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Finding amorphous polymers with higher thermal conductivity (TC) is technologically important, as they are
ubiquitous in applications where heat transfer is crucial. While TC is generally low in amorphous polymers, it
can be enhanced by mechanical strain, which facilitates the alignment of polymer chains. However, using
the conventional Edisonian approach, the discovery of polymers that may have high TC after strain can be

time-consuming, with no guarantee of success. In this work, we employ an active learning scheme to speed

up the discovery of amorphous polymers with high TC under strain. Polymers under 2x strain are simulated

using molecular dynamics (MD), and their TCs are calculated using non-equilibrium MD. A Gaussian process
gegression (GPR) model is then built using these MD data as the training set. The GPR model is used to
screen the Polyinfo database, and the predicted mean TC and uncertainty are used towards an

acquisition function to recommend new polymers for labeling via Bayesian optimization. The TCs of

these selected polymers are then labeled using MD simulations, and the obtained data are incorporated

Received 17th August 2024
Accepted 27th January 2025

to rebuild the GPR model, initiating a new iteration of the active learning cycle. Over a few cycles, we

identified ten strained polymers with significantly higher TC (>1 W mK™?) than the original dataset, and

DOI: 10.1039/d4dd00267a

rsc.li/digitaldiscovery polymers subject to strain.

1. Introduction

Bulk amorphous polymers are used extensively in many
industrial and household applications® because of their
outstanding properties, such as light weight, corrosion resis-
tance, electrical insulation, and low cost.»* Traditional poly-
mers are poor conductors of heat, generally attributed to their
amorphous nature and disordered molecular arrangement,**
with thermal conductivity (TC) values typically in the range of
0.1-0.4 W m~" K, which is substantially lower than those of
metals and semiconductors. Nevertheless, certain mechanisms,
such as strain, can significantly change this inherent
property.®® Mechanical strain can affect the chain orientation,
crystallinity,” and defect density of many polymers, which are
shown to greatly enhance TC by improving phonon transport
along the polymer chains.’"® Nonetheless, the extent of
improvement in TC of stretched polymers depends on various
factors, including the type of polymer, the method of stretching,
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the results offer valuable insights into the structural characteristics favorable for achieving high TC of

and the degree of strain applied."*** Strained polymers can be
integrated into flexible printed circuit boards, wearable devices,
and bendable displays. Their improved TC helps with efficient
heat dissipation, extending the lifespan of components. Addi-
tionally, in devices like LEDs, transistors, or CPUs, strained
polymers with high TC could be incorporated into heat sinks,
heat spreaders, and thermal interface materials to manage
heat flow.

For many polymers, it is time-consuming to synthesize or
measure their properties in the laboratory, but molecular
dynamics (MD) simulations offer a viable alternative for calcu-
lating TC. However, employing MD simulations for exhaustive
screening can still be prohibitively expensive due to the
computational resources required to simulate a large number of
polymers. Recently, data-driven approaches utilizing machine
learning have been developed to establish structure-property
relationships for different materials.***® These methods allow
for the fast screening of vast numbers of polymers to identify
promising candidates efficiently.”** Data-driven machine
learning tasks, however, require large labeled datasets that
adequately cover the chemical space, but acquiring such data-
sets can be costly and time-consuming. To address this
problem, active learning has been utilized,**"** which can raise
dynamic queries or make suggestions to guide the learning
process itself. For instance, when the training dataset is sparse
or labeling is arduous, acquisition functions will identify and
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suggest the most informative data points from the unlabeled
pool to label and incorporate them into the training set to
improve the model's performance.**** This approach effectively
minimizes computational costs and accelerates material
discovery.

In this study, we employ an active learning framework to
explore the chemical space for promising high TC polymers
under strain. We begin with a sparse initial dataset of 36 MD-
labeled polymers, containing both chemistry information and
TC values under strain, and build a surrogate Gaussian process
regression (GPR) model to describe their relationship. Utilizing
the expected improvement (EI) acquisition function, which
assesses both the mean predicted values and the associated
uncertainties, enables dynamic recommendations for the most
promising candidates. By incorporating the most informative
data into the dataset and repeating the iterative active learning
cycles seven times, our updated GPR model successfully iden-
tifies 30 strained polymers with MD-labeled TC above 0.8 Wm ™"
K™', among which ten polymers have TC exceeding 1.0 W m~
K *. This study demonstrates a powerful approach to discov-
ering high TC polymers, which may significantly enhance the
development of advanced thermal management materials for
electronics and other heat transfer applications.

1

2. Methods

In many machine learning tasks, there is an abundance of
unlabeled data, but the process of labeling can be prohibitively
expensive. To address this challenge, we adopt active learning,
a semi-supervised technique that enhances learning efficiency
by involving the model in selecting the data from which it
learns. Unlike traditional supervised learning approaches
where the model is trained on a pre-labeled dataset, active

train
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learning enables the model to identify and select the most
informative examples for labeling,***® thereby optimizing the
use of both labeled and unlabeled data and minimizing the
amount of labeled data required. This approach aims to maxi-
mize performance gains with respect to the target property with
a minimal number of labeled instances. In traditional super-
vised learning, a model is trained on a large set of labeled
examples, which are often costly to label in terms of time and
computational resources. For instance, in our study, MD
simulation of each polymer requires approximately 100 hours
on a 24-core CPU, which makes it challenging to label a large
dataset. The specific active learning workflow is shown in Fig. 1,
which follows 5 steps:

Step 1: the first step involves building and training a base
GPR model on a small dataset of MD-labeled samples. These
samples are usually drawn randomly from a larger, mostly
unlabeled dataset. We choose the GPR model as the surrogate
model since its posterior is easily accessible to evaluate and it
has the ability to provide uncertainty estimates.

Step 2: this GPR model is then utilized to screen the unla-
beled database with predicted mean TC and uncertainty.

Step 3: guided by the model's predictive output (mean and
uncertainty), the most informative instances are sampled from
the unlabeled database through a query strategy governed by an
acquisition function through Bayesian optimization (BO).

Step 4: these sampled polymer candidates are then subjected
to labeling by our MD simulation, with the MD labels used as
the ground truth.

Step 5: these MD-labeled polymers are then integrated into
the dataset, and the GPR model is accordingly updated for
a new round of ML-MD iteration.

For the query strategy, we use the EI acquisition function,
which is given by eqn (1),

prediction

K uncev’l%ainty)

predict

(GPR)
initial
training set
(36)
Oracle (MD labelling)
add

Active Learning Workflow

recommend

{m——

unlabeled pool
(~13000)

Acquisition

function

Fig. 1 Schematics of active learning. This workflow is implemented in five iterative steps: (1) data preparation and GPR model training; (2)
prediction via GPR; (3) instance selection through acquisition functions; (4) MD labeling; (5) GPR model updating.
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(EI(x) = [max(f{xs) — fix"),0)]) 1)

where f{x) is the output of the surrogate model at location x. f{x")
is the value of the best output of the GPR model so far, and x" is
the location of that sample.

When using the GPR model, the above equation for EI can be
evaluated analytically using eqn (2) and (3),

El(x+) = {(us(x2) = f(x7) = £)D(z(x+))

o (2)P()), o(x) >0 (2)
pe(oxe) —f(x7) — €
Z(X*) _ o (X*) s U*(X*) >0 (3)
0, otherwise

where u«(x«) and o+(x+) are the predicted mean and the standard
deviation of the GPR posterior prediction at x«, respectively.
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@(2(x+)) and ¢(z(x+)) are, respectively, the cumulative distribution
function and probability density function of the standard normal
distribution. £ is a hyperparameter that balances the level of
exploration and exploitation. With an increasing ¢ value, the
weight of exploitation decreases, and exploration is encouraged.

3. MD simulations

In the high-throughput MD simulation procedure, we first
manually collected 12777 homopolymer structures from the
PoLyInfo”” database, storing their monomers in SMILES
strings*-*° (simplified molecular input line entry system). Then,
a Python pipeline based on PYSIMM® was used to facilitate the
creation of amorphous polymer structures using the SMILES
strings of monomers as the input. In Fig. 2a, the pipeline poly-
merized the monomer into a polymer chain, and simultaneously,
the general AMBER force field 2 (GAFF2)* forcefield parameters
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Fig. 2 Scheme of amorphous polymer generation and NEMD simulation. (a) Diagram of amorphous polymer generation and TC calculation
using MD simulations: the amorphous polymer generation includes the polymerization of monomers, chain replication, structural relaxation,
application of strain, and TC calculation using NEMD via Fourier's law. (b) An example of energy added to or subtracted from the thermostated
regions (i.e., heat source and sink) in the NEMD simulation. (c) An example of the steady-state temperature profile of the polymer system in the

NEMD simulation.
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were assigned to the polymer by PYSIMM, which also created
input scripts for MD simulations using the large-scale atomic-
molecular massively parallel simulator (LAMMPS).**> During the
data generation process, polymers that lack GAFF2 forcefield
parameters were excluded from the MD simulations. Each poly-
mer chain was duplicated by six copies and put in a simulation
box, followed by optimization through several stages. In all
simulations, we utilized periodic boundary conditions in all
spatial dimensions. The details are described in ESI Note 1.}
Each relaxed cubic box of amorphous polymer structure was
duplicated into eight copies to assemble a larger cubic simula-
tion domain. The resulting cubes, slightly varied in size due to
the differing densities of the polymers, typically measured ~6.6
X 6.6 X 6.6 nm’. To mimic the strain, this expanded system was
subsequently elongated in one direction by a factor of two, while
the other two directions shrunk in the meantime to ~4.7 nm,
thus forming a cuboid of 13.2 x 4.7 x 4.7 nm>. This reshaped
cuboid was employed for TC calculations through non-
equilibrium molecular dynamics (NEMD) simulations. In the
NEMD simulation, the system was run in an NVE (constant
number of atoms, volume, and energy) ensemble for 5 ns. A 0.25
fs time step size was used to capture the vibrational dynamics of
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the light hydrogen atoms. Thermal gradients were established by
placing Langevin thermostats at either end of the system, set at
320 K for the heat source and 280 K for the sink, with each
thermostated region having a thickness of 0.5 nm (Fig. 2a). The
heat flux, calculated from the energy exchanged with these Lan-
gevin heat baths (Fig. 2b), along with the temperature distribu-
tion (Fig. 2c), was averaged over the last 4 ns of the run. These
values were then applied to Fourier's law to determine the TC,

4 (@)

K=3T

where « is TC, VT is the temperature gradient calculated by the
linear fit of the temperature profile (Fig. 2c), and J is heat flux
(Fig. 2b). While simulation domain size was found to have some
impact in polymer TC,* such an influence is relatively small
and less than the inherent uncertainty of our NEMD calcula-
tions.* Since all our simulations have similar domain sizes, the
calculated TC will offer a fair comparison of different polymers.

4. Dataset

PoLyInfo, the largest polymer database, contains over 13 000
homopolymers. Despite its extensive inventory, the database
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Fig. 3 MD results of the 36 initial polymers. Distribution of the MD-labeled TC values for (a) un-strained and (b) strained polymers in the initial
dataset. (c) Comparison between TC of un-strained and strained polymers and the increase in TC shown as the yellow shadow.
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contains limited values of pure polymer TC, and these reports
are found to have significant noise due to variability in experi-
mental conditions, polymer synthesis methods, and measure-
ment techniques. Ma et al.** verify that the experimental TC
values of the polymers recorded in PoLyInfo and the MD-labeled
TC values are in reasonable agreement. Therefore, in this work,
we use MD for data generation and active learning labels to
ensure all data are consistently produced with the same stan-
dard. We first randomly select 36 polymers from PoLyInfo to
label using MD as the initial dataset. Fig. 3a and b show the
distribution of the 36 randomly selected polymers’ MD-labeled
TC before and after strain, respectively. For all polymers, their
TC (Fig. 3c) increases under strain. Notably, after strain, those
high TC polymers generally show greater increases in TC than
low TC polymers. The mean TC of these 36 polymers increased
by around 50% under the 2x strain.

5. Machine learning model and
results

With the initial dataset, we constructed a GPR model (the details
are shown in ESI Note 2}) to establish a correlation between
polymer structure and TC. This model was then used to screen the
entire PoLyInfo database. Each polymer was first encoded using
an ML-based representation, polymer embedding, trained from
both the PoLyInfo and the PIIM* database—a virtual library
generated by a recurrent neural network (RNN) trained on the
PoLyInfo database that constitutes polymer SMILES. The embed-
ding converted SMILES into a continuous-valued vector with
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a length of 300. However, this dimensionality was too large for
efficient GPR model prediction. To address this issue, we
employed principal component analysis (PCA)* to reduce the
dimensionality of the input from 300 to 6 (the dimensionality that
can produce the optimal R? for predicting TC) in the first round.
Subsequently, the surrogate GPR model was trained using 5-fold
cross-validation with the 36 initial strained polymers’' TC. Fig. 4a
indicates their location in the two-dimensional PoLyInfo chemical
space using t-SNE,*” which is an ML algorithm for dimensionality
reduction and visualization by embedding high-dimensional data
into two dimensions. The predictive accuracy of the GPR model,
measured by R?, is 0.82 on the validation sets, and the parity plot
between predicted TC and MD-labeled TC is shown in Fig. 4b.
This GPR model was then used to screen the PoLyInfo
database to predict TC mean and uncertainty. Fig. 4c illustrates
the TC values predicted by the GPR model for each polymer,
along with their uncertainties. In this iteration, the highest
GPR-predicted TC is 0.67 W m~ ' K, with only 325 polymers
exhibiting TC values exceeding 0.6 W m™~" K~ '. The mean
(Fig. 4d) and uncertainty (Fig. 4e) were used to calculate the EI
acquisition function, shown in Fig. 4f, which guided the selec-
tion of the next optimal candidates for MD simulation. Due to
the relatively small magnitude of the EI values, logarithmic
transformation was applied to improve the visualization in
Fig. 4f. Five polymers with the highest EI values were selected
for further MD labeling to produce new data integrated into the
next iteration. Since polymers lacking GAFF2 forcefield
parameters could not be simulated in our MD pipeline, these
polymers were excluded from the study, and the process moved
on to the next polymer in the EI rank that could be simulated.
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Fig. 4 GPR model performance and suggestions of El acquisition functions in iteration 1. (a) t-SNE plot of the 36 polymers in the PolLylnfo
chemical space. (b) Parity plot between GPR-predicted TC and MD-labeled TC, where R?is 0.82 and the mean-square error (MSE) is below 0.05.
(c) GPR-predicted TC of each polymer in the PolLylnfo database and its uncertainty. (d) GPR-predicted TC values and (e) uncertainties of the
PolLylnfo database. (f) The El metric for all polymer candidates in PoLyInfo based on the GPR-predicted TC means and uncertainties. The five grey
dashed lines indicate the polymers with the five highest El acquisition functions, which are selected for MD labeling (note: two polymers have
very close Els). For better visualization, the El metric shown is after logarithmic transformation because of the relatively small magnitude of the El

values.
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To evaluate the efficacy of BO versus random sampling, we
randomly selected five polymers from the PoLyInfo database to
label via MD simulation, and the data was then integrated into
the initial dataset to update the GPR model to screen the whole
PoLyInfo database. The performance of the GPR model, incor-
porating these five randomly sampled polymers, is shown in
Fig. 5a. Using this new GPR model to screen the PoLyInfo
database, we found that the distribution polymer TC (Fig. 5b)
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remained largely unchanged compared to those predicted by
the initial GPR. In contrast, by incorporating the five EI-
samples’ data (Fig. 5¢) into the initial dataset, the BO-guided
strategy demonstrated significant improvements (Fig. 5d) over
the initial dataset, with 962 polymers having GPR-predicted TC
greater than 0.6 W m ™' K ! and 306 polymers exceeding 0.7 W
m ' K. Under the framework of active learning, we performed
eight iterations in total, and 35 polymers in total were labeled by
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Bl Polymers sampled from El I

Count

0 0.2
Thermal Conductivity (W/m-K)

0.4 0.6 0.8 1 1.2

Fig. 6 The changes of training set through the eight iterations. (a) t-SNE plot of the initial 36 data points (blue) and the subsequent 35 BO-
suggested data points (red) in the PoLylnfo chemical space (grey). (b) Distribution of the initial 36 polymers (blue) and the El-sampled 35 polymers

(red).
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MD in these rounds. For each iteration, as new data was
incorporated, the PCA-reduced input dimensionality varied
based on the best model R. Iterations 3-8 are shown in Fig. S1,F
and the 35 EI-sampled polymers are listed in Table S1.}

In Fig. 6a, we utilized a t-SNE plot to visualize the spatial
distribution of the initial 36 data points (blue) and the subse-
quent 35 BO-suggested data points (red) within the two-
dimensional chemical space of the PoLyInfo database (depic-
ted in grey). It was found that around 60% of the BO-suggested
data clustered in the upper left corner, a region associated with
polymers exhibiting high TC. This clustering represents a stra-
tegic exploitation aimed at identifying high TC polymers. The
remaining points are more dispersed across the chemical space,
reflecting an exploratory strategy to identify polymers with
different structures for our model. Fig. 6b shows the
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distribution of TC values for the 36 polymers in the initial
training set (blue) and the 35 EI-sampled polymers (red). It is
apparent that the TC of the El-sampled polymers significantly
shifted to the higher TC end compared to the initial random
samples, indicating the effectiveness of our active learning
strategy.

Fig. 7a shows the distributions of GPR-predicted TC values of
all polymers in the PoLyInfo database in each iteration.
Although there are some flat parts or a slight decrease in the
upper-bound TC, both the average and boundary values are
trending upward. Notably, the upper-bound TC has increased
significantly from 0.6755 Wm ' K ' to 1.1358 W m ™' K" after
seven iterations. Fig. 7b presents a t-SNE visualization of the
GPR-predicted TC values for the polymers in the PoLyInfo
database at each iteration. The analysis indicates that polymers
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with GPR-predicted TC > 0.8 W m ' K ' and GPR-predicted TC
>1.0 Wm ™' K" emerge in iteration 3 and iteration 5, respec-
tively. With the model being continuously updated, an
increasing number of polymers with high TC values are iden-
tified, culminating in iteration 8, where 485 polymers are found
to have GPR-predicted TC values above 1.0 W m ™' K *. Most of
these high TC polymers are concentrated in the upper left
corner of the plot, while the sparsely distributed points outside
this high-density area reflect the exploration efforts. To
compare the performance of the GPR model, we test two other
popular ML models: random forest (RF) and gradient boosting
regressor (GBR). The results show that both RF and GBR models
underestimate the strained polymers’ TC to some extent
(Fig. s21).

Subsequently, from the eight BO iterations, we selected 30
polymers with the highest GPR-predicted TC values and labeled
their un-strained TC and strained TC using our MD pipeline, as
shown in Fig. 8a. The results revealed that all these polymers
exhibit MD-labeled TC values above 0.8 W m™* K™%, with 10
polymers exceeding 1.0 W m~ ' K, which indicated a strong
correlation between the GPR predictions and the actual MD
results, affirming the robustness of our active learning
approach.

We also evaluated if these high TC polymers can be easily
synthesized for their potential practical use. Fig. 8b shows the
synthetic accessibility (SA)*® scores of these 30 polymers. Orig-
inally developed to assess the synthetic feasibility of drug-like
molecules by evaluating molecular complexity and fragment
contributions, the SA scoring system has been adapted for
polymers.>»**=* The SA scores range from 1 to 10, with higher
scores indicating increased synthetic difficulty. Fig. 8c shows
the SA scores histograms of the MD-labeled 30 high TC poly-
mers (red), polymers with GPR-predicted TC > 0.8 Wm ' K*
(green), and their distributions relative to all polymers in PoL-
yInfo (blue). For these 30 MD-labeled polymers and the poly-
mers with high GPR-predicted TC, they all have relatively low SA
scores below 4, indicating that these high TC materials should
not be difficult to synthesize. This relationship between SA
score and TC for polymers is shown in Fig. 8d. Most of these
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high TC polymers concentrate within the upper left corner of
the PoLyInfo chemical space (Fig. 8e), while the rest scattered in
the entire space. The structures of these polymers are visualized
in Fig. 8f, and their categories are summarized in Fig. S3.f
Notably, the majority of these polymers are polyamides, a class
of polymers characterized by amide bonds (-CONH-) linking
monomers, which can be formed by the condensation reaction
between an amine group (-NH,) and a carboxylic acid group (-
COOH).** The amide linkages can form hydrogen bonds
between the polymer chains,® potentially enhancing inter-
chain thermal transport.®®

As shown in Fig. 8f, linear chain structures are the majority
of the identified high TC polymers because polymers with
simple and long backbones can be strained to align the chain
orientation relatively easily.”*'>*” This alignment facilitates
heat conduction by allowing phonons to travel more efficiently
along the chain.*'**?

To examine the strain effect on the chain orientation, we
characterize the orientation of the chain segments using Her-
man's orientation factor (f)***° along different directions (see
Fig. S4a in the ESI}) and find that fincreases in the direction of
alignment while decreasing in the perpendicular directions.
Such observation is consistent with the anisotropic TC, which
exhibits higher values in the aligned direction and lower values
in the perpendicular directions (Fig. S4bt). Furthermore, it is
generally easier to form crystalline domains for polymers with
simple linear backbones®*> (e.g., see Fig. S4ct). Crystalline
regions conduct heat better than amorphous regions due to the
orderly arrangement that allows phonons to travel with less
disorder scattering.®**® For instance, polymers with a simple
linear chain structure have higher TC and f than those with
bulkier side chain polymers. This comparison is shown in
Fig. S5.1

To quantify the accuracy of our model, we analyzed the GPR
predictions in different stages (iteration 1, iteration 2, the
random round, and iteration 8) against MD labels for the 30
MD-labeled high TC polymers (Fig. 9a). The MD-labeled TCs for
these 30 polymers all fell within the standard deviation of the
eighth iteration, indicating that our model and its uncertainty

7
1
MSE

P392523 -

P070069

P120025

P070528
o

iteration

Improvement of the GPR model through the eight iterations. (a) Comparison of GPR-prediction in iteration 1, iteration 2, random round,

iteration 8 and MD-labeled TC values for the final identified 30 high TC polymers. (b) MSE of the GPR prediction with respect to the MD labels in

the eight iterations.
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reliably capture the TC values of these polymers. This plot also
shows how these final identified high TC polymers are outside
the uncertainty ranges of GPR prediction of earlier rounds,
suggesting the extrapolatability of the active learning scheme.
Fig. 9b illustrates the progressive refinement of our model. As
the number of iterations increased, the MSE between the GPR
predictions and the MD labels significantly decreased, from
14.68% in iteration 1 to 1.96% by iteration 8, indicating that
actively learning not only helps find better candidates but also
improves surrogate model accuracy over time. The criteria to
determine when the iteration has converged are usually not
absolute. However, they can be inferred from several key indi-
cators. First, the MSE between the GPR model and MD simu-
lation results gradually declines and reaches a plateau during
the final two iterations (Fig. 9b), and the GPR-predicted TC's
upper bound stops growing (Fig. 7a). Additionally, polymers
with MD-labeled TC values exceeding 1 W m ™" K * first appear
in iteration 3, while those with GPR-predicted TC values above
this threshold do not emerge until iteration 5 (Fig. 7b). By
iteration 8, the GPR-predicted TC values for the 10 polymers
that have MD-labeled TC > 1 W m™" K agree with the MD
simulation results, further confirming a converging trend.

6. Conclusion

In summary, this study showed the effectiveness of an active
learning framework in accelerating the discovery of thermally
conductive strained polymers. By combining ML techniques
with MD simulations, we efficiently identified strained poly-
mers with high TC. Despite the initial sparsity of our initial
dataset, the active learning algorithm dynamically identified the
most informative data points for further consideration. By
continuously integrating these points into the training dataset,
we progressively enhanced the performance of the surrogate
GPR model. After eight rounds of active learning, we discovered
30 polymers that have MD-labeled TC above 0.8 W m™ " K,
among which 10 polymers have TC greater than 1.0 Wm ™" K .
Our analysis of selected high TC polymer revealed that polymers
with simple linear chain structures can have enhanced chain
alignment after strain, which helps increase TC. Additionally,
these high TC polymers are promising candidates for synthesis,
as indicated by their relatively low SA scores, suggesting their
practical feasibility. This study may provide insights into the
structural characteristics favorable for achieving high TC in
strained polymers and demonstrates the considerable potential
of an active learning based GPR model in expediting the
discovery of advanced thermal materials.

Data availability

The code for the paper active learning-guided exploration of
thermally conductive polymers under strain can be found at
[https://github.com/REINEDSFS/Active-Learning-Guided-
Exploration-of-Thermally-Conductive-Polymers-Under-Strain].
The repository includes all scripts and instructions necessary to
reproduce the results presented in this work.
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