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Machine-learning force fields (MLFFs) are reshaping computational chemistry and biology by delivering
near-quantum mechanical accuracy at a computational cost comparable to conventional force fields,
enabling applications in biomolecular simulation, catalysis, and materials science. However, despite these
advances, a unified and automated computational platform enabling the broader application of MLFFs is
still lacking. Here, we present MAPLE (MAchine learning Potential for Landscape Exploration),
a computational toolkit specially developed for MLFF-based molecular modeling, featuring a tailored
software framework and parallelized algorithms for large-scale and versatile molecular modeling tasks.
We demonstrated the robustness and usability of MAPLE through systematic benchmarking of state-of-
the-art reactive MLFFs and applications to multiple biocatalytic scenarios, highlighting its capability for
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parallelized algorithms in a highly optimized and flexible software framework, MAPLE serves as a next-
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1 Introduction

The development of molecular mechanics force fields (MMFFs)
has enabled atomistic simulations of molecular systems,"?
providing a foundation for studying molecular interactions,?
biomolecular conformations,* and catalytic mechanisms.’
Despite these successes, the applicability of MMFFs remains
intrinsically limited by their simplified functional forms, which
are not suitable for studying nonequilibrium systems and
struggle to capture chemically complex phenomena, particu-
larly bond breaking and formation. In contrast, quantum
mechanical (QM) methods provide a more rigorous description
of these effects, but at a substantially higher computational
cost, thereby limiting QM simulations to relatively small
systems and short timescales.
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applicability to rational catalyst design and drug discovery.

During the past decade, machine-learning force fields
(MLFFs) have substantially narrowed the gap between conven-
tional MMFFs and QM methods by learning potential energy
surfaces (PESs) directly from QM data, achieving near-QM
accuracy at computational cost of the MMFF-level.** Among
them, the AIMNet2 family has demonstrated robust perfor-
mance in a wide range of chemical scenarios, including catal-
ysis®'® and biomolecular simulations."* More recently, the
release of the Open Molecules 2025 dataset (OMol25)" enabled
the training of the Universal Model Atom (UMA),” a large-scale
MLFF that covers 83 elements and is capable of describing
chemical reactions and open-shell systems. Together, these
advances represent an important step toward a universal MLFF.

Despite rapid progress in MLFFs, their practical deployment
remains constrained by the lack of dedicated, MLFF-native
computational infrastructures. Most existing toolkits, such as
Sella,”® MLatom 3, and the Atomic Simulation Environment
(ASE),** are designed as general-purpose frameworks and are
not specifically optimized for MLFF-driven workflows, and also
do not fully leverage a key advantage of MLFFs: their suitability
for large-scale parallel evaluation across large ensembles of
molecular systems. This capability, which enables high-
throughput molecular simulations, can be realized through
parallel optimization algorithms. This limitation becomes
especially pronounced for reaction discovery and pathway
sampling, where the intrinsic parallelism of MLFFs could
enable  high-throughput exploration across multiple

Chem. Sci.


http://crossmark.crossref.org/dialog/?doi=10.1039/d6sc01279e&domain=pdf&date_stamp=2026-05-15
http://orcid.org/0009-0004-0146-9991
http://orcid.org/0000-0003-0098-0670
http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6sc01279e
https://pubs.rsc.org/en/journals/journal/SC

Open Access Article. Published on 30 April 2026. Downloaded on 6/10/2026 6:18:35 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Chemical Science

configurations, intermediates, or reaction channels. A repre-
sentative example is the batched nudged elastic band (B-NEB)
method,” which demonstrates how an MLFF can be coupled
with parallel algorithms to efficiently explore reaction pathways.
However, effective use of current toolkits depends heavily on
users' programming skills, creating a high technical barrier that
restricts accessibility beyond specialist developers and hinders
broader adoption in applied and industrial settings. Together,
these challenges highlight the urgent need for MLFF-native
software infrastructures that are both GPU-oriented and user-
friendly, supporting advanced parallel algorithms while
remaining practical for a broad research community.

In this work, we developed MAPLE (MAchine learning
Potential for Landscape Exploration), a computational platform
specifically designed to enable the effective application of MLFF
across diverse research fields. The current release of MAPLE
offers a comprehensive set of core capabilities, including single-
point energy calculations, geometry optimizations, PES scans,
transition state (TS) searches, and frequency analyses. We
demonstrated the robustness and reliability of MAPLE's core
algorithms in transition state optimizations using three
general-purpose reactive MLFFs. We further applied MAPLE to
investigate enzymatic catalysis across three distinct enzymes
and their corresponding mutants, demonstrating that the
platform consistently predicts accurate potential energy profiles
and reliable geometric structures in catalytic processes. These
results underscore MAPLE's potential to enable efficient,
interpretable, and high-resolution computational molecular
design. We envision MAPLE as a next-generation MLFF-based
computational chemistry platform that not only broadens
their applications but also provides a foundation for developing
advanced MLFF algorithms, ultimately reshaping the compu-
tational paradigm of the field.

2 Results
2.1 The MAPLE framework

MAPLE is a molecular modeling platform developed from
scratch, designed to provide a unified and extensible framework
for modern MLFF-based molecular modeling. MAPLE consists
of three core components (Fig. 1a): an Input Reader, a Machine-
Learning Potential (MLP) Initiator, and a suite of task modules.

The Input Reader serves as the central control unit of
MAPLE, translating user-defined inputs into customized
computational workflows, including task selection, parameter
setting, and device allocation. Unlike conventional computa-
tional chemistry packages, MAPLE supports concurrent loading
of multiple molecular systems in various coordinate formats,
enabling efficient parallel execution. The Input Reader further
integrates post-modification utilities for enforcing structural
constraints, such as fixed coordinates or bond lengths, as well
as a built-in explicit solvation builder. Leveraging the efficiency
of MLFFs, MAPLE enables routine simulations of large systems
and supports explicit treatment of various solvent effects by
providing a library of nearly one hundred equilibrium explicit
solvent environments.
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The MLP Initiator interfaces with multiple state-of-the-art
MLFFs, including the ANIL*''® AIMNet2,%** MACE,**** and
UMA.” Users may employ built-in calculators or define custom
potentials. Moreover, to improve robustness and transferability,
MAPLE incorporates DFT-D4 dispersion corrections*?** and
generalized Born solvation (GB) models***® as optional correc-
tions to the underlying potentials.

Based on these components, MAPLE supports a broad range
of molecular simulation tasks through MLFF-compatible
parallel algorithms. Notably, a batched L-BFGS optimizer
enables the simultaneous optimization of large ensembles of
molecular systems within a single workflow (Fig. 1b). Simula-
tion results are exported in ORCA-*’ and Gaussian-style®
formats, ensuring compatibility with standard analysis and
visualization tools. All workflows can be defined through
a unified input file, with extended control available via an
application programming interface (API). A complete summary
of all functionalities currently available in MAPLE is provided in
Table S1 of the SI. Comprehensive documentation and tutorials
are provided at https://www.maplechem.org/.

2.2 Assessing reactive MLFFs for transition-state
optimization

Non-equilibrium properties, such as TS, are central to chemical
reactivity and catalysis. Therefore, a comprehensive benchmark
of reactive MLFF performance in TS optimization is essential.
Here, 100 test cases were randomly selected from the Trans-
ition1x dataset,” each comprising a reactant-product pair, for
more details about the test set, please refer to Table S2. All
MLFF-based calculations were performed using the MAPLE
program, while DFT calculations at the wB97M-V/def2-TZVPD
level**** were carried out using ORCA 6.0.

First, each reactant-product pair was subjected to climbing-
image nudged elastic band (CI-NEB)* calculations using the
same number of images to generate reaction pathways. MAPLE
demonstrated high robustness, with all four MLFFs achieving
success rates of at least 78% (Table 1). Although exact HEI
positions often differed from DFT, relaxed criteria (within one
frame of the DFT reference) yielded significantly improved
agreement, with UMA achieving a success rate over 95%. These
results indicate that MAPLE, in conjunction with MLFFs, can
generate physically meaningful reaction pathways. Consis-
tently, geometric analysis showed that MAPLE-optimized
structures agree very well with their DFT counterparts, as indi-
cated by small RMSDs of <0.4 A for both the full pathways and
HEI structures (Table 1). In the energetic assessment, ANI-1xnr
shows pronounced deviations, with errors exceeding
40 keal mol ™, reflecting the limited quantitative reliability of
this early-generation reactive MLFF. Inspection of the largest
ANI-1xnr outliers indicates that these errors are concentrated in
highly strained ring-opening or fragmentation reactions, as well
as heteroatom rearrangements, suggesting that such motifs are
not adequately covered by the training set of this earlier-
generation reactive potential. In contrast, the other models
exhibit substantially improved agreement with typical energy

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 Overview of the MAPLE framework and its parallelized MLFF-based algorithms. (a) Schematic architecture of the MAPLE platform. (b)
Parallelized optimization workflow implemented in MAPLE. Batched molecular systems are processed concurrently via GPU-accelerated MLFF

inference and a batch L-BFGS optimization algorithm.

deviations below 10 kecal mol ™", indicating their suitability for
accurate evaluation of reaction-pathway energetics.

We further assessed the Hessian quality of the MLFFs from
both analytic evaluation via PyTorch automatic differentiation®

© 2026 The Author(s). Published by the Royal Society of Chemistry

and numerical differentiation. The quality of the resulting
Hessians was evaluated using two criteria: the number of
imaginary vibrational modes and the transition vector, defined
as the eigenvector corresponding to the single negative
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Table 1 Performance of reactive potentials on CI-NEB pathway calculations

HEI prediction Geometry RMSD Activation energy
Potentials Success rate® Exact” +1 frame® Pathway” HEI® opt/ Ref. geom.#
ANI-1xnr 78% 27.6% 65.8% 0.38 = 0.19 0.40 + 0.06 44.2 + 24.6 27.4 £+ 20.0
ANI-1xnr-D4 76% 28.2% 71.8% 0.32 £ 0.03 0.33 £ 0.03 44.5 £ 25.5 27.4 £ 20.0
AIMNet2-NSE 85% 34.6% 88.9% 0.26 + 0.14 0.24 + 0.02 6.3 £ 4.5 9.8+7.2
UMA 93% 39.8% 95.5% 0.24 £ 0.14 0.19 £ 0.03 2.0 + 4.5 0.6 +1.2
MACE-POL-S 79% 32.9% 86.8% 0.26 + 0.16 0.24 + 0.05 59+7.6 4.0 £ 3.0
MACE-POL-L 89% 32.9% 85.9% 0.26 £ 0.20 0.22 £ 0.06 4.8 +£12.9 1.7 £1.3

“ Successful NEB convergence out of 100 samples (DFT reference: 92%). ” Percentage where predicted highest-energy image (HEI) matches DFT-
identified frame. ¢ Percentage where predicted HEI is within one frame of DFT result.  Mean RMSD across all pathway images (exclude end-
points) relative to DFT geometries. ° RMSD of highest-energy image relative to DFT geometry. / Unsigned energy difference between MLFF-
optimized CI-NEB barriers and DFT reference. ¢ Unsigned energy difference from single-point calculations on DFT-optimized geometries. Units:
RMSD in A, energy in keal mol~*. The most accurate results are highlighted in bold.

eigenvalue of the Hessian at the first-order saddle point. The
transition vector directly encodes the reaction coordinate
direction and is thus the most chemically significant vibrational
mode for TS characterization. Across all performance metrics,
MACE-POL-L* performs particularly well, with the lowest mean
absolute error (MAE) of the imaginary frequency and the high-
est transition vector overlap relative to the DFT references
(Table 2), indicating its strong capability for accurate TS char-
acterization. MACE-POL-S is less accurate but still yields
chemically meaningful transition vectors and TS geometries. A
more detailed decomposition of the imaginary-frequency count
mismatches is provided in Table S4. Notably, none of the eval-
uated MLFFs were explicitly trained using Hessian information,
which suggests that MLFFs can implicitly encode physically
meaningful second-derivative information by learning solely
from energies and forces.

Finally, we performed TS optimizations using the proposed
Dual-Shift Partitioned Rational Function Optimization (DS-P-
RFO) algorithm, which is better suited for MLFF-based appli-
cations. MACE-1 POL-L performs best in TS localization,
achieving a geometric deviation of 0.09 A relative to the DFT
references (Table 2). In comparison, UMA and AIMNet2-NSE

Table 2 Hessian quality analysis and transition state optimization

also performed robustly, with deviations below 0.25 A. Addi-
tional TS optimizations initialized from MLFF-derived HEI
structures resulted in similarly modest geometric deviations
(Table S1), underscoring the capability of MLFFs in providing
high-quality initial guesses. In terms of computational effi-
ciency, although AIMNet2-NSE and ANI-1xnr required more
iterations to converge than UMA and MACE (Table 2), their
overall wall-clock time remained significantly shorter and were
orders of magnitude faster than the corresponding DFT calcu-
lation. These results highlight the strong potential of MLFF-
based TS optimization workflows for high-throughput reaction
screening applications.

It is worth noting that ANI-1xnr and AIMNet2-NSE were
trained on independent DFT datasets at different levels of
theory, which likely contributes to their comparatively reduced
accuracy in reproducing DFT reference results in the above
tests. Overall, UMA and MACE-POL deliver consistently high
accuracy across TS-related tasks, while AIMNet2-NSE offers
a favorable balance between accuracy and computational effi-
ciency. Importantly, these benchmarks validate the reliability
and robustness of MAPLE's core functionalities.

Hessian quality

TS optimization

Potentials® Acc.’ MAE Overlap® Angle? TS geom. Alter Runtime’
ANI-1xnr (anal.) 6.2% 291 + 265 0.83 +0.24 28.6 + 21.2 0.59 + 0.33 53.4 0.4
ANI-1xnr (num.) 6.2% 292 + 265 0.83 £ 0.24 28.6 £ 21.2 0.59 £ 0.32 51.1 0.8
AIMNet2-NSE (anal.) 31.2% 529 £ 600 0.85 + 0.24 25.9 + 20.6 0.23 + 0.19 10.8 0.1
AIMNet2-NSE (num.) 32.3% 521 £ 567 0.85 £ 0.24 25.9 £ 20.6 0.22 £ 0.16 15.7 0.5
UMA (num.) 86.5% 75 £ 109 0.99 + 0.05 6.1 + 6.6 0.09 + 0.20 3.2 0.9
MACE-POL-S (anal.) 47.9% 182 + 187 0.94 £ 0.10 16.2 + 12.2 0.24 + 0.22 17.2 1.0
MACE-POL-S (num.) 47.9% 182 + 187 0.94 £+ 0.10 16.2 + 12.2 0.24 + 0.22 19.5 1.5
MACE-POL-L (anal.) 85.4% 54 + 56 0.99 £ 0.01 5.4 + 2.6 0.09 £ 0.13 -1.6 3.5
MACE-POL-L (num.) 86.5% 55 £ 55 0.99 + 0.01 5.9+ 2.8 0.11 + 0.19 —-1.8 3.7

“ Frequency calculation methods: anal. = analytic; num. = numerical. ” Percentage with correct number of imaginary frequencies. ¢ Transition
vector overlap with DFT (mass-weighted). ¢ Calculated as arccos (overlap). ¢ DFT takes 191.6 minutes on average. MLFF runtimes measured on
an Intel Xeon w7-3455 CPU with a single NVIDIA RTX 5070 Ti GPU units: MAE in cm ™", angle in degrees, TS geom. in A, runtime in minutes.
The most accurate results are highlighted in bold.
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2.3 Whole-enzyme modeling of Kemp eliminase with MLFFs

We further validate MAPLE's functionalities in a real-world
enzymatic setting. As an initial test case, we selected Kemp
eliminase (KE),** a well-studied computationally designed
enzyme that catalyzes a single-step Kemp elimination reaction
via proton transfer®*>° (Fig. 2a). The full enzyme system,
comprising nearly 4000 atoms, was explicitly modeled using
UMA MLFF. We note that all energies reported from MAPLE in
the enzymatic case studies correspond to PES values, which
serve as approximations to activation free energies.
Specifically, KEO7 and three of its directed-evolution mutants
were investigated using MAPLE. In these simulations, residues
within 8 A of the reaction center were treated as flexible, while
the remaining residues were kept fixed. The reported MLFF
activation energies are derived from the PES. For these systems,
empirical valence bond (EVB) activation free energies and
experimentally characterized AG* values***® have been reported
previously. Comparison of the MLFF-predicted activation
energies (AG*, approximated from PES barriers AEY) with the
experimental values (Fig. 2b) reveals that both MLFF and EVB
exhibit only one outlier (R7 2/5B for MLFF and R6 3/7F for EVB).
In most cases, however, the predictions agree well with experi-
ment, with deviations within a few kcal mol™" despite the
fundamentally different levels of theory. To further assess the
quality of the MLFF description, we analyzed the TS structure of
KEO07 obtained from our simulations (Fig. 2c). A key descriptor
of the reaction coordinate is the hydrogen-transfer metric,*
defined as the difference between the breaking C-H bond
length and the forming H-Ogj, bond length (Fig. 2c¢). This
metric shows excellent agreement with QM/MM references at
the B3LYP/6-31G*//OPLS-AA level,"** with deviations of only
0.01 A (Fig. 2d). Other geometric parameters, such as N-O and

= R(H-Og)* R(C-H)

AN~ N
\ . e
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Hyys—N distances, exhibit slightly larger deviations but remain
well within physically reasonable ranges.

Overall, this example demonstrates the successful applica-
tion of MLFFs to enzymatic reactions, yielding reasonable
activation energies and physically meaningful TS geometries.
Notably, unlike theozyme models that approximate second-
shell residues using implicit solvent, or QM/MM approaches
that treat indirectly involved residues at the MM level, MLFFs
enable explicit modeling of the entire enzyme system at near-
QM accuracy. This unified treatment provides a physically
consistent and holistic description of enzymatic catalysis.

2.4 Quantifying stereoselectivity in Diels-Alderase catalysis

The MaDA family represents a recently discovered class of
stand-alone intramolecular Diels-Alderases capable of
producing highly stereoselective products®*” (Fig. 3a), high-
lighting their potential for industrial applications. Benefiting
from the computational efficiency of MLFFs, MAPLE enables
explicit treatment of solvent effects, facilitating a realistic
description of the reaction system. We first scanned the PESs of
the reactants (1 and 2) in vacuum, aqueous solution, and ether
for both enantiomeric pathways using UMA. The resulting PESs
reveal asynchronous formation of the two C-C bonds (Fig. S1),
consistent with prior experimental and computational
studies,*** and capture solvent cage effects that modulate the
chemical reaction (Fig. 3b). Quantitative activation energies
obtained from CI-NEB calculations agree well with previous
DFT** and ML/MM results*® (Fig. 3c). Distinct treatment of
solvent effects, for instance, the use of explicit solvent models in
DFT and ensemble averaging in ML/MM calculations, likely
contribute substantially to the observed variations in activation
energy predictions.

22
© E110 i
o E110 OH O MLFF
O>_ \ + (@) cxizo O /_,/"/ﬁ
ON \H) P NOB @A B G
EIO'S C:oe 16
16 18 20 22
d AG;calc.
N
H-Transfer ‘E110

Geometry QM/MM MLFF

H-Transfer  0.08 0.09
K222 R (N-O) 1.74 207
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Fig. 2 MLFF modeling of Kemp eliminase catalysis. (a) Reaction scheme of the Kemp elimination reaction catalyzed by Kemp eliminase. (b)
Comparison of MLFF-derived activation energies and EVB activation free energies®* with experimentally measured values (AGey,) for KEO7 and
selected directed-evolution mutants. All values in kcal mol™. (c) Representative TS structure obtained from MLFF simulations for KEQ7. The
hydrogen-transfer coordinate is defined as the difference between the breaking C—H bond and the forming H-Og, bond. All values in A. (d)
Comparison of selected TS geometric parameters between QM/MM3* and MLFF calculations.
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Fig. 3 Stereoselectivity in MaDA-catalyzed intramolecular Diels—Alder reactions. (a) Reaction scheme illustrating competing endo and exo
transition states and products in Diels—Alder reactions. (b) PESs for the exo pathway in vacuum and ether environments, computed with UMA,
highlighting minimum-energy pathways (red lines). (c) Summary of free energies (AG, kcal mol™?) for endo and exo pathways in MaDA1, MaDA3,
and solution-phase reactions, comparing MLFF, ML/MM,#® DFT,*344 and experimental data.**** (d) Comparison of computed and experimental
stereoselectivity across wild-type MaDA3 and selected mutants, expressed as AAGengo-exo- (€) Representative active-site model of MaDA
showing the substrate bound in proximity to the FAD cofactor and key residues involved in stereocontrol.

Next, we investigated enzymatic catalysis in the MaDA family
by studying MaDA1 and MaDA3, which preferentially yield endo
and exo products, respectively. Full enzyme models containing
over 8000 atoms were constructed. As in the Kemp eliminase
case, only the residues within 8 A of the reaction center were
allowed to relax. However, all atoms, including constrained
ones, were included in the MLFF energy and force evaluation.
Estimated activation energies are comparable to conventional
theozyme-based DFT models,*** with residual errors of
approximately 3 kcal mol~*. While DFT and ML/MM*® calcula-
tions typically require days to weeks, MLFF-based calculations
achieve a favorable balance between accuracy and efficiency,
with most simulations completed within a day, underscoring
their potential for rapid characterization of enzymatic catalysis.

We last examined MaDA3 and a series of mutants exhibiting
systematic changes in stereoselectivity, including R294G,
R294A, MU3 (1292F, R294G, L296R), and MU5 (MU3 plus F314I
and T316S) (Fig. 3e). The wild-type MaDA3 yields exclusively exo
products, with mutations progressively shifting selectivity
toward the endo pathway (exo/endo down to 1 : 2). Although ML/
MM and MLFF approaches differ in absolute AG* values, both

Chem. Sci.

capture consistent trends in AAG*, reflecting changes in
stereoselectivity (Fig. 3d). It is noted that stereoselectivity
depends exponentially on AAG*, such that even modest errors
in AAG* on the order of 1-2 kcal mol~* can lead to substantial
changes in the predicted endo/exo ratio. Therefore, while the
consistent reproduction of experimental selectivity trends
across MaDA3 variants validates MLFF-based AAG* as a prac-
tical tool for ranking candidate mutations and identifying
selectivity switches, the absolute selectivity ratios should be
interpreted with caution. In the absence of experimental refer-
ence values for absolute activation energies, accurate prediction
of AAG* provides a practical and efficient means to screen
candidate mutations, substantially reducing experimental trial-
and-error and guiding rational enzyme design.

2.5 Photoactivated DNA repair by photolyase

DNA is vulnerable to ultraviolet irradiation, which can induce
dimerization between adjacent pyrimidines to form
pyrimidine(6-4)pyrimidone photoproducts**° ((6-4)-PP;
Fig. 4a), leading to mutagenesis and genetic disease. DNA
photolyase is a key repair enzyme that reverses such lesions

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig.4 Photoactivated DNA repair mechanism catalyzed by DNA photolyase. (a) Schematic illustration of light-induced repair of (6-4)-PP by DNA
photolyase and a representative active-site configuration highlights key interactions between FAD, His365, and the damaged DNA bases. (b)
Energy profiles of the repair reaction obtained from UMA (orange), B3LYP-D3/6-31G* QM/MM (blue), and MP2/6-31G* QM/MM (gray) calcu-
lations.>? Representative structures along the reaction pathway are shown with corresponding reactant (RE), transition states (TS1-TS3), inter-

mediates (INT1-INT2), and repaired product (PR).

through a photoactivated radical mechanism.”* Here, this
complex photoinduced repair process was investigated using
MAPLE, which enables MLFF-driven simulation of large-scale,
non-equilibrium biochemical reactions. UMA was employed
here to simulate the repair reaction, and previously reported
quantum mechanics/molecular mechanics (QM/MM) studies®
were adopted as references.

Using MAPLE, we modeled the whole DNA photolyase-DNA
complex explicitly, resulting in a system of nearly 10 000 atoms.
The reaction is initiated from reduced flavin adenine dinucle-
otide (FADH ") bound to (6-4)-PP in the enzyme active site, with

the system set to a doublet state to mimic post-

© 2026 The Author(s). Published by the Royal Society of Chemistry

photoactivation.®> MAPLE enables efficient propagation of such
non-equilibrium reactive trajectories by coupling MLFF-based
force evaluations with automated pathway construction and
reaction-pathway analysis, allowing direct interrogation of
multi-step biochemical mechanisms at atomistic resolution.
Upon excitation, MAPLE captures the redistribution of electron
density through the -7 conjugated active-site network toward
H365 (Fig. 4a). The overall repair process can be divided into
three elementary steps: proton-coupled electron transfer
(PCET), hydroxyl transfer, and C-C bond cleavage (Fig. 4b).

In the first step, UMA captures the PCET barrier with
a deviation of 2.7 keal mol ™" (10.2 vs. 7.5 kcal mol ") relative to

Chem. Sci.


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6sc01279e

Open Access Article. Published on 30 April 2026. Downloaded on 6/10/2026 6:18:35 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Chemical Science

the QM/MM reference at the B3LYP-D3/6-31G* level.***'"?
However, the stability of the resulting intermediate INT1 is
severely underestimated by UMA, which predicts a relative
energy of approximately —2 kcal mol ' compared to approxi-
mately —30 keal mol™" at the DFT/MM and MP2/MM levels.
This large deviation suggests that the PCET mechanism,
involving tightly coupled electron and proton transfer within
a radical active site, is likely underrepresented in current MLFF
training datasets. In the second step (hydroxyl transfer), UMA
overestimates the barrier height, yielding a maximum AG of
27.3 keal mol " compared to 20.5 and 17.9 kcal mol " from two
QM/MM calculations. In the final step, which involves
pyrimidone dissociation and electron back-transfer to regen-
erate FADH~, UMA underestimates the barrier, predicting a AG
of 3.4 kecal mol™"' relative to 9.9 and 8.9 kcal mol™" reported
from QM/MM. Notably, the later steps (TS2, INT2 to PR) show
considerably better agreement with QM/MM, suggesting that
the model generalizes reasonably well for conventional bond-
breaking processes but remains limited for the complex elec-
tronic structure rearrangements characteristic of radical
biochemistry. The remaining discrepancies between UMA and
QM/MM can be attributed to two main factors: limitations in
the description of long-range interactions and the absence of
extensive biochemical reaction data during training. It is noted
that the accurate treatment of long-range electrostatics remains
an open challenge for both current MLFFs and early QM/MM
implementations. Addressing this limitation in MLFF archi-
tectures is an active area of research.> Overall, despite these
quantitative discrepancies, it is worth noting that different QM-
based approaches themselves can exhibit large variations, and
UMA is trained on datasets generated at levels of theory that
differ from those used in the two QM/MM studies. Within this
context, MAPLE together with UMA reproduces the established
DNA photolyase repair mechanism and correctly identifies
hydroxyl transfer as the rate-limiting step, demonstrating its
promise for modeling complex biochemical systems while
highlighting clear areas for improvement in MLFF training and
architecture.

3 Discussion

In this work, we developed MAPLE, a general framework that
integrates MLFFs into automated molecular modeling and
simulation workflows. By unifying MLFF evaluation, parallel
optimization algorithms, and reaction-pathway analysis within
a single platform, MAPLE addresses a critical gap between
recent advances in MLFF development and their practical
deployment in chemically complex systems.

Through systematic benchmarks, we assessed the perfor-
mance of contemporary general-purpose reactive MLFFs across
a range of non-equilibrium tasks, including reaction-pathway
construction, transition-state localization, and Hessian-based
vibrational analysis. These results not only highlight their
current applicability, but also provide insights into future
methodological development. From a dataset preparation
perspective, our findings underscore the need for larger and
more diverse biochemical reaction datasets. From a model-
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design perspective, while existing architectures already
support simulations of systems containing thousands of atoms,
improved treatment of long-range interactions and higher-
order effects will be critical for further advances.

To the best of our knowledge, this work represents the first
systematic application of MLFFs to full enzymatic systems,
producing chemically meaningful energy profiles. To validate
MAPLE as a general-purpose framework, we present case
studies spanning the well-established Kemp eliminase, the
newly discovered Diels-Alderases, and the highly complex DNA
photolyase. In particular, the MaDA mutation screening work-
flow demonstrates MAPLE's utility for automated enzyme
design through high-throughput variant evaluation. Together,
these results establish MLFFs as a powerful and versatile tool
for rapid and accurate modeling of catalytic processes, with
broad potential for future applications.

A key advantage of MAPLE lies in its unified treatment of the
entire system without predefined QM/MM partitioning. By
modeling all atoms on the same MLFF potential energy surface,
MAPLE avoids artificial boundary effects and enables a physi-
cally consistent description of catalytic environments, including
second-shell residues and solvent interactions. This capability
is particularly valuable for studying mutational effects, stereo-
selectivity, and long-range electrostatic contributions, where
local approximations may obscure mechanistic insights.

We envision MAPLE as a long-term, actively maintained
platform. Beyond the enzymatic catalysis case studies presented
here, MAPLE's functionalities extend to general molecular
modeling tasks, including geometry optimization, transition
state search, IRC, frequency analysis, PES scanning, and
molecular dynamics (Table S1). Future development directions
include extended molecular dynamics capabilities, molecular
docking workflows, and enhanced sampling methods for free
energy calculations. On the algorithmic side, MAPLE currently
implements batched parallel L-BFGS optimization and an
automatic-differentiation-based Dimer method; further para-
llelized algorithms, including batched NEB and batched IRC,
are under active development. We also plan to incorporate
established generative models to enable rapid and physically
meaningful predictions. Overall, MAPLE aims to serve a broad
research community, from MLFF and algorithm developers to
applied researchers in biocatalysis and materials science,
bridging methodological innovation with practical scientific
applications.

4 Methods

4.1 Batched L-BFGS optimization with dynamic batch
shrinking

Geometry optimizations are performed using a GPU-based
batched L-BFGS optimizer, where multiple molecular struc-
tures are optimized simultaneously. Each structure maintains
an independent L-BFGS history, while all operations are
executed in parallel using batched tensor algebra.

All molecular coordinates are stored in a fixed-shape tensor
of size (B, Nmax), Where nyax = 3Nmax corresponds to the largest
system in the batch. Smaller systems are zero-padded and

© 2026 The Author(s). Published by the Royal Society of Chemistry
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excluded from all dot products and updates using a binary
mask, ensuring that padding does not affect optimization.

Independent quasi-Newton histories are maintained for
each structure and stored as batched tensors. The L-BFGS
update and two-loop recursion follow the standard formula-
tion® and are evaluated in parallel across the batch.

Structures that satisfy convergence criteria are removed from
the batch at each iteration, and all associated history tensors are
sliced accordingly. This dynamic batch shrinking avoids
unnecessary computation on converged systems.

Atomic displacements are clipped to a maximum step of 0.2
A per iteration. The history length is set to m = 5, the initial
inverse Hessian scaling parameter is v, = 70E, A~2, and all
calculations are performed in double precision.

4.2 Dual-shift partitioned rational function optimization

Transition-state searches are performed using partitioned
rational function optimization (P-RFO),***” where the optimi-
zation space is decomposed into an uphill subspace associated
with the negative curvature mode and a downhill subspace
spanning all remaining modes.

We introduce a dual-shift P-RFO (DS-P-RFO) scheme in
which independent shift parameters are applied to the uphill
and downhill subspaces. The total step is decomposed as

s=s_+s,, )]
with separate trust-region constraints,
Is_|* = R_2, |s+]* = R.2, @)

where R_% + R,2 = R%.
The trust-region budget is adaptively partitioned according
to the unconstrained Newton steps in each subspace,
2
Sunc
o= — T R_ar

=— - R*=(1-aR, (3)
|ng’| + |Su+nc|

with « bounded to [0.05, 0.95].
Independent shift parameters u_ and u, are then deter-
mined for the uphill and downhill subspaces to satisfy their

respective constraints,
8-i

8+
o5t = __ ot 4
A,‘i _ “77 ( )

S_i=— Sy = .
' ' Api— M
s +

By decoupling the trust-region control of the uphill and
downhill modes, DS-P-RFO avoids the iterative micro-cycles
required in conventional RS-P-RFO while preserving numer-
ical stability and convergence behavior.

4.3 Dimer method with automatic-differentiation Hessian-
vector products

Saddle-point searches without reliable initial guesses are per-
formed using the dimer method.*® Instead of estimating
Hessian-vector products (HVPs) by finite differences, we
compute them analytically using automatic differentiation.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Specifically, for a given dimer orientation vector n, the
Hessian-vector product is evaluated as

Hn = Vx(VRER) X n), (5)

which is obtained via forward-mode differentiation within the
autodiff framework. This eliminates the finite-difference
displacement parameter and its associated numerical errors,
while reducing the cost of each dimer iteration from two force
evaluations to a single combined force and HVP evaluation.

The analytically evaluated HVP is used in both the rotation
step, to align the dimer with the lowest-curvature mode, and the
translation step, to follow the minimum mode toward a first-
order saddle point. All remaining aspects of the dimer algo-
rithm follow the standard formulation.*®

4.4 Enzymatic Catalysis Simulations

Enzyme structures were obtained from the Protein Data Bank
(PDB) and preprocessed using AMBERTools® pdb4amber to
repair missing residues and heavy atoms, followed by adding
hydrogen atoms. The corrected structures were then converted
to XYZ format using Open Babel. Global geometry optimiza-
tions were performed in MAPLE using the L-BFGS algorithm
with superloose convergence criteria to relax the full enzyme
systems.

Based on the optimized structures, residues within 8 A of the
reaction center were defined as flexible, while all remaining
residues were kept fixed to reduce the computational cost.
Constrained optimizations were subsequently carried out using
MAPLE's default L-BFGS settings. The optimized reactant and
product structures were then used to conduct climbing-image
nudged elastic band (CI-NEB) calculations. After iterative
refinement, converged minimum-energy pathways were ob-
tained, and the highest-energy image (HEI) along each pathway
was taken as the transition-state structure.
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