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Abstract: Calculating the inter-layer ion diffusion barrier, a crucial metric for evaluating the rate performance of 2D electrode
materials, is time-consuming using the transition state search approach. A novel electrostatic potential distribution image (EPDI)
transfer learning method has been proposed to efficiently and accurately predict the lithium diffusion barriers on metal element-doped
transition metal dichalcogenide (TMD) surfaces. Through the analysis of the mean electrostatic potential (MEP) around binding
sites, a positive correlation between binding energy and MEP in VIB-TMDs was identified. Subsequently, transfer learning
techniques were used to develop a DenseNetl121-TL model for establishing a more accurate mapping between the binding
energy and electrostatic potential distribution. Trained on training sets containing 33% and 50% transition state search calculation
results, which save 66% and 50% of the calculation time, respectively, the model achieves accurate predictions of the saddle
point binding energy with mean absolute errors (MAEs) of 0.0444 and 0.0287 eV on the testing set. Based on the prediction of
saddle point binding energies, we obtained a diffusion minimum energy profile with an MAE of 0.0235 eV. Furthermore, by
analyzing the diffusion data, we observed that the diffusion barrier was lowered by 10% on V-doped TiS, compared to the
stoichiometric surface. Our findings are expected to provide new insights for the high-throughput calculation of ion diffusion on
2D materials.
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1 Introduction

A vast range of 2D materials have been widely
used in energy storage systems, due to their unique
physical and chemical properties compared to their
bulk counterparts (Shao et al., 2019; Wu and Yu, 2019;
Bahari et al., 2021; Theerthagiri et al., 2021, 2022a,
2022b). To enhance the performance of 2D materials,
modification engineering has been extensively ex-
plored, including element doping (Lee et al., 2021;
Wang XG et al., 2021; Wang RH et al., 2022), defect
engineering (Liu HP et al., 2020; Zhang et al., 2020;
Liu and Fan, 2023), and surface functional group
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modification (Giebeler and Balach, 2021; Zhang et al.,
2021). Applying these various modification methods
to 2D materials can expand the scope of exploratory
material research. However, conventional experimen-
tal approaches and discrete Fourier transform (DFT)
calculations cannot keep pace with the rapidly increas-
ing demands in the study of 2D materials. Therefore,
using high-throughput DFT calculations and machine
learning presents an exciting opportunity for efficient
screening of the 2D materials space. Machine learn-
ing has emerged as a valuable tool to aid in high-
throughput DFT calculations for predicting the proper-
ties of 2D materials (Zhan et al., 2019; Das et al., 2020;
Kang et al., 2021; Ryu et al., 2022). As an advanced
subfield of machine learning, deep learning exhibits
enhanced feature extraction capabilities compared to
conventional machine learning. It has been leveraged
to analyze multidimensional raw data for screening
the properties of 2D materials. Some researchers have


https://crossmark.crossref.org/dialog/?doi=10.1631/jzus.A2400503&domain=pdf&date_stamp=2025-09-05

constructed new deep neural networks tailored to their
research tasks (Dong et al., 2021; Leist et al., 2022).
Using existing deep neural networks or transfer learn-
ing techniques has also yielded notable advancements
in predicting the properties of 2D materials (Dong et al.,
2019; Masubuchi et al., 2020).

The electrochemical properties of 2D materials
determine the performance of the electrode. Machine
learning has been implemented to predict these pro-
perties in the search for high-performance electrode
materials. First, regarding discharge capacity, Wang
GY et al. (2021) constructed a dataset containing the
reported discharge capacities of 168 doped lithium
nickel-cobalt-manganese (NCM) systems and used six
regression machine learning models to predict the dis-
charge capacity. Due to the limited size of the experi-
mental dataset, the prediction accuracy of the above
models is insufficient. Besides, the complexity of the
electrochemical process results in intricate nonlinear
relationships between electrochemical performance and
various fundamental physical parameters. Consequently,
the associated datasets exhibit high-dimensional char-
acteristics, complicating the optimization of model hy-
perparameters (Sendek et al., 2017; Wang et al., 2017;
LiuY et al., 2020). One approach to addressing the issue
of small datasets is to use existing online databases. For
example, based on the Computational 2D Materials
Database (C2DB), Haastrup et al. (2018) and Kabiraj
and Mahapatra (2022) selected four descriptors (bind-
ing energy, root mean square (RMS) displacement, per-
centage of area change, and charge transfer) to evaluate
lithium storage capacity, mechanical sturdiness, and in-
teraction strength between lithium atoms and substrates.
Subsequently, crystal graph convolutional neural net-
work and MEGNet models were developed to predict
these four descriptors (Xie and Grossman, 2018; Chen
et al., 2019; Kabiraj and Mahapatra, 2022). In another
example, the voltage of electrodes for multivalent metal-
ion batteries was accurately predicted by an interpreta-
ble deep learning model obtained through transfer learn-
ing techniques applied to the crystal graph convolu-
tional neural network (Zhang et al., 2022). Moreover,
Chaney et al. (2021) used a clusterwise linear regres-
sion machine learning model to predict the absorption
energy of lithium on Janus Mo/WXY (X, Y=S, Se, Te).
However, the prediction of ion diffusion performance,
which plays a significant role in electrode properties, has
rarely been efficient for 2D materials using machine
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learning. The time-consuming nature of transition state
search has presented a challenge in enabling high-
throughput calculations of diffusion barriers.

Here, we propose a new deep learning-based
method that accurately predicts the diffusion barriers
of lithium ion on the surfaces of metal element-doped
transition metal dichalcogenides (TMDs) using trans-
fer learning techniques. The developed algorithm con-
sists of three essential sections: extraction of surface
electrostatic potential distribution images, prediction of
the lithium binding energies on the saddle and valley
points of the surface energy profile, and transforma-
tion of binding energy to the diffusion barrier. Firstly,
considering the Coulomb interaction between lithium
atoms and the surface, we hypothesized that the distri-
bution of surface electrostatic potential significantly
influences the binding energy. Therefore, we obtained
a batch of 1328 fragment images representing the sur-
face electrostatic potential distribution at valley and
saddle points along the lithium diffusion path. Through
area integration of the fragment images, the mean elec-
trostatic potential (MEP) was obtained and a strong
positive linear relationship between MEP and binding
energy for VIB-TMDs was observed, thus validating
our previous conjecture. Secondly, to establish a more
accurate and comprehensive mapping, we used trans-
fer learning techniques to construct a deep neural net-
work capable of predicting the binding energy with a
mean absolute error (MAE) of 0.0287 eV. Thirdly, the
diffusion barriers were calculated in batches based on
the difference in binding energy between the valley
and saddle points. Successive diffusion barriers were
then merged to obtain the minimum diffusion path
energy profile according to the diffusion path. In
summary, compared to traditional machine learning,
the electrostatic potential distribution image (EPDI)
method based on the convolutional neural network
model does not require the design of complex high-
dimensional feature vectors. Moreover, due to the
efficient extraction of potential energy surface fea-
tures of surface electrostatic potential by the convolu-
tional neural network, this method achieves a higher
prediction accuracy for diffusion barriers than those
reported in the literature (Ahmed et al., 2020; Chang
et al., 2021; Lu et al., 2023). The algorithm provides
new insights into predicting diffusion barriers and
expands the approach of high-throughput calculation
of diffusion barriers for 2D materials.



1012 | J Zhejiang Univ-Sci A 2025 26(10):1010-1020

2 Methods
2.1 First-principles calculation

All density functional theory calculations in this
study were performed using the projector augmented
wave method (PAW) (Blochl, 1994) implemented in the
Vienna ab initio Simulation Package (VASP) (Kresse
and Furthmiiller, 1996). The Perdew-Burke-Ernzerhof
generalized gradient approximation (PBE-GGA)
(Langreth and Mehl, 1983; Perdew et al., 1996) was
used to describe the exchange-correlation energy. van
der Waals interactions were estimated using the DFT-D3
method proposed by Grimme et al. (2010). A plane
wave basis set with an energy cutoff of 500 eV was
used. The unit cell and 3x3x1 supercell configurations
used 8x8x1 and 2x2x1 gamma central Monkhorst-Pack
grids, respectively. The maximum residual force after
structure relaxation was set to 0.02 eV/A for each
atom, and the electronic relaxation convergence thresh-
old was set to 1x107 eV. To break the periodicity in the
z-direction for free surfaces, a vacuum region of 15 A
was included. To obtain the minimum energy path, the
climbing image nudged elastic band (CINEB) method
was used (Henkelman and Jonsson, 2000). The isosur-
face level for the electrostatic potential distribution
on metal-doped TMD monolayer surfaces was set to
0.01 ebohr™. The lithium diffusion barriers on the stoi-
chiometric surface of the TMDs are consistent with the
findings of previous studies (Table S1 of the electronic
supplementary materials (ESM)). The MEP is obtained
by area integration using a Python program.

2.2 Dataset construction

We initially doped the monolayer surfaces of
TMDs such as MoS,, MoSe,, WS,, WSe,, HfS,, HfSe,,
TiS,, ZrS,, NbS,, TaS,, VS,, and VSe, with metal het-
eroatoms (Al, Co, Cr, Cu, Fe, Mn, Ni, V, and Zn),
resulting in a total of 106 surface configurations. Add-
itionally, ab initio calculations were performed to de-
termine the sdurface electrostatic potential distribu-
tions of 6x6x1 supercell configurations. The corre-
sponding electrostatic potential distribution images were
generated using VESTA software (Momma and I[zumi,
2011) (Fig. S1 of the ESM). Furthermore, considering
the interaction of lithium atoms with the surface at
valley and saddle points along the diffusion path, a
Python code was developed to extract valley point
(vp) and saddle point (sp) local images from the 106

electrostatic potential distribution images, resulting in
a total of 4554 images. Since the crystal exhibits peri-
odicity and the structure around the dopant atom has
central symmetry, the 4554 fragment images contain
duplicates that can be obtained by rotating or flipping.
After removing the duplicates, 1328 distinct fragment
images were obtained, comprising 701 vp fragments
and 627 sp fragments.

Subsequently, the minimum energy profiles of
the lithium diffusion path for metal-doped TMD sur-
faces were calculated using the first-principles calcu-
lation with the CINEB method. Moreover, through
the calculation of the binding energy for a lithium
atom at the valley point (marked as £, ) and saddle
points (marked as E, ), label pairs consisting of vp
image (£, ,,) and sp image (E, ,) were established. Fi-
nally, we assigned all the label pairs of vp image
(£, ,,) and different proportions (0%, 17%, 33%, and
50%) of the label pairs of sp image (£, ,) to construct
the training/validation set, while the remaining label
pairs of sp image (E, ,,) were allocated to the testing
set to evaluate the performance of the training model.

_sp

b_vp

2.3 Model and tools settings

The VGGI19 (Simonyan and Zisserman, 2014),
ResNet34/101/152 (He et al., 2016), and DenseNet121/
169 (Huang et al., 2017) model architectures were used.
These models were implemented using the PyTorch
framework (Paszke et al., 2019). The outputs of these
models were adjusted to one output. The weights and
hyperparameters of the pre-trained models were opti-
mized using 5-fold cross-validation, with a learning rate
of 0.00005 and a total of 3000 epochs. The batch sizes
of the training, validation, and testing sets were set to
40, 16, and 16, respectively. Data augmentation tech-
niques were used to generate additional training data
and enhance the generalization capability of the model.

3 Results and discussion
3.1 Mean electrostatic potential

To efficiently predict the lithium diffusion barrier
on the surface, it is necessary to substitute the compu-
tationally time-consuming diffusion barrier with a fast-
calculated physical quantity. Through the analysis of
the electron localization function (ELF) of lithium ab-
sorption on metal-doped MoS, with various elements



(Al, Fe, Cu, Cr, Co, Zn, V, Ni, Mn), we observed that
the ELF value between lithium atoms and sulfur atoms
was close to 0, indicating a weak chemical interaction
during lithium absorption (Fig. S1). Consequently, the
strength of Li—S bonds depends on the Coulomb inter-
action between the lithium and sulfur atoms, while
the interaction between the lithium atom and the sur-
face is governed mainly by the electrostatic potential
distribution. Hence, we aimed to use the characteris-
tics of the electrostatic potential distribution to predict
the lithium diffusion barrier.

We speculated that the electrostatic potential is
related to the adsorption energy of lithium and the sur-
face. However, adsorption energy reflects only the
energy difference between the stable states and does
not account for the energy gap between the transition
state and the stable state. To address this issue, we cal-
culated the binding energy of the lithium atom at the
transition state to include the information about the
transition state, which is similar to the adsorption
energy. Moreover, we attempted to predict the lithium
binding energy based on the electrostatic potential
and subsequently deduce the lithium diffusion barrier.
In the following section, we outline the process for

E, (V) 3433
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identifying the appropriate electrostatic potential dis-
tribution image in detail. At the valley points (vp) of
the energy profile (Fig. 1), the lithium atom interacts
mainly with three sulfur atoms, while at the saddle
point (sp), two sulfur atoms form bonds with each
lithium atom. Consequently, we hypothesized that the
electrostatic potential distributions surrounding the
lithium atom at the valley and saddle points have the
most influence on the binding energies of the lithium
atom. Therefore, the extraction of electrostatic poten-
tial images was performed based on the hexagonal
unit cell of transition metal sulfides, as shown on the
right side of Fig. 1a. Additionally, the diffusion barrier
was calculated as the difference in binding energy
between the valley and saddle points (£, ,, and E, ).
The formula derivation is shown in Egs. (S1)—(54),
which are included in the ESM.

To overcome the time-consuming nature of the
transition state search calculation, our goal was to
enable high-throughput computation of E, , by estab-
lishing a mapping relationship between the surface
electrostatic potential distributions and binding ener-
gies (which include all the £, and part of £, ). Then,

Sp.

by the difference of £, and E, _, the lithium diffusion
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Fig. 1 Extraction process of valley points (vp) and saddle points (sp) of the surface electrostatic potential distribution:
(a) lithium diffusion path and energy profile on the surface electrostatic potential distribution of Al-doped MoS, (the
valley and saddle points are marked in red); (b) valley and saddle points on the surface electrostatic potential distribution
of Al-doped MoS,. References to color refer to the online version of this figure
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barrier could be obtained. Fig. 1b shows a selection of
clipped surface electrostatic potential distribution
images for the supercell surface of Al-doped MoS,.
Furthermore, Fig. S2 illustrates 106 calculated surface
electrostatic potential distribution images for the super-
cell surface of metal element-doped TMDs. To accu-
rately batch clip these images, a Python program was
developed to automate the process. Ultimately, 1328
surface electrostatic potential distribution images of
the valley and saddle points were obtained, and subse-
quently, the corresponding 1328 E| , /E, , values for
the lithium atom were calculated using first-principles
calculations with the CINEB method.

Before establishing the mapping relationship, it
is crucial to validate the aforementioned speculation
regarding the strong correlation between the surface
electrostatic potential distribution and the binding
energy. To account for the Coulomb interaction between
the lithium atom and the surface, the MEP was calcu-
lated as an indicator of the interaction strength. Fur-
thermore, we used the Pearson correlation coefficient
to assess the linear relationship between MEP and
E, (E, , and E, ). The Pearson correlation coefficient
(R) is a numerical value ranging from —1 to 1 used to
quantify the strength and direction of a linear relation-
ship between two variables. A large absolute value of
R indicates a strong linear correlation between E, and
MEP. Based on Fig. S2, we note that doping the same
atom yields comparable surface electrostatic poten-
tial distributions. The Pearson correlation coefficient
R(MEP, E,) and the relationship between E, and MEP
for surfaces doped with the same atom in VIB-TMDs
(MoS,, MoSe,, WS,, WSe,) are shown in Fig. 2. Sig-
nificantly, the Pearson correlation coefficients R(MEP,
E, ) and R(IMEP, E, ) are consistently close to 0.95
and 0.90, respectively. These results indicate a robust
positive linear relationship between E, and MEP for
surfaces doped with the same atom in VIB-TMDs.

Furthermore, to examine the strength of the posi-
tive linear correlation between £, and MEP across
various atom dopings, we combined the nine images
from Fig. 2 into a singular image (Fig. 3a).

The data points were then visually distinguished
by color, reflecting the increase in the valence electron
numbers of the doped atoms. Remarkably, the data
points exhibit an upward shift as the number of va-
lence electrons (N,,) of the doped atoms increases,
with the exception of Al and V. Therefore, the number

of valence electrons was used as a coefficient to ad-
just MEP (Fig. 3b). Significantly, except for Al and V,
the Pearson correlation coefficient R(N, . <xMEP, E)
was 0.94, indicating a robust positive linear correla-
tion between E, and the product of the number of
valence electrons for the doped atoms and MEP. In con-
clusion, the electrostatic potential and binding energy
show a strong linear correlation for VIB-TMD sur-
faces. However, in the case of IVB- and VB-TMD
surfaces, a weak linear correlation exists between MEP
and E,. The variation of E, with respect to MEP is
shown in Figs. S3 and S4.

3.2 Transfer learning for diffusion barrier prediction

Based on the preceding discussion, the surface elec-
trostatic potential significantly influences the strength
of interaction between lithium atoms and the surface of
VIB-TMDs. However, describing the interaction using
MEP is not comprehensive for [VB- and VB-TMDs.
Consequently, particular characteristics of surface elec-
trostatic potential distributions affecting interactions
were not considered in IVB- and VB-TMDs. To accu-
rately and comprehensively extract the features of the
surface electrostatic potential distribution that describe
the interaction, we attempted to use a deep neural net-
work with robust image feature extraction capabilities to
address this challenge. However, designing and train-
ing a new deep neural network model with exceptional
performance for our objective would be inefficient.

The transferability of deep neural networks is
evident in their architecture: the front-end network
serves as a task-agnostic feature extractor, while the
backend network is closely aligned with the task at
hand (Tan et al., 2018). Therefore, unlike rebuilding a
deep neural network, transfer learning enhances the
model’s generalization ability and prediction accuracy,
while also reducing the time required for parameter
tuning (Yosinski et al., 2014; Tan et al., 2018). Thus,
we aimed to use transfer learning techniques to estab-
lish our model for feature extraction of surface elec-
trostatic potential distribution images. Consequently,
the dataset was first built. Since the valley point bind-
ing energy calculation is efficient, all the valley point
binding energies were added to the training set. Addi-
tionally, due to the time-consuming nature of calculat-
ing saddle point binding energies, half of these were
used as the training set and the remaining half as the
testing set (Fig. 4a).
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Moreover, six established deep neural network
architectures known for their robust image feature ex-
traction capabilities were fine-tuned, namely VGG19-
TL, ResNet34-TL, ResNet101-TL, ResNet152-TL,
DenseNet121-TL, and DenseNet169-TL. Fig. 4b shows
the model structures, wherein we retained the un-
changed structure of the convolutional layers and ad-
justed the output of the last fully connected layer to 1.
Subsequently, the input was the image depicting the
local surface electrostatic potential distribution, with £,
specified as the output shown in Fig. 4b. Additionally,
the model parameter was initialized using the pre-
trained models VGG, ResNet, and DenseNet, which
had been trained on the ImageNet database. We per-
formed 5-fold cross-validation to these models for 3000
epochs in which the MAE was set as the loss func-
tion. The MAEs of the testing set for the models with
the best performance are shown in Fig. 4c. Note that
the lowest MAE is 0.0287 eV for DenseNet121-TL.
This MAE amounts to 0.81% of the average value
(3.554 eV) for the saddle point binding energies in the
testing set. This indicates that when half of the saddle
point binding energies are used as the training set, the

remaining half can be predicted with high accuracy.
Additionally, Fig. S5 presents the performance of the
best-performing models (VGG19-TL, ResNet101-TL,
and DenseNetl121-TL) on the testing set, along with
the corresponding cumulative distribution functions of
absolute errors. Furthermore, from the difference of
E, ,, and E, , a Python program was developed to
convert the binding energies into diffusion barriers in
batches, resulting in 318 energy profiles of the diffu-
sion path. The Zn-doped MoS, surface was selected
to showcase the prediction performance. Fig. S6 shows
the energy profiles for the diffusion paths on the
MoS, surface with the other metal atoms (Al, Cu, Co,
Cr, Mn, Fe, Ni, and V). In Fig. 5b, all possible diffu-
sion scenarios of the lithium atom on the Zn-doped
MoS, surface are marked as blue, red, and purple
arrows, and the overlapping sections of the three paths
are highlighted in black.

The corresponding energy profiles of these paths
are shown in Fig. 5a, in which the solid lines repre-
sent the energy profiles calculated using DFT and the
dotted lines depict those predicted by DenseNet121-TL.
The predicted values closely align with the dotted line,
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Fig. 5 Diffusion barrier prediction: (a) DFT calculation and DenseNet121-TL prediction values of energy profile for three
lithium diffusion paths on a Zn-doped MoS, surface; (b) schematic diagram of three lithium diffusion paths on a Zn-
doped MoS, surface; (c¢) parity plot of the DFT calculation and DenseNet121-TL prediction of the local lithium diffusion
barrier on a Zn-doped MoS, surface; (d) parity plot of the DFT calculation and DenseNet121-TL prediction of the total
lithium diffusion barrier on a Zn doped MoS, surface. References to color refer to the online version of this figure

indicating a high level of accuracy in the prediction of
the potential barrier. Moreover, for the total metal-
doped TMDs surfaces, we categorized the diffusion bar-
riers into local and global diffusion barriers for discus-
sion. A schematic saddle point binding energy predic-
tion, as all valley point binding energies are calculated
using DFT. The model shows improved prediction per-
formance for global diffusion barriers, achieving an
MAE of 0.0235 eV. This enhancement occurs because
the global diffusion barrier is influenced by the local
diffusion barrier calculated using DFT (Fig. 5d).
Although the DenseNet121-TL model shows ex-
cellent prediction performance on the testing set with
half of the saddle point binding energies, significant
time is still required for the transition state search cal-
culations. Therefore, we aimed to reduce the propor-
tion of saddle point binding energies in the training set
to decrease the time spent on transition state search
calculations while increasing the proportion of pre-
dicted saddle point binding energies. As mentioned
above, the DenseNet121-TL exhibited the best perfor-
mance among the deep learning models tested. There-
fore, DenseNet121-TL was chosen to train on different

training sets containing 0%, 17%, and 33% proportions
of saddle point binding energies. The MAE and compu-
tation time for the first-principles calculations required
to prepare the training set are shown in Fig. 6. As the
amount of saddle point binding energies in the training
set decreases, the model’s predictive performance di-
minishes. Besides, when the proportion of CINEB cal-
culation results in the training set is 1, it indicates that
all results have been calculated using the DFT method.

Therefore, for the training set containing 33%
saddle point binding energies, the MAE on the testing
set is 0.0444 eV, which is still excellent for diffusion
barrier prediction while saving nearly 70% of the calcu-
lation time compared to the conventional DFT methods.
This prediction accuracy surpasses those of the fol-
lowing reported machine learning methods for diffu-
sion barrier prediction: MAE of 0.048 eV for lithium
diffusion in Li,PO, (Li et al., 2017), MAE of 0.07/
0.52 eV for copper diffusion through graphene/hBN
(hexagonal boron nitride) (Ahmed et al., 2020), and
root mean square error (RMSE) of 0.098 eV for hydro-
gen diffusion in alloys (Lu et al., 2023). Furthermore,
when the training set does not include saddle point
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Fig. 6 Accuracy-efficiency trade-off of DenseNet121-TL
under different dataset divisions, where all valley point
binding energies and different proportions of saddle point
binding energies were used as the training set, while the
remaining saddle point binding energies comprised the
testing set. The left vertical axis indicates the computation
(CPU) time for first-principles calculations required to
prepare the training set

binding energies, the MAE on the testing set, which
contains all the saddle point binding energies, ex-
ceeds 0.16 eV, rendering it unacceptable for diffusion
barrier prediction. In summary, this method requires
us to provide a small number of saddle point binding
energies to the model, enabling it to learn transition
state information and enhance the prediction accuracy
of diffusion barriers.

4 Conclusions

This paper presents a deep learning-based ap-
proach for predicting the lithium diffusion barrier on
metal-doped TMD surfaces. Based on first-principles
calculations, a dataset consisting of surface electrostatic
potential images of valley and saddle points along the
lithium diffusion path was constructed, with corre-
sponding binding energies of lithium for metal-doped
TMDs surfaces as labels. Furthermore, a strong posi-
tive correlation between the MEP of metal-doped
VIB-TMD surfaces and the binding energies was ob-
served. Additionally, to predict lithium diffusion barri-
ers based on the differences in binding energies, several
deep learning models were constructed using transfer
learning techniques and the best model (DenseNet121-
TL) was identified to establish a more accurate mapping
between binding energy and electrostatic potential

distribution. Trained on training sets containing 33%
and 50% transition state search calculation results, the
DenseNet121-TL model achieved MAEs of 0.0444
and 0.0287 eV on the testing set for saddle binding
energy predictions, respectively. Moreover, the lithium
diffusion minimum energy profiles on metal-doped
TMD surfaces were obtained with an MAE 0f 0.0235 eV
across 106 metal-doped TMD surfaces. Furthermore,
by analysis of the diffusion barrier data, the diffusion
barrier was reduced by 10% on V-doped TiS, com-
pared to the stoichiometric surface. Our method en-
ables the estimation of the complete lithium diffu-
sion minimum energy profile by requiring only a small
number of transition state search calculations. We
expect that our work will facilitate high-throughput
calculations of lithium diffusion barriers on 2D mate-
rial surfaces.
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