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Hydrogen atom transfer (HAT) reactions are essential in many biological processes, such as radical
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migration in damaged proteins, but their mechanistic pathways remain incompletely understood.

Simulating HAT processes is challenging due to the conflicting requirements of quantum chemical

accuracy and biologically relevant time and length scales; thus, neither classical force fields nor DFT-
based molecular dynamics simulations are applicable. Machine-learned potentials offer an alternative,
with the ability to learn potential energy surfaces (PESs) that capture reactions and transitions with
near-quantum accuracy. However, training such models to generalize across diverse HAT configu-

rations—especially at radical positions in proteins—requires tailored data generation strategies and

careful model selection. In this work, we systematically generate HAT reaction configurations in

peptides to build large datasets using semiempirical methods as well as DFT. We benchmark three

atomistic machine-learned potential architectures, SchNet, Allegro, and MACE, on their ability to
learn HAT potential energy surfaces and indirectly predict reaction barriers through direct energy
predictions. MACE consistently outperforms the other models in energy, force, and reaction barrier
prediction accuracy, achieving a mean absolute error of 1.13 kcal/mol on DFT barrier predictions.
Short molecular dynamics simulations indicate that the learned potential is numerically stable at

finite temperature and can sustain reactive HAT sampling under moderate biasing, serving as a

feasibility check for downstream simulation workflows. We show that the trained MACE potential

generalizes well beyond our training data by performing out-of-distribution evaluations and analysis
of HAT barriers in collagen | snapshots. This level of accuracy can enable integration of machine-
learning-based barrier predictions into large-scale simulation workflows to compute reaction rates
from predicted barriers, advancing the mechanistic understanding of HAT and radical migration
in peptides. We analyze scaling laws, model transferability, and cost-performance trade-offs, and

outline strategies for improvement through the combination of machine-learned potentials with tran-

sition state search algorithms and active learning. The presented approach is generalizable to other

biomolecular systems, offering a method toward quantum-accurate barrier predictions of chemical

reactivity in complex biological environments.

1 Introduction

Hydrogen atom transfer (HAT) is a central mechanism for radical
reactivity and migration in proteins. We define HAT as the core
one-electron step in which a hydrogen atom is abstracted from a
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donor,
AH+B — A'+BH (@D)]

creating a new radical site on A and a closed-shell product BHZ.
Proteins contain radicals both by design in enzymes and by cir-
cumstance, due to oxidative or mechanical stress. In many
enzymes, amino acid radicals are deliberately created via one-
electron steps using a cofactor or metal center. The protein guides
the created radicals through precise pathways, enabling essential
transformations and functions within the enzyme'zl. One promi-
nent example of a radical-based enzyme is ribonucleotide reduc-
tase, which provides the building blocks of DNA replication and
repair. Outside enzymes, protein radicals are products and propa-
gators of oxidative stress®4. They are formed by reactive oxygen
or nitrogen species and then propagate through the protein via
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HAT, causing side-chain modifications, cross-linking, and back-
bone scission. They can also lead to a loss of function and are
thus related to several human diseases and the aging process”.
Load-bearing proteins can form radicals under mechanical stress
via homolytic bond scission. Experiments and simulations on col-
lagen I tendons under mechanical load reveal the formation of
radicals and subsequent production of reactive oxygen species,
suggesting that mechanical load contributes to redox signaling
and stress®. While specific microscopic steps are not fully as-
signed by Zapp et al., HAT, again, provides a plausible route for
radical migration among nearby donor/acceptor sites.

Whether programmed (enzymes) or stimulus-driven (oxidative,
mechanical), protein radicals follow pathways shaped by struc-
ture and microenvironment. In all cases, HAT reaction barriers
and pre-organization of donor/acceptor sites determine kinetics
and product distributions. Due to short lifetimes of HAT, we rely
on computational models to understand the fundamentals of rad-
ical reactivity and transport in proteins.

Recent efforts have focused on approaches that included ma-
chine learning (ML). Riedmiller et al.® trained a graph neu-
ral network to directly predict HAT barriers in protein environ-
ments, focusing on small systems cut out from collagen simu-
lation snapshots. Their model achieved a prediction error of
2.4+2.5 keal/mol on configurations inferred from classical molec-
ular dynamics trajectories and synthetic peptide systems, and an
error of 4.6 +4.8 kcal/mol on out-of-distribution data. Using the
same data, Ulanov et al.Z demonstrated that Gaussian process
regression models can be employed to predict HAT reaction barri-
ers in low-data regimes, achieving an MAE of 3.23 kcal/mol. Both
models’ limited prediction accuracy restricts their use in subse-
quent simulation schemes and the understanding of the HAT re-
actions themselves. Furthermore, since both approaches directly
predict the reaction barriers, the models can not be used in di-
rect molecular dynamics (MD) simulations or enhanced sampling
methods.

Barrier heights depend on precise knowledge of reaction paths,
which in turn require an understanding of the potential energy
surface (PES). The PES describes the functional relationship be-
tween potential energy and atomic positions. If an accurate PES is
known, a molecular system’s equilibrium structures or transition
states can be found since these correspond to the PES’s minima
or saddle points. When an ML model is directly trained on barrier
heights, information on the reaction path and topology of the PES
is thus not included.

In this work, we model the PESs of HAT reactions in peptides us-
ing transferable ML models, which allow us to indirectly predict
reaction barrier heights via direct energy predictions. By learn-
ing the full PES of HAT reactions in peptide systems, we capture
the energetics and forces that govern barrier heights and reaction
pathways, and thus can predict more accurate reaction barrier
heights. An accurate model of the PES will also enable further
investigations and a deeper understanding of reaction dynam-
ics. Beyond barrier prediction, the trained ML models, possibly
refined through active learning, can also be utilized in MD sim-
ulations, enhanced sampling, optimization, and transition state
search algorithms, as they are differentiable.
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Traditionally, there were two approaches to calculating the energy
and forces for molecular systems, i.e., the PES. Ab initio methods,
while accurate, are unfeasible for large system sizes due to their
computational costs. Classical force fields, instead, are very fast
due to their analytical form. The terms in classical force field
functions contain many empirical parameters describing bonded
and non-bonded interactions (e.g., electrostatic or van der Waals
interactions). However, force fields do not allow bonds to break
or form, i.e., no chemical reactions can be simulated. Reactive
force fields have been developed to counteract this; however, the
accuracy is generally lower than ab initio calculations due to the
general empirical approximations'®.

Since the PES is a multidimensional function, an analytical ex-
pression can also be found by mathematical fitting to data with
ab initio accuracy. With the formulation of the construction of
the PES as a function approximation problem, it becomes clear
where machine learning (ML) methods can be used as efficient
tools in this context: If the relationship between potential energy,
including associated analytical derivatives, and atomic positions
of a system is constructed using ML methods, the resulting ana-
lytical expression is referred to as a machine-learned (ML) poten-
tial. The training data for ML potentials consists of coordinates as
well as elements of all atoms of a system and the corresponding
energies and often forces. Since the quality of the resulting ML
potential is directly dependent on the quality and quantity of the
training data, the latter is typically calculated using an accurate
but affordable ab initio method, e.g. density functional theory
(DFT).

Compared to classical force field methods, ML methods offer the
advantage that no constraining assumptions about the functional
form of the PES or bonds are needed - the chemical behavior, in-
cluding long-range interactions and chemical reactions, is learned
from the reference data alone?. ML potentials allow the model-
ing of the PES of a system with high accuracy and reasonable
computational costs. Therefore, their field of application is vast
and theoretically ranges over any material in any state, from
biomolecules to crystalline systems. Due to its many potential use
cases, the development of ML potentials is a very active research
field. Successful ML potentials are based on several different ML
architectures, from neural networks to kernel-based methods to
graph neural networks (GNNs), with specific advantages and dis-
advantagesi?. Regardless of the exact model architecture, train-
ing data for ML potentials initially consist of (Cartesian) atom co-
ordinates, the element type of the atoms of a system, and the as-
sociated energies in context-dependent configurations. Often, in-
formation about forces is also part of the training data, as adding
them can increase the accuracy of the models and reduce the re-
quired training set sizell since there are 3N forces for N atoms
instead of just one energy labell2. The calculation of energies
and forces requires an ab initio method to guarantee the accu-
racy of the learned potential, but it can also become a bottleneck
if a large training data set is needed.

The PES exhibits symmetries, which the ML model should also
reflect. For example, the total energy is invariant if a molecule
is translated or rotated, or if two atoms of the same element
type exchange. These invariances can either be explicitly sat-
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isfied by choosing a representation of the geometry (e.g. in-
verse distances), by including them in the functional form of the
machine learning model (inductive bias), or by learning them
(e.g. through data augmentation). Currently, the most popu-
lar ML model architecture for ML potentials is the graph neu-
ral network (GNN), which utilizes the natural graph structure of
moleculest314, Since the topology of the molecular structure can
be considered as an undirected graph, atoms can be associated
with nodes and chemical bonds with edges. At first, atom fea-
ture vectors contain properties such as element types and posi-
tions'®, Information or 'messages’ are then exchanged between
atoms through message-passing layers, and the model iteratively
learns feature representations of the individual atoms’ local envi-
ronments, including information about neighbors and more long-
range interactions after several message-passing steps.

One of the first message-passing neural networks to learn PES was
SchNet8, which is based on invariant convolutions over scalars.
The model consists of convolutional interaction blocks in which
the initial features are updated and the final atom embeddings
are learned. The model ensures rotational invariance of the out-
put by constructing only scalar features and operating on (scalar)
interatomic distances, rather than Cartesian atom coordinates.
While SchNet was successfully employed in various chemical ap-
plications, the requirement for a lot of ab initio training data was
found to be a bottleneck for larger length scales.

More recently, equivariant GNNs gained popularity as ML poten-
tial models, outperforming previous invariant architectures and
displaying higher data efficiency. Equivariant GNNs can encode
more physical information about an atomic system by directly act-
ing on vector quantities while preserving known physical symme-
tries. More specifically, the models are equivariant with respect
to transformations under the 3D Euclidean group (rotation, inver-
sion, and translation). This is relevant for preserving force vectors
under rotation of the atomic system. Equivariance is achieved
by not only learning scalar node representations but also higher-
order geometric tensor features.

Examples of equivariant GNNs include NequIPZ, Allegro'l®, and
MACE1?, NequlP utilizes learned scalar and tensor features, and
information is propagated via message-passing over relative po-
sition vectors. While achieving state-of-the-art accuracies on sev-
eral benchmark datasets, computational performance, specifically
training and evaluation speed, constitutes a drawback when scal-
ing to larger systems. The main disadvantage in this context is
the message-passing step since it constructs many neighbors for
each atom, hindering the parallelizability of the model.

To combat this, Allegro'l®, based on NequlP, learns strictly lo-
cal equivariant tensor features between edges and employs no
message-passing, resulting in an &'(N) scaling with respect to the
number of atoms. The embedding of the local environment only
leads to receptive fields with fixed sizes, which does not reduce
accuracy on benchmark datasets. MACEY?, on the other hand,
employs a higher-order message-passing strategy to reduce com-
putational costs. It explicitly models higher-order interactions by
constructing many-body features from radial and spherical har-
monics basis functions based on the multi-atomic cluster expan-
sion framework?, Equivariant messages from these features are
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then constructed hierarchically via tensor operations. With this
construction method, the authors show that the message-passing
can be reduced to two iterations, compared to 4-6 for other equiv-
ariant modelsZ. Evaluations on benchmark datasets show that
both Allegro and MACE have high accuracies and good transfer-
ability to out-of-distribution data.
While benchmark data allows a wide range of comparisons be-
tween the latest models, many applications of interest, especially
in biochemistry, are often more complex and more specific than
common benchmark datasets, and it is not immediately clear
which architecture is the most suitable or what kind and how
much training data is required. Thus, trade-offs between training
times, data requirements, and accuracy are not intuitively appar-
ent.
One of the challenges in the context of HAT in peptides is the
increased complexity that a reaction entails. In addition to train-
ing data on equilibrium configurations, global information on the
PES, i.e., the reaction’s intermediate steps and transition states,
is also required. Accurately training a model thus requires more
data, which at the same time needs to be informative to allow a
model to capture the increased complexity. Generating this data
constitutes a challenge in itself and requires an efficient data gen-
eration workflow. This is especially true if not only one specific
reaction configuration but, as in our case, various combinations of
peptides, radical positions, and reaction paths should be learned.
Higher data requirements to learn the PES of a reaction also mean
that we need more ab initio calculations for energy and force la-
bels. The chosen model must, therefore, be data-efficient. Other-
wise, the number of ab initio calculations represents a bottleneck.
In this work, we trained ML potentials to learn potential energy
surfaces of HAT reactions in peptides. Guided by previous studies
on collagen and broader protein-radical chemistry, we construct
amino-acid and dipeptide systems that incorporate intramolec-
ular (within a peptide) and intermolecular (between two pep-
tides) HAT motifs. We developed a workflow to generate training
data for reaction configurations in peptides using HAT. Using this
workflow, we generated a dataset of 172,000 data points with
energy and forces calculated using the semi-empirical method
GFN-xTB2Y, Additionally, we generated a dataset comprising
125,365 data points at the DFT/bmk/def2-TZVPD level of the-
ory. We explored the performance of the models SchNet, Allegro,
and MACE, estimated a scaling law, and investigated their trans-
ferability from small to large systems, both on semi-empirical and
DFT data. We used the trained models to indirectly predict HAT
reaction barriers through direct energy predictions (see Figure[T).
The models trained on the PES directly can capture more com-
plexity than previous SOTA direct barrier predictions. Our best
MACE model, trained on 65,514 DFT/bmk/def2-TZVPD configu-
rations, achieved an MAE of 1.13 kcal/mol in barrier predictions
on out-of-distribution data, compared to a previously reported
MAE of 2.4 +2.5 keal/mol®. The significant increase in accuracy
achieved here renders the ML model suitable for use in barrier
predictions, for example, in radical migration in damaged pro-
teins. Our short MD simulations show that the learned potential is
stable and reactive under thermal conditions and can serve as an
engine for sampling HAT reactions or for enhanced-sampling cal-
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Reaction Barrier Prediction

Fig. 1 Workflow overview: We generated training data for HAT reactions in peptides and atomistic ML potentials to learn the corresponding PES.
We used direct energy predictions from these models to indirectly predict HAT reaction barriers.

culations of HAT-free energies, potentially requiring active learn-
ing to ensure reliability. We show that our trained ML potential
generalizes well beyond our training data by performing out-of-
distribution evaluation and analysis of HAT barriers in collagen I
snapshots.

2  Methods

2.1 Data generation

2.1.1 Training data.

In the following, we present the data generation workflow used
to create reaction configurations for HAT in peptides. The result-
ing datasets consist of coordinates and corresponding energies
and forces of systems of amino acids and dipeptides. In addi-
tion to equilibrium structures, we must aim to cover a diverse
and informative conformational space relevant to describing HAT
in various chemical environments. To achieve this, we combined
normal mode sampling and reaction configuration sampling. The
library developed in this work allows us to automatically perform
each step of the generation process on many different molecules
simultaneously. Each step can also be performed individually,
and the framework can, in principle, be adapted to any molec-
ular system. Figure depicts an overview of the steps of the
data generation workflow. Starting from SMILES, we generated
non-equilibrium structures from which we constructed HAT reac-
tion configurations. Our workflow should be understood as iter-
ative configuration generation with stage-wise acceptance filter-
ing rather than post hoc cleaning of a fixed dataset. Candidate
structures were generated, checked against predefined geometric
and energy-based criteria at each stage, and retained only if they
passed these checks. Candidates failing them were discarded on
the fly.

We used RDKit to generate 3D coordinates from SMILES repre-
sentations2Z corresponding to 7 molecules we want to include in
the final training data. We then optimized the initial coordinates
using xTB21 o get minimum energy structures. The minimum
energy structures were the starting point for a conformer search
performed on each with CREST23 (Figure ). Since this typi-
cally results in numerous structures per molecule, we selected the
five lowest-energy conformers and five randomly sampled higher-
energy conformers, resulting in C = 10 conformer configurations

iv| Journal Name, [yeat], [vol], 1

{R%} per molecule i, where i €  and c € C.
We applied normal mode sampling (Figure |2p to the chosen con-
formers in the next step to obtain J physically relevant non-
equilibrium structures per molecule {R;}, where j € J. This al-
lowed us to sample the PES around minima up to a maximum rel-
ative energy. In this step, we distorted the molecules along their
normal modes based on methods employed by Rupp et al? and
Smith et al.25126 We used xTB to calculate normal mode coordi-
nates .. ,, and force constants . ,, for m eigenmodes of each con-
former configuration ¢ per molecule i. The force constants were
then used to calculate displacements Réﬁm (Figure ), with which
the sampled configuration was generated according to Equation
R) =R+ YR @
m

The normal mode sampled geometries Ri- are thus superpositions
of perturbed normal mode coordinates q,, that pass relative
bond length and total energy checks. This ensures that no bonds
are broken and that the new configuration’s total energy is within
a set range. Normal mode sampling is only an estimation working
within the harmonic approximation; in the context of generating
training data for ML potentials, it is still beneficial since it allows
fast sampling of structures that cover physically relevant PES ar-
eas. The perturbed molecular coordinates Rj- served as initial
structures to build radical systems in the subsequent steps.

To create radical systems, we transformed a molecule into a rad-
ical by removing a hydrogen atom, creating a radical at posi-
tion ry (Figure [2k). We consider two types of radical systems in
which reactions occur - intramolecular and intermolecular HAT.
For intra-HAT in peptides, we assume that a transfer occurs within
the same molecule, while for inter-HAT, we assume that a hydro-
gen atom at position ry moves between two distinct peptides to-
wards a radical at position ry, thus creating a radical at position
r;. We implemented a function g that creates the radical systems
by performing a selection and geometry modification in the case
of inter-HAT systems. For both system types, the function ana-
lyzes given molecules and randomly chooses a hydrogen atom for
transfer and a radical position, i.e., the start and end position of
the reaction. The selection function performs distance checks to
prevent clashes and includes conditions under which hydrogen
atoms can be transferred, depending on the molecule type and
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atom environment. The function generates inter-HAT systems by
translating and rotating one randomly chosen molecule and one
radical, while the distance between hydrogen atom at ry and rad-
ical at rq is randomly drawn from a y2-distribution with a max-
imum distance of 4 A. The two configurations were arranged so
that no clashes occurred, and no other hydrogen atom was closer
to the radical position than the atom designated for transfer. This
step results in the creation of radical system configurations {R,}
for both inter- and intra-HAT. In the last step, we created reaction
configurations from the generated radical systems. A function
f modifies the geometry of a system by moving the designated
hydrogen atom between the start and end positions. This dis-
placement function takes a generated radical system RIMe5 N3
and translates the hydrogen atom ry to a point on a sphere with
a randomly sampled radius around the center of the start and
endpoints of the reaction (Figure 2[d). To avoid outlier geome-
tries, we checked again for clashes and energy outliers, i.e., we
defined a maximum difference between the minimum energy and
the energy of the generated configuration. This scheme creates a
diverse set of reaction systems {R,} with corresponding energies
and forces {E,,F,} that differ in geometry, transfer type (intra or
inter), type of peptide, as well as the hydrogen and radical posi-
tions.

2.1.2 Evaluation data.

To evaluate trained models, we used data generated by the work-
flow described in Section [2:1.1] We used the generated configu-
rations to directly evaluate the trained models’ ability to predict
energy and forces. Due to the randomness in the combinations
and finite molecule types we considered, the generated systems
can contain the same amino acids or dipeptides as the training
data; however, radical and hydrogen atom positions, as well as
distances and spatial arrangements of molecules, vary.

Since our goal is to predict reaction barriers indirectly using the
direct energy predictions from trained models, we generated ad-
ditional data from linear interpolation of the hydrogen atom at
ry designated for transfer (Figure ) similar to what has been
done previously in the literature®. We generated configurations
by moving the hydrogen atom on a linear path between a system’s
start and end positions with 10 interpolations per system. Thus,
the reaction barriers for a system were calculated as the energy
difference between the highest energy configuration on the path
and the start and end positions, respectively. We applied the lin-
ear interpolation scheme to radical systems using the evaluation
data, and for additional analysis, to part of the training data.

2.2 Atomistic machine-learned potential architectures

For all models, we optimized the recommended hyperparameters
for our use case while considering training times and computa-
tional resources.

2.2.1 SchNet.

We employed the Keras Graph Convolution Neural Networks
(KGCNN)2Z implementation of SchNet with a TensorFlow back-
end, optimizing energy and force predictions. We used six con-
volutional interaction blocks with 128 feature dimensions and set
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the distance cutoff to 5 A. Radial basis function expansion was
applied to pairwise distances using 25 Gaussian functions with a
distance cutoff of 5 A and scaling parameter of 0.4 1 /Az. The
interaction blocks used shifted softplus as the activation function
with a pooling method of scatter-sum to aggregate atomic contri-
butions. The models were trained using the Adam optimizer with
an initial learning rate of 103 and loss weights of 1 for energy
and 49 for forces. We applied a linear warmup exponential learn-
ing rate scheduler, exponentially decreasing the learning rate by
0.995 per epoch after one warmup epoch. We used a batch size
of 32 and trained the model for 1000 epochs. We applied an
extensive scaler for scaling per-species energies, performing a lin-
ear regression to calculate the mean energy per atom type and
standard deviation to remove the atomization energy per atom
species.

2.2.2 Allegro.

We used the Allegro PyTorch implementation as provided by
Musaelian et al.'8 and built all models with three layers, a ra-
dial cutoff of 5 A, and a latent space with 64 channels. The ra-
dial basis expansion used eight trainable Bessel functions with a
polynomial cutoff p = 6 and maximum spherical harmonics order
Imax = 2. The two-body latent MLP consists of four hidden lay-
ers with dimensions [128, 256, 512, 1024], utilizing SiLU non-
linearities and uniform weight initialization. For the latent MLP,
which processes higher-order features, we used three hidden lay-
ers with dimensions [1024, 1024, 1024], employing SiLU acti-
vations and uniform weight initialization. A residual connection
was applied in the scalar latent space to facilitate efficient prop-
agation of scalar information across layers. The final per-edge
energy MLP had a single hidden layer of dimension [128], no
nonlinearity, and uniform weight initialization. We trained all Al-
legro models using the Adam optimizer with default parameters
Bi =0.9, B, =0.99, and & = 10~8 without weight decay, using a
batch size 5 and a joint per atom MSE loss function with weights
1.0 and 1.0 for both energy and forces. The initial learning rate
of 0.001 was reduced by 0.8 using an on-plateau scheduler based
on the validation MAE of the energy with a patience of 50. Early
stopping was employed when either the learning rate reached a
value of 1079, the validation loss did not improve for 50 epochs,
or 1000 training epochs were reached. Per-species energy scaling
was applied to normalize atomic energies during training using
a Gaussian process regression to compute the mean energy per
atom type and standard deviation.

2.2.3 MACE.

We employed the MACE PyTorch implementation as provided by
Batatia et al. 12 building two-layer models with /.. = 2 in the
spherical harmonic expansion, 128 feature channels, and cor-
relation order N=3, i.e., exchanging four-body messages. We
generated radial features using 8 Bessel basis functions with a
polynomial envelope with cutoff p = 5 and set the size of the
MLP processing these features for all models to [64,64,64] using
SiLu activation functions. The readout function performs a linear
transformation in the first layer, while the second layer consists
of an MLP with a single layer and 16 dimensions. Models were
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Starting from SMILES representations of amino acids and dipeptides, we generated

3D coordinates using RDKit. After optimizing to get the minimum energy structures, we generated conformers on which we applied normal mode
sampling to obtain non-equilibrium structures (b). These configurations serve as input for generating inter- and intra-HAT radical systems (c). Reaction
configurations are then sampled by randomly translating the hydrogen atom designated for transfer. Additional evaluation data for the barriers is

generated by linear interpolation of the hydrogen atom (d).

trained using the Adam optimizer with the AMSGrad variant, with
standard parameters f8; = 0.9, B, = 0.99, and &€ = 10~%. The learn-
ing rate was initially set to 0.005, and an on-plateau scheduler
was used to decrease it by a factor of 0.8, with a patience of 50
epochs, based on the validation loss. For the validation set and
final model evaluations, we used an exponential moving average
with a decay factor of 0.99. We used a weighted loss function as
described in Batatia et al.12. Initially, the weights for energy and
forces were set to 1 and 10, respectively. After 650 epochs, we
initiated the second training stage with a reduced learning rate
of 1073 and a focus on energy loss, with weights set to 1000 for
energy and 100 for forces. We trained all MACE models for 1000
epochs and set the batch size to 5. The per-atom energy and stan-
dard deviation were calculated using a least-squares regression,
which was used to normalize the data during training.

3 Results and discussion

3.1 Datasets

We generated datasets for training and evaluating three atomistic
ML potential architectures, SchNet, Allegro, and MACE, on their
ability to predict potential energy surfaces for hydrogen atom
transfer (HAT) reactions in peptides. These datasets include both
individual reaction configurations and linearly interpolated hy-
drogen transfer pathways to enable indirect estimation of reac-
tion barriers. All data were generated synthetically through a
workflow (see Section and calculated both at semi-empirical
(xTB) and DFT levels of theory. A semi-empirical tight-binding
model (xTB) was initially used to generate a large and diverse
dataset for model development, hyperparameter optimization,
and scaling law analysis. In total, we generated 172,042 reac-
tion configurations, of which 45,724 correspond to linear inter-

vi | Journal Name, [year], [vol], 1

polations between hydrogen donor and acceptor positions (see
Section [2.1.2). The scaling law analysis (Section enabled
us to approximate the training set size required to achieve mean
absolute errors (MAEs) below 40 meV (1 kcal/mol) for reaction
barrier predictions. Based on this analysis, we selected a sub-
set of the xTB dataset for more accurate density functional the-
ory (DFT) calculations. Energies and forces were recalculated
at the bmk/def2-TZVPD level using TURBOMOLE, resulting in a
DFT dataset with 125,365 configurations, including the full set of
45,724 linear interpolations.

3.1.1 xTB datasets.

We used the semi-empirical tight-binding method xTB2l with
an implicit solvent model (¢ = 10) to compute energies and
forces during dataset generation. An epsilon value of 10.0 was
chosen to approximate the dielectric environment of collagen
(SI Figure 1).

3.1.1.1 xTB dataset: reaction configurations. = SMILES
representations of all 20 amino acids and 400 dipeptides (with
and without capping groups) were used as the starting point. The
capping groups—NH—-CH; at the C-terminus and acetyl at the
N-terminus—were chosen to mimic the environment of a type I
collagen backbone. To sample relevant conformational space, we
applied normal mode sampling to the five lowest-energy and five
randomly selected conformers of each molecule. Configurations
were retained only if their energy remained within 5.0 €V of the
equilibrium structure. Radical systems for HAT were created by
generating all possible combinations of intra- and intermolecular
donor-acceptor pairs, including amino acids and dipeptides
with and without capping groups. This resulted in a total
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of 126,318 unique radical systems. To create intramolecular
HAT systems, we equally sampled normal mode sampling
configurations across all molecule types(amino acids, dipeptides
capped/uncapped). We considered all possible pairs of molecule
types for intermolecular HAT systems, i.e., HAT between two
amino acids, amino acid and dipeptide, two dipeptides (capped
and uncapped), all equally weighted. From each radical system,
we generated one reaction configuration by randomly sampling a
hydrogen position ry using the method described in Section
Our preliminary tests showed that including a larger variety of
systems improves model generalization more effectively than
including multiple configurations per system. As a result, only
one configuration—either a start, end, or intermediate hydrogen
position—was retained per system, yielding a dataset of 126,318
single-point reaction configurations. System sizes ranged from
15 atoms (e.g., uncapped single amino acids) to approximately
130 atoms (e.g., capped dipeptide-dipeptide pairs). Energy and
distance distributions are provided in the SI (see SI Figure 2). For
training and evaluation, the xTB dataset was split into subsets
while preserving the distribution of system types (intra- vs.
inter-HAT and molecule combinations). The maximum training
set size used was 112,191. Detailed dataset statistics and splits
are provided in Table 1 in the SI.

3.1.1.2 xTB dataset: linear interpolations. To assess the
ML models’ ability to reproduce reaction barriers indirectly, we
constructed a separate dataset of linearly interpolated hydrogen
positions between donor and acceptor atoms, based on radical
systems from the xTB dataset. As described in Section [2.1.2]
each interpolation consists of 12 configurations (10 intermedi-
ate steps plus start and end points). Sampling equally from all
system types, we selected 1,861 radical systems from the train-
ing data and 2,164 from the test data, resulting in 21,104 and
24,620 configurations, respectively. These datasets were not used
for training but only for the evaluation of indirect barrier predic-
tions.

3.1.2 DFT datasets.

We recalculated a subset of the xTB data at DFT level using the
BMK (Boese-Martin for Kinetics) meta-hybrid functional and
the def2-TZVPD basis set, implemented in TURBOMOLEZE, BMK
was developed specifically to improve transition-state energetics
and barrier heights for thermochemical kinetics at moderate
computational cost??. Consistent with this design goal, BMK has
been assessed in hydrogen-abstraction benchmarks and performs
competitively in a recent large benchmark of radical addition
reaction barriers and energies=?3L, We employ the def2-TZVPD
basis set, which includes diffuse functions that are beneficial
for radical species and H-transfer transition-state regions. As
with the xTB calculations, we used an implicit solvent model
with € = 10 to approximate the aqueous protein-like peptide
environment. This choice is consistent with smooth-dielectric
analyses of proteins and was further supported by our sensitivity
tests of HAT barrier heights with respect to e (SI Fig. 1)32,
Starting from the xTB configuration pool, we submitted selected
configurations to single-point DFT recalculation with TURBO-
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MOLE. Approximately 5% of submitted calculations did not
converge and were excluded.

3.1.2.1 DFT dataset: reaction configurations. The final
DFT reaction-configuration dataset comprises 79,641 single-point
configurations from the xTB reaction-configuration dataset. For
consistency, we preserved the same configuration indices and
data splits across both theory levels. Distribution plots and
statistics are provided in the SI Table 1.

3.1.2.2 DFT dataset: linear interpolations. The entire XTB
interpolation dataset (45,724 configurations) was recalculated at
the DFT level, preserving the same system identities and splits
(1,861 training, 2,164 test). As shown in Figure the DFT barri-
ers are consistently higher than those calculated by xTB, indicat-
ing that xTB systematically underestimates HAT barrier heights in
peptides (see SI Figure 3).

3.2 MACE outperforms other atomistic machine-learned po-
tential architectures.

We investigated the three atomistic ML potential architectures,
SchNet, Allegro, and MACE, for predicting energies, forces, and
(indirectly) reaction barriers of HAT reactions. Our comparison
focuses on learning efficiency (scaling laws), transferability to
larger systems, and training costs. assessing their scaling laws,
transferability to larger systems, and training efficiency. Note
that all models were trained on reaction configurations only,
as described in Section [3.1.1] and Linear interpolation
datasets were only used to evaluate the models. All models were
trained on an NVIDIA A100 GPU with 40 GB of memory.

3.2.0.1 Learning curves. To assess learning behavior, we
trained each model on increasing subsets of both xTB and DFT
datasets, using identical configurations, evaluation splits, and
model-specific hyperparameters across experiments. Learning
curves for energy and force MAEs, and therefore also barrier
MAEs, decrease as expected with increasing dataset size (Fig-
ure [4] SI Figure 4a). Across all dataset sizes, MACE consistently
achieves the lowest errors, followed by Allegro, with SchNet
showing the highest MAEs. When comparing models trained on
xTB vs. DFT data, the former consistently exhibits lower errors
(Figure [4, SI Figure 4b), suggesting that the xTB PESs are in-
herently easier for the models to learn. For MACE, the learn-
ing curves for xXTB and DFT do not run parallel. As the dataset
size increases, the gap between the two widens, particularly for
force and energy errors. This suggests that DFT-level PESs intro-
duce more complexity, likely requiring higher-order interactions
or richer model capacity to be fully captured.

3.2.0.2 Model transferability. To evaluate model generaliza-
tion beyond the training distribution, we trained each model on
30,661 DFT configurations with fewer than 50 atoms and tested
on a dataset of 34,853 configurations with more than 50 atoms.
Performance was also measured on a 3,411-configuration test set
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Fig. 3 a) Barrier height distributions from linear interpolation test datasets calculated at the xTB and DFT levels. The linear data was only used in test
sets, not in training. xTB systematically underestimates barrier heights relative to DFT. b) Example interpolation from the test set for intermolecular
HAT between capped Arginine-Glutamate and Lysine-Proline dipeptides (98 atoms). xTB barrier: AE =2.50 eV, AE g =2.85 eV; DFT barrier:

AElefl =3.25 eV, AErighl =3.37 eV.
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of small systems for comparison. All models exhibit limited trans-
ferability to larger systems in terms of energy and barrier MAEs
(Table . Force MAEs, however, remain stable or even improve
with increasing system size (Figure[5p). MACE again outperforms
both Allegro and SchNet across all metrics. A deeper analysis of
MACE on varying system sizes shows that energy MAEs increase
with system size, while force MAEs decrease, due to the additive
nature of energy prediction errors and stable local force accu-
racy. For intermediate-sized systems (60-70 atoms), we observe
a slight peak in per-atom energy MAEs, followed by a decrease
for even larger systems. No clear trend is visible for barrier esti-
mations based on the energy predictions (SI Figure 5).

Table 1 Model performance on small (< 50 atoms) and large (>50
atoms) DFT test systems. All models were trained on 30,661 small
configurations

Energy MAE Force MAE Barrier MAE
Model (meV) (meV/A) (meV)
SchNet (<50 atoms) 100 74 100
Allegro (<50 atoms) 60 45 58
MACE (<50 atoms) 50 33 47
SchNet (>50 atoms) 234 71 146
Allegro (>50 atoms) 120 44 94
MACE (>50 atoms) 100 31 66
1.0
X095
=
8 —@— Energy per Atom
N 090 Force
g Training Range
2085
0.80
0-50 51-60 61-70 71-80 81-90 91-100 101-120

System Size (Number of Atoms)

Fig. 5 MACE is transferrable to different system sizes: Force MAEs and
per-atom energy MAEs vs. atom count. The per-atom energy MAE
initially increases, then decreases with increasing system size.

3.2.0.3 Training efficiency and resource trade-offs. Train-
ing times for Allegro and MACE are substantially longer than for
SchNet across all dataset sizes (Figure[BR). MACE requires up to
20 times more GPU hours than SchNet, but achieves comparable
or better force accuracy with only half the data (Figure[6p), high-
lighting a trade-off between data efficiency and computational
cost.

3.3 Final DFT model training

To obtain final models trained on all available data, we trained
SchNet, Allegro, and MACE on 65,514 DFT configurations and
tested on 6,836 unseen configurations. Reaction barriers were de-
rived from direct energy predictions for 2,164 HAT test systems,
comprising 24,620 single-point evaluations. MACE achieves
the best performance, with the lowest energy (68 meV), force
(28 meV/IOX), and barrier (49 meV) MAEs (Table . Despite
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higher errors in energy predictions, all models exhibit lower er-
rors in barrier predictions, likely due to systematic error cancella-
tion when models systematically over-/underestimated energies.
In some cases, predicted energy profiles closely match DFT ref-
erence values (Figure ), while in others, consistent over- or
underestimation across the pathway leads to accurate relative en-
ergies and barriers (Figure ).

Table 2 Test error of final models trained on 65,514 DFT configurations
and tested on 6,836 unseen configurations and 2,164 barrier evaluations

Energy MAE Force MAE Barrier MAE
Model (meV) (meV/A) (meV)
SchNet 97 58 96
Allegro 79 36 60
MACE 68 28 49

3.4 Molecular dynamics simulations

We assessed whether our learned PES (MACE, trained on DFT
data) is stable for short finite-temperature MD simulations and
whether it can reproduce reactive HAT events across 30 unseen
test systems. To do so, we integrated the trained model into ASE
as a calculator that provides energies and forces for each step of
the NVT simulation. We considered three settings: unbiased dy-
namics, medium steering, and strong steering. Steering applies
a one-dimensional bias along the donor-acceptor transfer coor-
dinate, using a harmonic restraint that is linearly shifted from
an initial to a target value over a set number of steps. For each
system, we launched five independent replicas with randomized
velocity seeds and trajectory lengths of 100 ps (unbiased) and
50 ps (steered). Detailed configurations for the simulations and
per-system results are provided in the SI4, table SI3. We consid-
ered a successful HAT transfer if the transferring H-atom’s nearest
heavy-atom neighbor switches from the original donor to the in-
tended acceptor and remains in this state until the end of the
simulation. Across 30 unseen HAT test systems, HAT occurred
spontaneously in 6 systems under unbiased dynamics (success
probability by the end P.,g = 0.10), in 19 systems under medium
steering (Pepg = 0.51), and in 24 systems under strong steering
(Peng = 0.65). All trajectories maintained stable total energies and
temperatures throughout the simulations. In two systems, a short
initial temperature spike was observed in 1 out of 5 replicas each,
which relaxed within < 0.5 ps and did not affect the subsequent
dynamics. These results confirm that the learned MACE poten-
tial is stable for finite-temperature dynamics and can both sustain
and promote HAT events under moderate biasing.

3.5 Out of distribution evaluation

To test whether our DFT-trained ML potential generalizes beyond
our generated data, we evaluated it on HAT systems extracted
from collagen I MD snapshots. This out-of-distribution (OOD)
set probes new local chemistry, more irregular environments, and
realistic finite-temperature geometries. Collagen snapshot struc-
tures were obtained from an atomistic collagen model generated
with Colbuilder®? and simulated under tension using GROMACS
2020 (details in the SI and in Rennekamp et al. 2023 34). From
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two representative frames, we identified HAT donor-acceptor can-
didates and, for each, constructed matched parent-child pairs that
preserve the same H-transfer to investigate the effects of size and
context on the barriers. For intra-HAT, the parent is a capped
tripeptide, and the child is the corresponding capped dipeptide
obtained by removing one residue from the parent. For inter-
HAT, the parent is a pair of one capped dipeptide and one capped
amino acid, and the child removes one amino acid from the dipep-
tide, leaving the D-H-A identity unchanged. We added the same
capping groups as for our training data (N-terminus acetyl and
C-terminus—NH—-CH4 groups). For each system, we generated
a 12-image linear H-transfer path (10 intermediates plus end-
points) and defined left/right barriers as the path maximum rela-
tive to the start/end states, as in our evaluation protocol. We com-
puted single-point energies and forces at the BMK/def2-TZVPD
level to match the trained model’s level of theory. The final OOD
benchmark contains 148 HAT systems (74 intra, 74 inter), span-
ning 28-75 atoms.

Barrier analysis across 74 paired full (parent) and reduced (child)
peptide systems reveals that the parent and child barrier distribu-
tions largely overlap. The median child—parent shift is 0, and
mean per-pair deviations are small (0.08 e€V). The same conclu-
sion holds when splitting into intra vs. inter subsets. Smaller
capped systems that keep only the residues directly connected
to the donor and acceptor yield barrier estimates comparable to
those of the full systems, with only minor case-by-case differ-
ences.

Our trained MACE model achieves a barrier MAE of 76 meV over
all systems, an energy MAE of 331 meV, and a force MAE of 47
meV/A. After excluding 22 outlier systems, the barrier MAE de-
creases to 72 meV, the energy MAE to 90 meV, and the force MAE
to 38 meV/A. The flagged systems all show a near-constant en-
ergy offset along the reaction path, indicating that most of their
energy error stems from system-specific constant shifts rather
than from errors in the shape of the reaction profile. Compared
to the synthetic data, the errors are higher in absolute terms, as
expected from an OOD test, but barriers remain comparatively
robust due to cancellation of systematic offsets within each tra-
jectory. Larger parent and smaller child systems exhibit similar
barrier MAEs (76 meV each), indicating that the model retains its
barrier accuracy even when the environment is increased, as long
as the local H-transfer motif is preserved. On realistic systems de-
rived from collagen I snapshots, our trained MACE model thus
preserves barrier shapes well and achieves near-in-distribution
barrier accuracy. Once outliers with per-system offsets are re-
moved, it also approaches near-in-distribution energy and force
errors.

3.6 Discussion

We developed a pipeline for generating xTB and DFT-labeled
configurations of HAT reactions in peptides and used it to in-
vestigate three ML potential architectures: SchNet, Allegro, and
MACE. The xTB data served us in our initial tests to estimate suf-
ficiently large training datasets and allowed us to compare learn-
ing difficulties between a semi-empirical PES and a DFT PES.
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Beyond xTB, pretrained universal ML potentials (e.g., MACE-
OFF=2) could be used both in the exploration stage to propose
reaction configurations and approximate labels, and as inexpen-
sive surrogates to estimate reaction energetics and barrier pro-
files. However, our peptide-radical HAT setting involves open-
shell chemistry, includes formally charged systems, and uses an
implicit-solvent reference PES, whereas current foundation mod-
els are typically trained and validated for neutral, closed-shell,
nonreactive molecules at a fixed DFT reference level. Conse-
quently, direct baseline comparisons of HAT barrier errors are not
straightforward without re-labeling at the foundation-model ref-
erence level and careful domain alignment. Since our key find-
ings rely on consistent DFT re-labeling, we did not investigate
foundation-model baselines in this study. We used an implicit sol-
vent model for all calculations. Explicit water and heterogeneous
protein environments are expected to modulate barrier heights.
In this work, we tested barrier sensitivity and selected a dielectric
constant value to approximate the peptide environment. To miti-
gate this limitation, future datasets could include explicit solvent
shells and counter-ions around the reactive site during DFT la-
belling. At the model level, ML/MM approaches can be employed
to capture environmental responses while maintaining DFT-level
accuracy at the HAT center.

MACE consistently outperforms the other models regarding en-
ergy, force, and barrier MAEs but is also the most computation-
ally demanding. Allegro achieves slightly lower accuracy and has
comparable training costs. SchNet trains quickly but suffers from
higher prediction errors, especially when the dataset size as well
as the budget for training compute is large. Models trained on
xTB data achieve lower errors than their DFT-trained counter-
parts, suggesting that xXTB PESs are inherently easier to learn,
at least for the HAT/peptide systems investigated here. The ap-
proximate nature of the xTB PES might reduce the complexity
of the PES compared to DFT. DFT-trained models may better re-
flect physical reality despite higher energy and force errors. As
dataset sizes increase, this difference becomes more pronounced,
particularly for MACE, indicating that DFT PESs likely require
more complex models or additional model capacity (e.g. higher-
body terms). Though hyperparameter searches were conducted
for both data types, they were limited to small datasets due to
training costs. Improved performance on DFT data might be
achievable with more extensive hyperparameter tuning on larger
datasets.

Our MD experiments demonstrate that the learned MACE-DFT
potential is dynamically stable and supports reactive HAT at finite
temperature. Under unbiased NVT dynamics, spontaneous HAT
events occurred in a minority of test systems, whereas physically
motivated steering increased the event frequency. This suggests
that the model could, in principle, be used as a starting point for
enhanced-sampling calculations of HAT-free energies or further
refinement toward broader coverage of reactive peptide config-
urations. The steering coordinate g used here could be reused
directly as the collective variable for umbrella windows or as the
bias in well-tempered metadynamics. However, enhanced sam-
pling can deliberately drive the system into high-energy and thus
rarely sampled regions, where the current model may be forced to
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extrapolate. Therefore, quantitative free-energy estimates are not
validated by the present MD tests alone and might require active
learning. It is expected that some regions of configuration space
will be poorly sampled, e.g. near transition states. Incorporat-
ing an active-learning strategy that monitors model uncertainty
during MD and triggers targeted DFT re-labeling in those regions
could improve sampling, reduce bias, and accelerate convergence
of the free-energy estimates.

Energy prediction transferability to larger systems is challenging
for all model architectures we investigated, likely because global,
extensive properties such as total energy suffers from additive
errors. The relatively stable or even improved force MAEs sug-
gest that models generalize well locally, and that force predictions
benefit from larger local environments or averaging effects in big-
ger systems. For very large systems, long-range interactions be-
yond the chosen cutoff may become important. Because SchNet,
Allegro, and MACE are primarily local (finite-cutoff) models, such
contributions cannot be fully captured unless the architecture is
augmented=6"38 or the cutoff substantially increased.

Compared to our in-distribution tests, the collagen I MD-snapshot
evaluation is an explicit out-of-distribution stress test introducing
finite-temperature strain, context truncation, and a shifted geom-
etry distribution. Our generated training data spans all residues
in idealized contexts, whereas the collagen snapshots sample a
subset of chemistries in specific packed environments and sit off
minima with thermally distorted bonds, angles, and torsions. De-
spite this mismatch, our model achieves a barrier MAE of 76 meV
on the full extracted snapshot set, and overall barrier shapes
and TS locations are retained. Our analysis of reaction barri-
ers in parent/child systems indicates that barriers remain essen-
tially unchanged when trimming the environment. Larger parent
and smaller child systems exhibit similar barrier MAEs, highlight-
ing size transferability and showing that we can, in practice, use
smaller capped systems as long as the local H-transfer motif and
its immediate contacts are preserved. A small number of matched
parent—child systems were flagged as outliers, all of which ex-
hibit a nearly constant offset between predicted and DFT ener-
gies along the reaction path. These outliers occur in both intra
and inter HAT motifs and span neutral as well as charged residue
combinations, indicating that they are not confined to a single
topology or simple residue type. Instead, the model reproduces
the barrier shape for these cases but assigns an incorrect abso-
lute energy reference to the capped fragment, consistent with
a fragment-specific calibration error rather than a failure to de-
scribe the reaction coordinate itself. In practice, these cases dom-
inate the global energy MAE but have limited impact on barrier
errors, since the constant offset largely cancels along the path.
Applying MACE at the collagen scale could be made possible us-
ing hybrid schemes rather than single end-to-end models. One
option could be ML/MM embeddings that treat only the reactive
HAT region at ML accuracy, while the protein/solvent environ-
ment remains classical. Alternatively, the ML potential could be
used as a barrier emulator within large-scale kinetics (e.g., ki-
netic Monte Carlo24%) driven by on-the-fly computed ML bar-
riers along representative pathways. For small datasets (<10k
configurations), SchNet offers a practical trade-off between train-
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ing time and accuracy. In some cases, if a limited amount of re-
sources is available, it might be more efficient to train more data
on SchNet for fewer GPU hours (Figure @3). For larger datasets
(>30k configurations), MACE becomes more advantageous due
to its data efficiency, despite longer training times. Allegro falls
in between in terms of both cost and performance. All models
were trained on a single GPU for consistency, but MACE in partic-
ular supports parallel training, which could significantly reduce
training time. All models achieve more accurate barrier predic-
tions than direct energy predictions, likely due to error cancel-
lation within reaction pathways. Overall, our results show that
machine-learned potentials can accurately predict DFT-level reac-
tion barriers from direct energy predictions, with MACE providing
the most reliable and generalizable performance across the tasks
considered. In our tests, we used linear interpolations for barrier
estimations, which need to be refined via optimization and tran-
sition state searches to get more accurate barriers. However, our
scheme of indirectly predicting the reaction barriers should work
equally well when using refined reaction configurations. More ac-
curate barriers could also be obtained via transition state searches
using the trained models directly, since they provide a cheaper
way to get Hessians via auto-differentiation. As MACE provides
differentiable energy landscapes, it could also be integrated into
such optimization schemes. To do so, we would need further
tests to ensure accurate Hessian predictions, but initial investiga-
tions already suggest this works well4L, Finally, combining our
pretrained models with transition state search algorithms is also
very well suited to be used in an active learning approach to re-
train models on relevant PES regions for HAT reactions.

Conclusions

In this work, we developed a workflow for generating datasets
and training machine learning potentials for HAT reactions in
peptides. We trained and assessed the performance of three atom-
istic ML potential architectures, SchNet, Allegro, and MACE, on
both semi-empirical (xTB) and DFT-level potential energy sur-
faces.

MACE consistently outperforms SchNet and Allegro in energy,
force, and reaction barrier prediction accuracy, albeit at a higher
computational cost. Our best MACE model achieved a mean abso-
lute error of 1.13 kcal/mol in indirectly predicting DFT-calculated
HAT reaction barriers, substantially improving upon previous ma-
chine learning approaches. This accuracy is critical for reliable
reaction rate predictions, as errors in barriers propagate exponen-
tially into rate constants. Our approach leverages direct energy
predictions to model complex PESs and estimate reaction barriers
without the need for explicit transition-state data, offering a gen-
eralizable alternative to direct barrier prediction schemes. Our
analysis of scaling laws, transferability, and training costs high-
lights the importance of balancing model complexity, dataset size,
and computational resources. While xTB PESs are easier to learn
and allow fast prototyping, they may limit generalization to high-
accuracy regimes. In contrast, DFT-trained models better reflect
physical reality and are essential for robust and transferable pre-
dictions.

The trained models show good transferability of force predictions
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across system sizes, though total energy errors grow with system
size, likely due to a lack of out-of-distribution generalization to
larger systems and missing long-range interactions.

Our short MD experiments indicate that the learned potential re-
mains numerically stable under finite-temperature dynamics and
can sustain reactive sampling under moderate biasing, supporting
its feasibility as an engine for exploratory HAT sampling. More-
over, because reaction barriers can be extracted from the learned
PES, the trained model can serve as an emulator in large-scale
simulation workflows, for example, as input to kinetic Monte
Carlo or hybrid MC/MD schemes that invoke reactive events.
Building on this, umbrella sampling along the H-transfer coor-
dinate or metadynamics on the same CV are promising next steps
toward HAT free-energy profiles at MACE cost. However, quan-
titative free-energy estimates will require additional validation
because biasing may drive the system into regions outside the
training distribution. Coupling enhanced sampling to an active-
learning loop that identifies high-uncertainty configurations for
selective DFT relabeling provides a practical route to improve re-
liability and obtain accurate free-energy predictions. We eval-
uated the DFT-MACE potential on collagen I MD—derived HAT
snapshots, which is an explicit out-of-distribution setting relative
to our benchmark, to test transfer to a realistic peptide environ-
ment. Our MACE potential generalises well beyond its synthetic
training set. It preserves barrier shapes and TS locations and
achieves barrier errors that remain within a few 10 meV of its
in-distribution performance. The similar accuracy on larger par-
ent and reduced child systems demonstrates size transferability,
enabling the use of compact capped fragments without sacrific-
ing barrier fidelity. The few remaining outliers are dominated
by fragment-specific constant energy offsets rather than distorted
reaction profiles, pointing to clear avenues for improvement via
targeted retraining or simple fragment-level corrections that re-
duce system-specific shifts while retaining the already robust bar-
rier predictions. Transition-state optimization with ML-predicted
Hessians could further refine barrier predictions. An active learn-
ing strategy that combines pre-trained models with automated
transition state searches may help systematically improve accu-
racy and broaden the configurational diversity of training data*2.
The presented workflow is not limited to HAT in peptides and can
be translated to other reactive motifs in biomolecular fragments.
More broadly, such PES-based models enable quantum-accurate,
data-driven barrier prediction and reactive-event modeling that
can be integrated into large-scale biomolecular simulation work-
flows.
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