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ABSTRACT: Solid polymer electrolytes (SPEs) are considered
promising building blocks of next-generation lithium-ion batteries
due to their advantages in safety, cost, and ﬂexibility. However,
current SPEs suﬀer from a low ionic conductivity, motivating the
development of novel highly conductive SPE materials. Here we
propose a new SPE design approach that integrates coarse-grained
molecular dynamics (CGMD) with machine learning. A continuous high-dimensional design space, composed of physically
interpretable universal descriptors, was constructed by the coarse graining of chemical species. A Bayesian optimization (BO)
algorithm was then employed to eﬃciently explore this space via autonomous CGMD simulations. Adopting this CGMD-BO
approach, we obtained comprehensive descriptions of the relationships between the lithium conductivity and intrinsic material
properties at the molecular level, such as the molecule size and nonbonding interaction strength, to provide guidance on directions
to improve upon the components of the best-known electrolytes, including anion, secondary site, and backbone chain.

■

INTRODUCTION
Lithium-ion batteries have been applied in a wide range of
applications, from personal devices to grid scale energy
storage.1 In pursuit of safer and more durable lithium-ion
batteries at lower cost, solid polymer electrolytes (SPEs) are
promising building blocks due to their unique advantages such
as absence of ﬂammable solvents, compatibility with roll-to-roll
processes, and intrinsic ﬂexibility and stretchability.2,3 However, the low ionic conductivity of current SPEs prevents their
further incorporation into real-world applications.4 This
challenge motivates tremendous research eﬀorts toward the
design of highly conductive SPE materials2,5−7 via investigating
the ionic transport mechanisms8,9 and exploring candidate SPE
materials10,11 (where simulations and modeling have already
made valuable contributions12,13). With the recent rapid
development of artiﬁcial intelligence (AI),14 machine learning
(ML) techniques have started to play roles in improving and
reforming the design loop of SPE materials.10,11,15 AI and ML
developments provide immense opportunities to examine
molecular moieties in polymer electrolytes and correlate their
dynamics and energetics with ion transport properties. To fully
understand what governs the ion mobility and achieve global
optimization of the SPE system, the identiﬁcation of
universally applicable descriptors is of great importance, but
this is very diﬃcult in a typical design space constructed by
chemical species. Besides, in the case of SPEs, the complexity
of the system, which mixes long chain polymers and lithium
compounds, places it beyond the capacity of conventional fully
atomistic (FA) simulations as a means to generate data sets
© 2020 American Chemical Society

with the sizes suitable for many popular ML algorithms (e.g., a
training data set containing 104−105 samples is usually
preferred16).
In this work, we propose a new framework for design of SPE
materials that combines coarse-grained molecular dynamics
(CGMD) with Bayesian optimization (BO). In addition to a
great reduction in the computational cost, the CG simulation
also preserves molecular level information, converting the
discrete chemical species space to a continuous space
constructed by the CGMD parameters. The adoption of the
BO algorithm enables eﬃcient exploration of this highdimensional design space. From this, we can predict the
relationships between the associated molecular level material
properties (e.g., molecule sizes and intermolecular interactions) and the electrolyte performance to gain useful
mechanistic insights and optimize SPE functions.
To train the CGMD-BO model, we ﬁrst construct a design
space using a set of CGMD parameters, including the molecule
sizes and intermolecular interaction strengths, that completely
deﬁne the properties of our designated “improvable
components” in a SPE system, speciﬁcally the anions,
backbone chains, and possible secondary sites (e.g., by
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Figure 1. Illustration of the coarse-grained molecular dynamics−Bayesian optimization (CGMD-BO) framework. Materials design starts with the
coarse-graining process to transform the conventional chemical species space to a continuous space composed of CG parameters (① → ②). This
space is then explored by BO-guided CGMD simulations in iterations to predict the relationships between the transport properties and the
associated CG parameters (② → ③).

introducing chemical variations in PEO chains17). In this CG
space, we set the starting point of our exploration at the
parameters that represent the poly(ethylene oxide)−lithium
bis(triﬂuoromethanesulfonyl)imide (PEO−LiTFSI) system,
considering that the PEO−LiTFSI exhibits the highest
conductivity among the SPE candidates that have been
extensively studied.6,18 Once the CG space is constructed,
we then aim to optimize the lithium ionic conductivity σLi+, by
an iterative parallel BO training process. The learned CGMDBO model provides a detailed description of the relationships
between the σLi+ and the CGMD parameters, from which we
propose the directions and principles for changing TFSI−,
introducing secondary sites, and replacing PEO backbone
chains.

tional cost. Through the CG process, molecular level
information such as molecular size and intermolecular
interaction strength become CGMD parameters. Calibration
of the CG system by the FA model (details in the Methods
section, Figures S2 and S3) provides the values of these
parameters for a desired electrolyte system (e.g., PEO−
LiTFSI) and also accomplishes the transformation from a
discrete conventional design space to a continuous CG design
space.
The CGMD simulation deﬁnes a function f that maps from
the continuous CG design space to the performance of the
SPE material. Given a set of input parameters, the CGMD
simulation generates the trajectory of the particles, from which
the transport properties such as the ionic conductivity and the
transference number can be extracted to compute performance
metrics for the corresponding SPE material. We can thus
reformulate our goal as to ﬁnd the set of input parameters, i.e.,
the SPE material, that maximizes the performance metrics.
As illustrated in Figure 1, to eﬃciently explore the
continuous CG design space and maximize the performance
of SPE materials, we design a Bayesian optimization (BO)
approach that utilizes the information from past simulations
iteratively. In each iteration, we compute the a posterior
estimation of the target function p(f |+0), ..., +i using all
previous simulation data and propose the next points in the
CG design space as inputs to CGMD by balancing exploration
and exploitation. By the end of this process, the model outputs
a posterior estimation of the objective function p(f |+) from
which the optimal lithium conductivity and its dependences on
all the input CGMD parameters can be extracted. Compared
with existing works that use BO in materials design,20−22 our

■

RESULTS
Figure 1 demonstrates the concept of the SPE materials design
pathway via BO-guided CGMD simulations. Conventionally,
computation guided materials design starts with the proposal
of a set of chemical species. These serve as the inputs to fully
atomistic (FA) simulations to obtain a detailed and accurate
description of the system. However, considering the time and
length scale limitations of the FA models (for example, a
typical 10 ns classical MD run for one PEO/LiTFSI system
with 20000 atoms requires 1500 CPU hours on an Intel Xeon
Gold core), we propose an alternative coarse-graining (CG)
process that abstracts the polymer chains and the anion
molecules with a bead−spring representation.19 Compared to
the FA model, the CG conﬁguration maintains most of the
capability to capture the polymer conformation, while using
fewer particles in the simulation cell to reduce the computa4145
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Figure 2. Evaluation of the Bayesian optimization training process. (a) Illustration of the CGMD parameters, which are divided into three groups
for describing the properties associated with the anions, secondary sites, and backbone chains (from left to right), (b) the inverse of characteristic
length scale for each CGMD parameter in the BO training process, (c) the design space exploration eﬃciency of BO in comparison with random
search, and (d) the BO predicted conductivities in comparison with the CGMD test data.

overall conductivity σ and the lithium transference number tLi+.
This setup enables our exploration to not only maximize σ but
also put emphasis on tLi+, considering that increasing tLi+ could
eﬀectively reduce the concentration polarization and improve
the stability of the electrolyte system in the charge−discharge
cycles.9,24,25
Figure 2b shows the inverse of characteristic length scale S −1
(a learned parameter in the BO model) of each CG parameter,
which can be considered as a measure of the parameter
importance in the BO training process. A larger S −1 indicates
that the change of this parameter will be likely to make more
impact on σLi+. (S −1 only reﬂects the average eﬀect of each CG
parameter on σLi+ for the entire design space we explore. Thus,
it is possible that the parameter with the highest S −1 may not be
the most inﬂuential factor for search in some subspaces.) In all
three explorations, the size of the particle was found to be the
most inﬂuential factor, while the interaction strength
associated with the cation ranked second. In contrast, the
role of the interchain interaction was not crucial, possibly
because its strength was small compared to other interactions
involving charged particles.
To compare the searching eﬃciency of the BO method with
a random search (RS), Figure 2c plots the normalized best-sofar (BSF) conductivity as a function of the iteration number,
where for RS the BSF value plateaus after around 50 random
explorations. In contrast, given a RS-generated initial data set

approach uses several key characteristics of the system to
improve the eﬃciency further: (1) adopting the local
penalization algorithm,23 multiple points are proposed in
each iteration to better utilize the parallel computation of
modern super computers; (2) the continuity of f and the
intrinsic noise of CGMD simulations are built into the BO
model to provide a more reliable estimation of f.
In the practice of the above design method, as demonstrated
in Figure 2a, we divide all the designated independent CGMD
parameters into three categories: ﬁve related to the properties
of the anions (anion size, salt concentration, and anion
involved vdW interaction strengths), ﬁve related to the
properties of the secondary sites introduced in the polymer
chain (molecule size and secondary site involved nonbonding
interaction strengths), and four to determine the properties of
the polymer chain itself (monomer size and polymer involved
nonbonding interaction strengths). This division naturally sets
up three exploration directions in the CG design space,
corresponding to modiﬁcations to the anions, the secondary
sites, and the polymer backbone chains. The search range of
these parameters is determined based on their values of the
reference PEO−LiTFSI system, with the lower and upper
bounds capped by their physical interpretations, e.g., typically
the vdW interaction strength ϵij ∈ (0.4, 6) kcal/mol and the
particle radius ri ∈ (1.5, 5) Å. Speciﬁcally, we set the target
property of the materials optimization to the lithium
conductivity σLi+, which is deﬁned as the product of the
4146
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Figure 3. Anion eﬀects on lithium conductivity. (a) 3D isosurface plot at the lithium conductivity value of PEO−LiTFSI, (b) 2D σLi+ landscape
projected in εcat‑ani−εcha‑ani and rani−εcha‑ani planes, and (c) 1D cross-sectional plots showing the dependence of σLi+ on εcat‑ani and rani, with the
uncertainty evaluations and the acquisition function values.

tively lowering the ion dissociation energy in polymer (Figure
S1). When we project σLi+ in the rani−εcha‑ani plane, a signiﬁcant
increase of σLi+ can be observed by increasing rani in most of the
BO searching area, mainly due to the decaying Coulombic
interaction at larger charge separation distance. This is
consistent with the fact that in many cases a larger anion
could enhance the delocalization of the negative charge.27,28
(In our current CG model, the size increase of the anion
inherently implies an eﬀective higher degree of charge
delocalization; however, it should be noted that this may not
always be true in reality.) In opposition to the above positive
relation between σLi+ and rani, a larger anion volume also
introduces a more severe obstacle that suppresses the system
diﬀusion. Therefore, on the σLi+ landscape there exists an
optimal value of rani, which slightly decreases with stronger
εcha‑ani.
We also examined the σLi+ dependence on a single factor by
cross sectioning the 2D landscape. For example, as shown in
Figure 3c, we provide the curves representing the σLi+−εcat‑ani
and σLi+−rani relations, which further supports the above
analysis. Figure 3c also gives the estimates of uncertainty (in
the form of standard deviation), in conjunction with the BO
acquisition function, whose value is proportional to the
probability of the region that will be evaluated in the next
iteration. Overall, the uncertainty ﬂuctuates within a small
range; thus, the minimum of the acquisition function (AFmin)
occurs near the CGMD parameter value that tends to yield
high σLi+, leading to further exploitation of this region. On the
other hand, at the beginning of the BO training, the AFmin may
appear at the position where the uncertainty is relatively high
to enforce the exploration of the entire parameter space.
The CGMD-BO method was also adopted to investigate the
eﬀects of introducing secondary sites (SS) to PEO chains on
the lithium conductivity. For simplicity, setting the reference
system to PEO−LiTFSI, we tuned the properties of SS while

with the size of 50, the BO improves the BSF values more
eﬃciently and converges to a much higher conductivity within
only around 60 iterations; i.e., to reach the same BSF value, the
RS method will take a much longer time. This result indicates
that the CGMD-BO method is an eﬃcient approach for SPE
materials optimization. To validate the model, a test data set
was built, containing the conductivities calculated from a series
of CGMD simulations performed at diﬀerent anion sizes (with
the other parameters kept the same as the reference PEO−
LiTFSI system). As shown in Figure 2d, both the values and
the trend presented by these test data were well reproduced by
the trained BO model. It should be noted that the agreement
was achieved under the condition that the BO model used only
around 100 sampling points to search this high-dimensional
CG space, and none of these training data were close to the
test data in the design space.
The CGMD-BO model was adopted to investigate the
consequences of possible modiﬁcations to the anions on the
lithium conductivity σLi+. The obtained relation between σLi+
and the most inﬂuential three anion-related parameters (εcat‑ani,
εcha‑ani, and rani, referring to Figure 2b) is described in Figure
3a, in the form of an isosurface plot at the σLi+ value of the
reference PEO−LiTFSI system (∼10−3 S/cm26). In Figure 3b,
at a ﬁxed anion radius, a 2D landscape is drawn to describe σLi+
as a function of εcat‑ani and εcha‑ani. In general, while a moderate
value of εcha‑ani was necessary for dissolving the anions, if the
εcha‑ani was too large, it would lead to the reduction of σLi+,
which could result from the increased population of polymer
cross-linking through the anions. Also, the optimal value of
εcha‑ani was found to be positively correlated to εcat‑ani; namely,
decreasing εcha‑ani and εcat‑ani together would be beneﬁcial to the
lithium conductivity, where an optimum value of εcat‑ani was
needed to maximize σLi+. At this εcat‑ani, the repulsive
contribution between the cation and the anion may be
balanced with their attractive Coulombic interaction, eﬀec4147
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Figure 4. Eﬀects of secondary sites and polymer backbone chains on lithium conductivity. A series of 2D σLi+ landscape plots for the materials
exploration of (a) secondary sites and (b) polymer backbone chains. Each subﬁgure shows the dependence of σLi+ on a pair of CGMD parameters,
with the other parameters ﬁxed at the values of the reference PEO−LiTFSI system. The red dots on the graphs denote the reference PEO−LiTFSI
system, with the arrows pointing out the directions to maximize σLi+.

away from the PEO reference. Based on Figure 4b, favorable
polymer candidates tend to shrink their sizes and weaken their
interchain interaction (e.g., Figure 4b(4)), presumably to
achieve high diﬀusivity and ﬂexibility. In addition, as here we
aim to maximize the conductivity contributed by the lithium
ion, our CGMD-BO model consistently suggests the design
direction of increasing εani‑cha together with decreasing εcat‑cha
to create more free Li+ in the SPE system.34 Even so, one may
consider the negative eﬀects of increasing εani‑cha on chain
diﬀusivity, which explains why there exists an optimal εani‑cha
(as shown in Figure 4b(1) and (2)).

keeping the SS to EO ratio at 1/5. The model predictions were
collected as a set of 2D σLi+ landscapes in Figure 4a. In each of
the landscape plots, the lithium conductivities were contoured
on a plane determined by a pair of CGMD parameters, with
the red dot marking the position of the unmodiﬁed PEO−
LiTFSI system. From Figure 4a, one can conclude that a
promising SS is expected to have a size smaller but close to the
EO monomer and a selective and modestly strong interaction
with the anion. These properties enhance the cation diﬀusion
and immobilize the anions. This is in opposition to the
properties of PEO but in accordance with the rationale for the
proposal of single lithium-ion conducting polymers in the
literature.27,28
We noted that the improvement of σLi+ due to the
introduction of SS, in comparison with unmodiﬁed PEOLiTFSI, was rather limited. This inspired us to probe the
possibility of designing non-PEO-based SPE materials, which is
actually an active research direction where several novel nonPEO-based polymer architectures have been proposed and
investigated experimentally.29−33 Figure 4b presents the
change of σLi+ induced by varying any two CGMD parameters

■

DISCUSSION
The trained CGMD-BO model can be utilized as a rich SPE
materials database. To obtain the transport properties of one
speciﬁc SPE system, the model only requires a CG parametrization of the molecule species, through a set of
straightforward energy evaluations by either all-atom force
ﬁelds or DFT. In comparison with classical fully atomistic
approaches that require days or even months to obtain
4148
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example, the accuracy of the CG model could be improved by
calibrating its parameters to FA simulations with a polarizable
force ﬁeld.37 Taking the information about cation solvation-site
structures and the distribution from FA trajectories, a dynamic
bond percolation model could be adopted to further accelerate
the CG simulations.38) Last, we anticipate that the CGMD-BO
model can go beyond its current capability to make further
contributions to new materials design. By taking advantage of
machine learning to understand the structure−property
relationships,16 it progressively becomes achievable to
recognize and decode the similarities between the microstructural features of coarse-grained and fully atomistic
models.39 We believe that the joint eﬀorts from more advanced
ML algorithms, more accurate CG models, and suﬃcient
training data should ultimately achieve the recovery of the
atomistic details from molecular level information, which will
grant the CGMD-BO method the ability to propose chemical
species directly.

conductivity values, the CGMD-BO model reduces the time of
the process down to minutes. For instance, without performing
any additional simulations, as shown in Figure 5, the trained

■

Figure 5. CGMD-BO predictions on conductivity for several
common electrolyte systems. The trained BO model predicts
conductivities for the PEO−LiTFSI, PEO−LiFSI, PEO−LiPF6, and
PEO−LiCl systems, which are plotted with the uncertainty
information (shown as error bars) and their corresponding CG
parameters, in comparison with experimental measurements (represented by asterisks).18,26,35,36

METHODS

Coarse-Grained Molecular Dynamics. The CGMD simulations
are performed by using the Large-scale Atomic/Molecular Massively
Parallel Simulator (LAMMPS).40 The functional form of the Class2
force ﬁeld41 is taken to describe the bonding interactions. To account
for the nonbonding interactions, the Lennard-Jones 12−6 potential
plus the Coulombic term is adopted, with the PPPM method for longrange Coulombic interactions.42 To obtain the CGMD parameters for
the PEO−LiTFSI reference system (values of the parameters in Table
S2), fully atomistic data are generated through a series of static energy
evaluations. All-atom calculations were also performed by using
LAMMPS,40 as implemented in the MedeA simulation environment.
The interatomic interactions were modeled by using the Polymer
Consistent Force-Field (PCFF+).41 This force ﬁeld has already been
used to model PEO/LiTFSI electrolytes43 before. For parametrizing
each pair interaction, as demonstrated in Figure S2, two prerelaxed
molecules were constrained at 200 diﬀerent center-of-mass distances.
At each ﬁxed distance, the intermolecular energies (excluding the
contributions from long-range Coulombic interactions for charged
molecules) were evaluated and then averaged for 1260 diﬀerent
molecular orientations to obtain the average energy−distance
relations. These data were used to ﬁt the parameters of the
Lennard-Jones equation by using the damped least-squares (DLS)
method44 with a tolerance of 10−6 kcal/mol, which yielded the results
in Figure S3.
A typical CG initial conﬁguration consists of 100 random placed
polymer chains, with 100 monomers per chain. Setting a default salt
to monomer ratio to 1/10, 1000 Li+ cations with the same number of
counterions are inserted into the system (Figure S4a). Each CGMD
simulation starts with the initial equilibration by a two-step protocol
to reach the conformational equilibrium (Figure S4b),45 followed by a
10 million steps simulation with the time step of 1 fs at 80 °C under
the NVT ensemble. From the simulation trajectory, the ionic
conductivity is extracted by the Green−Kubo (GK) relation, as the
conventional Nernst−Einstein equation is not valid in the high salt
concentration regime. The velocity autocorrelation functions for the
ions are calculated for a period of 1500 ps (Figure S5b). Considering
that the conductivity derived from the GK approach is typically with
large noises (Figure S5c), the time average is taken by using the
conductivity data after 100 ps to improve the reliability of the
conductivity prediction. (For instance, as shown in Figure S5d, the
ﬂuctuation of the time-averaged conductivity is much smaller, and a
convergence is likely to be achieved at around 1 ns.) The transference
number is estimated by calculating the self-diﬀusivities of the cations
and anions from ﬁtting the linear regimes in the mean-square
displacement curves (Figure S5a). We aware that this conventional
deﬁnition of transference number may cause an overestimate for
polymer electrolyte in the high salt concentration regime due to

BO model predicts and compares the conductivities of four
common electrolyte systems (the input parameters to the
CGMD-BO model are shown in the plot and listed in Table
S1) to reasonable agreement with the experimental measurements.18,26,35,36 This suggests the potential of the CGMD-BO
model as a convenient tool for rapid screening of the candidate
materials prior to synthesis. Besides, Figure 5 shows that rather
than being determined by a single factor, the change of
conductivity is more likely to be a joint eﬀect of all the
molecular properties on this plot (e.g., anion size and the anion
associated intermolecular interactions). This again implies the
complexity of the SPE materials design space, which is almost
impossible to be explored without the CGMD-BO approach.
In this work, using the molecular-level material properties as
descriptors, the CGMD-BO framework has shown its unique
advantages of eﬃciency and ﬂexibility in the optimization of
σLi+. Furthermore, with minor modiﬁcations, the model can be
extended to adopt additional descriptors from microstructural
features (e.g., the Li-ion solvation-site connectivity32) to
macroscopic material properties (e.g., polymer stiﬀness and
glass transition temperature) to discover the correlations
among the descriptors at diﬀerent scales and their joint eﬀects
on the lithium conductivity. Broadly speaking, we expect the
CGMD-BO framework to be a promising approach to
understanding the collective eﬀects of the molecular
descriptors on a wide range of properties of a given system
(not limited to the polymer−salt mixture) for the design of
complex multicomponent material systems. So far, all the CG
parameters are independently adjustable, enabling us to reach
every corner of the design space. In reality, correlations usually
exist among the parameters, conﬁning the exploration to one
or several subspaces of our current CG design space. In
principle, these constraints could be better understood with
data from the CG parametrization of more SPE materials.
Besides, the process of the CG parametrization and the CG
model itself could be more reﬁned to further improve the
prediction accuracy of the current CGMD-BO model. (For
4149
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signiﬁcant ion-pairing eﬀects. However, as the salt concentration was
kept constant for all the data presented in this paper, we expect that
the correlations discovered by the CGMD-BO approach should still
preserve. For future study, more sophisticated methods for the
transference number calculation17,46,47 can be incorporated into our
framework. As the current CGMD model already has the ability to
qualitatively reproduce the experimental relationship between salt
concentration and conductivity for the PEO−LiTFSI system (Figure
S6), with adopting a more reﬁned deﬁnition of transference number,
the accuracy of the model prediction can be further improved.
Bayesian Optimization. Bayesian optimization (BO)48 is a
systematic approach to ﬁnd the minimum or maximum of an
unknown function f : D → , where the gradient of f is unknown
and the evaluation of f is expensive. In this study, f is the CGMD
simulation with the input space being the CG design space and the
output space being the target material property. The BO includes the
following steps: (1) Select a prior for the possible space of function f.
(2) Compute the posterior given the prior and current simulation
data. (3) Use the posterior to decide the next point to evaluate
according to an acquisition function. (4) Run the simulation to obtain
data. Steps 2−4 are iterated to explore the CG design space until
convergence.
In this study, we employ a Gaussian process prior with a Matern 5/
2 kernel48 to measure the continuity of f, and we added a Gaussian
noise on the target value to account for the intrinsic noise of CGMD
simulations. In each iteration, we use a lower conﬁdence bound
acquisition function to decide the next points to evaluate and employ
the local penalization method23 to make multiple evaluations in a
single iteration. The code is modiﬁed on top of the open-source
library GPyOpt.49
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