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Revealing EDL-driven reduction mechanisms in
binary, ternary, and quaternary fluorinated
electrolytes via an integrated MD-DFT-ML
framework
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Accurately predicting solid electrolyte interphase (SEI) formation requires explicitly resolving the electric
double layer (EDL) structure, which deviates significantly from that of the bulk electrolyte. Although an
established molecular dynamics (MD) and Density Functional Theory (DFT) framework can model SEI for-
mation by evaluating reduction reactions of local clusters in the EDL, it suffers from a combinatorial com-
putational bottleneck. To overcome this limitation, we introduce a machine-learning-accelerated simu-
lation workflow (MD-DFT-ML), integrating a gradient-boosted regression model trained on EDL compo-
sition data to efficiently predict reduction potentials. We apply this framework to seven fluorinated elec-
trolytes comprising fluorinated anions, a fluorinated ester solvent, two types of diluent (ion-solvating
ester vs. non-solvating ether), and an FEC additive. The analysis shows that the EDL selectively accumu-
lates cation-binding species; consequently, the non—cation-binding ether diluent rarely enters the EDL
and makes minimal contributions to SEI formation. DFT calculations on statistically representative EDL
clusters provide reduction potentials and fluorine-release pathways, while the ML model, which substan-
tially reduces the DFT workload, predicts cluster reduction energies with a mean absolute error of 0.1 eV.
The combined MD-DFT-ML approach also quantifies contributions from different sources to LiF for-
mation in the SEI. This methodology establishes a generalizable route for multiscale modeling electrolyte
and interphase design for next-generation electrochemical energy-storage systems.

High-energy rechargeable batteries, essential for electrified transportation and renewable energy storage, operate under strongly charged conditions during
cycling. Near these charged electrode surfaces, the local electrolyte environment differs dramatically from the bulk liquid. Designing electrolytes that enable
stable solid electrolyte interphase (SEI) formation, therefore, requires resolving electrical double layer (EDL) structures rather than relying solely on bulk
measurements or isolated molecular calculations. Here, we integrate molecular dynamics, density functional theory, and machine learning into a unified
DFT-MD-ML framework to explicitly resolve EDL structures and statistics in complex electrolytes and quantify how different species contribute to SEI for-

mation. Applying this approach to emerging multicomponent fluorinated electrolytes containing fluorinated anions, solvents, diluents, and additives, we

show that interfacial partitioning, rather than bulk composition, controls electrolyte reduction processes and LiF generation. This predictive, electrochemical
interface framework moves beyond bulk-centric electrolyte formulation toward rational interphase engineering, advancing safer and longer-lasting energy

storage technologies.
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1. Introduction

Electrolytes are critical components of any battery system, as
they govern ion transport, charge transfer kinetics, interfacial
stability, and ultimately, the performance, safety, and longevity
of the device.'™® To achieve this multifunctionality, electrolytes
must support the formation of a stable solid electrolyte inter-
phase(SEI)—a thin passivation layer formed on the anode
surface—in the first few battery cycles. The SEI is arguably the
most important component at the electrode/electrolyte inter-
face, as it protects the electrode from parasitic redox reactions
of the electrolyte while still maintaining high cation
permeability.””®* However, controlling and promoting SEI for-
mation in battery design is extremely difficult due to our
limited understanding of the morphology and reaction mecha-
nisms involved in SEI formation.®™*?

Although bulk electrolyte properties, such as ionic conduc-
tivity, viscosity, and solvation structure, are relatively easy to
obtain experimentally and computationally,"® accurately pre-
dicting which electrolyte formulations and electrochemical
compositions will yield a stable SEI remains exceptionally chal-
lenging. This difficulty arises from the chemical complexity
and multicomponent nature of modern electrolytes, as well as
the inaccessibility of the interface to experimental characteriz-
ation during battery cycling. Conventional electrolytes, consist-
ing of salts, multiple solvents, and additives, are low-concen-
tration (e.g., 1M) electrolytes with homogeneous liquid struc-
tures. However, the recently developed localized high concen-
tration electrolytes (LHCEs)'*™'® exhibit micelle-like hetero-
geneous nanoscale structures'”'® and cannot be treated as
homogeneous solutions. Structural inhomogeneities in such
complex electrolytes fundamentally alter interfacial compo-
sition'® and require specialized experimental and compu-
tational techniques that can capture resolutions beyond those
needed to model the bulk electrolyte.

Quantum chemistry-based methods, including Density
Functional Theory (DFT)**?® and A4b Initio Molecular
Dynamics (AIMD),”” > have been used to illustrate the initial
SEI formation mechanisms due to electrolyte reduction and
decomposition, supporting experimental observations.*°
However, due to limitations on the system size and timescale
of DFT calculations, the electrolyte in these studies is often
simplified to a few ions in a few solvent molecules, which is
not able to represent the electrolyte composition accurately.
Previous simulation efforts have primarily focused on the
reduction reactions of simple solvent or Li‘-coordinated
single-solvent molecules and neglected the actual
electrical double layer (EDL) structure under an electric
field.®?*>72>*1733 Thus, the effects of electrode charge and
long-range diffusion are often ignored.***” Multiscale model-
ing approaches aim to capture different time and length
scales and provide a more complete physical picture of the
kinetics and interfacial processes. Such models include
phase-field models and hierarchical, scale-bridging modeling
frameworks whose goal is to resolve different time or length
scales. 38741
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Considering the facts that electrochemical reactions occur
within a few nanometers of the electrified interface and that
the EDL composition deviates from that of the bulk electro-
Iyte, it is extremely important to incorporate EDL structures
into SEI formation simulations. Recently, Wu and co-workers
developed an MD-DFT computational modeling framework
to address a key question: Which species accumulate at the
negatively-charged electrode surface in a complex, multicompo-
nent electrolyte? In the absence of multiscale modeling to
track the long-term SEI formation and growth process (kine-
tics), this approach made a thermodynamic assumption that
all species in the EDL may eventually be reduced according
to the reduction voltages of the local structures. The statisti-
cal distribution of local structures in the EDL was obtained
from classical MD simulations and was used as input for
DFT calculations of reduction potentials. This MD-DFT
model was applied to investigate several key electrolytes,
including: a prototypical LHCE composed of lithium bis
(fluorosulfonyl)imide (LiFSI) salt, dimethoxyethane (DME)
solvent, and tris(2,2,2-trifluoroethyl) orthoformate (TFEO)
diluent;'* 1 M lithium hexafluorophosphate (LiPF,) in a
mixed ethylene carbonate (EC) and ethyl methyl carbonate
(EMC) solvent system; and lithium bis(trifluoromethanesulfo-
nyl)imide (LiTFSI) in mixed 1,3-dioxolane (DOL) and 1,2-di-
methoxyethane (DME) ether-based electrolytes, with and
without fluoroethylene carbonate (FEC) additive. At a fraction
of the cost of AIMD simulations, the MD-DFT model pro-
vided conclusions well-aligned with experimental obser-
vations.*> More importantly, this EDL and thermodynamics-
focused DFT-MD model revealed the temperature-sensitive
changes in EDL structure and the resulting SEI compo-
sitions, in agreement with experimental observations, which
could not be captured by considering only bulk electrolyte
solvation structures.*?

With an increasing number of components, especially
advanced additives, in the electrolyte design, the number of
DFT evaluations grows combinatorially with species count (N)
and cluster size (M), scaling as kﬁ <I\$

=1
for a typical electrolyte with more than 10 components, more
than 10° combinations may be generated.** These factors pose
a computational bottleneck and hinder the rapid screening of
candidate electrolyte components and EDL structures in the
SElI-guided electrolyte design workflow. This work presents a
machine learning (ML) extension to the previously proposed
MD-DFT workflow to address its drawbacks associated with
the combinatorial increase in the number of EDL clusters.
Given the critical role the electrolyte plays in battery systems
and the vastness of potential electrolyte candidates, it remains
unrealistic, at least in the near future, to rely solely on
quantum chemistry methods. In a recent review, Xu and co-
workers likened the underexplored chemical space of potential
electrolyte candidates to the Universe.** ML and Al approaches
are thus needed to streamline and accelerate the discovery of
new electrolyte materials. While previous ML studies in
electrochemistry have mainly focused on machine learning

) . This means,
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force fields of bulk electrolytes rather than predicting localized
interfacial properties,>’?**™*® our work integrates an ML
scheme based on gradient-boosting regression into the MD-
DFT workflow.

We demonstrate this approach in the design of fluorinated
electrolyte systems with heterogeneous structures. The electro-
lyte system is based on recent experimental work by Quilty and
co-workers*® and Hossain et al.>® Fluorinated solvents, addi-
tives, and diluents are chosen, as they were proposed to
increase the presence of fluorine in the SEI, whether as simple
inorganic fluorides (LiF) or organofluoro groups, for enhanced
interface stability.'***>* Additional advantages of fluorinated
electrolytes include enhanced oxidative stability due to fluor-
ine’s electron-withdrawing properties and low freezing temp-
erature.’® Adding low solubility diluents further increases the
salt anion fraction in the Li-ion inner solvation shell.>>° Our
recent joint experimental and computational study showed
that this set of fluorinated ternary electrolytes with salt,
solvent, and diluent enabled operation under extreme con-
ditions of high voltage, fast charge, and low and high tempera-
ture and demonstrated improved capacity retention compared
to carbonate-based electrolytes.*® To further increase the fluor-
ide content in the SEI, FEC is often added.®®™®® However, it
was found to be more efficient in increasing F-containing SEI
for low-concentration carbonate-based electrolytes than ether-
based electrolytes at room temperature.*>® This is due to
whether F-containing anions can enter the EDL or not.
Therefore, adding FEC does not necessarily increase
F-containing species in the SEI, requiring detailed EDL simu-
lations. Since all four components, namely anions, solvent,
diluent, and FEC, are fluoridated, their contributions to the
EDL and reduction potentials, computed from MD and DFT
respectively, jointly impact the LiF content in the SEI. Several
hypotheses related to the LiF content in the SEI will be quanti-
fied with the newly developed MD-DFT-ML modeling
framework.

The remainder of the paper is structured as follows: section
2 outlines the electrolyte systems studied in this work and pre-
sents the computational details and design of our MD-DFT-
ML modeling framework. Section 3 presents and discusses the
results obtained from our model, starting with the impact of
diluent and solvent concentrations on the EDL structures. We
show using the EDL model how accounting for interfacial local
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composition and structures alters the reduction behavior of
the electrolyte species and drives the formation of the SEI The
ML model based on simple electrolyte cluster compositions to
predict their reduction potentials achieves a mean absolute
error of 0.1 eV on the reduction potential of electrolyte species
compared to pure DFT calculations, and also shows the sensi-
tivity of the reduction potential to different electrolyte com-
ponents. Overall, our work demonstrates how ML techniques
can be incorporated into ab initio calculations and used to
accelerate the modeling and design of interfacial battery
properties.

2. Methods

2.1. Numerical design of electrolyte system

Our numerical design followed a typical electrolyte virtual lab
scenario. Seven electrolyte systems, with their compositions
listed in Table 1, were picked based on five species (com-
ponents), with their molecular structures shown in Fig. 1a.
The electrolyte design started from dissolving LiFSI salt in
fluorinated ester methyl 3,3,3-triflouropropionate (MTFP)
solvent (E1). Two chemically different diluents, namely the
ion-solvating fluorinated ester 2,2,3,3-tetrafluoropropyl tri-
fluoroacetate (TFPTFA) and the non-ion-solvating fluorinated
ether  1,1,2,2-tetrafluoroethyl  2,2,2-trifluoroethyl  ether
(TFETFE) were added at two different compositions, denoted
as E2, E3 and E4, E5. To investigate how an FEC additive plays
a role in accumulation in the EDL and subsequently as LiF in
SEI, FEC was added to E1, generating E6; and to E4, generating
E7. Given the repeated molecular components, it is natural to
ask if the MD-DFT-ML workflow can retain the memory of
previously tested electrolytes.

2.2. Computational workflow

Fig. 1c illustrates the workflow for the combined MD and DFT
calculations. In this workflow, classical molecular dynamics
(MD) simulations were used to simulate the bulk and EDL
structures. Then, representative building blocks of the EDL,
including solvation clusters of Li" and free solvents, were cap-
tured and input into DFT calculations to obtain their
reduction voltage and kinetics. Finally, the DFT-computed
reduction voltages and the statistics of the solvation clusters

Table 1 Electrolyte names, compositions, and the number of molecules used in the slab models for EDL simulations

Number of molecules in the simulation cell

Name Mixing Electrolyte components and concentration LiFSI MTFP TFPTFA TFETFE FEC
E1 — LiFSI-3.2M TFP 480 1536 — — —
E2 E1 + TFPTFA LiFSI-3.2M TFP-1.6M TFPTFA 360 1152 576 — —
E3 E1 + TFPTFA LiFSI-3.2M TFP-3.2M TFPTFA 240 768 768 — —
E4 E1 + TFETFE LiFSI-3.2M TFP-1.6M TFETFE 360 1152 — 576 —
E5 E1 + TFETFE LiFSI-3.2M TFP-3.2M TFETFE 240 768 — 768 —
E6 E1 + FEC LiFSI-3.2M TFP-0.68M FEC 480 1536 — — 324
E7 E4 + FEC LiFSI-3.2M TFP-1.6M TFETFE-1.03M FEC 345 1104 — 552 354
© 2026 The Author(s). Published by the Royal Society of Chemistry EES Batteries
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computational workflow.

and free solvents were combined to predict the probabilities of
different reduced species that contribute to SEI formation.
Meanwhile, the DFT-computed reduction potentials generate a
dataset on which to train a machine learning (ML) model,
which can be used to directly predict the reduction potentials
based on cluster compositions. Since most of the compu-
tational details and justifications for MD and DFT calculations
can be found in our previous work, we will describe these cal-
culations briefly while focusing on new details related to the
ML model.

2.2.1. Classical MD simulations of the bulk and EDL struc-
tures. All classical MD simulations reported in this work were
conducted using the Forcite module in BIOVIA Materials
Studio 20207 with the COMPASS III"" force field and the
charges for Li* and FSI™ scaled by 0.7.'%%*>%%%%%% This force
field reproduced experimental densities of organic electrolytes
well in previous tests.**>°

Bulk electrolytes, especially heterogeneous electrolytes,
were built following the approaches described in our previous
publications,"®>° specifically by constructing different initial
salt-solvent cluster configurations to accelerate the equili-
bration time. The interfacial models were built from the bulk
electrolyte structures by expanding the cell in one direction,
large enough (150 A) to ensure bulk electrolyte behavior in the
center region,”” and confining it between two graphene elec-
trodes separated by a ~200 A thick vacuum layer. The x- and
y-dimensions of the simulation cells are 51.12 A x 54.12 A. To
accelerate the equilibration time for heterogeneous interface
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(a) The molecular structures of the components that form the electrolytes. (b) The ternary representation of the complex electrolytes. (c) The

structures, two different initial configurations were used for
each electrolyte by expanding the already equilibrated bulk
electrolyte into different directions before being confined by
the graphene electrodes. The configuration that leads to the
lower averaged energy was used for data analysis. The number
of electrolyte constituents for each interface model is given in
Table 1.

For EDL calculations,*? -2

constant charges, o = +0.6 e nm
corresponding to the surface charge at the Li'/Li deposition
potential,”® were applied to the two graphene electrodes.*>”*
The liquid density (the distance between the two graphene
electrodes) was determined under uncharged conditions with
a 2.0 ns NVT simulation. The graphene electrodes were then
fixed for 32.0 ns under charged conditions, as it takes a longer
time to equilibrate under charged conditions. Additional 8.0
ns simulations for each charge density were conducted and
used for statistical analysis. The timestep was set to 2.0 fs with
fixed-length hydrogen bonds, and the temperature was set to
298 K for all simulations.

The use of a non-polarizable force field such as COMPASS
III enables access to larger system sizes and longer simulation
times, which are necessary to capture the mesoscale features
of the EDL. We therefore expect the qualitative conclusions
and comparative trends reported here to remain robust, while
acknowledging that explicit polarization may be required for
quantitatively accurate interfacial properties. More advanced
polarizable force field and constant potential methods can be
used to further improve the accuracy of MD simulations of the

© 2026 The Author(s). Published by the Royal Society of Chemistry
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EDL structures.”> The improvement may be necessary for the
dynamics of EDL but less significant for steady-state EDL
structures.”®

2.2.2. DFT calculations of reduction potentials. DFT energy
minimization for all representative small clusters was con-
ducted using the Gaussian 09 code.”” The double hybrid func-
tional M06-2X”® and the basis set 6-31+G** with the D3 dis-
persion correction” were used. In addition, the implicit SMD
model” was used to account for the solvation environment.
The dielectric constant was set to £ = 7.2273 for our ether- and
ester-based electrolytes.®® The reduction potential with respect
to Li*/Li was calculated as Exr = —AGg/F — 1.4, where AGy is the
Gibbs free energy change for the one-electron reduction reac-
tion and F is Faraday’s constant.>*®' Marcus’ theory for inner
and outer sphere reorganization energies was used to calculate
the kinetics of reduction reaction barriers.*>®* The inner reor-
ganization energy was calculated using Nelson’s four-point
method based on DFT-computed energetics.®® More details
can be found in the SI. All DFT calculations have ignored the
electric field effect on the reduction potential and kinetic bar-
riers, at the moment.

2.2.3. Statistical analysis. For the EDL structures and F
species in the SEI, atomic species were counted based on their
time-averaged number densities, similar to previous work.
New statistics of different contributions to LiF species in the
SEI will be discussed in the Results section 3.4.

2.2.4. Machine learning (ML) models. An ML model was
trained to predict the DFT AGy values from the cluster compo-
sitions extracted from the EDL. Since seven electrolytes were
investigated in this study, it is interesting to explore how to
best transfer the model from one electrolyte to another. As
shown in Table 1, the electrolyte development often starts
from a base composition (salt and solvent), followed by adding
different additives (FEC) and diluent (TFPTFA and TFETFE).
Therefore, we followed this approach by first training on one
electrolyte (E;), testing its performance on another electrolyte
(Ei+1), and then including the new electrolyte (E;) in the train-
ing set. This training is performed iteratively from E1 to E7,
and the dataset increases with new electrolytes as training pro-
gresses. This scheme tests the model’s ability to retain
memory of previously seen chemistries while adapting to novel
species.

The Gradient Boosting Regressor (GBR), initialized with a
Linear Regression (LR) model, was employed to directly
predict AGr based on compositions using the Python scikit-
learn library® following the residual-boosting framework
introduced by Friedman.®*"®® Unlike constant initializers,
which have no predictive performance, or nonlinear initiali-
zers such as decision trees, which are prone to overfitting, the
linear base learner improves the extrapolation performance of
the model and prevents GBR from overfitting by capturing
only the underlying linear trends in the data.’®®' The LR pre-
diction is then incrementally enhanced and regularized in sub-
sequent GBR iterations using decision trees and hyperpara-
meter tuning. A grid search approach was used to automati-
cally select the optimal hyperparameters in the GBR model

© 2026 The Author(s). Published by the Royal Society of Chemistry
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and circumvent overfitting. Our ML algorithm follows a
residual-boosting technique, where simpler models are
sequentially added to learn the residuals from previous
models, effectively correcting previous errors, and enhancing
predictive performance. To maximize model transferability
and predictive performance across different electrolyte data-
sets, hyperparameter tuning was conducted iteratively, updat-
ing the parameters with each new dataset version. At each iter-
ation, a 5-fold cross-validation strategy was applied to evaluate
model performance and select the optimal combination of
hyperparameters.®>°> The hyperparameter grid considered at
each iteration was as follows: number of estimators = [20, 40,
60]; learning rate = [0.05, 0.1]; maximum tree depth = [2, 3, 4];
minimum samples per leaf = [1, 2, 3].

2.2.5. Experimental validation

Electrolyte preparation, electrode preparation, cell assembly,
cell testing, sample recovery, XPS measurements, and data ana-
lysis. Electrolytes were prepared matching compositions of E1,
E6, and E7 as described in Table 1. The salts were used as
received and the solvents were dried prior to use. Two elec-
trode cells with lithium metal and graphite electrodes were
prepared and cycled for two (dis)charge cycles at 30 °C in a
0.010-1.8 V window at a C/10 rate. Cells were disassembled
within argon-filled gloveboxes and the graphite electrodes
were recovered and washed with dimethylcarbonate (DMC)
solvent. X-ray photoelectron spectroscopy (XPS) measurements
were collected on the recovered graphite anodes after for-
mation cycling. Measurements were collected at the Center for
Functional Nanomaterials (CFN) at Brookhaven National
Laboratory. Measurements were performed under a base
pressure of 5 x 107° Pa in an ultra-high vacuum chamber. The
X-ray source and detector were a non-monochromatized Al Ko
(v = 1486.6 eV, V = 15 kV, I = 20 mA) source and a SPECS
Phoibos 100 MCD analyzer, respectively. An inert transfer suit-
case was used to transfer all samples from an argon-filled glo-
vebox to the XPS instrument. A step size of 0.05 eV and an
Epass of 20 eV were used for the measurement of the C 1s, O
1s, and F 1s spectral regions. All peak fitting of the XPS
spectra was performed with CasaXPS software. A Shirley back-
ground function was used and the line shape was Gaussian—
Lorentzian.

3. Results and discussion

3.1. Reduction reactions of electrolyte components w/wo Li-
ion association

As the focus is on electrolyte reduction reactions and if they
can contribute to LiF formation in the SEI, individual com-
ponents that form the electrolytes are first computed. Table 2
reports the single-electron equilibrium reduction potentials
and energy barriers of reduction reactions of different electro-
lyte components without and with Li" coordination, respect-
ively. Fig. S2-S6 show the reduction pathways of various elec-
trolyte molecules with and without Li" coordination. Typically,
associating with Li* will increase the reduction potential of a
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Table 2 Reduction potential vs. Li*/Li of different electrolyte constituents with and without Li* coordination, along with the corresponding energy

barriers for reduction reactions

Free species

Li'-coordinated species

Reduction Energy barrier Reduction Energy barrier ~ Li-F

Species Pathway potential (V)  (eV) F~ dissociation?  potential (V)  (eV) formation?
FSI™ (trans) anion  — 0.80 0.045 Y 2.75 0.026 Y
MTFP solvent — -0.01 0.312 N 1.80 0.002 Y
TFPTFA diluent F-dissociation 0.49 0.122 Y 2.44 0.075 Y

No F-dissociation 0.73 0.058 N — — —
TFETFE diluent — 0.25 0.247 Y 2.15 0.004 Y
FEC F-dissociation 0.39 0.102 Y 2.18 0.051 Y

Ring opening 0.84 0.045 N 2.06 0.058 N

species, as confirmed by the results in Table 2. The greater the
value, the greater the tendency the species has for reduction to
occur. Table 2 shows the possibility of reduction for Li'-co-
ordinated species is ordered as follows: FSI™ > TFPTFA > FEC >
TFETFE > MTFP. From Table 2, it can be seen that different
components may contribute to LiF formation after reduction
decomposition. The free MTFP solvent is electrochemically
stable against Li-metal, indicated by its lower voltage than Li'/
Li. But, Li" associated MTFP can be reduced (Fig. $3). In other
words, the MTFP molecules in the salt-solvent clusters can be
reduced. For the common F-containing additive, FEC, it was
found that Li*-coordinated FEC can form LiF when reduced,
but the free FEC ring opening reaction is more favored than the
F-dissociation reaction for the one-electron reduction reaction.
A second electron reduction could lead to defluorination from
ring-opened FEC (Fig. S6). Two diluent components, TFPTFA
and TFETFE, are compared. Since most diluent molecules have
no or very small Li-salt solubility, they do not enter the Li" sol-
vation shell. Therefore, the reduction results for free species are
of interest. Both can be reduced even without association with
Li" and contribute to F-dissociation. TFPTFA shows a higher
reduction potential without defluorination reactions (0.49 V for
defluorination vs. 0.73 V for no defluorination). The energy bar-
riers for the reduction reactions of all the species studied are
low and of a similar order of magnitude, suggesting that they
can all be easily reduced if they enter the EDL and receive elec-
trons from the electrode. Therefore, the rest of the modeling
work will focus on the thermodynamics of the reduction reac-
tions of the EDL. This assumption assumes any species within
the EDL will be reduced if their reduction voltage is above the
Li-reduction potential, corresponding to final SEI composition
rather than time-dependent SEI evolution, which can be treated
with other multiscale modeling approaches, e.g., DFT and
phase-field modeling.**

3.2. Electrolyte structures in the bulk and EDL

Mixing these components creates a large chemical and compo-
sitional design space for the electrolyte. Fig. 1b represents the
bulk electrolyte compositions and solubility range. The binary
salt and solvent mixed electrolytes are on the left edge in
Fig. 1b. Mixing the salt-solvent-diluent into a ternary electro-
lyte system is represented in the green area in Fig. 1b. Previous
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literature often calls the salt-solvent-diluent electrolytes as
“localized high concentration electrolytes” (LHCEs), without
specifying the concentrations. High concentration electrolyte
(HCE) is used to refer to electrolytes at salt concentrations at
which no free solvent is available. However, not every salt-
solvent system can reach such high concentrations (limited by
solubility). In our example, the fluorinated MTFP solvent can
dissolve LiFSI salt up to 2.25 M,’° while a stronger DME
solvent can dissolve LiFSI up to 4 M.'® The 2.25 M LiFSI in
MTFP leaves many free solvent molecules (not coordinated to
Li") in the solution.>® To be more accurate, we will refer to the
LiFSI-MTFP saturated electrolyte as a medium concentration
electrolyte (MCE), to show its difference from a low concen-
tration electrolyte (LCE) at 1M and a high concentration elec-
trolyte (HCE) at 4 M. The corresponding ternary MCE-diluent
mixed system is referred to as a “localized-MCE” (LMCE). In
the ternary phase diagram representation (Fig. 1b), each
corner (component) can contain multiple species, such as
multiple salts, multiple solvents (referred to as cosolvents), as
well as multiple diluents. “Additives”, species with small con-
centrations, can be categorized into any one of the com-
ponents based on their interactions with the ions (e.g., FEC
can be considered a cosolvent, as it participates in the sol-
vation shell of Li" due to strong interactions with Li").

The reduction reaction of the complex electrolyte strongly
depends on the electrolyte structures near the interface, typi-
cally nanometers when electron tunneling occurs. We analyzed
the EDL structures for the seven electrolytes sandwiched
between two electrodes, following the approach described in
the Methods section. The final frames of each interface model
at a charge density of ¢ = 0.6 e nm™> are shown in Fig. 2a.
Fig. 2b shows the charge density profile within 1.5 nm of the
negatively-charged surface, averaged parallel to the electrode,
along the direction perpendicular to the electrode (z-axis) for
all electrolytes studied. The oscillatory pattern near the elec-
trode surface indicates ion layering in the EDL and is similar
among all of the electrolyte formulations studied here. The
EDL structures consist of an adsorbed cation layer with sol-
vated anions, solvents, and diluents, followed by a diffuse layer
of ions, solvents, and diluents. We will refer to the first 5 A
adsorbed layer as ‘the inner layer’ (Helmholtz layer) and the
5-13 A diffuse layer as ‘the outer layer’ of the EDL. The charge

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 (a) Final frames of the MD trajectories for the 7 electrolytes at an electrode charge density of ¢ = +0.6 e nm™2 and (b) the charge density
profile next to the negatively-charged surface, averaged over time and parallel to the electrode. (c) Typical salt clusters (solvents and diluents are
removed for ease of visualization) in bulk electrolyte from MD simulations. The FSI~ anions are color-coded according to the number of Li* cations
coordinated. The presence of 1 to 2 Li* cations coordinated to each FSI™ indicates chain-like clusters. The presence of 4 to 6 Li* coordinated to
each FSI™ indicates aggregated clusters. (d) The schematics of the ELD near the negatively-charged electrode as they extended to the bulk phase.

density becomes relatively flat, representing the bulk phase The CNs reveal the local salt concentration in the salt-solvent
density of the electrolyte beyond 13 A from the negatively- clusters and compare well with the Raman spectra results. In a
charged electrodes for all of the electrolytes. dilute electrolyte, one would expect the cation-anion CN to be
Before discussing EDL structures, we will first discuss the 0 or 1, as isolated ions or ion pairs, respectively. The chain-like
bulk electrolyte characteristics, as they play a role in the corres- regions are dominated by each FSI™ anion coordinated to 1 to
ponding EDL structures. The electrolytes return to their bulk 2 Li" cations, due to the close to 2.25 M salt concentration.
compositions and structures in the center of the interface Thus, the salt clusters in the E1 are formed by anions and
model. E1 and E6 can be considered to be homogeneous elec- cations consecutively arranging in a chain-like network that
trolytes with salt and solvent (Fig. 2a). The additive FEC can be percolates in three dimensions with regions consisting of
considered to be a cosolvent, as it participates in the solvation aggregates (Fig. 2c). Adding TFPTFA-diluent into E1 results in
shell of Li" due to strong interactions with Li". E2-E5 and similar chain-like characteristics and similar Li'~FSI~ coordi-
E7 have nano-scale heterogeneous structures due to the nation numbers. In contrast, the addition of TFETFE-diluent
diluent, which does not dissolve the salt (ideally) but forms to E1 further increases the salt concentration, showing 4 to 5
solutions with the solvent. (Fig. 2a) The difference between the Li" cations coordinated to each FSI™ anion (Fig. 2c). Although
two diluents has been extensively studied in our previous MD TFETFE-diluent does not enter the solvation shell, it removes
simulations.>® We found that two chemically different diluents  solvent molecules from the salt-solvation cluster, resulting in
(TFPTFA or TFETFE) result in different solvation structures higher Li'-FSI~ CNs. These are other examples of micelle-like
and nano-scale salt-solvent clusters because TFPTFA can enter structures with increased local salt concentrations due to
into the salt-solvation clusters, whereas TFETFE minimally solvent-diluent interactions, resulting in more complicated
participates in these clusters. Fig. 2c shows the typical salt nano-scale heterogeneous structures.
clusters (solvents and diluents are removed for ease of visual- As seen in Fig. 2a, for E2 E5, E7, we observe distinct hetero-
ization) from MD simulations of the bulk electrolytes based on  geneous regions in the EDL. Due to the larger fraction of free
the cation (Li') to anion (FSI”) coordination numbers (CNs). solvent molecules available in the MCE, the corresponding

© 2026 The Author(s). Published by the Royal Society of Chemistry EES Batteries
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Table 3 Ratio of number density to bulk number density for all species in the inner adsorbed layer (0-5 A) and the total EDL (0-13 A) for each

electrolyte

Inner adsorbed layer (0-5 A)

Total EDL (0-13 A)

Electrolyte Li* FSI~ MTFP-Li* Free MTFP Diluent FEC Li FSI™ MTFP-Li" Free MTFP Diluent FEC
E1 1.42 0.44 1.51 0.09 — — 0.98 0.47 0.99 1.02 — —
E2 1.99  0.74 1.94 0.11 0.62 — 1.54 0.78 1.40 0.79 0.66 —
E3 2.59  0.65 2.70 0.26 0.68 — 1.59 0.56 1.43 0.82 0.86 —
E4 2.41 0.62 2.07 0.47 0.05 — 1.67 0.71 1.12 1.25 0.59 —
E5 2.56  0.71 2.70 0.86 0.07 — 1.88 0.90 1.41 1.39 0.51 —
E6 1.47  0.49 1.13 0.08 — 2.05 1.23 0.72 0.90 0.84 — 1.36
E7 2.08 0.62 1.59 0.39 0.02 2.28 1.45 0.65 1.00 1.16 0.50 1.55

LMCE has cation-solvents in the inner adsorption layer (indi-
cated by the MTFP number density in Table 3). This is drasti-
cally different from the LHCE, in which diluent enters the
inner adsorption layer since insufficient solvent is available.'®
Fig. S7 shows front views of the EDL structures for all of the
electrolytes. The salt clusters in the TFPTFA-based LMCEs
appear to be scattered throughout the xy-plane, while the
TFETFE-based LMCEs show localized clustering of the salt.

Based on our MD simulation results for the different inter-
face models and the CN counting, we developed schematics as
shown in Fig. 2d to better describe the electrolyte structures in
the bulk as well as in the negative electrode/electrolyte inter-
facial region. Near the negatively-charged interface, due to
repulsion between the negatively-charged electrode and salt
anions, fewer anions are present, leading excess cations to
form solvation shells with ion-solvating species (e.g. MTFP,
FEC, TFPTFA). An Li" adsorption layer is formed with anions,
solvents, and diluents coordinating with Li* to form half-sol-
vation shells that screen the electrode charge. This adsorbed
layer is followed by a diffuse layer of salt, solvent, and diluent
molecules. The cation-rich EDL region contains chain-like salt
clusters, which connect to the 3D branched salt network in the
bulk electrolyte in E1. Like bulk E1, only a few aggregates can
be found (Fig. 2a). Diluent modulates these chain structures in
the EDL, as it does in the bulk electrolyte. Adding an ion-sol-
vating diluent (TFPTFA) into E1 creates chains of alternatingly
connected cations and anions, and some ion aggregates, all
interconnected through a 3D branched network. The mobility
of these chain-like clusters is restricted by these branched net-
works. Conversely, a non-ion solvating diluent (TFETFE) in E1
leads to more ion aggregates with increasing TFETFE. More
isolated island-like clusters, which possess greater mobility,
were found in E4 and E5.

3.3. Reduction of the EDL

The reduction of complex electrolytes requires a realistic repre-
sentation of EDL structures and their corresponding reduction
potentials. Table 1 only shows which species have a higher
chance of reducing without considering their local environ-
ment in the electrolyte, especially in the EDL, which has a
different composition than the bulk electrolyte.

To quantitatively show that the electrolyte concentration in
the EDL is different from that in the bulk electrolyte, the

EES Batteries

number density of each species was normalized to the bulk
values and listed in Table 3. With increasing cations (>1) and
decreasing anions (<1) in the EDL (especially in the inner
adsorbed layer), cation binding species, such as FEC, increased;
and non-binding species, such as diluent, decreased in the
EDL. Among the two diluents, ion-nonbinding TFETFE cannot
be found in the inner adsorption layer, suggesting fewer contri-
butions to the SEI formation. Diluent modulates the anion dis-
tribution in the EDL as well. Comparing electrolytes E2 and E3,
as the amount of ion-solvating TFPTFA diluent is increased, the
amount of FSI" is decreased in the EDL due to the overall
decreased salt concentration in Table 3. Conversely, comparing
E4 and E5, despite a decrease in overall salt concentration in
the electrolyte with increased dilution, the non-ion-solvating
TFETFE-diluent allowed for higher salt concentration and an
increased amount of FSI” in the EDL region (opposite to the
case of TFPTFA). This trend holds in both the inner adsorbed
layer and the total EDL region.

Thus, we obtained the statistics of the possible Li" solvation
structures in the EDL for various electrolytes and calculated
the reduction potentials of these individual structures that can
lead to LiF formation (section 3.5). Due to the large number of
cluster combinations, only the local structures with an occur-
rence that accounts for 90% of the EDL are generally included
in the DFT calculations. The rest of 10% of clusters are chemi-
cally similar major cation-solvent clusters (shown in Fig. 3),
therefore they can be omitted from the DFT calculations. With
this simplification, 30 clusters are generated for DFT calcu-
lations in E6 and E7 (Fig. S8).

From each frame of the 8 ns MD simulation trajectory, the
total number of each of the possible Li* solvation structures
and the number of free (not Li-ion associate) species in the
EDL is counted and averaged over all frames to calculate the
probability of occurrence of each Li solvation cluster and free
species. Fig. 3 shows the probability of occurrence of major Li*
solvation clusters along with the free species in a tree map
color-coded with their respective reduction potentials vs. Li'/
Li. The relative size of a nested rectangle compared to the total
area of the tree map for a given electrolyte indicates the frac-
tion of the overall probability (normalized to 1) assigned to
that cluster. Apart from free species, only the ten most prob-
able Li" solvation clusters are shown in the tree maps, while
the rest of the clusters are grouped as ‘others’ and color-coded

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Tree maps of various Li* centric first solvation shells and free species in the EDL of electrolytes. Color coded according to the reduction

potentials for reduction reactions.

according to their corresponding weighted average reduction
potential. This weighted average reduction potential for the
‘others’ group is calculated by summing the products of the
occurrence probability of each cluster in this group and its
respective reduction potential vs. Li'/Li. Regions with darker
blue correspond to higher reduction potentials as shown in
the reduction potential color spectrum. Smaller solvation clus-
ters (fewer species coordinated to Li*) tend to show higher
reduction potentials. In a CV scan, clusters with higher
reduction voltages will be reduced first.

The most noticeable change is the contribution of free
MTFP solvent, which has a reduction —0.01 V vs. Li*/Li. They

© 2026 The Author(s). Published by the Royal Society of Chemistry

are counted as zero reduction potential in the tree maps, as
well as in the average reduction potential calculations (shown
in SI Table S1). A large portion of free solvents (light colored
regions) is seen for all electrolytes. For E1, the free MTFP
solvent corresponds to 55% of the reducing species in the EDL
(Fig. 3a). Adding FEC additive to E1 brings free solvents down
to 45% by replacing some portions with beneficial free FEC
additives (Fig. 3b). Addition of TFPTFA diluent in E1 decreases
free MTFP solvents to 33-37% (Fig. 3c and d). TFETFE-based
LMCEs have a higher portion of free MTFP solvents (37-45%)
than TFPTFA-based LMCEs (Fig. 3e and f) due to TFETFE’s
non-ion-solvating nature. Adding FEC to E4 to form E7
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(Fig. 3g) retains the free MTFP solvent portion while increasing
the free FEC contribution to 6%.

Considering the appearance of each species and their
association with Li" in the EDL, the reduction sequence of
individual species that contribute to F~ generation can be
obtained from Table 2, as FSI™ (Li*) > TFPTFA(Li") > FEC(Li") >
MTFP(Li") > FEC (free) > TFPTFA(free) > TFETFE (free). A more
comprehensive understanding of the features (e.g., species in
the clusters) and the DFT-computed reduction energy, AGg,
were obtained by a feature correlation analysis using the
Pearson Correlation coefficient, ryy, defined as:

-

(% - D)%~ V)
I'xy = =1 , (1)
\/Z(XiX)2 ;(Yi*?)z

i=1

where n is the number of samples, X; and Y; are individual
values of the features X and Y, and X and Y are their respective
means.

The features are the species in the solvation shell. Since
FEC can bind with Li" in two ways - with its carbonyl oxygen
or with its fluorine atom, these configurations are denoted as
FEC and fFEC, respectively. TFETFE is excluded from the ana-
lysis as it does not coordinate significantly with Li" and was
not explicitly represented as a feature in the dataset. As shown
in Fig. 4, the pairwise correlation matrix (left panel) reveals no
strong correlations among the input features, justifying their
inclusion in the model. The ranked list of feature-target corre-
lations (right panel) shows that Li* and FSI~ are most strongly
correlated with AGg, followed by the fluorinated additives
TFPTFA, fFEC, and FEC. While Li* decreases AGg, or increases
the reduction potential, FSI™ decreases the reduction potential.
FEC increases its reduction potential if it is associated with Li"
via the fluorine atom. These results reinforce chemical intui-
tion. Li" and FSI~ play a dominant electrostatic role in the
stability of the cluster and, hence, in the reduction potential.
TFPTFA and fFEC exhibit strong correlations due to their
ability to enter the first solvation shell and modulate the elec-
tronic environment around Li*. In contrast, MTFP shows weak
correlation with AGg, consistent with its role as a relatively
inert solvent. These correlation results greatly enhanced our
understanding based on chemical intuition or single com-
ponent calculations.

3.4. ML accelerated reduction voltage prediction and
correlation

Due to the common species in these clusters, ML becomes
efficient in accelerating the reduction voltage calculations. As
shown in Fig. 5, the training by electrolyte (TBC) protocol
begins with E1 and progresses sequentially through E6. In
each step, the model is tested on the next unseen electrolyte,
with performance evaluated using Mean Absolute Error (MAE)
and the coefficient of determination R’. Table S2 reports the
complete evaluation results. The model initially trained on E1
performs moderately when tested on E2 (MAE = 0.207 eV, R> =
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0.659). The addition of E2 data improves generalization signifi-
cantly, yielding an MAE of 0.083 eV and R*> of 0.890 when
tested on E3. This pattern continues as more electrolytes are
included: testing on E4 after training on E1-E3 produces an
MAE of 0.037 eV, while testing on E5 gives a remarkably low
MAE of 0.026 eV and an R* of 0.998. A slight performance drop
is observed when moving to the E6 test step (MAE = 0.176 eV;
R? = 0.798), which is chemically distinct due to the presence of
the FEC additive. Nonetheless, the model retains strong pre-
dictive power. The final test on E7, which is unseen during
training, yields an MAE of 0.113 eV and R> of 0.911. These
results demonstrate robust generalization across electrolytes
with increasingly complex chemical compositions. The ML
model has effectively identified and weighted the chemically
relevant features that govern the reduction potential in Li‘-co-
ordinated clusters.

Alternatively, one can first pretrain the ML model with the
initial DFT-computed AGy from the individual species (w/wo
Li" association) in Table 2, and then test and retrain with
different electrolytes. This training protocol is named train by
component (TBC) and the results are listed in Fig. S9.
However, training from the components did not lead to a satis-
factory prediction for the clusters in the E1 EDL (MAE = 0.826
eV, R* = 2.842), confirming that component-level information
alone is insufficient for predicting complex EDL cluster behav-
ior. However, when training on E1 and testing on E2, the TBC
strategy outperforms the TBE strategy, with a lower MAE (0.158
vs. 0.207 eV) and higher R* (0.751 vs. 0.659). This advantage
continues through later steps. Later, both strategies achieve
similar performance, but TCB is generally slightly better at
unseen electrolyte data. The ML resting results in Fig. 5 and S9
suggest that training with different electrolyte components
(chemistry) is necessary, and the ML model trained on
different clusters can be effectively extended to electrolytes
with different compositions and different mixtures.

It may be surprising to see the level of performance based
on such a small dataset and simple features used in the elec-
trolyte reduction energy/voltage prediction model. However,
this performance is supported by the strong correlations with
the features in Fig. 4b, where it shows the cation and anion
(Li* and FSI™) are most strongly correlated with AGg. While the
impact of Li* on electrolyte reduction potential is well known,
the solvent reduction potentials are often computed with Li-
ion, as in the procedure for Table 2. The impact of an anion
on electrolyte reduction was not often considered. This
suggests ML can accelerate the DFT-based reduction voltage
calculations, while the remaining important information on
electrolyte reduction reactions and their contributions to the
SEI relies on accurately predicting the EDL structure and
compositions.

3.5. EDL composition and LiF in the SEI

We are particularly interested in the components that can
generate Li-F species in the SEI due to reduction reactions.
The results in Table 2 and their occurrence in the EDL indicate
that FSI~ (Li"), TFPTFA (Li"), FEC (Li‘), MTFP (Li"), TFPTFA

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Iterative steps of the Train by Electrolyte protocol. The ML model was trained (yellow panels) on cumulative electrolyte data from E1 to Ei,

thus labeled as “Train(E1...Ei), Test(Ei)". The ML model was tested (green panels) on the next unseen electrolyte at each step, thus labeled as “Without
Retraining, Test(E/ + 1)". Final validation was performed on E7.

(free), FEC (free), and TFETFE (free) can contribute to LiF

components in the SEI.

We first show the distributions of these species in the EDL.
Fig. 6 shows representative distributions of the number

© 2026 The Author(s). Published by the Royal Society of Chemistry

density of the Li and F atoms in the EDL along the z-direction
(perpendicular to the electrode) normalized by the number
density in the bulk region. Addition of FEC in E6 and E7
shows a spike in the number density of the F atoms from FEC

EES Batteries


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d6eb00085a

Open Access Article. Published on 23 April 2026. Downloaded on 6/30/2026 6:44:53 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

(a) (b)
At AL AnA

MTFP  TFPTFA

A
¥
W
©
/
{
v i

View Article Online

EES Batteries

Lit

—— F(FsI)

20 F(MTFP)
—— F(TFPTFA)

0 sl E2
— F(FsI)
20 F(MTFP)

>
P/Pouk
@

Plpouic

—————————— o 1Ty STEIFIIZI e =L . e
‘_I 012 3 456 7 8 9 10111213 012 3 456 7 8 9 10111213
DT Distance from negative electrode (A) Distance from negative electrode (A)
plpbulk
30 30 30 30 30
st E3 Li* st E4 — L =t ES Lit st E6 — st E7 —
% — F(FSI) — F(FsI) — F(FsI) — F(FsI) — F(Fsh)
F(MTFP) 20 F(MTFP) e F(MTFP) B F(MTFP) B F(MTFP)
H —— F(TFPTFA H — 5 — H — H —
ds ( W d s FOFETE) || 5 FOFETFE) || 5 4 F(FEC) dus ;;;gm
= = g = = f—

_ — o SN

10 10
5 5

0
012345867 8910111213
Distance from negative electrode (A)

[
0123456789 1011213
Distance from negative electrode (A)

012345678 9101121
Distance from negative electrode (A)

0 0
0123 456 78 910111213 0123 456 7 8 910111213
Distance from negative electrode (A) Distance from negative electrode (A)

Fig. 6 Distribution of number density of atoms in the EDL along the z-direction (perpendicular direction to the electrode) normalized with respect
to the bulk number density, along with a simplified image of the inner adsorbed layer with different possible orientations of FSI~, MTFP, and TFPTFA.
(a) Number density plot, (b) view of inner adsorbed layer from the yz-plane, and (c) distribution of number density of Li/F atoms along the z-direction

normalized with respect to the bulk number density for E1-E7.

in the EDL region, confirming that FEC accumulates in the
EDL, and this is due to its higher polarity than other solvents
and diluents in the electrolyte.

We analyzed the atom number fraction of possible LiF gen-
erated by EDL reduction reactions. LiF content is predicted
based on the average number of de-fluorinated fluorine atoms
from reduction and combination with Li. Assuming each redu-
cible and LiF-forming species in the EDL contributes one fluo-
rine atom, the total number of fluorine atoms is summed.
According to our simulations, this number is larger than the
number of lithium atoms in the EDL. Thus, as neutral LiF is
formed, the charge imbalance due to excess negative fluorine
would require more lithium atoms from the bulk to accumu-
late in the EDL to screen the charge. Taking this additional
number of lithium atoms into account, the total number of
lithium and previously counted fluorine atoms is summed up
and divided by the total number of atoms in the EDL to obtain
the LiF atom fraction as follows:

Number of atoms in probable LiF in EDL

- x 100%
Total number of atoms in the EDL

(2)

Note, free MTFP does not contribute to LiF formation
since it has a negative reduction potential vs. Li'/Li. MTFP

LiF% atom =

contributes to LiF only when coordinated to Li'. The rest of
the electrolyte components all reduce with or without Li-
coordination and contribute to de-fluorination and LiF
formation.

We analyzed the atom fraction of possible LiF formation
from different contributors in the EDL structures and reported
them in Table 4. If regenerated LiF-containing SEI from the
liquid electrolyte plays a more critical role in protecting the Li-
surface,”® adding FEC will increase LiF content. According to
Table 4, adding the FEC to the E1 increased the LiF atomic
percentage (by 2%). Similarly, the LiF atomic percentage
increases from 13.03% in E4 to 14.81% in E7 after adding
FEC. Others proposed that the anion reduction leads to a more
stable inorganic-rich SEI with higher LiF content.”® Due to the
limited salt solubility in the fluorinated MTFP solvent, the
anion contribution is relatively low in E1, a MCE, compared to
other HCEs with higher salt concentrations."® In this measure,
E6 and E3 have the highest and lowest anion contributions,
respectively. Recently, it was also argued that heterogeneous
nano-grained LiF in the SEI is desired.’® In this case, multiple
LiF sources may generate more heterogeneous nano-grained
LiF phases in the SEI. Therefore, E7 may stand out as all
anions, FEC-additive, TFETFE-diluent, and MTFP-solvent all
contribute to LiF content.

Table 4 LiF contributions: molar ratios used in simulations, LiF atomic percent, and number ratios of species (anion : FEC : diluent : MTFP) in the Li*-

coordinated environment

Species ratio (anion : FEC: diluent : MTFP)

Electrolyte Molar ratio in simulations LiF % atom in Li'-coordinated environment

E1 LiFSI-3.2MTFP 14.02% 1:0.0:0.0:4.35 (MTFP and anions)

E2 LiFSI-3.2MTFP-1.6TFPTFA 14.38% 1:0.0:1.36:2.99 (MTFP, diluent, anions)

E3 LiFSI-3.2MTFP-3.2TFPTFA 13.11% 1:0.0:4.92:3.46 (less anion contribution)

E4 LiFSI-3.2MTFP-1.6TFETFE 13.03% 1:0.0:1.80: 3.82 (less anion contribution)

E5 LiFSI-3.2MTFP-3.2TFETFE 13.62% 1:0.0:1.82:2.70 (MTFP, diluent, anions)

E6 LiFSI-3.2MTFP-0.68FEC 16.05% 1:1.20:0:2.21 (increased anion contributions)
E7 LiFSI-3.2MTFP-1.6TFETFE-1.03FEC 14.81% 1:2.44:1.22:2.42 (more FEC contributions)
EES Batteries © 2026 The Author(s). Published by the Royal Society of Chemistry
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Experimental data were collected on delithiated graphite
electrodes recovered from lithium/graphite half cells contain-
ing electrolytes E1, E6, and E7, Fig. S10. X-ray photoelectron
spectroscopy (XPS) results are in Fig. S11 and S12.
Interestingly, electrolyte E1 shows a higher LiF atomic percen-
tage than electrolytes E6 and E7 that both contain FEC and
may preferentially react at the negative electrode surface,
forming a more effective passivation layer to mitigate surface
solvent reactivity. Thus, adding FEC may not always increase
LiF in the SEI. Furthermore, E1 exhibits more first-cycle
capacity loss than E6 and E7, suggesting the source of F
species may be more important for SEI formation.

4. Conclusion

In this work, we developed and demonstrated a machine-learn-
ing-accelerated molecular simulation workflow that integrates
classical molecular dynamics (MD), Density Functional Theory
(DFT), and gradient-boosted regression (GBR) models to
efficiently investigate solid electrolyte interphase (SEI) for-
mation while explicitly accounting for the electric double layer
(EDL) structure. By combining atomistic molecular simu-
lations with data-driven regression models, we established a
multiscale modeling framework that quantitatively links local
solvation environments, EDL composition, and electro-
chemical reduction behavior. The inclusion of EDL-resolved
statistical descriptors derived from MD trajectories into the
gradient-boosted regression model enabled accurate prediction
of reduction potentials, achieving a mean absolute error of
approximately 0.1 eV relative to DFT calculations, while redu-
cing the computational burden associated with exhaustive
quantum-mechanical sampling.

Our results reveal that the local EDL environment signifi-
cantly alters the reduction behavior of electrolyte species and
therefore governs the composition and morphology of the SEI.
In particular, fluorinated solvents, diluents, and additives
such as TFPTFA, TFETFE, and FEC exhibit varying propensities
to contribute fluorine-containing fragments (e.g., LiF) depend-
ing on their position within the EDL and their coordination
with Li*. The model captures the shift in reducible cluster dis-
tributions upon compositional tuning, revealing that dilution
with weakly solvating fluorinated cosolvents promotes selective
reduction pathways. These findings highlight the mechanistic
importance of EDL heterogeneity in determining the early
stages of SEI formation and interfacial stability in Li-ion bat-
teries. However, it is still inconclusive in terms of the factors
that lead to a more stable SEI based on LiF contributions. For
future studies, it is necessary to combine quantitative model-
ing with experiments to test various hypotheses in the SEI
structure-property relationship.

Beyond the specific systems studied here, the proposed
MD-DFT-ML framework offers a generalizable and computa-
tionally tractable approach for exploring electrochemical inter-
faces across a broad chemical space. By coupling interfacial
modeling with data-driven learning, this methodology enables

© 2026 The Author(s). Published by the Royal Society of Chemistry
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rapid screening and rational design of electrolyte formulations
optimized for targeted interfacial chemistries. This framework
may pave the way toward predictive and interpretable design
principles for next-generation electrolytes and interphases that
underpin high-energy-density and long-life electrochemical
energy storage systems.
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