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Coarse-grained models for ionic liquids and
applications to biological and electrochemical
systems

Yang Ge, a Qiang Zhu,ab Xueping Wanga and Jing Ma *a

Ionic liquids (ILs) are a class of molten salts with a collection of exciting properties and have been employed for

wide-ranging applications across chemistry, biology, and materials science. However, the high viscosity of ionic

liquids challenges atomistic molecular dynamics (MD) simulations in studying their structure–property

relationships on large spatiotemporal scales. Coarse-grained (CG) models provide insight into the microscopic

structure and intermolecular interactions underlying various properties by eliminating unnecessary atomic details.

The general protocol for proposing a new CG model is reviewed, including determination of CG representation

and force field (FF) parameterization. Recent advances in polarizable CG models were discussed with the

emphasis on Drude oscillators and QM-based polarizable models. An overview was given on some recent

applications of machine learning (ML) techniques on development of CG potentials, including the utilization of

an ML surrogate model for FF parameterization and the development of ML potentials. Applications and

challenges of IL CG models in treating complex systems, including pure solvents, mixtures, biological systems,

and electrochemically confined environments, were presented. Finally, prospects for the development of

transferable IL CGmodels are highlighted to extend the applicability to more mesoscopic systems.

Keywords: Ionic liquids; Coarse-grained models; Polarization effect; Machine learning; Molecular dynamics

simulation.

1 Introduction

Ionic liquids (ILs) are a class of molten salts composed entirely
of organic cations and organic/inorganic anions, which retain
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the liquid state at room temperature.1 Broad attention has been
drawn due to their unique physicochemical properties, such as
nonvolatility, nonflammability, high (thermal, chemical, and
electrochemical) stability, and high ionic conductivity.2,3 These
properties make them promising ingredients involved in diverse
industrial applications, such as energy storage,4–10

electrotunable lubrication,11–14 separation processes,15–19 gas
capture,20,21 and protein stability.22,23 These applications
require an understanding of the microscopic origin underlying
various thermophysical and transport properties. The molecular
dynamics (MD) simulation method based on the classical force
field (FF) is a powerful tool to obtain insights into the
microscopic nanostructure and interactions and also an
essential property prediction tool.24 The accuracy of the
prediction mainly relies on the quality of the FF. Many IL
atomistic FFs have been developed over the years, including the
APPLE&P,25 AMOEBA-based,26 CL&P,27–29 GAFF-based,30 SAPT-
based,31 and OPLS-based32–34 IL FFs.

The application of atomistic models to biological and
electrochemical systems (systems with hundreds of thousands
to millions of atoms for a long time of micro- to milliseconds)
is often limited by the immense computational demands,
especially for the viscous IL media. Coarse-grained (CG) models
are attractive to extend the spatiotemporal scale with sufficient
computational efficiency and chemical specificity.35 A CG model
simplifies a fine-grained atomistic representation by grouping
related atoms into a single quasi-particle according to a
predefined CG mapping scheme. This reduction smooths out
high-frequency atomic vibrations and flattens the
corresponding free-energy landscape, and such operation
reduces the molecular friction, leading to a faster exploration of
the underlying free-energy landscape.36 CG models generally
allow for a larger time step relative to AA models (1–2 fs). For
example, a time step of 10–20 fs is often adopted for the
MARTINI CG model.37–39 Fig. 1a illustrates a coarse-graining
process that simplifies an all-atom (AA) model of a typical 1-n-
butyl-3-methylimidazolium cation ([C4mim]) into different CG
resolutions. The CG mapping should capture the essential
features of a given system, while eliminating “unimportant”
atomic details. Besides using chemical intuition, many studies
have been conducted for designing CG mapping schemes with
systematic methods, such as relative entropy theory,40

autoencoder techniques,41 and graph neural networks.42

In the context of classical MD simulations, molecular
interactions are primarily described by empirical potential
energy functions, which determine the energies of
configurations and the forces acting on each interaction site.43

The FF can be divided into two distinct parts, including bonded
and nonbonded terms. The analytical functional form of both
terms is typically predefined, with their parameters determined
by fitting target properties across different scales, including
quantum mechanism (QM) calculations, atomistic MD
simulations, and experimental data (Fig. 1b). Once the CG
representation is determined, different parameterization
protocols are available for CG potentials. These protocols
include a top-down strategy, where CG models are directly fitted

to a set of macroscopic experimental properties, and bottom-up
CG methods, where CG models utilize statistical mechanics
principles to preserve the microscopic properties of the
atomistic models. Examples of bottom-up CG methods include
inverse Boltzmann inversion (IBI),44,45 inverse Monte-Carlo
(IMC),46 multiscale CG methodology (MS-CG),47–49 relative
entropy (RE),40,50,51 and extended conditional reversible work
(ECRW).52–54 Most IL CG models commonly adopt a hybrid
strategy, where a bottom-up CG method is utilized for bonded
terms, while nonbonded parameterization varies with each
model.55 Taking [C4mim][BF4] as an example, Table 1 compares
the performance of CG models developed by different methods
with that of AA models and experimental data.

The nature of ILs lies in their composition of ions, which
generate local electric fields that polarize the surrounding
molecular environment. The quality of description of the
electrostatic polarization effect in the FF is crucial for the
prediction of properties, especially for dynamic ones.61 One
route to consider this effect is to introduce higher-order
multipole effects in the FF, such as a fluctuating charge

Fig. 1 (a) Schematic illustration of coarse-graining an atomic model of
a typical cation, [C4mim], into different CG levels; (b) accessible
ingredients for parametrization of the CG model, including
microscopic properties obtained from electronic structure calculation
and atomistic MD simulation, and macroscopic experimental
properties. ML techniques can integrate these ingredients to facilitate
the parametrization of the CG model.
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model,62,63 an induced point dipole model,64–68 and a
classical Drude oscillator model.43,69 However, their self-
consistency nature is computationally expensive and the
additional degrees of freedom incurred by polarization make
their parametrization more complex. By taking advantage of
the fragment-based QM methods,70 such as the generalized
energy-based fragmentation (GEBF) approach,71–73

polarization effects can be described at the QM level by using
a large molecular cluster to mimic the bulk polarization
environment.74 In addition, the utilization of variable
electrostatic parameters can further implicitly consider
different polarization environments for a mixture of ILs with
other polar molecules, enhancing the FF transferability.74

FF parametrization is often a tedious and time-consuming
process, particularly when bridging the relationship between
desired physical properties and FF parameters. For example,
optimization of nonbonded parameters against experimental
data often requires running at least hundreds of MD
trajectories. With more molecules included, the number of
trial MD trajectories for optimization will sharply increase.
Recently, increasing attention has been gained over data-
driven ML techniques, which serve as efficient surrogate
models to approximate the mapping between desired
physical properties and FF parameters.75–77 Various ML
models have been utilized in the field of FF parametrization,
such as the random forest model (RF),75,78 Gaussian process
regressor model (GPR),79,80 deep neural network model
(DNN),81 and automatic differentiation technique.82 In
addition, various ML potentials (MLPs) are emerging as
alternatives to traditional FFs. These MLPs eliminate
traditional empirical function forms and directly predict the
potential energy and forces with atomic coordinates.83

In this review, we will summarize recent advances in CG
modeling of ILs, including basic concepts of CG models,
determination of CG representation, FF parametrization,
polarizable IL CG models, integration of ML techniques into
IL CG models, and various applications of IL CG models. We
also discuss the capabilities and limitations of IL CG models
in each context and provide an outlook on the development
of transferable IL CG models for more complex systems.

2 Procedure for proposing a new CG
model

When constructing a particle-based FF model for a specific
system, one must first define the particles that represent the
system and define the inter-/intra-molecular interactions
between atoms (or collections of atoms). Compared to AA
models, CG models require an additional AA-to-CG structural
transformation, commonly referred to as CG mapping. This
transformation treats a group of atoms into a certain CG
particle based on predefined rules. The following FF
parametrization is often informed by higher-resolution AA
simulations and QM calculations. The detailed procedure for
proposing a new CG model is depicted in Fig. 2. This section
will detail these two steps, supplemented by literature
examples, and highlight key considerations essential for IL
CG models to accurately predict various properties.

2.1 Definition of the CG mapping

Most IL CG mappings rely on chemical intuition. The positions
of CG particles are generally determined by the center of mass
(COM) of a group of atoms. Some representative CG mappings

Table 1 Comparison of [C4MIM][BF4] properties between different theoretical methods and experimental valuesa

Resolutions Models
Density
(ρ, kg m−3)

Diffusion
(D+/D−, 10−11 m2 s−1)

Conductivity
(σ, S m−1)

Heat of vaporization
(ΔHvap, kJ mol−1) Ref.

CG MARTINI-based 1181 (300) 120/145 (293) — — 84
Top-down 1209 (298) 1.12/0.59 (298) — — 85
ECRW 1173 (300) 1.55/1.74 (313) — — 54
Drude-based — 5.8/7.3 (350) 17 (350) 114 (350) 86
Electrostatic-variable
CG model (VaCG)

1168 (303) 1.20/0.53 (303) 0.45 (303) 123.51 (303) 74

ML potential — 48.58/35.49 (300) — — 87
AA OPLS 1178 (298) 7.3/6.6 (425) — 125.52 (298) 34

0.8*OPLSb 1150 (298) 43.1/42.9 (425) — 140.5 (298) 33
SAPT-based 1180 (298) 1.1/0.8 (298) 0.29 (298) 126 (298) 31
CL&P 1154 (343) 1.19/0.88 (343) — — 29
CL&Polc 1134 (343) 9.3/13.5 (343) — — 29
GAFF-Drude 1194 (300) 6.8/6.7(343) — — 30
AMOEBA-IL 1229 (313) 2.9/0.67 (313) — 135 (350) 26
APPLE&P 1193 (298) 1.01/1.05 (298) 0.28 (298) 140.8 (298) 25

Exp. 1170 (343)29 40.0/47.6 (425)56 2.17 (350)56 128.03 (303)57

1198 (303)58 8.0/8.2 (343)29 0.295 (303)59

1.44/2.89 (313)56

10.5/11(350)56

1.83/1.78 (303)60

a The temperature is noted in parentheses with the unit of K ignored. b The atomistic FF of 0.8*OPLS is a refined version of the original one,34

which introduces a charge scaling factor of 0.8. c CL&Pol is the polarizable version of CL&P.27
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can be seen in Fig. 3, including various cations (e.g.,
imidazolium,54,84–105 pyrrolidinium,106 ammonium107) and
anions (e.g., halides,92,101 hexafluorophosphate
([PF6]),

86,93,94,97–99,101,104,108 tetrafluoroborate ([BF4]),
84,85,88,90,108

nitrate ([NO3]),
54,102,105 bistriflimide ([TFSI]),89,106 dicyanamide

([DCA])95). For cations, polar and nonpolar groups are coarse-
grained into separate CG particles, though the partitioning
scheme for specific groups may vary. For anions of small size
and symmetric structure (e.g., [BF4], [PF6], and halides), they are
often coarse-grained into a single CG particle. However, for
[TFSI] and [DCA], multiple CG particles are introduced to better
capture their structural features.

The widely used MARTINI model,37–39 originally developed
for biomolecules, has been extended to ILs, such as [Cnmim]
[BF4] (n = 2, 4, 8, 12).84 In this case, the anion [BF4] with the
Td symmetry is represented by a single CG particle and the
imidazolium ring with the attached methyl group is

represented by three CG particles. This CG representation is
essential for capturing the stacking interactions between the
imidazolium cation and other aromatic compounds, which
play a key role in simulating liquid–liquid extraction
processes. The aforementioned is a special case. To achieve
better transferability and balance between needed accuracy
and computational efficiency, the MARTINI model
categorizes different chemical fragments into a model library
for CG mapping. While a four-to-one CG mapping is
commonly employed, i.e., four heavy atoms are represented
by a single CG particle, a three-to-one mapping is often
adopted for the ring structure.37 For molecules with more
complex structures, some automatic topology builders have
been developed in the context of the MARTINI model, such
as autoMARTINI109 and graph-based cg_param110 algorithms.

The CG representation can also be determined by systematic
methods, such as the hierarchical graph-based framework,111

relative entropy theory,112 and variational autoencoder (VAE)
technique.41 For example, the VAE technique, an unsupervised
ML technique, simultaneously determines an encoder that
maps complex data into a low-dimensional space, i.e., a CG
mapping process, and a decoder that probabilistically infers the
real data distribution via a generating process, i.e., a
reconstruction from a CG representation to an atomistic
representation. The VAE technique has been applied to the
determination of CG representation for [C4mim][BF4], where an
optimal CG representation is determined by training a VAE that
is able to best reconstruct a given atomistic representation.87 A
limitation of this method is that the number of CG particles
must be specified in advance rather than being automatically
determined.

2.2 FF parametrization

In the context of classical MD simulation, molecular interactions
are mainly described by additive empirical potential energy
functions.43 The total potential energy (Utotal) is categorized into
the intramolecular bonded term (Ubonded) and the
intramolecular/intermolecular nonbonded term (Unon-bonded):

Utotal = Ubonded + Unon-bonded (1)

where Ubonded mainly includes bond stretching (Ubond), angle
bending (Uangle), and dihedral torsion terms (Udihedral);
Unonbonded includes van der Waals (vdW) (UvdW) and electrostatic
interactions terms (Uele) (Fig. 4). Polarizable FF models further
introduce more sophisticated function forms to capture
polarization effects, which will be discussed in section 3. Given
the stiffer nature of bonded terms, bonded and nonbonded
terms are commonly parameterized separately. For the bonded
term parameterization, current IL CG models primarily focus
on reproducing the bonded probability distribution from the
all-atom trajectory. For the non-bonded parameterization,
depending on the targeted properties, various strategies can be
categorized into two schemes, i.e., top-down (Fig. 4a) and
bottom-up (Fig. 4b) methods.

Fig. 2 The workflow for proposing a new IL CG model.

Fig. 3 Representative CG mappings for various cations, e.g.,
imidazolium, ammonium, and pyrrolidinium, and anions, e.g., nitrate
([NO3]), tetrafluoroborate([BF4]), hexafluorophosphate ([PF6]), halides
([Cl], [Br]), bistriflimide ([TFSI]), and dicyanamide ([DCA]).
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2.2.1 Bonded parametrization. Similar to atomistic models,
2-, 3-, and 4-body interactions between covalently bonded CG
particles are used to model bond stretching, angle bending and
dihedral torsion potentials, respectively. The harmonic
oscillator potential88,90,91,104,106 is mostly used for Ubond and
Uangle, and the cosine potential113,114 is commonly used for
Udihedral. For instance, the functional form of the bonded term
in the MARTINI CG model38 is as follows:

Ubonded ¼
X
bonds

1
2
kb b − b0ð Þ2

þ
X
angles

1
2
ka cos φijk

� �
− cos φ0ð Þ

h i2
þ

X
dihedrals

kd 1þ cos nθlijk − θ0
� �� �

(2)

Fig. 4 (a) Representative experimental properties commonly utilized by the top-down strategy for parametrization of typical bonded and
nonbonded terms in the CG model; (b) schematic illustration of the key thoughts behind some bottom-up CG strategy on the basis of structure-
based (e.g. IBI45,96 and IMC46), energetics-based (e.g., ECRW54), and variational methods (e.g., relative entropy40,50,51 and MS-CG47–49). The upper-
left plot of (b) is reprinted with permission from ref. 96. Copyright 2013 The Royal Society of Chemistry. The upper-right plot of (b) is reprinted
with permission from ref. 54. Copyright 2019 American Chemical Society.
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where ka/b/d is a force constant, r0, φ0, and θ0 denote the
equilibrium distance/angle/dihedral angle, and n is the
multiplicity. The CG bonded term is typically parametrized to
reproduce the reference probability distributions from atomistic
MD simulations. Taking the parametrization of the bond-
stretching term as an example, a prior reference AA trajectory is
required for benchmarking. The AA trajectory is subsequently
mapped into a CG one according to the CG mapping scheme.
Subsequently, CG simulations are carried out, with bonded
parameters optimized in an iterative manner to achieve
satisfactory agreement between two resolutions. Recently, QM
data have also been used to inform bonded parametrization.115

For example, in the context of the Martini3 model, an
automated tool named Bartender utilizes semiempirical QM
methods to parameterize the bonded terms for small drug
molecules.115

Besides manual adjustment, the Boltzmann inversion (BI)
method is one of the commonly used systematic methods for
bonded parametrization.44 The BI method holds the
assumption that the CG potential of a specific bonded type can
be approximated by Boltzmann-inverting the corresponding
probability distribution obtained from a fine-grained atomistic
model under a canonical ensemble, as follows:

Ubond rð Þ ¼ −kBTln
P rð Þ
r2

� �
þ cb (3)

Uangle θð Þ ¼ −kBT ln
P θð Þ
sinθ

� �
þ ca (4)

Udihedral(φ) = −kBT ln P(φ) + cd (5)

where P is the probability distribution function regarding a
specific bonded type, ca, cb, and cd are constants, kB is the
Boltzmann constant, and T is the temperature. The
implementation of the BI method requires the smoothing of
the CG potential to generate continuous force, so the tabulated
potential constructed from a series of spline functions is often
adopted to extrapolate hardly-sampled regions with high
potentials.116 The BI method has been applied to poly-(1-vinyl-3-
ethylimidazolium) tetrafluoroborate ([PVEim][BF4]) IL, and the
structural characteristics were well reproduced.117

2.2.2 Nonbonded parametrization through top-down and
bottom-up strategies. Nonbonded terms impact the strength of
microscopic interactions, e.g., ionic, pi-stacking, and hydrogen
bond (HB) interactions.118 Eqn (6) shows an example of a widely
used nonbonded potential energy function, where vdW and
electrostatic interactions are described by 12–6 Lennard-Jones
(LJ) and Coulomb potentials, respectively.

U total ¼
X

non‐bonded pairs

εij
σij

rij

� �12

− σij

rij

� �6� 	
þ qiqj
4πεrij

(6)

where εij is the well depth of potential that reflects the interaction
strength, σij is the minimum collision distance that reflects the

size of the particle, qi is the point charge of the CG particle, ε is
the relative dielectric constant, and rij denotes the distance
between two interacting CG particles.

In the context of the top-down strategy, the initial guess
for nonbonded parameters is often derived by summing the
parameters from atomistic models within individual mapped
atomic groups. Subsequently, the vdW and electrostatic
parameters are adjusted to match experimental properties.
For example, a 4-site CG model of [C4mim][PF6] was
developed with its nonbonded parameters directly summed
from a CHARMM-based AA model, which qualitatively
reproduced the experimental results, though the dynamics
are unrealistically slow.98 With introduction of a new anion,
[BF4], the original 4-site CG model98 was further refined by
manually adjusting the vdW parameters of [BF4] to match the
experimental density and diffusion coefficient.85 The
parameter σ was found to play a more important role in the
density and ε is more critical for the diffusion.85 This CG
model has been used to assess the impact of different MD
simulation parameters on the performance of viscosity
prediction.119 The vdW parameters of a CG model of [C4mim]
[DCA]were also tuned to fit ionic conductivity.95 Besides
density and surface tension, a microstructural property, the
radius distribution function (RDF), is also encompassed as a
target property to optimize vdW parameters for a CG model
of [C7mim][Br], though no prior statistics mechanisms are
known to guide this process.104

As for the bottom-up strategy, it can be divided into three
groups: structural-based, energetics-based, and variational-
based methods.120 The theoretical background of each
method will be introduced, as well as their applications on IL
CG models. Some more insightful reviews about this topic
are recommended.35,120–123 In addition, some automated
programs have been developed to assist researchers in
implementing the bottom-up CG strategy on their own
systems, such as VOTCA,116,124,125 OpenMSCG,126 MagiC,127

and BOCS.128

Structural-based methods, e.g., iterative Boltzmann
inversion (IBI)45 and inverse Monte-Carlo (IMC),46 determine
nonbonded CG potentials from the microstructural
distribution function, P(r), e.g., RDF. IBI adopts an iterative
strategy to refine the BI-derived potentials, as follows:

Ukþ1 rð Þ ¼ Uk rð Þ þ αkBT ln
PCG;k rð Þ
PAA rð Þ (7)

where α is a scalar factor ranging from 0 to 1 to avoid large
fluctuation, PCG,k(r) is the CG distribution at the k-th iteration,
and PAA(r) is the target AA distribution. The IBI method does
not include a cross-correlation term, which may result in a
convergence problem for a multicomponent.116 IMC uses more
rigorous thermodynamic arguments for parameterization of
nonbonded CG potential and additionally includes cross-
correlation of distributions. Within the IMC method, the pair
potential and particle–particle distance are discretized into
tabulated format, i.e., U = {U1,U2,…Un}, and the potential
update of the IMC method is calculated by solving a set of

Industrial Chemistry & MaterialsReview

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
 1

40
4.

 D
ow

nl
oa

de
d 

on
 1

7/
11

/1
40

4 
05

:5
9:

46
 ..

 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5im00021a


Ind. Chem. Mater., 2025, 3, 383–411 | 389© 2025 The Author(s). Co‐published by the Institute of Process Engineering,
Chinese Academy of Sciences and the Royal Society of Chemistry

nonlinear multidimensional equations through the Newton–
Raphson method:

Uk+1 = Uk + J−1(〈SCG〉 − SAA) (8)

where 〈S〉 = {〈S1〉, 〈S2〉,…〈Sn〉} is the number of particle pairs
in terms of interparticle distance r = {r1, r2,…rn}, for example,
〈Sa〉 is shown as follows:

Sah i ¼ N N − 1ð Þ
2

4πr2aΔr
V

g rað Þ (9)

where N is the number of CG particles, V is the volume of the
system, Δr is the distance of grid spacing, and g(ra) is the
RDF between a certain pair of CG particles. J is a Jacobian
matrix (n × n) given by:

Jαγ ¼
∂ SCGa

 �
∂Uγ

¼ − 1
kBT

SαSγ − SαSγ

 �
 ��

(10)

For the inverse iterative procedure, the root-mean-square
deviation (RMSD) of the target RDFs (Δgn) is often selected as
a metric to evaluate the convergence (eqn (11)), as follows:

Δgn ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXM
i¼1

ð
grefi rð Þ − gni rð Þ� �

dr

vuut (11)

where n is the iteration cycle, M is the number of target
RDFs, and gni (r) and grefi (r) are the trial and reference RDFs.96

The performance of a 4-site CG model of [C4mim][PF6],
optimized using IBI and IMC methods, was compared. It was
found that although the IMC method converges much faster
than the IBI method, they both provide a consistent
description of thermodynamic, scattering and dynamic
properties as well as their temperature dependence.96

The energetics-based method like extended conditional
reversible work (ECRW) determines an optimal CG potential
directly based on the AA potential between mapped
molecular fragments.52–54 The ECRW method defines this
potential as the reversible work needed upon introducing
nonbonded interactions between mapped molecular
fragments. The ECRW method separates the effective pair
potential into the effective vdW potential (AvdW(r)) and
electrostatic potential (BES(r)). They can be calculated through
a thermodynamic cycle using the reversible work W of
relocating mapped molecular fragments from a quasi-infinite
cutoff distance, rc, to a finite distance r:

AvdW(r) = Won,vdW(r) − Woff(r) + AvdW(rc) (12)

BES(r) = Won(r) − Won,vdW(r) + BES(rc) (13)

where Won, Won,vdW, and Woff represent all nonbonded
interactions present in the model, only vdW interactions
present between mapped molecular fragments, and no
interactions between mapped molecular fragments. The
calculated AvdW(r) and BES(r) are fitted using the analytical

potential. The ECRW method has been applied to a 3-site CG
model of [C4mim][X] (X = [Cl], [BF4], [PF6]).

54 However, within
the ECRW method, constrained gas-phase AA simulation of
reference molecules is used to calculate the interaction free
energy, poorly accounting for the polarization effect from the
environment.120

Variational-based methods minimize an objective function
to determine an optimal CG potential, such as the relative
entropy (RE) method and multiscale coarse-graining (MS-CG)
method. Relative entropy, originating from information
theory, is a convenient metric to quantify the extent of
information lost upon coarse-graining.40,50,51 The RE method
determines an optimal CG potential by minimizing the RE
metric, SRE, which measures the difference between the trial
CG model and the target AA model.

SRE ¼
X
i

pAA ið Þln pAA ið Þ
pCG M ið Þð Þ

� �
þ Smap

 �

AA (14)

where i is the index of the configuration of the AA system, M
is an AA-to-CG mapping operator which converts the i-th AA
configuration into the I-th CG configuration, and p is the
normalized probability of a certain configuration. 〈Smap〉AA is
mapping entropy that describes the average degeneracy of
the AA-to-CG mapping, which is not dependent on the CG
potential. An iterative optimization scheme based on the
Newton–Raphson strategy is implemented to minimize the
RE metric with respect to FF parameters (λ):129

λk+1 = λk − αH−1·∇λSRE (15)

Here, H is the Hessian matrix of SRE, and ∇λSRE is the vector
of the first derivatives of SRE with respect to λ. The detailed
formula of H and ∇λSRE can be found in the original paper.129

The RE method has been applied to parametrization of a CG
model of [Cnmim][PF6] (n = 4–10), including optimization of
LJ parameters, knot values for vdW tabulated potentials, and
the charge scalar factor for Coulomb potentials.93

The MS-CG method,47–49 originating from the force-
matching (FM) method,130 maps mean forces at the AA level
onto the simpler CG level by minimizing a force residue
between trial CG and AA models using a linear least-squares
technique:

χ2 ¼ 1
3NCG

XNCG

I¼1

F
!CG

I RCGð Þ − f
!

I

AA
rð Þ


 �
RCG

�����
�����

* +
(16)

where NCG is the total number of CG particles, RCG is the CG
particle positions of a given CG configuration, F

→CG
I (RCG) is the

net force acting on CG particle I using the trial parameters,
〈f
→

I
AA(r)〉RCG

is the projected net force on CG particle I from the
target AA model subject to the constraint that the CG particle
positions are fixed at RCG, and the outer big bracket
represents an average over all CG configurations of the
system sampled in an AA simulation. The use of splines to
describe the functional form of the forces is needed to
guarantee a linear parametrization.131 The MS-CG method
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determines the CG potential directly from mapped AA
simulation without requiring additional trial CG simulations.
The MS-CG method has been used to determine the vdW
parameters of a CG model of [Cnmim][NO3] (n = 1–12).102,105

It was demonstrated that the MS-CG-based CG model
exhibited very good transferability over different systems at
various temperatures and reproduced an experimentally
observed mesoscopic heterogeneous structure for long-chain
ILs.

3 Polarizable CG models

The presence of ions in pure ILs or their mixtures with polar
solvents generates a strong local electric field, which
polarizes neighboring ions or molecules. However, due to
their limited ability to adapt to external environmental
changes, non-polarizable fixed-charge force fields cannot
accurately predict the dynamic properties of ILs, such as
viscosity and the diffusion coefficient.61 Their electrostatic
parameters are mostly based on a single ion, ignoring the
polarization effects intrinsic to the densely packed liquid
state. It often requires either explicit or implicit inclusion of
polarization effects for the molecular FF to be more accurate

and predictive. There mainly exist two categories of
polarizable models, including physics-inspired and mean-
field polarization models. This section will explore the
applications of these two types of polarizable models in IL
CG modeling. More comprehensive reviews on the
polarizable FF are highly recommended.43,61,132–134

In the context of atomistic models, physics-inspired
polarization models explicitly incorporate contributions from
induced dipole interactions, such as the fluctuating charge
(FQ) model,62,63 induced dipole (ID) model,64–68 and Drude
oscillator model.43,69 Currently, only the Drude model has
been applied to the IL CG modeling. After brief introduction
of the FQ and ID models, we will discuss the Drude model in
detail, with specific emphasis on the target data used for
optimizing the nonbonded parameters. Atomic charges in
the FQ model can be dynamically changed in response to the
local electric field, generating a larger or smaller dipole
moment of the target molecule. The ID model assigns explicit
polarizability (α) at the center of atoms or virtual sites to
describe anisotropy and spatial distribution response to the
polarization. The Drude model introduces additional mass-
charged particles, i.e., Drude particles (the yellow particles
shown in Fig. 5a), attached to the nuclei of their core atomic

Fig. 5 (a) Schematic illustration of the physics-inspired Drude-based polarizable CG model of [C4mim][BF4]; yellow particles represent the Drude
particles attached to the nuclei of their core CG particles via a harmonic spring; the displacement of the spring under the influence of an electric
field mimics the induced polarization effect; (b) schematic illustration of the QM-based polarizable VaCG model of [C4mim][BF4]; CG charges are
derived from QM calculations on IL clusters containing up to 30 anion–cation pairs, using the GEBF method; these CG charges are further fused
into the electrostatic terms of the VaCG model. The plot (a) is reprinted with permission from ref. 94. Copyright 2017 IOP Publishing. The plot (b)
is reprinted with permission from ref. 74. Copyright 2022 Elsevier.
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particles via a harmonic spring, which mimics the induced
dipole on each atom site. The polarizability αi of a Drude
oscillator is given by:

αi ¼
q2i;D
kD

(17)

where qi,D is the charge on the Drude particle i and kD is the
harmonic force constant of the corresponding Drude–CG
particle harmonic bond. The polarizability of a given atom
can be isotropic or anisotropic in the form of a tensor, where
the Drude oscillator can deform differentially in different

dimensions. The induced point dipole μi
! under an external

electric field E
→
can be calculated as:

μi
!¼ q2i;D E

!
kD

(18)

The Drude oscillator model has been implemented into
polarizable CG models of [Cnmim][BF4]

86 and [Cnmim][PF6]
(n = 2, 4, 6),94 where Drude particles are attached to each CG
particle, as shown in Fig. 5a. It has been demonstrated that
there exists a semiquantitative relationship between isotropic
molecular polarizability and molecular volume calculated by
Bader's atoms-in-molecules (AIM) theory.135,136 An isotropic
polarizability is assumed in these polarizable CG models and
the polarizability of CG particle i is determined according to
the ratio of the volume of the corresponding molecular
fragment Vi to the total molecule volume Vtot. To avoid the
polarization catastrophe, i.e., the inducible dipoles diverge if
they are spatially too close to each other, a screening function
is adopted to calculate dipole–dipole interactions, as follows:

Fij ¼ 1 − tijrij
2αij

1=3

� �
exp − tijrij

αij
1=3

� �
(19)

where tij is a semiempirical parameter named as the Thole
factor and αij is the geometric average of the polarizabilities
of each CG particle. The vdW parameters were further
reparametrized to reproduce density. The resulting self-
diffusion coefficients are well reproduced,86,94 along with
their trend concerning the varying alkyl-chain length of the
cation.86

The mean-field method is a more cost-effective approach
that implicitly accounts for the polarization effect by directly
reducing the value of electrostatic parameters. Many ab initio
calculations of ion pairs or large-sized IL clusters suggest that
the net ionic charge is reduced because of the polarization-
induced charge transfer.137–139 For example, the net partial
charges of ions for a pair of [C4mim][BF4] calculated by
density functional theory (DFT) at the level of M06-2X/6-
31G** are ±0.92 e instead of ±1 e of an isolated ion.74 An
empirical charge scaling factor of around 0.8 was introduced
by many IL CG models to compensate for the absence of
electrostatic polarization.54,89,90,92,97,99,101,114,117,140 For
example, the original 4-site CG model of [BMIM][PF6]

98 was
refined by reducing the CG charge to ± 0.78 e, achieving a

better temperature dependence of diffusion coefficients.99

Further validation also demonstrated the good ability of the
refined model to predict the surface tension (39.4 mN m−1

predicted at 400 K vs. experimental 40.8 mN m−1 at 393 K).97

For the aqueous IL solution, a smaller charge scalar is often
used to compensate for the polarization effect. For instance,
a charge scalar of 0.25 is adopted to simulate the phase
behavior of an aqueous long-chain IL.101,141,142

Alternatively, introduction of electrostatic parameters from
QM calculations of large-sized IL clusters more explicitly
treats the polarization effect of bulk ILs. It avoids the process
of artificially specifying parameters. However, the
computational cost of traditional QM methods increases
nonlinearly with the size of the system, which limits their
applicability. A linear-scale electronic structure method,
generalized energy-based fragmentation (GEBF),71–73 offers a
practical solution to this challenge. The GEBF method
calculates the ground-state energy (or properties) of a target
system as a linear combination of the ground-state energies
(or properties) of a series of small electrostatically embedded
subsystems. It has been demonstrated that the GEBF method
with an ion-pair-based fragmentation scheme provides
satisfactory descriptions on ground-state energies, optimized
structures, and vibrational spectra of various IL clusters.139

The GEBF calculations of IL clusters, including ([EtNH3][Cl])n,
([EtNH3][NO]3)n, and ([C1mim][NO]3)n, at the M06-2X/6-31G**
level, indicated that the average ionic charge exhibits
transferability when n = 10.139 Inspired by this, the
electrostatic-variable coarse-grained (VaCG) model, a 3-site
polarizable CG model for [C4mim][BF4], was developed. The
VaCG model sets the molecular fragment charge derived from
the GEBF calculation of IL clusters with 30 cation–anion pairs
(Fig. 5b).74

The polarization effect is highly susceptible to the
surrounding environments and could be reflected by the
dielectric permittivity (ε) in an average mean-field manner.
The VaCG model introduces a concentration-dependent
dielectric constant to consider the variable polarization
environment under different water concentrations.74 The
electrostatic term of the VaCG model is shown in the
following equation:

EVaCG
ele ¼

X
IL‐IL

qioni qionj

4πεIL xð Þrij þ
X
W‐W

qWi qWj
4πεw xð Þrij

þ
X
IL‐W

qioni qWj
4π

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
εIL xð ÞεW xð Þp

rij
(20)

where qion and qW are the effective charge of CG particles in
the IL and water model, and εIL(x) and εW(x) are the
concentration-dependent dielectric constants of water and IL,
respectively. The electrostatic parameters of water molecules
are based on the polarizable MARTINI water (PW) model.143

The parametrization workflow of the VaCG model is as
follows: firstly, the molecular fragment charges of IL are
determined through GEBF calculations; secondly, at some
representative water concentrations, i.e., x = 0, 20, 50, 80, and
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100 mol%, dielectric constants were varied to predict various
thermodynamic (density, heat of vaporization, surface
tension), dynamic (self-diffusion coefficient, ionic
conductivity), and dielectric properties (dielectric constant);
finally, the optimal dielectric constants were fitted over the
whole concentration range according to the selected
dielectric constants that overall performed best at each point.
It has been demonstrated that the final model has a good
temperature transferability of density and diffusivity. The
VaCG model has been further successfully applied to study
the effect of the IL concentration on short peptide self-
assembly.75

4 ML techniques for the IL CG models

Thanks to advancements in computing power and the
abundance of data, ML techniques have been widely used in
IL modeling, such as the use of ML algorithms as property
prediction tools and as integral components in the
development of high-quality FFs for MD simulation.
Extensive studies in IL research have focused on evaluating
the predictive ability of different ML algorithms with respect
to physicochemical properties. For example, a series of
transformer-CNN models144 have been trained to predict IL
antibacterial activity, phase transition and decomposition
temperature, melting temperature, electrical conductivity,
viscosity, and density.145–148 These well-trained ML models
can be used to perform virtual screening of new ILs with
desired properties. Some insightful reviews about this area
are highly recommended.149–152 Another important
application is the development of interatomic potentials in
MD simulations.83,153,154 Their utilization primarily involves
two aspects: the construction of ML potentials (MLPs) of
small molecules and materials or functioning as an
optimization tool in the context of classic FFs.154 Unlike
classic FFs, which treat the potential energy surface (PES)
through separated interaction terms, ML potentials discard
the empirical function forms by representing interatomic
potentials as functions of descriptors that characterize the
atoms within the system of interest. As shown in Fig. 6, the
widely used Behler–Parrinello neural network (BPNN)
potential155 has been taken as an example to briefly explain
their working principle.

The potential energy (E) is divided into contributions from
individual atoms (Ei) (eqn 21),

E ¼
X
i

Ei (21)

The Ei depends on the chemical environments of the atoms,
which are defined by the positions of all neighbors within a
specified cutoff radius Rc. However, Cartesian coordinates are
not ideal features to represent the chemical environments of
the atoms, often referred to as “atomic fingerprints”, because
they cannot preserve the translational, rotational, and
permutational invariances of the PES. A transformation of
Cartesian coordinates into a set of symmetry functions is

required.156 These symmetry function values characterize the
energetically relevant local environment of each atom and are
subsequently used as input for each atomic neural network
(NNs) to predict the energy contribution of each atom (Ei).
Although the computational efficiency is significantly
improved compared to the ab initio molecular dynamics
(AIMD), construction of atomic fingerprints for PES
predictions still limits their efficiency. Graph neural
networks157 automatically extract structural information of a
material system, bypassing the requirement to design and
compute the atomic fingerprints. For instance, the SchNet
model158 employs a series of continuous-filter convolutional
layers to extract molecular structural features that can be
used as input to predict the molecular PES.

The graph-based SchNet model158 has been used to
develop CG potentials for ILs.87 Separated graph
convolutional neural networks were employed to treat
intramolecular and intermolecular interactions of a 5-site or
3-site CG model for the IL ([C4mim][BF4]]). Temperature was
incorporated as an input to the neural network to
parameterize a temperature-transferable CG potential.
Moreover, a classical bond prior with fixed bond lengths
between CG particles of the cation and an excluded volume
prior were added to better describe intramolecular and
intermolecular interactions. The neural network architecture
for fitting the CG potential is shown in Fig. 7a. The ML
model was trained with the MS-CG force metric as the loss
function. There are some advantages for this metric: atomic
forces can be calculated instantaneously from a given AA
configuration; MS-CG is a non-iteration scheme which
determines an optimal potential without additional trial
simulation, while adequate sampling requires a large
database of AA configurations.120 The microstructural
properties calculated using the CG model with the ML
potential show good agreement with those from the AA
model, and the Arrhenius relation for self-diffusivity was

Fig. 6 Architecture illustration of the Behler–Parrinello neural network
potential;155 the red region represents the chemical environments of
the centered atoms within the cutoff sphere of radius Rc; the Cartesian
coordinates of atom i is denoted as Ri, and they are transformed into a
set of symmetry functions Gi to ensure translational, rotational, and
permutational invariances of the PES; they are further used as input for
the individual atomic neural networks (NNs) to predict each
contribution (Ei) to the total energy; finally, these individual energy
contributions are summed to obtain the total energy (E).
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successfully reproduced. Although the temperature-
dependent trend of the self-diffusion coefficient is captured,
it exhibits faster dynamics. For instance, the computed self-
diffusion coefficients (D+/D−) at room temperature are 48.58/
35.49 × 10−11 m2 s−1, approximately one order of magnitude
higher than the experimental values (1.83/1.78 × 10−11 m2

s−1), as shown in Table 1.
Some challenges remain for the application of the ML CG

potential to ILs. For viscous ILs, large spatiotemporal MD
simulations are often needed to ensure sufficient sampling.
The main advantage of CG modeling lies in its high
efficiency, but the ML potential suffers from poor efficiency
relative to classic FFs.120 Given the rare benchmark studies
comparing efficiency between graph neural network (GNN)-
based ML and classic CG FFs, we use an atomistic model to
illustrate this point. As shown in Table 2, relative to other
GNN-based ML FFs like MACE,159 Allegro,160 ViSNet,161 and
BAMBOO,162 the classic atomistic FF, OpenFF2.0.0,163

achieves a higher inference speed. Development of a more
efficient ML CG potential would significantly enhance its

practical applicability. Moreover, properly accounting for
long-range electrostatic interactions in the ML potential for
ILs remains a challenge.164 One solution is to increase the
cutoff radius to capture such an effect; however, this would
substantially increase the cost of model training and
prediction.164 Another solution is to additionally embed
physically interpretable quantities into the ML potential. For
example, in the charge equilibration (Qeq) scheme,165 the
charge that incorporates a polarization effect can be
determined by atomic electronegativities, which can be
expressed as environment-dependent atomic properties
learned by atomic neural networks.166 Recently, such a
method has been generalized into a GNN-based atomic ML
potential and tested on the OE62 dataset.167 However, such
techniques haven't been extended to the ML potential of IL
CG models.

Here, we focus on the applications of ML techniques to
the optimization of classic FFs, with special emphasis on
vdW optimization. In the context of the classic atomic FF, the
atom types are first assigned based on the specific FF rules,

Fig. 7 (a) Overview of the neural network architecture to predict the CG potential,87 where the local environment of CG particles was
incorporated as input and two separate neural networks were employed to learn the intra- and inter-molecular potential; additionally, the
temperature influence was considered as another input, alongside classical priors such as excluded volume and bond length; (b) the left side
shows a general diagram of the mixed-resolution model that combines a united-atom model of diphenylalanine and a CG model of an aqueous IL
solution ([C4mim][BF4]);

75 the right side illustrates the ML-guided parametrization protocol,75 designed to optimize the coupling terms of the
mixed-resolution model; this workflow includes prior MD simulations, parameter learning, and parameter selection. The plot (a) is reprinted with
permission from ref. 87. Copyright 2020 American Institute of Physics. The plot (b) is reprinted with permission from ref. 75. Copyright 2023
American Chemical Society.
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and then the bonded and electrostatic parameters are
calibrated against QM data followed by vdW parameter
optimization targeting condensed-phase experimental data. A
full description of classic FF parametrization is beyond the
scope of this review. Some insightful reviews are highly
recommended.43,61 Optimization of vdW parameters has
been a long standing challenge for the classic FF. Different
from the atom-specific electrostatic parameters, different
atoms share the same vdW parameters if they are in a similar
chemical environment. To ensure parameter robustness, vdW
optimization often requires simultaneously targeting multiple
experimental properties. With the increase of parameter size,
the computational cost of MD simulations will be more
expensive. For such a muti-variable and multi-objective
optimization task, it's expensive to evaluate the loss function
and difficult to define the gradients with respect to
parameters using a traditional optimization algorithm.153,169

Development of optimization methods to explore high-
dimensional parameter spaces with high efficiency remains a
challenge.

ML techniques offer a solution by serving as
computationally inexpensive surrogate model to assist vdW
optimization. ML models approximate the mapping between
the desired physical properties and vdW parameters,
facilitating quick screening of potential parameters. Typically,
ML-guided vdW optimization follows an iterative workflow,
including three key steps: 1. prior MD simulations, 2.
parameter learning, and 3. parameter selection. Throughout
this process, the ML surrogate can be continuously updated,
refining the search and enhancing predictive accuracy. In
step 1, prior dispersed parameter sets are generated within
reasonable parameter space. MD simulations are performed
using these parameter sets, and then, the properties of
interest are collected. In step 2, an ML model is trained to
learn prior parameter sets to fit the target properties, which
is then evaluated to predict the desired properties, for a large
number of trial parameter sets. The bounds of trial
parameter sets are determined by the parameter sets used to
build the ML surrogate. In step 3, a subset of promising
parameters is selected using some user-defined metrics, thus
initializing the next cycle. Such an iteration continues until

the MD simulations with the parameter set identified in this
step yield a satisfactory performance.

Recently, such an ML-assisted FF parametrization strategy
has been used to optimize coupling interaction terms in a
mixed resolution model.75 Fig. 7b shows this mixed model,
which combines a GROMOS-based united-atom (UA) model
of diphenylalanine (P) with a CG model of the aqueous IL
([C4mim][BF4]]) solution, i.e., the VaCG model.74 Four
coupling nonbonded parameters were selected for
optimization, including three parameters (λP-A, λP-B, and λP-C)
that impact vdW interaction strength between the P molecule
and different molecular fragments of the IL (anion: A;
methylimidazolium, and butyl unit of the cation: B and C)
and a dielectric constant (εP) that regulates the electrostatic
interaction strength between the P molecule and surrounding
solvent molecules. As for target properties, similarity
scores170,171 that quantify the resemblance between the
microstructural properties calculated by AA simulations and
the mixed model were adopted. The random forest regressor
model is utilized to carry out multi-output regression tasks.
At the stage of parameter selection, the mean absolute error
of similarity scores for each target is used to evaluate the
performance of each potential parameter set. The whole ML-
guided FF parametrization process requires 11 iterations to
reach convergence, where a total of 327 UA/CG MD
trajectories were performed. The optimized mixed model was
used to study diphenylalanine self-assembly in an aqueous IL
solution with various IL concentrations. The trend observed
in MD simulations is consistent with that of experiments.

Here, some challenges of ML-assisted vdW optimization
are highlighted. The ML-assisted vdW optimization protocol
is built on the foundation of domain expertise. Its
performance is strongly influenced by some key prior
parameters, such as the initial guess for vdW parameters and
the boundary of parameter space. These parameters
necessitate prior careful evaluation. A good initial guess can
improve efficiency by directing the optimization towards the
region of interest without consuming too much
computational cost. The general principle for selection of the
initial guess is to assess the reliability of assigning existing
parameters from similar chemical environments. If the

Table 2 Comparison of the inference speed of GNN-based MLFFs and the classic FF

Index FF Natom NGPU Speed (million steps per day)

1a MACE159 27 1 4.9
2a Allegro160 6.6
3a VisNet161 7.1
4a BAMBOO162 12.5
5b BAMBOO162 10 000 2
6c OpenFF2.0.0 (ref. 163) 53 1 140.5

a The data of indices 1–4 were summarized from ref. 162. The model compound is 3-(benzyloxy)pyridin-2-amine. There are no direct speed data
available for gas-phase MD simulations using the GNN-based ML FFs mentioned above. Only the inference speed for a single molecular
structure has been reported. Therefore, the total number of simulation steps was estimated based on the total time of one day. b As for the data
of index 5, condensed-phase MD simulation was performed. All the tests (indices 1–5) were run on an NVIDIA A100 GPU. c The data of index 6
were summarized from ref. 168. The model compound is an inhibitor bound to cyclin-dependent kinase (CDK8). Gas-phase MD simulation
with a 1 fs time step was performed using OpenMM 8 (ref. 168) on an NVIDIA RTX 4080 GPU.

Industrial Chemistry & MaterialsReview

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
 1

40
4.

 D
ow

nl
oa

de
d 

on
 1

7/
11

/1
40

4 
05

:5
9:

46
 ..

 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5im00021a


Ind. Chem. Mater., 2025, 3, 383–411 | 395© 2025 The Author(s). Co‐published by the Institute of Process Engineering,
Chinese Academy of Sciences and the Royal Society of Chemistry

existing parameters are very limited, it begins with assessing
the initial guess based on analogy using some classic atomic
FF sources, such as CGenFF,172 GAFF,173 and OPLS.174 The
atomic vdW parameters are summed up based on CG
mapping rules to derive the corresponding CG values. The
initial guess can also be derived using QM methods.86 The C6

dispersion coefficient relates σ and ε through C6 = 4εσ6,
which can be determined by various QM methods.175 The
radius of the vdW parameter (σ) can be estimated from QM
volume according to the assumption of the sphere volume of
the interaction site.86 Another key consideration is to ensure
that the initial guesses well balance the conflicting objectives.
With the concept of Pareto fronts in multi-objective
optimization, the optimal solutions are those where
improving one objective necessarily leads to the degradation
of another. Spending more effort on determination of the
optimal initial guess is often crucial and necessary.

While ML surrogate-level evaluation is much faster than
simulation-level evaluation, it often requires a large number
of real MD simulations to build accurate ML surrogates. The
setup for the parameter sampling space should balance the
trade-off between accuracy and efficiency. The space with too
wide boundaries would cover some unphysical results, and
the space with a too narrow region would miss some high-
quality parameters. Currently, parameter bounds are
primarily manually chosen.176 It is necessary to develop a
more automated method to achieve this goal with minor
human intervention. In addition, with the increase of
parameter dimensionality, the size of parameter space would
exhibit exponential growth. For example, if there are two vdW
parameters to be optimized, with 200 points sampled on each
dimension, the total number of possible parameter sets will
be 4 × 104. However, if the number increases to 6, there will
be 6.4 × 1013 points to be sampled using the brute force
method. Construction of such ML surrogates heavily negates
their speedup on prediction. One solution is to use advanced
sampling techniques to reduce computational expenses. For
example, Latin hypercube sampling (LHS)177 has been in
conjunction with ML surrogates to optimize vdW parameter
sets of the Drude general FF (DGenFF),81 where 200 near-
random distributed points were generated to represent 6.66 ×
1017 possible parameter sets. Leveraging the power of
Bayesian optimization, a comprehensive automated machine
learning (AutoML) framework was proposed for
simultaneously tuning vdW and electrostatic parameters of a
three-center water model under the framework of the
polarizable Gaussian model (pGM).178 Although the
parameter space extends to nine dimensions, great efficiency
was achieved, and transferability was demonstrated among
different thermodynamic properties across different
temperatures. However, there are no studies systematically
evaluating the impact of different sampling methods on the
performance of ML-assisted FF optimization.

Another challenge lies in parameter correlation, where
multiple distinct vdW parameter sets yield equally accurate
thermodynamic properties. For example, when using an ML

surrogate to optimize LJ parameters of alkenes in the context
of Drude FFs, there are 105 trial parameter sets with their
objective function lower than the pre-defined threshold.81

Validation of the whole parameter sets at the simulation level
becomes highly nontrivial. Even though some clustering
algorithms like K-means can be used to reduce this
number,75 how to design an effective protocol to determine
the final optimal parameter set remains a challenge. One
solution is to introduce additional objective properties to
assess the robustness of the potential parameter sets. For
example, in the context of CHARMM-based atomic FFs, QM
data have been used to screen reasonable vdW parameters
after validation through condensed-phase simulations, such
as ab initio interaction energies and distances with rare-gas
elements.179 Another solution is to evaluate the performance
of the potential parameter using experimental properties not
included in the optimization process. Such properties are
often computationally expensive, so they are rarely selected
as target properties for the ML surrogate, such as hydration
free energies, the dielectric constant, and a series of dynamic
properties.

5 Applications
5.1 Microscopic structure

Dissecting the microscopic structure of bulk ILs is essential
for unraveling the mechanisms that underpin their unique
physicochemical properties. It plays a pivotal role in the
systematic design of ILs tailored to specific requirements.180

ILs typically consist of small anions and bulky cations with
polar headgroups and nonpolar alkyl side chains. Both
experimental and computational studies have revealed that
ILs with an intermediate side-chain length exhibit
microstructural heterogeneity.2,3 As shown in Fig. 8a, the
chain length-dependent nanostructures of bulk ILs were first
explored using a CG model of [Cnmim][NO3] (n = 1–12).180–183

The findings indicate that cations with a short side-chain
length (n < 4) exhibit higher anisotropy. As the side-chain
length increases, the tail groups aggregate to form non-polar
domains, while the headgroups of both cations and anions
retain their local structures. The non-polar domains, i.e., tail
groups represented by white particles, are separated by the
continuous polar network, i.e., headgroups of cations and
anions represented by yellow and red particles. A Gaussian-
like heterogeneity order parameter (HOP) revealed that the
degree of heterogeneity becomes more pronounced with
increasing alkyl side-chain length.181 The homogeneous
distribution of polar moieties has been attributed to the
strong electrostatic interactions, while the formation of
heterogeneous domains is driven by the hydrophobic
interaction between alkyl chains.181 This observation was
later verified by X-ray diffraction experiments on pure [Cn-
mim][Cl] (n = 4–10) and [Cnmim][BF4] (n = 4–8).184 Other CG
simulations of ILs with an intermediate side-chain length
also captured the microphase segregation, such as [Cnmim]
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[PF6] (n = 4–10),100,104 [Cnmim][BF4] (n = 4–10),90,91 and
[C10mim][TFSI].89

Experimental evidence reveals that when the alkyl side-
chain length of the cation is sufficiently long, e.g., at least n
> 11 for [Cnmim][BF4],

185 ILs tend to form peculiar ionic
liquid crystals (ILCs).186 ILCs exhibit unique features that go
beyond those of conventional liquid crystals (LCs),
particularly in their high anisotropic ion conductivity.186–188

These features make them widely employed as electrolytes for
batteries188,189 and dye-sensitized solar cells (DSSCs).190–192

Through heating a solid or cooling an isotropic liquid (or
another mesophase), a thermotropic mesophase (LC phase)
can be induced.193 CG simulations of [C16mim][NO3] were
employed to study such behavior.183,194,195 CG simulations
successfully capture three distinct experimentally-observed
phases, i.e., the crystal (Cr) phase, the smectic A (SmA) phase,
and the isotropic liquid (Iso) phase.194 Fig. 8b shows the
isotropic-to-SmA transition and SmA-to-crystal phase
structural transition. It has been demonstrated that a liquid
crystalline-like structure emerges only when the side-chain
length of cations is sufficiently long, typically n > 14 for [Cn-
mim][NO3]. This finding qualitatively coincides well with
experimental observations.185,196 This structural transition
has been attributed to the fact that the stronger hydrophobic
interactions between nonpolar tails prevail over the
continuous polar network and form a more ordered lamellar
structure rather than separated tail domains.183,195 Notably,
the phase transition temperatures are still poorly reproduced
with current IL CG models.88,194 For example, the crystal-to-
smectic transition temperature estimated by the CG model
(550 K) exceeds the experimental results by approximately
225 K. For IL CG models, enhancing temperature
transferability near the phase transition region is essential
for better description of phase behaviors.197

5.2 Biological system

Compared to simple electrolytes, ILs exhibit more sophisticated
molecular interactions with biomolecules, including hydrogen
bonding, pi–pi stacking, hydrophobic interactions, and ionic
interactions (Fig. 9a). These interactions further underscore the
diverse range of behaviors and properties exhibited by ILs.
Research into the IL biological activity has garnered
considerable interest, particularly for potential applications in
pharmaceutics,198 medicine,199 and food science.200 An urgent
need is required to gain a deeper understanding of their
molecular interactions with diverse biomolecular species,
including phospholipids, proteins and peptides, DNA and RNA,
and carbohydrates.201

Cellulose, a natural polysaccharide, consists of linear chains
ranging from several hundreds to tens of thousands of β(1 → 4)-
glycosidic units. It is widely found in lignocellulosic biomass, an
abundant renewable energy source in nature. Its biological
functions, such as catalytic or enzymatic breakdown, rely on the
exposure of buried glycosidic bonds. Cellulose is difficult to
dissolve in water and most organic solvents, but it can be
dissolved in certain classes of ILs. A pretreatment solvent is
required to disrupt the strong interactions that arise from the
coupling between the equatorial and axial moieties of glucose
residues. Simulations of cellulose deconstruction have been
conducted at the all-atom level by peeling off an 11-residue
glucan chain from a cellulose microfibril (Fig. 9b). To dissect the
force interactions, the AA trajectories were mapped into CG
configurations, and a bottom-up force-matching strategy was
utilized to derive radial mean forces between the solvent and
glucan CG particles. The results indicate that ILs exhibit stronger
interaction with glucan compared to water molecules, with
anions interacting strongly with the hydroxyl groups and cations
favorably interacting with side chains and linker oxygens.202

Fig. 8 (a) The left side shows the IL CG model for the study of bulk heterogeneity; the right side shows a snapshot that illustrates the nanoscale
segregation liquid, where red and yellow particles represent anions and cationic polar head groups; the regions circled by blue lines indicate the
nonpolar tail domains composed of cationic nonpolar terminal groups (white particles); (b) the left side shows the IL CG model with a long side
chain for the study of phase transition; the right side shows the snapshot of the structural transition from the isotropic to the SmA phase at 505 K
and the SmA to the crystal phase at 480 K. The plot (a) is reprinted with permission from ref. 180. Copyright 2007 American Chemical Society. The
plot (b) is reprinted with permission from ref. 183. Copyright 2015 American Chemical Society.
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Some ILs exhibit stronger toxicity than traditional organic
solvents. For example, a class of imidazolium-based ILs have
been found to be chronically toxic to a variety of aquatic
species203,204 and can be used as antimicrobial agents.205 CG
MD simulations were carried out to investigate the effects of
imidazolium-based ILs ([Cnmim], n = 4–10) on the morphology
of the 1-palmitoyl-2-oleoylphosphatidylcholin (POPC) lipid
bilayer, a model system of the cell membrane.206,207 The cross-
interaction parameters between lipids and ILs were optimized
by matching the potential of mean force (PMF) during the
process of inserting a single cation into a lipid bilayer at the AA
level. To quantitatively characterize the structural transitions, a
parameter called the leaflet strain parameter (εc) is used. This
parameter is defined as the difference in surface area between
the upper and lower leaflets. This indicated that cations prefer
to insert into the lipid bilayer, with their alkyl tails embedded
within the bilayer. When a critical value (εc ≈ 0.2) is reached,
this insertion triggers a morphological disruption in the bilayer
(Fig. 9c).

Diphenylalanine (P) can self-assemble into well-ordered
nanostructures, such as nanotubes,208,209 nanofibrils,210 and

nanospheres,211 with potential applications in functional
nanomaterials.212,213 Experimental studies have shown that the
introduction of water into [C4mim][BF4] induces
diphenylalanine self-assembly into nanotubes, whereas no
ordered structure is observed in the pure IL.214 A mixed
resolution model was proposed to study the impact of the
aqueous IL solution on self-assembly of P molecules.75 The
mixed resolution model incorporates the united-atom (UA)
model for diphenylalanine (P) and the polarizable VaCG model
for the aqueous ionic liquid ([C4mim][BF4]) solution. The
parameters of coupling IL–P interaction terms were
parametrized by an adaptive ML-guided scheme, as detailed in
section 4. It is found that at high IL concentrations, ILs
suppress the self-assembly of P into ordered nanostructures
through competitive P–An HB and Ca–π stacking interactions.
The P–An HB and Ca–Ph π-stacking interactions gradually
replace the P–P HB and Ph–Ph π-stacking interactions as the IL
content increases. It is found that the ordered fibril structure
appears in the pure water system, whereas it disappears in the
pure IL system (Fig. 9d), in agreement with experimental
observation.75

Fig. 9 (a) Typical interactions between biomolecules and ILs in the first solvation layer; (b) IL ([C4mim][Cl]) facilitates cellulose deconstruction; (c)
IL induces membrane disruption; (d) aqueous solution with a high IL concentration suppresses diphenylalanine self-assembly into ordered
nanostructures. The plot (b) is reprinted with permission from ref. 202. Copyright 2011 American Chemical Society. The plot (c) is reprinted with
permission from ref. 206. Copyright 2016 American Chemical Society. The plot (d) is reprinted with permission from ref. 75. Copyright 2023
American Chemical Society.
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5.3 Electrochemical system

5.3.1 IL electrolytes for supercapacitors. Supercapacitors
are emerging as electrochemical energy storage devices,
characterized by their high-power density and long-cycle life.

Unlike traditional capacitors, supercapacitors replace the
dielectric medium with an electrolyte solution, where the
migration of ions from one electrode to the other facilitates
the charge transport (Fig. 10a). ILs are widely used
electrolytes due to their wider electrochemical stability

Fig. 10 (a) Schematic illustration of an electrical double layer capacitor (EDLC); three types of electrode models are employed to study the energy
storage mechanism in the EDLC with the IL CG solvent model, including the ideal-geometry electrode model, realistic porous electrode model, and
amorphous porous electrode model; the model system includes the (b) planar electrode surface, (c) slit-like pore model, and (d) cylindrical model; the
ordered porous electrode model includes (e) zeolite-templated porous carbons (ZTCs), (f) metal–organic frameworks (MOFs), (g) hydrogen substituted
graphdiynes (HsGDYs), and (h) MoS2; (i) carbide-derived carbon is a typical amorphous porous electrode model. The plots (b–i) are reprinted with
permission from ref. 228 (Copyright 2014 American Chemical Society), ref. 231 (Copyright 2020 American Chemical Society), ref. 234 (Copyright 2016
The Royal Society of Chemistry), ref. 237 (Copyright 2021 American Chemical Society), ref. 238 (Copyright 2020 Elsevier), ref. 239 (Copyright 2023 Wiley),
ref. 241(Copyright 2022 American Chemical Society), and ref. 244 (Copyright 2014 American Chemical Society).
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compared to conventional solutions of inorganic salts in
organic solvents.215–217 Additionally, porous materials are
commonly selected as electrode materials because of their
large surface area, which maximizes contact with the
electrolyte.218 The electrical double layer (EDL) formed at the
solid–liquid interface between the charged electrode and
electrolytes is crucial for the overall performance of
supercapacitors. CG models have been used to investigate
EDL characteristics, such as ionic arrangement, ionic
dynamic, and capacitive properties.

To simulate charged electrodes, two methods can be used
in MD simulation, including the constant-charge model
(CCM) and constant-potential model (CPM).219 The CCM
method assigns equal charge on equivalent sites of the
electrode, which induces a uniform electric field between two
electrodes, corresponding to a charged isolated capacitor.
The CPM method assigns variable charges whose magnitudes
are changed on-the-fly to maintain a constant potential
difference between two electrodes. The computationally
efficient CCM method can reasonably approximate planar
electrodes but may be unsuitable for a complex realistic-
morphology electrode, where the electrode polarization
considerably impacts the dynamics of confined ions and
capacitive properties.220 Some insightful reviews are
recommended for detailed introduction of methodologies in
MD simulations for electrochemical interfaces.6,218,220–224

IL CG models have been incorporated with charged
electrode models of varying different chemical complexity, such
as the ideal-geometry electrode model (e.g., planar slab, slit-like
pore, and cylindrical electrode model) and the realistic-
morphology electrode model (e.g., ordered and amorphous
porous electrode models). In the case of the planar electrode
model (Fig. 10b), a generic 2-site IL CG model, not specified to
any particular IL, was used to study the effects of ion size and
valency on the differential capacitance. Their results
qualitatively agreed with the trend predicted by the analytical
model using mean-field theory.225 Asymmetry in the ion shape
was further considered by replacing the spherical cation model
with a triangular model that approximates the aromatic ring of
the imidazole-based cation. It was found that the different
preferred orientations of the cations adsorbed on the electrode
induce a distinct feature in the differential capacitance.226 A
4-site IL CG model85,97 of [C4mim][PF6] and an atomic three-
layered graphite electrode model227 were used to study the
influence of the electrode potential on the EDL structure.228 A
potential-driven structural transition between the ordered
(small electrode potential) and disordered phases (negative
electrode potential) of the first adsorbed ion layer was
observed. The anomalous dependence of differential
capacitance on the applied electrical potential can be attributed
to this structural transition.229 The solvent effect on the
structural and capacitive properties of the EDL was also tested
under the same system setup.230 Distinct interfacial
characteristics between [C4mim][PF6] and [C4mim][BF4] were
observed, but very similar characteristics emerged upon mixing
with acetonitrile (1.5 M).

Electrode materials mainly employ porous materials that
process good electronic conductivity and large surface area.
The slit-like pore model (Fig. 10c) and cylindrical nanopore
model (Fig. 10d) are simplistic models to approximate the
pore effect. A 4-site model of [C2mim][BF4]

85,97 and a pair of
slit pores were adopted to explore the pore size on charging
dynamics.231 A non-monotonic relationship between charging
time and pore size is found, where some small pores (∼0.45
nm) are able to accelerate the charging process, contrary to
the conventional view that only large pores facilitate
charging. It is further demonstrated that the charging
enhancement is related to the structural transition of the
confined in-pore ions. The nanoconfinement effects on
disjoining pressure was investigated by a four-site CG model
of [C2mim][BF4] and a slit-like pore model.232 The disjoining
pressure exhibits damped oscillations at pore widths below 5
nm and this phenomenon diminishes with increasing pore
size. A following AA MD simulation shows that the disjoining
pressure at large pore widths can be approximated by an
exponential function, which enables the estimation of the
decay length that correlates with the electrostatic screening
length.233 A fused CG model of [Cnmim][BF4] (n = 2, 4, 6) and
a three-layer carbon nanotube (CNT) model were used to
study the effect of pore size on the structural and capacitive
properties.234 It is found that the relationship between
electric potential and surface charge densities is non-
monotonic when the pore is narrow.

These slit-like and cylindrical nanopore models capture
the pore size and curvature effects, but they fail to capture
the complex microscopic structures of the porous electrode,
where factors, such as the intricate pore size, elementary
composition, and topological structure, impact ion
transport.222 The realistic porous electrode model is a good
choice to mimic real conditions.5 There are two types of
realistic porous electrodes: ordered porous electrodes, such
as zeolite-templated carbons (ZTCs) (Fig. 10e),235–237 metal–
organic frameworks (MOFs) (Fig. 10f),238 hydrogen
substituted graphdiynes (HsGDYs) (Fig. 10g),239 and MoS2
(Fig. 10h),240,241 and amorphous microporous carbons such
as carbide-derived carbons (CDCs) (Fig. 10i).242–244 For
example, a series of CDC electrode models with different
pore sizes were generated using the quenched MD
procedure.242,245 These electrode models have been used
together with a 4-site CG model of [C4mim][PF6]

85,97 to study
the capacitance enhancement mechanics induced by sub-
nanometer pores.246 The enhanced capacity has been
reproduced, which has been attributed to the separation of
oppositely charged ions inside the disordered pores. In
addition, two CDC materials with similar pore size
distributions (CDS-950 and CDC-1200) exhibit distinctive
capacities, indicating that the local structure has a profound
effect on the capacitance values. More examples of MD
simulations of supercapacitors with ILs and porous
electrodes are overviewed in Mo′s review.5,224

5.3.2 IL lubricants for electrotunable friction. ILs have
emerged as ideal lubricants due to their unique properties,
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including high thermal-oxidative stability, nonflammability,
negligible vapor pressure, and strong interaction with the
solid surface.247,248 ILs are able to generate a nanometer-
thick protecting film at the sliding surfaces that sustain
higher normal loads compared to other molecular
lubricants.249,250 A key challenge in tribology is how to real-
time control friction in mechanical devices. Applying an
external electric potential is a promising approach for
electrotunable friction in IL lubricants, as the structural and
dynamic properties of ions can be strongly manipulated by
electric fields from the charged surface.251 In MD
simulations, the IL film is confined between a fixed substrate
and a moveable plate/tip and subjected to a normal load and
lateral shear. To mimic the friction experimental conditions,
they are further immersed in a bulk environment. A
schematic illustration of the aforementioned MD simulation
setups can be seen in Fig. 11a. For this topic, an insightful
review is highly recommended.12

The electric field can impact the structural characteristics
of the confined IL film, such as ionic arrangement, layering,
and orientation, which are responsible for the variation of
friction force. A generic 2-site IL CG model was used to study
the structural response of a nanoscale IL film to the surface
charge.252 A volcano-shaped nonmonotonic dependency
between friction force and surface charge has been found.

This phenomenon can be ascribed to the shift of the slippage
plane, in which the maximum friction corresponds to the
transition point from the solid–cation interface to the interior
of the anion–cation interface. Further simulations using a
4-site CG model99,253 revealed that the increase of surface
charge induces anions to detach from the surface and cations
to reorient from a tilted configuration to a flat one,
facilitating the shift of the slippage plane.

The molecular structure is an important factor that affects
friction. The effect of the alkyl chain length of the cation ([Cn-
mim][BF4], n = 2, 4, 6) on the electrotunable friction in ILs
(Fig. 11b) was investigated.90,254 It reveals that cations with a
short hydrocarbon chain length (n = 2) yield a lower friction
force (∼40%) than cations with longer chains (n = 4). Structural
analysis revealed that smaller cations are more compact and
ordered, while cations with longer alkyl chains promote the
segregation of charged polar and apolar regions. In this case,
the hydrophobic domains tend to insert into the interior of the
IL film, occupying the space available for anions.

The microscopic mechanisms of electrotunable
lubrication in dilute IL solutions with other polar solvents
have been studied using the IL CG model.255–257 A 4-site CG
model of [C4mim][PF6]

99 has been combined with the SPC/E
water model258 to represent diluted IL–water mixtures with
the coupling parameters parameterized against density and

Fig. 11 (a) Typical MD simulation setups for electrotunable friction with IL lubricants. Different factors that influence electrotunable friction with
IL lubricants, including (b) cation chain length, (c) mixtures with other polar solvent molecules, and (d) surface roughness. The plots (a and b) are
reprinted from ref. 254 (Copyright 2020 American Chemical Society); the plots (c and d) are reprinted from ref. 255 (Copyright 2020 American
Chemical Society) and ref. 260 (Copyright 2017 The Royal Society of Chemistry).
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RDFs from AA simulations.257 It indicated that water
adsorption screens the repulsive interactions between like-
charged ions on the charged surface and makes the IL film
softer. In the case of dilute IL solutions with acetonitrile
(ACN), the nanoscale films formed in diluted mixtures of IL
provide lower friction forces than the pure IL films,
preserving a profound electrotunable response
(Fig. 11c).255,259

The inhomogeneity and asperity characteristics of real
surfaces also influence the electrotunable friction. Periodic
ridges were used to approximate the roughness on the
surface and combined with a 4-site CG model of [C4mim]
[PF6] to inspect the role of surface roughness in
electrotunable friction in ILs (Fig. 11d).260 It has been found
that the variation of the friction coefficient strongly depends
on the substrate structure and shear direction, such as
smooth, transversal and longitudinal cases.261 A similar
volcano-shaped dependency between friction force and
surface charge is also observed.

6 Challenges and future opportunities

In this section, we attempt to summarize key challenges for
IL CG models and highlight some potential solutions, as
complemented by recent studies. We refer readers to several
insightful reviews on this topic.35,36,120,122,123,262

The first challenge lies in how to improve the
transferability of CG models. The transferability refers to the
ability of a CG model to maintain similar predictive accuracy
across a wider range of thermodynamic state points (e.g.,
temperature, pressure, and composition) beyond the ones for
parameterization. One straightforward solution is to develop
environment-dependent CG potentials. For top-down CG
models, a concentration-dependent dielectric constant was
introduced into the electrostatic term to improve the
composition transferability for an aqueous IL solution.74 The
variable dielectric constants were optimized at some
representative concentrations to match experimental
properties. They are then fitted to an equation as a function
of concentration. As for bottom-up CG models, a temperature

scalar
ffiffiffiffiffiffiffiffiffiffiffi
T=T0

p
is added into an IBI-derived CG potential of

ethylbenzene to reproduce the correct thermal expansion
behaviors.263 Different functional forms for the temperature
scaling factor were also evaluated using a CG model of
hexane.264 The ML CG potential can also benefit from such a
strategy. Environmental variables can be treated as input
features to enable the CG potential to learn its effect.87

Improving transferability can also be achieved by
optimizing general CG potentials targeting properties across
multiple thermodynamic state points. For example, the
multi-state IBI (ms-IBI) method improves the original single
point IBI method by additionally introducing a constraint to
simultaneously match a series of target RDFs at different
thermodynamic states.265 The ms-IBI method has been
applied to octane–benzene mixtures, achieving high
structural fidelity across the entire concentration range.266

The extended ensemble method uses a variational principle
to identify the optimal CG potential that can best capture the
structural correlations of an atomistic extended ensemble.267

The CG simulation of alkane–alcohol mixtures indicates that
the extended ensemble potentials have improved
transferability of structural properties compared to potentials
parametrized in a single system. However, such a bottom-up
CG method often focuses on reproduction of microstructural
properties, with limited reliability in thermodynamic
properties.120 Some statistical mechanics theories that link
microscopic molecular properties to macroscopic properties
can inform the FF parametrization to address this problem.
For mixture systems, the Kirkwood–Buff (KB) theory relates
volume integrals over the radial distribution function, the so-
called Kirkwood–Buff integrals (KBIs), to various macroscopic
thermodynamic properties.268 This theory have been applied
to parametrization of a CG model for aqueous urea, where a
correction term is added into the IBI-derived CG potential to
best reproduce the exact KBIs.269 Another important theory
for the mixture system is the statistical associating fluid
theory (SAFT).270 In particular, the SAFT-γ group contribution
method has been used to develop a series of CG
models,271–274 where FF parameters are calibrated against a
molecular-based equation of state derived from experimental
data.

Parameterization of polarizable CG models using high-
quality QM data often suffers from expensive computational
cost. Larger molecular or condensed-phase systems are often
desired for FF parametrization to better capture the
polarization effect. For example, in the development of the
Drude FF for monatomic ions, targeting the QM PES of larger
ion–polar compound complexes yields parameters that better
reproduce experimental properties. However, DFT scales as
O(N3–4) with the increasing number of electrons, N, so it is
still expensive to construct a high-quality QM database for
molecular systems involving large biomolecules or interfaces
with different solids. Fragment-based QM methods provide a
practical solution.70 Their basic idea is to partition a large
system into small subsystems according to some prior rules
and then evaluate the total energy as the linear combination
of energies of small subsystems, thus dramatically reducing
computational cost and making calculations more feasible.
Fragment-based QM methods can directly predict FF
parameters based on predefined fragments. For example, the
energy-based GEBF method71–73 has been used to derive
fragment charge74 and dipoles275,276 for polarizable IL and
protein CG models. Besides, the energy information
calculated by fragment-based QM methods can also guide
optimization of the polarizable CG model, such as utilization
of QM interaction energies between small molecules and
large biomolecules to validate their nonbonded
parameters.72,139 Notably, the performance of fragment-based
QM methods is highly dependent on fragmentation schemes.
These fragmentation schemes are often user-defined and
involve significant human intervention. Development of more
automatic fragmentation schemes would enhance the

Industrial Chemistry & Materials Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

9 
 1

40
4.

 D
ow

nl
oa

de
d 

on
 1

7/
11

/1
40

4 
05

:5
9:

46
 ..

 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5im00021a


402 | Ind. Chem. Mater., 2025, 3, 383–411 © 2025 The Author(s). Co‐published by the Institute of Process Engineering,
Chinese Academy of Sciences and the Royal Society of Chemistry

applicability of such QM fragment-based methods for FF
parametrization.

ILs feature flexible tunability due to the vast combination
space between different ions and their diverse chemical
modifications. However, general IL CG models that cover a
wide range of ILs remain scarce, which limits the high-
throughput screening of ILs for material design.
Parametrization of a general CG model often requires the
involvement of a broad range of model compounds, making
the process increasingly time-consuming. Herein, the
development of a fully automated protocol that integrates CG
mapping and FF parametrization together with minor human
intervention holds great promise. Given the fact that most
toolkits116,124–128 primarily focus on parameter optimization,
autoMARTINI109 and AMOFMS277 further integrates
automated CG mapping functionality. However, these toolkits
currently lack the capability to parameterize polarizable
models. Such toolkits have been reported for polarizable
atomic FF models, like FFparam278–280 for the Drude FF,43

though fully end-to-end parametrization remains unattained.
FFparam provides a graphical user interface to help users
prepare and analyze necessary MM and QM files to
streamline the optimization process. Besides manual
adjustment, electrostatic parameters can also be optimized in
an automated fashion using the Monte Carlo simulated
annealing (MCSA) algorithm. Enhancing automated CG
toolkits with polarizable model optimization will be a key
direction for the development of high-precision general IL
CG models.

7 Conclusions

By averaging over atomic details, CG models offer a
significant computational advantage to study complex
systems involving ILs across a larger spatiotemporal scale.
Here, we have presented representative IL CG models
developed by different top-down and bottom-up methods and
summarized key challenges related to their accuracy,
efficiency, and transferability. The integration of ML
techniques into CG model development has been reviewed,
including utilization of an ML surrogate to facilitate FF
optimization and development of the ML potential. We
expect that future studies will not only leverage these
advances to develop more general and transferable IL CG
models without the need for case-by-case parameterization
but also make them more accessible and user-friendly for the
computational community. Such efforts will broaden the
applicability of IL CG models to more complicated systems,
potentially leading to new discoveries.
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