical transformations and
adaptive DP/MM simulations. The DP model used for the water system had been trained
to investigate the phase diagram of water across a broad range of thermodynamic condi-
tions [44]. This provided a reliable benchmark for assessing the plugin’s accuracy across
various phases, which is especially valuable for alchemical simulations that require the
DP model’s transferability for water molecules in both coupled and decoupled states. For
adaptive DP/MM simulations, we used zinc-containing proteins as examples, employing a
DP model trained to correct atomic forces of zinc ions and their coordinated atoms. Simu-
lations on a variety of zinc-containing proteins demonstrated that the zinc coordination
structures, such as the tetrahedral coordination structures of the Cys4 and the Cys3His1
groups, can be well reproduced, as detailed in Ref. [62].

2.2.1. Energy Conservation in NVE Simulations

We first validate our implementation by examining energy conservation in micro-
canonical ensemble (NVE) simulations. Precise energy conservation is crucial in MD
simulations, as it ensures that forces are rigorously derived through partial differentiation
of the system’s potential energy with respect to atomic coordinates, in accordance with
classical Hamiltonian mechanics. In the context of modern deep learning frameworks, this
conservation is inherently realized in neural network-based potential energy models, where
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atomic forces are calculated through automatic differentiation. Nevertheless, in molecular
simulations, fluctuations in the total energy throughout the dynamic propagation are in-
duced by the finite time step, denoted as δt. The magnitude of these fluctuations is further
influenced by the accuracy of the partial differentiation, the proper implementation of the
integrator, and the level of numerical precision exercised within the simulation platform.
Consequently, energy conservation serves as an important test for confirming the reliability
of simulation results, especially given that practical MD simulations involve sequences of
calculations spanning millions, or even billions, of iterations.

For the validation of energy conservation in NVE simulations, an analysis was con-
ducted on a bulk water system containing 256 water molecules within a cubic box mea-
suring 19.80 Å. We note that the water molecule in the DP model is a flexible water model,
such that the O-H bonds are not constrained. A Verlet integrator with a 0.2 fs time step was
employed throughout the 2 ns NVE simulations using OpenMM and the Deepmd plugin.
Both the mixed precision and double precision tests were carried out using the NVIDIA
A40 GPU card. As shown in Figure 2, excellent energy conservation profiles were obtained
with the OpenMM Deepmd plugin. The magnitudes of fluctuations in the total energy
per degree of freedom (DOF) consistently remained significantly below 0.001 kcal/mol.
Furthermore, no energy drift was observed over the course of the 2 ns simulation trajec-
tories. The standard deviation of the total energy for the entire system was measured to
be 0.032 kcal/mol for the simulation executed with mixed precision and 0.033 kcal/mol
for that with double precision. The small difference between mixed and double precision
simulations indicates that mixed precision is sufficient for accurately propagating dynamics
with MLPs such as the DP model. This is important as mixed precision can provide a
significant speedup with negligible loss of precision or energy conservation properties.

Figure 2. Energy conservation during NVE simulations using the OpenMM Deepmd plugin.

2.2.2. Thermodynamic Validation for Canonical Ensemble

The verification of thermodynamic ensemble consistency is equally important, as most
MD simulations were carried out with thermostats. Consistency across ensembles under dif-
ferent temperatures provides important validation to ensure that simulations yield reliable
results. In 2013, Shirts proposed an elegant technique for assessing thermodynamic ensem-
ble consistency in the context of molecular dynamics or Monte Carlo simulations [66]. This
method has since found broad applications, including validating code functionality [67,68]
and evaluating the implementation of new force field models [69].
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Essentially, provided we perform two equilibrium simulations in the canonical (NVT)
ensemble on one system under two different temperatures, T1 and T2, the potential energy
distributions observed within the two simulations should conform to the relationship
described by Equation (2):

ln
P(E | β2)

P(E | β1)
= [β1 − β2]E + [β2 A2 − β1 A1], (2)

where β1 = 1
kBT1

, β2 = 1
kBT2

, E corresponds to the potential energies of the system, and A1 and
A2 represent the Helmholtz free energies at each temperature. Such a linear relationship can be
readily tested by extracting potential energy distributions from equilibrated NVT simulation
trajectories. One can then fit the logarithm of the quotient against E to obtain the slope. Testing
the linearity and comparing the computed slope and the theoretical value (β1 − β2) provide
a rigorous validation on the phase space explored under different temperatures, thereby
confirming that the correct thermodynamics ensembles can be obtained.

We performed five independent NVT simulations using this plugin, each running for
8 ns at different temperatures: 300 K, 305 K, 310 K, 315 K, and 320 K, respectively. The
Anderson thermostat in OpenMM was employed with a friction coefficient of 1 ps−1. The
potential energies computed by OpenMM were recorded every 1 ps. From these five NVT
trajectories, we generated four sets of potential energy probability ratios corresponding to
the temperature pairs 300–305 K, 305–310 K, 310–315 K, and 315–320 K. More specifically,
for each temperature pair, we divided the range between the maximum and minimum
potential energy values into 30 equal bins. We then calculated the probability for each bin
across both trajectories, excluding bins with a probability lower than 0.001.

As shown in Figure 3, the logarithms of energy probability ratios exhibit a very good
linear relationship. Least square linear fitting using ln P(E|β2)

P(E|β1)
against E resulted in slopes

of 0.00663, 0.00606, 0.00627, and 0.00632 mol/kJ, respectively. These values from the
simulations compare favorably with the theoretically predicted values (1/kBT1 − 1/kBT2)
of 0.00657, 0.00636, 0.00616, and 0.00597 mol/kJ. The relative deviation equals 1% for the
300–305 K pair, while it exhibits a slight increase at higher temperatures.

Figure 3. The ratio of the potential energy distributions sampled from NVT simulations at two different
temperatures, represented by blue dots. Four temperature pairs were examined, each demonstrating a
strong linear relationship. The slopes from linear fitting (red) are compared with their corresponding
theoretical values. To ensure a more reliable estimation of the slope for the linear relationship of the
energy distribution, the first and last three bins were excluded from the fitting process.
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2.2.3. Structural Property of Bulk Water

While the above two validations, energy conservation and thermodynamic ensemble,
primarily focus on the correctness of our model implementation, simulations can also
be assessed by comparing the condensed phase properties computed from simulation
trajectories with experimental or other computational values. Specifically, we evaluated the
structural, kinetic and thermodynamic properties of bulk water using the aforementioned
DP water model and the OpenMM Deepmd plugin.

The radial distribution function (RDF) represents a crucial structural property of
condensed matter. Theoretically, any thermodynamic properties of condensed matter can
be inferred from its RDF, assuming a pairwise additive potential energy function [69–71].
RDFs can be obtained via MD simulation trajectories and validated against scattering
experimental data. Furthermore, RDFs play a significant role in the parametrization process
of empirical force fields for water [72–74]. An accurate RDF profile thus demonstrates the
capability of the system’s potential energy model to represent the structural properties of
the bulk system.

The same cubic box containing 256 water molecules was used for RDF calculations
from 4 ns NVT simulations at 298 K, carried out with the OpenMM Deepmd plugin and
with LAMMPS. Nosé–Hoover thermostats were used for both OpenMM and LAMMPS
simulations for temperature control, with a friction coefficient of 0.5 ps−1. The RDFs for
oxygen–oxygen, oxygen–hydrogen, and hydrogen–hydrogen pairs were computed using
the MDAnalysis package [75] and are shown in Figure 4a–c, respectively. The experimental
RDF data were obtained from the work of Soper [76]. The RDF results from the OpenMM
simulation and the LAMMPS simulation show remarkable agreement, as evidenced by
the nearly identical curves in Figure 4. The first peaks of the RDFs for oxygen–oxygen,
oxygen–hydrogen, and hydrogen–hydrogen pairs are positioned at 2.72 Å, 1.75 Å, and
1.56 Å, respectively. These positions align well with the experimental first peaks at 2.73 Å,
1.77 Å, and 1.53 Å. The second peak positions from the simulations are slightly smaller
than those in the experimental data, indicating a more compact structure of the bulk water
in the simulations.

O-O

H-H

O-H

(a) (b)

(c) (d)

Figure 4. The structural properties (RDFs) and kinetic properties (MSDs) of bulk water were obtained
using the OpenMM Deepmd plugin and LAMMPS. (a) water O-O RDFs; (b) water O-H RDFs;
(c) water H-H RDFs; (d) water MSDs. Both the OpenMM Deepmd plugin and LAMMPS employed
the same DP model in the simulations.
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In addition to conducting NVT simulations with DP models using the plugin, we per-
formed 1.5 ns NPT simulations for a bulk water system consisting of 256 water molecules
at 1 bar and 300 K. The pressure was maintained using the Monte Carlo barostat, the tem-
perature was controlled using the Langevin thermostat with a friction coefficient of 1 ps−1,
and the time step was 0.2 fs. For comparison, we carried out two NPT simulations with
the TIP3P water model using the same simulation settings. One simulation employed
the rigid TIP3P model, while the other used a flexible model with TIP3P parameters but
without constraints. The water density obtained from the NPT simulation with the DP
water model was 0.987 ± 0.014 g/mL. In comparison, densities of 0.981 ± 0.018 g/mL
and 1.003 ± 0.017 g/mL were obtained with the rigid and flexible TIP3P water models,
respectively. We also examined the averaged geometry of water molecules in the bulk
system. The O-H distance distributions with the DP water model, for both NVT and NPT
simulations, were centered at 0.982 Å with a standard deviation of 0.026 Å. In comparison,
the O-H distance is fixed at 0.9572 Å in the rigid TIP3P model, while its distribution is
centered at 0.973 Å with a standard deviation of 0.024 Åif a flexible TIP3P model was
used in the simulation. A more pronounced difference was observed in the distribution
of H-O-H angles. The DP model exhibited H-O-H angles centered at 105.7 ± 5.0 degrees,
whereas the flexible TIP3P model showed angles at 102.4 ± 3.2 degrees.

2.2.4. Diffusion Coefficients of Water

Diffusion coefficients represent a crucial kinetic property of bulk liquid systems, offer-
ing insights into the behavior of molecules and their interactions with their surroundings.
Quantifying the diffusion coefficients thus not only provides essential information on trans-
port behaviors but also serves as a benchmark for assessing the accuracy and reliability of
MD simulations [77–79]. Similarly, NVT simulations at 298 K using a Nosé–Hoover ther-
mostat were used to compute the diffusion coefficients, with the system size increased to
include 4096 water molecules. The mean squared displacements (MSDs) of water molecules
were analyzed using the GROMACS analysis tool [80] along MD trajectories. The MSD
reflects the mean absolute distance traveled by a molecule as a function of time, and its
linear relationship with time is directly proportional to the diffusion coefficient. By fit-
ting the linear relationship, the two trajectories yielded very similar diffusion coefficients:
0.530 × 10−5 cm2/s for LAMMPS and 0.542 × 10−5 cm2/s for OpenMM. While both values
are underestimated compared to the experimental data of 2.296 × 10−5 cm2/s, their close
alignment serves as a validation of our implementation of the DP model in OpenMM.

It is well established that the results of diffusion coefficient calculations based on MD
simulations are influenced by finite size effects [81]. To address such an effect, we calculated
the diffusion coefficients for bulk water systems comprising 256, 512, 1024, and 2048 water
molecules using the OpenMM Deepmd plugin. The resulting diffusion coefficients for
these four systems are 0.318 × 10−5 cm2/s, 0.459 × 10−5 cm2/s, 0.494 × 10−5 cm2/s, and
0.500 × 10−5 cm2/s, respectively. Following the method of Yeh and Hummer [81], we
determined the diffusion coefficient for an infinitely large bulk water system. This was
done by fitting the linear relationship between the diffusion coefficient and the inverse of
the cubic box size lengths across different bulk water systems. The extrapolated diffusion
coefficient for an infinite-sized bulk water system was calculated to be 0.686 × 10−5 cm2/s,
which is slower than the experimental value of 2.296 × 10−5 cm2/s [82]. In contrast,
the widely adopted rigid TIP3P water model tends to overestimate the diffusion coefficient,
yielding a computed value of 6.10 × 10−5 cm2/s [81], whereas the popular SPC/E model
(2.432 × 10−5 cm2/s) and the flexible SPC/Fw model (2.359 × 10−5 cm2/s) exhibits better
agreement with experimental observations [83].

2.2.5. Hydration Free Energy of Water

Going beyond the structural and kinetic properties of bulk water, we further examined
a crucial thermodynamic observable, the hydration free energy, to assess the plugin’s
functionality. Free energy perturbation calculations, conducted via alchemical transforma-
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tions, have a broad range of applications in rational drug design and biophysical studies.
Therefore, the ability to perform accurate alchemical calculations is essential for validating
our implementation.

Following the alchemical simulation protocol discussed in Section 3.2, ten λ states
(λ = 0.0, 0.01, 0.03, 0.05, 0.08, 0.12, 0.2, 0.4, 0.7, 1.0) were employed to decouple one water
molecule from the others in a bulk water system. For each intermediate λ state, a 4 ns NVT
at 300 K simulation was performed with a time step of 0.2 fs, and trajectories were saved
every 1 ps. The multistate Bennett acceptance ratio (MBAR) method was used for free
energy analysis [84].

Table 1 presents the hydration free energy results from the experiment and the al-
chemical simulation using the DP model. The uncertainty in ∆GDP

Hyd was estimated from
five independent replicate alchemical simulations. All replicates converged relatively well
over the 4 ns simulation time, as shown in Figure 5a. Sufficient phase space overlap was
achieved with 10 λ states, as illustrated by the overlap matrix (Figure 5b) estimated using
pymbar [84]. The hydration free energy result from the alchemical simulation using the DP
model compares favorably with the experimental value. This also affirms the correctness of
the alchemical simulation protocol with the Deepmd plugin, particularly in the application
of the addParticlesToDPRegion method.

Table 1. Hydration free energy of water. ∆GDP
Hyd represents the average from 5 replicate simulations,

with the value in parentheses indicating its uncertainty. ∆GTIP3P∗
Hyd was calculated using the same

alchemical protocol described in Section 3.2, without employing the softcore potential, to validate
this protocol. ∆GTIP3P

Hyd and ∆GExp
Hyd values are sourced from ref [85]. Units in kJ/mol.

∆GExp
Hyd ∆GDP

Hyd ∆GTIP3P∗
Hyd ∆GTIP3P

Hyd

−26.5 −30.08 (0.23) −24.33 −25.3

(a) (b)

Figure 5. (a) Convergence of free energy estimates over the lengths of five independent replicates
of alchemical simulations using the DP water model. (b) Overlap matrix O between the 10 λ states
for the 1st replicate alchemical simulation, estimated using pymbar. Each element of the matrix Oij

represents an estimate of the probability of observing a sample from state i in state j.

2.2.6. Performance Profiling

Our implementation is also computationally efficient. Performance profiling of the
OpenMM Deepmd plugin was conducted to evaluate its efficiency, alongside a comparison
with LAMMPS using the same DP model. This profiling involved simulations of systems
with varying particle numbers using both OpenMM and LAMMPS, executed on four CPU
cores and one GPU card (Nvidia 1060Ti or A40). As shown in Table 2, the performance
of the OpenMM Deepmd plugin is on par with that of LAMMPS across various system
sizes. Moreover, the plugin demonstrates scalable performance relative to the number of
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particles in the system. Additionally, although CPU–GPU communication occurs repeatedly
during simulations with the OpenMM Deepmd plugin, the communication time per step is
negligible compared to the time taken for evaluating the DP model. To provide a general
idea of the performance of the DP model, we note that simulations of a box containing
256 water molecules on a 1060 Ti GPU achieved a rate of 159 ns/day.

Table 2. Simulation performance of the OpenMM Deepmd plugin with various numbers of particles.

Hardware Num.
of Particles

OpenMM
(ns/day)

DP Evaluation
Cost (µs)

Communication
Cost (µs)

LAMMPS
(ns/day)

4 CPU cores 192 1.84 7682.650 113.673 1.895
+ 1060 Ti 768 0.554 31,201.579 121.686 0.569

3072 0.139 123,432.237 149.248 0.149
6144 0.0687 250,992.324 171.257 0.076

4 CPU cores 192 2.73 6884.679 360.378 2.924
+ A40 768 1.51 11,500.541 361.795 1.376

3072 0.482 35,651.468 291.818 0.420
6144 0.243 69,671.011 328.957 0.228
9216 0.159 105,681.057 345.710 0.159
12,288 0.121 143,443.777 370.841 0.123
15,360 0.093 180,575.597 400.271 0.100
18,432 0.074 228,041.861 426.523 0.084
21,504 0.060 286,185.872 453.118 0.073
24,576 0.056 312,219.517 488.567 0.063

3. Materials and Methods

The DeepPotentialModel class, through the versatile methods it contains, affords sub-
stantial flexibility for deploying the DP model within OpenMM across a variety of appli-
cation scenarios. In this section, we detail three distinct examples that demonstrate the
utility of the deep potential model in OpenMM via this plugin. These examples include
conventional MD simulations, alchemical simulations related to free energy calculations,
and hybrid MLP/MM simulations that are often employed for biomolecular systems.

3.1. Conventional MD Simulations with the DP Model

The most common application of the deep potential model within OpenMM is to carry
out MD simulations. The DeepPotentialModel class provides a streamlined approach for
setting up the simulation system that exclusively uses the DP model. The setup can be
completed with four lines of code in Listing 1.

Listing 1. Conventional MD simulations with the DP model.

1 from OpenMMDeepmdPlugin import DeepPotentialModel
2 # Set up the dp_system with the dp_model.
3 dp_model = DeepPotentialModel(dp_model_file_path)
4 dp_model.setUnitTransformCoefficients(
5 coord_coeffi , force_coeffi , energy_coeffi)
6 omm_system = dp_model.createSystem(topology)

Further customizations to the simulation system can be applied to the omm_system
object. MD simulations are generally employed to explore equilibrated properties, and all
OpenMM thermostats and barostats are supported for simulations in either the canonical
ensemble or the isothermal–isobaric ensemble.

3.2. Alchemical Simulations with the DP Model

To quantify the free energy difference between two equilibrium states, alchemical
simulation techniques, which interpolate between two Hamiltonians, are often employed.
These alchemical simulations typically entail stepwise transitions between two states to
estimate the differences in their free energies, as Figure 6 presents. In classical force
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field-based simulations, the smooth interpolation of force field parameters can facilitate
such transitions. However, such interpolation schemes are not directly transferable to
simulations that use DP models. The neural network parameters optimized within a DP
model are not explicitly interpretable in physical terms. Attempting to transition these
parameters could lead to discontinuities in the forces and energies predicted by the model.
As a result, alchemical simulations with DP models require a direct transition of the total
potential energies, as highlighted in previous works [86]. This is equivalent to progressively
turning off the non-bonded interaction as a whole between two parts of the system, instead
of turning off the electrostatic and van der Waals interactions sequentially. Although
this approach sacrifices some computational efficiency, it enables accurate and reliable
estimations of free energy differences when using DP models.

The potential energies of the system transition between two states during the alchemi-
cal simulation are defined as in Equation (3).

U = λ · UA + (1 − λ) · UB = λ · UA + (1 − λ)(UB1({j}) + UB2({i})), (3)

where UA and UB denote the potential energy of the system in the two states, and λ serves
to regulate the system’s intermediate states. If we consider UA and UB as corresponding
to the coupled and decoupled states for two groups of particles, respectively, then the
potential energy for the decoupled states can be further expressed as the sum of UB1 and
UB2 , which encapsulate the potential energies for the two decoupled groups of particles, i
and j.

Figure 6. Alchemical transition from the coupled state UA to the decoupled state UB.

With OpenMM, alchemical simulations utilizing DP models can be conducted via a
plugin method that conveniently partitions the system into two distinct particle groups and
imposes a scaling factor λ to the forces and energy as predicted by the DP model for each
group. This approach enables dual-topology simulations under various thermodynamic
conditions, which allows DP-based free energy calculations.

To formulate the decoupled state in this example, the addParticlesToDPRegion function
was used to divide the system into two particle groups, as shown in Listing 2. These groups
were then individually treated by two separate DP models. Moreover, combining the
addParticlesToDPRegion function with traditional molecular mechanics force fields available
in OpenMM facilitates the implementation of hybrid DP/MM simulations.

Listing 2. Alchemical simulations with the DP model.

1 U_A = DeepPotentialModel(model_file , Lambda)
2 dp_system = U_A.createSystem(topology)
3 U_B1 = DeepPotentialModel(model_file , 1 - Lambda)
4 U_B2 = DeepPotentialModel(model_file , 1 - Lambda)
5 dp_force1 = U_B1.addParticlesToDPRegion(
6 group1_particles , topology)
7 dp_force2 = U_B2.addParticlesToDPRegion(
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8 group2_particles , topology)
9 dp_system.addForce(dp_force1)

10 dp_system.addForce(dp_force2)

3.3. Hybrid DP/MM Simulations with Fixed or Adaptive DP Regions

MLPs are increasingly employed in a range of applications for material systems [87–90],
yet their applications to biomolecular systems remain limited due to the absence of long-
range interactions in MLPs. Consequently, the hybrid MLP/MM scheme emerges as a
more practical approach for modeling biomolecules with MLPs. In this scheme, the MLP
is utilized to delineate the intramolecular interactions [65,91,92] or accuracy-critical reac-
tions [48,63,93] for a subset of the entire simulation system.

To perform a DP/MM simulation using this plugin, users can employ the addParti-
clesToDPRegion function to specify the input particles for the DP model (see Listing 3). This
function allows the selected particles to serve both as the coordinate input for the DP model
and as the recipients of predicted DP forces throughout the simulation.

Listing 3. DP/MM simulations with pre-selected particle.

1 dp_model = DeepPotentialModel(model_file , Lambda)
2 dp_model.setUnitTransformCoefficients(
3 coord_coeffi , force_coeffi , energy_coeffi)
4 dp_force = dp_model.addParticlesToDPRegion(dp_particles , topology)
5 mm_system.addForce(dp_force)

Beyond facilitating DP/MM simulations with predefined particles, this plugin also
supports adaptive DP/MM simulations. Here, particles for the DP region are automatically
selected based on a predefined radius and a set of explicitly defined central particles [62].
In this adaptive scheme, the DP region extends the particle set to include those within
the radius of the central particles, as well as particles belonging to the same residue of
selected ones. Thus, the central particles and selection radius are required when employing
adaptive DP/MM simulations, see Listing 4. This allows for crucial interactions to be
accounted for within biomolecular systems.

Listing 4. DP/MM simulations with adaptive selected particles.

1 dp_model = DeepPotentialModel(model_file , Lambda)
2 dp_model.setUnitTransformCoefficients(
3 coord_coeffi , force_coeffi , energy_coeffi)
4 dp_force = dp_model.addCenterParticlesToAdaptiveDPRegion(
5 center_particles , topology , radius)
6 mm_system.addForce(dp_force)

Different selection methods within the hybrid DP/MM model cater to diverse ap-
plication needs. For example, the DP model with pre-selected particles can be deployed
either independently [65,91–93] or alongside QM/MM methods [48,63,64] to depict the
intramolecular interactions for the subset of interests. When used in isolation, interactions
among these particles modeled by classical force fields can be disregarded prior to simula-
tion. However, in adaptive DP/MM simulations, ignoring such intramolecular interactions
is less straightforward, necessitating the combined use of the DP model and classical force
fields [62]. We note that the energy conservation and the sampling efficiency associated with
adaptive DP/MM schemes remain open issues and are subject to further investigations.

These examples showcase the plugin’s flexibility and user-friendliness for setting
up and performing simulations that integrate the DP model with classical force fields in
OpenMM. Moreover, the plugin’s compatibility with other advanced simulation techniques
like QM/MM opens up new avenues for applications.

4. Discussion

The integration of MLPs with popular MD engines is increasingly important given
the rapid advancement of MLPs in various systems. However, the flexible design of MLP
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architectures and frameworks means that there is no one-size-fits-all approach for their
integration with simulation software. Furthermore, with the community proposing new
application scenarios for MLPs, especially hybrid MLP/MM models [48,61–65,94], an
efficient and adaptable approach for embedding MLPs alongside other force fields within
MD engines becomes essential. Here, the integration of MLPs with MD software is well
illustrated by the implementation and validation of the OpenMM Deepmd plugin. This
plugin has been made openly available at https://github.com/JingHuangLab/openmm_
deepmd_plugin, along with test examples (accessed on 13 January 2024). It facilitates not
only conventional MD simulations using the deep potential model but also supports hybrid
models that incorporate only part of the simulation system into the DP model. The design
of the OpenMM Deepmd plugin allows for a flexible combination of DP with other FF
models, a feature vital for the effective application of MLPs in biomolecular systems [62,65].

5. Conclusions

The OpenMM Deepmd plugin integrates the increasingly popular DP model into the
well-established MD engine, OpenMM. To enhance the DP model’s applicability within
the OpenMM framework, a user-friendly class named DeepPotentialModel has been imple-
mented. This class enables the construction of various application scenarios, including
conventional, alchemical, and hybrid simulations with either fixed or adaptively selected
regions. A range of tests was conducted to validate the plugin’s implementation. Re-
garding simulation rigor, we examined both energy conservation in NVE simulations and
thermodynamic ensemble consistency in NVT simulations. Additionally, several bulk
water properties were verified, representing the structural (RDFs), kinetic (diffusion co-
efficient), and thermodynamic (hydration free energy) characteristics of the simulation
system. We showed that the properties computed using the OpenMM Deepmd plugin and
the LAMMPS software align well, and both compare favorably with experimental values.

The reliability of the deep potential model’s application in OpenMM forms the basis
for the various tests conducted on this plugin. To extend the applicability of the DP model
to a wide range of scenarios within the OpenMM framework, a user-friendly class named
DeepPotentialModel has been implemented. We are confident that this plugin will prove to
be a valuable asset for both the OpenMM and the DP communities, facilitating the expanded
use of machine learning potential models in molecular and biomolecular simulations.

Author Contributions: Conceptualization, Y.D. and J.H.; methodology, Y.D. and J.H.; software,
Y.D.; writing—original draft preparation, Y.D.; writing—review and editing, J.H.; supervision, J.H.;
funding acquisition, J.H. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the “Pioneer” and “Leading Goose” R&D Program of Zhejiang
(2023C03109), the National Natural Science Foundation of China (32171247, 21803057), and Westlake
Multidisciplinary Research Initiative Center (MRIC20200102).

Data Availability Statement: The source code and data presented in this study are openly available
at https://github.com/JingHuangLab/openmm_deepmd_plugin. All simulation scripts used in this
manuscript can be found in the sub-directory python/tests (accessed 13 January 2024).

Acknowledgments: We thank Linfeng Zhang, Han Wang, and Yang Guo for valuable advice. We
thank Westlake University Supercomputer Center for computational resources and related assistance.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Bottaro, S.; Lindorff-Larsen, K. Biophysical experiments and biomolecular simulations: A perfect match? Science 2018,

361, 355–360. [CrossRef]
2. Huang, J.; MacKerell, A.D. Force field development and simulations of intrinsically disordered proteins. Curr. Op. Struct. Biol.

2018, 48, 40–48. [CrossRef] [PubMed]
3. Han, Y.; Elliott, J. Molecular dynamics simulations of the elastic properties of polymer/carbon nanotube composites. Comput.

Mater. Sci. 2007, 39, 315–323. [CrossRef]

https://github.com/JingHuangLab/openmm_deepmd_plugin
https://github.com/JingHuangLab/openmm_deepmd_plugin
https://github.com/JingHuangLab/openmm_deepmd_plugin
python/tests
http://doi.org/10.1126/science.aat4010
http://dx.doi.org/10.1016/j.sbi.2017.10.008
http://www.ncbi.nlm.nih.gov/pubmed/29080468
http://dx.doi.org/10.1016/j.commatsci.2006.06.011


Int. J. Mol. Sci. 2024, 25, 1448 15 of 18

4. Car, R.; Parrinello, M. Unified approach for molecular dynamics and density-functional theory. Phys. Rev. Lett. 1985, 55, 2471.
[CrossRef]

5. Yang, Y.I.; Shao, Q.; Zhang, J.; Yang, L.; Gao, Y.Q. Enhanced sampling in molecular dynamics. J. Chem. Phys. 2019, 151, 070902.
[CrossRef] [PubMed]

6. Case, D.A.; Cheatham, T.E., III; Darden, T.; Gohlke, H.; Luo, R.; Merz, K.M., Jr.; Onufriev, A.; Simmerling, C.; Wang, B.; Woods,
R.J. The Amber biomolecular simulation programs. J. Comput. Chem. 2005, 26, 1668–1688. [CrossRef] [PubMed]

7. Brooks, B.R.; Brooks, C.L., III; Mackerell, A.D., Jr.; Nilsson, L.; Petrella, R.J.; Roux, B.; Won, Y.; Archontis, G.; Bartels, C.; Boresch,
S.; et al. CHARMM: The biomolecular simulation program. J. Comput. Chem. 2009, 30, 1545–1614. [CrossRef] [PubMed]

8. Nelson, M.T.; Humphrey, W.; Gursoy, A.; Dalke, A.; Kalé, L.V.; Skeel, R.D.; Schulten, K. NAMD: A parallel, object-oriented
molecular dynamics program. Int. J. Supercomput. Appl. High Perform. Comput. 1996, 10, 251–268. [CrossRef]

9. Abraham, M.J.; Murtola, T.; Schulz, R.; Páll, S.; Smith, J.C.; Hess, B.; Lindahl, E. GROMACS: High performance molecular
simulations through multi-level parallelism from laptops to supercomputers. SoftwareX 2015, 1, 19–25. [CrossRef]

10. Eastman, P.; Galvelis, R.; Peláez, R.P.; Abreu, C.R.; Farr, S.E.; Gallicchio, E.; Gorenko, A.; Henry, M.M.; Hu, F.; Huang, J.; et al.
OpenMM 8: Molecular Dynamics Simulation with Machine Learning Potentials. arXiv 2023, arXiv:2310.03121.

11. Harvey, M.J.; Giupponi, G.; Fabritiis, G.D. ACEMD: Accelerating biomolecular dynamics in the microsecond time scale. J. Chem.
Theory Comput. 2009, 5, 1632–1639. [CrossRef] [PubMed]

12. Shaw, D.E.; Adams, P.J.; Azaria, A.; Bank, J.A.; Batson, B.; Bell, A.; Bergdorf, M.; Bhatt, J.; Butts, J.A.; Correia, T.; et al. Anton 3:
Twenty microseconds of molecular dynamics simulation before lunch. In Proceedings of the International Conference for High
Performance Computing, Networking, Storage and Analysis, St. Louis, MO, USA, 14–19 November 2021; pp. 1–11.

13. Shaw, D.E.; Grossman, J.; Bank, J.A.; Batson, B.; Butts, J.A.; Chao, J.C.; Deneroff, M.M.; Dror, R.O.; Even, A.; Fenton, C.H.; et al.
Anton 2: Raising the bar for performance and programmability in a special-purpose molecular dynamics supercomputer. In
Proceedings of the SC’14: Proceedings of the International Conference for High Performance Computing, Networking, Storage
and Analysis, New Orleans, LA, USA, 16–21 November 2014; IEEE: Piscataway, NJ, USA, 2014; pp. 41–53.

14. Unke, O.T.; Chmiela, S.; Sauceda, H.E.; Gastegger, M.; Poltavsky, I.; Schuett, K.T.; Tkatchenko, A.; Mueller, K.R. Machine learning
force fields. Chem. Rev. 2021, 121, 10142–10186. [CrossRef] [PubMed]

15. Friederich, P.; Häse, F.; Proppe, J.; Aspuru-Guzik, A. Machine-learned potentials for next-generation matter simulations. Nat.
Mater. 2021, 20, 750–761. [CrossRef]

16. Chmiela, S.; Tkatchenko, A.; Sauceda, H.E.; Poltavsky, I.; Schütt, K.T.; Müller, K.R. Machine learning of accurate energy-conserving
molecular force fields. Sci. Adv. 2017, 3, e1603015. [CrossRef] [PubMed]

17. Chmiela, S.; Sauceda, H.E.; Müller, K.R.; Tkatchenko, A. Towards exact molecular dynamics simulations with machine-learned
force fields. Nat. Commun. 2018, 9, 3887. [CrossRef] [PubMed]

18. Rupp, M.; Tkatchenko, A.; Müller, K.R.; Von Lilienfeld, O.A. Fast and accurate modeling of molecular atomization energies with
machine learning. Phys. Rev. Lett. 2012, 108, 058301. [CrossRef]

19. Bartók, A.P.; Payne, M.C.; Kondor, R.; Csányi, G. Gaussian approximation potentials: The accuracy of quantum mechanics,
without the electrons. Phys. Rev. Lett. 2010, 104, 136403. [CrossRef]

20. Bartók, A.P.; Kondor, R.; Csányi, G. On representing chemical environments. Phys. Rev. B 2013, 87, 184115. [CrossRef]
21. Faber, F.A.; Christensen, A.S.; Huang, B.; Von Lilienfeld, O.A. Alchemical and structural distribution based representation for

universal quantum machine learning. J. Chem. Phys. 2018, 148, 241717. [CrossRef]
22. Blank, T.B.; Brown, S.D.; Calhoun, A.W.; Doren, D.J. Neural network models of potential energy surfaces. J. Chem. Phys. 1995,

103, 4129–4137. [CrossRef]
23. Brown, D.F.; Gibbs, M.N.; Clary, D.C. Combining ab initio computations, neural networks, and diffusion Monte Carlo: An

efficient method to treat weakly bound molecules. J. Chem. Phys. 1996, 105, 7597–7604. [CrossRef]
24. Tafeit, E.; Estelberger, W.; Horejsi, R.; Moeller, R.; Oettl, K.; Vrecko, K.; Reibnegger, G. Neural networks as a tool for compact

representation of ab initio molecular potential energy surfaces. J. Mol. Graph. 1996, 14, 12–18. [CrossRef]
25. Behler, J.; Parrinello, M. Generalized neural-network representation of high-dimensional potential-energy surfaces. Phys. Rev.

Lett. 2007, 98, 146401. [CrossRef]
26. Behler, J. Constructing high-dimensional neural network potentials: A tutorial review. Int. J. Quantum Chem. 2015, 115, 1032–1050.

[CrossRef]
27. Jose, K.J.; Artrith, N.; Behler, J. Construction of high-dimensional neural network potentials using environment-dependent atom

pairs. J. Chem. Phys. 2012, 136, 194111. [CrossRef]
28. Zhang, L.; Han, J.; Wang, H.; Saidi, W.; Car, R.; Weinan, E. End-to-end symmetry preserving inter-atomic potential energy model

for finite and extended systems. In Proceedings of the Advances in Neural Information Processing Systems, Montreal, QC,
Canada, 3–8 December 2018; pp. 4436–4446.

29. Zhang, Y.; Hu, C.; Jiang, B. Embedded atom neural network potentials: Efficient and accurate machine learning with a physically
inspired representation. J. Phys. Chem. Lett. 2019, 10, 4962–4967. [CrossRef]

30. Schütt, K.T.; Arbabzadah, F.; Chmiela, S.; Müller, K.R.; Tkatchenko, A. Quantum-chemical insights from deep tensor neural
networks. Nat. Commun. 2017, 8, 13890. [CrossRef] [PubMed]

31. Schütt, K.; Kindermans, P.J.; Sauceda Felix, H.E.; Chmiela, S.; Tkatchenko, A.; Müller, K.R. Schnet: A continuous-filter
convolutional neural network for modeling quantum interactions. Adv. Neural Inf. Process. Syst. 2017, 30, 992–1002.

http://dx.doi.org/10.1103/PhysRevLett.55.2471
http://dx.doi.org/10.1063/1.5109531
http://www.ncbi.nlm.nih.gov/pubmed/31438687
http://dx.doi.org/10.1002/jcc.20290
http://www.ncbi.nlm.nih.gov/pubmed/16200636
http://dx.doi.org/10.1002/jcc.21287
http://www.ncbi.nlm.nih.gov/pubmed/19444816
http://dx.doi.org/10.1177/109434209601000401
http://dx.doi.org/10.1016/j.softx.2015.06.001
http://dx.doi.org/10.1021/ct9000685
http://www.ncbi.nlm.nih.gov/pubmed/26609855
http://dx.doi.org/10.1021/acs.chemrev.0c01111
http://www.ncbi.nlm.nih.gov/pubmed/33705118
http://dx.doi.org/10.1038/s41563-020-0777-6
http://dx.doi.org/10.1126/sciadv.1603015
http://www.ncbi.nlm.nih.gov/pubmed/28508076
http://dx.doi.org/10.1038/s41467-018-06169-2
http://www.ncbi.nlm.nih.gov/pubmed/30250077
http://dx.doi.org/10.1103/PhysRevLett.108.058301
http://dx.doi.org/10.1103/PhysRevLett.104.136403
http://dx.doi.org/10.1103/PhysRevB.87.184115
http://dx.doi.org/10.1063/1.5020710
http://dx.doi.org/10.1063/1.469597
http://dx.doi.org/10.1063/1.472596
http://dx.doi.org/10.1016/0263-7855(95)00087-9
http://dx.doi.org/10.1103/PhysRevLett.98.146401
http://dx.doi.org/10.1002/qua.24890
http://dx.doi.org/10.1063/1.4712397
http://dx.doi.org/10.1021/acs.jpclett.9b02037
http://dx.doi.org/10.1038/ncomms13890
http://www.ncbi.nlm.nih.gov/pubmed/28067221


Int. J. Mol. Sci. 2024, 25, 1448 16 of 18

32. Unke, O.T.; Meuwly, M. PhysNet: A neural network for predicting energies, forces, dipole moments, and partial charges. J. Chem.
Theory Comput. 2019, 15, 3678–3693. [CrossRef] [PubMed]

33. Lubbers, N.; Smith, J.S.; Barros, K. Hierarchical modeling of molecular energies using a deep neural network. J. Chem. Phys. 2018,
148, 241715. [CrossRef] [PubMed]

34. Haghighatlari, M.; Li, J.; Guan, X.; Zhang, O.; Das, A.; Stein, C.J.; Heidar-Zadeh, F.; Liu, M.; Head-Gordon, M.; Bertels, L.;
et al. NewtonNet: A Newtonian message passing network for deep learning of interatomic potentials and forces. arXiv 2021,
arXiv:2108.02913.

35. Yao, K.; Herr, J.E.; Toth, D.W.; Mckintyre, R.; Parkhill, J. The TensorMol-0.1 model chemistry: A neural network augmented with
long-range physics. Chem. Sci. 2018, 9, 2261–2269. [CrossRef] [PubMed]

36. Li, H.; Wang, Z.; Zou, N.; Ye, M.; Duan, W.; Xu, Y. Deep neural network representation of density functional theory Hamiltonian.
arXiv 2021, arXiv:2104.03786.

37. Wang, X.; Xu, Y.; Zheng, H.; Yu, K. A Scalable Graph Neural Network Method for Developing an Accurate Force Field of Large
Flexible Organic Molecules. J. Phys. Chem. Lett. 2021, 12, 7982–7987. [CrossRef] [PubMed]

38. Smith, J.S.; Isayev, O.; Roitberg, A.E. ANI-1: An extensible neural network potential with DFT accuracy at force field computational
cost. Chem. Sci. 2017, 8, 3192–3203. [CrossRef] [PubMed]

39. Smith, J.S.; Nebgen, B.T.; Zubatyuk, R.; Lubbers, N.; Devereux, C.; Barros, K.; Tretiak, S.; Isayev, O.; Roitberg, A.E. Approaching
coupled cluster accuracy with a general-purpose neural network potential through transfer learning. Nat. Commun. 2019, 10, 2903.
[CrossRef] [PubMed]

40. Gilmer, J.; Schoenholz, S.S.; Riley, P.F.; Vinyals, O.; Dahl, G.E. Neural message passing for quantum chemistry. In Proceedings of
the International Conference on Machine Learning, PMLR, Sydney, Australia, 6–11 August 2017; pp. 1263–1272.

41. Ding, Y.; Yu, K.; Huang, J. Data science techniques in biomolecular force field development. Curr. Opin. Struct. Biol. 2023,
78, 102502. [CrossRef]

42. Andrade, M.F.C.; Ko, H.Y.; Zhang, L.; Car, R.; Selloni, A. Free energy of proton transfer at the water–TiO2 interface from ab initio
deep potential molecular dynamics. Chem. Sci. 2020, 11, 2335–2341. [CrossRef]

43. Yang, M.; Karmakar, T.; Parrinello, M. Liquid-Liquid Critical Point in Phosphorus. arXiv 2021, arXiv:2104.14688.
44. Zhang, L.; Wang, H.; Car, R.; Weinan, E. Phase Diagram of a Deep Potential Water Model. Phys. Rev. Lett. 2021, 126, 236001.

[CrossRef]
45. Lu, D.; Wang, H.; Chen, M.; Lin, L.; Car, R.; Weinan, E.; Jia, W.; Zhang, L. 86 PFLOPS Deep Potential Molecular Dynamics

simulation of 100 million atoms with ab initio accuracy. Comput. Phys. Commun. 2021, 259, 107624. [CrossRef]
46. Yue, S.; Muniz, M.C.; Calegari Andrade, M.F.; Zhang, L.; Car, R.; Panagiotopoulos, A.Z. When do short-range atomistic

machine-learning models fall short? J. Chem. Phys. 2021, 154, 034111. [CrossRef]
47. Zhang, L.; Wang, H.; Muniz, M.C.; Panagiotopoulos, A.Z.; Car, R. A deep potential model with long-range electrostatic

interactions. J. Chem. Phys. 2022, 156, 124107. [CrossRef]
48. Pan, X.; Yang, J.; Van, R.; Epifanovsky, E.; Ho, J.; Huang, J.; Pu, J.; Mei, Y.; Nam, K.; Shao, Y. Machine-Learning-Assisted Free

Energy Simulation of Solution-Phase and Enzyme Reactions. J. Chem. Theory Comput. 2021, 17, 5745–5758. [CrossRef] [PubMed]
49. Wang, H.; Zhang, L.; Han, J.; Weinan, E. DeePMD-kit: A deep learning package for many-body potential energy representation

and molecular dynamics. Comput. Phys. Commun. 2018, 228, 178–184. [CrossRef]
50. Plimpton, S. Fast parallel algorithms for short-range molecular dynamics. J. Comput. Phys. 1995, 117, 1–19. [CrossRef]
51. Dral, P.O. MLatom: A program package for quantum chemical research assisted by machine learning. J. Comput. Chem. 2019,

40, 2339–2347. [CrossRef] [PubMed]
52. Dral, P.O.; Ge, F.; Xue, B.X.; Hou, Y.F.; Pinheiro, M.; Huang, J.; Barbatti, M. MLatom 2: An integrative platform for atomistic

machine learning. Top. Curr. Chem. 2021, 379, 27. [CrossRef] [PubMed]
53. Eastman, P.; Pande, V. OpenMM: A hardware-independent framework for molecular simulations. Comput. Sci. Eng. 2010,

12, 34–39. [CrossRef] [PubMed]
54. Eastman, P.; Pande, V.S. Efficient nonbonded interactions for molecular dynamics on a graphics processing unit. J. Comput. Chem.

2010, 31, 1268–1272. [CrossRef] [PubMed]
55. Kondratyuk, N.; Nikolskiy, V.; Pavlov, D.; Stegailov, V. GPU-accelerated molecular dynamics: State-of-art software performance

and porting from Nvidia CUDA to AMD HIP. Int. J. High Perform. Comput. Appl. 2021, 35, 312–324. [CrossRef]
56. Harger, M.; Li, D.; Wang, Z.; Dalby, K.; Lagardère, L.; Piquemal, J.P.; Ponder, J.; Ren, P. Tinker-OpenMM: Absolute and relative

alchemical free energies using AMOEBA on GPUs. J. Comput. Chem. 2017, 38, 2047–2055. [CrossRef]
57. Huang, J.; Lemkul, J.A.; Eastman, P.K.; MacKerell, A.D., Jr. Molecular dynamics simulations using the drude polarizable force

field on GPUs with OpenMM: Implementation, validation, and benchmarks. J. Comput. Chem. 2018, 39, 1682–1689. [CrossRef]
58. Qiu, Y.; Smith, D.G.; Boothroyd, S.; Jang, H.; Hahn, D.F.; Wagner, J.; Bannan, C.C.; Gokey, T.; Lim, V.T.; Stern, C.D.; et al.

Development and Benchmarking of Open Force Field v1. 0.0—the Parsley Small-Molecule Force Field. J. Chem. Theory Comput.
2021, 17, 6262–6280. [CrossRef]

59. OpenMM Tensorflow Plugin. 2021. Available online: https://github.com/openmm/openmm-tensorflow (accessed on
10 January 2023).

60. OpenMM Torch Plugin. 2021. Available online: https://github.com/openmm/openmm-torch (accessed on 10 January 2023).

http://dx.doi.org/10.1021/acs.jctc.9b00181
http://www.ncbi.nlm.nih.gov/pubmed/31042390
http://dx.doi.org/10.1063/1.5011181
http://www.ncbi.nlm.nih.gov/pubmed/29960311
http://dx.doi.org/10.1039/C7SC04934J
http://www.ncbi.nlm.nih.gov/pubmed/29719699
http://dx.doi.org/10.1021/acs.jpclett.1c02214
http://www.ncbi.nlm.nih.gov/pubmed/34433274
http://dx.doi.org/10.1039/C6SC05720A
http://www.ncbi.nlm.nih.gov/pubmed/28507695
http://dx.doi.org/10.1038/s41467-019-10827-4
http://www.ncbi.nlm.nih.gov/pubmed/31263102
http://dx.doi.org/10.1016/j.sbi.2022.102502
http://dx.doi.org/10.1039/C9SC05116C
http://dx.doi.org/10.1103/PhysRevLett.126.236001
http://dx.doi.org/10.1016/j.cpc.2020.107624
http://dx.doi.org/10.1063/5.0031215
http://dx.doi.org/10.1063/5.0083669
http://dx.doi.org/10.1021/acs.jctc.1c00565
http://www.ncbi.nlm.nih.gov/pubmed/34468138
http://dx.doi.org/10.1016/j.cpc.2018.03.016
http://dx.doi.org/10.1006/jcph.1995.1039
http://dx.doi.org/10.1002/jcc.26004
http://www.ncbi.nlm.nih.gov/pubmed/31219626
http://dx.doi.org/10.1007/s41061-021-00339-5
http://www.ncbi.nlm.nih.gov/pubmed/34101036
http://dx.doi.org/10.1109/MCSE.2010.27
http://www.ncbi.nlm.nih.gov/pubmed/26146490
http://dx.doi.org/10.1002/jcc.21413
http://www.ncbi.nlm.nih.gov/pubmed/19847780
http://dx.doi.org/10.1177/10943420211008288
http://dx.doi.org/10.1002/jcc.24853
http://dx.doi.org/10.1002/jcc.25339
http://dx.doi.org/10.1021/acs.jctc.1c00571
https://github.com/openmm/openmm-tensorflow
https://github.com/openmm/openmm-torch


Int. J. Mol. Sci. 2024, 25, 1448 17 of 18

61. Galvelis, R.; Varela-Rial, A.; Doerr, S.; Fino, R.; Eastman, P.; Markland, T.E.; Chodera, J.D.; De Fabritiis, G. NNP/MM: Accelerating
Molecular Dynamics Simulations with Machine Learning Potentials and Molecular Mechanics. J. Chem. Inf. Model. 2023,
23, 5701–5708. [CrossRef]

62. Ding, Y.; Huang, J. DP/MM: A Hybrid Model for Zinc-Protein Interactions in Molecular Dynamics. J. Phys. Chem. Lett. 2024,
15, 616–627. [CrossRef]

63. Zeng, J.; Giese, T.J.; Ekesan, S.; York, D.M. Development of range-corrected deep learning potentials for fast, accurate quantum
mechanical/molecular mechanical simulations of chemical reactions in solution. J. Chem. Theory Comput. 2021, 17, 6993–7009.
[CrossRef] [PubMed]

64. Zeng, J.; Tao, Y.; Giese, T.J.; York, D.M. QDπ: A quantum deep potential interaction model for drug discovery. J. Chem. Theory
Comput. 2023, 19, 1261–1275. [CrossRef]

65. Rufa, D.A.; Bruce Macdonald, H.E.; Fass, J.; Wieder, M.; Grinaway, P.B.; Roitberg, A.E.; Isayev, O.; Chodera, J.D. Towards chemical
accuracy for alchemical free energy calculations with hybrid physics-based machine learning/molecular mechanics potentials.
bioRxiv 2020. [CrossRef]

66. Shirts, M.R. Simple quantitative tests to validate sampling from thermodynamic ensembles. J. Chem. Theory Comput. 2013,
9, 909–926. [CrossRef] [PubMed]

67. Basconi, J.E.; Shirts, M.R. Effects of temperature control algorithms on transport properties and kinetics in molecular dynamics
simulations. J. Chem. Theory Comput. 2013, 9, 2887–2899. [CrossRef]

68. Merz, P.T.; Shirts, M.R. Testing for physical validity in molecular simulations. PLoS ONE 2018, 13, e0202764. [CrossRef]
69. Gray, C.G.; Gubbins, K.E.; Joslin, C.G. Theory of Molecular Fluids: Volume 2: Applications; Oxford University Press: Oxford, UK, 2011;

Volume 10.
70. Mcquarrie, D. Statistical Mechanics; Harper & Row: New York, NY, USA, 1965.
71. Levine, B.G.; Stone, J.E.; Kohlmeyer, A. Fast analysis of molecular dynamics trajectories with graphics processing units—Radial

distribution function histogramming. J. Comput. Phys. 2011, 230, 3556–3569. [CrossRef] [PubMed]
72. Wade, A.D.; Wang, L.P.; Huggins, D.J. Assimilating radial distribution functions to build water models with improved structural

properties. J. Chem. Inf. Model. 2018, 58, 1766–1778. [CrossRef] [PubMed]
73. Chiba, S.; Okuno, Y.; Honma, T.; Ikeguchi, M. Force-field parametrization based on radial and energy distribution functions.

J. Comput. Chem. 2019, 40, 2577–2585. [CrossRef] [PubMed]
74. Lyubartsev, A.P.; Laaksonen, A. Calculation of effective interaction potentials from radial distribution functions: A reverse Monte

Carlo approach. Phys. Rev. E 1995, 52, 3730. [CrossRef] [PubMed]
75. Michaud-Agrawal, N.; Denning, E.J.; Woolf, T.B.; Beckstein, O. MDAnalysis: A toolkit for the analysis of molecular dynamics

simulations. J. Comput. Chem. 2011, 32, 2319–2327. [CrossRef] [PubMed]
76. Soper, A. The radial distribution functions of water and ice from 220 to 673 K and at pressures up to 400 MPa. Chem. Phys. 2000,

258, 121–137. [CrossRef]
77. Kulschewski, T.; Pleiss, J. A molecular dynamics study of liquid aliphatic alcohols: Simulation of density and self-diffusion

coefficient using a modified OPLS force field. Mol. Simul. 2013, 39, 754–767. [CrossRef]
78. Wang, J.; Hou, T. Application of molecular dynamics simulations in molecular property prediction II: Diffusion coefficient.

J. Comput. Chem. 2011, 32, 3505–3519. [CrossRef]
79. Borodin, O. Polarizable force field development and molecular dynamics simulations of ionic liquids. J. Phys. Chem. B 2009,

113, 11463–11478. [CrossRef] [PubMed]
80. Van Der Spoel, D.; Lindahl, E.; Hess, B.; Groenhof, G.; Mark, A.E.; Berendsen, H.J. GROMACS: Fast, flexible, and free. J. Comput.

Chem. 2005, 26, 1701–1718. [CrossRef] [PubMed]
81. Yeh, I.C.; Hummer, G. System-size dependence of diffusion coefficients and viscosities from molecular dynamics simulations

with periodic boundary conditions. J. Phys. Chem. B 2004, 108, 15873–15879. [CrossRef]
82. Mills, R. Self-diffusion in normal and heavy water in the range 1–45◦. J. Phys. Chem. 1973, 77, 685–688. [CrossRef]
83. Raabe, G.; Sadus, R.J. Molecular dynamics simulation of the effect of bond flexibility on the transport properties of water. J. Chem.

Phys. 2012, 137, 104512. [CrossRef]
84. Shirts, M.R.; Chodera, J.D. Statistically optimal analysis of samples from multiple equilibrium states. J. Chem. Phys. 2008,

129, 124105. [CrossRef] [PubMed]
85. Milne, A.W.; Jorge, M. Polarization corrections and the hydration free energy of water. J. Chem. Theory Comput. 2018, 15, 1065–1078.

[CrossRef]
86. Wu, J.Z.; Azimi, S.; Khuttan, S.; Deng, N.; Gallicchio, E. Alchemical transfer approach to absolute binding free energy estimation.

J. Chem. Theory Comput. 2021, 17, 3309–3319. [CrossRef]
87. Jindal, S.; Chiriki, S.; Bulusu, S.S. Spherical harmonics based descriptor for neural network potentials: Structure and dynamics of

Au147 nanocluster. J. Chem. Phys. 2017, 146 20, 204301. [CrossRef]
88. Huang, J.; Zhang, L.; Wang, H.; Zhao, J.; Cheng, J.; Weinan, E. Deep potential generation scheme and simulation protocol for the

Li10GeP2S12-type superionic conductors. J. Chem. Phys. 2021, 154, 094703. [CrossRef]
89. Wu, J.; Yang, J.; Ma, L.Y.; Zhang, L.; Liu, S. Modular development of deep potential for complex solid solutions. Phys. Rev. B 2023,

107, 144102. [CrossRef]

http://dx.doi.org/10.1021/acs.jcim.3c00773
http://dx.doi.org/10.1021/acs.jpclett.3c03158
http://dx.doi.org/10.1021/acs.jctc.1c00201
http://www.ncbi.nlm.nih.gov/pubmed/34644071
http://dx.doi.org/10.1021/acs.jctc.2c01172
http://dx.doi.org/10.1101/2020.07.29.227959
http://dx.doi.org/10.1021/ct300688p
http://www.ncbi.nlm.nih.gov/pubmed/26588735
http://dx.doi.org/10.1021/ct400109a
http://dx.doi.org/10.1371/journal.pone.0202764
http://dx.doi.org/10.1016/j.jcp.2011.01.048
http://www.ncbi.nlm.nih.gov/pubmed/21547007
http://dx.doi.org/10.1021/acs.jcim.8b00166
http://www.ncbi.nlm.nih.gov/pubmed/30113842
http://dx.doi.org/10.1002/jcc.26035
http://www.ncbi.nlm.nih.gov/pubmed/31343749
http://dx.doi.org/10.1103/PhysRevE.52.3730
http://www.ncbi.nlm.nih.gov/pubmed/9963851
http://dx.doi.org/10.1002/jcc.21787
http://www.ncbi.nlm.nih.gov/pubmed/21500218
http://dx.doi.org/10.1016/S0301-0104(00)00179-8
http://dx.doi.org/10.1080/08927022.2013.769680
http://dx.doi.org/10.1002/jcc.21939
http://dx.doi.org/10.1021/jp905220k
http://www.ncbi.nlm.nih.gov/pubmed/19637900
http://dx.doi.org/10.1002/jcc.20291
http://www.ncbi.nlm.nih.gov/pubmed/16211538
http://dx.doi.org/10.1021/jp0477147
http://dx.doi.org/10.1021/j100624a025
http://dx.doi.org/10.1063/1.4749382
http://dx.doi.org/10.1063/1.2978177
http://www.ncbi.nlm.nih.gov/pubmed/19045004
http://dx.doi.org/10.1021/acs.jctc.8b01115
http://dx.doi.org/10.1021/acs.jctc.1c00266
http://dx.doi.org/10.1063/1.4983392
http://dx.doi.org/10.1063/5.0041849
http://dx.doi.org/10.1103/PhysRevB.107.144102


Int. J. Mol. Sci. 2024, 25, 1448 18 of 18

90. Wen, T.; Zhang, L.; Wang, H.; Weinan, E.; Srolovitz, D.J. Deep Potentials for Materials Science. Mater. Futur. 2022, 1, 022601.
[CrossRef]

91. Lahey, S.L.J.; Rowley, C.N. Simulating protein–ligand binding with neural network potentials. Chem. Sci. 2020, 11, 2362–2368.
[CrossRef] [PubMed]

92. Vant, J.W.; Lahey, S.L.J.; Jana, K.; Shekhar, M.; Sarkar, D.; Munk, B.H.; Kleinekathöfer, U.; Mittal, S.; Rowley, C.; Singharoy, A.
Flexible fitting of small molecules into electron microscopy maps using molecular dynamics simulations with neural network
potentials. J. Chem. Inf. Model. 2020, 60, 2591–2604. [CrossRef] [PubMed]

93. Xu, M.; Zhu, T.; Zhang, J.Z. Automatically constructed neural network potentials for molecular dynamics simulation of zinc
proteins. Front. Chem. 2021, 9, 692200. [CrossRef]

94. Lier, B.; Poliak, P.; Marquetand, P.; Westermayr, J.; Oostenbrink, C. BuRNN: Buffer Region Neural Network Approach for
Polarizable-Embedding Neural Network/Molecular Mechanics Simulations. J. Phys. Chem. Lett. 2022, 13, 3812–3818. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1088/2752-5724/ac681d
http://dx.doi.org/10.1039/C9SC06017K
http://www.ncbi.nlm.nih.gov/pubmed/34084397
http://dx.doi.org/10.1021/acs.jcim.9b01167
http://www.ncbi.nlm.nih.gov/pubmed/32207947
http://dx.doi.org/10.3389/fchem.2021.692200
http://dx.doi.org/10.1021/acs.jpclett.2c00654

	Introduction
	Results
	Design and Implementation of the OpenMM Deepmd Plugin
	General Architecture
	Python Class DeepPotentialModel

	Validation of the OpenMM Deepmd Plugin
	Energy Conservation in NVE Simulations
	Thermodynamic Validation for Canonical Ensemble
	Structural Property of Bulk Water
	Diffusion Coefficients of Water
	Hydration Free Energy of Water
	Performance Profiling 


	Materials and Methods 
	Conventional MD Simulations with the DP Model
	Alchemical Simulations with the DP Model 
	Hybrid DP/MM Simulations with Fixed or Adaptive DP Regions

	Discussion
	Conclusions
	References

