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How can one find materials with 
targeted properties in the information age?

good battery material



Materials properties are not known very well... 
The typical coverage is below 1 %



Experimental materials design 
often proceeds by trial and error



High-throughput ab initio materials design

O (101) → O (102) compounds

Consider as many compounds as possible, typically O (103) → O (105)

property 1

property 2

property 3

property 4

property 5

High-throughput

Data-Mining



Many materials DBs have become available online 
which can be queried with the same API

OQMD

OPTIMADE



Predicting different properties requires 
very different computing time
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4.7 million properties; 57 million CPU hours; 730,000 calculations… 



This is where the power of 
machine learning has become very handy

calculations on known crystal 
structures and predict new ones 
automatically5. 

Researchers from outside 
the original group were getting 
interested in high-throughput 
computations as well. One such 
researcher was chemical engineer 
Jens Nørskov, who started using 
them to study catalysts for break-
ing down water into hydrogen 
and oxygen6 while he was at the 
Technical University of Denmark 
in Lyngby, and later expanded the 
work as director of the SUNCAT 
Center for the computational 
study of catalysis at Stanford Uni-
versity in California. Another 
was Marzari, who was part of a 
large team developing Quantum 
Espresso: a program for quan-
tum-mechanics calculations that 
was launched7 in 2009. That is the 
code running on his mobile phone 
in the video. 

MATERIALS GENOMICS
Still, computational materials 
science did not become main-
stream until June 2011, when 
the White House announced the 
multimillion-dollar Materials 
Genome Initiative (MGI). “When 
people at the White House became 
familiar with Ceder’s work they 
got very excited,” says James War-
ren, a materials scientist at the US 
National Institute of Standards 
and Technology and executive secretary of the MGI. “There was a gen-
eral awareness that computer simulations had got to the point where 
they could have a real impact on innovation and manufacturing,” he 
says — not to mention the ‘genomics’ name, “which was evocative of 
something grand.” 

Since 2011, the initiative has invested more than US$250 million 
into software tools, standardized methods to collect and report experi-
mental data, centres for computational materials science at major uni-
versities and partnerships between universities and the business sector 
for research on specific applications. But it is unclear how far this lar-
gesse has actually advanced the science. “The initiative brought a lot 
of good things, but also some re-branding,” says Ceder. “Some groups 
started calling their research genomics this and genomics that, even 
though it had little to do with it.” 

One thing the MGI definitely did do, however, was to help Ceder 
and others realize their vision of an online database of materials prop-
erties. In late 2011, Ceder and Persson relaunched their Materials 
Genome Project as the Materials Project — having been asked by the 
White House to give up the ‘genome’ label to avoid confusion with the 
national effort. The following year, Curtarolo posted his own database, 
called AFLOWlib, based on the software he had developed at Duke8. 
And in 2013, Chris Wolverton, a materials researcher at Northwest-
ern University in Evanston, Illinois, launched the Open Quantum 
Materials Database (OQMD)9. “We borrowed the general idea from 
the Materials Project and AFLOWlib,” says Wolverton, “but our soft-
ware and data are homegrown.” 

All three of these databases share a core of around 50,000 known 

materials taken from a widely 
used experimental library, the 
Inorganic Crystal Structure Data-
base. These are solids that have 
been created at least once in a lab-
oratory and described in a paper, 
but whose electronic or magnetic 
properties may have never been 
fully tested; they are the starting 
point from which new materials 
can be derived.

Where the three databases 
differ is in the hypothetical 
materials they include. The Mate-
rials Project has relatively few, 
starting with some 15,000 com-
puted structures derived from 
Ceder’s and Persson’s research 
on lithium batteries. “We only 
include them in the database if 
we’re confident the calculations 
are accurate, and if there is a rea-
sonable chance that they can be 
made,” says Persson. Another 
130,000 or so entries are struc-
tures predicted by the Nanopo-
rous Materials Genome Center 
at the University of Minnesota in 
Minneapolis. The latter focuses 
on zeolites and metal–organic 
frameworks: sponge-like materi-
als with regularly repeating holes 
in their crystal structures that can 
trap gas molecules and could be 
used to store methane or carbon 
dioxide. 

AFLOWlib is the largest data-
base, featuring more than a mil-

lion different materials and about 100 million calculated properties. 
That’s because it also includes hundreds of thousands of hypothetical 
materials, many of which would exist for only a fraction of a second 
in the real world, says Curtarolo. “But it pays off when you want to 
predict how a material can actually be manufactured,” he says. For 
example, he is using data from AFLOWlib to study why some alloys 
can form metallic glass — a peculiar form of metal with a disordered 
microscopic structure that gives it special electric and magnetic prop-
erties. It turns out that the difference between good glass formers and 
bad ones depends on the number and energies of unstable crystal 
structures that ‘compete’ with the ground state while the alloy cools 
down10. 

Wolverton’s OQMD includes around 400,000 hypothetical 
materials, calculated by taking a list of crystal structures commonly 
observed in nature and ‘decorating’ them with elements chosen from 
almost every part of the periodic table9. It has a particularly wide 
coverage of perovskites — crystals that often display attractive prop-
erties such as superconductivity and that are being developed for use 
in solar cells as microelectronics. As the name suggests, this project 
is the most open of the three: users can download the entire database, 
not just individual search results, onto their computer. 

All of these databases are works in progress, and their curators still 
spend a good share of their time adding more compounds and refining 
the calculations — which, they admit, are far from perfect. The codes 
tend to be quite good at predicting whether a crystal is stable or not, 
but less good at predicting how it absorbs light or conducts electric-
ity — to the point of sometimes making a semiconductor look like a 

Arti!cial intelligence can help researchers to comb 
through vast numbers of materials to !nd just the 

ones they need for the application at hand.

INTELLIGENT SEARCH

Start with lab data and 
computer modelling of 

known materials.

Machine learning extracts 
common patterns.

Results guide 
prediction of new 

materials.

Researchers look for 
materials with speci!c, 
predicted properties.

Chemists try to make 
the candidates for 
real-world testing.
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[N. Nosengo, Nature 566, 475 (2016)]



Modelling battery materials: 
The example of solid-state electrolytes



Ab initio molecular dynamics can be used to 
study the diffusion of Li in the bulk

 

Mean squared displacement and diffusion coefficient

New high-conductive battery material predicted and 
then synthesized. 

G. Hautier and co-workers, Chem, 5, 2450 (2019).



Machine-learned potentials make it possible to 
simulate much more realistic and complex systems

using weighted training data are provided in the Supporting
Information.
Over the eight benchmark materials, the mean absolute error

for calculated migration energies relative to experimental
activation energies is 0.13 eV when the migration energy is
calculated by LOTF-MD, and 0.32 eV when it is calculated by
AIMD (Table 1). This improvement is primarily due to two
effects. The first is that the quality of linear correlation between
log(D) vs 1/T is greatly improved by LOTF-MD (average R2 =
0.97) as compared with AIMD (average R2 = 0.82), especially
for structures with intermediate-to-high migration energies
(Figure 2). Statistically, improved linearity of the Arrhenius
plots mainly results from the reduced statistical uncertainty in
each diffusivity data point as a direct consequence of more
ionic hops in LOTF-MD simulations.47 The statistical
uncertainty in predicted migration energies is similarly reduced
(Table 1).
The second reason for the improved accuracy is that the

LOTF-MD simulations are better able to model room-
temperature phases, as the simulations can be run at lower

temperatures. For AIMD simulations of Li4GeS4 and
LiZr2P3O12 the extrapolated migration energies were under-
estimated by 0.2−0.4 eV compared with the experimental
activation energies at room temperature (Table 1). For these
materials the assumption of an identical diffusion mechanism
over the extrapolation temperature range does not strictly
apply. Li4GeS4 is known to melt at about 850 °C.81 Although
partial melting was not observed in the fixed unit cell during
AIMD simulations, the structural instability at high temper-
atures likely led to a lower calculated migration energy than
observed at lower temperatures. Similarly, LiZr2P3O12 is
known to undergo several temperature-dependent phase
transitions among different polymorphs with different
conductivities.72,82

Due to the stochastic nature of the MD simulation, the
accuracy of information extracted from MD trajectories
depends on the amount of observed diffusion events. The
benchmarks on Li4GeS4 and LiZr2P3O12 suggest that although
running simulations at high temperature can improve the
statistics by sampling more diffusion events, this comes at the

Table 1. Experimental Activation Energies and Calculated Migration Energies for Eight Materials, Listed with the Estimated
Standard Errors (stderr)

experimental high-T AIMD LOTF − MD

MP entry id composition Ea (eV) T (K) R2 Ea ± stderr (eV) ΔEa T (K) R2 Ea ± stderr (eV) ΔEa

mp-10499 LiZr2P3O12 0.5972 700−900 0.81 0.13 ± 0.32 −0.46 300−500 0.94 0.50 ± 0.01 −0.09
mp-30249 Li3GeS4 0.5273 800−1000 0.92 0.31 ± 0.23 −0.21 400−600 0.97 0.53 ± 0.03 −0.01
mp-4556 Li2SO4 1.2,74 1.175 500−700 0.88 0.41 ± 0.52 −0.69 500−700 0.97 0.96 ± 0.05 −0.19
mp-4558 Li4GeO4 0.82,76 0.9077 1400−1600 0.94 1.16 ± 0.57 0.30 700−900 0.95 1.14 ± 0.09 0.28
mp-554577 Li4P2O7 0.9578 900−1100 0.92 0.45 ± 0.38 −0.5 550−750 0.96 0.99 ± 0.06 0.04
mp-641703 Li7P3S11 0.1879 800−1000 0.86 0.05 ± 0.15 −0.13 300−500 0.99 0.38 ± 0.01 0.2
mp-675083 Li2MnCl4 0.6367 800−1000 0.97 0.47 ± 0.35 −0.16 300−500 0.99 0.43 ± 0.02 −0.21
mp-985583 β-Li3PS4 0.1680 800−1000 0.27 0.13 ± 0.19 −0.03 450−650 0.95 0.23 ± 0.02 0.07

Figure 2. Diffusivities simulated by AIMD at high temperatures and by LOTF-MD at intermediate temperatures on the Arrhenius plot. The
migration energies (eV) calculated by the weighted least-squares regression between log(D) vs 1/T are shown next to the fitting dash line for
LOTF-MD data set. The error bars indicate the magnitude of the estimated standard error of log(D).
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ABSTRACT: The performance of solid-state lithium ion batteries
can be improved through the use of interfacial coating materials, but
computationally identifying materials with sufficiently high lithium-
ion conductivity can be challenging. Methods such as ab initio
molecular dynamics that work well for superionic conductors can be
prohibitively expensive when used on materials that conduct lithium
ions less well but are still suitable for use as interfacial coatings. We
demonstrate a way to address this problem using machine-learned
interatomic potentials models in the form of moment tensor
potentials. To prevent the potentials from significantly deviating
from density functional theory calculations, we use molecular
dynamics simulations coupled with on-the-fly machine learning.
This approach increases the efficiency of the calculations by 7 orders
of magnitude compared to purely ab initio molecular dynamics, significantly reducing the uncertainty in calculated migration
energies and improving agreement with experimentally determined activation energies. Using this approach, we identify two
particularly promising materials for use as coatings in batteries as well as several others that are candidates for doping-enhanced ionic
conduction.

1. INTRODUCTION
Lithium-ion batteries have become the dominant energy
storage devices for portable electronics and electric vehicles.
These batteries convert Li chemical potential differences into
electric current by shuttling lithium ions between two
electrodes. Due to the low atomic weight and highly
electropositive nature of lithium, lithium-ion batteries can
achieve high energy density, high rate capability, and long cycle
life.1 Compared with a liquid electrolyte, the use of solid-state
electrolytes has emerged as an appealing alternative that has
the potential to accommodate higher-voltage cathode materials
and a metallic lithium anode.2,3

Considerable research efforts have focused on identifying
solid-state electrolytes with high ionic conductivity. The
lithium-ion conductivities of several families of electrolytes,
such as Li10GeP2S12 and Li7P3S11, are approaching that of
liquid electrolytes at 10−2 S/cm.4 Despite the high bulk
conductivity of battery components, the actual rate capability
of all-solid-state batteries is generally lower than estimated,
especially at high states of charge or at high temperatures. The
degradation of battery performance is typically attributed to
increased impedance at the interface between electrodes and
the electrolyte.2,5−9 Studies suggest that the two main causes of
high interfacial resistance are poor contact between the
electrode and electrolyte and formation of undesired
interphases.6,10,11 The prevailing issue of interface reactivity
originates from abrupt electrochemical potential changes at the

electrode−electrolyte interface,8,12−15 which can be addressed
by putting a protective coating layer between the incompatible
materials.11,16−23 Materials with desirable chemical and
electrochemical stability against both the electrode and the
electrolyte can function as an interlayer that eliminates any
unanticipated reactions and enhances the cyclability of the
battery.
Previous progress on identification of protective coating

materials was achieved primarily by experimental trial and
error. Typical protective coating materials between the cathode
and sulfide-based solid electrolytes include LiNbO3,

24,25

Li2SiO3,
26 Li4Ti5O12,

18 Li2O-ZrO2,
27 LiTaO3

28 and Li3PO4.
16

It has also been reported that garnet oxide electrolytes coated
with Li3BO3,

29 Li2CO3 and their mixtures30 exhibit improved
cycle life over noncoated systems. Theoretical predictions of
cathode/electrolyte interfacial products and protective coatings
are in good agreement with experimental observations.12,15,31

With reliable ab initio databases such as those provided by the
Materials Project32 and Open Quantum Materials Database33
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cost of compromised accuracy in the extrapolated properties
for materials in which the stable high-temperature and room-
temperature structures differ significantly. The LOTF-MD
simulations, including the cost of all training data generation,
generated about 107 times as much data as AIMD simulations
per CPU hour (Table 2). Thus, LOTF-MD is able to collect

statistics at moderate temperatures that reduce the risk of
unwanted structural transitions. The use of LOTF-MD
reduced the difference between calculated migration energies
and experimental activation energies from 0.21 to 0.01 eV for
Li4GeS4 and from 0.46 to 0.09 eV for LiZr2P3O12.
The Arrhenius plots from LOTF-MD suggest that for some

materials, such as LiZr2P3O12, the method we have used to
estimate the uncertainties in calculated diffusivities under-
estimates the actual uncertainties. When we repeat the LOTF-
MD simulations on this material, we find the newly calculated
diffusivities are consistently outside the estimated error bars
and have a similar deviation from linearity. We performed
similar tests on Li4GeS4 and Li7P3S11 and found run-to-run
changes that were more consistent with the estimated
uncertainties (SI Figure S6a). By analyzing the mean squared
displacement plotted with respect to time, we speculate that
the underestimation of the uncertainty in the diffusivity of
LiZr2P4O12 is caused by an unusually large effective jump
length in this material. As can be seen in SI Figure S6b,
diffusion in this material is characterized by long periods of
stasis alternating with rapid motion primarily in a single
direction, suggesting that our estimate of an effective 3 Å jump
length is too small for LiZr2P3O12. This feature can be
observed in AIMD trajectories as well (SI Figure S6c). As the
uncertainty (as measured by the relative standard deviation) is
linearly dependent on the estimated jump length using the
method of He et al.,47 this results in an underestimation of the
uncertainty.
It is likely that some of the difference between the activation

energies predicted using LOTF-MD and experimentally
determined activation energies is due to errors in the density
functional theory calculations used to train the potential. The
machine-learned interatomic potential should not be expected
to be more accurate than the method used to generate its
training data. This suggests that improved results might be
obtained if another, more accurate method were used to train
the potential.
3.2. Computational Search for Coating Materials. We

search for coating materials that are likely to be thermodynami-
cally stable, as determined by their existence on the 0 K convex
hull in the Materials Project database. As materials with a high
concentration of Li sites are likely to provide more potential
pathways for Li-ion conductivity,37 we considered only
materials with more than 10% mole fraction Li in our search
for coating materials. From this set of compounds we identified
1545 materials. During battery operation, the cathode can
undergo a drastic change in lithium chemical potential, which
affects the chemical environment of the surface coating. To

maintain interface equilibrium against the cathode throughout
the charge/discharge cycle, the coating layer adjacent to an
active electrode material is required to endure low Li chemical
potentials without decomposition. Since the voltage of fully
charged cathode materials is on the order of 4 V relative to
metallic Li,83 we screened for coating materials with an
electrochemical oxidation voltage limit of at least 4 V using the
grand phase diagram developed by Ong, S et.al.58 We do not
set a limit on the reduction voltage, requiring only interfacial
stability between the coating material and the electronically
insulating electrolyte. Using the above criteria, we found 234
qualified compounds by screening all the lithium-containing
inorganic crystalline materials in Materials Project database.
To avoid unwanted reactions at the interface, the protective

coating material should also form thermodynamically stable
interfaces with both the cathode and the solid electrolyte. In
this work, we consider the five leading cathode materials and
six solid electrolytes listed in Table 3. We specifically focused

on the sulfide-based electrolyte materials because of their
excellent ionic conductivity and mechanical compliance but
high reaction susceptibility to reactions with oxide cathodes. A
suitable cathode coating layer could significantly improve the
performance of sulfide electrolyte batteries. Based on the
calculated 0 K convex hull (see the Methods section), we
identified 181 candidate cathode coatings that are predicted to
form thermodynamically stable interfaces with at least one of
the five cathode materials in both lithiated and delithiated
phases. Of these 181 materials, 19 (listed in SI Table S7) were
determined to have no interfacial reaction energy with at least
one of the sulfide electrolytes and were further investigated for
ionic conductivity.
We applied the LOTF-MD workflow to calculate the lithium

ion conductivity the 19 candidate coating materials. Fourteen
materials exhibited mean squared displacements smaller than 9
Å2 in 4 ns MD at 700 K. They were determined to be unlikely
to conduct Li+at reasonable rates at room temperature and
were removed from the screen. The remaining five candidate
materials were LiCl, Li2B3O4F3, Li2B6O9F2, Li3B7O12, and
Li3Sc2(PO4)3. Li+ conduction in Li2B3O4F3 notably slowed
down as the temperature decreased from 700 to 650 K, with a
total mean squared displacement of only 1503 Å2 after 200 ns.
Thus, it is unlikely that Li2B3O4F3 conducts lithium ions at a
sufficiently high rate at room temperature. With ionic
conduction studied at decremented temperatures following
the LOTF-MD workflow, we were able to determine the
migration energies for LiCl (1.11 ± 0.13 eV), Li3Sc2(PO2)3
(0.62 ± 0.04 eV), Li2B6O9F2 (0.79 ± 0.10 eV), and Li3B7O12
(0.56 ± 0.05 eV). (Throughout this paper the values following
the ± symbol for calculated migration energies represent the
estimated standard error.) The migration energies and the

Table 2. Total Computing Time and MD Production Time
for Migration Energy Benchmark Calculations

method
total CPU
hours

MD time
(ns)

production/cost (ns/CPU
hour)

AIMD 2 3291 3.75 × 10−4 1.61 × 10−8

LOTF - MD 7186 1388 1.88 × 10−1

Table 3. Oxide-Based Cathode and Sulfide-Based Solid
Electrolyte Materials Studied in the Work, Composition of
Cathodes is Displayed in Charged/Discharged States

cathode solid electrolyte

LiCoO2/LiCo2O4 Li7P3S12
LiFePO4/FePO4 Li10GeP2S12
LiMn2O4/MnO2 Li10SnP2S12
Li(MnNiCo)1/3O2/Li1/3(MnNiCo)1/3O2 Li10SiP2S12
LiMn1.5Ni0.5O2/Mn1.5Ni0.5O2 Li6PS5Br

Li6PS5Cl
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using weighted training data are provided in the Supporting
Information.
Over the eight benchmark materials, the mean absolute error

for calculated migration energies relative to experimental
activation energies is 0.13 eV when the migration energy is
calculated by LOTF-MD, and 0.32 eV when it is calculated by
AIMD (Table 1). This improvement is primarily due to two
effects. The first is that the quality of linear correlation between
log(D) vs 1/T is greatly improved by LOTF-MD (average R2 =
0.97) as compared with AIMD (average R2 = 0.82), especially
for structures with intermediate-to-high migration energies
(Figure 2). Statistically, improved linearity of the Arrhenius
plots mainly results from the reduced statistical uncertainty in
each diffusivity data point as a direct consequence of more
ionic hops in LOTF-MD simulations.47 The statistical
uncertainty in predicted migration energies is similarly reduced
(Table 1).
The second reason for the improved accuracy is that the

LOTF-MD simulations are better able to model room-
temperature phases, as the simulations can be run at lower

temperatures. For AIMD simulations of Li4GeS4 and
LiZr2P3O12 the extrapolated migration energies were under-
estimated by 0.2−0.4 eV compared with the experimental
activation energies at room temperature (Table 1). For these
materials the assumption of an identical diffusion mechanism
over the extrapolation temperature range does not strictly
apply. Li4GeS4 is known to melt at about 850 °C.81 Although
partial melting was not observed in the fixed unit cell during
AIMD simulations, the structural instability at high temper-
atures likely led to a lower calculated migration energy than
observed at lower temperatures. Similarly, LiZr2P3O12 is
known to undergo several temperature-dependent phase
transitions among different polymorphs with different
conductivities.72,82

Due to the stochastic nature of the MD simulation, the
accuracy of information extracted from MD trajectories
depends on the amount of observed diffusion events. The
benchmarks on Li4GeS4 and LiZr2P3O12 suggest that although
running simulations at high temperature can improve the
statistics by sampling more diffusion events, this comes at the

Table 1. Experimental Activation Energies and Calculated Migration Energies for Eight Materials, Listed with the Estimated
Standard Errors (stderr)

experimental high-T AIMD LOTF − MD

MP entry id composition Ea (eV) T (K) R2 Ea ± stderr (eV) ΔEa T (K) R2 Ea ± stderr (eV) ΔEa

mp-10499 LiZr2P3O12 0.5972 700−900 0.81 0.13 ± 0.32 −0.46 300−500 0.94 0.50 ± 0.01 −0.09
mp-30249 Li3GeS4 0.5273 800−1000 0.92 0.31 ± 0.23 −0.21 400−600 0.97 0.53 ± 0.03 −0.01
mp-4556 Li2SO4 1.2,74 1.175 500−700 0.88 0.41 ± 0.52 −0.69 500−700 0.97 0.96 ± 0.05 −0.19
mp-4558 Li4GeO4 0.82,76 0.9077 1400−1600 0.94 1.16 ± 0.57 0.30 700−900 0.95 1.14 ± 0.09 0.28
mp-554577 Li4P2O7 0.9578 900−1100 0.92 0.45 ± 0.38 −0.5 550−750 0.96 0.99 ± 0.06 0.04
mp-641703 Li7P3S11 0.1879 800−1000 0.86 0.05 ± 0.15 −0.13 300−500 0.99 0.38 ± 0.01 0.2
mp-675083 Li2MnCl4 0.6367 800−1000 0.97 0.47 ± 0.35 −0.16 300−500 0.99 0.43 ± 0.02 −0.21
mp-985583 β-Li3PS4 0.1680 800−1000 0.27 0.13 ± 0.19 −0.03 450−650 0.95 0.23 ± 0.02 0.07

Figure 2. Diffusivities simulated by AIMD at high temperatures and by LOTF-MD at intermediate temperatures on the Arrhenius plot. The
migration energies (eV) calculated by the weighted least-squares regression between log(D) vs 1/T are shown next to the fitting dash line for
LOTF-MD data set. The error bars indicate the magnitude of the estimated standard error of log(D).
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using weighted training data are provided in the Supporting
Information.
Over the eight benchmark materials, the mean absolute error

for calculated migration energies relative to experimental
activation energies is 0.13 eV when the migration energy is
calculated by LOTF-MD, and 0.32 eV when it is calculated by
AIMD (Table 1). This improvement is primarily due to two
effects. The first is that the quality of linear correlation between
log(D) vs 1/T is greatly improved by LOTF-MD (average R2 =
0.97) as compared with AIMD (average R2 = 0.82), especially
for structures with intermediate-to-high migration energies
(Figure 2). Statistically, improved linearity of the Arrhenius
plots mainly results from the reduced statistical uncertainty in
each diffusivity data point as a direct consequence of more
ionic hops in LOTF-MD simulations.47 The statistical
uncertainty in predicted migration energies is similarly reduced
(Table 1).
The second reason for the improved accuracy is that the

LOTF-MD simulations are better able to model room-
temperature phases, as the simulations can be run at lower

temperatures. For AIMD simulations of Li4GeS4 and
LiZr2P3O12 the extrapolated migration energies were under-
estimated by 0.2−0.4 eV compared with the experimental
activation energies at room temperature (Table 1). For these
materials the assumption of an identical diffusion mechanism
over the extrapolation temperature range does not strictly
apply. Li4GeS4 is known to melt at about 850 °C.81 Although
partial melting was not observed in the fixed unit cell during
AIMD simulations, the structural instability at high temper-
atures likely led to a lower calculated migration energy than
observed at lower temperatures. Similarly, LiZr2P3O12 is
known to undergo several temperature-dependent phase
transitions among different polymorphs with different
conductivities.72,82

Due to the stochastic nature of the MD simulation, the
accuracy of information extracted from MD trajectories
depends on the amount of observed diffusion events. The
benchmarks on Li4GeS4 and LiZr2P3O12 suggest that although
running simulations at high temperature can improve the
statistics by sampling more diffusion events, this comes at the

Table 1. Experimental Activation Energies and Calculated Migration Energies for Eight Materials, Listed with the Estimated
Standard Errors (stderr)
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using weighted training data are provided in the Supporting
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Over the eight benchmark materials, the mean absolute error

for calculated migration energies relative to experimental
activation energies is 0.13 eV when the migration energy is
calculated by LOTF-MD, and 0.32 eV when it is calculated by
AIMD (Table 1). This improvement is primarily due to two
effects. The first is that the quality of linear correlation between
log(D) vs 1/T is greatly improved by LOTF-MD (average R2 =
0.97) as compared with AIMD (average R2 = 0.82), especially
for structures with intermediate-to-high migration energies
(Figure 2). Statistically, improved linearity of the Arrhenius
plots mainly results from the reduced statistical uncertainty in
each diffusivity data point as a direct consequence of more
ionic hops in LOTF-MD simulations.47 The statistical
uncertainty in predicted migration energies is similarly reduced
(Table 1).
The second reason for the improved accuracy is that the

LOTF-MD simulations are better able to model room-
temperature phases, as the simulations can be run at lower

temperatures. For AIMD simulations of Li4GeS4 and
LiZr2P3O12 the extrapolated migration energies were under-
estimated by 0.2−0.4 eV compared with the experimental
activation energies at room temperature (Table 1). For these
materials the assumption of an identical diffusion mechanism
over the extrapolation temperature range does not strictly
apply. Li4GeS4 is known to melt at about 850 °C.81 Although
partial melting was not observed in the fixed unit cell during
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atures likely led to a lower calculated migration energy than
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transitions among different polymorphs with different
conductivities.72,82

Due to the stochastic nature of the MD simulation, the
accuracy of information extracted from MD trajectories
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• Linear Regression 
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• MEGNet 

• MODNet 

• Automatminer

Machine learning can also be used to 
predict diffusion energy barriers directly
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HT ab initio computing and ML can help 
discover battery materials with specific properties 

• High-Throughput 
simulations

• Data consolidation

• Artificial intelligence
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