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ABSTRACT: This work develops a hybrid machine learning/molecular
mechanics (ML/MM) interface integrated into the AMBER molecular
simulation package. The resulting platform is highly versatile, accommodating
several advanced machine learning interatomic potential (MLIP) models while
providing stable simulation capabilities and supporting high-performance
computations. Building upon this robust foundation, we developed new
computational protocols to enable pathway-based and end point-based free
energy calculation methods utilizing ML/MM hybrid potential. In particular, we
proposed an ML/MM-compatible thermodynamic integration (TI) framework
that adequately addressed the challenge of applying MLIPs in TI calculations
due to its indivisible nature of energy and force. Our results demonstrated that
the hydration free energies calculated using this framework achieved an accuracy
of 1.0 kcal/mol, outperforming the traditional approaches. Moreover, ML/MM
enables more precise sampling of conformational ensembles for improved end
point-based free energy calculations. Overall, our efficient, stable, and highly compatible interface not only broadens the application
of MLIPs in multiscale simulations but also enhances the accuracy of free energy calculations from multiple aspects. By introducing a
novel ML/MM-compatible thermodynamic integration framework, we offered a novel foundation for combining advanced
multiscale simulation methodologies with highly accurate free energy calculation techniques, thereby opening new avenues and
providing a robust theoretical framework for future developments in this field.

1. INTRODUCTION
In the field of molecular dynamics (MD) simulations, much
work has contributed to improving molecular mechanics force
fields (MMFF) to achieve a higher accuracy in reproducing
experimental metrics. Efforts include extending general small
molecule force fields,1,2 developing new protein force fields,3−6

and creating force fields for other biomolecules, such as DNA7,8

and lipids.9,10 However, it remains a challenge to accurately
reproduce quantum mechanism (QM) results with classic
MMFF, especially when chemical reactions are involved. To
overcome this challenge, a feasible solution is to combine the
computationally efficient MMFF method with the accurate QM
methods. In the 1970s, Warshel Arieh and Levitt Michael11

proposed quantum mechanics/molecular mechanics (QM/
MM) molecular dynamics, which applies a QM model to
describe the essential part of the system (such as atoms involved
in a chemical reaction), and MMFF to describe the rest of the
system.12,13 This hybrid simulation technology allows for
investigation of electronic structures and chemical reactions in
large systems.
In recent years, many efforts have beenmade to improveQM/

MMMD simulations. For example, the electrostatic embedding
approach was proposed to accurately calculate the electrostatic
interaction,14,15 and polarizable force fields have been
introduced to account for interatomic polarization effects.16−18

Furthermore, improvements in long-range interaction process-
ing have enhanced the accuracy of simulations.19,20 However,
the computational cost has been the primary limitation to the
broad application of these hybrid simulation techniques. The
bottleneck in QM/MM studies is QM calculation, which
remains very time-consuming.
However, Behler and Parrinello21 and Csańyi and co-

workers22,23 proposed machine learning interatomic potentials
(MLIPs) over a decade ago as an alternative to traditional
quantum mechanical approaches. MLIPs accelerate calculations
by being trained on machine learning algorithms to reproduce
ab initio quantities such as potential energies and atomic forces,
thereby avoiding time-consuming quantum mechanical calcu-
lations. Building on this framework, many modern MLIPs have
emerged by incorporating various advanced artificial intelligence
(AI) techniques.24−33 Take ANI-2x27 as an example, which was
trained on data from ωB97X/6-31G(d)34,35 calculations and
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achieved near density functional theory36,37 (DFT) accuracy
while maintaining computational efficiency comparable to
molecular mechanics. Given their accuracy and performance,
MLIPs could potentially serve the role of ab initio models in the
simulation of biomolecular systems with QM/MM. Incorpo-
ration of MLIPs into a molecular dynamics engine to develop a
brand-new multiscale simulation technique is appealing given
their near-QM level of accuracy and near-MM level of efficiency.
Thus, machine learning/molecular mechanics molecular
dynamics (ML/MM MD) represents a promising alternative
for biomolecular simulations.
A great effort has been put into implementing ML/MM in

molecular simulations of biomolecular systems,38−42 laying a
strong foundation for future advancements. To achieve an
accurate and rigorous description of the energetics of a system
divided by the ML and MM regions, researchers have
introduced several refinements, including long-range interaction
corrections43−45 and electrostatic embedding schemes.41,46−50

Building upon these developments, it is timely to extend the
application of the ML/MM approach to more demanding tasks
such as accurate free energy calculations. This research direction
is attractive considering the dual advantages of MLIP models,
high computational efficiency and near ab initio-level accuracy,
which makes them particularly suitable for long-time scale
simulations to produce diverse, statistically meaningful con-
formational ensembles. Recent studies have demonstrated the
feasibility of using ML/MM for free energy calculations.51,52

However, the current computational protocols of free energy
calculations using either free energy perturbation (FEP) or
thermodynamic integration (TI), cannot be applied to the
current ML/MM hybrid potentials. Thus, the systematic
development of a new theory of pathway-based free energy
calculation for MM/ML is necessary.
In this work, we extended the AMBER simulation plat-

form53,54 by introducing a versatile ML/MM interface, designed
to be compatible with a wide range of MLIP models. We
demonstrated the robustness of the implementation through
benchmark tests and performed comprehensive performance
profiling to evaluate its computational efficiency. Next, we
developed a systematic theoretical framework for thermody-
namic integration calculations using the extended ML/MM
platform. To validate this new framework, we conducted
hydration-free energy calculations for a set of structurally
diverse molecules. We further evaluated the advantages of ML/
MM in the end point binding free energies of numerous
protein−ligand complexes, as we expected that ML/MM could
produce more meaningful conformations. By leveraging
advances in efficient and accurate conformational sampling
together with a rigorous and compatible theoretical framework
for pathway-based free energy calculations, we expect our work
to pave the way for more reliable free energy predictions by using
hybrid ML/MM potentials. Moreover, we envision that it will
serve as a foundational step toward the development of more
advanced alchemical free energy calculation methodologies.

2. THEORY
2.1. Theoretical Details for the ML/MM Approach. The

ML/MM approach shares strong conceptual similarities with
the well-established QM/MM framework.11,55 The theoretical
foundation of ML/MM based on mechanical embedding has
reached a mature stage,38−40 in which the total energy of the
system is partitioned into three components: the ML region, the
MM region, and their mutual interaction:

= + +E E E Etotal ML MM ML MM (1)

Here, EML is obtained using MLIPs, while EMM is computed
via classical molecular mechanics force field (MMFF)
equations.56

For the ML−MM interaction term, in order to ensure
compatibility with a broad range of MLIP models, we adopt the
widely used mechanical embedding scheme,38,39 which is both
efficient and broadly supported. This scheme describes the
nonbonded interactions between theML andMM regions using
a combination of Coulombic and Lennard−Jones (LJ)
potentials:
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In this equation, Ri
MM and Rj

ML denote the atomic coordinates
of the atoms in theMM andML regions, respectively. The terms
qi and qj represent the atomic partial charges. The parameters A
and B represent preparametrized van der Waals parameters.

2.2. Theory of Thermodynamic Integration in ML/MM
Systems. TI is a robust method for estimating free energy
changes and has board applications.57−62 Traditionally, TI
calculations follow the equation below:63

= == =G G G
V

d1 0
0

1

(3)

The basic principle of TI is to introduce a parameter λ to
gradually perturb the system’s potential energy (V), facilitating
the transformation of the system from the initial state (Gλ=0) to
the final state (Gλ=1). In practice, several windows at different λ
values are used to numerically estimate the integral:

=G w V

i
i

i (4)

Here, wi represents the weighting factor associated with each
window. In this context, potential energy ⟨V⟩i becomes a central
quantity of interest. Because the potential is typically computed
using molecular mechanics force fields, it can be further
decomposed into bonded and nonbonded components:

= +
V V V

i i i

tot bonded non bonded

(5)

When computing solvation free energies or absolute binding
free energies (ABFEs), covalent bonds are preserved throughout
the simulation. Under this treatment, the bonded interactions
are identical in both the initial and final states, that is, the bonded
term (⟨Vbonded⟩) remains invariant and is unaffected by the
perturbation; thus, the change in potential energy arises solely
from the nonbonded interactions (⟨Vnonbonded⟩). The same
treatment is introduced in the TI scheme for anMM/ML hybrid
potential, which describes the region of interest using MLIPs.
The key advantage of employing MLIPs in free energy
calculations lies in its near ab initio level accuracy.
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When bonded terms are omitted, the potential energy in the
ML/MM scheme can be rewritten as follows:

=

=

+

V V

V

V

i i

i

i

tot non bonded

MM ML,non bonded

ML ML,non bonded

(6)

The corresponding free energy expression can be derived by
reformulating the conventional TI equation.63 Because the
solvation free energy calculation shares conceptual similarities
with ABFE calculations, we use the solvation free energy
calculation as an illustrative example:
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gas, (7)

Notably, current MLIP models are trained to reproduce the
total potential energy and atomic forces, without explicitly
separating the nonbonded terms within the ML region (i.e.,

Figure 1. Comprehensive Evaluation of Performance and Robustness in ML/MM Simulations. (A,B) compare the performance of ML/MM
implementations using ANI-2x and MACE-OFF23(S) in different protein−ligand complexes. (C) illustrates the simulation performance of a QM/
MM approach with QM calculated at the ωB97X/6-31G* level. (D) demonstrates how the number of CPU cores influences ML/MM simulation
speed in a protein−ligand complex system (PDB ID: 2ZFF; 42,685 atoms in theMM region and 51 atoms in theML region). (E) Energy evolution for
a system containing erlotinib in water. (F,G) Time profiles of the total energy during the simulations across the different approaches, while (H,I) time
profiles of the center-of-mass velocity.
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VML‑ML,non‑bonded). If one attempts to introduce a λ to directly
perturb this term, then the bonded interactions would inevitably
be affected as well, potentially introducing significant errors into
the free energy calculation.
To address this challenge, our ML/MM TI scheme omits the

perturbation of nonbonded interactions within the ML region.
Instead, we introduce an additional energy term, termed the
reorganization energy (see below), to compensate for this
omission. As a result, VMM‑ML,non‑bonded becomes the only term
subjected to perturbation during the TI process.
Because we do not introduce λ to perturb theML region, both
V

wat

ML ML,non bonded and
V

gas

ML ML,non bonded are always equal to

z e r o . H o w e v e r , i n e q 7 , i t i s c l e a r t h a t
V V

wat gas

ML ML,non bonded ML ML,non bonded describes the energy

difference due to conformational changes of the molecule
between the water and gas phases. To account for the

d i s a p p e a r a n c e o f t e r m s
V

wat

ML ML,non bonded a n d

V

gas

ML ML,non bonded , we introduce a correction term to offset

this effect:

=G E Ereorg ML wat ML gas (8)

We define the energy raised from the conformational change
as the reorganization energy (ΔGreorg), which is calculated as the
difference between the average energies of the solvated- and gas-
phase conformational ensembles.
Thus, the TI schemewe proposed can solve the challenge for a

ML/MM hybrid potential due to the inseparable nature of
energy terms in MLIPs, and it is largely compatible with the
traditional ML/MM approach. This new TI scheme was then
validated by using hydration free energy calculations for a set of
structurally diverse compounds.

= +G w
V

G
i

i
i

solvation
MM ML,non bonded

wat,
reorg

(9)

3. RESULTS AND DISCUSSION
3.1. Design and Benchmarking of a Flexible MLIP

Interface.Mainstream MD simulation packages have begun to
embrace the ML/MM approach in recent years,38−40 and the
rapid growth ofML/MMdevelopment highlights its potential as
an appealing tool to revolutionize multiscale simulation
techniques. AMBER, a widely used MD engine, has already
integrated the ANI model and implemented a state-of-the-art
electrostatic embedding scheme for ML/MM simulations.41

However, current support is limited to the ANI-series models.
To further enhance the flexibility and expand the applicability of
ML/MM in AMBER, we implemented a general ML/MM
interface in the Amber 2023 package, primarily within
SANDER, an efficient, CPU-based MD engine. This interface
lays the foundation for incorporating a broader range of
advanced MLIP models into the AMBER platform.
In order to expand flexibility and compatibility with various

MLIP models while ensuring high performance, we have
implemented the interface using the LibTorch library, which
enables efficient MLIP inference and force calculations. To
further support these goals, we adopted an asynchronous

workflow (Scheme S1) in which conventional MD calculations
are executed on CPUs andMLIP inference runs concurrently on
GPUs. Additionally, our implementation utilizes the mechanical
embedding scheme�a method commonly employed in QM/
MM frameworks,55 which allows users to explicitly define the
ML region while treating the remaining atoms with classical
force fields. Under this framework, we have successfully
integrated multiple MLIP models into SANDER, including
the ANI series (ANI-1x,26 ANI-1ccx,25 and ANI-2x27) and the
MACE series29 (MACE-OFF23(S), MACE-OFF23(M), and
MACE-OFF23(L)). Overall, this design significantly accelerates
simulations by fully leveraging heterogeneous hardware
resources, providing a robust and versatile platform for future
MLIP developments.
Notably, the major limitation of traditional QM/MM

simulations is their high computational cost, which restricts
simulation speeds to the picosecond per day range. In contrast,
our ML/MM framework delivers a significant speed-up.
Specifically, using the ANI-2x model, most simulations reach
over 2 ns/day (Figure 1A), and MACE-OFF23(S) achieves
around 1.5 ns/day (Figure 1B). For comparison, traditional
QM/MM simulations for the same systems are limited to no
more than 6 ps/day (Figure 1C), meaning our ML/MM
approach runs roughly 1000−2000 times faster. This efficiency
brings near ab initio accuracy while greatly improving the
computational performance. All reported simulations used a 1 fs
(fs) time step; when bonds involving hydrogen are constrained
using the SHAKE algorithm,64 the time step can be extended to
2 fs, effectively doubling the simulation performance for systems
where detailed hydrogen dynamics are less critical.
AlthoughML/MM already demonstrates significant perform-

ance advantages over traditional QM/MM approaches,
variability among models and the complexities of efficiently
distributing workloads across GPU and CPU resources remain
critical challenges. Therefore, we conducted workload tests to
evaluate the performance scaling. The results show that
increasing CPU cores up to 16 enhances the overall simulation
speed (Figure 1D). Notably, the ANI-2x model benefits more
from additional cores than MACE-OFF23(S), suggesting that
GPU calculations using ANI-2x are faster, and its bottleneck lies
in CPU-based MM computations. In contrast, MACE-OFF23-
(S) reaches a performance plateau at 8 cores, suggestingMACE-
OFF23(S) is a GPU-demanding model primarily due to its large
parameter set and a versatile architecture.28−30 Despite its
slower performance, ongoing improvements, such as reducing
model parameters29 and adopting the JAX MD framework,65

may boost MACE’s speed. Overall, ML/MM enables nano-
second-time scale simulations with near ab initio accuracy,
representing a substantial enhancement over traditional QM/
MM approaches.
Beyond performance, the reliability of the ML/MM approach

is critical. To assess the robustness of ourML/MMapproach, we
simulated erlotinib,66 an EGFR inhibitor, in water under
microcanonical (NVE, i.e., constant number of particles, volume
and total energy of the system) conditions. The system consists
of 151 atoms (Figure 1E): 52 atoms from erlotinib define the
ML region, while the remaining 99 atoms represent 33 water
molecules. This configuration, with the ML region comprising
approximately 34.4% of the total atoms, enables a comprehen-
sive evaluation of its energy contribution. We employed ANI-2x
and MACE-OFF23(S) as the MLIP models in our ML/MM
MD calculations. The average energies obtained from the ML/
MM simulations were −826,579.53 kcal/mol for ANI-2x
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(Figure 1F) and −827,364.49 kcal/mol for MACE-OFF23(S)
(Figure 1G), each with a standard deviation of 0.03 kcal/mol, a
small fluctuation that is very close to the QM/MM value of 0.02
kcal/mol as reported in a previous publication.20 The slight
discrepancies are likely due to numerical errors. To further
assess the simulation stability, we analyzed key momentum
parameters. The center-of-mass velocity remained effectively
negligible at 0.02 for both ANI-2x and MACE-OFF23(S)
(Figure 1H,I, respectively). In addition, the computed transla-
tional and rotational energies support this stability: the
translational energy remained below 0.15 kcal/mol (Figure
S1), while the rotational energy was even lower, 0.02 kcal/mol
for ANI-2x and 0.03 kcal/mol for MACE-OFF23(S). These
observations confirm that the ML/MM approach robustly
conserves both the momentum and energy as well as faithfully
reproduces the system’s thermodynamic behavior in accordance
with the laws of thermodynamics.
3.2. Pathway-Based Hydration Free Energy Calcula-

tions. Mobley and Guthrie reported experimental hydration
free energy data for hundreds of molecules.67 Notably, when
estimated using the MMFF method with the conventional TI
protocol, the hydration free energies of these molecules
exhibited deviations of approximately ±1.5 kcal/mol.58−60

From this data set, we carefully selected 30 compounds
containing six elements of C, H, O, N, F, and Cl to represent
a diverse array of functional groups, including ketones, amines,
and halides (Figure 2A). We then applied our ML/MM-
compatible TI approach (see Section 2.2) to predict the
hydration free energies using ANI-2x and MACE-OFF23(S) in
conjunction with GAFF2.2

Figure 2B illustrates the prediction accuracy of different
models. Note that the results for CGenFF1 and GAFF2 were
directly obtained from previous publications.59,67 In summary,

the overall data distributions of ANI-2x and MACE-OFF23(S)
are relatively similar, with nearly the same mean absolute error
(MAE) of 0.45 and 0.59 kcal/mol (Figure 2B), respectively,
which are significantly lower than those obtained using either
CGenFF (0.96 kcal/mol) or GAFF (0.80 kcal/mol). To our
surprise, the MLIP models demonstrated slightly higher
accuracy compared to MMFF. However, it is worth noting
that in the ML/MM approach, interatomic forces were still
described by GAFF2, while intermolecular interactions were
calculated at the MLIP level. This discrepancy might lead to
consistency issues between the two components. After all, ANI-
2x and MACE-OFF23(S) was trained to reproduce high-
accuracy DFT energetics and forces, whereas GAFF22 and
TIP3P water68 were developed to reproduce both quantum
mechanics and experimental data. Additionally, the quartile line
distribution and mean square error (MSE) indicate that the
hydration free energies estimated by ANI-2x and MACE-
OFF23(S) are closer to the experimental data. All of these
results indicate that our postulated theory regarding ML/MM
demonstrates its comparability to the TI approach in a novel
way. Traditional TI, however, employs a gradual scaling-down
method to reduce intramolecular interactions, which may also
affect interactions between water and the molecule. This creates
a highly coupled system; while our approach aims to reasonably
decouple these interactions, further efforts are needed to
estimate the coupling effects in TI calculations, thereby
enhancing the accuracy of ML/MM TI calculations.

3.3. Leveraging ML/MM for End Point-Based Free
Energy Calculations. Biological macromolecules are essential
molecules that carry out complex functions in organisms.69,70

Applying ML/MM to the simulation of these macromolecules
can enhance our understanding of their mechanisms with near
ab initio accuracy at the atomistic level.
We selected six well-studied protein−ligand complexes71,72

for our analysis and conducted ML/MM MD simulations on
these systems. Over 5 ns simulations, both proteins (Figure
3A,B) and ligands (Figure 3C,D) exhibited only minor
fluctuations demonstrating excellent stability of our approach
in extended simulations and its high potential applicability to
real-world tasks.73 To quantitatively assess the quality of the
sampled ensembles with our method, we computed B-factors for
each structure and compared them to experimental data. Inmost
cases, the computed B-factors correlated well with experimental
values, with Pearson correlation coefficients greater than 0.5
(Figure S2). The only exception was theMyeloid cell leukemia 1
protein (PDB ID: 4HW3), which showed a correlation
coefficient of 0.18. This lower correlation can be attributed to
the fact that the original PDB entry is a multimeric protein,
whereas our simulations were performed on only a monomeric
unit (Figure S3). The altered environment, which replaces
protein−protein interactions with solvent interactions, may
account for the discrepancy in dynamics. Furthermore, we
generated B-factor maps for the protein (PDB ID: 4GIH) using
both experimental and calculated data. The experimental and
calculated B-factors were mapped to the protein structure for
comparison. As shown in Figures 3E−G and S4, most figures are
essentially similar, which underscores the robustness of ourML/
MM approach in capturing the essential dynamic behavior of
these complexes. Moreover, the excellent conformational
sampling provided by ML/MM ensures that the collected
structures more accurately reflect the true dynamics of
biomacromolecules, thereby facilitating us to correctly capture
their complex behaviors.

Figure 2. Prediction of hydration free energy using ML/MM
approaches and classical force fields. (A) Structures of several
compounds used for the TI calculations. (B) Final results obtained
from the TI calculations.
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In addition, this superior conformational sampling capability
enables the ML/MM approach to accurately capture thermo-
dynamically meaningful conformations, which in turn enhances
the performance of end point-based free energy calculations
such as MM-PBSA, a widely used method for predicting
protein−ligand binding affinities.74,75 To evaluate this protocol,
we examined the binding of CDK2 to 19 different ligands.71,72

First, ML/MM MD was employed to sample the complex
conformations, and then, MM-PBSA was used to analyze the
free energies of the obtained structures. Binding free energies
derived from the ensembles sampled with MACE achieved an
RMSE of 0.65 kcal/mol and an R2 of 0.59, outperforming
conventional MD which yielded 0.68 kcal/mol and 0.54,
respectively. The ANI-2x model produced slightly inferior
results with an RMSE of 0.77 kcal/mol and an R2 of 0.36.
Detailed MD sampling protocols and the results of free energy
decomposition into different energetic terms are provided in
Tables S1−S3. Unlike pathway-based free energy calculation
methods, this end point-based approach can be applied directly
to ML/MM trajectories without modifying its fundamental
theoretical framework. Consequently, the improved binding free
energy calculation accuracy is mainly due to the improved
quality of the conformational ensembles sampled by ML/MM.
It is expected that the combination of ML/MM sampling with
MM-PBSA end point free energy analysis has great applications
in elucidating the binding mechanisms of protein and nucleic
acid targets.

4. CONCLUSION
In this study, we enhanced the Sander program in the AMBER
software suite by developing a versatile and flexible ML/MM
interface and systematically benchmarked its robustness. This
interface paves the way for integrating more advanced MLIP

models in the future, helping to bridge the gap between MLIP
development and applications to real-world problems. Im-
portantly, to promote the application of ML/MM in free energy
calculations, we proposed a novel TI framework to overcome the
challenge of the indivisible nature of energy and force in current
MLIP models, ensuring theoretical consistency with the
underlying architectures. Building on this advancement, we
envision that this framework can also be applied to another
widely used free energy calculation method, FEP. This
integration of ML/MM and free energy calculation enabled by
our framework is promising for more complicated applications,
particularly in relative binding free energy (RBFE) calculations.
However, one challenge in RBFE calculations that applies
multiscale simulation methods is to capture topological changes
in molecular structures to enable accurate interaction calcu-
lations. Although this challenge remains open, the theoretical
consistency and flexibility of our framework provide a solid
foundation for advancing ML/MM-based alchemical free
energy calculations and broadening their applicability to
rigorous binding free energy estimation. In addition to
pathway-based free energy methods, widely used end point
approaches such as MM-PBSA can also benefit from the ability
of ML/MM hybrid potentials to provide long-time scale, high-
quality conformational sampling. These advantages pave new
avenues for more accurate protein engineering, rational drug
design, and a deeper understanding of macromolecular behavior
in complex scenarios.
In summary, ML/MM represents a promising direction for

the future of molecular simulations. We anticipate thatML/MM
can be extended beyond its current capabilities to support more
complex applications such as nonadiabatic molecular dynamics
and the exploration of chemical reactions. Future work will likely
focus on the further description of energetics of ML/MM

Figure 3. Protein−ligand simulation using an ML/MM approach. (A,B) root-mean-square deviation (RMSD) of the entire protein−ligand complex
calculated using ANI-2x and MACE-OFF23(S), respectively. (C,D) Ligand RMSD based on results from the two MLIPs. (E−G) B-factor color-
mapped structures, where the B-factors are derived from the crystal structure and our simulation, respectively.
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systems using advanced electrostatic embedding schemes,
incorporating long-range interactions into MLIP models, and
expanding the overall functionality of ML integration. These
developments will enable ML/MM to tackle increasingly
complex molecular systems and simulation scenarios.

■ ASSOCIATED CONTENT
Data Availability Statement
The software developed in this work is available at https://
github.com/ClickFF/MLMM4AMBER. All benchmarking
data, including results from NVE simulations, protein−ligand
complex simulations, and free energy calculations, can be
accessed athttps://zenodo.org/records/15101823.
*sı Supporting Information
The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.5c00598.

Computational details; validation of conservation laws
using translational and rotational energy; B-factors
derived from ML/MM MD simulations; structure of
myeloid cell leukemia 1 protein and B-factor color-
mapped structures (PDF)

■ AUTHOR INFORMATION
Corresponding Authors

Xiongwu Wu − Laboratory of Computation Biology, National
Heart, Lung and Blood Institute, National Institutes of Health,
Bethesda, Maryland 20892, United States; Email: wuxw@
nhlbi.nih.gov

Junmei Wang − Department of Pharmaceutical Sciences and
Computational Chemical Genomics Screening Center, School
of Pharmacy, University of Pittsburgh, Pittsburgh,
Pennsylvania 15261, United States; orcid.org/0000-0002-
9607-8229; Email: junmei.wang@pitt.edu

Authors
Xujian Wang − Department of Pharmaceutical Sciences and
Computational Chemical Genomics Screening Center, School
of Pharmacy, University of Pittsburgh, Pittsburgh,
Pennsylvania 15261, United States; orcid.org/0009-0004-
0146-9991

Bernard R. Brooks − Laboratory of Computation Biology,
National Heart, Lung and Blood Institute, National Institutes
of Health, Bethesda, Maryland 20892, United States;
orcid.org/0000-0002-3586-2730

Complete contact information is available at:
https://pubs.acs.org/10.1021/acs.jctc.5c00598

Notes
The authors declare no competing financial interest.

■ ACKNOWLEDGMENTS
This work was supported by the following funds from the
National Institutes of Health (NIH) and the National Science
Foundation (NSF): NIH R01GM147673 and NSF 1955260.
The authors would like to thank the computing resources
provided by the Center for Research Computing (facility RRID:
SCR022735) at the University of Pittsburgh (NSF award
number OAC-2117681), and the Pittsburgh Supercomputer
Center (grant number BIO210185).

■ REFERENCES
(1) Vanommeslaeghe, K.; Hatcher, E.; Acharya, C.; Kundu, S.; Zhong,
S.; Shim, J.; Darian, E.; Guvench, O.; Lopes, P.; Vorobyov, I.; Mackerell,
A. D., Jr. CHARMM general force field: A force field for drug-like
molecules compatible with the CHARMM all-atom additive biological
force fields. J. Comput. Chem. 2010, 31, 671−690.
(2) Wang, J.; Wolf, R. M.; Caldwell, J. W.; Kollman, P. A.; Case, D. A.
Development and Testing of a General AMBER Force Field. J. Comput.
Chem. 2004, 25, 1157−1174.
(3) Maier, J. A.; Martinez, C.; Kasavajhala, K.; Wickstrom, L.; Hauser,
K. E.; Simmerling, C. ff14SB: Improving the Accuracy of Protein Side
Chain and Backbone Parameters from ff99SB. J. Chem. Theory Comput.
2015, 11, 3696−3713.
(4) Tian, C.; Kasavajhala, K.; Belfon, K. A. A.; Raguette, L.; Huang, H.;
Migues, A. N.; Bickel, J.; Wang, Y.; Pincay, J.; Wu, Q.; Simmerling, C.
ff19SB: Amino-Acid-Specific Protein Backbone Parameters Trained
against Quantum Mechanics Energy Surfaces in Solution. J. Chem.
Theory Comput. 2020, 16, 528−552.
(5) Huang, J.; Rauscher, S.; Nawrocki, G.; Ran, T.; Feig, M.; de Groot,
B. L.; Grubmüller, H.; MacKerell, A. D., Jr. CHARMM36m: an
improved force field for folded and intrinsically disordered proteins.
Nat. Methods 2017, 14, 71−73.
(6) Huang, J.; MacKerell, A. D., Jr. CHARMM36 all-atom additive
protein force field: Validation based on comparison to NMR data. J.
Comput. Chem. 2013, 34, 2135−2145.
(7) Hart, K.; Foloppe, N.; Baker, C. M.; Denning, E. J.; Nilsson, L.;
MacKerell, A. D., Jr. Optimization of the CHARMMadditive force field
for DNA: Improved treatment of the BI/BII conformational
equilibrium. J. Chem. Theory Comput. 2012, 8, 348−362.
(8) Ivani, I.; et al. ParmBSC1: a refined force field for DNA
simulations. Nat. Methods 2016, 13, 55−58.
(9) Klauda, J. B.; Venable, R. M.; Freites, J. A.; O’Connor, J. W.;
Tobias, D. J.; Mondragon-Ramirez, C.; Vorobyov, I.; MacKerell, A. D.,
Jr.; Pastor, R. W. Update of the CHARMM All-Atom Additive Force
Field for Lipids: Validation on Six Lipid Types. J. Phys. Chem. B 2010,
114, 7830−7843.
(10) Dickson, C. J.; Madej, B. D.; Skjevik, g. A.; Betz, R. M.; Teigen,
K.; Gould, I. R.; Walker, R. C. Lipid14: The Amber Lipid Force Field. J.
Chem. Theory Comput. 2014, 10, 865−879.
(11) Warshel, A.; Levitt, M. Theoretical Studies of Enzymic
Reactions: Dielectric, Electrostatic and Steric Stabilization of the
Carbonium Ion in the Reaction of Lysozyme. J. Mol. Biol. 1976, 103,
227−249.
(12) van der Kamp, M. W.; Mulholland, A. J. Combined Quantum
Mechanics/Molecular Mechanics (QM/MM) Methods in Computa-
tional Enzymology. Biochemistry 2013, 52, 2708−2728.
(13) Brás, N. F.; Fernandes, P. A.; Ramos, M. J. Role of Enzyme and
Active Site Conformational Dynamics in the Catalysis by α-Amylase
Explored with QM/MM Molecular Dynamics. J. Chem. Inf. Model.
2022, 62, 3638−3650.
(14) Ryde, U. The Coordination of the Catalytic Zinc Ion in Alcohol
Dehydrogenase Studied by Combined Quantum-Chemical and
Molecular Mechanics Calculations. J. Comput.-Aided Mol. Des. 1996,
10, 153−164.
(15) Rod, T. H.; Ryde, U. Accurate QM/MM Free Energy
Calculations of Enzyme Reactions: Methylation by Catechol O-
Methyltransferase. J. Chem. Theory Comput. 2005, 1, 1240−1251.
(16) Song, C.; Wang, L.-P. A Polarizable QM/MM Model That
Combines the State-Averaged CASSCF and AMOEBA Force Field for
Photoreactions in Proteins. J. Chem. Theory Comput. 2024, 20, 6632−
6651.
(17) Liu, C.; Jiang, H.; Li, Y.; Xue, B.; Yao, Y.-Y.; Yang, Z.-Z.
Development of a QM/MM(ABEEM) Method Combined with a
Polarizable Force Field to Investigate the Excision ReactionMechanism
of Damaged Thymine. Phys. Chem. Chem. Phys. 2023, 25, 3432.
(18) Loco, D.; Lagarder̀e, L.; Caprasecca, S.; Lipparini, F.; Mennucci,
B.; Piquemal, J.-P. Hybrid QM/MM Molecular Dynamics with
AMOEBA Polarizable Embedding. J. Chem. Theory Comput. 2017,
13, 4025−4033.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.5c00598
J. Chem. Theory Comput. 2025, 21, 6979−6987

6985

https://github.com/ClickFF/MLMM4AMBER
https://github.com/ClickFF/MLMM4AMBER
https://zenodo.org/records/15101823
https://pubs.acs.org/doi/10.1021/acs.jctc.5c00598?goto=supporting-info
https://pubs.acs.org/doi/suppl/10.1021/acs.jctc.5c00598/suppl_file/ct5c00598_si_001.pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Xiongwu+Wu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
mailto:wuxw@nhlbi.nih.gov
mailto:wuxw@nhlbi.nih.gov
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Junmei+Wang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-9607-8229
https://orcid.org/0000-0002-9607-8229
mailto:junmei.wang@pitt.edu
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Xujian+Wang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0009-0004-0146-9991
https://orcid.org/0009-0004-0146-9991
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Bernard+R.+Brooks"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-3586-2730
https://orcid.org/0000-0002-3586-2730
https://pubs.acs.org/doi/10.1021/acs.jctc.5c00598?ref=pdf
https://doi.org/10.1002/jcc.21367
https://doi.org/10.1002/jcc.21367
https://doi.org/10.1002/jcc.21367
https://doi.org/10.1002/jcc.20035
https://doi.org/10.1021/acs.jctc.5b00255?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.5b00255?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.9b00591?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.9b00591?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/nmeth.4067
https://doi.org/10.1038/nmeth.4067
https://doi.org/10.1002/jcc.23354
https://doi.org/10.1002/jcc.23354
https://doi.org/10.1021/ct200723y?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/ct200723y?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/ct200723y?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/nmeth.3658
https://doi.org/10.1038/nmeth.3658
https://doi.org/10.1021/jp101759q?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jp101759q?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/ct4010307?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/0022-2836(76)90311-9
https://doi.org/10.1016/0022-2836(76)90311-9
https://doi.org/10.1016/0022-2836(76)90311-9
https://doi.org/10.1021/bi400215w?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/bi400215w?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/bi400215w?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jcim.2c00691?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jcim.2c00691?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jcim.2c00691?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1007/BF00402823
https://doi.org/10.1007/BF00402823
https://doi.org/10.1007/BF00402823
https://doi.org/10.1021/ct0501102?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/ct0501102?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/ct0501102?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.4c00623?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.4c00623?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.4c00623?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1039/D2CP05873A
https://doi.org/10.1039/D2CP05873A
https://doi.org/10.1039/D2CP05873A
https://doi.org/10.1021/acs.jctc.7b00572?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jctc.7b00572?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.5c00598?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(19) Nam, K.; Gao, J.; York, D. An Efficient Linear-Scaling Ewald
Method for Long-Range Electrostatic Interactions in Combined QM/
MM Calculations. J. Chem. Theory Comput. 2005, 1, 2−13.
(20) Walker, R. C.; Crowley, M. F.; Case, D. A. The Implementation
of a Fast and Accurate QM/MM Potential Method in Amber. J.
Comput. Chem. 2008, 29, 1019−1031.
(21) Behler, J.; Parrinello, M. Generalized Neural-Network
Representation of High-Dimensional Potential-Energy Surfaces. Phys.
Rev. Lett. 2007, 98, No. 146401.
(22) 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, No. 136403.
(23) Bartók, A. P.; Csányi, G. Gaussian Approximation Potentials: a
Brief Tutorial Introduction. arXiv:1502.01366 [cond-mat.mtrl-sci],
2015.
(24) 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.
(25) 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.
(26) Smith, J. S.; Nebgen, B.; Lubbers, N.; Isayev, O.; Roitberg, A. E.
Less is More: Sampling Chemical Space with Active Learning. J. Chem.
Phys. 2018, 148, 241733.
(27) Devereux, C.; Smith, J. S.; Huddleston, K. K.; Barros, K.;
Zubatyuk, R.; Isayev, O.; Roitberg, A. E. Extending the Applicability of
the ANI Deep Learning Molecular Potential to Sulfur and Halogens. J.
Chem. Theory Comput. 2020, 16, 4192−4202.
(28) Batatia, I.et al.A Foundation Model for Atomistic Materials
Chemistry. arXiv, 2023, 2401.00096, arXiv preprint.
(29) Kovács, D. P.;Moore, J. H.; Browning, N. J.; Batatia, I.; Horton, J.
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