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Machine learning (ML) provides a great opportunity for the construction of models with
improved accuracy for classical molecular dynamics (MD). However, the accuracy of a
machine learning trained model is limited by the quality and quantity of the training data.
Generating large sets of accurate ab-initio training data can require significant
computational resources. Furthermore, inconsistent or incompatible data with different
accuracies obtained using different methods may lead to biased or unreliable ML models
that do not accurately represent the underlying physics. Recently, transfer learning showed
its potential for avoiding these problems as well as for improving the accuracy, efficiency,
and generalization of ML models using multi-fidelity data. In this work, ab-initio trained
ML-based MD (aML-MD) models are developed through transfer learning using DFT data
from multiple sources with varying accuracy within the Deep Potential MD (DPMD)
framework. The accuracy of the force field is demonstrated by calculating rate constants
for the H + HO, — H, + *O, reaction using quasi-classical trajectories (QCT). We show
that the aML-MD model with transfer learning can accurately predict the rate constants
while reducing the computational cost by more than 5 times compared to the use of more
expensive quantum chemistry training datasets. Hence, the aML-MD model with transfer
learning shows great potential in using multi-fidelity data to reduce the computational cost
involved in generating the training set for these potentials.

1. Introduction

Classical molecular dynamics (MD) has been used extensively in fields such as combustion, chemistry,
and materials science,'* providing insights into various properties and phenomena beyond experimental
resolution. However, classical MD typically relies on simplified force fields that are based on physical
approximations and empirical parameters. Classical MD force fields often target generality for a given
system of elements at the expense of reduced accuracy for any specific reaction. Although classical MD
force field driven simulations are less computationally expensive than quantum mechanical dynamics
methods, they often show limitations in accurately describing chemical reactions that involve rare events
or transitions. In addition, classical MD simulations do not capture quantum effects, which can be important
for chemical reactions. For example, classical MD force fields may struggle to accurately predict the rate
constants of a combustion reaction due, in part, to the accuracy of the underlying force fields.’

Machine learning based molecular dynamics (ML-MD) provides an opportunity for the construction of
force fields with almost as high accuracy as quantum mechanical methods and efficiency equivalent to the
classical MD>" force fields. In ML-MD, ML algorithms are used to model the force field governing the
interactions between atoms in a system instead of relying on traditional physics-based force fields used in
classical MD. Many researchers have applied ML-MD to study combustion processes, reaction kinetics,
and explore reactive systems at the atomic level.*'* Zeng et al.” carried out a neural network-based MD
simulation for methane combustion. Detailed reaction processes were revealed and a total of 798 different
chemical reactions were recorded. Yoo et al.'’ developed a neural network reactive force field (NNRF) for
CHNO systems to describe the decomposition and reaction of the high-energy nitramine 1,3,5-



trinitroperhydro-1,3,5-triazine (RDX). The root mean squared error (RMSE) of NNRF describing the
reaction of RDX was one order of magnitude lower than a current state-of-the-art classical MD force field.
These works showed the potential of ML-MD techniques in unraveling complex reaction mechanisms and
developing transferable force fields for reactive systems.

However, ML-MD also exhibits limitations in terms of accuracy, efficiency, and generalization.
Regarding accuracy, the performance of an ML-MD model is limited by the quality and quantity of the
training data. If the training data are limited, biased, or not representative of the system being studied, the
performance of the model can be compromised. In terms of efficiency, obtaining a substantial amount of
ab-initio training data that covers a wide range of relevant configurations is extremely time consuming,
particularly for complex molecular systems. In terms of generalization, an ML-MD model trained on a
specific set of molecules or systems might struggle to generalize to new, unseen systems. The performance
of an ML-MD model can degrade significantly when applied to systems with different chemistries or
physical properties. Several approaches have been proposed to address these limitations. For example,
Young et al.”® presented a transferable active-learning strategy for developing reactive molecular force
fields using Gaussian Approximation Potential (GAP) models. The strategy allowed for the transferability
of force field parameters across different reactive species. Zhang et al.'* also developed an active learning
procedure with deep neural networks called deep potential generator (DP-GEN). This procedure increased
the accuracy of ML models by intelligently selecting the most informative samples for labeling. However,
these methods cannot handle inconsistent or incompatible data with different accuracies obtained by
different methods, thereby limiting the further improvement of accuracy, efficiency, and generalization for
ML-MD models.

When the accuracy of rate constant prediction is the goal, semiclassical or quasi-classical trajectory
(QCT) calculations are typically undertaken using a system-specific potential energy surface (PES)"*'®
instead of using a classical MD force field. Trajectory based rate constant calculation packages such as
DiNT,!” VENUS?*?! or internal codes® can be used to train these PESs and calculate the rate constants
using trajectories. Jasper et al.'® used DiNT along with permutationally invariant polynomial (PIP)
expansions to calculate singlet and triplet rate constants for the H + HO, reactions. Jiang et al.** developed
a permutation invariant polynomial neural network (PIP-NN) approach to train the PES for calculating the
rate constants. The Jun Li group proposed PIP-NN based A-ML approach for developing accurate, full-
dimensional PES by actively selecting a small subset of low-level data points and refining with high-level
calculations.**?® Use of “general purpose” classical MD force fields trained to represent larger reactive
systems is uncommon for rate constant predictions.”’” This is perhaps due to the typical accuracy of these
potentials®, which is much lower than that of system-specific PESs such as PIPs.® However, as stated
earlier, ML-MD models, which can substitute for classical MD force fields, show significant improvement
in accuracy. Hence, we want to use a ML-MD framework that is developed for training a “general purpose”
model to test whether it can accurately predict the rate constants.

Recently, transfer learning® has shown its potential for addressing the compatibility issue as well as for
improving the accuracy, efficiency, and generalization of ML models. In transfer learning, the model is
initially trained on a large dataset with lower accuracy to serve as a starting point. Subsequently, secondary
training is conducted on a smaller dataset with higher accuracy to fine-tune the model. Typically, during
the secondary training, the pre-trained model's initial layers remain fixed, while the subsequent layers are
trained using the new dataset. In this way, data from different methods can be utilized to enhance the
accuracy and comprehensiveness of the model. This method will allow us to take advantage of the
comprehensive literature that already exists for hydrogen combustion. Wang et al.*® utilized this technique
to generate a generalizable ML potential for Ag—Au nanoalloys. The accuracy in predicting Au (111)
surface reconstruction and the segregation of Au toward the Ag—Au nanoalloy surface was significantly
improved with transfer learning.

Sparked by the idea of transfer learning, in this study, an ab-initio trained ML-based MD (aML-MD)
model is developed using limited ab-initio data with higher accuracy and comprehensive data with lower
accuracy. This aML-MD model is demonstrated for the PES of H + HO, — Ha +°0,, which is a key radical
termination and propagation reaction in hydrogen combustion. Note that the number 3 in O, denotes the



triplet state. To validate this model, the rate constants of this reaction at different temperatures are calculated
using quasi-classical trajectories (QCT) with the aML-MD model as well as a PIP based PES from the
literature.

The manuscript is arranged as follows: First, we discuss the methodologies used in training an aML-
MD model, implementing the transfer learning technique, as well as the QCT calculations. Then we discuss
the capability of the aML-MD model in accurately representing the PES and predicting rate constants.
Afterwards, we assess effective ways to implement the transfer learning technique and their efficacy in our
application. Finally, we conclude by discussing the improvement to the rate constant predictions using the
transfer learning technique.

2. Methodology

2.1 Training an aML-MD model

There are several different ML-MD options available, each with their own ML approaches® . The
open-source DeePMD-kit framework,**** which utilizes deep neural networks to model the PES, was used
in this work. The trained deep neural network takes atom configurations as input and predicts the energies
and forces in the system. This software provides a training framework to train the deep potential models. It
includes tools for data preprocessing, training, and validation, as well as techniques for improving the
accuracy and efficiency of the models. It also enables us to develop transferable models that can be applied
to different systems and chemical environments.

The initial ML-MD model trained using the DeePMD-kit framework, hereafter referred as the aML-MD
model, was trained using DFT calculations based on geometries from Jasper et al.'® Briefly, these
geometries were generated in batches for geometries surrounding the unimolecular stationary points (via
expansions about the triplet saddle points) and bimolecular reaction channels (the reactants H + HO, and
major products H, + >0, as well as the minor products 20H and *O + H,0). For the bimolecular channels,
both the internal coordinate of the diatomic and polyatomic fragments were sampled, and the two fragments
were randomly oriented with separations ranging from 1 to 15 A. These geometries comprehensively
represent the PES of H + HO» — products, ensuring that the neural network trained on these data captures
the full complexity of the reaction dynamics across its entire energy landscape.

The DFT calculations were performed using the Gaussian?’ code with ®B97X-D functional and cc-
pVTZ basis set. We used symmetry broken wave functions to calculate energies considering the large
separation distances for the geometries. In total, energies and force vectors were calculated for 96,936
geometries. 90% of these energies and forces along with the coordinates for all the geometries served as
the training data for the aML-MD model. The rest of the data was used as validation data. The DeePMD-
kit framework was then used to train the model using these data. The model was trained using 2,000,000
steps while taking around 4 hours of computational time on a NVIDIA A100 GPU (1/8th capacity).
Additional details about the installation and training process can be found in the following references.****

2.2 Transfer learning

Transfer learning is a machine learning methodology that uses pretrained models to reduce the training
cost for a different but related problem. In this work, we used transfer learning to improve the pre-trained
aML-MD model using higher-accuracy Quantum Mechanics (QM) calculations. Figure 1 shows the
ideation of transfer learning technique. As shown in the figure, the aML-MD model is first trained using
large amounts of lower accuracy data. This model is trained to represent the lower accuracy data. Then the
last layer of the deep neural network is retrained using a smaller amount of high accuracy data. As the lower
accuracy data represents the physics of the problem, albeit with lower precision, a small amount of high
accuracy data should in-principle be enough to improve the precision of the model. Although similar
techniques have been used before to improve the accuracy of ML-MD models, their capability in predicting
accurate elementary kinetics remains to be tested.

The higher-accuracy data consist of energies for the same geometries calculated using the MRCI+Q
method employing a complete basis set (CBS) limit extrapolation of aug’-cc-pVDZ and aug’-cc-pVTZ



results as described previously '°. The MRCI+Q/CBS level of theory for this system was benchmarked
against ANLI1 energies” in Ref. 16 and generally exhibits higher accuracy than DFT, albeit at a much
higher computational cost.***' Such calculations are particularly important for geometries where multi-
reference effects are important, such as the interactions between two radicals at large separations. For
example, Liu et al.*> employed both MRCI and ®B97X-D functionals to calculate the ionization energy of
a Boron cluster, finding that the error of MRCI functional was only a quarter of that of ®B97X-D when
compared to experimental results. The functional has been shown to perform well for a variety of systems,
especially those with non-covalent interactions, such as the H and HO, systems.** Additionally, the choice
of lower accuracy functional is not that important as transfer learning is being implemented to improve the
accuracy of the results. Although, it will be easier to implement transfer learning if the differences between
the multi-fidelity methods are not large.

Although MRCI+Q/CBS energies for all the geometries were available, only a small amount of the
higher-accuracy data was chosen to improve the pretrained aML-MD model. The amount as well as the
method of choosing the data for transfer learning is discussed later. These selected data were then used to
train the last layer of the pretrained aML-MD model. The promise of the transfer learning methodology lies
in the use of existing datasets with different accuracies. In this case, the higher-accuracy energy data
generated at the MRCI+Q/CBS level of theory were also used during the rate constant predictions for H +
HO, — H; + 0, using DiNT.'® Hence, this higher-accuracy dataset is a good test-case to assess the
capabilities of transfer learning methodologies. Before performing the lower-accuracy ®B97X-D functional
based calculations, we also undertook a transfer learning case study using a combination of a classical MD
force field and QM calculations. The results from that test case can be found in the supplementary materials.
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Figure 1. Ideation of transfer learning methodology.

2.3 Quasi-classical trajectories

For QCT rate constant calculations (see Fig. 2), DiNT" was employed to generate initial conditions,
including atomic coordinates and velocities. Each trajectory started with the H and HO, radicals as reactants.
The initial conditions were calculated using the usual QCT approaches, which include the rigid rotor and
separable harmonic oscillator approximations. These approximations allow for the sampling and
randomizing of the orientation, vibrational states, and rotational states of the reactants (HO, in this case).*
Specifically, the initial separation between the centers of mass of the H and HO, radicals was set at 8 A,
with impact parameters ranging from 0 to 3 A. The convergence with respect to these choices was tested
previously.'® These initial conditions aimed to ensure the reactants would collide. These conditions were
then input into LAMMPS,* where the aML-MD model was used to drive the motion of atoms. Each
trajectory is an NVE (constant N = Number of atoms, V = Volume, E = Energy) simulation run using
LAMMPS® with input parameters from DiNT," including initial atom coordinates and velocities. The
timestep for running the trajectories was set at 0.1 fs, with smaller timesteps of 0.05 and 0.01 fs tested;
however, reductions below 0.1 fs did not affect the results. Trajectories were terminated based on the



separation distances involving an oxygen atom from the original HO, radical. The simulation was ended
when the distance between this oxygen and any atom from the initial HO, exceeded 4 A or if the separation
from the initial H atom exceeded 8.5 A. Otherwise, trajectories continued for up to 100,000 steps. Less than
0.05% of trajectories persisted until this step limit. This percentage is far less than the percentage of reactive
collisions. From the proportion of trajectories resulting in reaction, the rate constants were calculated using
the expression:

Nyeac
k=Ax X Gelecs

Ntotal

’SkBT
A= - nbmaxz.

Here, n,..4 1s the number of trajectories leading to reactions; 1n;¢; 1S the total number of trajectories;
Gelec 18 the ratio of the electronic partition functions, which equals 3/4 for the triplet reaction being
considered; kg is the Boltzmann constant; T is the target temperature; u is the reduced mass of the reactants;
byax 1s the maximum of the impact parameter. We typically used 20,000 trajectories to calculate the rate
constants. The higher number of trajectories results in lower uncertainty for the rate constant calculations.
The uncertainty of the rate constants was determined using the expression:

where

Ak = 2k Ntotal — Nreac

N¢otal X Nreac

Additional information can be found in Refs.!”*
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Figure 2. Workflow for calculating rate constants by an aML-MD model.
3. Results and discussion

3.1 Accuracy of the aML-MD model
As the first step, an aML-MD model was trained on the DFT dataset generated with the ©B97X-D
functional. Table 1 shows the training and validation errors in the predictions of energies and forces made
by this model. The training and validation errors are calculated using the respective datasets. By examining
the state-of-the-art accuracy of ML-MD models, an accuracy target for predictions of energies and forces
is established. When the energy RMSEs are less than 2.5 kcal/mol and the force RMSEs are less than 10
kcal/mol/A,”!° the fitting performance of the ML-MD model is considered satisfactory. Table 1 shows that
both the training and validation errors meet these standards. The validation errors are on the same order as
the training errors, indicating that the neural network is not overfitting.
Additionally, we compared the training and validation errors of the aML-MD model with several PESs
from the literature. The PIP PES trained using high-level quantum chemistry calculations by Jasper et al.'®
show a weighted error of approximately 0.3-1.9 kcal/mol, depending on the order of PIP expansions used.



We also compared with the training accuracy of PIP-NN PESs for gas-phase reaction dynamics.*** The
training errors of our aML-MD model are comparable to those of PIP or PIP-NN PESs, which are typically
trained to run QCT simulations. It should be noted that all these PESs/models were not trained using the
same dataset. While the accuracy of the aML-MD model could be improved further in terms of training and
validation error, our accuracy targets are based on ML-MD models in the literature.”'® These errors are an
indication that the DeePMD-kit framework is capable of training the aML-MD potential with sufficient
accuracy.

Table 1. Errors in the predictions of energies and forces made by the aML-MD model.

Source Training error Validation error

Energy RMSE (kcal/mol) 1.68 1.82
Force RMSE (kcal/mol/A) 6.53 4.96
Energy RMSE (kcal/mol) '¢ 0.3-1.9 -
Energy RMSE (kcal/mol) '¢ 0.15 -
Energy RMSE (kcal/mol) '¢ 0.31 -
Energy RMSE (kcal/mol)*° 1.5 -
Energy RMSE (kcal/mol) ! 0.2 -

16 _ PIP (weighted error). The specific value depends on the total expansion orders.

4849 _ PIP-NN developed for the H + HO; system.

39 _ PIP-NN developed for the H + Os system.

I _PIP-NN developed for the N + O, system.

Figure 3 shows a comparison between the energies and forces predicted by our model and the values
from the training data. From the left figure, it is observed that the data points are not uniformly distributed
across the entire energy spectrum. Most geometries are clustered within the energy range of 0 to 5 eV
(extending 110 kcal/mol above the lowest-energy product channel and 60 kcal/mol above the energy of the
reactant channel) with only a few extending high into the repulsive wall with energies above 10 eV. These
geometries span a significant energy breadth of approximately 35 eV. Despite this non-uniform distribution
and the broad energy range, the proximity of the points to the expected trend line throughout the range
shows the model's ability to accurately capture the PES. Consequently, this leads to the development of a
robust and accurate model that effectively characterizes the reaction dynamics across its entire energy
landscape.
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Figure 3. Comparison between the energies and forces predicted by aML-MD model and the values from the
training data. Dashed line represents exact match.

To validate the effectiveness of our model, we calculated rate constants by running quasi-classical
trajectories using LAMMPS and the aML-MD model, as discussed above. An in-house code identified
reaction events at the end of these trajectories. For comparison, rate constants were also calculated using
DiNT with the PIP PES, which was trained using the entirety of the high-accuracy data (MRCI+Q/CBS).
The same initial conditions were used for both the PIP-driven DiNT calculations and the aML-MD model-
driven LAMMPS calculations. Finally, we also compared all rate constant predictions with those
determined previously using the MRCI+Q/CBS PIP expansion®, which, as expected, agree with the present
DiNT calculations.

Figure 4 shows the rate constants at different temperatures calculated by DINT and the aML-MD model.
DiNT, utilized to run trajectories and compute rate constants using analytic PESs, serves as the ground truth
in this context. The figure shows that the aML-MD model can be used to predict the rate constants using
reaction-specific training data and that the aML-MD training accuracy reasonably translates to the rate
constant predictions. As the PIP is trained exclusively on high-accuracy data, the rate constant predictions
differ from those of the aML-MD model, which was trained on DFT data. Interestingly, the aML-MD model
fails to predict the rate constants at relatively higher temperatures (T>1000 K) with a difference of more
than 20% at 1500 K.

3.2 Transfer learning data selection

To improve the rate constant predictions by the aML-MD model, we decided to implement the transfer
learning strategy. The implementation of transfer learning involves making three different choices. Firstly,
we have to consider the similarity of the two domains, comprehensive data for model pretraining, and
higher-accuracy data for finetuning, from which the data is being selected. In this work, the two domains
are represented by two different energy and force calculation methods (#B97X-D vs. MRCI+Q/CBS). As
the energies and forces are calculated for the same geometries, the two domains are quite similar to each
other. The other two choices are the amount of data chosen from the higher-accuracy dataset and the way
that data is chosen. These are non-trivial choices that will decide the effectiveness of the transfer learning.
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Figure 4. Rate constant predictions at different temperatures calculated by DiNT and the aML-MD model.

To decide the amount of data required to implement transfer learning, we finetuned several aML-MD
models with a varying amount of higher-accuracy data ranging from 1-20%. We then compared the
accuracy of these fine-tuned models against the entirety of the higher-accuracy dataset. To assess the
accuracy of the initial aML-MD model, we also compared its energy predictions against the data generated
using MRCI+Q/CBS level of theory, which has higher accuracy compared to the ®B97X-D functional.>**
As expected, the initial aML-MD model returns a higher MRCI+Q/CBS energy RMSE compared to the
®B97X-D energy RMSE. This work provides us an opportunity to perform such a comparison as it would
be typically computationally expensive to generate the entire dataset using higher-accuracy calculations.

Table 2 shows the accuracy of the aML-MD models finetuned with transfer learning using different
amounts of higher-accuracy data. All the fine-tuned models show better accuracy compared to the aML-
MD model without transfer learning. This trend validates the use of the transfer learning technique as a
method to improve aML-MD accuracy while reducing the computational cost. However, choosing the exact
amount of data for fine-tuning remains a non-trivial question. The amount depends on the system being
investigated as well as the disparity between lower and higher-accuracy methods. We would recommend
striking a balance between accuracy improvement and additional computation time associated with higher-
accuracy functionals when selecting the amount of high-accuracy data to be generated, if not readily
available. In this work, utilizing 5% of high-accuracy data appears to strike an optimal balance and was
therefore adopted for our study.

Table 2. Comparison of RMSE in predictions of energies as compared to the entirety of the higher-accuracy data
(MRCI+Q/CBS) made by the initial aML-MD model and aML-MD models with transfer learning trained using
different amounts of higher-accuracy data.

Amount of higher-accuracy data 0% 1% 5% 10% 20%

Energy RMSE (kcal/mol) 6.55 2.08 1.71 1.61 1.57

Next, we also explored and compared various methods for choosing high-accuracy data. Initially, we
employed a "fully random” method, where data are selected at random, ensuring equal probability for all
geometries to be included in the new dataset. However, it's observed that for certain geometries, the ®B97X-
D functional-based calculations exhibit larger discrepancies in energy predictions compared to the MRCI-
Q/CBS level of theory. The pretrained aML-MD force field might be less accurate for these geometries
leading to discrepancies in the rate constant predictions. To address this issue, we proposed enhancing the
representation of these "inaccurate" geometries by prioritizing data where the deviation between the two



theoretical results exceeds a certain threshold. This approach hypothesizes that increasing the weight of
these geometries in the training dataset could significantly improve the aML-MD model's energy
predictions after transfer learning. In the cases where higher-accuracy data is not readily available, these
data selection strategies can be used to generate the higher-accuracy data.

To implement this, we introduced another data selection method. The entire dataset is divided into 100
bins, each containing an equal number of data points. The selection process for the training data in the
secondary training is iterative. In the first iteration, five points from each bin are randomly selected and
added to the training dataset, resulting in a total of 500 points. If the energy deviation between the two
functionals for any of these five points exceeds 0.2 eV, the corresponding bin is retained for the next
iteration; otherwise, it is removed from the dataset. In subsequent rounds, the revised dataset is once again
divided into 100 bins, and the process continues until 5% of the data is selected. This method balances
random selection with an emphasis on including data with larger deviations between the two functionals.
Furthermore, we explored two strategies for binning the dataset in each iteration: one involves random
division, and the other involves sorting the dataset by energy values before division. We refer to these as
the “selection with random bins” and “selection with sorted bins” methods, respectively.
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Figure 5. Rate constants at different temperatures calculated by aML-MD models with transfer learning using three
data selection strategies (red line with circle symbols) fully random data selection, (green line with triangular
symbols) data selection with random bins, and (black line with square symbols) data selection with sorted bins. For
all the data selection methods, 5% data from higher-accuracy method was chosen to finetune the aML-MD model
with transfer learning.

Figure 5 compares the efficacy of all these methods by comparing rate constant predictions. Interestingly,
the performance of these three methods is found to be quite similar within the rate constant prediction
uncertainty. Therefore, for the reaction system under consideration, the method of fully randomly selecting
geometries for higher-accuracy DFT calculations is the most straightforward and effective approach. This
model is referred to as “aML-MD model with transfer learning” hereafter. It is noted that for each selection
method, three distinct selections are made, and the rate constant predictions are the average results of these
three separate trials. This mitigates potential biases or errors that could arise from random bins or data
selection, ensuring the robustness of the findings. However, it is important to note that this conclusion might
not hold for more complex reaction systems. In such cases, our proposed iterative methods of selection,
namely “selection with random bins” and “selection with sorted bins”, might outperform the “fully random”
method. Additionally, active learning methods * can also be used for selecting data points for high-level
calculations. The potential advantages of these iterative methods in dealing with complex reaction systems
are a promising avenue for future research.

3.3 Improvement in rate constant predictions by transfer learning



Finally, to validate the effectiveness of transfer learning, we compared the rate constant predictions
from aML-MD models with and without transfer learning, along with those obtained using DiNT. As seen
in Fig. 6, the aML-MD model with transfer learning perfectly matches the DiNT/PIP rate constant
predictions at all temperatures. The accuracy shown by the aML-MD model with transfer learning is
encouraging. The aML-MD model with transfer learning predicts the rate constants with an uncertainty
ranging from 16.8% at 500K and 8.54% at 1500K. Also note that this uncertainty can be further decreased
by running a larger number of trajectories. In this case, it also significantly reduces the computational cost
to generate the training data without compromising the accuracy of the results. A typical MRCI+Q/CBS
energy calculation took 11 minutes, whereas a @B97X-D energy and force calculation took 70 seconds on
average. If the entirety of higher-accuracy training data were to be generated for training the aML-MD
model, it would have cost more than 5 times the additional computational effort without considering the
overhead for force calculations. Although recent progress has been made in reducing the training data
requirements for ML-based MD potentials,'*!* the generation of training data still accounts for the majority
of the computational cost. Training data requirements for ML-based models are typically orders of
magnitude higher than those for classical MD force fields. As demonstrated in this work, transfer learning
can enable the utilization of existing datasets while training ML-based MD potentials without
compromising accuracy. Employing multi-fidelity data for training ML-based MD potentials could
significantly reduce the computational cost of generating training data.
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Figure 6. Rate constants at different temperatures calculated by DiNT, aML-MD models with and without transfer
learning.

4. Conclusions

We developed an ab-initio ML-MD model (aML-MD) with the DeePMD-kit framework by combining
relatively lower-accuracy and higher accuracy data with transfer learning for the PES of the H + HO, —
H, + O, reaction. The accuracy of the aML-MD model is assessed by comparing its predictions against
training and validation data, showing that the model's performance meets established standards. This aML-
MD model trained using transfer learning can accurately predict the rate constants for an elementary kinetic
reaction while reducing the computational cost by more than 5 times by combining multi-fidelity data. We
show that the general-purpose ML-based MD models are accurate enough to predict rate constants using
semi-classical trajectory calculations. Moreover, transfer learning shows great potential in using multi-
fidelity data to reduce the computational cost involved in generating the training set for these potentials.
Three different methods for selecting geometries for implementing higher-accuracy ab initio calculations
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are evaluated to optimize the efficiency of transfer learning techniques. It is shown that randomly selecting
geometries is the most straightforward and effective approach for the investigated reaction.
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