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On-the-fly fine-tuning of foundational neural
network potentials: a Bayesian neural network
approach

Tim Rensmeyer, (2* Denis Kramer and Oliver Niggemann

Due to the computational complexity of evaluating interatomic forces from first principles, the creation of
interatomic machine learning force fields has become a highly active field of research. However, the
generation of training datasets of sufficient size and sample diversity itself comes with a computational
burden that can make this approach impractical for modeling rare events or systems with a large
configuration space. Fine-tuning foundation models that have been pre-trained on large-scale material
or molecular databases offers a promising opportunity to reduce the amount of training data necessary
to reach a desired level of accuracy. However, even if this approach requires less training data overall,
creating a suitable training dataset can still be a very challenging problem, especially for systems with
rare events and for end-users who don't have an extensive background in machine learning. In on-the-
fly learning, the creation of a training dataset can be largely automated by using model uncertainty
during the simulation to decide if the model is accurate enough or if a structure should be recalculated
with quantum-chemical methods and used to update the model. A key challenge for applying this form
of active learning to the fine-tuning of foundation models is how to assess the uncertainty of those
models during the fine-tuning process, even though most foundation models lack any form of
uncertainty quantification. In this paper, we overcome this challenge by introducing a fine-tuning
approach based on Bayesian neural network methods and a subsequent on-the-fly workflow that
automatically fine-tunes the model while maintaining a pre-specified accuracy and can detect rare

rsc.li/digitaldiscovery

1 Introduction

Ever since the discovery of the laws of quantum mechanics
a century ago, the prediction of molecular and material prop-
erties such as stress-strain relationships or catalytic activity
from first principles has, in theory, been possible."* However, in
practice, this task remains challenging even to this day.>* The
major difficulty lies in the exponentially growing computational
complexity of solving the underlying Schrédinger equation with
an increasing number of electrons.' As a consequence, several
approximate methods for property prediction have been devel-
oped, which are computationally tractable for larger systems at
the cost of varying degrees of accuracy.

Density Functional Theory (DFT) in particular, has estab-
lished itself as a valuable tool in computational chemistry that
allows the computation of many material and molecular prop-
erties, such as electronic structure, binding energies and
interatomic forces with a high degree of accuracy and
a computational complexity that is feasible on a typical high-
performance cluster for many tasks.* While DFT has enabled
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events such as transition states and sample them at an increased rate relative to their occurrence.

the investigation of the properties of individual materials at
quantum mechanical accuracy, high-throughput screening of
materials or molecules for desired properties still remains very
computationally = demanding.  Furthermore, = Molecular
Dynamics (MD) - the simulation of the time evolution of
molecular systems and materials - remains challenging, as the
forces on all atoms have to be calculated at each timestep. This
severely limits the time horizon that can be achieved in a prac-
tical amount of time using DFT.?

Subsequently, the development of machine learning models
that can predict interatomic forces has become an active field of
research.” Here, neural networks have become a promising
approach. These models have made great strides in the past
years and can achieve much higher accuracy than previous
methods with just a few hundred well-sampled training
configurations of a specific system, in some cases.®** Even more
alluring is the prospect of not starting the training from scratch
but instead using one of the models from the growing collection
of publicly available foundation models.”*™*° These models have
been pre-trained on large databases of materials or molecules
and can often model the overall dynamics of the system to
a certain degree of accuracy, but frequently fail to capture subtle
physical effects that might be of particular importance, as will
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be illustrated in Section 5. Moreover, the accuracy of a founda-
tion model is inherently limited by the level of theory used for
its pretraining dataset, which is often chosen on the basis of
speed and stability rather than accuracy. Fine-tuning is, there-
fore, often necessary to model specific system details accurately
and to bridge the gap between the level of theory used for pre-
training and the level that is required for modeling specific
properties accurately.*® Fine-tuning such pre-trained models
can significantly reduce the amount of training data necessary
to reach a desired accuracy when compared to training from
scratch,’*** making it an attractive approach.

However, a key challenge that remains even for fine-tuning is
how to select data points for training datasets of a specific system
of interest. While existing algorithms for fine-tuning foundation
models perform well on benchmark datasets, those benchmark
datasets are usually subsampled from very long MD-trajectories in
DFT that cover the entire space of atomic arrangements that can
occur. Simulating such an exhaustive trajectory to generate
a training set in an applied context, where a certain system of
interest is supposed to be investigated, can quickly become almost
as computationally demanding as the simulation the neural
network was supposed to replace. This is especially problematic for
systems with high-dimensional configuration spaces with large
degrees of freedom, for example, due to many rotational degrees of
freedom of single o-bonds or transition pathways between meta-
stable configurations or phases of the system.

At first glance, computing the trajectory at a lower accuracy
and computational complexity (e.g., with a minimal basis set)
and then recalculating some subset of those configurations at
the desired accuracy appears like a simple solution to increase
sample diversity and reduce computational demand. However,
this is often not feasible. For example, using minimal basis sets
in DFT can alter the predicted equilibrium bond distances by
a few percent when compared to large basis sets. In practice,
this can lead to almost disjoint radial distributions, as shown
for the nitrogen molecule in Fig. 1, even though many other
physical properties, such as formation energy and vibrational
frequency, can be similar to the higher accuracy method.

Using the foundational neural network model itself to
generate the training data for fine-tuning is also often not that
easy. For example, the model might predict the wrong phases at
the target temperature, as will be illustrated in a later example.
This is especially problematic in instances where the correct
phase diagram of the material is not known beforehand.

In general, a problem with using a faster approximate
method to generate unlabeled training data is that while
trajectories generated by such models can often be accurate, it
is difficult to assess if this is the case in any particular appli-
cation. This is especially challenging because qualitatively
inaccurate modeling of a system phenomenon by such a model
might still appear plausible without extensive analysis a poste-
riori. If this model simulates a process of interest, such as
a state transition or phase behaviour, qualitatively inaccurately,
then the training data generated from such a simulation will
lack explicit and accurate examples of this phenomenon of
interest. Therefore, it is difficult to assess whether the subse-
quently finetuned model will be able to accurately simulate the
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Fig. 1 Radial distribution functions of a nitrogen molecule at 500
kelvin computed with a minimal STO-3G basis set and an extensive
triple-Zeta basis set. A B3LYP functional®®=%° was used with both basis
sets. Because the minimal basis set overestimates the equilibrium
bond distance with a prediction of 1.134 A, unlabeled data generated
from a simulation at this temperature with this basis set will contain
almost no molecular geometries where the bond distance is below the
equilibrium bond distance of around 1.085 A predicted by the more
accurate triple-Zeta basis set. Therefore, labeling this data with the
triple-zeta basis will lead to a biased training set that lacks information
from the repulsive regime of this basis set, providing a significant risk
for the model to degrade in accuracy for such states during a simula-
tion. For reference, the experimental value for the bond distance is
1.098 A which is significantly closer to the prediction with the triple-
Zeta basis set.

processes of interest, since a lack of relevant training structures
could potentially cause a significant degradation in its accuracy.
This poses a significant obstacle to the trustworthiness of the
fine-tuned model.

Even though researchers with sufficient experience in
machine learning force fields often find ways to create training
datasets for specific applications, the above discussion illus-
trates the significant challenges associated with and the work
required in creating training datasets in general. The tedious
and challenging burden of manually generating training data-
sets should, therefore, ideally be automated in order to allow
computational material scientists and chemists to focus on the
underlying physics and to lower the technical barrier of entry for
fine-tuning models to a reliable, trustworthy and accurate state
for less experienced users of machine learning force fields.

Moreover, for finetuning the foundational neural network
potentials inside high-throughput materials discovery work-
flows, for example, for calculating thermodynamic properties of
candidate materials, it would be very desirable if the finetuning
process were automated completely without requiring human
input for each material.

Uncertainty-based active learning methods have established
themselves as a way to automate the selection of training
data®*** by sampling structures with high model uncertainty
and potential energies that are low enough to be accessible at
the target temperature. Uncertainty-quantification methods
and uncertainty-based active learning are also attractive,
because they provide an additional layer of trustworthiness and
reliability by aiming to maintain high model confidence for all

© 2026 The Author(s). Published by the Royal Society of Chemistry
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structures that have a high likelihood of occurring during
simulations, even during rare events. Thus, the use of
uncertainty-based active learning for fine-tuning foundation
models appears very promising.

For example, on-thefly learning is an elegant approach®*
where the pre-trained model might be used to drive the dynamics
(e.g, MD simulation, transition state optimization, etc.) until
a configuration is encountered that exceeds a certain uncertainty
threshold. This configuration is then recalculated with quantum-
chemical simulation methods and used to update the model,
which then resumes the task until the next configuration above the
uncertainty threshold is encountered (Fig. 2). This approach has
the additional benefit of being very easy to use for non-machine
learning experts since essentially only the initial state of the
system and the uncertainty threshold would have to be specified.

Unfortunately, most foundational neural network potentials
do not come with an uncertainty estimate for their predictions.
Hence, the development of a framework to systematically update
a foundational neural network potential on new data while also
being able to assess its uncertainty would be very desirable.

Another challenge for fine-tuning foundational neural
network potentials on-the-fly is that the fine-tuning algorithm
has to be able to fit the training data and avoid overfitting
neural networks with millions of trainable parameters while
progressively building up the training dataset from a single
initial sample to possibly hundreds of training samples, even
though a validation dataset to detect overfitting is unavailable.

Moreover, a general challenge in uncertainty quantification
with neural networks is that even if the predicted uncertainties
are very well correlated with the error, this correspondence is
often not one-to-one. As an example, while a higher standard
deviation in the predictions of an ensemble of models might
imply a larger error than a smaller one, a standard deviation of
Oprea = 1 in the predictions might correspond to an actual
standard deviation in the error of o,pgerveq = 1.5. If a validation
set exists, the uncertainty estimates can be calibrated. For
example, by changing the predicted standard deviation to opreq
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Fig. 2 An illustration of the on-the-fly learning approach based on
Bayesian neural networks introduced in this work.
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— & X 0prea Where the rescaling factor § is estimated on the
validation set by matching the mean predicted variance to the
observed mean squared error on the validation set. Unfortu-
nately, in the case of on-the-fly learning, this is not an option,
since no validation set exists. In general, only the predicted
uncertainties and observed errors from the configurations that
were recalculated in DFT due to a large uncertainty can be used
as empirical data to estimate the miscalibration of the model.

A compounding challenge is that if at one point the recali-
bration factor is wrongfully estimated as too small, this mis-
calibration might not be correctable, since such
a miscalibration inhibits new DFT calls that could be used to
calibrate the model more accurately.

Bayesian neural networks have demonstrated a high quality
of uncertainty quantification comparable to classical ensemble-
based methods of uncertainty quantification for machine
learning models of interatomic forces and potential ener-
gies.*>* Further, they are inherently more robust to overfitting
by weighing preexisting knowledge in the form of the Bayesian
prior density and empirical evidence from training data via
Bayes' theorem.?”**

Due to these inherent properties, the principal research ques-
tion of this paper is whether it is possible to develop a framework
for on-the-fly fine-tuning of foundation models based on the
formalism of Bayesian neural networks that is capable of
addressing the additional challenges mentioned above.

The main contributions of this work are the following:

e We develop a simple Bayesian framework for uncertainty-
aware fine-tuning of foundation models, by harnessing
a simple transfer learning prior as well as Monte Carlo Markov
Chain (MCMC) sampling of an ensemble of models and
assessing the uncertainty via the disagreement in the predic-
tions of the models.

e We introduce a method for on-the-fly calibration of the
uncertainties during the fine-tuning process.

e We demonstrate that the resulting on-the-fly learning
workflow is capable of automatically fine-tuning foundation
models to a pre-specified accuracy and biasing the training
dataset towards rare events.

2 Interatomic force modeling using
Bayesian neural networks

Throughout the rest of this paper, bold case symbols designate
vectors and y|x denotes y conditioned on x.

Machine-learned interatomic force fields for molecules aim
to map an atomic configuration {(ry, z1), ..., (s, 2»)}, composed
of the nuclear coordinates r; R* and nuclear charges z;, to the
potential energy E and forces F; acting on each nucleus i € {1,
..., n}. The predicted forces can then, for example, be used in
combination with Newton's equations of motion to model the
time evolution of the molecules. For materials, the input will
usually also contain the lattice vectors, and the stress tensor will
often be predicted as well. Because generating large amounts of
high-quality training data is typically infeasible due to the high
computational demand of quantum-chemical simulation
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methods, modern machine learning models have several forms
of physical constraints built into them, in order to make them
more data efficient,”******° such as energy conservation by
calculating the forces as the negative analytical gradient of the
potential energy with respect to the atomic positions. Further,
rotation invariance of the potential energy is explicitly built into
modern neural network architectures.

2.1 Bayesian neural networks

Bayesian neural networks have demonstrated promising results
for modeling uncertainties in neural network predictions and,
in particular, in machine learning force fields.*****' The main
difference between the Bayesian approach to neural networks
and the regular approach is that the trainable parameters of the
neural network, e.g., its weights and biases, are modeled prob-
abilistically. For simplicity of notation, we denote by @ a vector
containing all the trainable parameters of the neural network.
For a given parameter vector 6 and input sample x, the neural
network predicts a probability density p(y|x, @) over the target
variable y. In the case of machine learning force fields for non-
periodic systems x will be an atomic configuration {(ry, z), ...,
(7n, 2,)} and y will be the potential energy and atomic forces {E,
F,, ..., F,}. For periodic systems, x will contain the lattice vectors
as well, and y might additionally contain the stress tensor. The
starting point of Bayesian methods is a prior density p() over
the parameters, which expresses a priori knowledge about
which sets of parameters are likely to result in a good model of
the underlying data distribution. Given some training dataset
D ={(x1,¥)s---, (Xm,¥,,,) } the prior density gets refined into the
posterior density p(0|D) using Bayes' theorem:

p(DI0)p(6)

poi) =

With the mild assumption on conditional independence
p(yh ceey ym‘xh ..‘,X,,,” e) = Hp(yi|xf7 9)

this can be simplified to

m

p(OD) = Z-p(0) [ [ p(yilx:,0)

P(X1, .oy Xm)
p(D)
input sample x, the probability distribution of the target

variable y can then be calculated via

where Z = is a normalization constant. On a new

P(yIx. D) = [ y}x.0)p(0IP)d0 = By (v}, 0)
Because this integral is almost never analytically tractable for

neural networks, a Monte Carlo estimate is typically used:

1
p(ylx, D) =

bl

K
> p(yIx,0;), 8; ~ p(8]D)
i=1

where the parameter sets 6; are sampled from the posterior
density using either approximate inference®** or MCMC
methods.** MCMC methods, in particular, have displayed good
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results in uncertainty quantification*® due to their ability to
sample different regions of the posterior. These methods work by
simulating a stochastic process over the space of neural network
parameters, which converges in distribution to the posterior.

2.2 Relation to other works

Even though Bayesian neural networks offer a very promising
opportunity to systematically incorporate and update pre-existing
knowledge via the prior density, we find that this approach is
very underutilized in the literature. In fact, we could only find two
instances in the literature where this was attempted.**® In the
work by Chen et al.,*® transfer learning of simulated to experi-
mental data was done via a Bayesian neural network prior. A
simple isotropic Gaussian prior with a mean derived during pre-
training was used in that work, which we will also employ here.

A more sophisticated approach for constructing a transfer
learning prior was introduced by Shwartz-Ziv et al.,*” where
a rescaled local approximation of the posterior on the pre-
training dataset was used as a prior. However, in the applica-
tions considered here, this approach is not practical since such
a prior would have to be constructed during the pretraining of
the foundation models, while we focus on fine-tuning founda-
tion models that have already been pre-trained.

Transfer learning of a pre-trained model for interatomic
force fields has been investigated by Kolluru et al.,** Zaverkin
et al.,”* Smith et al.*® and Falk et al.>* However, the modeling of
uncertainty has not been under consideration in those works.

After presenting our initial investigation of the uncertainty-
aware transfer learning approach in a non-archival peer-
reviewed venue,* there has very recently been one other work
published that does uncertainty-aware fine-tuning.*® However,
the integration into an active learning workflow, like on-the-fly
learning, is not under investigation in that work. Further, they
investigate instances where large training datasets of thousands
of training samples are available and are more focused on fine-
tuning for entire subclasses of materials. In contrast, we focus
on fine-tuning for specific systems where the size of the training
dataset varies from one to a few hundred training samples.

Finally, there are the seminal papers by Li et al.** and Van-
dermause et al.* for on-the-fly learning for molecular dynamics.
However, they use Gaussian processes as their substitutional
model, which are less data efficient than modern neural
network architectures and furthermore require training from
scratch instead of fine-tuning a pre-trained model.

3 Methodology

The fundamental prior assumption for fine-tuning neural
network models to specific applications is that the weights of
the pre-trained model are not quite right for the application and
have to be adjusted by an unknown small change. The idea for
the Bayesian fine-tuning approach is, that we model this
uncertainty in the correct weights explicitly via a transfer
learning prior that is a Gaussian distribution over the weights pr,
~ N(0, o1.’I) which is centered around the weights of the pre-
trained model 6, and has a small standard deviation o;. As we

© 2026 The Author(s). Published by the Royal Society of Chemistry
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progressively build up our training dataset, we refine the initial
uncertainty in the weights by applying Bayes' rule to calculate the
posterior. From the posterior, we then generate several sets of
neural network weights using Markov chain sampling, resulting
in an ensemble of models. We can then assess the uncertainty in
the prediction for new samples via the empirical variance of their
predictions, which provides a Monte Carlo estimate of the
posterior predictive uncertainty, while the average of their
predictions can be used for the overall prediction.

To calibrate the uncertainties on the fly, we use the following
Bayesian procedure:

The uncalibrated Bayesian Neural Network (BNN) models
the error eyhs = Epred — Erue a5

1 2
P(€loprea) = p(€obs = €loprea) = \/T———d?e"p( —05 a: dz)
pre re

Here, the predicted energy is the mean predicted energy of all
Monte Carlo samples and opeq is calculated from their
disagreement (see Appendix B.1-4 and B.9 for details). Similar
to what we described in the introduction, we want to calibrate
this distribution by introducing the calibration parameter A to
model the error distribution as

2 2
Lexp( —o.sae—z)
\/ 2TCUpred2 gpred

p(e‘apred> A) =

To calibrate the model, we want to estimate a suitable value
for 1 in order to match the raw uncertainties produced by the
model to actual error estimates. To do this, we use a Bayesian
estimator for A by introducing a prior in the form of a Gamma
distribution over A:

b a—1
p(A) = Gam(A|a, b) = @
Here, I denotes the gamma function. Doing this allows us to
utilize pre-existing knowledge from previous experiments about
what values are more likely for A. Furthermore, it enables us to
bias the calibration towards larger uncertainties during the
beginning of the run, where there is not enough empirical data
to accurately estimate 1 and thus avoid mistakenly making the
model incorrigibly overconfident by approaching the correct
calibration from the direction of underconfidence with
a growing dataset. Lastly, because Gamma distributions are
conjugate priors for Gaussians, using this form of a prior and
following the Bayesian procedure makes it possible to derive
analytical expressions for the probability that the magnitude of
the error is smaller than a predefined threshold K > 0 as

2K1"(a+n; 1)

mf<a+g)\/b+%n~M,,

1
x Hyp2F1 (57 a

ntl13 K
272 o22b+n-M,)

exp(—bA)

p(|e*| <K|o",E, E) =
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where Hyp2F1 denotes the hypergeometric function 2F1

1e’ . . .
and M, = = E — (see Appendix B.11 for the derivation of this
i

result). i=1

We use this result to decide if a DFT calculation should be
done by specifying an error threshold K and calling a DFT
calculation if the predicted probability of the error magnitude
exceeding K is larger than five percent.If the probability is
smaller than five percent, the model continues with the MD-
simulation. Otherwise, a DFT reference calculation is done
and added to the training dataset. Afterwards, we then use
Markov chain sampling to generate an ensemble of eight neural
networks from the updated posterior. To sample the posterior
density, we use the AMSGrad version of the Stochastic Gradient
Hamiltonian Monte Carlo (SGHMC) algorithm*® introduced by
us in a previous work.*® We use the old Monte Carlo samples as
a starting point for sampling the new ones and simulate short
Markov Chains with those initial seeds and priority sampling of
the newly added structure to achieve faster convergence (see
Appendix B.5 for more details on the sampling procedure).
Finally, the DFT forces and stresses are used to perform this MD
step. The resulting workflow is illustrated in Fig. 2.

For our experiments, we use three different neural network
potentials, NequlIP,” MACE"" and Equiformerv2." To apply the
Bayesian neural network formalism to these models, we add
a few layers to the models so that each model predicts a distri-
bution instead of making point predictions. The details of these
modifications are provided in Appendices B.1-B.5. Additional
details about how predictions and uncertainty quantification
are done with the BNN can be found in Appendix B.9.
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Fig. 3 Results of the transfer learning approach on the NbSiAs surface
— COH adsorbate dataset. Transfer learning via the prior constructed
from the pre-trained model leads to a significant improvement in data
efficiency (upper graph). Further, the predicted uncertainties are well
suited for identifying which test samples have an error above
1 kcal mol™ (lower graph).
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We always label the initial atomic structure with DFT and
include this first data point to sample the initial Monte Carlo
samples. Because potential energies are only defined up to
a constant and this constant might be different for the data the
model was pre-trained on and the simulation software used for
fine-tuning, we also use this initial labeled data point to
construct an offset value that is added to all energies calculated
by DFT during the on-the-fly simulation. This value is chosen so
that the offset DFT calculated energy equals the potential energy
predicted by the pre-trained model on the initial structure.

4 Empirical evaluation

The promise of transfer learning is to specialize a pre-trained
model with limited computational effort to truthfully reflect
subtle, but important aspects of a particular system of interest
that are not adequately reproduced by the starting model.
Hence, we have selected an initial illustrating example from
a classical benchmark dataset of a surface-adsorbate system for
neural network potentials, showcasing the improvement in data
efficiency and the quality of the uncertainty quantification that
results from the Bayesian neural network priors constructed
from a pre-trained model. We then selected a number of
“challenging” cases to demonstrate the power and general
utility of the full on-the-fly finetuning workflow: we investigate
a simple molecular system with several meta-stable conformers
to highlight the ability to bias the training data towards tran-
sition states between meta-stable states, before turning to two
solid state problems; first, we investigate a challenging phase
transition due to subtle electronic effects in a highly relevant
compound; finally, we address a dynamic problem where
mobility of a migrating species is highly dependent on the
dynamics of the host lattice.

To illustrate the effect of training a Bayesian neural network
model with the prior constructed from the weights of a pre-
trained model, compared to training a model from scratch,
we start out with a transfer learning scenario for potential
energies of a surface adsorbate system. We use a publicly
available Equiformerv2 model* with 31 million trainable
parameters, which was pre-trained on the OC20 dataset.** For
the target dataset, we choose the NbSiAs surface - COH adsor-
bate dataset from the OC20-Dense dataset.”® This system is not
included in the pre-training data of this foundation model and
both datasets are computed with identical DFT settings.
Notably, this benchmark does not yet involve the on-the-fly
learning workflow and is instead done on a publicly available
benchmark dataset. We partition the dataset into training,
validation, and test data and then generate Monte Carlo
samples from the posterior resulting from the training dataset
(see Appendix B.5 and C.4 for details). Here, we compare the
model accuracy to a comparable BNN that is trained with an
uninformative prior. Further, we illustrate the quality of the
resulting uncertainty quantification by calculating the Area
Under the Curve - Receiver Operating Characteristic (AUC-ROC)
scores for determining whether a test sample has a prediction
error that lies above or below 1 kcal mol " based on the stan-
dard deviation in the predictions of the model. Because
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recognizing samples with an error above a certain threshold
becomes easier at higher accuracies, we plot the AUC-ROC
scores over the Root Mean Squared Errors (RMSEs) on the test
set for this metric. To assess the viability of this transfer
learning approach to finetuning models, additional transfer
learning ablation experiments were performed, which focused
on transfer learning of molecular forces with a NequIP model in
several settings, including a change of electronic structure
theory from DFTB* to DFT and DFT to CCSD(T).”* These
experiments and their results are listed in Appendix A.

As the first benchmark for the proposed on-the-fly fine-
tuning workflow, we investigate the on-the-fly fine-tuning of
a NequlP® model during a molecular dynamics simulation of an
ethanol molecule at 300 kelvin. The NequIP model has 13.45
million parameters and was pre-trained by us on the SPICE
dataset.*® Ethanol was not contained in the pre-training data
and a different level of theory was used for fine-tuning
(B3LYP***°) and pre-training (wB97M-D3(BJ)*’*°). Despite its
small size, ethanol is an interesting benchmark molecule
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Fig.4 Upper figure: the meta-stable conformations of ethanol. In red,
the oxygen atom, in dark gray the carbon atoms and in light gray the
hydrogen atoms. Lower figure: angle between the OH and CC bond
axis of the ethanol molecule over time. A small angle corresponds to
the anti-conformation and a large angle to the gauche-conformation.
The gauche—gauche transitions are colored since they are not well
identifiable by the angle. After the initial training phase of around 0.5
ps, where the model still has to adapt to the overall dynamics of the
system, almost all DFT calls happen during transition states. For better
readability, only the first 3 ps of the entire 10 ps trajectory are shown
here, since only two further DFT calls happen after this time window.
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because it has different meta-stable conformations - one anti
and two symmetry-related gauche conformations (Fig. 4). Due to
this, there are transition states between those conformations
that are expected to occur during an MD-simulation at this
temperature, which are relatively rare due to the higher poten-
tial energy when compared with the metastable conformations.
In a good on-the-fly learning workflow, such transition states
have to be identified by the uncertainty measure and added to
the training dataset at a higher rate compared to the rate of
their occurrence during the simulation to ensure the accuracy
of the model during transitions. For this benchmark, we set the
target accuracy as 0.5 kcal mol™' and perform a 10 ps
simulation.

For the second experiment with the proposed on-the-fly fine-
tuning algorithm, we run a simulation of a 2 x 2 x 2 LaMnO;
supercell with the mace-mp0 medium model with 4.69 million
trainable parameters'>*® pre-trained on the MPtrj dataset.*>*°
This system is interesting because it undergoes a phase tran-
sition at around 750 kelvin (Fig. 5 a). LaMnO; crystallizes in an
orthorhombic phase with space group Pbnm below 750K due to
the strong Jahn-Teller activity of manganese. The orthorhombic
phase is an anti-ferromagnetic insulator in which an orbital
ordering is established due to the cooperative Jahn-Teller effect
breaking the degeneracy of the electronic configuration of Mn>*
(t2g°eg").* For this reason, we perform a 150 ps molecular
dynamics simulation with two temperature jumps. For the first
25 ps, we run the simulation at 300 kelvin. At the 25 ps mark, we
introduce a temperature jump to 800 kelvin. We keep this
temperature for 100 ps, after which we introduce a second
temperature jump back to 300 kelvin and continue the simu-
lation for another 25 ps. Some geometries of this system were
contained in the training data of the foundation model and we
use the same level of theory for fine-tuning as was used for the
pre-training (PBE + U®>*%). However, as will be seen by the
experiments, the non-fine-tuned model has insufficient accu-
racy to model this system physically accurately, making it
a good benchmark for transfer learning experiments.

The final benchmark for the proposed on-the-fly fine-tuning
algorithm is a proton diffusion simulation in a 160-atom CaZrS;
supercell at 1500 kelvin, again with the mace-mp0 medium
model. This benchmark is challenging because proton mobility
is intimately linked to the dynamics of the host lattice. Occa-
sional close proximity of two sulfur atoms belonging to non-
connected ZrSys octahedra enables a direct jump between the
two ZrSs octahedra with virtually zero activation energy®
(Fig. 6a), resulting in unusually high proton mobility at low
temperatures. The S-S distance is governed by a static lattice
distortion due to size mismatches between Ca and Zr as well as
the vibrational properties of the sulfur sublattice. Hence, this
benchmark goes beyond the mere reflection of transition state
energies. It also requires a correct representation of the
dynamics of the host lattice. Accurately modeling the proton
transport in this system, therefore, might require a very high
accuracy of the model. Here, we evaluate the model with two
different error thresholds, 5 kcal mol™* and 15 kcal mol™*. We
fine-tune both models on-the-fly during an initial 30 ps MD
simulation and then use the fine-tuned models and the non-
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fine-tuned one to investigate the diffusion of protons in
CaZrS; with five additional 30 ps simulations, which was
revealed by the initial training runs to be a well-suited time-
horizon to estimate proton mobility. While some geometries
of the host lattice were contained in the pre-training data of the
foundation model, no such structures with interstitial protons
were included. We use PBE® level of theory for the fine-tuning
run. We run the mace model and the DFT calculations
without dispersion correction.

All experiments were done with 8 Monte Carlo samples,
which we identified as a good tradeoff between computational
complexity and quality of uncertainty quantification in previous
benchmarks.*® Details of the sampling procedures can be found
in Appendix B.5. More details for all the simulations can be
found in Appendix B.6. We set oy, from the Bayesian neural
network prior as 0.2 for all experiments involving the NequIP
model, 0.5 for the MACE model and 0.02 for the EquiformerVv2
model. For this method to be practically useful, it would be very
desirable that the strength of the prior does not require precise
fine-tuning to a value that is unique to each specific application.
For this reason, we did not perform a deep hyperparameter
optimization for each model and experiment. Instead, we star-
ted with a small value of o1, for each model and then incre-
mentally relaxed it until it could fit the data from an initial task
well and then used these values for all experiments with the
corresponding model. For the MACE model, the calibration was
the simulation of the LaMnOj; system, for the NequIP model, it
was the paracetamol ablation experiment in Appendix A, and for
the Equiformerv2 model, the NbSiAs surface - COH adsorbate
dataset itself was used.

Based on the results of our transfer learning experiments in
Appendix A, we chose a = 3 and b = 10 for the gamma-prior over
the calibration parameter for the NequIP model. Because we did
not have such results for the MACE model, we chose the more
conservative parameters a = 1.5 and b = 10 for the corresponding
experiments. The lengths of the training runs (or phases of
training runs for LaMnOj;) were determined adaptively by starting
with a conservative time estimate for each system and extending it
based on the frequency of DFT calls requested until DFT requests
became infrequent. The most important factor influencing the
difference in required training times is the size of the configura-
tion space of each compound, with LaMnOj; requiring a signifi-
cantly longer training time due to the occurring back and forth
transitions between the high- and low-temperature configura-
tions, which, due to finite size effects of the 2 x 2 x 2 supercell,
still happen at 800K. Accuracy thresholds were chosen primarily
by the size of the system and secondarily by the expected size of
the configuration space for the specific simulations.

5 Results

5.1 Efficiency of the transfer learning approach on the
NbSiAs surface - COH adsorbate dataset

Plotting the root mean square errors of the models for the
potential energies on the test set, we see a considerable
improvement in accuracy at a given size of the training dataset
(Fig. 3 upper graph). Furthermore, the AUC-ROC scores for
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Fig.5 (a)The low and high-temperature phases of LaMnOs. Lanthanum atoms are shown in green, oxygen atoms in red and manganese atoms in purple.
On the left, the more symmetric high-temperature phase with all Mn—O bond lengths being roughly equal. On the right, the low-temperature phase with
its characteristic tilted manganese oxygen polyhedron with 3 distinct Mn—O bond lengths. Note that this illustration of the low-temperature phase is not an
entire unit cell, which would be significantly larger. (b) Five picosecond kernel uniform filter averages for the Mn—-O bond distances of three different
oxygen atoms from different polyhedral positions of the same Mn atom over time. Each color corresponds to a specific oxygen atom. On the left, the non-
fine-tuned model. On the right, an on-the-fly fine-tuning run with a 6 kcal mol ™ error threshold. The non-fine-tuned model wrongfully predicts the high-
temperature phase during the low-temperature intervals of the simulations, as can be seen by the roughly equal Mn—O bond distances. In contrast, during
the fine-tuning run, the correct phase behavior is present, with the low-temperature phase, with the three distinct Mn—O bond lengths being present at
the low-temperature intervals of the simulation. Due to finite-size-effects of the 2 x 2 x 2 supercell, the phase transition occurs over a broader
temperature range. Due to this, even at 800 K, the phase occasionally reverts back towards the low-temperature phase, causing the large variance in the
individual bond distances in the high-temperature phase of the fine-tuned model despite the 5 ps smoothing kernel. Note that due to the sliding window
estimation, the trajectories do not start at t = O ps. (c) Predicted standard deviation and error on the LaMnOs system. The RMSE increases well with
increasing standard deviation. However, some instances of structures with low predicted standard deviation and large error still exist. The standard
deviations have been calibrated with the maximum likelihood a posteriori value of the posterior over the rescaling parameter evaluated at the end of the
simulation. (d) DFT calls over time on the LaMnOs system. On the left, the error of the model during DFT reference calls is compared to the error of the
non-fine-tuned model for those structures. The dashed lines represent the specified 95 percent confidence region for the error of the model during
interventions.
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(a) An illustration of a proton jump between sulfur atoms in CaZrSs. Sulfur atoms are shown in yellow, calcium atoms in green and the

proton in light coral. (b) Sulfur—sulfur distance in the 50 fs leading up to a proton jump, averaged over all jump events of all five simulations for
each of the models. The point at 50 fs indicates the average distance at the time of the jump computed from a 30 ps DFT trajectory in a previous
research project. For the fine-tuned models, the trajectories from the initial training run are not included. (c) Squared displacement from their
starting position of the protons during the simulations. On the left, the non-fine-tuned model. In the middle the 15 kcal mol™ threshold model.
On the right, the 5 kcal mol ™! threshold model. The grey plots correspond to individual protons, while the red plots indicate the mean square
displacement of all protons. 5 simulations with two protons in the supercell were performed with each model resulting in 10 individual proton
trajectories. For the fine-tuned models, the trajectories from the initial training run are not included. (d) Errors of the models on the CaZrSs —
proton system at randomly sampled time-steps from post-finetuning simulations. On the right, the 5 kcal mol~ threshold model. In the middle,
the 15 kcal mol™ threshold model. On the left, the non-fine-tuned model.

distinguishing low and high error samples from the test set
based on the predicted uncertainty, which are shown in the
lower graph of Fig. 3, demonstrate that the predicted uncer-
tainty of the fine-tuned model is well suited for distinguishing
low and high error samples. Also, we see the improvement in
AUC-ROC scores on this benchmark with decreasing root mean
square error on the test set, which was expected because
samples with an error of more than 1 kcal mol™! become more
extreme outliers with increasing accuracy of the model. Note

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

that an AUC-ROC score of 1 corresponds to perfect distin-
guishability and an AUC-ROC score of 0.5 corresponds to
random guessing. All Monte Carlo samples were generated from
a single very long Markov Chain, to make sure no pathological
overfitting occurs (see Appendix B.5 for more details).

5.2 Conformers and transition states of ethanol

On the ethanol benchmark, we find a very good consistency of
the proposed on-the-fly fine-tuning algorithm with the specified
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error threshold of 0.5 kcal mol . Overall, we find that for the 65
DFT interventions, the model exceeded the error threshold 3
times, corresponding to 4.55 percent of interventions with an
overall RMSE of 0.196 kcal mol " at the interventions. Only two
DFT references were called after the first 5 ps of the simulation.
We performed an additional analysis of 150 structures
randomly sampled from the 10 ps trajectory, where the model
exceeded the threshold only a single time, with an overall RMSE
of 0.142 kcal mol ™", significantly outperforming the non-fine-
tuned model, which has an RMSE of 0.958 kcal mol™' on
those structures.To evaluate this experiment qualitatively, we
also analyzed the DFT interventions in relation to transition
states between different meta-stable conformations. For this,
we plotted the angle between the OH bond and the CC bond
over time. By doing this, the anti-conformation can be identi-
fied by a small angle and the gauche conformation by a large
angle. Further, transitions between anti and gauche confor-
mations can be identified by large changes in the angle. Since
gauche-gauche transitions are not very well visible via this
angle, we highlighted them manually by labeling them by hand.
The results are summarized in Fig. 4. As can be seen in this
figure, after the initial learning phase, where the model has
high uncertainty in general, the model is almost exclusively
requesting DFT calls during the transitions between meta-
stable conformations. Especially noteworthy is that in the
initial three-ps timeframe, where almost all DFT calls happen,
the gauche-gauche transitions make up only around five
percent (0.155 ps) of the total time, but around 16 percent (10
out of 63) of the total DFT interventions of that timeframe
happen during those transitions. Hence, gauche-gauche tran-
sition states were sampled at a rate more than three times
higher relative to their rate of occurrence.

5.3 Phase transition in LaMnO;

For the LaMnO; system, we also find good consistency with the
error threshold, with 4.5 percent of configurations at interven-
tion time having an error above the threshold of 6 kcal mol . At
the time of intervention, the on-the-fly learning model had an
RMSE of 2.685 kcal mol™" compared to an error of the non-fine-
tuned model of 7.532 kcal mol " on the same structures. In
contrast to the non-fine-tuned model, the fine-tuned model
reproduces the correct phases at the two different temperatures,
as can be seen by the three distinct MnO bond distances at
lower temperatures in Fig. 5b. The observed bond distances of
the fine-tuned model are in close agreement with the values of
2.235 A, 2.002 A and 1.947 A that were computed by Gavin and
Watson® with DFT at the PBE + U level of theory, also used for
this benchmark. To assess the quality of the uncertainty
quantification, we recalculated 1800 structures from the simu-
lation in DFT and evaluated the relationship between predicted
(calibrated) standard deviations and error by scatter plotting the
uncertainties over the error magnitude (Fig. 5c). Further, we
estimated the RMSE at a given standard deviation by ordering
the pairs of errors and predicted standard deviations by order of
ascending standard deviations and then applying Gaussian
smoothing (see Appendix B.10 for details). As can be seen in this
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figure, we have an overall good relationship between predicted
standard deviation and error. However, it should be noted that
there are instances where the error is quite large despite a low
predicted standard deviation. Note that in order to better esti-
mate the error at higher uncertainties, we did additional
sampling of structures with a predicted standard deviation of
around 2.1 kcal mol™*, 2.5 kcal mol™* and 2.8 kcal mol™?,
respectively, which causes the increase in the point density of
the scatter plot at these values. Evaluating the accuracy for the
sampled structures, we find that the model achieves an RMSE of
2.350 keal mol ™! compared to 10.827 keal mol ~* of the non-fine-
tuned model, with 3.2 percent of samples being above the error
threshold.

Lastly, we also evaluated the number of DFT calls over time
(Fig. 5d). We find that the model stops doing DFT reference calls
very early during the initial low-temperature phase of the
simulation. After the temperature jump, it starts doing DFT
calls again, with the frequency decreasing over time. Further,
the model stays well within the specified accuracy region with
only four instances where the error is larger than the threshold
at the time of intervention. For reference, we also plot the error
of the non-fine-tuned model on the structures for which DFT
calls were made, illustrating the improvement in accuracy.

5.4 Proton mobility in CaZrS;

Lastly, for the proton diffusion, we find that the models are
outside the specified accuracy range of 5 and 15 kcal mol ' at
2.5 and 3.2 percent of interventions, respectively. At interven-
tions, the RMSEs of the models are 2.137 and 6.773 kecal mol ™"
(0.57 and 1.78 meV atom™'). For comparison, the non-fine-
tuned model has an RMSE of 10.99 kcal mol™" (2.91
meV atom ') on the intervention structures of the higher
accuracy model. Towards the end of the training run, the
disagreement thresholds for the models were 0.91 and
3.43 kecal mol . This highlights the necessity for model cali-
bration because the RMSE is about 2 times larger than the
model disagreement.

After the initial training run, we use the fine-tuned models to
analyse the square displacement of protons in CaZrS;. We
perform five simulations with each model by first setting the
target temperature with a Langevin thermostat during an initial
one picosecond-long simulation. Afterwards, we perform a 30 ps
simulation in the NVE ensemble. Because two protons were
placed in the supercell of the simulation, this results in ten
proton trajectories for each model.

The squared displacements for the different models are
shown in Fig. 6¢c. We see a very large Mean Square Displacement
(MSD) for the non-fine-tuned model, which is reduced signifi-
cantly when fine-tuned with an error threshold of 15 kcal mol .
Interestingly, fine-tuning to a lower error threshold of
5 keal mol " leads to the MSD rising again slightly.

To explore the source of this phenomenon, we investigated
the mechanism behind the proton jumps for the individual
models. To do this, we analyzed the average sulfur-sulfur
distance for the 50 fs leading up to proton jumps. For this, we
have additional DFT reference data from a 30 ps DFT simulation

© 2026 The Author(s). Published by the Royal Society of Chemistry
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from a previous research project in our group, where the
average separation at the time of the jump was analyzed. The
results are shown in Fig. 6b. For the low error threshold model,
we find very good agreement with the DFT reference value. For
the higher threshold model, the distance is slightly too large.
This yields a possible explanation for the slightly lower proton
mobility from this model, since the activation energy for jumps
will be slightly larger at this separation. For the non-fine-tuned
model, the average sulfur-sulfur distance at the time of the
jump is much larger than the DFT reference. This demonstrates
that the transition states underlying the proton jumps are not
accurately modeled without finetuning, since the activation
energy at such distances should be very high, resulting in low
proton mobility instead of the erroneously high mobility that is
predicted by the foundation model.

To further assess the accuracy of the models at test time, we
sampled 100 random geometries from the first simulation for
each of the already fine-tuned models. From the results shown
in Fig. 6d, it can be seen that the models are within their target
accuracy for those configurations. For reference, we again
include an evaluation of the error of the non-fine-tuned model
on the geometries sampled from the simulation of the high-
accuracy model and find a much poorer accuracy.

Overall, it took 31 DFT calls to train the model to the higher
threshold and 285 calls to train it to the lower error threshold.

We did an additional analysis to assess if, after the initial
learning phase of 5000 simulation steps, there is a preference
for DFT calls during transition states where the proton jumps
between sulfur atoms. Interestingly, despite the large size of the
system with 162 atoms, the overall uncertainty from the system
did not completely drown out the uncertainty from the transi-
tion states in the low-threshold training run. In particular, we
found a statistically highly significant increase in DFT calls (p =
0.0012) in 15 fs time windows around proton jumps, with an
increase of 56 percent in the average number of DFT calls
during time windows around proton jumps compared to time
windows of equal size that do not contain proton jumps.

6 Discussion

As is illustrated on the NbSiAs surface - COH adsorbate
benchmark dataset and in the appendix, the utilized transfer
learning prior can improve the data efficiency substantially
while enabling uncertainty-based detection of atomic structures
that have an increased likelihood of a large prediction error.
Furthermore, our full uncertainty-based on-the-fly fine-tuning
workflow was able to maintain a specified accuracy and bias
the training dataset toward rare events by selectively doing DFT
reference calculations for samples with a high uncertainty. The
workflow resulted in a significant improvement in the accuracy
of the simulations over the non-fine-tuned models while only
requiring a small amount of training data. The only simulation
requiring more than 100 DFT interventions was for modeling
the proton diffusion in CaZrS; to an exceptionally high accu-
racy, achieving an RMSE of 0.57 meV atom ' at time of inter-
vention and at a temperature of 1500 kelvin. This increase in
accuracy was particularly reflected in a much better modeling of
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the underlying physical processes and phenomena, such as the
phase behaviour of LaMnO; due to subtle effects in the elec-
tronic structure at different temperatures and the transport
mechanism of protons in CaZrS;.

Overall, the high data efficiency is primarily achieved via the
transfer learning approach and not the uncertainty-guided on-
the-fly learning, whose primary function is automation, ease
of use and providing an additional layer of trustworthiness by
maintaining high model confidence during the simulation. In
particular, on-the-fly learning requires high intervention
frequencies during the start of the simulation to maintain
accuracy and to align the foundational neural network prior to
the target system's specific potential energy surface. This might
be suboptimal in terms of data efficiency since the initial
structures will be correlated. Strategies that initially allow for
a higher error threshold during a training run could be
employed to reduce the initial sampling frequency, while risk-
ing that some of the structures sampled this way might retro-
actively turn out not to be relevant at the simulation
temperature. This might, in practice, improve data efficiency
further. However, error thresholds that are too large have the
potential to lead to instabilities in the simulation since a certain
level of catastrophic forgetting can't be ruled out even when
using the transfer learning prior to counteract this effect. Due to
the additional complications in terms of automation and ease
of use that other active learning strategies can have, we chose to
integrate the uncertainty-aware transfer learning approach into
an on-the-fly learning workflow. However, due to its generality,
the transfer learning approach introduced here can, in prin-
ciple, be integrated into any uncertainty-guided active learning
method.

Due to the simplicity of the uncertainty-aware transfer
learning approach, it should further be straightforward to apply
this approach to other neural network models not included in
this work, since it worked out of the box for all neural network
models investigated here after fitting only two hyperparameters
for each model architecture individually, the strength of the
BNN prior and the step size of the Markov chain. However,
during our experiments, the same hyperparameters for each
architecture gave good results across different simulations or
datasets. This indicates that strong baseline values for those
hyperparameters can be determined and given as default values
to end-users. For large domain shifts, this value and the number
of training steps at each update may need to be increased for the
model to sufficiently adapt to the target simulation. However,
post-hoc analysis indicates that the main driver behind varia-
tion in the scale of o1y, across models seems to be largely driven
by the scale of the weights of the respective foundation models,
with the EquiformerV2 having substantially smaller weights on
average, also needing a much smaller o1;. Therefore, even for
large domain shifts, good values for ¢y, should still be of the
same order of magnitude as the values determined here. Lastly,
if the simulation is split into fine-tuning and production
simulations, for example, to avoid violating energy conservation
due to model updates, the same simulation-hyperparameters
(i.e., temperature or pressure) can be used for both simulation
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types, which keeps the selection of those parameters for
training runs simple.

While reliance on Bayesian neural network methods repre-
sents a likely source of methodological unfamiliarity for end-
users compared with more classical optimization methods for
neural networks, the effects that these hyperparameters have on
the optimization process are conceptually intuitive to under-
stand, with the strength of the prior controlling how far the fine-
tuned model might deviate from the pretrained model in its
predictions and the step size having an analogous role to step-
sizes in regular optimizers. Combined with the existence of
strong baseline values, the Bayesian nature should therefore not
represent a high barrier of entry for computational material
scientists and chemists.

Because we use the uncertainty in the energy predictions to
decide if a DFT call should be done or not, the proposed fine-
tuning workflow is geared towards applications where the
accuracy in predicted potential energies is of primary interest,
even though the DFT-computed forces and stresses are included
as training labels during model optimization. An alternative
approach would have been to use the uncertainty in the force
predictions. We used the energy predictions because accuracy
in the energies controls the accuracy of the thermodynamic
ensembles, and accurate forces do not necessarily guarantee
accurate potential energies since even small errors in the forces
can add up to large errors in the potential energy over large
changes in the geometry. However, an advantage of using the
force uncertainties would be that forces are localized. This
makes it possible to choose individual error thresholds for each
atom, where some atoms or regions might be of particular
interest, such as in the case of proton diffusion. For this reason,
we plan to implement the option to include the force uncer-
tainties as a decision criterion for DFT interventions in the
future. For some physical properties that arise from higher-
order derivatives of the potential energy surface, such as
vibration frequencies which depend on the Hessian, it is chal-
lenging to ensure accuracy with any training methods, even on
the training data itself, since the objective function used in the
training of neural network potentials usually only involves the
potential energy and its first-order derivatives. The main reason
for this is that the first-order derivatives can be computed
without significantly increasing the total computational
complexity of the electronic structure calculation by leveraging
the Hellmann-Feynman Theorem,**®” while higher-order
derivatives would be much more computationally demanding
to compute. Therefore, it is currently unclear how accurately
such properties are modeled within this workflow.

Regarding the speed up our fine-tuning approach can ach-
ieve for simulations, the exact results will be dependent on the
chosen error threshold, hardware availability and the DFT
software used. We give some illustrative examples and esti-
mates for different hardware configurations for the CaZrS; -
proton system in Appendix D. It only took 2000 training steps at
a batch size of 5 to update each Monte Carlo sample on a new
DFT-labeled geometry. Additionally, updating the model is
highly parallelizable because the Markov chain of each Monte
Carlo sample can be run independently. Nonetheless, on
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limited hardware, it might be better to only sample 4 instead of
8 Monte Carlo samples. In previous works, we observed
a decrease in log-likelihoods by a value comparable to the
decrease observed by reducing the number of Monte Carlo
samples from 16 to 8°°. However, it is not advisable to go below
4 Monte Carlo samples as the quality of uncertainty quantifi-
cation starts to degrade more significantly, with a decrease of
almost twice the value of going from 8 to 4 samples when
reducing it further from 4 to 2. In cases of very constrained GPU
resources, using more computationally efficient variational
inference-based BNN methods instead of MCMC methods
might therefore be a better option.

Overall, the quality of uncertainty quantification was suffi-
cient to keep the model in the specified accuracy range, with the
fraction of structures that at DFT intervention exceeding the
error threshold consistently staying below the 5 percent target.
Further, the uncertainty measure was able to bias the training
set towards rare events for both the ethanol and the proton
diffusion example. However, there were still instances where the
error was large despite a small predicted standard deviation,
which leaves room for improvement.

One possible cause for this might be that we sample the
different sets of weights from a small region around the weights
of the pre-trained model, because of the chosen prior over the
weights. In this work, we use a Gaussian prior as a proof of
concept to show that by harnessing the prior of a BNN for
transfer learning, enhanced data efficiency and useful predic-
tive uncertainty estimates can be achieved. However, there is
likely room for improvement in the design of the prior by
experimenting with different types of parametric distributions.
Further, recently, an approach to sampling Bayesian neural
network weights has been introduced, where the prior can be
specified on the function space instead of the weight space.®®
This is an attractive alternative because it would avoid biasing
the weights of the model to stay close to the original ones and
instead would only bias the weights to result in predictions that
lie within a certain range of the original model. Attempting to
adapt this formalism to construct a more sophisticated prior
from the function space, based on the belief that the neural
network might need to change its predictions by a certain
amount to be accurate for the system of interest, might there-
fore be a promising approach to improve the quality of uncer-
tainty quantification.

Other factors can additionally make uncertainty quantifica-
tion challenging in an on-the-fly learning setting. There can be
discontinuities in the electronic structure of molecules or
materials, for example, when changes in the atomic geometry
push previously occupied electronic states through the Fermi
level. This can cause discontinuities in the curvature of the
potential energy surface, which makes uncertainty quantifica-
tion challenging because current machine learning models are
unaware of the electronic structure at this detail. Because of
this, the first occurrences of geometries with novel electronic
structures in an on-the-fly learning scenario will likely always be
predicted with some degree of overconfidence.

We currently make the assumption in our calibration of the
uncertainty that the miscalibration of the uncalibrated model
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uncertainties remains approximately constant over the course
of the simulation. This assumption can, of course, be violated,
for example, during phase transitions, and hence it might be
beneficial to adjust the calibration procedure for such cases.
One approach could be to not calculate M, from an average but
instead from an exponential moving average that will weigh
more recent examples more strongly compared to older ones.
Another interesting future research direction is extending this
fine-tuning approach from fine-tuning for specific systems to
entire subclasses of systems. Currently, a model that is fine-
tuned to a specific system with the proposed workflow here
will likely diminish in accuracy for almost any other system.
Further, the uncertainty is calibrated to a different system and
will likely also not always be transferable to other systems.
However, by automatically generating training data from
system-specific fine-tuning runs for many individual systems
from this subclass and then updating the foundation model
based on the merged training data, it might be possible to fine-
tune foundation models for entire subclasses of structures in an
automated workflow.

7 Conclusion

In this work, we introduced an on-the-fly fine-tuning workflow
for foundational neural network potentials that is capable of
maintaining a user-specified accuracy by doing DFT reference
calculations for high-uncertainty structures. As is illustrated in
the paper and the appendix, the utilized transfer learning prior
can improve the data efficiency substantially. Furthermore, the
integration into our uncertainty-based on-the-fly fine-tuning
workflow has demonstrated its ability for biasing the fine-
tuning dataset towards rare events and maintaining a user-
specified accuracy while making the fine-tuning process easy
to use for end-users, especially those without an extensive
technical background in neural network potentials. Moreover, it
enables an automated fine-tuning of foundation models within
high-throughput materials discovery workflows. Given the
broad applicability of the uncertainty-aware transfer learning
approach across neural network architectures and the strong
performance of the on-the-fly learning workflow, we believe this
method has the potential to become a standard for fine-tuning
foundational neural network potentials in machine learning-
accelerated molecular dynamics simulations for materials
science.
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Data availability

All code and data for reproducing the experiments in this paper
are available.

The code for running the on-the-fly learning simulations,
including tutorials, is available at:

https://github.com/TimRensmeyer/OTFFineTune and has
been archived on Zenodo (DOIL: https://doi.org/10.5281/
zenodo.18772098)

The ablation experiments for the transfer learning approach
in isolation were done on public benchmark datasets. At the
time of writing (25.02.2026), the datasets are available at the
links below:

The stachyose dataset® is available at:

https://www.quantum-machine.org/gdml/repo/datasets/
md22_stachyose.npz.

The RMD17 dataset™ is available at:

https://figshare.com/articles/dataset/
Revised_MD17_dataset_ rMD17_/12672038.

The coupled cluster-level ethanol dataset™ is available at:

https://www.quantum-machine.org/gdml/data/npz/
ethanol_cesd_t.zip.

The OC20-Dense dataset™ is available at:

https://github.com/Open-Catalyst-Project/AdsorbML.

Only the NbSiAs surface - COH adsorbate data from this
dataset was used in the ablation experiment.

Source code and in-depth illustrations on how the neural
networks were trained and evaluated in those ablation experi-
ments are available in the code appendix.

Supplementary information (SI): source code to perform the
ablation experiments from the paper. See DOI: https://doi.org/
10.1039/d5dd00392j.

Appendices
Appendix: A Additional transfer learning results

This section provides additional ablation experiments for the
transfer learning approach to provide further evidence for the
enhanced data efficiency and good quality of uncertainty
quantification of this method beyond the NbSiAs benchmark.
The experiments here go significantly beyond the evidence
provided in the main manuscript by demonstrating these
properties under different circumstances (quality of force
predictions, transfer learning between different electronic
structure methods). Thus, they additionally demonstrate the
robustness of the proposed method. However, for brevity, they
were omitted in the main manuscript.

Appendix: A.1 Empirical evaluation. We did three additional
experiments to evaluate the transfer learning approach, repre-
senting likely scenarios where transfer learning might be
employed. Notably, these experiments did not involve the on-
the-fly active learning workflow but were instead done as tests
of the prior over the parameters of the BNN on benchmark
datasets. The first test is a transfer learning scenario of fine-
tuning a more general NequlP model trained on a variety of
different compounds to a specific molecule of interest not
included in the pre-training dataset. More specifically, we pre-
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train a NequIP model on a dataset consisting of a variety of
compounds of the MD17 (ref. 72) and MD22 (ref. 73) datasets,
which consist of MD trajectories of several molecules at DFT
level accuracy, and then fine-tune it on the paracetamol dataset
of the MD17 dataset.

The second benchmark is a transfer learning scenario from
DFTB level accuracy to DFT level accuracy. In particular, we
generate a large dataset of different configurations of a sta-
chyose molecule in DFTB for pre-training and then utilize the
stachyose data from the MD22 dataset for the transfer learning
task.

The third test scenario is a transfer learning task for reaching
CC level accuracy on an ethanol molecule starting from a model
pre-trained on the corresponding ethanol data from the MD17
dataset. The CC-level dataset used for this was introduced by
Bogojeski et al.”*

All experiments were done with 8 Monte Carlo samples
generated from the same Markov chain, which has been iden-
tified as a good tradeoff between computational complexity and
quality of uncertainty quantification in our previous work.”
Details of all the datasets can be found in Appendix C. We set
oyt as 0.2 for all experiments.

Appendix: A.1.1 The evaluation metrics. On all tasks, we eval-
uate the model's overall accuracy in terms of the Root Mean
Square Error (RMSE) of the force components in dependence on
the size of the training dataset. We analyze the transfer learning
models' accuracy and quality of uncertainty quantification in
comparison to a model with a Gaussian mean field prior p(6) ~
N(0, I). For the evaluation of the uncertainties, we compare the
Mean Log Likelihoods (MLLs) of the force components or
energies as a function of the RMSE for both models. To smooth
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each predicted distribution of the 8 Monte Carlo samples on
this metric, we fit a normal distribution to the means and
variances of each predicted distribution and wuse these
smoothed distributions instead. Further, since the main goal of
the uncertainty measure is the identification of configurations
with a large error in the prediction, we evaluate the models in
the task of detecting force components with a large prediction
error based on the predicted uncertainty. More specifically, we
analyze the corresponding AUC-ROC scores for detecting large
errors via the predicted variance and plotting them as a func-
tion of the RMSE. On the ethanol and paracetamol datasets,
errors of more than 1 kcal mol™* A~ were considered large,
while on the more difficult stachyose dataset, the cutoff was set
as 3 keal mol~* A~ because an error of 1 kcal mol™* A~ could
not be considered an outlier. Since ethanol is a very small
molecule, it was computationally feasible to include a deep
ensemble containing 8 models trained from scratch as a second
baseline (see Appendix B.6 for the training details).

Appendix: A.2 Results. As can be seen in Fig. 7, very high
accuracies were reached for the transfer learning model on the
paracetamol dataset, even for small training datasets in terms
of the RMSE when compared to the model trained from scratch.
Further, there is no major decrease in the quality of uncertainty
quantification at a given accuracy as measured by the MLLs and
AUC-ROC scores and the plots are almost on top of each other
where the RMSEs overlap. However, there might be a very small
decrease in quality as indicated by Fig. 7.

On the stachyose dataset, again, a clear improvement in
accuracy at equal amounts of training samples is visible when
compared to the baseline model (Fig. 7). However, both models
have higher RMSEs than their counterparts on the paracetamol
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Fig. 7 Results on the paracetamol and stachyose datasets. On the left are the mean log-likelihoods as a function of RMSE (all means and

standard deviations in kcal mol™ A™%). In the middle are the AUC-ROC scores for uncertainty-based detection of force components with a high
prediction error. On the right are the root mean square errors as a function of the number of training configurations.
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dataset at equal amounts of training configurations. The MLLs
of the transfer learning model appear to be slightly lower than
for a model trained from scratch when controlled for accuracy.
The same is true only to a much smaller degree for the AUC-
ROC scores. Further analysis revealed that the validation set
was too small for the large configuration space of stachyose to
properly recalibrate the uncertainties, which led to an over-
estimation of the errors on the test set for the transfer learned
models but not for the baseline models. This also explains the
absence of such reduced performance on the AUC-ROC scores,
which are invariant under recalibration of uncertainties.
Accounting for the slightly wrong calibration by recalibrating
the uncertainties on the test set instead of the validation set
confirmed miscalibration as the main source of the gap in
MLLs. In particular, the gap between the MLLs of the transfer
learning models that are closest in RMSE reduced from 0.191 to
0.086. Notably, we also attempted a transfer learning scenario
on the stachyose dataset, where the model was only pre-trained
on the small molecules of the MD17 dataset. However, this did
not lead to any improvement in data efficiency. The most likely
explanation for this is that the local atomic environments on
the small molecule datasets, which the neural network uses to
calculate potential energy contributions, are qualitatively very
different from those of the stachyose molecule.

The biggest improvement in accuracy, when compared to the
baseline model, was found on the ethanol dataset (Fig. 8), with
an RMSE of less than 0.5 kcal mol™" A™" with only 10 configu-
rations. There appears to be no decrease in the quality of
uncertainty quantification, both in terms of MLLs as well as
AUC-ROCs on this benchmark, when compared to the baseline
model. Comparing both the baseline model and the transfer
learning model to the deep ensemble, almost identical perfor-
mance can be seen on the outlier detection task, while the deep
ensemble has slightly higher MLLs.

Additional analysis was performed by breaking down the
MLLs into contributions from force components, whose
prediction error falls into a certain interval, e.g. the contribution
to the MLLs from samples where the prediction error is in the
interval [0.1, 0.2) is given by the sum over the log-likelihoods of
all force components in the test set where the prediction error is
in the interval [0.1, 0.2) divided by the total number of force
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components in the test set. The results shown in Fig. 9
demonstrate that the total MLL score is dominated by samples
whose prediction error is small. This offers an explanation for
the slightly better MLLs without a similar performance gap on
the outlier detection task on this benchmark: the deep ensem-
bles achieve slightly better uncertainty quantification on
configurations with a small prediction error but not on config-
urations with a large prediction error.

Notably, for all force transfer learning scenarios, the error of
the pre-trained model was quite large with mean absolute errors
of 2.31 kcal mol™* A~ on the paracetamol validation set,
4.34 kecal mol™* A™' on the stachyose validation set and
5.12 keal mol~* A~ on the ethanol validation set. Further, all
pre-trained models achieved a validation loss smaller than
0.15 kcal mol™* A" on their pre-training datasets, strongly
indicating that DFTB, DFT and CC methods disagree quite
substantially in their force predictions for a given configuration.
However, as was already alluded to in the introduction, this can
potentially be traced back to simple biases in the simulation
methods, such as slightly different equilibrium bond lengths.
These small biases in different simulation methods can lead to
qualitatively very similar force fields that may disagree
substantially on the forces of a given configuration. This would
also explain why transfer learning is very efficient in these cases,
as the model mostly has to correct for those biases, such as
equilibrium bond lengths. Importantly, those force fields will
lead to similar predictions of physical and chemical properties
despite their apparently large disagreement, while a machine-
learned force field with a similar magnitude of error to one of
those methods cannot, in general, be expected to yield those
properties as well and hence needs to be trained to a much
higher accuracy.

One additional result that stands out is the relatively high
RMSE of both the transfer learning and the baseline model on
the stachyose dataset when compared to the other two test
scenarios. However, two factors make this dataset particularly
challenging. First of all, stachyose is a larger molecule than
paracetamol and ethanol, which, in addition, contains many
single sigma bonds that allow for rotational degrees of freedom
along the bond axis. This results in a very large configuration
space for stachyose molecules, even relative to their size. The
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Fig. 8 Results on the ethanol dataset. On the left are the mean log-likelihoods as a function of RMSE (all means and standard deviations

in kcal mol™ A™%). In the middle are the AUC-ROC scores for uncertainty-based detection of predictions with a large error. On the right are the
Root Mean Square Errors as a function of the number of training configurations.
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Fig.9 Decomposition of the MLLs of the force components into contributions of different error magnitudes on the ethanol test set for the deep
ensemble trained on 400 training configurations. The force units are in kcal mol™* A2,

second factor that makes this benchmark more challenging for
the transfer learning model is that, unlike in the ethanol case,
the higher accuracy dataset was not composed of configurations
generated from an MD trajectory of the lower accuracy method
but instead from a trajectory at DFT-level accuracy. As a result,
the distribution of configurations in the DFT dataset will be
different from the one from the DFTB dataset.

Lastly, one important observation we made is that the
transfer learning approach converges much faster than when
training from scratch. While state-of-the-art models can take
days to train from scratch, training and validation losses
converged within minutes on the transfer learning tasks. The
only reason we let the sampling algorithm run for as long as
described in Appendix B is to make sure that no pathological
overfitting takes place.

Appendix: B Methodological details

This section contains the methodological details that were
omitted from the main manuscript to avoid breaking the flow of
reading.

Appendix: B.1 Details of the base models. The foundation
models in this work operate by first mapping the input x = {(ry,
21)y -, sy 2n)} and optionally the lattice vectors L, L,, L3 to
latent variables {vy, ..., v,} that are invariant under distance-
preserving transformations of the atomic coordinates r;. From
those invariant atomic features, atomic energy contributions
Ei,...,.E, are then calculated and summed up into a total
potential energy prediction E = S FE;. NequIP and MACE then

l

calculate the forces acting on the atoms as the negative gradi-
ents of the potential energy F; = —V.E via automatic differen-
tiation libraries, while the Equiformerv2 model calculates the
forces directly from a set of equivariant atomic feature vectors.
To apply the Bayesian neural network framework to these
models, the architectures were modified slightly by adding
layers that compute standard deviations oy, ..., g, for the forces

1860 | Digital Discovery, 2026, 5, 1845-1867

from the invariant features {v,, ..., v,}. Further, an energy
standard deviation oy is introduced and the distribution over
the energy and forces is modeled as

n
E Fy, .. ,F,|(r1,21), ..., ¥y, 20), 0 ~ N(E, Jﬁ) HN(F,»,J,-ZI)
i1

where N denotes a normal distribution and I is the identity
matrix.

For the Equiformev2 and MACE models, the predictions are
additionally conditioned on the lattice vectors Ly, L,, L;. For the
MACE model, the stress tensor is also predicted. For this, the
predicted distribution is modified to

EF, ...,

~ N(E, JE:Z)N(S, 0’321) ﬁN(F,-, cr,-21>
i

where § is a vector containing the predicted components of the
stress tensor and o is a small fixed standard deviation that is
set to 0.1/16 kecal mol™* A~>. For the prior of the additional
parameters from the added layers, the means were set to zero
but the same standard deviation as for the other parameters was
used.

Appendix: B.2 The equiformerV2-based neural network
architecture. The overall architecture of the neural network
derived from the EquiformerV2 model is summarized in Fig. 10.
The publicly available 31 million parameter Equiformerv2
model pre-trained on the entire OC20 dataset, including the MD
data, was chosen as a base model for transfer learning. Because
this model is too large to train from scratch on such a relatively
small training dataset, a smaller EquiformerV2 model was
chosen for the baseline model. The configuration for that
smaller model can be found on the first author's GitHub page.
Because the projection layers were not included in the pre-

F,,7S (1‘1,21)7 veny (l'n7Zn)7L1,L2,L3,0
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Fig. 10 The neural network architecture derived from the Equi-
formerV2 model used in the transfer learning task of potential ener-
gies. The green modules correspond to the modules of the
EquiformerV2 architecture and the grey ones are additions to model
the data probabilistically. The projection layers are linear layers fol-
lowed by an exponential activation function.

training, their means were set to zero in the transfer learning
prior. Both energies and force labels were used for training.

Appendix: B.3 The NequIP-based neural network architec-
ture. For the base neural network architecture, a NequIP model
with four interaction blocks, a latent dimension of 64 and even
and odd parity features up to and including angular momentum
number [ = 2 was used.

The standard deviations of the forces o; are predicted by
a three-layer MLP with input dimension 64, latent dimensions
32 and 16 and output dimension 1.

SiLU activation functions are used for the latent layers and
the output activation function is the exponential function.

A base with 5 interaction blocks was used.

Because there aren't a lot of labeled examples for the
potential energies, a fixed energy standard deviation was used
during the on-the-fly experiments, which was set to 10 percent
of the target accuracy.

For the experiments in Appendix A, no energies were
included in the training and train only the force labels were
trained on.

Appendix: B.4 The MACE-based neural network architecture.
The modifications to the MACE model follow the same pattern
as for the NequIP model.

The output of the mace-mp medium model contains feature
vectors for each atom. 256 components of each feature vector
are rotation invariant. From these features, the standard devi-
ations of the forces o; are predicted by a three-layer MLP with
input dimension 256, latent dimensions 64 and 16 and output
dimension 1.

Again use a fixed energy standard deviation set to 10 percent
of the target accuracy was used. For all experiments, a fixed
stress standard deviation of 0.1/16 kcal mol " A~ was used.

Appendix: B.5 Generating samples from the posterior. For
sampling the Bayesian posterior, we use the SGHMC
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algorithm”™ with the adaptive mass term introduced by us in
a previous work.”

Appendix: B.5.1 Sampling for the transfer learning experiments.
For the ethanol and paracetamol test cases, the step size vy is
exponentially decreased from 10> and 0.3-10"> to 10> during
the first 10° steps for the baseline model and transfer learning
model, respectively. At the end of this phase, the first model is
sampled. Afterward, a cyclical learning rate schedule is used:

Y= %(cos(’rwr%) + 1)

with v, = 0.001 and cycle length K = 50 000 to sample the
subsequent models from the same Markov chain at the end of
each cycle.

The same procedure is also utilized for the baseline model
on the stachyose test case. However, the initial convergence
phase is shortened to 0.5-10° steps for the transfer learning
model, as the other two test cases had revealed a quicker
convergence for the transfer learning models. For the para-
cetamol and ethanol cases, a batch size of 30 is used and for the
stachyose case, it is set as 15. Analogous to the on-the-fly
learning experiments, an energy offset was calculated for the
training, validation and test data, of the equiformer model so
that for the first sample in the training data, the energy equals
the one predicted by the pre-trained model. For the surface-
adsorbate transfer learning task, a batch size of 20 was used
for the baseline model and for the transfer learning task, it is set
as 15. Furthermore, the same sampling procedure is employed.
For the baseline and transfer learning model, the step size v is
exponentially decreased from 10™* and-10> to 10”7 and 10~
respectively during the initial convergence phase. This phase
was 0.5-10° steps long for the baseline model and 10 steps long
for the transfer learning model, respectively. Then again,
a cyclical sampling procedure is employed to generate the other
samples with v, = 0.0001 and cycle length K = 50 000 After the
first 90 percent of the initial convergence phase, the mass term
is kept constant to ensure close convergence to the posterior.

Appendix: B.5.2 Sampling for the on-the-fly finetuning experi-
ments. To sample the posterior for the on-the-fly fine-tuning
experiments, 8 separate Markov Chains were run, one for each
Monte Carlo sample. After each added training sample, the
SGHMC algorithm with the adaptive mass term is run for 2000
steps to update the Monte Carlo samples. A batch size of 5 and
a learning rate schedule

_ Y i
Vi= g (Cos(zooo) H)

was used. For the MACE model, v, = 0.001 was used and for
the NequIP model, it was set to v, = 0.00003. To improve the
speed of convergence, priority sampling was used to increase
the likelihood of sampling the newly added training sample at
each iteration. The sampling probability was increased so that,
on average, the newly added sample is contained once in each
minibatch. Each sample in the minibatch estimator of the log-
likelihood was weighted by the likelihood ratio of a uniform
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sampling procedure and the sampling probabilities used to
ensure the minibatch estimator is unbiased.

Appendix: B.6 Details on the simulations

Appendix: B.6.1 The ethanol on-the-fly simulation. A Langevin
thermostat with 0.5 fs time steps and a friction term of 0.01 fs~*
of the Atomic Simulation Environment (ASE) library was used to
drive the dynamics. The DFT calculations were done with the
Vienna Ab initio Simulation Package (VASP) using a cubic 30 A
simulation cell. A plane wave energy cutoff of 800 eV with
a convergence criterion of 1e-6 eV and the B3LYP exchange-
correlation functional”®”® was used.

Appendix: B.6.2 The LaMnOj; on-the-fly simulation. The NPT
thermostat of the Atomic Simulation Environment (ASE) library
with a 0.5 fs time step, a time of 100 fs, a p-factor of 160
GPa-0.1-75% fs> and an external pressure of 1 bar was used to
drive the dynamics. A 2 x 2 x 2 supercell containing 40 atoms
in total was simulated. The DFT calculations were done with the
Vienna Ab initio Simulation Package (VASP). A plane wave
energy cutoff of 500 eV with a convergence criterion of 1e-4 eV
and the PBE exchange-correlation functional® anda 4 x 4 x 4
gamma centered Monkhorst-pack grid was used. A Hubbard
term of 3.9 was used for the Mn atoms.

Appendix: B.6.3 The proton diffusion on-the-fly simulations. The
Langevin thermostat with a friction term of 0.5 of the Atomic
Simulation Environment (ASE) library was used to drive the
dynamics for 1 ps to set the temperature. Afterwards, The
velocity Verlet integrator was used to continue the simulation
for another 30 ps. One initial training run was done for each of
the two fine-tuned models. Afterwards, 5 production runs were
done to investigate the diffusivity of the protons. 1.5 fs time
steps were used for all simulations. A CaZrS; supercell con-
taining 160 atoms and two additional protons was simulated.
The DFT calculations were done with the Vienna Ab initio
Simulation Package (VASP). A plane wave energy cutoff of 510 eV
with a convergence criterion of 1e-4 eV and the PBE exchange-
correlation functional® and a 2 x 2 x 2 gamma centered
Monkhorst-pack grid was used.

Appendix: B.7 Pretraining the models

Appendix: B.7.1 Pretraining for the transfer learning experi-
ments. To pre-train a model, it was converged to a local
maximum of the log-posterior on the pre-training dataset with
a Gaussian mean field prior p(#)-N(0, I). Almost the same
sampling algorithm and hyperparameters were used as in the
sampling of the posterior of the corresponding baseline model.
The only differences are that the injected noise is downscaled by
a factor of 0.1 and only the first model is sampled. The injected
noise was not set to zero, because we found that a small amount
of injected noise actually speeds up convergence, especially at
the beginning of the optimization.

Appendix: B.7.2 Pretraining the NequIP model on the spice
dataset for the ethanol on-the-fly experiment. The NequlP model
was trained at a batch size of 25 at a fixed learning rate of 3 x 10>
with the Adam optimizer. The loss function L = (1/200)
MSE(Energy) + MSE(Forces) was used, where the Mean Square
Error (MSE) refers to the batch mean. We keep a validation set of
70 structures from the SPICE dataset, which are not included in
the training dataset. Every 20 000 training steps, the energy MSE
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on the validation set were evaluated. The training was stopped
after the energy validation loss hadn't improved for 3 epochs. The
final model used is the one with the lowest validation loss during
the training run.

Appendix: B.8 Training and evaluating the deep ensemble.
To generate the deep ensemble, 8 stochastic NequIlP models
were trained from scratch with different random initializations
of the neural network parameters. The models are trained with
the AMSGrad optimizer at a batch size of 30 with an initial
learning rate of 0.01, which is decayed to 10~° over the course of
5:10° training steps. Every 1000 training steps, the model's
RMSE is evaluated on a validation set of size 10. The parameter
set with the best RMSE during the optimization procedure for
each weight initialization is used to make predictions on the
test set. We again fit a normal distribution to the predictions of
the ensemble and recalibrate those uncertainties on the vali-
dation set when evaluating the MLLs.

Appendix: B.9 Calculation of densities during inference. To
smooth the predicted distribution of several Monte Carlo
samples or ensemble models, the final distribution was
smoothed by fitting a normal distribution to the predicted
means and variances. The total variance of several Monte Carlo
samples or ensemble models for force components was calcu-
lated as

. - 1 k
or* = Variance (F,-J> + % Z ar,’
=

where j enumerates the predicted standard deviations of the
individual Monte Carlo samples/ensemble models, F;; is the
predicted expectation value for the i-th force component of that
particular model and oy, the corresponding standard deviation.
The variance is calculated over the Monte Carlo samples/
ensemble models. The mean of the predicted distribution was

k
N 1 ~
simply calculated as F; = z E Fij
=

The calculation of the final energy and stress distribution
was done completely analogously.

Appendix: B.10 Construction of the estimator for the rela-
tionship between error and predicted standard deviation from
Fig. 5. To construct this estimator, the pairs of predicted stan-
dard deviations and observed errors {(o4, €1), ..., (01800, €1800)}
were ordered by the magnitude of the predicted standard
deviation. A Gaussian filter with a sigma value of 200 was then

applied to both the list of ordered variances
2 2
[Fsorted 1s- -+ O sorted 1800 and squared errors
[€sortedts---» Esortedisoo] Tesulting in the smoothed arrays
2 2
[Jsmoothed,ly ceey osmoothed,lsoo] and

[€smoothed.1s- - - Esmoothed 1s00)- Finally, the root of the smoothed
predicted variances over the root of the smoothed squared
errors was plotted to generate the figure.

Appendix: B.11 The bayesian calibration estimator. Given
a dataset of empirical observations of (independent) errors E =
{ey, ..., e} and predicted uncertainties 2 = {0y, ..., g,,}, the error
e* on a new sample with predicted standard deviation ¢* is
given in closed form as the students t-distribution
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p(e'le" E, X) = [p(e*|a*, Ap(AE, 2)dA

1 .
JP(E Z[A)p(1)dA Jp(e

aJr%
I’(a—o—n;rl) (b—O—ln-Mn)

27'50"%"((1—5—%) 1 1e? at 151
M. LS
(b+2n n+2 0*2)

o, A)p(E, Z|)p(2)da

N

16> . . . .
where M, = — ZLZ By integrating this density from e* = —K

to e* = K, the résuft:
2KT (a i 1)

2

WI‘(a—i—%)y/b—i—%nM,,

x Hyp2F1 (%, a

n+1 3 K?
272 o22b+n-M,))’

r (x + %)
T(x)v/x

c\* . .
(1 + ;) —¢° for x — o it can be verified, that for n — o« the

p(le*| < K|o* E, X) =

can be derived. Further, with the identities —1 and

predicted error distribution becomes

p(e*|¢7*7 E,Z) ~N (0,67 M,)

Appendix: C The datasets

Appendix: C.1 The ethanol transfer learning datasets. To
pre-train the model, 5000 randomly sampled configurations
from the MD17 ethanol dataset are used. This dataset
consists of over 500000 configurations generated from
a molecular dynamics trajectory calculated at DFT level
accuracy. The training and test datasets of ethanol at
CCSD(T) level accuracy introduced by Bogojeski et al.”* were
used for the transfer learning task. The last 10 configurations
of the training set were used as validation data. The actual
training data consisted of the first me N configurations of the
training dataset for varying values of m.

Appendix: C.2 The paracetamol transfer learning datasets.
The pretraining dataset consists of randomly sampled
configurations from the aspirin, benzene, malonaldehyde,
toluene, salicylic acid, naphthalene, ethanol, uracil and azo-
benzene from the MD17 dataset, as well as the AT-AT DNA base
pair, stachyose, Ac-Ala3-NHMe, and docosahexaenoic acid
datasets from the MD22 dataset. The first 100000
configurations from each MD17 dataset and all configurations
from the MD22 datasets were used to form a pool of configu-
rations from which 100000 are randomly drawn as the pre-
training dataset.
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For the actual training set me N, configurations are randomly
sampled from the MD17 paracetamol dataset for varying values
of m. 10 additional configurations are randomly sampled as
a validation set. The rest of the 106 490 configurations are used
as a test set.

Appendix: C.3 The stachyose transfer learning datasets. The
pretraining dataset was generated from a long molecular
dynamics trajectory of a stachyose molecule in DFTB+.** The
initial geometry was generated from a structural relaxation with
a convergence criterion of 10™> H A" for the maximal force
component. The MD trajectory was simulated at 1 femtosecond
time steps with a Nose Hoover thermostat® at 600 kelvin with
a coupling strength of 3200 cm™ . The simulation ran for 10°
time steps using the velocity Verlet driver with one configura-
tion sampled every ten time steps, yielding a dataset of 100 000
configurations. For both the geometry optimization as well as
the MD simulation, a Hamiltonian with self-consistent
charges®® and third-order corrections® was used in correspon-
dence with the 30b-3-1 Slater Coster files.?* For all atoms, s- and
p-orbitals were used in the Hamiltonian.

For the actual training set me N, configurations are randomly
sampled from the first 10 000 configurations of the MD22 sta-
chyose dataset for varying values of m. 10 additional configu-
rations are randomly sampled from the configurations 10 100 to
10 900 as a validation set. Configurations 11 000 up to 27 000 are
used as a test set.

Appendix: C.4 The surface-adsorbate dataset. For the energy
transfer learning dataset of the surface adsorbate system, the
NbSiAs surface - COH adsorbate dataset from the OC20-Dense
dataset was chosen.

8000 configurations were randomly sampled as possible
training configurations. For a training dataset of size neN, the
first n configurations from that subset were used as a training
set. Further, twenty randomly sampled configurations were
used as a validation set to recalibrate the uncertainties. The rest
of the configurations were used as the test set.

Appendix: D Runtime estimates on different hardware
configurations for the CaZrS; - proton system

A single 30 ps proton diffusion simulation in CaZrS; would take
around 3 months on the two 36-core Intel Platinum 8360Y
processors that were used to do the DFT interventions in VASP
5.4.4, while it took less than a day to finetune the 15 kcal mol "
threshold model and around a week for the 5 kecal mol ™"
threshold model during the initial 30 ps training runs. The time
for the 5 production runs with each model was negligible.
Increasing the CPU resources to eight processors will reduce the
time of the simulation in VASP 5.4.4 to around one month and
also reduce the time for the on-the-fly simulations to less than
half of the previous values, since the DFT interventions were the
computational bottleneck. Increasing CPU resources even more
will start to result in diminishing returns, as the MPI commu-
nications overhead will start to become the limiting factor.
GPU nodes containing 8 L40S GPUs were used for the
experiments and updating all Monte Carlo samples on a new
training data point takes only a few minutes on that hardware.
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To test the impact of constrained GPU resources, the experi-
ment for the largest system, the 162-atom CaZrS;-proton
system, was rerun using only two A100 GPUs. On that hardware,
it takes around 20 minutes to update the model. However, it
should be noted that DFT calculations for systems of that size
will also be quite time-intensive and on the two Intel Platinum
8360Y processors that were used, they took around 24-25
minutes.

DFT calculations involving two 36-core Intel Platinum 8360Y
processors were conducted on a single compute node with two
CPU sockets (four NUMA domains, 36 logical cores and 64 GB
RAM per domain). For calculations with eight 36-core Intel
Platinum 8360Y processors, VASP was run on four compute
nodes. VASP was run using the full nodes, with MPI ranks and
OpenMP threads distributed across CPUs. No explicit NUMA
binding or memory placement was applied. Memory allocation
followed the system's default NUMA policy. VASP was compiled
with Intel compilers (icx, icpx, ifx) and Intel MPI (mpiicx,
mpiicpx, mpiifx). Linear algebra routines used the Intel MKL
library. The VASP binary used was vasp_std (CPU variant). No
custom compilation options beyond the default module build
were applied.

Neural network optimization was performed with torch 2.6
and mace-torch 0.3.0 using CUDA 12.4.1 without cuEquivar-
iance acceleration.
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