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Transition state modelling remains a challenge in computational chem-
istry, often requiring chemical intuition and expensive, iterative recalcu-
lations. This work presents a more efficient approach using umbrella
sampling to explore free energy surface and more importantly, the
conformational space around transition states, reducing the effort
needed for structure identification. By employing a machine learning
potential, ANI-2x, [C. Devereux et al., J. Chem. Theory Comput., 2020, 16,
4192-4202] to drive the sampling, we demonstrate enhanced FES
exploration and efficiency compared to traditional DFT methods. The
approach is applied to two different reactions: amide formation via a
thioester intermediate and disulphide bridge formation. It was found that
ANI-2x performs poorly at the prediction of high energy structures yet
provides rapid, thorough sampling of reaction pathways making it useful
for informing further calculations at higher levels of theory.

The exploration of chemical reaction pathways has long been a
cornerstone of advancing our understanding of chemistry. This
pursuit has given rise to techniques such as Density Functional
Theory (DFT) and quantum chemistry, which have become
essential tools for underpinning the exploration of structure
and reactivity. More recently, machine learning potentials
(MLPs) have made large strides in the efficient and accurate
calculation of atomic energies and forces. MLPs represent a
middle point between DFT and molecular mechanics (MM),
combining the accuracy of DFT and other quantum methods
with the speed of MM. MLPs are trained to learn the shape of
the potential energy surface from reference data, e.g., derived
from DFT calculations.

In recent years, several different MLP architectures have
been published, capitalizing on different machine learning
techniques such as neural networks. Recently, ANI-2x extended
support to 7 atom types (H, C, N, O, F, S, Cl) and boasts
accuracy comparable to DFT methods but 10° times faster.’
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Other MLPs have since been developed with varying archi-
tectures such as MACE and AIMNet and have been applied to a
wide range of applications.>* These applications range from
the calculation of chemical properties such as pK, values® to
running MD simulations that extend to hundreds of nanose-
conds for systems with a large number of atoms,® as well as
studying bulk systems of substances such as water, metals, and
perovskites.”

A particularly prevalent area of application for integrated ML
techniques is the study of chemical processes and reactions.
Reactivity within explicit solvent,® catalytic reactions on
surfaces,” nucleation structures,’® and pericyclic reactions'*
have all benefitted from the acceleration that MLPs offer over
traditional quantum chemical methods, whilst retaining some
of their accuracy. Accurate modelling of such systems with
traditional static quantum chemistry approaches (single mini-
mum and transition state) offers limited insight and often does
not apply at higher temperatures where increasing numbers of
conformations can be accessed. By instead pursuing extensive
conformational sampling through techniques like umbrella
sampling (US),"> we can provide a more holistic view of
molecular systems.

In this work, the ANI-2x MLP is employed to drive an
Umbrella Sampling based workflow, studying two different
reactions: the formation of an amide (reaction 1) and the
formation of a disulphide bridge (reaction 2) as shown in
Scheme 1. These reactions were chosen as they represent key
chemical processes in large biochemical systems. Such large-
scale systems are not tractable using pure DFT approaches and
often require simplifications or hybrid methods. Therefore, the
ability of ANI-2x to accurately model these processes within
complex systems would be highly informative. Further, we
explore ANI-2x’s ability to (a) reproduce DFT energies for given
stationary point structures, and (b) explore the free energy
surface for a reaction through enhanced sampling methods.

Firstly, the reaction mechanisms for reactions 1A, 1B and 2,
were explored with DFT and the ANI-2x potential. DFT calcula-
tions were performed at the ®B97X/6-31G* level of theory'*'* in
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Scheme 1 Reactions studied: (1) peptide bond formation through thio-

ester intermediate with HyS loss. (2) Disulphide bridge formation via
hydrogen peroxide splitting.

ORCA V6.0.1,"'® to ensure consistency with the ANI-2x
dataset.'” Note that this level of theory is suitable for reaction
pathway exploration rather than definitive energetic bench-
marking. While ®B97X does not accurately capture dispersion,
this was found not to be a significant contribution to the
reaction study, ESIT (page S5). The ANI-2x model was imple-
mented in Python through the TorchANI module'® and was
used through an atomic simulation environment (ASE) calcu-
lator for single point calculations.'® As shown in Fig. 1, the
formation of the intermediate thioester species would be
unlikely to proceed at room temperature, consistent with pre-
vious reports requiring catalysis.>* Additionally, it should be
noted that the C-terminus sulphur species in native chemical
ligation is usually reported as a C-terminus thioester”" rather
than the capped thiol species we use here to specifically limit
our system size and complexity and as such this may influence
the resultant energy barriers shown.

ANI-2x shows varying accuracy when predicting high-energy
structures. For transition states in reactions 1A and 1B, ANI-2x
exhibits differences of 10.9 kcal mol™" and 3.9 kcal mol ™"
respectively when compared to DFT calculations, values which
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clearly exceed accepted chemical accuracy of 1 kcal mol .
These findings align with previous results that found that
ANI-2x overestimates proton transferred structures and fails
to generalise well to high energy isomers.'® Contrastingly,
ANI-2x demonstrates reasonable performance for the equili-
brium species in reaction 1, with differences of only 1.5 and
1.2 keal mol ™" for intermediate and product structures respec-
tively. However, ANI-2x’s accuracy varies in certain chemical
environments. In reaction 2, the 4.9 kcal mol ™" difference for
the product species exceeds chemical accuracy (ESI,{ Fig. S2).

Reaction 2 was explored in a similar manner to reaction 1 via
DFT. The transition state barrier energy was found to be
80.1 kcal mol™" at the wB97x/6-31G* level of theory. This
computational method was selected to maintain consistency
with the ANI-2x dataset, though we also explored other theore-
tical approaches as detailed in the ESIt (pages S2 and S3).
Previous studies have observed variations up to 14.1 kcal mol "
between different functionals using the 6-311G basis set for
similar reactions.”” Our evaluation across different levels of
theory suggests that reaction 2 exhibits self-interaction error
(SIE), which can be partially addressed by increasing HF exact
exchange. For this reaction, ANI-2x calculates a product
species relative energy of —71.6 kcal mol~' compared to DFT’s
—66.7 keal mol™" (ESL,T Fig. S2). Additionally, ANI-2x predicts
a forward energy barrier of 17.2 kcal mol™", which is a
62.9 kcal mol " difference from the DFT value.

This difference likely reflects ANI-2x’s training dataset,
which lacks systems with SIE or transition states involving
concurrent bond breaking/forming. Notably, ANI-2x predicts
equilibrium species energies more accurately than transition
state energies.

So far, we have detailed the ability of ANI-2x in predicting
structures with reference to potential energies of stationary
point structures. However, it is possible to optimise structures
in a similar approach to DFT (as shown in the ESI,} Section S3)
although this still limits the exploration of reaction space.
Further, an intrinsic part of computational chemistry relies
upon the thermodynamic properties of systems. ANI-2x is
trained on electronic energies and forces, however, we deploy
ANI-2x here for the calculation of forces in US simulations,
predicting free energies and monitoring systems via enhanced
sampling along reaction coordinates (RCs). Details of RC_1A,
RC_1B and RC_2, the RC for each respective reaction can be
found in Table 1 with atom references in Fig. 2 and further
information regarding RC determination is within the ESIf
(page S9). US simulations used PLUMED V2.9.2’s ASE
interface.?*** Further details regarding simulation parameters
can be found in the ESIt (page S11).

AE,q=0.0 Table 1 Reaction coordinates for umbrella sampling
AEq=0.0 AE=-0.9 . S:“E s
AErg =-15. . e o
Reaction 1A | Reaction 15 AEre =165 Reaction RC definition Sampled range (A)
Reaction Coordinate 1A d(15—6) + d(9—17) 6.50-2.40
Fig. 1 Relative energies (kcal mol™") for DFT (B97X/6-31G*, black) and 1B d(1-14) + d(4-6) 6.13-2.70
ANI-2x (red) relative to reactants. 2 d((1-2) + (3-6)) + d(7-8) 7.12-3.71

This journal is © The Royal Society of Chemistry 2025

Chem. Commun., 2025, 61, 11810-11813 | 11811


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cc02090e

Open Access Article. Published on 30 June 2025. Downloaded on 2/3/2026 6:48:21 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

ChemComm
o= N2 o] N
~H_.-S 04--034
C\:14 ! ! 1 4’/H
HoN ' WH ' :
2 SG"Hg N; 4 2 HG
1 1 . 1 /
G H S;---S
C15-Sq7 NH [
1l 2
4 \H O / \
| Reaction 1A | Reaction 1B | Reaction 2 |

Fig. 2 Atoms involved in transition state for each of reaction 1A, 1B and 2
are shown here in red.

The completion of US simulations along the RCs described
in Table 1 resulted in good overlap of neighbouring windows
resulting from WHAM analysis as shown in Fig. 3. Note the
independence of each reaction’s RC as shown in Table 1. As
shown, sampling is performed well by ANI along the RC with a
drop in sampling surrounding the high energy structures
aligned with bond making and bond breaking along the RCs.
This corresponds with the short lived low frequency nature of
transition states, but highlights ANI-2x’s ability to sample these
high-energy infrequent conformers, albeit at reduced frequency
compared to lower energy structures around the minima.

The resulting free energy surface (FES) from the biased US
simulations for each reaction are shown in Fig. 4. The initial
drop in energy at the start of each simulation is attributed to
relaxation from slightly strained initial conformations.

Examination of the FES plots shown in Fig. 4, show clear
differences from earlier static DFT results. Reaction 1A and 1B
show increased barrier heights for the corresponding ANI-2x
barriers. Reaction 1A performs well against the ANI-2x single
point of the DFT transition state (62.1 versus 62.8 kcal mol ),
however reaction 1B severely overestimates the transfer of the
proton in the transition state (89.9 versus 33.3 kcal mol ™).
Reaction 2 shows an increased barrier compared to the ANI-2x
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Fig. 3 Overlapping windows for each of (A) reaction 1A, (B) reaction 1B
and (C) reaction 2, resulting from ANI-2x driven umbrella sampling. Plots
show the conformer count within each window.
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Fig. 4 Free energy surfaces for (A) reaction 1A, (B) reaction 1B and
(C) reaction 2 from ANI-2x driven umbrella sampling simulations.

single point of the transition state (52.9 versus 17.2 kcal mol ).
Further, the FES show asynchronous transition states for each
reaction where the DFT study above and resultant IRC calcula-
tions upon transition state structures have shown synchronous
transition states.

The dynamic nature of US enables the discovery of new
reaction pathways and transition states without requiring
detailed prior knowledge of their exact conformations. While
basic chemical intuition is needed to define the reaction
coordinate, this approach allows us to systematically explore
and identify potential transition states by sampling the relevant
conformational space in an extensive manner. These initial
transition state structures can then be further refined using
high-level quantum mechanical calculations, offering a strategy
for discovering novel reaction mechanisms without relying on
precise initial guesses of transition state geometries or bond
scanning calculations.

The energies predicted by US with ANI-2x differ from those
of a static DFT approach, and are explored further within the
ESIT (page S12). By plotting the bond distances along the
reaction coordinate of each frame for the combined reaction
1A trajectory against the corresponding ANI-2x single-point
energies (Fig. 5), we demonstrate thorough sampling of con-
formational space around the minima, followed by good sam-
pling of high energy space surrounding the transition state.

Similar and additional analyses for reaction 1B and reaction
2 are shown in the ESIt (Fig. S7-S11). Finally, manual examina-
tion of the complete US trajectories for each reaction confirm
that the reaction followed the expected RCs, successfully cross-
ing the TS to reach the products. Furthermore, ANI-2x enables
enhanced sampling that would be computationally prohibitive
with DFT. Our US simulations explored 500 000 conformations
across 50 windows per reaction in under 5 hours using 10 CPU
cores, a scale made possible by ANI-2x’s ~27000x speed
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Fig. 5 Energy of each frame in the US trajectory for reaction 1A, plotted
against the reaction coordinate (Table 1).

advantage over DFT (0.02 vs. 552 seconds per single-point
calculation).

In conclusion, we have demonstrated the capability of ANI-2x
for enhanced sampling in two distinct reactions, exploring three
molecular transformations with varying conformational flexibility.
While ANI-2x falls short of chemical accuracy versus DFT for high
energy structures in this case, it excels in rapidly navigating the free
energy surface and its ability to identify high-energy pathways
provides valuable, systematically guided guesses for transition state
calculations at higher levels of theory. Furthermore, ANI-2x effec-
tively handles complex reaction mechanisms involving both syn-
chronous and asynchronous bond rearrangements. Its rapid
sampling of the FES and mechanistic insights highlight its utility
for exploring conformationally flexible systems. Given that large
biochemical systems, such as proteins and enzymes, are often
intractable with pure DFT, ANI-2x’s scalability and efficiency make
it well suited for such applications.

Results were obtained using the ARCHIE-WeSt high perfor-
mance computer (https://www.archie-west.ac.uk) based at the
University of Strathclyde.
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Data availability

Relevant data underpinning this work are available from the
University of Strathclyde KnowledgeBase at: https://doi.org/
10.15129/5¢703b29-b0b84086-b261-af141d07e178. All code rele-
vant to this publication can be accessed openly at https://
github.com/Tuttlelab/ANI2xplorer.
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