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Understanding and predicting the properties of polymers is vital to developing tailored polymer
molecules for desired applications. Classical force fields may fail to capture key properties, for
example, the transport properties of certain polymer systems such as polyethylene glycol. As a
solution, we present an alternative potential energy surface, a charge recursive neural network
(QRNN) model trained on DFT calculations made on smaller atomic clusters that generalizes well

to oligomers comprising larger atomic clusters or longer chains. We demonstrate the validity of the
polymer QRNN workflow by modeling the oligomers of ethylene glycol. We apply two rounds of active
learning (addition of new training clusters based on current model performance) and implement a
novel model training approach that uses partial charges from a semi-empirical method. Our developed
QRNN model for polymers produces stable molecular dynamics (MD) simulation trajectory and
captures the dynamics of polymer chains as indicated by the striking agreement with experimental
values. Our model allows working on much larger systems than allowed by DFT simulations, at the
same time providing a more accurate force field than classical force fields which provides a promising
avenue for large-scale molecular simulations of polymeric systems.

Machine learning techniques to bridge computational shortcomings have been explored in numerous fields of
computational materials science'"* and chemistry®=. In particular, there has been a recent foray into the field of
molecular dynamics (MD) to (i) lengthen the time or length scale associated with ab-initio molecular dynamics,
and (ii) to improve the accuracy of classical force fields. In the current work, we will primarily focus on the prop-
erties with limited accuracy that are associated with classical force fields. To address this issue, ab initio molecular
dynamics (AIMD) methods were developed'®!!, primarily using density functional theory (DFT)'2. While these
methods accurately capture molecular interactions, the computational expense associated with their scalability
restricts us to short time scales (around 10! picoseconds) and very small systems (around 10% atoms), which
complicates the study of time-dependent dynamic properties of systems of large molecules such as polymers'-°.

There have been recent advancements in machine-learned force fields'® 7 to capture complex behavior such
as polarization and chemical reactivity'®. Machine-learned force fields can reproduce quantum chemical calcula-
tions in both finite and extended systems to well within chemical accuracy, i.e., less than 2 kcal/mol error. These
force fields are based on a neural network potential energy surface (NN-PES) architecture, in which a machine
learning model is trained to reproduce the total electronic energy of a reference level of theory (typically DFT)
to chemical accuracy'®-*'. The model is trained by minimizing the prediction error against the reference level
of theory. In the approach known as a high dimensional neural network potential (HDNNP)?> %, this is done
by first transforming the atomic positions into local atomic descriptors which can then be mapped to atomic
energy contributions. The total energy is then computed as the sum of the atomic energies. Typically HDNNPs
are applied to the same chemical systems that they are trained on, enabling simulations at larger length scales
and timescales which would not have been possible using traditional ab initio molecular dynamics techniques®.
Recent efforts have been made to further improve HDNNP architecture and also extend to systems that are
not part of the training set?. Most notably, the charge recursive neural network (QRNN) model*® aims to
supplement and build on the success of Accurate NeurAl networK engINe for Molecular Energies (ANI)'® by
distinguishing charged species from uncharged species while keeping the generalizability that allows accuracy
without task-specific training. By generalizing from clusters of small molecules up to large periodic boxes, we
can use an advanced hybrid density functional like ¥B97X-D3BJ*” 2 to generate training data, unlocking its
greater accuracy. Moreover, since QRNN models are effective at learning partial atomic charges, these models can
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accurately capture dynamics for polar and ionic systems, and condensed phase systems such as electrolytes®. As
aresult, the QRNN model holds promise to model polymer dynamics more accurately than classical force fields.

In this paper, we discuss the benefits of using the QRNN approach in simulating ethylene glycol (EG) and
its oligomers inspired by earlier charge-based models*"?>*° and related works exploring the generalizability
of machine-learned force fields to arbitrarily long polymer chains®" 2. EG-based solvents are used across vari-
ous applications such as solvents®, paints®, antifreeze®®, hydraulic brake fluids®, inks*, plastics®, films*, and
cosmetics*’. More recently, EG-based solvents have been used with ionic liquids*! and eutectic solvents*’. Tra-
ditional biomolecular force fields, such as OPLS, have been used to model systems such as polymers*, ethylene
oxide*, organic/inorganic nanostructures* and ethylene glycol*®*’. This force field type has been successful in
capturing some thermodynamic properties such as density at a constant temperature, however, it fails to capture
some dynamic and thermodynamic properties such as self-diffusivity, viscosity, and specific heat*®. The dynamic
properties are predicted particularly poorly since the OPLS force fields result in an effective stiffening of the
oligomers due to exaggerated torsional barriers, which becomes more pronounced as the chain length increases®.
Quantum mechanics based charge-fitting can improve the performance of OPLS force field* for specific systems,
but this is not the focus of our study. Here, we use a QRNN model to mitigate the inaccuracies from the OPLS
force field as well as the computational expense posed by traditional quantum computations. We describe the
methodology for training force fields that may be applied to any class of polymers followed by a demonstration
of their property prediction accuracy on ethylene glycol oligomers.

In this paper, we demonstrate the scalability of our model by training it on monomer, dimer, and trimer
clusters and successfully applying it to oligomers ranging from tetramers to decamers. This scalability is a key
feature of our model, justifying its characterization as “scalable”. Our simulations on longer polymer chains
(> decamer) affirm the model’s ability to generalize to realistic polymer systems. Our hypothesis suggests that
capturing the dynamics of non-conjugated systems can be achieved effectively by incorporating information
from three monomers. However, it’s essential to note that the model developed in this study is not universally
applicable to all polymer systems. To adapt it to a new polymer, it’s necessary to extract relevant clusters and
include them in the training process. The advantage of our workflow lies in its support for transfer learning,
obviating the need to train the model from scratch; instead, we can utilize the best-performing model from our
current work as the initial input model.

Our research serves as a proof of concept, demonstrating the feasibility of employing our QRNN workflow for
modeling polymer materials. It represents a successful and cost-effective approach for exploring the mechanical
and thermophysical properties of polymers, ultimately enhancing our ability to design novel polymer systems
with greater confidence.

The paper is structured as follows. In Section "Methods" we discuss the workflow for the machine-learned
force field training set construction followed by the MD analysis specifics. Promising improvements to the neural
network potential, such as carrying out feature engineering and active learning, are also discussed in this section.
Following, in Section "Results" we discuss the numerical results obtained from the QRNN-MD simulations. We
first show the results from the initial trained model (Section "Comparison of properties”) and follow up with
results from an improved model that implements feature engineering and active learning (Section "Model revi-
sions"). We also discuss the consequence of such model improvements on the numerical results. We conclude the
paper with the findings from our study and the promise that this scalable and generalizable force field provides.

Methods
Classical force field molecular dynamics
Given that polymers comprise repeating units of monomers, the goal is to use small oligomers (< trimers) to
train the QRNN model, which then functions as the force field for the MD simulations for larger oligomers,
which serves as the test of the model’s extensivity. We begin with developing a set of benchmark MD simulations,
against which we will eventually compare the QRNN models performance. For the MD simulations, we use the
OPLS4 force field developed by Schrodinger Inc™. We generate different simulation cells with increasing chain
length, from pure monoethylene glycol to pure decaethlyene glycol. For creating amorphous cells, we use the
Disordered System Builder (DSB) tool in Schrodinger Materials Science Suite (MSS), version 2022-2%> %, The
DSB tool arranges the oligomers in the simulation cell by rotating the backbone dihedrals, using a self-avoiding
random walk algorithm, to ensure varying chain configurations. For each oligomer type, we create 10 replicate
cells with different spatial configurations. The generated simulation cells consist of ~ 1500 atoms with a density
of 0.5 g/cm?®. The initialized configuration is then relaxed in a ten-step process, as described in Section S1.1.

To obtain MD-generated values by using the OPLS4 force field, we performed a constant-temperature, con-
stant-pressure ensemble (NPT) simulation on the relaxed configuration for 2 ns at 300 K and 1 atm external
pressure with a timestep of 2 fs. We used Martina-Tobias-Klein (MTK) barostat and Nose-Hoover thermostat for
all the OPLS4 simulations. The thermostat relaxation time constant was fixed at 1 ps whereas the time constant
for the barostat was fixed at 2 ps. For the computation of self-diffusivity, we performed an a constant-temperature,
constant-volume ensemble (NVT) simulation for 10 ns at 300 K with a timestep of 1 fs (since any ensemble with
a barostat has the potential of interfering with the system dynamics). We use the mean-squared displacement
and the Einstein equation to obtain the self-diffusivity.

The error bars shown in all of our results indicate the standard deviation among the ten replicates used for
each system.

Dataset preparation for QRNN training
From the OPLS4 trajectories, we extracted N-molecule clusters of monomers, dimers, and trimers of ethylene
glycol to serve as training data. In the interest of efficient DFT labeling of the clusters, we limit our dataset to
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8-molecule clusters in the case of the monomers, up to 6-molecule clusters in the case of the dimers, and up to
4-molecule clusters in the case of the trimers. We then sample several conformational clusters from the different
N-molecule clusters where we find a balance between the number of clusters for representative training data and
the computational expense associated with carrying out DFT calculations on the clusters. These conformational
clusters contain non-equilibrium bond distances, and bond and dihedral angles which sample configurations that
are representative of what the system might encounter during the course of a stable MD trajectory. The sampled
conformational clusters also include density variations in addition to the bond, angle, and dihedral deforma-
tions. In addition to the sampled conformational clusters of a different number of molecules of the monomers,
trimers, and dimers, we also look at a few decomposed samples of clusters. Decomposed samples are created by
arbitrarily breaking/deleting bonds in our sampled configurations. These samples force the individual molecules
into unfavorable configurations. The decomposed clusters prevent the QRNN model from stabilizing unrealistic
molecular configurations while carrying out the MD simulation. The number of different N-molecule conforma-
tional samples from the regularly identified clusters is 210,500, whereas the total number of decomposed clusters
at 106,000. The breakdown of the clusters is shown in Table S1. Out of these, a total of 217,684 clusters were used
to compute the DFT energies, atomic forces, and dipoles. All the DFT data generated in this work is shared on
figshare platform®. All DFT calculations were performed at the wB97X-D3B]/def2-TZVPD level?”-?**° with the
electronic structure software package Psi4-1.3%. We selected wB97X-D3B]/def2-TZVPD level as it is a recom-
mended theory from a benchmarking study by Grimme et al.”’”. The parameters used for the energy calculation
were: le-10 DFT basis tolerance, le-10 Schwarz screening threshold, and 1e-6 linear dependency cutoff.

QRNN training

The network used for the polymer force field predictor is taken to be the previously reported QRNN architecture®.
Our study extends QRNN MD simulations to systems of ethylene glycol and its oligomers from monoethylene
glycol through decaethylene glycol. We explore the extent of the restriction of the training space that would yield
a reliable machine-learned force field for oligomers of any arbitrary length. To this end, we train three separate
models: (i) QRNN - M: A model trained exclusively on the conformational and decomposed clusters of ethylene
glycol, (ii) ORNN - M, D: A model trained exclusively on the conformational and decomposed clusters of ethyl-
ene glycol and diethylene glycol, and (iii) ORNN - M, D, T: A model trained exclusively on the conformational
and decomposed clusters of ethylene glycol, diethylene glycol, and triethylene glycol.

The QRNN model is briefly summarized here, and readers interested in further details are referred to previous
reports®»?. QRNN is a modification of the HDNNP architecture designed to equally support ionic and neutral
systems and describe long-range interactions with physics-based functional forms. Atomic neural networks are
used to predict atomic electronegativities, using Behler-Parinello type symmetry functions?, or atomic environ-
ment variables (AEV) as input'®. These predicted atomic electronegativities are then used in a simplified charge
equilibration (Qeq) formula to determine atomic charges. As such, our models resemble the fourth-generation
HDNNP architecture?!. This charge prediction process is recursive, albeit limited to two iterations, which gives
the model its name®®. Once the charges have been determined, they are used as features, along with AEV and a
charge-weighted radial AEV, to an atomic network that predicts energies. To compute the total energy, we sum
the short-ranged neural network atomic energies, together with a long-ranged Coulomb energy (again using
the predicted charges) and Grimme’s dispersion correction®® combined with the damping function proposed
by Chai and Head-Gordon®. As a result, this model effectively captures long-range Coulomb and dispersion
interactions while also representing short-range interactions with high precision.

As in previous works, we use a multitask loss function®, which describes the overall training error without
having to hand-tune hyperparameters associated with weighting the individual tasks that comprise the loss
function,

Lg L L
Long = E + é + é + log(ogogoy) . (1)
Here, L is the squared error in energies, £, denotes the squared error in energy gradients, £, is a loss function
for charges, and o, 0y, 0, are trainable parameters. While a loss function for charges is not strictly required if
the training set adequately covers long-range interactions, it can guide the model to provide accurate atomic
charge predictions, which in turn yield accurate long-range energy predictions. In previous work, we utilized a
charge loss function that quantified the error in predicted dipole moments®. The rationale behind this approach
is that for a neutral molecule, the dipole moment is the leading order in a multipole expansion, and reproduc-
ing the dipole ought to yield reasonable reproduction of the long-range electrostatic potential. Moreover, the
dipole moment is also an exact property of the electron density. For larger molecules, however, the dipole
moment provides limited information about the distribution of atomic charges, similar to how the total energy
provides less information than forces. Further, molecular symmetry may enforce a zero dipole moment, yield-
ing no information that most MLFF models won't trivially reproduce. Therefore, it is useful to supply reference
atomic charges and consider £, as the squared error of these atomic charges. In this work, we investigate the use
of atomic charges from GFN2-xTB as they can be efficiently computed for existing data, and the GFN suite of
methods yields good reproduction of intermolecular energies and molecular dipole moments®’.

For training, we use weight normalization with a weight decay of 107, The learning rate («) is set at 107>,
The training batch size is 256, while the validation batch size is 1024. We use 500 epochs with an epoch size of
200,000 samples during training. The training labels we use initially are total energy, atomic forces, and dipole
moments. For some models (described later in the paper), we replace the dipole moments as with extended
tight-binding charges as a training label.
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QRNN aided molecular dynamics

The molecular dynamics simulation from the QRNN force field was performed using the Atomic Simulation
Environment (ASE) package with the QRNN being used as a force calculator. For all the QRNN MD simula-
tions, the total time of the simulation is 1 ns with a timestep of 0.5 fs owing to the computational expense and
numerical stability associated with the simulation. The Nose-Hoover thermostat was used for the NVT and NPT
simulations and the Parinello-Rahman barostat was used for the NPT simulations. The thermostat relaxation
time constant was fixed at 50 fs whereas the time constant for the barostat was fixed at 2.5 ps. The QRNN NPT
simulations are run starting from the equilibrated structure obtained from the relaxation protocol mentioned
in Section S1.1 which utilizes the OPLS4 force field. We used all ten simulation boxes (replicates) for each of
the ten oligomers of ethylene glycol that were equilibrated using the OPLS4 force field. For the case of the NVT
simulation, we use a snapshot from the QRNN-MD trajectory that has a density that is close to the average
density of the NPT trajectory. The NPT and NVT simulations are run for a total of 1 ns. For the computation of
self-diffusivity, we sample the trajectory every 0.5 ps.

To test the transferability of the QRNN model to longer polymer chains, we conducted simulations for chains
consisting of 25, 50, and 100 monomers in addition to the ten oligomers. We generated ten simulation boxes for
each chain length, containing approximately 8000 atoms. The QRNN simulations were run using the Desmond
implementation on a GPU with 3584 CUDA Cores for 5ns, with a time step of 1fs

Model validation

In a conventional validation process of a machine-learned force field, predicted values are typically compared
with DFT predicted values for a few selected clusters. We have performed such validation in our work and
report parity plots for energies, forces, and charges, to show the agreement between predicted and DFT values.
In addition to these parity plots, we introduce the pair scanning method as an extra means of validating our
models. This pair-scanning approach is incredibly powerful as it allows us to visualize the quality of our mod-
els in a more comprehensive manner. To conduct the pair scanning, we randomly select a pair of neighboring
molecules from the QRNN MD simulation and run the energy calculation on just these two molecules with
increasing separation distance. As these pairs are extracted from MD, they are close to the most optimal distance
from each other. To obtain the potential energy curve showing this optimal distance, one of the molecules is
manually translated along the line of the center of mass of the two molecules. This process constitutes of rigidly
translating one of the molecules from a distance of dyin t0 diax in Nsteps, Where dyiy is chosen to be about 75%
of the initial distance between the center-of-mass of the two molecules (dcom) and d,yax is chosen to be 300% of
dcom. For these ngeps configurations, we compute the potential energy of the 2-molecule system using DFT, the
OPLS4 force field, and the QRNN force field. For well-trained models, we would expect the energy-separation
landscape from the QRNN model to be much closer to the DFT results. For our analysis, we use #1teps = 500 for
ethylene glycol, diethylene glycol, and triethylene glycol. However, for tetraethylene glycol we use nsteps = 300
in the interest of computational expense.

Active learning

To further improve the QRNN MD accuracy, we added additional DFT samples. We do this efficiently by imple-
menting an active learning method, i.e., to smartly select the samples that would improve the model accuracy
and remove redundant samples. Active learning constitutes a multi-step process:

® We first train an ensemble (also known as a committee) of five QRNN models by using the original dataset
that we wish to improve. However, instead of using a 90-10 split for training-validation sets (as we do for
training the target model), we use a 60-40 split to introduce more variation between the models.

e We follow this step by creating a large number of clusters of a different number of molecules for the monomer,
dimer, and trimers of ethylene glycol. In our particular case, we create close to 800,000 clusters for the first
round of active learning, details of which are shown in Table S2.

®  We use all five models to compute the atomic forces across clusters and note the weight-averaged variance
(¢)) of the computed forces for all the N, atoms in each cluster given by,

Na
Pr=>"> o()/VNa @)

i=1 X,z

Here, o (f) is the variance of forces computed by five models for a single atom and p/ serves as a measure of
difficulty in generalizing the force field to a given cluster sample.

e We select 40,000 samples with the highest o/ and another 40,000 samples that are randomly selected from
the remaining conformational clusters. To this, we add the newly extracted clusters (Cluster column in
Table S2) to form the active learning samples.

e The DFT calculations are now run on the active learning samples after which they are appended to the data-
base.

e A new QRNN model is trained with these additional samples in the database.

We follow the same steps for the second round of active learning with a few differences. The total number of
clusters extracted from our QRNN MD trajectory for the second round is ~ 313,000 and does not include any
conformational samples. We perform the p/ calculations directly on the extracted clusters. From this, we select
30,000 samples with the highest o/ and another 30,000 samples that are randomly selected from the remaining
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extracted clusters. The details of the extracted clusters used for the second round of active learning can be found
in Table S3.

Results

We compare the results obtained from the OPLS4 force field and the machine-learned force field (QRNN) against
the experimental results for ethylene glycol oligomers. The OPLS4 MD simulation results carry with them higher
inaccuracies in capturing certain dynamic and thermodynamic properties due to the insufficient accuracy of the
force field. Part of the inaccuracy can be attributed to the size of the systems we are working with (~ 1500 atoms),
which is the scale limitations imposed by the QRNN-MD model that we are comparing the OPLS4 results against.
However, we demonstrate how the QRNN force field captures atomic interactions more accurately, requiring a
much smaller atomic system to give comparable/better/more converged results than the OPLS4-MD obtained
simulations. The experimental values for all physical and chemical properties across all oligomers are not avail-
able at 300 K, as a result of which we interpolate the values of density and self-diffusivity obtained for ethylene
glycol and its oligomers at 298.15 K and 303.15 K by®%. All models described in this section perform well on the
validation dataset with the predicted energy being well correlated with the reference energy (see Fig. S1 for par-
ity plot from the best performing model). No explicit comparisons of the QRNN model’s performance is made
against graph-based methods since they are computationally expensive and memory intensive with a simulation
throughput which is significantly slower than the QRNN model’s throughput.

Pair scanning

As stated earlier, pair scanning provides a measure of the performance of a force field. In this case, the ground
truth for the interaction energy is considered to be the energy computed from the DFT calculations carried
out using wB97X-D3BJ?” % functional and the def2-TZVPD* basis set with the electronic structure software
package Psi4-1.3%, just as the protocol followed for dataset preparation. The hypothesis is that the machine-
learned force field should do much better than the OPLS4 force field since it is trained on the DFT data that
we are benchmarking the pair scanning results against. To illustrate our argument for the model accuracy, we
test all three models: QRNN - M, QRNN - M, Dand QRNN - M, D, T for monomers, dimers, trimers, and
tetramers, as shown in Fig. 1.

We see that the force field that is trained on just the monomers generalizes equally well to oligomers up to the
size of tetraethylene glycol. We see that the machine-learned force fields do better than the OPLS4 force field in
estimating the energy near the optimal pair separation, which indicates that the QRNN models are likely to cap-
ture the dynamics better than the OPLS4 force field. We computed the gradient of the tetramer pair (see Fig. S2),
which shows that the force to separate the molecules is higher for OPLS4 when compared to DFT and QRNN
models. Even though the largest molecules in the clusters used for training were restricted to triethylene glycol,
all the models do reasonably well on predicting the interactions of tetraethylene glycol. This test corroborates the
transferability and generalizability of the model to oligomers of lengths longer than the oligomers comprising
the training dataset. However, a telling feature of the pair scanning is that the energy minima with the QRNN
models appear to the right of the DFT calculations, which implies that the QRNN model places the clusters at a
larger equilibrium distance apart. As a result, the density prediction from the QRNN models is expected to be
lower. The peak position is a proxy for the density prediction, whereas the gradients of the energy landscape (the
resultant force) can be used as a proxy for the feature that captures the dynamics. Our goal would be to sample
configurations such that we can shift the QRNN energy landscape to match the DFT energy landscape to get
the correct density and dynamics.

Comparison of properties

Density

The Lennard-Jones intermolecular interactions of the OPLS family of force fields are fitted to reproduce experi-
mental properties, so it is not a surprise that the OPLS4 force field is known to capture the density of ethylene
glycol oligomer systems within 1%%* . We see that the OPLS4 force field predicted density is still within 1%
and is strongly correlated with the experimentally obtained values for the oligomers in our analysis, as shown
in Fig. 2. On the other hand, we see that the machine-learned force fields underpredict the density by 5%. Note,
that the density from the QRNN MD is averaged over the last 800 ps of the 1 ns simulation, to avoid convergence
problems.

Experimentally, we see the density values converging to 1.12 g/cm>® as the oligomer length of ethylene glycol
increases. This trend is accurately captured by the OPLS4 force field where the density prediction becomes closer
to the experimental values with the increase in the oligomer length. The density prediction from the QRNN
models is still successful in capturing the convergent density prediction, although it happens to be lower than
the expected density. This highlights that the QRNN model can be trained on smaller constituent molecules of
a polymer to run simulations on larger polymer chains due to the generalizability of the HDNNP.

Self-diffusivity
The OPLS4 force field has its drawbacks in simulating the dynamics of polymeric networks. Typically, longer
oligomers are artificially stiff using the OPLS4 force field, as shown in Fig. 3. For the monomer ethylene glycol, we
see that the measured diffusivity is in the same order of magnitude as the experimentally observed self-diffusivity.
However, for oligomers starting as small as the dimer, we see a sharp drop-off in the self-diffusivity. This rigid
locking of the oligomers might result in them getting trapped in solid-like configurations.

On the other hand, we see that the QRNN force field does not reduce the larger oligomers to such configura-
tional locking allowing for a more diffusive trajectory during the simulation. However, the self-diffusivity from
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Figure 1. Separation energy between two molecules as a function of separation distance compared between the
DFT calculation, OPLS4 force field, and the machine-learned force field for the (a) monomers, (b) dimers, (c)
trimers, and (d) tetramers of ethylene glycol.
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Figure 2. Predicted density from the OPLS4 force field and the machine-learned force field compared against

the experimental density.
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Figure 3. Predicted diffusivity from the OPLS4 force field and the machine-learned force field compared
against the experimental diffusivity.

the QRNN models overpredicts the experimental self-diffusivity. This observation can be attributed to the lower
density configurations that are generated by the QRNN MD simulation. The lower density affords the oligomers
an ease in migration within the simulation box resulting in the prediction of a higher self-diffusivity.

Specific heat capacity
The specific heat capacity for molecular simulations is computed by using the fluctuation-dissipation theorem,
where the specific heat at constant pressure, ¢, is given by,

= (EZ)NPT - <E>12\]pT (3)
P kpT?2 ’

where E is the total energy, kg is the Boltzmann constant and T is the temperature held by a thermostat in the
NPT simulation. For ethylene glycol and its oligomers, we have observed a consistent overprediction of the
¢p» which is commonly observed for the OPLS force field without quantum corrections*, as confirmed by our
simulations (see Fig. 4). For our QRNN model trained on ab initio calculations, we expect the energy fluctuations
to be captured better than the traditional OPLS4 force field. For all three models that we have implemented,
we see that the ¢, predictions are much closer to the experimentally observed values compared to OPLS4, even
though they are still overestimated. The overprediction in the ¢, values is due to nuclear quantum effects (NQE).
This overprediction could be overcome by implementing quantum corrections as originally described by Berens
et al.®%, but we do not account for such corrections in the current work.
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Figure 4. Predicted specific heat capacity from the OPLS4 force field and the machine-learned force field
compared against the experimental specific heat capacity.
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Model revisions

The machine-learned force field showed promising results. The MD trajectory was stable across all replicates,
however, the density predictions are not as close to the experimental values as the OPLS4 force field predictions
are. The heat capacity and diffusivity predictions are better than the OPLS4 force field, however, they are still
not in agreement with the experimentally obtained values. The recurring inference to all our results was that the
mismatch in the density predictions could all be stemming from the low-density configurations that the QRNN
MD simulation was running into. To address this density mismatch we follow a two-pronged approach to improve
our force field: (i) add samples to the dataset by doing active learning, and (ii) train the model on extended tight
binding (GFN2-xTB, hereby referred to as XTB) charges instead of the dipole moment.

For active learning, we follow the multi-step protocol described in the Section "Active learning". The o is
expected to be directly correlated to the energy prediction error, € = |Eppr — EQrRNN|-

We plot the distribution of the active learned samples (red points) and random samples (blue points) in
Fig. 5a, while Fig. 5b shows the count of the selected samples in a specific region on the € vs o/ landscape. We
observe that randomly selected samples tend to have a higher frequency of low p/, which explains why the model
has not generalized well to high variance clusters of active learned samples. By incorporating these samples
into the training, significant improvement in the model is expected, bridging the density prediction mismatch.

The default workflow is designed to train the network (one network per atom type) to learn the total energy,
the forces per degree of freedom (from the backpropagation gradient of the energy landscape), and the dipole
moment. As an alternative feature engineering approach, we can replace the dipole moment as a feature with
the xTB charges. This can be a helpful modification since ethylene glycol and its oligomers are symmetric as
a result of which they have insignificant dipole moments. This makes the weights corresponding to the dipole
moment label difficult to train. To this end, the network could be trained on the atomic partial charges, but the
DFT-derived calculations, based on population analysis, are sensitive to the choice of the density functional basis
set. However, XTB charges are more accurate and depend only on the local interactions imposed by the tight-
binding approximation®!. Hence, xTB charges as a label provide a solution since the computed partial charges
will not be diminishingly small.

For brevity and to demonstrate the incremental improvement shown by active learning and the replacement of
dipole moment as a training label with XTB charges, we present two models from the two rounds of active learn-
ing and compare them against QORNN - M, D, T. The first model (QRNN - AL-TL) is developed by carrying
out transfer learning on QRNN - M, D, T by using the composite database at the end of the first active learning
cycle (comprising the original database appended with the samples from the first round of active learning). The
second model (QRNN - AL2.0-TL-xTB) uses the composite database at the end of the second active learn-
ing cycle and it transfer learns from a model that is trained on xTB charge labels (QRNN - AL-TL-xTB, a
first active learning cycle model that is briefly described in Section S1.3). With both the newly trained models,
we carry out the same analysis as before: (i) We use the NPT trajectory to compute the density and the specific
heat capacity; (ii) we use the NPT snapshot closest to the average density over the NPT run as the starting con-
figuration for the NVT simulation - the resulting trajectory is used to compute diffusivity and finally (iii) we
carry out pair scanning on the monomer through tetramer of ethylene glycol to check the model performance.

The model trained on the initial clusters resulted in under-predicting the experimental density. On carrying
out transfer learning on the initial model with active learning samples appended to the original dataset, we see
that the model, ORNN - AL-TL, now shows an overprediction of the density as seen in Fig. 6. We see that
the active learned model underpredicts the density for ethylene glycol before transitioning to over-predicting
the density for longer oligomers. The density from this new model eventually converges to 1.15 g/cm?, which
is an overprediction by 3%. However, we see that ORNN - AL2.0-TL-xTB, model from the second round
of active learning, circumvents this shortcoming with an overprediction of the density by under 1%. This shows
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Figure 5. (a) Location of the active learned samples (red) and random samples (blue) on the € vs of landscape.
(b) Heat map (by #counts'/®) of the € vs p/ landscape for the conformational samples selected for retraining.
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Figure 6. Predicted density from the OPLS4 force field and the machine-learned force field compared against
the experimental density.

that multiple rounds of active learning could help the model eventually converge to the experimental density,
which appears to be the mean of the previous model and the newer model with the active learned samples. We
also note that the model trained on the xTB charges instead of the dipole moments provides a more convergent
density and shows a very good correlation (R? = 0.81 - see Fig. $10) with the experimentally observed density.
We observe that the fitted force field underpredicts the density of the monomer. This is likely because most of the
selected training samples in the active learning phase belonged to dimer and trimer samples. Consequently, the
final model may not have been adequately trained for monomer samples. Our primary objective was obtaining
an improved model for the polymer limit; thus, we did not prioritize optimization for monomers.

Dynamics prediction appears to be the bottleneck associated with the OPLS4 force field as well as our initial
set of models. Even though our model circumvents the artificial locking/freezing of longer oligomers that the
OPLS4 force field induces we still observe overprediction by 40-80%. With higher densities being predicted by
the two new test models, we expect to see a lower self-diffusivity, which is corroborated by our results shown
in Fig. 7. We see that ORNN - AL-TL shows an underprediction of the self-diffusivity from the experimental
values by about 40 — 60. The model trained on the XTB charges, ORNN - AL2.0-TL-xTB, at the end of the
second active learning cycle performs much better in the prediction of the diffusivity and it most accurately
captures the drop in diffusivity with the oligomer length (within 30%), showing the best correlation with the
experimental self-diffusivity (R*> = 0.91 - see Fig. S11).

The increase in density that is enforced by the modified force field results in the slowing of the dynamics. We
can expect the variance in the total energy to be limited since a major contribution to the energy fluctuations is
brought about by the kinetic energy contribution. Our hypothesis is corroborated by the specific heat capacity
calculations in Fig. 8. Additionally, we see that the QORNN - AL-TLand QRNN - AL2.0-TL-xTB models

102 - :\.
Wi
I\{S, cbo
g NS AN S e (e
E .+__ '~ e _ _+
K \ S -
| TNy *
:E \ ~~.f” - -
n
5 R \*
'E -o- Expt
-$- OPLS4
10° { == QRNN - M,D,T *_
—¢- QRNN - ALTL ~+‘
—¢- QRNN - AL2.0-TL-XTB +—ﬁ-—+

2 4 6 8 10
N-mer

Figure 7. Predicted diffusivity from the OPLS4 force field and the machine-learned force field compared
against the experimental diffusivity.
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Figure 8. Predicted specific heat capacity from the OPLS4 force field and the machine-learned force field
compared against the experimental specific heat capacity.

predict the ¢y, which is much more correlated to the experimental values than the OPLS4 force field or the initial
QORNN - M, D, T model. Furthermore, the p prediction made by the QRNN - AL2.0-TL-xTB is better for
smaller oligomers before converging to the long chain ¢, predicted by the other trained models.

As a final test for the quality of the force field that is newly trained, we carry out the pair scanning test. The
QRNN models are qualitatively similar in their performance across oligomers of all sizes, as shown in Fig. 9.
Much like the previous analysis, the QRNN models perform better than the OPLS4 force field in terms of force
prediction. In addition, we also see a left shift in the energy well obtained from the QRNN models after the pro-
posed changes to the training protocol (energy well from the red dotted lines and the black dash-dot lines is to
the left of that of the blue dashed line which represents the initial model), implying higher density. The eventual
goal for any material system would be to train a model through iterative active learning such that the energy well
from the DFT calculations and the QRNN model overlap for the most accurate density and dynamics prediction.

The behavior of polymer systems is greatly influenced by the accuracy of our consideration of torsion ener-
gies. To assess this accuracy, we conducted an energy analysis by systematically rotating the dihedral angle of
the backbone. This investigation was carried out using the ethylene glycol dimer, with a focus on the rotation
of the OCCO bond. Our energy calculations were performed utilizing three different methods: DFT, QRNN,
and OPLS4.

Figure 10 illustrates a comparison of the torsion energy results obtained from all three methods. Notably, our
findings reveal that the QRNN method closely aligns with the DFT results, while OPLS4 tends to overestimate
the energy barriers associated with the initial two rotations. These outcomes suggest that OPLS4 yields a stiffer
polymer chain compared to QRNN, which, in turn, leads to lower diffusion values for OPLS4.

Model summary and extensibility

From these results, we conclude that both our strategies, (i) active learning and (ii) active learning with xTB
labels, were successful in achieving our desired behavior of increasing the density predictions. The first learn-
ing cycle resulted in the density under-prediction transitioning to density over-prediction. This trend is then
improved by the second active learning cycle, which demonstrates the success of active learning in nudging the
model toward ideal behavior. As a result, we can draw insights on how to smartly sample configurations initially
to overcome the issue with the under or overprediction of densities and the subsequent dynamics that arise from
it. Carrying out multiple active learning rounds or smartly managing the distribution of the samples during active
learning can help arrive at a convergent force field in fewer active learning iterations, as demonstrated by the
incremental model improvement shown in Fig. S13. Since the diffusivity and the specific heat capacity are tied
to the dynamics governed by the simulation box of a specific density, we can hypothesize that these properties
will be predicted better once we arrive at a more convergent machine-learned force field.

To further assess the stability and performance of our developed QRNN model, we applied it to polyethylene
glycol chains of varying lengths, specifically with 25, 50, and 100 monomers. The outcomes of these simulations
demonstrated consistent stability, as illustrated in Fig. S14a. We compared the computed densities of these sys-
tems to the extrapolated experimental density data®, as presented in Fig. 11. Our observations indicate that the
QRNN method aligns well with experimental values, suggesting that the model, initially trained on monomer,
dimer, and trimer samples, performs effectively on longer polymer chains.

Additionally, we investigated the torsion angle distribution in the backbone of 100-mer systems, employing
both the OPLS4 and QRNN methods (see Fig. 12a). This analysis aimed to assess whether the trends observed
in Fig. 10 extended to the 100-mer chain. Notably, we observed a greater diversity of configurations between
the two peaks in the QRNN method, indicating a higher probability of transitioning between these states. This
results in a chain that exhibits greater flexibility compared to OPLS4 simulations. To further corroborate this
observation, we examined the distribution of the radius of gyration (Rg) for a single chain within the 100-mer
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Figure 12. (a) Comparative Analysis of Torsion Angle Distributions: This figure presents a comparison of the
torsion angle distribution from the OCCO dihedral of the backbone in the 100-mer chain, utilizing the last 500
frames obtained from both QRNN and OPLS4 simulations; (b) Radius of Gyration (Rg) Distribution of Chains:
This figure shows the Rg of first chain from 100-mer system simulation using OPLS4 and QRNN methods;

(c) Radial Distribution Function (RDF) Assessment of O-H Interactions: This figure illustrates RDF plots
characterizing the interactions between O-H pairs in simulations conducted with both the QRNN and OPLS4
methods.

system simulation. As depicted in Fig. 12b, the Rg variation for the 100-mer chain in the OPLS4 method was
found to be smaller, indicating a higher degree of rigidity in the OPLS4 simulation. Our analysis across various
chain lengths, including 25-mers, 50-mers, and 100-mers, revealed that the QRNN methodology consistently
yielded four times the variance in Rg compared to the OPLS4 methodology. The combined results from tor-
sion angle distribution and Rg analysis support the conclusion that the OPLS4 gives stiffer molecular chains in
comparison to QRNN.

In an effort to discern any variations in O-H interactions, we computed radial distribution function (RDF)
plots (see Fig. 12c). Interestingly, our analysis revealed similar O-H radial distributions for both the QRNN and
OPLS4 methods. Consequently, we can attribute the primary source of rigidity in the OPLS4 chain to the stiff
torsional behavior of its backbone.

Conclusion
In this paper, we present the development and performance of a QRNN force field for ethylene glycol and its
oligomers by comparing it against results from experiments and the OPLS4 force field. The QRNN model is
trained and validated against a reference level DFT theory to address the shortcomings of the OPLS4 force field
in capturing the dynamic and thermodynamic properties of polymeric systems, such as self-diffusivity and
heat capacity. The QRNN force field performs marginally poorer than the OPLS4 force field in estimating the
density; however, it performs much better in capturing the specific heat capacity and the self-diffusivity. We see
promising results from the QRNN force field in which the model trained on small oligomers generalizes well
to longer oligomers.

Our QRNN model is trained only to small ethylene glycol oligomers, but generalizes well to longer oligomers
- the QRNN model does relatively well in capturing the density, self-diffusivity, and specific heat capacity of the
oligomer up to decaethylene glycol. Due to the superior quasi-linear scaling of the QRNN model®, compared to
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the cubic scaling of ab initio calculations, we are able to run simulations of systems of ~ 8000 atoms, where the
QRNN model calculations (throughput of ~ 2.7 ns/day) are six orders faster than AIMD simulations (throughput
of 1 fs/day). In comparison, the OPLS MD simulations (throughput of ~ 550 ns/day) are two orders faster than
the present capability of our QRNN model. However, we demonstrate that the QRNN force field agrees better
with ab-initio calculations which will allow us to capture processes and dynamics that a larger or longer OPLS
MD simulation might not even be able to capture due to the shortcomings of the traditional force field.

To further improve the force field in the area of dynamics and the system density, we carry out two approaches:
active learning and training on xTB charges instead of the dipole moment. We see that these approaches have
the desired effect of incrementally improving the density and dynamics prediction of the machine-learned
force fields. A smarter implementation of active learning by carefully including sampled configurations helps in
improving the QRNN model, as demonstrated by this paper. Our work shows that training generalizable models
for polymer systems is possible even with smaller building blocks such as monomers, dimers, and trimers. We
also show that with a smarter training protocol and conformational sampling to cover the configuration space,
we can develop a force field that is more adept than the classical force field at capturing the dynamics of the
target system.

This approach paves the way for developing QRNN force fields for polymeric systems with limited computa-
tional expense (by training on smaller oligomers), which can generalize well to polymers of arbitrary length. As
aresult, we can now assess rare events and dynamical phenomena in such systems that were earlier inaccessible
by traditional force fields (due to force-field inaccuracy) and ab-initio methods (due to length-scale limitations)
- two problems that are well addressed by the QRNN force field.

Data availability
All the DFT data generated in this work is available on the figshare platform®. We provide additional data on
cluster sampling and modeling methods in the Supplementary appendices.
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