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Methods and concepts of materials science 
have evolved throughout history

Water Earth Air FireAether

O2 O2 O2
O2

OH*O*
H*



Experimental research dates back to the Stone Age



But, nowadays, materials design 
still mainly proceeds by trial and error



Towards the end of the 16th century, 
science relationships started to be established

Vibrational Properties of Solids: A Machine Learning Approach

Introduction

Materials are at the heart of our society. Be it structural materials such as steel or concrete
that bear much of human constructions, be it silicon that has revolutionized the modern
technologies or be it carbon nanotubes that o�ers unique attributes to the biomedical
research, materials have a big impact on our society. From the Stone Age, through the
Bronze and Iron Ages, to the modern silicon ara, it has always been of high importance
to develop novel materials that overcome the current challenges faced by the civilization.
Furthermore, it has been estimated that materials development enabled two-thirds of all
advancements in computation over the past 40 years, and transformed other industries as
well, such as energy storage [1].

Novel materials design and development are often a tedious process, and bringing them to
the market takes approximately 20 years. Moreover, once a material has been adopted, it
is rarely replaced within a short time span owing to the high cost associated to production
infrastructure. Therefore introducing high-performance materials is a key factor for the
success of many technological niches in demand of potential materials.

Figure 0.0.1: The 4 paradigms in science. Empirical, theoretical, computational, and
data-driven. Each paradigm both benefits from and contributes to the others. Image taken
from Ref. [2].

In order to address these problems, the materials science field emerged aiming at the
characterization of materials through process, structure, and properties. Throughout the
years, it has benefit and shaped the four science paradigms, see figure 0.0.1. Initially,
most knowledge was gained through experiments which empirically showed the advantages
of some materials to others. Later, the emergence of a theoretical basis enabled one to
rationally design new compounds. In particular thanks to the formulation of Quantum
Mechanics it was possible to understand the microscopic properties such as the concept of
bond between atoms. However, a precise resolution of this latter for common systems is
very di�cult, as stated by Dirac in 1929 [3]:
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Such science relationships are still 
the cornerstones of materials science

[Adapted from A. Agrawal and A. Choudhary, APL Mater. 4, 053208 (2016)]
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Such science relationships involve phenomena 
occurring at different length/time scales
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Such science relationships involve phenomena 
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Such science relationships involve phenomena 
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The tremendous development of 
(super)computers has revolutionized the world

500 FLOPS
$487,000 (equivalent to $5,900,000 in 2020)

ENIAC (1945) HPC center (2020)

exa (1018) FLOPS
$100,000,000



At the scientific level, (super)computers 
have enabled "virtual experiments" (simulations) 
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Depending on the accuracy, 
different length/time scales can be simulated

Figure 1.3: The scales of the simulation methods used in this thesis: density functional
theory (DFT), all-atom/atomistic molecular dynamics (AA MD), and coarse-grained
molecular dynamics (CG MD).

1.3 Multiscale modelling
The physical chemistry of organic functional materials inherently spans several orders
of magnitude in both time and space: from the ultrafast, femtosecond response of
electrons to external stimuli to the slow self-assembly processes of macromolecules on
the order of seconds; from nanoscale local molecular packing through domain sizes of tens
of nanometres to micrometre-thick thin-films (see Fig. 1.3). No single computational
method which is able to span all these scales simultaneously currently exists, and we
must therefore either focus on a limited subset of scales using simulation techniques
designed specifically for those or combine existing methods to span more scales. The
latter is generally what is referred to as multiscale modelling, but it has been suggested
that the idea of what a multiscale problem truly is and how it should be defined should
rather be rooted in the physics of the problem itself and the separability of its scales.44

Three major categories were identified in this Ref. 44:

1. if the scales of interest are separated, sequential multiscale modelling can be ap-
plied. Here, simulation data from one model of a given resolution are used to
inform another model of a different resolution, which can then run without any
reference to the first;

2. if the scales are only separable, meaning that one needs to continuously switch
between scales to refine the simulations, the strategy of back-mapping can be
applied. Back-mapping can generally be defined as restoring the resolution of one
model based on the simulation data of another,45,46 and it is in general useful for
reliable switching between scales;

3. if the scales are highly interconnected and cannot meaningfully be separated, con-
current multiscale simulations must be applied. Example methods include quan-
tum mechanical/molecular mechanics (QM/MM) simulations47,48 and adaptive
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Ab initio calculations have reached the required 
maturity for high-throughput materials screening



High-throughput ab initio materials design
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Recently, we applied this approach to discover 
high carrier lifetime defect-tolerant solar absorbers

[D. Dahliah et al., Energy Environ. Sci.14, 5057 (2021)]

the material is p-type with a hole concentration of 1016 cm!3. This
assumption is motivated by the p-type character of most thin-film
solar absorbers used in p–n junctions. As there is a range of growth
conditions, we obtain a range of efficiencies. Fig. 1(a) compares the
theoretical efficiencies obtained with our model and HSE quantities
with the best experimental efficiencies reported in the literature. In
some systems, such as CdTe and GaAs, the theoretical efficiency
presents a very broad range of possible values. Indeed, the
dominant defect concentration (i.e., TeCd, AsGa) largely varies

depending on growth conditions. In other cases, such as SnS or
Sb2Se3, the dominant defects (VS, VSe, and SeSb) have very low
formation energies for all growth conditions, and their concen-
trations do not vary as much. Our model is able to differentiate
from first principles materials that never reached high experi-
mental efficiencies (e.g., SnS, Sb2S3, Sb2Se3 or Cu2O) from high-
efficiency materials such as InP, MAPI3, GaAs, CdTe, CuGaSe2,
CuInSe2 and Si. We note that taking into account defects and
nonradiative lifetime is essential here as the band gap of all
these materials is in line with the needs of the SQ model. We
also note that our model predicts high efficiencies for three
materials that have never performed well experimentally: CZTS,
CuSbS2 and ZnSnP2. The experimental low efficiency of CZTS
has been the focus of much debates with a strong focus on the
effect of disorder which is not taken into account here.67,68 We
note that Kim et al. recently estimated an upper bound of 20%
conversion efficiency for CZTS using a model similar to ours.53

For the other two materials (CuSbS2 and ZnSnP2), we hypothe-
size that the low experimental efficiency is mainly due to contact
resistances and not the absorber itself.60,69–72 Our results motivate
further experimental studies on these two solar absorbers which
could show high efficiency if the issues with contact resistance and
band alignment are solved. Very importantly, our model captures all
materials that have shown high efficiency experimentally.

For the defects computations, our benchmark relied on the
HSE hybrid XC functional, which is currently the state-of-the-art.
Unfortunately, this is computationally expensive and, hence,
cannot be scaled up to a large-scale screening procedure. To
overcome this computational burden, we resort to defect compu-
tations relying on semilocal XC functionals (e.g., PBE) which are
less computationally demanding. These are not as accurate as
those based on HSE but they can already provide good insight into
the physics of materials defects. Indeed, while such functionals
underestimate the band gap and lead to errors in defect transition
levels (as they can make truly deep defects appear shallow), the
predicted defect formation energies are reasonably accurate.73–76

Moreover, while defects predicted to be shallow within PBE
could be deep within HSE, the contrary is very unlikely. We thus
take advantage of this systematic tendency,76 by ignoring
defects predicted to be shallow within PBE (these could be deep
in reality). We move the band edges computed within PBE to
their values obtained within HSE (based on a bulk computation,
which is computationally affordable) to account for the band
gap underestimation (this will be referred to PBE + HSE in what
follows). Then, we use the defects predicted to be deep within
PBE taking the band edge correction into account to estimate
the lifetime and the efficiency within our model. As we could be
neglecting defects that are deep within full HSE computations
(though they are shallow within PBE), this approach only
provides an upper bound to the efficiency one would obtain
using full HSE. Our approach is therefore useful as a first
screening to detect materials that will not be of interest. To
put it simply, if a material shows poor efficiency using our PBE +
HSE approach, it would not show a higher efficiency if an
accurate full HSE computation was performed. Applying this
screening method to our set of known materials, we confirm

Fig. 1 (a) Theoretical e!ciency computed within HSE for selected materials
compared with their best experimental e!ciency. The bar for the theoretical
e!ciency corresponds the range of values obtained for di"erent growing
conditions, and hence for di"erent defects present in each material. The
middle of the range is indicated by white circles. The green regions,
indicating e!ciencies lower (resp. larger) than 15%, correspond to correctly
predicted low- (resp. high-) e!ciency materials. The red regions correspond
to false positives (upper left) and negatives (lower right). Overlapping points
have been slightly shifted for the sake of clarity. (b) Schematic representation
of our HT screening. Each step gives the number of tested materials (upper
left corner) together with the computed properties. The style and color of
the border around each box correspond to the DFT formalism employed:
dashed blue lines for PBE, dash-dotted cyan lines for PBE + HSE, and solid
green lines for full HSE computations.
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Finally, Na2CuP and K3Cu3P2 show a very attractive combination
of low HHI, high e!ciency and low companionality making
them prime candidates for a earth-abundant, low-cost, sustain-
able solar absorbers. We note that the lower e!ciency of K3Cu3P2

comes from its higher band gap (2.1 eV vs. 1.35 eV for Na2CuP).
However, its higher band gap combined with its high lifetime
makes this material a very interesting candidate for a tandem
solar cell. A simple tandem solar cell model indicates that
combined with silicon, K3Cu3P2 could reach 29% e!ciency for
the overall tandem cell.10

Our work focuses on the bulk properties that a good solar
absorber requires, and does not take into account many additional
requirements. Interfaces and band alignments are not addressed
but could be further considered for our most promising
candidates.105–108 More complex defects could also be com-
puted for further investigation. Long-term stability is also
something difficult to estimate computationally so that it will
need to be considered experimentally down the road. This is a
major issue of the otherwise extremely promising halide per-
ovskite technology.109,110 The properties considered in our
screening procedure are nevertheless necessary conditions.
Our work thus suggests a methodology to narrow down the
space of possibilities in the challenging task of discovering a
new solar absorber.

3 Discussion
We have identified a series of promising earth-abundant
Cu-based PV absorbers highlighting especially Na2CuP and
K3Cu3P2. We will now discuss why these materials were identified
by our screening and what we can learn about the design of new
solar absorbers.

First of all, all candidates are arsenides, selenides, sulfides,
phosphides or tellurides. No attractive solar absorber was
found in oxides and fluorides despite their large share of the
database (more than half of the copper-containing compounds
in the MP database are oxides). This comes from the statisti-
cally higher band gaps present in oxides and fluorides which
tend to be unfavorable for visible light absorption.111

Previous computational works targeting the design of defect-
tolerant materials have focused on cation and anion vacancies.33,50

While this is an important first step, our results show that SRH-
limited lifetime in ternary and quaternary compounds is often set
by anti-site defects. In our study, 15 of the 25 materials for which
defects were computed show deep anti-site defects. The impor-
tance of such defects has already been suggested by several
authors especially with respect to CZTS-related absorbers.55,86,112

While using ternary and quaternary compounds o"ers opportu-
nities for instance in band gap tuning, it also leads to more
possibilities to form detrimental anti-site defects. A natural
strategy to avoid these detrimental anti-site defects has been
to work with materials containing elements with very di"erent
ionic radii. This approach motivates the recent work on chalco-
genide compounds mixing Ba (which has a large ionic radius)
with Cu.113 The expectation is that substitutional anti-site
defects will be more di!cult to form if the ions have very
di"erent ionic radii.112 Our data set can be used to test that
common-sense principle. Fig. 6 shows a plot of the (neutral)
defect formation energy as a function of the ratio between the
ionic radii. The lack of correlation is striking yet surprising even
when considering the (dis)similarity of the chemical environ-
ments. Our results indicate that ionic radius arguments are too
simple to be predictive for the defect formation energies and
that full defect computations or more elaborated models would
need to be used to control the formation energy of anti-site
defects. The latter defects are also di!cult to avoid as moving in

Fig. 5 Theoretical e!ciency of typical PV absorbers and our outlined
candidates versus their productive HHI. The di"erent colored regions
correspond to typical limits. The color of the circles indicates the metal
companionality (M.C.) in %.

Fig. 6 Formation energy of the neutral cation antisites AB as a function
of the ratio between the ionic radii of cations A and B. The vertical
lines correspond to the range of formation energy at di"erent growth
conditions. The data points have been split according to the similarity of
the interchanged cations: blue squares and red diamonds indicate similar
and di"erent chemical environments, respectively.
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Thanks to such high-througput calculations, 
many materials DB have become available online



It is now even possible to query 
      them through a common API
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Big data and machine learning 
are revolutionizing materials science
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Materials are at the heart of our society. Be it structural materials such as steel or concrete
that bear much of human constructions, be it silicon that has revolutionized the modern
technologies or be it carbon nanotubes that o�ers unique attributes to the biomedical
research, materials have a big impact on our society. From the Stone Age, through the
Bronze and Iron Ages, to the modern silicon ara, it has always been of high importance
to develop novel materials that overcome the current challenges faced by the civilization.
Furthermore, it has been estimated that materials development enabled two-thirds of all
advancements in computation over the past 40 years, and transformed other industries as
well, such as energy storage [1].

Novel materials design and development are often a tedious process, and bringing them to
the market takes approximately 20 years. Moreover, once a material has been adopted, it
is rarely replaced within a short time span owing to the high cost associated to production
infrastructure. Therefore introducing high-performance materials is a key factor for the
success of many technological niches in demand of potential materials.

Figure 0.0.1: The 4 paradigms in science. Empirical, theoretical, computational, and
data-driven. Each paradigm both benefits from and contributes to the others. Image taken
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In order to address these problems, the materials science field emerged aiming at the
characterization of materials through process, structure, and properties. Throughout the
years, it has benefit and shaped the four science paradigms, see figure 0.0.1. Initially,
most knowledge was gained through experiments which empirically showed the advantages
of some materials to others. Later, the emergence of a theoretical basis enabled one to
rationally design new compounds. In particular thanks to the formulation of Quantum
Mechanics it was possible to understand the microscopic properties such as the concept of
bond between atoms. However, a precise resolution of this latter for common systems is
very di�cult, as stated by Dirac in 1929 [3]:
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On the one hand, machine learning can be used 
to accelerate predictions w/o reducing accuracy

[Adapted from A. Agrawal and A. Choudhary, APL Mater. 4, 053208 (2016)]
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This can be used to bridge 
the length/time scales which can be simulated

Figure 1.3: The scales of the simulation methods used in this thesis: density functional
theory (DFT), all-atom/atomistic molecular dynamics (AA MD), and coarse-grained
molecular dynamics (CG MD).

1.3 Multiscale modelling
The physical chemistry of organic functional materials inherently spans several orders
of magnitude in both time and space: from the ultrafast, femtosecond response of
electrons to external stimuli to the slow self-assembly processes of macromolecules on
the order of seconds; from nanoscale local molecular packing through domain sizes of tens
of nanometres to micrometre-thick thin-films (see Fig. 1.3). No single computational
method which is able to span all these scales simultaneously currently exists, and we
must therefore either focus on a limited subset of scales using simulation techniques
designed specifically for those or combine existing methods to span more scales. The
latter is generally what is referred to as multiscale modelling, but it has been suggested
that the idea of what a multiscale problem truly is and how it should be defined should
rather be rooted in the physics of the problem itself and the separability of its scales.44

Three major categories were identified in this Ref. 44:

1. if the scales of interest are separated, sequential multiscale modelling can be ap-
plied. Here, simulation data from one model of a given resolution are used to
inform another model of a different resolution, which can then run without any
reference to the first;

2. if the scales are only separable, meaning that one needs to continuously switch
between scales to refine the simulations, the strategy of back-mapping can be
applied. Back-mapping can generally be defined as restoring the resolution of one
model based on the simulation data of another,45,46 and it is in general useful for
reliable switching between scales;

3. if the scales are highly interconnected and cannot meaningfully be separated, con-
current multiscale simulations must be applied. Example methods include quan-
tum mechanical/molecular mechanics (QM/MM) simulations47,48 and adaptive
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As an example, ML interatomic potentials are 
being currently developed with excellent results

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
e!ects. The "rst 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 di!usivity 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 di!usion 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 "xed 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 di!erent polymorphs with di!erent
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 di!usion events. The
benchmarks on Li4GeS4 and LiZr2P3O12 suggest that although
running simulations at high temperature can improve the
statistics by sampling more di!usion 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) !Ea T (K) R2 Ea ± stderr (eV) !Ea

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 !-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. Di!usivities 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 "tting 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 su!ciently 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 signi"cantly deviating
from density functional theory calculations, we use molecular
dynamics simulations coupled with on-the-#y machine learning.
This approach increases the e!ciency of the calculations by 7 orders
of magnitude compared to purely ab initio molecular dynamics, signi"cantly 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 di$erences 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 e$orts 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 identi"cation of protective coating

materials was achieved primarily by experimental trial and
error. Typical protective coating materials between the cathode
and sul"de-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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ABSTRACT: The performance of solid-state lithium ion batteries
can be improved through the use of interfacial coating materials, but
computationally identifying materials with su!ciently 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 signi"cantly deviating
from density functional theory calculations, we use molecular
dynamics simulations coupled with on-the-#y machine learning.
This approach increases the e!ciency of the calculations by 7 orders
of magnitude compared to purely ab initio molecular dynamics, signi"cantly 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 di$erences 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 e$orts 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 identi"cation of protective coating

materials was achieved primarily by experimental trial and
error. Typical protective coating materials between the cathode
and sul"de-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 di!er signi"cantly. 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 di!erence 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 di!usivities under-
estimates the actual uncertainties. When we repeat the LOTF-
MD simulations on this material, we "nd the newly calculated
di!usivities 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 di!usivity of
LiZr2P4O12 is caused by an unusually large e!ective jump
length in this material. As can be seen in SI Figure S6b,
di!usion 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 e!ective 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 di!erence 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 identi"ed
1545 materials. During battery operation, the cathode can
undergo a drastic change in lithium chemical potential, which
a!ects 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
quali"ed 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 "ve leading cathode materials and
six solid electrolytes listed in Table 3. We speci"cally focused

on the sul"de-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 signi"cantly improve the
performance of sul"de electrolyte batteries. Based on the
calculated 0 K convex hull (see the Methods section), we
identi"ed 181 candidate cathode coatings that are predicted to
form thermodynamically stable interfaces with at least one of
the "ve 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 sul"de electrolytes and were further investigated for
ionic conductivity.
We applied the LOTF-MD work#ow 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 "ve 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
su$ciently high rate at room temperature. With ionic
conduction studied at decremented temperatures following
the LOTF-MD work#ow, 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 Sul!de-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
e!ects. The "rst 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 di!usivity 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 di!usion 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 "xed 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 di!erent polymorphs with di!erent
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 di!usion events. The
benchmarks on Li4GeS4 and LiZr2P3O12 suggest that although
running simulations at high temperature can improve the
statistics by sampling more di!usion 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) !Ea T (K) R2 Ea ± stderr (eV) !Ea

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 !-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. Di!usivities 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 "tting 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
e!ects. The "rst 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 di!usivity 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 di!usion 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 "xed 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 di!erent polymorphs with di!erent
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 di!usion events. The
benchmarks on Li4GeS4 and LiZr2P3O12 suggest that although
running simulations at high temperature can improve the
statistics by sampling more di!usion 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) !Ea T (K) R2 Ea ± stderr (eV) !Ea
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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
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mp-985583 !-Li3PS4 0.1680 800!1000 0.27 0.13 ± 0.19 !0.03 450!650 0.95 0.23 ± 0.02 0.07
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migration energies (eV) calculated by the weighted least-squares regression between log(D) vs 1/T are shown next to the "tting 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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On the other hand, machine learning 
can be used for inverse design of materials

[Adapted from A. Agrawal and A. Choudhary, APL Mater. 4, 053208 (2016)]
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Processing Structure Properties Performance

Materials informatics can generate "inverse models" for optimization and design 
e.g. Maximize a Property such that a Structure follows some constraints

Engineering relationships of goals and means

Materials informatics can generate "forward models" for predictive analytics 
 e.g. Property = f(Processing, Composition, Structure)

Science relationships of cause and effect
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Inverse molecular design using
machine learning: Generative models
for matter engineering
Benjamin Sanchez-Lengeling1 and Alán Aspuru-Guzik2,3,4*

The discovery of newmaterials can bring enormous societal and technological progress. In this
context, exploring completely the large space of potential materials is computationally
intractable. Here, we review methods for achieving inverse design, which aims to discover
tailored materials from the starting point of a particular desired functionality. Recent advances
from the rapidly growing field of artificial intelligence, mostly from the subfield of machine
learning, have resulted in a fertile exchange of ideas, where approaches to inverse molecular
design are being proposed and employed at a rapid pace. Among these, deep generativemodels
have been applied to numerous classes of materials: rational design of prospective drugs,
synthetic routes to organic compounds, and optimization of photovoltaics and redox flow
batteries, as well as a variety of other solid-state materials.

M
any of the challenges of the 21st century
(1), from personalized health care to
energy production and storage, share a
common theme: materials are part of
the solution (2). In some cases, the solu-

tions to these challenges are fundamentally
limited by the physics and chemistry of a ma-
terial, such as the relationship of a materials
bandgap to the thermodynamic limits for the
generation of solar energy (3).
Several important materials discoveries arose

by chance or through a process of trial and error.
For example, vulcanized rubber was prepared in
the 19th century from random mixtures of com-
pounds, based on the observation that heating
with additives such as sulfur improved the
rubber’s durability. At the molecular level, in-
dividual polymer chains cross-linked, forming
bridges that enhanced the macroscopic mechan-
ical properties (4). Other notable examples in
this vein include Teflon, anesthesia, Vaseline,
Perkin’s mauve, and penicillin. Furthermore,
these materials come from common chemical
compounds found in nature. Potential drugs
either were prepared by synthesis in a chem-
ical laboratory or were isolated from plants,
soil bacteria, or fungus. For example, up until
2014, 49% of small-molecule cancer drugs were
natural products or their derivatives (5).
In the future, disruptive advances in the dis-

covery of matter could instead come from unex-
plored regions of the set of all possiblemolecular
and solid-state compounds, known as chemical
space (6, 7). One of the largest collections of
molecules, the chemical space project (8), has

mapped 166.4 billion molecules that contain at
most 17 heavy atoms. For pharmacologically rele-
vant small molecules, the number of structures is
estimated to be on the order of 1060 (9). Adding
consideration of the hierarchy of scale from sub-
nanometer to microscopic and mesoscopic fur-
ther complicates exploration of chemical space
in its entirety (10). Therefore, any global strategy
for covering this space might seem impossible.
Simulation offers one way of probing this

space without experimentation. The physics
and chemistry of these molecules are governed
by quantummechanics, which can be solved via
the Schrödinger equation to arrive at their ex-

act properties. In practice, approximations are
used to lower computational time at the cost of
accuracy.
Although theory enjoys enormous progress,

now routinely modeling molecules, clusters, and
perfect as well as defect-laden periodic solids, the
size of chemical space is still overwhelming, and
smart navigation is required. For this purpose,
machine learning (ML), deep learning (DL), and
artificial intelligence (AI) have a potential role
to play because their computational strategies
automatically improve through experience (11).
In the context of materials, ML techniques are
often used for property prediction, seeking to
learn a function that maps a molecular material
to the property of choice. Deep generative models
are a special class of DL methods that seek to
model the underlying probability distribution of
both structure and property and relate them in a
nonlinear way. By exploiting patterns in massive
datasets, these models can distill average and
salient features that characterizemolecules (12, 13).
Inverse design is a component of a more

complex materials discovery process. The time
scale for deployment of new technologies, from
discovery in a laboratory to a commercial pro-
duct, historically, is 15 to 20 years (14). The pro-
cess (Fig. 1) conventionally involves the following
steps: (i) generate a new or improved material
concept and simulate its potential suitability; (ii)
synthesize the material; (iii) incorporate the ma-
terial into a device or system; and (iv) characterize
and measure the desired properties. This cycle
generates feedback to repeat, improve, and re-
fine future cycles of discovery. Each step can take
up to several years.
In the era of matter engineering, scientists

seek to accelerate these cycles, reducing the
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Fig. 1. Schematic comparison of material discovery paradigms. The current paradigm is
outlined at left and exemplified in the center with organic redox flow batteries (92). A closed-loop
paradigm is outlined at right. Closing the loop requires incorporating inverse design, smart software
(93), AI/ML, embedded systems, and robotics (87) into an integrated ecosystem.IM
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All four paradigms need to be combined 
to address solar conversion challenges

Vibrational Properties of Solids: A Machine Learning Approach

Introduction

Materials are at the heart of our society. Be it structural materials such as steel or concrete
that bear much of human constructions, be it silicon that has revolutionized the modern
technologies or be it carbon nanotubes that o�ers unique attributes to the biomedical
research, materials have a big impact on our society. From the Stone Age, through the
Bronze and Iron Ages, to the modern silicon ara, it has always been of high importance
to develop novel materials that overcome the current challenges faced by the civilization.
Furthermore, it has been estimated that materials development enabled two-thirds of all
advancements in computation over the past 40 years, and transformed other industries as
well, such as energy storage [1].

Novel materials design and development are often a tedious process, and bringing them to
the market takes approximately 20 years. Moreover, once a material has been adopted, it
is rarely replaced within a short time span owing to the high cost associated to production
infrastructure. Therefore introducing high-performance materials is a key factor for the
success of many technological niches in demand of potential materials.

Figure 0.0.1: The 4 paradigms in science. Empirical, theoretical, computational, and
data-driven. Each paradigm both benefits from and contributes to the others. Image taken
from Ref. [2].

In order to address these problems, the materials science field emerged aiming at the
characterization of materials through process, structure, and properties. Throughout the
years, it has benefit and shaped the four science paradigms, see figure 0.0.1. Initially,
most knowledge was gained through experiments which empirically showed the advantages
of some materials to others. Later, the emergence of a theoretical basis enabled one to
rationally design new compounds. In particular thanks to the formulation of Quantum
Mechanics it was possible to understand the microscopic properties such as the concept of
bond between atoms. However, a precise resolution of this latter for common systems is
very di�cult, as stated by Dirac in 1929 [3]:

1
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Inverse Design of Solid-State Materials
via a Continuous Representation
Juhwan Noh,1 Jaehoon Kim,2 Helge S. Stein,3 Benjamin Sanchez-Lengeling,4 John M. Gregoire,3

Alan Aspuru-Guzik,5,6,7,* and Yousung Jung1,2,8,*

SUMMARY

The non-serendipitous discovery of materials with targeted properties is the ul-

timate goal of materials research, but to date, materials design lacks the incor-

poration of all available knowledge to plan the synthesis of the next material.

This work presents a framework for learning a continuous representation of

materials and building a model for new discovery using latent space representa-

tion. The ability of autoencoders to generate experimental materials is

demonstrated with vanadium oxides via rediscovery of experimentally known

structures when the model was trained without them. Approximately 20,000

hypothetical materials are generated, leading to several completely new meta-

stable VxOy materials that may be synthesizable. Comparison with genetic algo-

rithms suggests computational efficiency of generative models that can explore

chemical compositional space effectively by learning the distributions of known

materials for crystal structure prediction. These results are an important step to-

ward machine-learned inverse design of inorganic functional materials using

generative models.

INTRODUCTION

In the pursuit of improving everyday life through novel materials, the materials sci-
ence community reported about 2 3 105 inorganic materials within the past century
for various purposes and applications1,2 ranging from energy storage and produc-
tion to healthcare. Considering the breadth of inorganic chemistries offered by
the periodic table, the size of the entire materials space is almost unlimited, and
the charted territory by various databases is only a tiny fraction. Previous efforts in
exploring this combinatorially large space have relied mainly on chemical intuition
and empirical rules obtained from prior knowledge to devise plausible materials.
To cover pressing material needs, however, one must accelerate efforts toward
the inverse design of materials, which seeks to discover a new material given a
desired functionality.3,4

In this context, data-driven approaches such as high-throughput screening (HTS),
both experimental and computational, have shown success in designing new mate-
rials for a myriad of applications such as organic photovoltaic materials (OPV),5 man-
ganese-based solar fuel photoanodes by combining experimental and theoretical
approaches,6 metal chalcohalide semiconductor materials,7 BaTiO3-based piezo-
electric materials by using statistical learning and experimental test,8 metastable ni-
trides,9,10 and other applications.11–13 In particular, a few success stories for OPV
and photoanodes in which data-driven HTS led to successful synthesis lead us to
believe that this pathway is promising to reach the goal of accelerated non-serendip-
itous discovery of new and improved materials.

Progress and Potential

While a traditional strategy for
materials design has been to use
chemical intuition and empirical
rules, combining it with data
science and machine learning can
significantly expand the search
space and accelerate the new
discovery. Machine-learning
models in materials science have
been most extensively developed
to predict properties of candidate
materials, which still requires the
selection of candidates. Inverting
the role of machine learning to
generate a candidate material
with selected properties requires
development of generative
models for materials, as
demonstrated herein. The inverse
design pipeline for inorganic
solids presented here is based on
an invertible image-based
featurization and is applied to find
new crystal polymorphs of
vanadium oxides. This proof-of-
concept demonstration opens a
great possibility of inverse
designing new inorganic solid-
state functional materials with
desired properties.

1370 Matter 1, 1370–1384, November 6, 2019 ª 2019 Elsevier Inc.
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Image-Based Materials Generator

We constructed the iMatGen in two steps (see Figure 3), the first step to reduce the
dimension of images (image compression) for both basis and cell, and the second
step to encode the materials (materials generator) utilizing the element information
from the first step. As shown in Figure 3, the role of convolutional autoencoders in
the first step is to reduce the materials input image data to intermediate vectors
of smaller dimension that can be used as a fingerprint for the second materials gen-
eration step. In the second step, the materials generator (MG), the actual V-O mate-
rials space is then constructed using the VAE.23 To additionally organize the latent
space around a property, we follow an approach proposed by Snoek et al.46 by add-
ing a neural network mapping from the latent space to a binary label relating the for-
mation energies to stability of materials (see Figures S3 and S4). We labeled a crystal
structure satisfying Ef % 0.5 eV/atom as a stable material (+1), and all others as
unstable (0). The 0.5 eV/atom buffer was used not to miss any metastable yet poten-
tially interesting materials as well as considering inherent errors of the present den-
sity functionals used to compute Ef (see Section S2.1). This classification task was
incorporated into the training procedure of VAE by introducing an additional loss
function to a usual expression for VAE loss function as shown in Section S1.3. The
detailed structure of the model and its hyper-parameters are described in Section
S1 and Figure S1.

Dataset

We used the MP database,35 one of the largest open source databases including
83,989 inorganic structures. In searching for a new composition or polymorphs of
V-O system using autoencoder, we note that there are 112 known vanadium oxide
materials in the MP database, among which there are 25 unique V-O compositions.
Neither of these 112 structures nor 25 compositions are sufficient for training an au-
toencoder, and thus we expanded the data for V-O binary compounds by the sub-
stitution of existing binary materials. To this end, we constructed a database of
10,981 VxOy compounds to train and test the proposed generative model. We call
this the VO dataset henceforth throughout this paper. Since this VO dataset consists
of a small number of known VxOy compounds as well as virtual data generated via
substitution, we denote the dataset containing only those generated via the substi-
tution the VO virtual dataset. This will be used for validating the model. Other

Figure 3. The Proposed Hierarchical Two-Step Image-Based Materials Generator

Image compression for basis and unit cell followed by materials generator (MG) using a variational

autoencoder (VAE) model. For detailed model structure, see Section S1.
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Before predicting new structures, first we have validated the proposed iMatGen
scheme by attempting to rediscover experimentally known VxOy structures when these
experimental structures were not included in the training data. To do so, we removed
31 known VxOy structures from the original training set of 10,981 data, and optimized
the entire model set using the remaining set of 10,950 data points (denoted here as
VO virtual dataset to distinguish it from VO dataset). The latent space of the latter
MG is visualized in Figure 5 using the two main eigenvectors taken from principal
component analysis. Two clusters can be identified, corresponding to stable and un-
stable materials, due to additional classification network mapping of the latent space
to the binary stability labels. This clear separation of regions allows one to sample
effectively the stable regions for the generation of stable materials, with most of the
known materials indeed residing in the stable region. For each known VxOy structure,
we sampled 30 random Gaussian distributed vectors around their latent vector with a
fixed distance of 0.001, as shown in Figure 5 (blue circles). The latter constraints ensure
that any sampled points do not correspond precisely to the 31 known VxOy structures
(green circles in Figure 5). We then decoded all 930 (= 31 3 30) sampled points in
latent space into the real-space crystal structures using the decoding and back-trans-
formation procedures described above (Figure 4). To estimate the similarity between
the reference and generated structures, we used a simple measure that accounts for
the coordination environments of each atom in the unit cell and computes the vector
distance between the two structures,47 as shown in the Figure S8. A dissimilarity value
of 0 thus means an identical match. We further inspected visually the lowest dissimi-
larity-value structures and optimized the structures using density functional theory
to confirm that they are indeed identical to the reference structures. As shown in Fig-
ures 5 and S8, iMatGen successfully rediscovered 25 out of 31 VxOy structures in MP,
although none of these 31 structures were included in the training. The six unsuccessful
cases correspond to a region with sparse data in the latent space for the machine to
learn, and are hence not sampled reliably. It is notable that 8 out of 10 experimentally
reported VxOy structures in the ICSD repository1,2 (among the 31 VxOy structures in
MP) are fully generated and reconstructed. This result clearly demonstrates that the
present iMatGen scheme has an ability to generate and decode into experimental ma-
terials that have been discovered over the course of the last century, and not just any
computer-generated imaginary materials.

Generation of Entirely New Structures

For the purpose of predicting new VxOy structures by utilizing all available data, we
trained iMatGen using the entire VO dataset (10,981). The latent space of the result-
ingMG is shown in Figure 5 using the twomain principal components, again showing

Figure 4. Hierarchical Decoding for New Materials after Sampling in the Latent Space
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a b s t r a c t 
We developed an inverse design framework, constrained crystal deep convolutional generative adversarial 
networks (CCDCGAN), enabling automated generation of stable multicomponent crystal structures. Their 
formation energy can be optimized in the latent space based on reversible crystal images with continuous 
representation. After training by 52,615 crystal structures from Materials Project, the CCDCGAN model is 
able to generate new crystal structure. It is demonstrated that when 9160 crystal structures are generated 
by CCDCGAN, 8310 of them have not been reported in the training set. Detailed analysis on 15 selected 
materials systems of the generated structures reveals that unreported crystal structures below the convex 
hull can be discovered in 6 of them. Moreover, the generation e!ciency can be further improved by 
considering extra hypothetical structures in the training. This paves the way to perform inverse design of 
multicomponent materials with possible multi-objective optimization. 
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1. Introduction 
Data-driven materials design has developed rapidly in the last 

decade, commencing with launching of the Materials Genome Ini- 
tiative [ 1 , 2 ], with the goal to engineer materials with desired 
properties (dubbed as inverse design hereafter) [3] . There are 
three approaches to achieve inverse design of crystalline mate- 
rials, i.e., high-throughput calculations, global optimizations, and 
machine learning generative models [ 4 , 5 ]. The high-throughput ap- 
proach relies on computationally expensive density functional the- 
ory (DFT) calculations to evaluate the physical properties from a 
large number of hypothetical structures [ 6 , 7 ]. This method has 
been successfully applied to identify Li-ion battery anode materi- 
als [8] , magnetic materials [9] , and topological insulators [ 10 , 11 ]. 
Meanwhile, the global optimization method generalizes the char- 
acteristics of materials as an objective function and then predicts 
the crystal structures (rather than physical properties) by finding 
the possible solutions corresponding to better properties [12] . This 
approach is best exemplified by the genetic algorithm as imple- 
mented in USPEX and CALYPSO [ 13 , 14 ], which has been used to de- 
sign superconductors [15] , super-hard materials [16] , and magnetic 
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materials [17] . To better utilize the existing data available from 
databases such as Materials Project (MP) [18] , OQMD [ 6 , 19 ], NO- 
MAD [20] , and AFLOWlib [21] , the inverse design models [4] can 
be divided into two categories: the probabilistic machine learning 
model and deep learning generative model. The former one pre- 
dicts physical properties based on the crystal structures with un- 
certainty quantification, and uses an acquisition function to select 
potential structures with the desired properties, which has found 
structures of NaCl and Y 2 Co 17 with limited training data [ 22 , 23 ]. 
While the latter one relies on a properly defined continuous latent 
space (explained in details in the following paragraph) which en- 
ables optimization of the physical properties, which has been suc- 
cessfully applied on V-O, Mg-Mn-O and Bi-Se systems [24–26] . 

Focusing on the deep learning generative model, it is essential 
to construct a continuous latent space. As first demonstrated by 
Gómez-Bombarelli et al. in the inverse design of molecules [27] , 
properties of the designed molecules can be e!ciently optimized 
in the latent space. Similarly, with the development of continuous 
representation (voxel and autoencoder) [ 24 , 28–30 ], crystal images 
are constructed to be reversible, which serve as one-to-one map- 
pings of the crystal structures (via encoding and decoding). There- 
fore, the resulting continuous latent space enables the inverse de- 
sign of crystalline structures. It is noteworthy that our crystal im- 
ages are different from crystal graphs first established by Xie and 
Grossman [31] and further improved by Park and Wolverton [32] , 
where the crystal graphs can use the vertices and links of a graph 
to represent the atoms and bonds of a material, and use one-hot 
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Fig. 2. (a) Voxel autoencoder, the autoencoder takes the voxel of crystal structures as input and encodes it into vector in latent space, then the decoder restores the voxel 
from the encoded vector. (b) Workflow of combined model, different elements share the same autoencoder. (c) workflow of separated model, each element has its own 
autoencoder. 
(discriminator) is to minimize (maximize) the statistical difference 
between generated crystal images and original crystal structures, 
which can be expressed for the GAN model as: 
max 

D 
!

min 
G 

!
1 
2 · E x !p t [ 1 " D (x ) ] + 1 

2 · E x !p g [ D (x ) ] ""
(4) 

where D is the discriminator, G is the generator, E means the ex- 
pectation value, x represents the crystal images, D( x ) is the out- 
put of discriminator, i.e. , close to 1 (0) means higher probabil- 
ity to be a generated (original) crystal image, p t is the possibil- 
ity density function of the crystal images in MP database, while 
p g is the possibility density function of generated crystal im- 
ages. In this way, driven by the competition between the gener- 
ator and discriminator, the GAN model will be competent to de- 

sign reasonable crystal images and thus crystal structures. How- 
ever, the GAN model is not a supervised learning model, which 
cannot be cross-validated to prove that it is not overfitting. In- 
stead, the generation of the 8310 crystal structures that have 
not been reported in the database demonstrates that the GAN 
model is not overfitting. Compared with VAE, GAN does not re- 
quire specification of the distribution function(s) in the latent 
space ( p g ), which avoids possible low performance by a bad prior 
assumption. 
2.4. Constraint 

In order to design crystal structures with desired properties, 
constraints can be applied to perform optimization in the latent 
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(sometimes biased) intuitions are still involved in selecting the
database, and thus potentially high-performing materials that
are not in the library can be missed out. Also, since the
screening is run over the database blindly without any preferred
directions to search, the e!ciency can be low in HTVS. One way
to expedite the brute-force search toward the optimal material is
to perform global optimization (GO) in the chemical space. In
evolutionary algorithms (EAs), one form of GO, for example,
mutations and crossover allow e"ective visits of various local
minima by leveraging the previous histories of con!gurational
visits, and therefore can generally be more e!cient and also go
beyond the chemical space de!ned by known materials and
their structural motifs unlike HTVS.7

The data-driven GM is another promising inverse design
strategy.3 The GM is a probabilistic ML model that can
generate new data from the continuous vector space learned
from the prior knowledge on dataset distribution.3,21 The key
advantage of GMs is their ability to generate unseen mate-
rials with target properties in the gap between the existing
materials by learning their distribution in the continuous
space. While both the EA and GM can generate completely
new materials not in the existing database, they di"er by the
way each approach utilizes data. The EA learns the geometric
landscape of the functionality manifold (energy and proper-
ties) implicitly as the iteration evolves, while the GM learns
the distribution of the whole target functional space during
training in an implicit (i.e. adversarial learning) or explicit
(i.e. variational inference) manner.

Below we summarize the current status and successful
examples of these three main strategies (HTVS, GO, and GM) of
the data-driven inorganic inverse design approach. We also
discuss several challenges for the practical application of
accelerated inverse materials design and also o"er some
promising future directions.

2 Inverse design strategy
2.1 High-throughput virtual screening (HTVS)

The computational HTVS is a widely used discovery strategy in
the !eld. Usual computational HTVS involves three steps: (1)
de!ning the screening scope, (2) !rst principles-based (or
sometimes empirical models) computational screening and
(3) experimental veri!cations for the proposed candidates.
De!ning the screening scope involves !eld experts' heuristics,
and the success of the screening highly depends on this step
as the scope must contain promising materials, but it should
not be so wide that the computational HTVS becomes too
expensive. To save cost, computational funnels are o!en used
where cheaper methods or easier-to-compute properties are
used as initial !ltering and more sophisticated methods or
properties hierarchically narrow down candidates for a pool of
!nal selections. Density functional theory (DFT) is usually
used for the computational HTVS, but ML models for property
predictions further accelerate the screening process signi!-
cantly (evaluation aspect of materials informatics in Fig. 1a).
For experimental veri!cations, the key step in the

Fig. 1 Scheme of materials informatics learning the structure–property relationships of materials either for property predictions or designing
materials with target properties depending on the mapping direction. Inverse design is further categorized into (a) high throughput virtual
screening (HTVS), (b) global optimization (GO), and (c) generative model (GM), depending on the strategy how each approach explores the
chemical space.
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