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ABSTRACT
The fast and accurate simulation of chemical reactions is a major goal of computational chemistry. Recently, the pursuit of this goal
has been aided by machine learning interatomic potentials (MLIPs), which provide energies and forces at quantum mechanical accuracy
but at a fraction of the cost of the reference quantum mechanical calculations. Assembling the training set of relevant configurations
is key to building the MLIP. Here, we demonstrate two approaches to training reactive MLIPs based on reaction pathway informa-
tion. One approach exploits reaction datasets containing reactant, product, and transition state structures. Using an SN2 reaction dataset,
we accurately locate reaction pathways and transition state geometries of up to 170 unseen reactions. In another approach, which does
not depend on data availability, we present an efficient active learning procedure that yields an accurate MLIP and converged mini-
mum energy path given only the reaction end point structures, avoiding quantum mechanics driven reaction pathway search at any
stage of training set construction. We demonstrate this procedure on an SN2 reaction in the gas phase and with a small number of
solvating water molecules, predicting reaction barriers within 20 meV of the reference quantum chemistry method. We then apply
the active learning procedure on a more complex reaction involving a nucleophilic aromatic substitution and proton transfer, compar-
ing the results against the reactive ReaxFF force field. Our active learning procedure, in addition to rapidly finding reaction paths for
individual reactions, provides an approach to building large reaction path databases for training transferable reactive machine learning
potentials.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0235715

I. INTRODUCTION

Chemical reactions are at the core of synthetic chemistry, catal-
ysis, and biochemical processes. As a complement to experiments,
computer simulation approaches have helped understand chemi-
cal reactions at the microscopic level. In the gas phase, this often
involves the determination of the minimum energy path (MEP)
and/or transition state (TS), from which reaction rates are subse-
quently predicted. In solution, solvent degrees of freedom need to
be taken into consideration, and this can be done with enhanced
sampling techniques such as metadynamics1 and umbrella sam-
pling.2 However, accurate simulation results come at a large com-
putational cost. Reaction pathway determination requires accurate
force and total energy evaluation, typically obtained using quantum

mechanics (QM) methods such as Density Functional The-
ory (DFT),3,4 Hartree–Fock,5 Møller–Plesset perturbation theory
(MP2),6 or coupled cluster.7 For all QM methods, the computational
cost scales steeply with system size, making solution phase reaction
calculations particularly challenging. This, combined with the long
simulation timescales required to sample solvent degrees of freedom,
generally prohibits accurate large-scale simulations of reactions in
solution. Therefore, there is a need for fast and accurate force and
energy evaluation methods for complex chemical reactions.

Machine learning interatomic potentials (MLIPs) have enabled
fast condensed phase simulations at QM accuracy. An MLIP is a
machine learning architecture that maps a system’s atomic positions
to the system’s potential energy, fitted to reproduce the poten-
tial energy surface (PES) of a chosen QM method.8–11 Early MLIP
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architectures include the Behler–Parrinello neural network poten-
tials12 and the Gaussian approximation potentials,13 originally
applied to study the properties of solids. Later, MLIPs were
developed to study the properties of organic molecules in near-
equilibrium geometries: to estimate molecular atomization ener-
gies14 and relative stabilities of conformations and isomers.15,16

MLIPs have enabled coupled cluster accuracy simulations of liq-
uid water17 and molecules18,19 as well as DFT level simulations of
biomolecules.20 Only in recent years have approaches to modeling
organic reactions with MLIPs been devised,21–24 offering more flex-
ible alternatives to empirical reactive force fields such as ReaxFF.25

There are two main approaches to training reactive MLIPs: using
preexisting datasets containing a wide range of reactions and build-
ing the training set for a specific reaction by sampling the relevant
PES region. Considering the first approach, this has been done with
a dataset comprising reactive configurations from nudged elastic
band (NEB)26 calculations: Schreiner et al. used the Transition1x
dataset27 to train a PaiNN28 model and used the model to calculate
NEB pathways of unseen reactions.29 The Transition1x dataset was
also used by Yuan et al. to train neural network potentials to predict
Hessians for transition state optimization.30 In addition, there are
large reaction datasets that only comprise reactant, transition state,
and product geometries and offer great potential in training reactive
MLIPs. These include gas phase reaction datasets of 4466 E2 and SN2
reactions;31 5000 cycloadditions;32 12 000 reactions including up to
7 C, N, and O atoms33 (whose full reaction paths were calculated in
the Transition1x dataset); 176 992 reactions including up to 10 C,
N, and O atoms;34 and monomolecular interconversions35 involv-
ing molecules from the QM9 dataset.36 Another approach to model
reactions when the reactive geometries are not known in advance is
to sample the relevant region of the PES using the active learning
(AL) training technique.37–40 AL starts with an initial training set,
with the trained model used to sample new training points to itera-
tively refine the training set. The training set is enriched by sampling
the PES using molecular dynamics,41 downhill molecular dynam-
ics initialized at the TS geometry,42,43 displacing NEB images along
normal modes,44 or combinations of various techniques.45,46 When
training MLIPs for reactions in solution, enhanced sampling tech-
niques such as metadynamics have been used to thoroughly sample
the solvent and reacting species degrees of freedom.47,48 For solution
phase reactions, there is a strong motivation to build training sets
efficiently due to expensive reference QM calculations. In pursuit of
efficiency, an AL procedure has been developed in which new train-
ing data are selected using descriptor-based metrics, requiring fewer
training points to achieve a stable and accurate MLIP compared
to AL using energy error for training data selection.49,50 A major
goal in the development of reactive MLIPs is to provide models that
accurately describe reactions in the condensed phase, such as reac-
tions in solution. Procedures for fitting reactive MLIPs often take
a hierarchical approach, first focusing on training data describing
the reactive species and later the solvent–solute and solvent–solvent
interactions. In this spirit, the present work is a stepping stone
toward the overarching goal, with a focus on finding reaction path-
ways using MLIPs. In particular, it is desirable to develop ways
to avoid computationally expensive QM calculations to sample the
PES, which can instead be done using an MLIP, only using QM
for single point calculations. In this work, we show that the reac-
tion dataset and AL approaches can be efficient using the MACE51

architecture. MACE has been shown to give stable potentials with
relatively little data.52,53 In the first approach, we show that pathways
of unseen reactions can be found using models trained only using
reactant, TS, and product geometries, avoiding computing NEB
pathways purely using QM. For these models, we use the dataset of
gas phase E2 and SN2 reactions.31 In the second approach, we obtain
the NEB pathway and a reactive potential using AL, initializing the
training set with structural information of reactants and products
only. In the AL loop, the potential is used in a NEB calculation to
include new configurations in the training set. This approach allows
us to avoid the high computational cost of converging the NEB cal-
culation with QM, whether the MEP is the end goal or is used as
training data in more exhaustive configuration space sampling by
AL, as done in Refs. 44 and 45.

This paper is structured as follows: In Sec. II, we explain the
methods and data used in the work. In Sec. III A, we show the per-
formance of MACE models trained on a reaction dataset in barrier
prediction for reactions with unseen TS geometries and demonstrate
using these models that TS geometries for unseen reactions can be
obtained using NEB. In Sec. III B, we demonstrate our simple AL
procedure with an SN2 reaction in the gas phase and with four solvat-
ing water molecules, as well as a nucleophilic aromatic substitution
reaction, where we can compare performance to the ReaxFF reactive
empirical force field method using the Castro et al. CHNOS para-
meters54 as well as our fine-tuned force field based on the Ashraf and
van Duin C/H/O parameters.55 In Sec. IV, we close with conclusions.

II. METHODS AND DATA
We now briefly describe the MACE machine learning archi-

tecture employed in this study, the reaction dataset, the quantum
chemistry calculations, the NEB method, the ReaxFF simulations,
and the active learning procedure.

A. MACE architecture
The MACE architecture51 has been designed following

developments in message passing for representations of atomic
environments.56,57 MACE maps the atomic positions and elements
of a system to the total energy of the system. Decomposition of the
total energy into atomic contributions enables linear scaling and the
transferability of the model between systems with different numbers
of atoms. The models used in this work are made up of two layers,
each with a body order of four and a distance cutoff rmax of 5 Å, 128
embedding channels, and the highest order of the symmetric fea-
tures Lmax = 1. This way, the effective receptive field of each atom is
up to 10 Å. In Sec. III B 3, models with 64 embedding channels were
trained.

B. E2 and SN2 reaction dataset
We trained MACE models on a database (QMrxn20) of E2 and

SN2 reactions31 comprising reactant, product, and transition state
structures of around 4500 reactions involving a base/nucleophile
anion H−, F−, Cl−, and Br− attacking a derivatized haloethane
(C2H5X with X = F, Cl, Br) species with up to two hydrogens on
each carbon atom replaced with NO2, CN, CH3, and NH2 groups.
We chose this dataset because SN2 and E2 reactions are commonly
encountered in organic chemistry. In addition, we can easily study
solvation effects since these reactions take place in the gas as well as
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the solution phase. For building our training sets, we used all 4500
transition state structures and 4500 reactant complex structures.

C. Quantum chemistry calculations
In both parts of this work, we obtain the reference quantum

chemistry energies and forces at the MP2/6-311G(d) level of theory,
as implemented in ORCA 5.0.3.58 This is the same level of theory as
used in developing the original dataset in Ref. 31. In the MP2 calcula-
tions, all electrons were correlated (using the NoFrozencore option).
The only noteworthy difference from Ref. 31 is that here we used the
resolution of identity (RI) approximation59 to MP2 with automatic
generation of the auxiliary basis set. This approximation speeds up
the QM calculation with little loss of accuracy. In particular, barrier
heights with and without the RI approximation differed by 0.5 meV
on average and by no more than 1 meV for 50 reactant and TS pairs
selected from the dataset. We note that, while the choice of basis set
can have an effect on predicted barrier heights, our main goal here is
to train models that reproduce PESs of a chosen QM method rather
than to use the most accurate available QM method. With this in
mind, we used the same basis set as used in Ref. 31, while recognizing
that higher level theories and better quality basis sets are available. In
addition, when it came to the comparison of gas phase and microsol-
vated reactions in Secs. III B 1 and III B 2, we explored the sensitivity
to basis set through calculations with a def2 TZVP basis set. With
this higher quality basis set, we observed that the reaction energy
changed, relative to the calculations with the 6-311G(d) basis set, by
+0.51 and +0.07 eV for the gas phase and microsolvated reactions,
respectively, while the forward barrier heights changed by +0.05 and
−0.03 eV, respectively.

D. Nudged elastic band
We used the NEB method as implemented in the Atomic Sim-

ulation Environment.60 When using MACE, we use NEB with no
climbing image (unless stated otherwise), relying on increasing the

number of images to obtain a better TS estimate if needed. The inter-
mediate images are initialized by linearly interpolating between the
initial and final images, while in Sec. III B 3, an image-dependent
pair potential61 was used to obtain a better initial path. The opti-
mization is carried out using the FIRE optimization algorithm,63

with a force stopping criterion of 0.05 eV/Å. The spring constant
is scaled in proportion to the number of images, e.g., 0.2 eV/Å2 for
20 images and 0.4 eV/Å2 for 40 images. For NEB carried out purely
using MP2, once the force on all images drops below 0.05 eV/Å, we
switch to climbing image NEB64 and further optimize with the same
force stopping threshold.

E. ReaxFF reactive empirical force field
In this work, we used the ReaxFF reactive empirical force field

using the Castro et al. coal combustion force field parameters.54 We
also used the Ashraf and van Duin C/H/O parameters.55 ReaxFF
NEB calculations were carried out using the LAMMPS software.65

LAMMPS input details are given in Sec. S7 of the supplementary
material.

F. Active learning procedure
The active learning procedure consists of training set initializa-

tion from reactant and product geometries and iterative improve-
ment using NEB until a convergence criterion is met. We chose NEB
for the sampling of reactive configurations for several reasons. First,
it only requires the knowledge of reactant and product states. While
the performance and, in some cases, the outcome of NEB depend on
the initial guess of the pathway, there are unbiased ways to construct
an initial pathway guess, including linear interpolation and image-
dependent pair potential.61 Second, NEB provides the entire path
from the reactant state to the product state, making a broad range
of reactive configurations available for selecting new training data.
As illustrated in Fig. 1, the dataset is initialized by generating repli-
cas of relaxed reactant and product structures and applying random

FIG. 1. Scheme of the active learning procedure. The training set is initialized by applying random displacements to the reactant and product structures. The active learning
loop includes training the models, running a NEB calculation, selecting new configuration(s) based on model disagreement, calculating the reference energy and forces
using the MP2 quantum mechanical approach, and updating the training set. If model disagreement is below a specified threshold on all NEB images, the active learning is
considered converged.
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Gaussian displacements to all atoms. A mean displacement of 0.02 Å
was used. Tests with a 0.04 Å mean displacement were also car-
ried out and are discussed in Sec. S6 of the supplementary material.
We kept the displacements small to avoid overstretching or over-
compressing covalent bonds, which would introduce outliers in the
small training set. Since the same average displacement magnitude is
applied to all atoms, regardless of their role in the reaction, we expect
these displacement magnitudes to be reasonable for many reactions.
For each end point structure (reactant and product), we generate
Ntrain +Nvalid displaced structures, which are then split among the
training and validation sets. This way, the initial training set is com-
posed of equal parts of reactant and product displaced structures.
The validation set is also composed of equal parts of displaced reac-
tant and product structures. The purpose of the validation set is that
the resulting model saved is from the epoch with the lowest loss on
the validation set. In this work, we initialized the training set and the
validation set with several tens of configurations each (e.g., 40, 60),
consisting of equal parts of reactant and product configurations with
random atomic displacements.

In the active learning loop, two models are trained using the
same training set but initialized with different random weights. We
also did tests with a committee of four models, where the dis-
agreement is the standard deviation of energy predictions in the
committee. We run a NEB calculation using the average forces of
the models. The NEB is optimized for up to 250 steps. If NEB has
not converged in 250 steps and model disagreements on images
are below the threshold, there is an option to continue running
NEB until an image with a large disagreement is encountered. This
option was used in Sec. III B 3, in addition to the improved tan-
gent method62 and climbing image NEB to refine the transition
state region. Selection of new training data uses final NEB images
with model disagreement exceeding the threshold. QM energies and
forces are evaluated in the order of decreasing model disagreement
until a specified number (e.g., 1, 5) of labeled structures are evalu-
ated. If reference forces exceed a threshold of 10 eV/Å on any atom,
that image is discarded, and the next image with the highest dis-
agreement is considered. With the training set updated, the models
are retrained. The AL loop is considered converged if the model can
converge the NEB and the model disagreement is below the thresh-
old on all final images. Detailed input arguments are given in Sec. S5
of the supplementary material.

III. RESULTS
A. Unseen barrier and TS geometry prediction
with MACE trained on a reaction dataset

Reaction datasets can provide diverse data for training reac-
tive MLIPs. The minimal composition of many reaction datasets,
including only the reactant, transition state, and product struc-
tures per reaction, means that it is more challenging to use them
to train stable MLIPs. Here, we demonstrate that, using the MACE
architecture, we can efficiently train reactive MLIPs that can accu-
rately predict unseen reaction barriers and be used to find reaction
pathways.

1. Iterative training to predict unseen TS energies
and reaction barriers

We trained a MACE model on a dataset containing reactants
and transition states of various E2 and SN2 reactions in the QMrxn20
dataset.31 Reaction barriers in the dataset range between −2 and
4 eV. For some reactions, the corresponding reactant structures are
highly strained as a result of poor optimization. For those reactions,
the energy difference between the transition state and the reactant
state is negative. With the goal of minimizing the number of tran-
sition states used for the training, we trained an initial model using
4500 reactant structures provided in the dataset. The training set was
then iteratively expanded by including small numbers of transition
state structures. In each iteration, 1% of transition states with the
highest energy errors are transferred to the training set.

The performance of the model in predicting barrier height (the
difference between the TS energy and the reactant energy given their
structures) at different stages of iterative training is shown in Fig. 2.
A model trained with no TS structures in the training set shows a
root mean squared error (RMSE) of more than 300 meV. This is a
large error, but the prediction is sufficiently accurate that a correla-
tion between the MP2 and MACE barrier heights is seen. After more
than 5% of transition states were included in the training set, the
RMSE in unseen reaction barrier heights dropped below 43 meV or
1 kcal/mol. This value is widely quoted as the “chemical accuracy”
limit since the errors below 43 meV do not affect rate and equi-
librium constants significantly. Throughout the iterative training,
errors go down across the entire test set, as shown in Fig. S1 in the
supplementary material. We continued the iterative training until

FIG. 2. Performance of E2 and SN2 barrier pre-
diction with models trained on only reactant struc-
tures (0% transition states) and on increasing frac-
tions of transition states included in the training set. A
“chemical accuracy” of 43 meV in RMSE on unseen
barriers was reached after iteratively including more
than 5% of the transition state structures in the
training set. The energies are reported in eV, with
1 eV = 23.06 kcal/mol.
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10% of the TS were in the training set, where the RMSE on reaction
barriers with unseen TS was 26 meV. Therefore, overall we find that
a model trained only on the reactant structures showed qualitative
accuracy on barrier heights, while a model trained on all reactant
and a small fraction of TS structures showed small errors on barrier
heights in reactions where the TS is not in the training set. While
this approach is generalizable to other reaction datasets, the amount
of required training data can vary. In particular, for more diverse
reaction datasets, we expect that a larger fraction of transition states
would need to be used for training to accurately predict remaining
barriers.

2. TS geometry prediction with NEB
While high accuracy on unseen TS structures is a sign that pre-

dictions can be made with chemical accuracy using the MLIP, in the
general case of modeling reactions, the TS geometry is not known
for a given reactant–product pair without performing expensive
reaction pathway search calculations with QM methods. Therefore,
potentials are most useful in practice if they can be used to locate
reaction paths.

To test the performance of our models in finding reaction
paths, we used the QMrxn20 dataset to generate a separate dataset
of reactant, transition state, and product structures for SN2 reac-
tions involving halogen nucleophiles and leaving groups (reactions
involving the hydride ion as the nucleophile were excluded). Geom-
etry optimization starting from the TS structures was performed to
ensure conformational consistency between the reactant, product,
and TS structures. The reactant and product structures were opti-
mized until the forces on all atoms were below 0.1 eV/Å. As before,
the MP2/6-311G(d) level of theory was used in the optimization.
Where the optimization yielded incorrect structures (e.g., deproto-
nation by the SN2 nucleophile), the reactions were discarded, leaving
a total of 1778 SN2 reactions, each with their respective reactant,

product, and transition state structures. We trained a new MACE
model using training, validation, and test splits of 1422, 178, and
178 reactions, respectively. We also altered the training set by apply-
ing random atomic displacements (standard deviations of 0.02 and
0.05 Å) to the training set structures and trained respective mod-
els. Before carrying out NEB calculations, we checked the accuracy
of the models. The RMSE in barrier heights, obtained by evaluat-
ing the MACE model on known test set structures, for the same test
reactions were 35, 16, and 31 meV for the models trained with 0,
0.02, and 0.05 Å random displacements in the training set, respec-
tively. The errors show that the models trained are transferable to
the unseen reactions.

With these three models, we carried out NEB calculations for
178 unseen reactions in the test set. The highest MACE energy
image was taken as the predicted TS. To assess the quality of the
predicted TS geometries, we compute errors as the differences in
MP2 energy between the predicted and the true TS geometries.
These errors are summarized in Fig. 3 for the model trained with no
random atomic displacements (MACE-sn2) and the model trained
with atomic displacements with σ = 0.02 Å (MACE-sn2-rattled-A).
The results from all three models, including MACE-sn2-rattled-B,
trained with atomic displacements of σ = 0.05 Å, are given in detail
in Table S1 of the supplementary material. While the majority of the
predicted TS fall close in energy to the true TS, some NEB calcula-
tions resulted in large errors. This is also reflected in inset (a). For
the MACE-sn2 model, the RMSE on TS energies was, excluding 15
unconverged NEB paths, 0.946 eV, with 65% of TS predictions hav-
ing absolute errors below 0.05 eV. The MACE-sn2-rattled-A model
performed better on the same reactions, leading to an overall RMSE
on TS energies of 0.195 eV, excluding 3 unconverged NEB paths,
with 93% of TS estimates within 0.05 eV of the true TS. Thus,
adding random displacements to the training set atoms yielded a
more stable potential and a larger fraction of converged reaction

FIG. 3. Predicted TS MP2 energy error as the difference between the energy of the TS structure obtained from NEB (as the highest energy image) and the energy of the
true TS structure from the 178 reactions in the test set. Positive (negative) error values mean that the predicted TS has a higher (lower) energy than the true TS. Inset (a)
shows the number of predicted TS with absolute energy error below a given value. Inset (b) is an expansion of the region in TS energy error close to 0, between −0.05 and
0.05 eV, where the majority of predicted TS lie. Applying random atomic displacements (rattling) to the training set structures improves the fraction of accurate TS guesses
and reduces the fraction of unphysical pathways. The energies are reported in eV, with 1 eV = 23.06 kcal/mol.
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pathways. A possible cause for this result is that random atomic dis-
placements provide information about the shape of the PES further
away from the local minima and the TS. We illustrate this in Fig.
S2 of the supplementary material, where we calculated the PES, with
the reaction coordinates constrained and other coordinates relaxed,
for one unseen reaction with the three models. MACE-sn2 repro-
duced the shape of the PES around the reaction pathway but showed
incorrectly low energies for configurations where the bonds are too
stretched or too compressed. Thus, the model has stability issues.
MACE-sn2-rattled-A and MACE-sn2-rattled-B accurately predicted
the energy in regions around the MEP and the steep climb in energy
further away from the MEP.

Our work provides an efficient approach for reaction pathway
prediction. Without computing full reaction pathways for training
data, we were able to train potentials that can accurately find the
reaction pathway in the majority of unseen reactions. We used 5334
configurations in the training set and used the resulting model for
178 unseen reactions, each taking a few thousand single point gra-
dients to obtain the converged reaction path. However, the dataset
used here comprises only one reaction class, which makes it easier
to achieve transferability to unseen reactions. A similar approach in
training transferable reactive MLIPs was shown by Schreiner et al.29

They trained a PaiNN model using the Transition1x dataset con-
taining reaction pathways of 10 000 reactions involving systems of
up to 7 non-hydrogen atoms (C, N, O). The model was used as a
surrogate potential for determining pathways of unseen reactions,
with an RMSE of 0.24 eV on predicted barrier heights. Due to the
different datasets and MLIP architectures used here and in Ref. 29,
we cannot make direct comparisons of performance. Thus, it is an
open question how our approach of only training with equilibrium
and TS geometries performs in more chemically diverse reaction
datasets.

B. Reactive MLIP via active learning
Reaction databases, such as the one discussed in Sec. III A 2,

cover a small portion of chemical reaction space. In particular, they
generally do not include configurations of solvated reacting species.
Therefore, it is desirable to have an approach that does not depend
on a large pre-computed database. Ideally, it would also not rely
on an expensive QM-driven initialization of the training set. In
this section, we demonstrate a simple active learning procedure,
described in Sec. II F, that achieves these two goals. We show that
this procedure allows us to locate the MEP with chemical accu-
racy, requiring very few QM single point evaluations (<100) for a
gas phase SN2 reaction as part of the QMrxn20 dataset. Next, we
show that AL can be used in a similar manner to find the reaction
path in a simplified model of a solvated reaction for the same reac-
tion with four solvating water molecules. Finally, we showcase our
AL method on a nucleophilic aromatic substitution reaction, com-
paring it with results using the ReaxFF potential. In this section,
we focus on efficiently training potentials that accurately describe
the minimum energy paths of reactions. Such potentials are mostly
applicable to gas phase reactions. However, we included a reac-
tion with a small number of solvent molecules as a test to extend
the method to solvated reactions. This test is an initial step toward
our overarching goal to develop potentials suitable for reactions in
condensed phase. This includes reactions in solution, where solvent
degrees of freedom need to be treated explicitly, and is part of our
ongoing work.

1. Ethyl chloride and fluoride gas phase SN2 reaction
We applied the AL procedure to a simple, prototypical gas

phase SN2 reaction between ethyl chloride and a fluoride anion.
It took 9 AL iterations to obtain a model that converges the MEP

FIG. 4. Active learning on gas phase
SN2 reaction between ethyl chloride and
a fluoride ion. The bottom panels show
the structures of reactants, products,
and transition state, indicating the reac-
tion coordinates d1 and d2. Panel (a)
shows, projected on the reaction coor-
dinates, the training data (initial and
obtained in active learning). Data points
selected from NEB pathways are indi-
cated with their respective iteration num-
ber. Panel (b) shows MACE energy pro-
files of selected NEB pathways and their
corresponding MP2 energies indicated
in diamond markers of the same color,
along with the pathway obtained using
climbing image NEB with MP2. The ener-
gies are reported in eV, with 1 eV = 23.06
kcal/mol.
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with the disagreement between the MACE models not exceeding the
threshold of 1.0 meV per atom on all images, or 9.0 meV overall. We
use reaction coordinates d1 and d2, respectively the distances from
the fluorine and chlorine atoms to the reacting carbon atom, to illus-
trate the training results in Fig. 4. From this, we learned that the
initial model, trained using near-equilibrium geometries, is stable
enough to provide a reasonable guess of the MEP. Throughout the
AL iterations, a different MEP guess is obtained, which allows us to
sample different regions of the reaction coordinate space, as shown
in panel (a) of Fig. 4. Once the AL was converged, the MEP was
found with energy errors ∣EMACE − EMP2∣ of no more than 11 meV on
any image, as shown in panel (b). From this MEP, the reaction bar-
rier of 0.261 eV was predicted with MACE. The model error means
that the MACE MEP differs from the MEP on the ground truth PES.
To quantify this difference, we calculated the MEP purely with MP2
NEB to find a barrier of 0.262 eV.

We note that here, the goal of the AL procedure is to obtain the
MEP accurately and predict reaction barriers. For comparison, other
AL procedures for generating reactive potentials acquire training
data beyond the MEP to predict free energy surfaces44 and reaction
product ratios.43 In the case of potentials trained in our AL proce-
dure, the high accuracy is limited to the reaction pathways. In AL,
the model disagreement on and around the MEP is low but rises fur-
ther away from the MEP. In Fig. S3 of the supplementary material,
we show the PES calculated for the ethyl chloride–fluoride system,
highlighting the region of the PES where the energy error relative to
MP2 is below 40 meV, or roughly 1 kcal/mol. It can be seen that the
low error region is in the vicinity of the minimum energy pathway.

With our AL procedure, we can replace the computation-
ally expensive MP2 calculations in the MEP determination with
the cheap MACE potential, requiring only the geometry informa-
tion of the reactants and products to start with. For comparison,

converging the NEB with MP2 required 62 NEB iterations, totaling
558 MP2 evaluations for nine intermediate NEB images, while 69
evaluations were required to construct the training set, in addition
to 60 configurations for the validation set.

2. Solvation effects on SN2 reaction barrier found
with active learning

The simulation of reactions in solution is a highly sought-after
application of MLIPs. While finding reaction barriers in solution
phase reactions involves sampling over many degrees of freedom of
the reacting species and the solvent molecules, we can apply the NEB
active learning procedure to simplified solvation model systems with
a limited number of solvent molecules.

We constructed a simplified model of solvation of the SN2 reac-
tion discussed in Sec. III B 1. The microsolvated reactant and prod-
uct structures were constructed by placing four water molecules: two
next to the chlorine and two next to the fluorine, with one hydrogen
atom of each water molecule facing the nearby halogen atom. We
then relaxed these structures at the MP2/6-311G(d) level of theory,
stopping the optimization when the forces on all atoms are below
0.05 eV/Å.

The results of the training are shown in Fig. 5. A total of 15
additional training structures obtained from the NEB procedure
were required to converge the active learning using a model dis-
agreement threshold of 1.0 meV per atom (21.0 meV for the full
system). In the first few AL iterations, the NEB pathway visited high
energy regions, either with both d1 and d2 values being small or both
being large. After a few high energy configurations were included,
the NEB was steered toward a realistic reaction pathway involving
concerted C–F bond formation and C–Cl bond breaking. The final
iteration MEP has errors of up to 15 meV, lying close to the true MEP
on the reference PES. In total, 75 MP2 single-point evaluations were

FIG. 5. Active learning on microsolvated
SN2 reaction between a fluoride ion
and ethyl chloride. Throughout the active
learning, the predicted pathway covers
a broad range in the reaction coordi-
nate space, allowing us to collect differ-
ent configurations in the training set, as
shown in panel (a). Panel (b) shows the
MACE energy profile of the final iteration
NEB pathway and its corresponding MP2
energies indicated in diamond markers
of the same color, along with the path-
way obtained using climbing image NEB
with MP2. The energies are reported in
eV, with 1 eV = 23.06 kcal/mol.
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carried out to construct the training set and 60 for the validation set.
For comparison, converging a NEB with 13 intermediate images at
the MP2 level of theory required 78 optimizer steps, a total of 1014
single-point evaluations.

While using MACE in NEB is orders of magnitude faster than
using QM, model training time is an important consideration as it
can also be a computationally time-consuming step. We find that
we can optimize the training time by increasing the number of
new data points selected in each AL iteration. Including more new
configurations in the training set in each iteration can make the AL
converge in fewer iterations. The effect of more than one update con-
figuration per iteration on training time and final training set size is
shown in Sec. S6 of the supplementary material. In particular, we
find that by accepting up to five images per iteration, the AL con-
verged in six iterations and 28 added NEB geometries in less than
2 h on a single GPU core, while acceptance of one geometry per iter-
ation required 15 iterations and added NEB geometries and 5 h to
converge AL. However, for large systems, where the QM calculation
time dominates, it is beneficial to only add one new geometry to the
training set per AL iteration. Thus, there is an efficiency trade-off in
the AL process that depends on the relative costs of the training and
the QM components.

Before moving to Sec. III B 3, we briefly discuss interesting dif-
ferences observed between the gas phase and microsolvated reaction.
The final MEP of the microsolvated reaction shows a higher energy
barrier for the fluoride to react with the ethyl chloride (0.50 eV)
compared to the unsolvated reaction (0.26 eV). In addition, the
energy difference between the reactants and products is reduced
from 1.71 eV in the unsolvated system to 0.75 eV in the micro-
solvated system. These results are similar to those reported in the
QM/MM study of the SN2 reaction between methyl chloride and

a fluoride ion in gas and in aqueous phase.66 There, the effect of
solvation was shown to be the increase in the reaction barrier and
reduction in exothermicity. The results are consistent with the fluo-
ride ion being a stronger hydrogen bond acceptor than the chloride
ion. While the reactants are stabilized with respect to the products,
reducing the reactant–product energy difference, the stabilization of
the reactants with respect to the transition state increases the barrier
height of the forward reaction. Thus, the AL procedure provides an
efficient way to evaluate solvation effects by using simplified model
systems.

3. Nucleophilic aromatic substitution involving
proton transfer

Finally, we briefly showcase the AL approach developed here on
a more complex reaction. In particular, we investigate a nucleophilic
aromatic substitution reaction between 2-methylthiopyridine and
methanol.

We also use this reaction as an opportunity to compare the AL
approach to empirical reactive force fields. In particular, we com-
pare to the well-known ReaxFF25 family of potentials. ReaxFF uses
a bond-order formalism to allow for changes in atomic connectivity
throughout the simulation. ReaxFF parameters are typically trained
against quantum mechanical data describing reaction energies and
reaction barriers. This training happens prior to molecular dynamics
simulations; no on-the-fly quantum mechanics simulations are per-
formed. This enables ReaxFF simulations for large numbers of atoms
(≫10 000 atoms) and timescales (>tens of nanoseconds). ReaxFF
potentials may not accurately capture reactions that they were not
explicitly trained for. Here, we compare the results of NEB carried
out using ReaxFF parameters which were trained for the combus-
tion of coal54 and not explicitly for aromatic substitution reactions,

FIG. 6. NEB pathways obtained for an
aromatic substitution reaction using AL
as well as a ReaxFF force field includ-
ing the coal combustion parameters from
Ref. 54 and a fine-tuned force field based
on the C/H/O parameters in Ref. 55.
Panel (a) displays the AL training points
and NEB pathways along the reaction
coordinates. Panel (b) shows the energy
profiles along a combined reaction coor-
dinate. The images at the bottom of the
figure show the structures of the reac-
tant, transition state, and product. The
energies are reported in eV, with 1 eV =
23.06 kcal/mol.
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and the NEB AL procedure on an aromatic substitution between
methanol and 2-(methylthio)pyridine. As illustrated in Fig. 6, the
reaction involves two key processes: displacement of the methylthio
group sulfur by methanol oxygen and proton transfer from the oxy-
gen atom to the sulfur atom. These processes are reflected as two
reaction coordinates. NEB with MACE trained on MP2 predicts
these two processes to happen simultaneously. ReaxFF predicts an
earlier nucleophilic attack and a later proton transfer. The NEB AL,
initialized with 40 training points, required an additional 67 config-
urations from NEB to converge. For comparison, converging a NEB
with eight intermediate images, the MP2 level of theory required
120 optimizer steps, a total of 960 single-point evaluations. While
ReaxFF qualitatively agrees with MACE trained on MP2 on the for-
ward barrier (2.81 and 2.67 eV for ReaxFF and MACE, respectively),
it predicts the product energy 0.79 eV higher than MACE does,
hence it disagrees on the reverse barrier (2.07 and 2.72 eV). The
active learning, being more computationally demanding than the
ReaxFF NEB (hours using AL vs seconds using ReaxFF), provides a
more accurate prediction of the reaction pathway. Since the ReaxFF
parameters used here were not explicitly trained for this reaction, we
also explored fine-tuning a ReaxFF model to our reaction. Specifi-
cally, we used a CHNOS force field based on the Ashraf 2017 C/H/O
parameters, which were not changed during the retraining process.
We retrained the parameters that control interactions between C, H,
S atoms using a coal combustion dataset associated with Ref. 54. We
then added structures of our reaction from the MACE NEB path to
that training set and retrained the same parameters. We recomputed
the NEB path using the fine-tuned ReaxFF model.

The resulting reaction path is shown in panel (a) and the energy
profile in panel (b) of Fig. 6, matching the MACE barrier height
by 50 meV and reaction energy by 3 meV. The geometry of the
fine-tuned ReaxFF pathway is closer to that of the MACE pathway.
However, a more complete training dataset would be needed for the
ReaxFF model to reproduce the MACE PES.

IV. CONCLUSIONS
Finding reaction pathways purely with a quantum chemistry

level of theory is computationally expensive. With MLIPs, we can
circumvent this high computational cost given relevant training
data. Even with minimal reaction datasets containing reactants,
transition states, and products, we can train MLIPs to accurately
locate reaction pathways for many unseen reactions, while previ-
ous approaches in the literature required training data with entire
reaction pathways. With active learning, we built MLIPs for finding
MEPs with chemical accuracy efficiently, only using QM for selected
new training points.

Our long-term goal is to train transferable reactive potentials
that are applicable to condensed phase reactions. In an initial step
toward this goal, we focused on efficiently training reactive poten-
tials for finding the minimum energy path. We believe that the
approaches demonstrated to efficiently find reaction pathways will
be useful in building training sets for general reactive organic MLIPs.
A possible avenue for general reactive MLIPs involves the use of
foundation models fine-tuned using reaction data. The foundation
models are trained on condensed phase non-reactive structures,
such as the model by Batatia et al.,53 providing qualitative accu-
racy for solvated systems. With this strategy toward general reactive

MLIPs, the ability to quickly obtain reaction pathways for numerous
reactions in the gas phase is highly useful, as we can fine-tune the
foundation model to get accurate reactive behavior while retaining
the accuracy of the interactions between solvent molecules and the
reactive species.

SUPPLEMENTARY MATERIAL

See the supplementary material for additional data supporting
discussion and statements made in the main text.
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