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The great tunability of the properties of halide perovskites presents new opportunities for opto-
electronic applications as well as significant challenges associated with exploring combinatorial
chemical spaces. In this work, we develop a framework powered by high-throughput computa-
tions and machine learning for the design and prediction of mixed cation halide perovskite alloys.
In a chemical space of ABX3 perovskites with a selected set of options for A, B, and X atoms,
pseudo-cubic structures of compounds with B-site mixing are simulated using density functional
theory (DFT) and several properties are computed, including stability, lattice constant, band gap,
vacancy formation energy, refractive index, and optical absorption spectrum, using both semi-
local and hybrid functionals. Neural networks (NN) are used to train predictive models for every
property using tabulated elemental properties of A, B, and X site atoms as descriptors. Start-
ing from the DFT dataset of 229 points, we use the trained NN models to predict the structural,
energetic, electronic and optical properties of a complete dataset of 17,955 compounds, and per-
form high-throughput screening in terms of stability, band gap and defect tolerance, to obtain 574
promising compounds that are ranked as potential absorbers according to their photovoltaic figure
of merit. Compositional trends in the screened set of attractive mixed cation halide perovskites
are revealed and additional computations are performed on selected compounds. The data-driven
design framework developed here is promising for designing novel mixed compositions and can
be extended to a wider perovskite chemical space in terms of A, B, and X atoms, different kinds
of mixing at the A, B, or X sites, non-cubic phases, and other properties of interest.

Introduction
The confluence of high-throughput computation, machine
learning, and targeted synthesis has been key to the accelerated
discovery of new materials in recent times. This nexus has made
it possible to create better electronics1, dielectrics2,3, catalysts4,
and photovoltaic absorbers5,6, and has increasingly become a
necessary component of every materials design endeavor7,8. The
thriving research area of halide perovskites has also benefited
from data-driven studies. There are many examples of com-
putational screening being effectively performed for exploring
the compositional space9–11, replacing Pb with similar divalent
cations12–14, exploring defects and impurities15,16, and predict-
ing electronic and optical properties17,18 of halide perovskites.
Machine learning approaches applied on computational or
experimental data have been successful in identifying stable
halide perovskite compositions, predicting new properties, and
elucidating synthesis and stabilization pathways19,20.
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New halide perovskite compositions with tailored optical, elec-
tronic and defect properties can lead to improved performances
in applications ranging from solar cells to light emitting diodes to
electronics to qubits. Indeed, the engineering of known semicon-
ductors in terms of their compositions and in terms of functional
defects and impurities has been a common methodology for
obtaining properties that are better than known pure compo-
sitions21. Halide perovskites provide a very fertile space for
exploration and improvements based on composition, impurities,
interfaces, and dimensionality. The general consensus is that as a
class of materials, halide perovskites have a high ceiling of per-
formances that can be achieved, and we are still only scratching
the surface. Of special interest in this regard is the engineering of
the perovskite composition via mixing at the cation or anion sites.

A quick survey of more than 50 journal articles22–79 on ABX3

halide perovskites with mixed compositions (i.e., alloying at A,
B, and/or X sites) revealed that (a) 66% reported experimental
data and 44% reported computational properties; (b) 44% in-
volved A-site mixing, 44% involved B-site mixing, and 52% in-
volved X-site mixing; and (c) a wide variety of properties such as
band gaps, effective masses, exciton binding energies, photolumi-
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nescence spectra, and photon conversion efficiencies are studied
and reported. It is clear there is tremendous interest in optimiz-
ing halide perovskite alloys, and quick predictions and screening
of new compositions may be key to continuous improvements in
properties and performance. A few important observations from
this literature survey are explained below:

1. One of the primary motivations for exploring mixed com-
positions originates from the seemingly inherent instabil-
ity of some of the most commonly used compounds —
MAPbI3, MAPbBr3, CsPbI3, etc. — that manifests in the
form of thermal degradation, phase segregation, and photo-
induced halide segregation40,48,61,70. On the A-site, or-
ganic monovalent molecular cations such as methylammo-
nium (MA) and formamidinium (FA) serve to enhance the
structural stability of the perovskite lattice, and it has been
suggested that using two or three cations simultaneously
(e.g. MAxFAyCs1−x−y) makes the perovskite more robust and
thermally stable29,34,38,48,55,61,64,65,68,70. Many compounds
also have a propensity to decompose into their constituent
halides, that is, ABX3 → AX + BX2, or oxidize into a double
perovskite variant, that is, 2ABX3 → A2BX6

40,70.

2. Most ABX3 perovskites with standard choices of A, B, and X
atoms display a narrow range of band gap values. A key ad-
vantage of mixing at A, B or X sites is the existence of band
gap or stability “bowing", wherein the properties may drasti-
cally rise or drop for intermediate compositions as compared
to end points23,25,31,34,40,43,55,62.

3. Although the organic cation MA+ enhances the perovskite’s
structural robustness, it also increases the risk of chemical
instability when encountering moisture, oxidizing environ-
ment, and heat. Mixed cations, particularly when using ce-
sium cation (Cs+), prove to be an effective way of improv-
ing both stability and optoelectronic performances of hybrid
perovskite films applied in solar cells40,44,70.

4. Pb is the most commonly used divalent cation at the B-site,
but there is tremendous effort focused on the reduction or
complete removal of Pb from the perovskite lattice owing
to its toxicity. Pb2+ also shows a tendency to be oxidized
to Pb4+ in the presence of air and moisture, which acceler-
ates photovoltaic (PV) degradation72. However, the caveat
remains that removing Pb entirely has so far reduced the
stability and worsened the PV performance73,74.

5. There is evidence that ASnX3 perovskites are more resilient
to decomposition than APbX3, and adding Sn to Pb can cer-
tainly increase the stability72–79. However, it is also sug-
gested that combining Pb-Sn mixing at the B-site with A-site
mixing, such as adding Cs to FA, may be necessary for fur-
ther stability improvement40.

The wealth of halide perovskite literature emerging every
single day, and the analysis presented here of a small subset
of this literature, suggests that ways of efficient exploration
of mixed perovskite compositions would be beneficial to the

semiconductor and halide perovskite communities. Although
unequivocal predictions of multiple properties of all perovskite
compositions and the ability to design novel structures with
desired properties would be invaluable, they are inevitably
complicated by the combinatorial nature of the chemical space.
There are dozens to hundreds of possibilities for ions at the A,
B, and X sites, and there is a veritable infinitude of fractions in
which they could combine to create new compositions, not even
accounting for competing phases, octahedral rearrangements,
etc. A complete understanding of the structure and properties
of halide perovskite chemical spaces both broad (choices of A,
B, and X) and deep (mixing several components in tiny or large
fractions at any site) is missing, and not conducive to brute-force
experimentation or even computation.

Density functional theory (DFT) computations are widely
applied towards the in-depth studies of halide perovskites from
first principles80, serving both as validation or explanation of
experimental observations and in screening procedures alluded
to earlier. DFT can reliably predict the low energy crystal struc-
tures, electronic band gaps and band edges, optical absorption
coefficients, dielectric constants, and defect formation energies
of halide perovskites, among many other properties. One of the
biggest challenges with DFT computations for halide perovskites
is the absence of universal benchmarking of DFT-computed
properties, and the identification of an acceptable level of
theory that can be applied. Standard DFT using semi-local
Generalized Gradient Approximation (GGA) functionals like
Perdew–Burke–Ernzerhof (PBE) are often insufficient for elec-
tronic and defect properties, but can reasonably estimate relative
energies and aid in initial screening of properties prior to the
application of more accurate but expensive functionals81–83.
The use of the Heyd–Scuseria–Ernzerhof (HSE) functionals like
HSE06 or HSE03, or Green’s function-based GW approximation,
along with the incorporation of spin-orbit coupling (SOC) has
been suggested to be important for accurate band gaps and
charge-dependent defect formation energies15,84–86. It has also
been reported that for Sn-containing halide perovskites, HSE06
may be necessary for formation energies and HSE+SOC needed
for correct band edges72. However, PBE calculations have also
been shown to work well, generally via a cancellation of errors,
for band gaps and defect charge transition levels15,87.

Since computing time, resources and manpower are finite in
nature, DFT computations on halide perovskites, at a desirable
level of theory, cannot be endlessly applied to all possible compo-
sitions. Approaches rooted in artificial intelligence (AI), machine
learning (ML), or data science can function as conduits for
information transfer from a small portion of the chemical space
to the entire region or dataset. DFT data generated on a subset of
compositions that are representative of the entire chemical space
can be coupled with ML techniques to train predictive models
that take as input descriptors that uniquely identify every data
point, or every composition, and give as output the properties
of interest with acceptable error bars. DFT+ML frameworks
have frequently been applied for quick prediction and screening
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Fig. 1 (a) DFT properties computed for 229 perovskite compounds at the PBE and HSE06 levels of theory. (b) Typical neural network architecture
used to train predtictive models from DFT data. (c) Screening performed on ML predicted dataset of 17,955 perovskite compounds in terms of their
stability, band gaps and defect tolerance.

over large chemical spaces80. The identification of appropriate
descriptors, the generation of sufficient quantity of accurate
DFT data, and the adoption of a suitable ML algorithm (such as
neural networks) following standard data science practices are
key to the development of accurate, generalizable models that
can significantly accelerate materials discovery.

Motivated by the challenges and prospects of halide per-
ovskites and a DFT+ML materials design methodology, we
develop a data-driven framework for the prediction of structural,
electronic, optical and defect properties of a selected chemical
space of halide perovskite alloys with B-site mixing. This
framework is powered by high-throughput DFT computations
performed using both the PBE and HSE06 functionals, and neural
network regression models trained upon the resulting datasets
using mean elemental properties of various constituent atoms or
molecules as input descriptors. The DFT properties computed
for all ABX3 pure and mixed composition compounds include
estimates of the perovskite lattice parameter, stability (in terms
of decomposition to various possible species), electronic band
gap, PV figure of merit based on optical absorption spectrum,
vacancy formation energies at different chemical potential
conditions (X-rich, medium-X, and B-rich), and vacancy charge
transition levels—thus covering many necessary initial attributes
that should be optimized for promising solar cells absorbers.
Neural network (NN) models are trained upon this data with
rigorous tuning of hyperparameters, training-test splits, and
cross-validation, following which the models are deployed for

predictions upon the dataset of 17,955 compounds, leading to
screening of stable materials with appropriate band gaps, optical
absorption, and defect tolerance. The general outline of this
work is captured in Fig. 1. Each computed property is listed in
Fig. 1(a), divided into the type of DFT functional used and type
of property. A typical NN architecture used to train models from
the DFT data is shown in Fig. 1(b), and the ML-based screening
funnel is presented in Fig. 1(c), showing how quick enumeration
and predictions over the 17,955 compounds can be used to ob-
tain stable materials with suitable band gaps and defect tolerance.

The perovskite design framework demonstrated here is, to our
knowledge, one of the most comprehensive computation-driven
studies of halide perovskite alloys thus far. The strategy can
easily be extended to additional properties, choices of A, B, and
X atoms, and mixing in fractions other than factors of 1/8, as
the ML models in theory apply to any type of mixing within
the considered chemical space, as explained later. With the
consideration of multiple functionalities including the electronic
structure, optical behavior, and defect formation, the data-driven
design framework promises to benefit a variety of optoelectronic
applications. Although screening has been demonstrated for the
specific example of solar cell absorbers here, this framework
can help identify stable materials with suitable band gaps for IR
sensors and UV lasers, suitable defect levels which can be used
as qubits for quantum computing, suitable electronic structure
for white light emission, and wide band gap semiconductors
for power electronics. In the following sections, we describe in
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detail the methods applied for DFT computations and training
neural networks, the different sets of properties predicted,
a visualization of the atom-composition-property space, best
predictive performances for various properties, and screening of
promising materials followed by a visualization of the screened
chemical space. We end with a discussion of the predictive
power and possible limitations of the current framework, and the
extensions being pursued in the near future.

Methods

Perovskite Chemical Space

The ABX3 perovskite chemical space in this work is chosen to re-
flect the predominant choices of atomic or molecular species in
the literature. A majority of halide perovskites are MA/FA-based,
but Cs, Rb and K are frequently added at the A-site. While B is
generally Pb and X is generally I or Br, there are many studies on
adding to or replacing Pb with Sn, Ge, and other possible 2+ ox-
idation state elements like Sr, while also adding Cl at the X-site.
Keeping these things in mind, we restrict our study to the follow-
ing choices of A, B and X atoms: A ∈ [FA, MA, Cs, Rb, K], B ∈ [Ca,
Sr, Ba, Ge, Sn, Pb] (with mixing), and X ∈ [I, Br, Cl]. This leads to
5*6*3 = 90 pure ABX3 compounds; we allow mixing at the B-site,
for any number of atoms, in fractions of [0, 1/8, 2/8, 3/8, ... 1],
which results in a total number of 17,955 unique compositions in
this space. A set of DFT computations are performed to predict a
total of 16 different properties for 229 compounds, selected such
that every A, B, and X atom appears roughly equally frequently,
forming just about 1.3% of the total chemical space.

DFT Details

DFT computations were performed on 2×2×2 supercells of
pseudo-cubic ABX3 structures, such that there are 8 ABX3

formula units, which facilitates alloying at the B-site in factors
of 1/8. We begin with the optimized cubic structure of an
end-point composition (that is, a pure ABX3 compound with
no alloying) and perform varying degrees of B-site substitution
in the 2×2×2 supercell to simulate alloys with special quasi-
random structures88,89. A total of 229 compositions are selected
from the entire space of 17,955 possible compounds, where 90
systems correspond to pure compositions and there are 139 alloy
compositions. For every compound, geometry optimization is
first performed to obtain the low energy pseudo-cubic lattice
constant and the formation, decomposition, and mixing ener-
gies, following which a series of additional computations are
performed, namely: a static calculation to obtain band edges and
band gap, an optical absorption calculation to obtain absorption
coefficients as a function of incident photon energy, density
functional perturbation theory (DFPT) calculations to obtain
static dielectric constant, and finally, optimization of A-site or
X-site vacancy containing systems to obtain defect formation
energies and charge transition levels. A comprehensive list of
every property computed in this work is presented in Fig. 1(a).

As mentioned earlier, key questions remain about the choice of

DFT functional that provides reasonably accurate estimates of the
structures and properties of halide perovskites. To explore the
effect of the level of theory, we performed calculations using both
the GGA-PBE functional as well as the hybrid HSE06 functional.
All computations were performed using the Vienna Ab initio Sim-
ulation Package (VASP)90,91, applying the generalized gradient
approximation (GGA) parametrized by Perdew, Burke and Ernz-
erhof (PBE)83 and using the projector-augmented wave (PAW)
pseudopotentials92. For PBE geometry optimization calculations,
the plane wave energy cut-off was set at 500 eV and all atomic
structures were fully relaxed until forces on all atoms were less
than 0.05 eV/Å. Brillouin zone integration was performed using
a 3×3×3 Monkhorst-Pack mesh, and later expanded to a 4×4×4
mesh for more accurate electronic density of states, DFPT, and
optical absorption calculations. Band structure calculations
were performed using high-symmetry k-points93,94 to obtain
accurate band gaps. DFPT computations were performed in
a static manner to generate the electronic components of the
dielectric tensor using the independent particle approximation,
and the electronic dielectric constant is reported as the trace
of the tensor. The optical absorption spectra are obtained from
calculations of the frequency-dependent dielectric function,
which yield coefficients of absorption as a function of incident
energy. We further calculate the degree of overlap between the
computed absorption spectrum and the AM1.5 solar spectral
irradiance data reported by NREL95 to determine a PV figure
of merit, higher values of which indicate better suitability for
single-junction solar cell absorption.

Vacancy containing systems are simulated by removing one
A-site (VA) or X-site (VX ) atom in the supercell, and performing
DFT optimization (using the same convergence conditions as
before, keeping cell shape and size fixed) in the neutral and
charged states (-1 for VA and +1 for VX ), to obtain both the
neutral state formation energy of vacancies and the charge
transition levels created by them relative to the valence band
edge. Multiple symmetry-inequivalent vacancy sites are explored
for alloyed systems and the lowest energy ones are chosen.
All defect calculations are performed using PBE, to reduce
the overall computational expense and because it has been
previously shown to work well for halide perovskites15,16,87.
Finally, HSE06 calculations (which are between one and two
orders of magnitude more expensive than corresponding PBE
calculations) are performed for complete structure optimization
of the 229 compounds, initially employing Gamma-point only
unconstrained relaxation, followed by a static calculation using
a 2×2×2 Monkhorst-Pack mesh. The mixing parameter α is
chosen to be 0.25, and the same convergence conditions are
used as listed above for PBE calculations. Thus, lattice constants,
energetics, and band gaps were calculated from both PBE and
HSE, whereas dielectric constants, absorption spectra, and
vacancy energetics were obtained from PBE only. Additional
PBE and HSE calculations with the same convergence criteria
are performed on the elemental standard states and known
halide compounds of all A, B, and X species (all such starting
structures taken from the Materials Project database96), in order
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to calculate the formation and decomposition energies.

Based on the calculations described above, the following prop-
erties are predicted from PBE or HSE:

1. Lattice constant: Computed with both PBE and HSE, the op-
timized simulation cell volume (V) is used to determine the
pseudocubic lattice constant (a) for one ABX3 formula unit
using the formula a = (1/2)*V1/3 .

2. Formation energy: This quantity, computed from both PBE
(∆H f orm

PBE) and HSE (∆H f orm
HSE), determines the stability

of the ABX3 compound w.r.t. decomposition to elemental or
molecular standard states of A, B, and X. For a general per-
ovskite alloy represented as AB∗X3 (where B∗ represents the
mixed B-site species such as Sn0.5Pb0.5, Ba0.25Ge0.25Sn0.5,
etc.), the formation energy is calculated as ∆H f orm (AB∗X3)
= E(AB∗X3) - E(A) - ∑iwi*E(Bi) - 1.5*E(X2), where wi is the
mixed fraction of element Bi.

3. Decomposition energy: This quantity, computed from both
PBE (∆Hdecomp

PBE) and HSE (∆Hdecomp
HSE), determines the

stability of the ABX3 compound w.r.t. decomposition to
the halide compounds of A and all B atoms, and is given
by the formula: ∆Hdecomp (AB∗X3) = E(AB∗X3) - E(AX) -
∑iwi*E(BiX2).

4. Mixing energy: This quantity, computed from both PBE
(∆Hmix

PBE) and HSE (∆Hmix
HSE), determines the stability

of the mixed-cation ABX3 compound w.r.t. decomposition
to pure ABX3 perovskites (or end-point compositions), and
is given by the formula: ∆Hmix (AB∗X3) = E(AB∗X3) -
∑iwi*E(ABiX3).

5. Band gap: This is computed in eV from both PBE (Egap
PBE)

and HSE (Egap
HSE).

6. Dielectric constant and refractive index: The static electronic
component of the dielectric constant (εelec) is computed us-
ing DFPT, and the refractive index (η) is reported as a square
root of εelec.

7. Optical absorption spectrum and PV Figure of Merit (FOM):
Absorption coefficients (α) are calculated as a function of in-
cident photon energy, and used to determine the FOM based
on the degree of overlap with the AM1.5 standard solar spec-
trum. Computed absorption and solar irradiance intensity
are expressed as functions of wavelength λ as α(λ) and
Is(λ), respectively, and the FOM is calculated as follows:

FOM = ∑
λi

α(λi)∗ Is(λi)∗ (λi+1 −λi)/∑
λi

Is(λi)∗ (λi+1 −λi)

(1)

Is values are used in units of Wm−2nm−1 and α in units
of cm−1, leading to FOM values in (∼ 103 to 106) cm−1,
expressed ultimately in log10 scale.

8. Vacancy defect formation energy: For VA and VX defects in
the AB∗X3 perovskite, DFT energies obtained from neutral
and charged calculations are used in the equations below to
estimate their charge and Fermi level dependent formation
energies, and their charge transition levels:

E f (vacq) = E(AB∗X3 − vacq)−E(AB∗X3)+µ+

q(EF +Evbm)+Ecorr

(2)

ε(q1/q2) =
E(vacq1)−E(vacq2)

q2 −q1
−Evbm (3)

In equation 2, E(AB∗X3-vacq) is the total DFT energy of the
AB∗X3 supercell with a vacancy at the A or X sites and a
total system charge = q, µ is the chemical potential of A
(µA) or X (µX ), depending on whether we are consider-
ing VA or VX , Evbm is the valence band maximum (VBM)
of AB∗X3, EF is the Fermi level as it goes from the VBM
to the conduction band minimum (CBM), and Ecorr is the
correction energy necessary to account for the periodic in-
teraction between charges. Chemical potential values of A,
B and X species are referenced to their elemental standard
states (e.g. Pb in the FCC phase), collected from the Materi-
als Project database96, and selected from calculated ranges
of stability for every compound based on the formation ener-
gies of the ABX3 perovskite phase and the halide compounds
AX and BX2

15,16,87,98. As an example, chemical potential di-
agrams are shown for MAPbBr3 and MAPbCl3 in Fig. S1;
from across the highlighted region of thermodynamic equi-
librium, we select halide-rich, medium-halide, and B-rich
type chemical potential conditions. The formation energy of
defects and resulting equilibrium conductivity can be tuned
by changing the synthesis conditions, and thus the chem-
ical potential conditions. Ecorr values are determined us-
ing the Freysoldt charge correction scheme,99,100 utilizing
εelec estimated above from DFPT as dielectric constant in-
put. Equation 3 will yield the Fermi level where VA displays
a (0/-1) charge transition or where VX displays a (+1/0)
transition15,16,101,102. Based on these equations, four types
of defect properties are thus computed, namely the two va-
cancy charge transition levels, the equilibrium defect forma-
tion energy (D.F.E.), and the equilibrium Fermi level EF ; the
latter two are estimated based on the charge neutrality con-
dition15,16,99.

To identify stable compounds with attractive optoelectronic
properties, we will look for low ∆H f orm, ∆Hdecomp, and ∆Hmix

values, Egap values that lie in suitable ranges, and high FOM
values. Assuming vacancies are the most likely point defects
to exist in halide perovskites (a reasonable assumption from
earlier studies of intrinsic point defects across many halide
perovskites15,16), defect tolerance can be tested based on the
formation energies and transition levels of VA and VX . A low
vacancy formation energy with a transition level deep in the
band gap must be avoided to prevent the spontaneous creation
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Fig. 2 (a) Perovskite octahedral factor µ, and (b) tetrahedral factor t calculated for every A-B-X combination. (c) PBE computed and (d) HSE computed
decomposition energy (∆Hdecomp) plotted against the perovskite tetrahedral factor t for the entire DFT dataset. Symbol sizes are directly proportional
to perovskite octahedral factor o. (e) PBE computed and (f) HSE computed decomposition energy (∆Hdecomp) plotted against the Bartel perovskite
tetrahedral factor 97 τ for the entire DFT dataset. In (c)–(f), the shaded region represents compounds with low ∆Hdecomp and suitable t or τ values.

of active defects that can cause nonradiative recombination of
charge carriers and a potential reduction in PV efficiency. The
condition for restricting the spontaneous formation of vacancies
with transition levels deep in the perovskite band gap is captured
in Fig. 1(c) as D.F.E + EF /Egap

PBE > 1 eV (which prevents D.F.E.
from being negative anywhere in the band gap region) under any
chemical potential condition, VA (0/-1) being less than 0.5 eV
from the VBM, and VX (+1/0) being less than 0.5 eV from the
CBM.

Training Neural Network Models

NNs find utility in a wide variety of applications that deal with
large datasets and demands of high accuracy, and are a staple
in materials informatics studies today, with examples including
accelerating molecular dynamics simulations, mapping the
structure-synthesis-property spaces of materials, and on-demand
prediction of properties18,103,104. NN-based models can be
trained on materials datasets to obtain regression models,
classification boundaries, and generative design of novel struc-
tures103–107. The key aspects of an NN framework (example
pictured in Fig. 1(b)) include an input layer with multiple
nodes corresponding to different descriptors, hidden layers with
multiple nodes each, and an output layer with one or more
nodes corresponding to the properties of interest that need to
be predicted. Using the DFT dataset of 229 compounds, NN
models are trained for every property listed in Fig. 1(a), using
a common set of descriptors emerging from an averaging of
different tabulated elemental/molecular properties of the ions
that constitute the A, B, and X sites, leading to instant predictions
of the same properties for the entire set of 17,955 compounds.

The 15 elemental/molecular properties used in this work are
listed for every A, B, and X species in Fig. S2. Each ABX3 com-

pound is thus represented as a 45-dimensional vector, with 15
dimensions each for the properties of A, B, and X; the dimensions
corresponding to B are averaged over each species that is mixed
at the B-site. For example, for a compound CsSn0.5Sr0.25Ba0.25Cl3,
the first 15 dimensions will be the elemental properties of Cs
(ElemA = ElemCs), the next 15 dimensions will be a weighted
average of the elemental properties of Sn, Sr and Ba (that
is, ElemB = 0.5*ElemSn + 0.25*ElemSr + 0.25*ElemBa), and
the final 15 dimensions will be the elemental properties of Cl
(ElemX = ElemCl). The NN input layer thus contains 45 nodes
corresponding to the 45 descriptor dimensions. The number
of hidden layers are restricted to be two in this work, making
the NN a shallow network. Different types of output layers are
used, corresponding to multiple combinations of properties as
output nodes; however, it is observed that best performances
are obtained by training separate NN models for every property
which is a single node in the output layer, and the results
presented in this work reflect that.

We follow standard ML practices7,8 in training each predictive
model. The DFT dataset is first divided into training (80%)
and test (20%) sets, and the test set is kept aside while the NN
model is trained using the training set data. The training-test
split is fixed at 80-20 for every model in this work. Five-fold
cross-validation is applied to tackle over-fitting. The error metric
used in this work is the root mean square error (RMSE) between
the DFT values and NN model predictions, calculated separately
on the training and test sets. Hyperparameter optimization is
accomplished by applying a grid-search strategy to six important
hyperparameters, namely the number of neurons in the first
(n1) and second (n2) hidden layers, the learning rate (lr, which
defines how quickly a network updates its parameters), the
dropout value (dp, which is a regularization technique used
to handle overfitting), the number of epochs (ep, defining the
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(a)

(b)

(c)

(d)

Fig. 3 Heatmaps for properties of 90 pure ABX3 perovskites: (a)
PBE computed ∆Hdecomp, (b) PBE computed Egap, (a) HSE06 computed
∆Hdecomp and (b) HSE06 computed Egap.

number of times training is performed on the entire dataset), and
the batch size (bs, the number of training samples propagated
through the network)108,109. The final models for all properties
after complete optimization are reported as ML vs DFT parity
plots, making distinctions between training and test set points.
Other regression algorithms, including random forests and
Gaussian processes, were also tested on the data, but did not
improve on the performance of the best NN models.

Results and discussion

Visualization of DFT Data

We begin with a visualization of the DFT dataset through a series
of plots, highlighting some critical trends and correlations. Even
before venturing into the behavior of perovskite alloys, it is im-
portant to consider the stability and trends in properties of the 90
pure ABX3 compositions. The most commonly used measures for
perovskite stability are the octahedral (o) and tolerance (t) fac-
tors110, defined below in terms of the ionic radii of A (rA), B (rB),
and X (rX ):

o = rB/rX (4)

t = (rA + rX )/(
√

2(rB + rX )) (5)

For robust stability of perovskite compounds, o is suggested
to lie in the range 0.442—0.895 while t should be in the range
0.813–1.107. The o and t values of the 90 ABX3 compounds are
visualized using heatmaps in Fig. 2(a) and Fig. 2(b), respectively.
Nearly all B-X combinations satisfy the octahedral factor require-
ment, except for Ge-iodides. The tolerance factor falls just out-
side the stability range for certain combinations of A and B, such
as FA-Ge and K-Ba, clearly because rA and rB need to proportion-
ally change with each other to maintain stability, something that
works well with combinations such as MA-Pb-I, MA-Sn-Br, Cs-Ge-
Br, etc. The PBE and HSE computed ∆Hdecomp values are plot-
ted against o and t for the entire DFT dataset of 229 compounds
(calculated using weighted averages for the B site when there is
mixing), in Fig. 2(c) and Fig. 2(d), respectively. It is seen that a
majority of the MA and FA containing compounds, and some Cs
bromides and Rb chlorides, lie in the range of low ∆Hdecomp and
suitable µ and t. However, a number of compounds that are stable
w.r.t. decomposition fall outside the acceptable ranges for o or t,
indicating that perovskite stability measures ought to be captured
using more complex relationships as are being pursued in recent
literature97,110–112. One such tolerance factor proposed by Bartel
et al.97, represented as τ, was estimated for all 229 compounds
using eqn. 6. ∆Hdecomp

PBE and ∆Hdecomp
HSE are plotted against τ

in Fig. 2(e) and Fig. 2(f), respectively. Using the suggested sta-
bility condition of τ < 4.18, it is seen that nearly all FA and MA
compounds are stable w.r.t. both τ and ∆Hdecomp, while several
Cs and Rb compounds may be included by relaxing the τ condi-
tion. Almost all the compounds satisfying the τ condition have
∆Hdecomp < 0.5 eV, except for a few Cs-chlorides, but a number of
compounds with ∆Hdecomp ∈ (0.0, 0.5) eV fall outside the desired
τ range.

τ = rB/rX − [1− (rA/rX )/ln(rA/rX )] (6)

Next, a series of properties, namely ∆Hdecomp
PBE , Egap

PBE ,
∆Hdecomp

HSE , and Egap
HSE , are plotted for all pure ABX3 com-

pounds as heatmaps in Fig. 3. The ∆Hdecomp values reveal large
instabilities for all K and Rb iodides, but stability increases for
the corresponding bromides and some chlorides. On the other
hand, nearly all Cs, MA, and FA based iodides are stable, as are
most of the corresponding bromides and chlorides, except for Cs
chlorides. In order to account for the level of accuracy of DFT
energies and the possible contribution of entropic stabilization or
realization of kinetically trapped metastable phases, we adopt a
relaxed ∆Hdecomp screening criterion, shown in Fig. 1(c), of < 0.5
eV, from both PBE and HSE. The formation energies are found to
be large negative values throughout the dataset, while the mixing
energies of perovskite alloys are discussed later.

When it comes to band gap, it is seen that Ca, Sr, and Ba
containing compounds show the largest Egap

PBE (Egap
HSE)

values for a given halogen atom, lying around 3.5 eV (4.5 eV)
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(c)

(b)

(a) (d)

(e)

(f)

Fig. 4 Heatmaps for defect properties of 90 pure ABX3 perovskites: (a) equilibrium D.F.E. under medium halide chemical potential conditions, (b) VA
(0/-1) charge transition level relative to VBM, (c) VX (+1/0) charge transition level relative to CBM, and equilibrium EF as a fraction of the PBE band gap
at (d) halide rich, (e) medium halide, and (f) B-rich chemical potential conditions.

for iodides, ∼ 4 eV (5 eV) for bromides and ∼ 5 eV (6 eV) for
chlorides. Completely inorganic perovskites with (Cs,Rb,K)-
(Ge,Sn) A-B combinations show the lowest band gap values,
with the iodides showing Egap

PBE (Egap
HSE) ∼ 0.5 eV (1.5 eV),

bromides ∼ 1 eV (2 eV) and chlorides ∼ 1.5 eV (2.5 eV). The
MA and FA perovskites with Ge and Sn show larger band gaps
for each halogen atom. All the Pb-based perovskites have higher
band gaps than corresponding Ge and Sn compounds; MA and
FA halides with Pb show Egap

PBE (Egap
HSE) ∼ 2 eV (3 eV) for

iodides, ∼ 2.5 eV (3.5 eV) for bromides and ∼ 3 eV (4 eV) for
chlorides. The Cs, Rb and K halides with Pb show band gaps
that are approximately lower by ∼ 1 eV than their MA and
FA counterparts. It should be noted here that due to general
uncertainty about the exact accuracies of PBE and HSE band
gaps, we adopt a screening criterion as shown in Fig. 1(c) of
Egap

PBE ∈ (0, 2.5) eV and Egap
HSE ∈ (0, 3.5) eV for suitable solar

cell absorbers. It is observed here that many Pb-based perovskites
do occupy this acceptable range of band gaps, and their band
gaps could potentially be reduced further by adding Sn or Ge,
or increased by adding Ba, Sr, or Ca. Incorporating spin-orbit
coupling with HSE calculations will bring down band gaps, as
has been reported in the literature84–87, but trends will largely
remain the same.

The A-site and X-site vacancy defect properties—namely,
the equilibrium defect formation energy (D.F.E.) and Fermi
level (EF ) for different chemical potential conditions, and the
charge transition levels—are visualized next for the set of 90

pure ABX3 compounds in Fig. 4. This allows the evaluation
of the perovskite dataset in terms of defect tolerance, another
important stability metric. For any given compound, using eqn.
4, the charge-dependent formation energies of VA and VX defects
are plotted against EF as it goes from the VBM to the CBM, and
the equilibrium EF is determined by applying charge neutrality
conditions. The equilibrium D.F.E. and EF change as the chemical
potential changes from halide-rich to medium halide to B-rich
conditions, such that the equilibrium conductivity may transition
between n-type, p-type, or intrinsic. Further, we expect the
relevant defect charge transition levels for VA and VX to be
(0/-1) and (+1/0) respectively, given that the dominant charges
resulting from the two vacancies would respectively be -1 and
+1, and transitions to the neutral state have been observed for
halide perovskites before15,87; these are calculated using eqn. 5.

It can be seen from Fig. 4(a) that the lowest D.F.E. values
(pictured here for medium-X conditions) are shown by Rb and K
compounds while Cs, MA, and FA generally show higher D.F.E.
values. The transition levels, plotted as a fraction of Egap

PBE in
Fig. 4(b) and (c), appear to generally be < 0.2 for VA (0/-1) for
all halides except for (Rb,K)-Ba compounds, while for VX (+1/0),
there is a much higher tendency for deeper values (between
0.2 and 0.8), with (MA,Cs)-(Ge,Sn) compounds being primary
culprits. Several Ca, Sr, and Ba containing perovskites show VX

(+1/0) levels inside the VB or CB and would thus be safer w.r.t
deeper defect levels. Finally, the equilibrium EF , plotted as a
fraction of Egap

PBE for X-rich, medium-X, and B-rich conditions
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in Fig. 4(d), (e) and (f) respectively, shows a general tendency
for p-type conductivity under X-rich conditions that gradually
becomes more n-type under B-rich conditions. All K and Rb
iodides, and Ge, Sn, and Pb based bromides and chlorides, are
strongly p-type under X-rich conditions and only become slightly
less p-type under medium-X or B-rich conditions. All Cs, MA,
and FA containing halides are p-type under X-rich, intrinsic
under medium-X, and n-type under B-rich conditions, which is
consistent with our previous reports on MAPbX3 perovskites and
other published computational literature15,16,87.

Next, the entire DFT dataset of 229 compounds, containing
both pure and mixed cation compositions, is visualized in the
form of plots between different properties of interest in Fig. 5
and Fig. 6. It can be seen from Fig. 5(a), (b) and (d) respectively
that the PBE and HSE computed lattice constant, ∆Hdecomp, and
∆H f orm values respectively correlate highly and often match very
well with each other, indicating that the structure and energetics
from the PBE functional provide sufficient accuracy. Fig. 5 also
shows PBE vs HSE linear regression equations which could be
used for predicting the expensive HSE level information using
the moderate PBE data, with R2 values of 0.97, 0.99, 0.99 and
0.94 respectively for lattice constant, ∆Hdecomp, ∆H f orm, and Egap.
∆Hmix is more sensitive to the functional as can be seen from
Fig. 5(c), with some of the FA-based compounds showing a dif-

(a)

(c)

(b)

(d)

(e)

(f)

y = 0.99x + 0.08
R² = 0.97

y = 1.01x – 0.17
R² = 0.99

y = 1.06x + 0.06
R² = 0.99

y = 1.07x + 0.77
R² = 0.94

Fig. 5 A comparison between the PBE and HSE computed lattice con-
stants (a), ∆Hdecomp (b), ∆Hmix (c), ∆H f orm (d) and Egap (e) for the DFT
dataset of 229 compounds. PBE vs HSE linear regression equations
and R2 values are also pictured. Further, the computed optical absorp-
tion properties are shown as a refractive index vs Figure of Merit (as a
log value of the computed FOM in cm−1) plot in (f).

ference in the relative energetics of pure and mixed composition
compounds from PBE and HSE energies. While the entire DFT
dataset falls within an acceptable stability range for ∆H f orm and
∆Hmix, results are much more interesting for ∆Hdecomp, where the
shaded region of stability in Fig. 5(b) shows that while nearly all
FA and MA compounds are resistant to decomposition, many Cs,
Rb, and K compounds, mostly chlorides, are not. Further, a plot
between Egap

PBE and Egap
HSE in Fig. 5(e) shows a clear linear

correlation between the two, with an R2 value of 0.94 and the
HSE band gaps generally about 7 % + 0.8 eV higher than PBE,
and the shaded region of favorability showing the existence of
many iodides, some bromides, and few chlorides. Fig. S3 shows
εelec plotted against Egap

PBE and Egap
HSE , showing an inverse

relationship between the electronic dielectric constant and band
gap as expected.

Finally, the PV FOM (in log10 scale) estimated from the optical
absorption spectrum is plotted against the refractive index η in
Fig. 5(f) to complete the list of the electronic/dielectric/optical
properties being studied here. Some examples of calculated
absorption coefficients are presented in Fig. S4 along with
the solar irradiance intensities, as a function of wavelength.
We performed additional computations for some well known
semiconductors, namely Si, SiC, GaAs, CdTe and CdSe (all in the
zincblende structure), and their absorption spectra are shown

(b)(a)

(c) (d)

Fig. 6 Defect computed properties for dataset of 229 perovskite com-
pounds: Equilibrium D.F.E. vs EF /Egap plots are shown for (a) halide
rich, (b) medium halide, and (c) B-rich chemical potential conditions.
The shaded region represents materials that satisfy the criterion D.F.E. +
EF /Egap > 1.0 eV and are thus defect tolerant; for high-throughput screen-
ing, this threshold is relaxed to 0.8 eV. The VA (0/-1) and VX (+1/0) charge
transition levels are plotted in (d), with respect to the VBM and CBM re-
spectively, and the shaded region represents cases with defect levels <
0.2 eV from band edges while the remaining materials have deep va-
cancy defect levels.
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in Fig. S4(a) to obtain an idea of how their overlap looks like
with the AM1.5 spectrum. Calculated spectra for some selected
halide perovskite alloys are shown in Fig. S4(b). Rather than
a region of favorability, what we seek as a screening criterion
here is a high value of FOM to maximize absorption in the
visible range. FOM values values for the dataset lie between
3 and 6 in the log scale; in Table SI, we listed the calculated
FOM values of known semiconductors as well as some exam-
ple perovskite compounds from our dataset. The FOM values
of Si and GaAs are close to 6, similar to peak values in our dataset.

The defect properties for the 229 compounds are visualized in
Fig. 6, in the form of plots between equilibrium D.F.E. and EF

(a–c) and between VA (0/-1) and VX (+1/0) (d). In the D.F.E. vs
EF (as a fraction of Egap

PBE) plots, the shaded region indicates
where D.F.E + EF /Egap

PBE > 1 eV, showing the compounds
which have sufficiently large defect formation energies. It can be
seen from Fig. 6(a), (b) and (c) that very few compounds satisfy
this condition, and are dominated by FA and MA containing
perovskites. The number of defect tolerant compounds increases
from X-rich to medium-X to B-rich chemical potential conditions,
with the number of defect-tolerant Cs and Rb based compounds
also consequently increasing. From Fig. 6(d), it is seen that a lot
more compounds satisfy the charge transition level criterion, and
in particular, many K, Rb, and Cs containing perovskites have VA

and VX defects that are shallow in nature. On the other hand,
many FA and MA compounds may create deeper defect levels,
which could be a problem if they do not exist in the shaded
region in Fig. 6(a), (b) or (c). It should be noted that there isn’t
one accepted definition of what constitutes a deep defect level
and the criterion we apply here is slightly relaxed (< 0.5 eV from
the band edges) by considering the level of accuracy expected in
DFT (PBE) computed defect levels.

Neural Network Models

Rigorously optimized, cross-validated, and tested NN predictive
models for various properties of interest—roughly divided in
terms of the type of properties—are presented in Fig. 7, Fig.
8 and Fig. 9. We first report predictions for the structure and
energetics of halide perovskites in terms of the lattice constant
and ∆Hdecomp from PBE and HSE in Fig. 7. The lattice constants
are predicted with similar training and test RMSE of < 0.1 Å,
which is an error of ∼ 7% given the range of values adopted
across the dataset. ∆Hdecomp is also predicted with a high
accuracy of ∼ 0.1 eV test RMSE for both PBE and HSE, which is a
remarkably small error of ∼ 2.5% given the total range of values,
and comparable or better than machine-learned formation
energy errors in the literature113–115. It should be noted from
the definitions of ∆Hdecomp, ∆H f orm, and ∆Hmix that there is an
interdependence between them, meaning that given ∆Hdecomp

and the energies of all elemental or molecular standard states
and halide compounds of A, B, and X species, ∆H f orm and ∆Hmix

can be estimated as well. The NN models presented in Fig. 7
may be applied to predict, at the PBE and HSE levels, the lattice

(a)

(b)

(c) (d)

Fig. 7 Neural network models trained for (a) PBE lattice constant, (b)
PBE ∆Hdecomp, (c) HSE06 lattice constant, and (d) HSE06 ∆Hdecomp.

(a)

(b)

(c) (d)

Fig. 8 Neural network models trained for (a) PBE Egap, (b) HSE06 Egap,
(c) refractive index, and (d) figure of merit. The last two properties are
computed at the PBE level of theory.

constant, decomposition energy, formation energy, and mixing
energy of every compound in the dataset of 17,955.

Next, models are trained for the electronic, dielectric, and
optical properties, namely Egap

PBE , Egap
HSE , η , and FOM, and

the results are presented in Fig. 8. The test RMSE for PBE and
HSE band gaps are 0.22 eV and 0.24 eV respectively, which are
similar to or better than most ML-based band gap predictions in
the literature3,8,17,116–118. The errors in band gap predictions lie
around 5% of the respective ranges of PBE and HSE computed
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values. η can be predicted with a very high accuracy, showing
a test RMSE of 0.05, corresponding to ∼ 3% of the range of
values in the dataset, while the FOM test RMSE converges to
0.18 (in log10), which is ∼ 5% of the range of values. Thus, the
band gaps, electronic dielectric constant or refractive index, and
PV figure of merit can all be predicted for the halide perovskite
dataset with an error of 5% or less, and these predictions can be
used to screen compounds with suitable band gaps and large PV
figures of merit. Finally, we look at the defect properties, and
train separate models for the equilibrium D.F.E. and EF under
X-rich, medium-X, and B-rich chemical potential conditions, and
transition levels VA (0/-1) and VX (+1/0). In Fig. 9, NN models
are presented for D.F.E. and EF under medium-X conditions, and
for VA (0/-1) and VX (+1/0).

Prediction performances for defect properties reveal slightly
higher errors as compared to the structural, energetic, electronic,
and optical properties discussed earlier. There are additional
factors at play when it comes to determining the behavior of
point defects, such as the defect-induced distortions in the
perovskite structure, which means that the descriptors that have
worked so well thus far—elemental/molecular properties of A, B,
and X species—may need to be fortified with more information
for better predictions. Our past work shows that ML-defect
predictions are significantly improved by using cheaper unit
cell defect calculated properties as descriptors in addition to
elemental properties of the defect atom15,101. Nevertheless,
keeping in mind the desire for simplicity in an ML model and the
convenience of common inputs for predicting multiple properties,
we report the best predictions here for all defect properties using

(a)

(b)

(c) (d)

Fig. 9 Neural network models trained for (a) equilibrium D.F.E. and (b)
equilibrium EF , both at medium halide chemical potential conditions, (c)
VA (0/-1) charge transition level and (d) VX (+1/0) charge transition level,
both in eV with respect to VBM. All defect properties are calculated at the
PBE level of theory.

Table 1 NN model training and test prediction RMSEs for every property.

Property Training Set RMSE Test Set RMSE

PBE Lattice Constant 0.09 Å 0.10 Å
HSE Lattice Constant 0.06 Å 0.06 Å

∆Hdecomp (PBE) 0.05 eV 0.11 eV
∆Hdecomp (HSE) 0.05 eV 0.09 eV

Egap
PBE 0.20 eV 0.22 eV

Egap
HSE 0.19 eV 0.24 eV

Refractive Index (PBE) 0.04 0.05
PV FOM (log10) (PBE) 0.14 0.18

X-rich D.F.E. (PBE) 0.12 eV 0.23 eV
X-rich EF (PBE) 0.06 eV 0.19 eV

Medium-X D.F.E. (PBE) 0.18 eV 0.29 eV
Medium-X EF (PBE) 0.11 eV 0.30 eV
B-rich D.F.E. (PBE) 0.11 eV 0.30 eV

B-rich EF (PBE) 0.11 eV 0.25 eV
VA (0/-1) (PBE) 0.07 eV 0.11 eV

VX (+1/0) (PBE) 0.19 eV 0.22 eV

only elemental/molecular descriptors. As shown in Fig. 9, D.F.E.
and EF under medium-X chemical potential conditions can both
be predicted with a test RMSE of ∼ 0.3 eV, which is an error of
less than 10% for both properties. However, a larger difference
between the training and test RMSE values are seen here as
compared to earlier properties, indicating a possible tendency
for over-fitting despite rigorous optimization. NN models for VA

(0/-1) and VX (+1/0) show test RMSE of 0.11 eV and 0.22 eV
respectively, which are both less than 10% of the total ranges
of values. Predictions for D.F.E. and EF under X-rich and B-rich
conditions are presented in Fig. S5, revealing similar accuracies
as the models presented in Fig. 9. Thus, predictions can reliably
be made, generally with an error of no more than 10%, of the
entire vacancy defect formation energy picture (considering only
A-site and X-site vacancies) of all halide perovskite compounds,
and this information can be used to screen for defect tolerant
compounds. The training and test set prediction RMSE values for
every property is listed in Table 1. Corresponding training and
test set errors for optimized random forest and Gaussian process
regression models are presented in Table SII; we find that both
methods yield similar or worse test predictions than NN, and
show a higher tendency for overfitting.

High-Throughput Prediction and Screening
The optimized NN models were deployed for predictions of
every property of interest over the entire space of 17,955 halide
perovskite compositions. The ML predicted property space
is visualized in Fig. S6 and Fig. S7, similar to the way DFT
data was visualized earlier. Since regression is an interpolative
approach, the ML predicted ranges of each property are similar
to the DFT dataset, especially since the chemical space of 17,955
compounds is well represented within the 229 compounds
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chosen for DFT computations. The trends in structural, energetic,
electronic, optical and defect properties remain the same as
before, with many more compounds occupying the shaded
regions of favorability—immediately highlighting the advantage
of a DFT+ML high-throughput screening approach. We discuss
ML predictions at both the PBE and HSE levels here, since
different functionals are suitable for different compositions or
may be desired for future predictions of even higher-fidelity data,
as explained more later.

As shown in Fig. S6(a), (b) and (d), the lattice constant,
∆Hdecomp, and ∆H f orm at the PBE and HSE levels yield similar
predictions, with a lot more MA and FA compounds in the
low ∆Hdecomp region. ∆Hmix

PBE and ∆Hmix
HSE in Fig. S6(c)

remain uncorrelated for many compounds but across the dataset,
∆Hmix values lie below the desired threshold of 0.5 eV. ML
predicted Egap

PBE and Egap
HSE plotted in Fig. S6(e) also show

similar trends as in the DFT dataset, with several hundred
more fresh compounds in the desirable region. Further, the
ML predicted FOM vs η plot captures a large number of Cs,
Rb, and K-containing perovskites—many of them occupying the
desired band gap region—that do quite well when it comes to
absorption within the solar spectrum. The ML predicted defect
properties presented in Fig. S7, again, capture the same trends as
in the DFT dataset. A large majority of Cs, Rb and K perovskites
fail to satisfy the D.F.E. / EF criterion and will thus not be
defect-tolerant, while the number of FA and MA compounds
with large enough defect energies increase from X-rich (a) to
medium-X (b) to B-rich (c) conditions. The VA (0/-1) vs VX

(+1/0) plot in Fig. S7(d) once again shows a predominance
of Cs, Rb, and K compounds in the desired shallow defect level
region, with an enormous number of FA and MA bromides and
chlorides containing deeper level vacancy defects. Finally, Fig. S8
shows ML predicted εelec plotted against Egap

PBE and Egap
HSE ,

further confirming the inverse relationship mentioned earlier.

A closer look at the DFT/ML data reveals reasons for the
popularity of (FA,MA)(Pb,Sn)(I,Br)3 perovskites, which have
high FOM values of > 5.2, suitable band gaps between 1 eV and
2 eV, low decomposition energies, and high defect formation
energies. A majority of purely inorganic Cs, Rb and K-based
perovskites show high FOM values and fewer deep defect levels,
but are plagued by instability to decomposition and may need to
be further stabilized, e.g., by entropic contributions with more
B-site cations. Based on the screening funnel identified in Fig.
1(c), we use the ML predicted properties across the dataset of
17,955 perovskites to identify compounds with sufficiently low
formation, decomposition, and mixing energies (from PBE and
HSE), band gaps in suitable ranges (from PBE and HSE), and
defect tolerance based on equilibrium defect formation energies
and transition levels. This screening process is presented in Fig.
10, using pie charts to display statistics and the frequency of
occurrence of each A, B, and X species, and listing some examples
of screened compounds. It is seen that 12,533 compounds out
of 17,955 are identified as stable, 4102 of which have suitable
Egap

PBE and Egap
HSE values, and finally, 574 compounds are left

which display robust vacancy defect-tolerance as well.

It is interesting to note the prevalence of certain species
and the absence of certain other species through the screen-
ing process. A majority of the stable compounds are FA and
MA-based, while a large number of K-based compounds are
eliminated during the stability screening. All B-site atoms are
equally represented at this stage while Br is much more prevalent
than I or Cl, indicating that the bromides of FA and MA with
any combinations of B atoms are more likely to be stable than
other combinations. At the band gap screening stage, there is a
rearrangement of the frequencies of occurrences: more FA and
MA based compounds are eliminated, so that there is more of a
balance between the 5 types of A species. Pb, Sn, and Ge are
now the majority occurring B-site atoms, and fading numbers of
Ca, Sr, and Ba are seen, while the number of chlorides further
reduces, presumably because of their larger than desired band
gaps. Iodides and bromides are both well represented at this
point. After the defect tolerance screening stage, it can be seen
that all the K-based compounds are eliminated, there are small
numbers of Cs and Rb compounds left, and a majority of the
perovskites have MA or FA at the A-site. Pb is the most common
B-site element followed by Sn and Ge, with group II elements
Ca, Sr, and Ba playing the role of low fraction substituents in
certain compositions. All the chlorides are also eliminated and
> 83% of the compounds are now iodides, indicating that MA
and FA-based iodide perovskites are much more likely to be
defect-tolerant than the corresponding bromides.

To further scrutinize the screened space of compounds, the
fractions (corresponding to the amount of mixing at the B-site)
of different types of B-site cations are plotted for all the screened
iodides and bromides of FA, MA, Cs, and Rb in Fig. 11. It is noted
from Fig. 11(a) that in Rb-based compounds, Pb and Sn occur in
smaller fractions of 0.125–0.375, whereas Ge occurs in fractions
of 0.500–0.875, and Ca/Sr/Ba only ever occur in fractions of
0.125. In Cs-based compounds captured in Fig. 11(b), Pb and Sn
occur in both lower and higher fractions (0.125–1.0) although
Ge continues to adopt higher fractions as well, while Ca/Sr/Ba
occur in fractions of 0.125 or 0.25. Trends in MA- and FA-based
compounds in Fig. 11(c) and (d) are similar to each other, with a
clear prevalence of both Pb and Sn atoms from low to high frac-
tions (0.125–1.0), relatively fewer occurrences of Ge in fractions
of 0.25–0.75, and some occurrences of Ca/Sr/Ba in fractions of
0.125–0.5. An increase of the radius of A-site species from Rb
to Cs to MA to FA predictably leads to a higher occurrence of
larger B-site cations like Pb and Sn that also show suitable band
gaps and defect tolerance. It is seen that group II cations usually
prefer smaller substitutions of more common B-site atoms like Pb
and Sn. The symbol sizes in Fig. 11 are proportional to the PV
FOM, revealing that a number of Cs-based perovskites with small
fractions of Sn/Ca/Sr/Ba/Pb and large fractions of Ge, as well as
a number of MA-based compounds with small fractions of Pb/Ge
and larger fractions of Sn, show some of the largest absorption
within the solar spectrum range. Finally, given the enduring
pursuit for Pb-free halide perovskites, it is prudent to look at how
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Fig. 10 A visualization of the perovskite compositional space through the screening process, in terms of the fractions of each type of A, B and X atoms
remaining in the set of compounds.

many of the screened compounds contain no Pb at all. It is seen
that 51 of the 574 compounds contain no Pb, which constitutes
about 8.9% of the set. Therefore, while >90% of compositions
that have desirable properties contain Pb, removing Pb from
the perovskite composition and still achieving high stability and
desirable optoelectronic and defect properties is still a possibility.

A selected list of 25 screened compounds are presented in
Table 2, along with their ML predicted decomposition and
mixing energies (at the HSE level), PBE and HSE band gaps,
PV FOM (log10), and nature of equilibrium conductivity under
medium-halide chemical potential conditions as determined by
A-site and X-site vacancies. Some of the compounds listed or
their close derivatives are part of the experimental literature and
have been suggested as candidates for solar cell absorption. Ad-
ditional computations were performed on some of the screened
compounds. The electronic band structures of three selected
novel mixed cation perovskites, namely CsBa0.125Ge0.875I3,

MAPb0.125Sn0.75Ca0.125I3, and FAPb0.75Ba0.25I3, were computed
from PBE and are presented in Fig. 12, along with the electronic
density of states and the optical absorption spectrum, which
shows the absorption coefficients (in cm−1) plotted against
incident photon energy (in eV), and also shows Egap

PBE as a
vertical line on the x-axis. The three compounds have direct
band gaps of 1.03 eV, 1.04 eV and 2.14 eV, respectively.

Next, we looked at two binaries of interest, Pb-Sn and Pb-Ba,
of the iodide, bromide and chloride perovskites of Cs, MA, and
FA. Fig. 13 shows the ML predicted decomposition energies,
mixing energies and band gaps of entire series of Pb-Sn and
Pb-Ba compositions, at the HSE level; corresponding ML results
at the PBE level are plotted in Fig. S9. As seen from Fig. 13(a),
∆Hdecomp

HSE shows a decreasing trend for Pb-Sn compounds for
all A-X combinations with increasing Sn content, while ∆Hmix

HSE

in Fig. 13(b) shows a more irregular trend with both downward
and upward facing curves. CsPb1−xSnxCl3 and MAPb1−xSnxI3
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Table 2 Selected examples of screened perovskites.

Perovskite Formula HSE ∆Hdecomp HSE ∆Hmix PBE Egap HSE Egap PV FOM Eqm. Cond.
(eV p.f.u.) (eV p.f.u.) (eV) (eV) (log10 cm−1) (Med. X)

CsCa0.125Ge0.75Sn0.125I3 0.09 0.06 0.95 1.60 5.35 mod. p-type
CsCa0.125Ge0.875I3 0.12 0.08 1.04 1.66 5.35 intrinsic
CsSr0.125Ge0.875I3 0.12 0.07 1.05 1.65 5.34 intrinsic
CsBa0.125Ge0.875I3 0.15 0.06 1.05 1.63 5.35 mod. p-type

CsSr0.125Ge0.75Sn0.125I3 0.10 0.06 1.00 1.62 5.34 mod. p-type
RbGe0.75Pb0.25Br3 -0.04 -0.02 0.56 1.51 5.41 very p-type

CsCa0.125Ge0.75Pb0.125I3 0.12 0.07 0.96 1.63 5.33 mod. p-type
RbGe0.625Sn0.125Pb0.25Br3 -0.03 -0.03 0.57 1.48 5.40 very p-type

MASnI3 0.35 0.00 0.87 2.47 5.51 very p-type
MASn0.875Pb0.125I3 0.37 0.00 0.90 2.46 5.48 very p-type

CsSr0.125Ge0.75Pb0.125I3 0.13 0.08 1.01 1.65 5.33 mod. p-type
CsCa0.125Ge0.625Pb0.25I3 0.12 0.07 0.96 1.64 5.30 mod. p-type

MASn0.75Pb0.25I3 0.39 0.00 0.94 2.46 5.47 very p-type
MAGe0.125Sn0.75Pb0.125I3 0.41 0.04 0.88 2.46 5.48 very p-type

MAGe0.125Sn0.875I3 0.40 0.05 0.86 2.47 5.49 very p-type
FACa0.375Ba0.125Pb0.5I3 -0.43 -0.05 2.29 3.23 4.76 mod. n-type
MACa0.25Ge0.25Pb0.5Br3 -0.04 0.13 2.07 3.35 4.74 mod. p-type

FACa0.25Sr0.125Ba0.125Pb0.5I3 -0.44 -0.03 2.32 3.24 4.76 mod. n-type
FACa0.25Sr0.25Pb0.5I3 -0.44 -0.02 2.31 3.24 4.75 mod. n-type

MACa0.125Sr0.125Ge0.25Pb0.5Br3 -0.04 0.13 2.13 3.38 4.73 mod. p-type
FACa0.125Sr0.25Ba0.125Pb0.5I3 -0.45 -0.02 2.37 3.26 4.76 mod. n-type

FACa0.125Sr0.375Pb0.5I3 -0.44 -0.01 2.36 3.26 4.75 mod. n-type
MACa0.25Sn0.125Pb0.625Br3 -0.07 0.06 2.23 3.47 4.74 mod. p-type
MACa0.25Ge0.125Pb0.625Br3 -0.05 0.10 2.18 3.44 4.73 mod. p-type

MACa0.125Sr0.125Ge0.125Pb0.625Br3 -0.05 0.09 2.25 3.48 4.72 mod. p-type

(a) (b)

(c) (d)

Fig. 11 Visualizing the compositional space of the screened (a) Rb, (b)
Cs, (c) MA and (d) FA iodide and bromide perovskites. The size of each
scatter point is proportional to the calculated figure of merit.

show increased stability for intermediate compositions compared
to the end points, whereas FAPb1−xSnxBr3 and FAPb1−xSnxCl3
lead to intermediate compositions with reduced stability. Band
gaps of all Pb-Sn binaries, plotted in Fig. 13(c), show a decreas-
ing trend with increasing Sn, with the change much more drastic

in the all inorganic CsPb1−xSnxX3 compounds compared to their
organic-inorganic counterparts. From Fig. 13(f), it can be seen
that the band gaps of Pb-Ba binaries show the opposite trend,
increasing all the way from Pb to Ba with increasing Ba content,
for all A-X combinations. ∆Hdecomp

HSE of Pb-Ba binaries in Fig.
13(d) show irregular trends while ∆Hmix

HSE in Fig. 13(e) shows
both downward and upward facing trends. CsPb1−xBaxCl3,
FAPb1−xBaxI3, MAPb1−xBaxI3, and MAPb1−xBaxCl3 show more
stable intermediate compositions than the respective end points
while FAPb1−xBaxBr3 and FAPb1−xBaxCl3 compositions show the
opposite trend. ML predicted properties can be used to quickly
produce such plots for any desired binaries, ternaries, and more.

Predictive Power and Future Work

The data-driven design framework demonstrated in this work,
powered by high-throughput DFT computations and neural net-
works, works quite well for a constrained problem where only
certain atoms, compositions, phases, and levels of theory are at
play. Since ML approaches being applied here are interpolative
in nature, a natural question arises over how far the applicability
of these predictive models could be stretched. Do they only work
well for the set of ∼ 18,000 compounds selected here, or could
they be used for other related compositions which may be consid-
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Fig. 12 PBE-computed electronic band structure, density of states, and anisotropic optical absorption spectra (also showing band gaps as vertical
dotted lines) of three compounds selected from the screened list: (a) CsBa0.125Ge0.875I3, (b) MAPb0.125Sn0.75Ca0.125I3, and (c) FAPb0.75Ba0.25I3. All
band structure and optical absorption plots are made using Sumo 94.

ered out-of-sample by some definitions? A few examples of such
out-of-sample data points may include:

1. Extensions to more A-site species such ethylammonium (EA)
and dimethylammonium (DMA), and B-site species such as
lanthanides (La, Eu), Cd, Zn, etc.

2. Mixing fractions other than n/8 (where n is an integer be-
tween 0 and 8, necessitated by the consideration of 2×2×2
supercells for all computations).

3. Mixing at A-site or X-site, as well as simultaneous mixing at
two or three sites.

4. Consideration of non-cubic perovskite phases, such as or-
thorhombic, tetragonal and hexagonal.

In theory, using the suitable weighted averages of elemen-
tal/molecular properties as input, our predictive models can be
applied to compositions such as MACa0.06Ba0.47Sn0.22Pb0.25I3

and CsPb0.33Sn0.33Ge0.33Br3 which involve arbitrary cation-site
mixing, as well as compounds with new types of atoms at differ-
ent sites or mixing at A and X sites. To test the true predictive
power of current models on out-of-sample points, we performed
some additional calculations and collected some data from past
work. Three types of new data points were included: (a) 15
compounds with random A-site and X-site mixing (considering
the same set of A, B and X atoms as before), (b) 15 compounds

with new B-site cations (Mg, Si, Cd, Zn, etc.) mixed in fractions
of 1/8 with Pb at the B-site in MA(B)(X3) compounds, collected
from our past works15,16,119, and (c) 5 new MAPbX3 3×3×3
supercell calculations with Sn/Ba/Sr mixing at the Pb-site. Fig.
14 shows the ML predicted decomposition energies and band
gaps (at the PBE level) plotted against DFT results—showing
excellent correspondence. The 35 compounds considered for
testing out-of-sample predictive power are listed in Table SIII.

The 3×3×3 supercell calculations, which represent new
types of B-site mixing fractions, are very accurately predicted,
with RMSE values of 0.02 eV and 0.14 eV for ∆Hdecomp

PBE and
Egap

PBE , respectively. For both A/X-site mixing and new B-site
systems, ∆Hdecomp

PBE RMSE values are quite low at 0.05 eV and
0.10 eV respectively. Band gaps are slightly worse for A/X-site
mixing points with an RMSE of 0.34 eV, while predictions for
new B-site points lie at 0.25 eV. These results are remarkable,
and already prove that for pseudo-cubic halide perovskites, ML
models based on tabulated elemental or molecular properties
are quite sufficient to universally predict the stability and band
gaps of any possible composition, even if significantly different
from the training dataset. We expect that inclusion of these
out-of-sample points in the ML training step would further
improve these predictions. Presently, we are extending the
dataset to include many more A-site mixed, X-site mixed, and
multi-site mixed points, compositions from mixing in larger
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(a) (b) (c)

(d) (e) (f)

Fig. 13 ML (HSE) predicted decomposition energies, mixing energies (with added entropic contribution) and band gaps of Pb-Sn (a, b, c) and Pb-Ba
(d, e, f) binary ABX3 perovskites with A = Cs, MA or FA and X = I, Br or Cl, plotted as a function of Sn or Ba content.

(a) (b)

Fig. 14 ML (PBE) predicted decomposition energies and band gaps
compared with DFT computed values for out-of-sample data points,
namely new A-site and X-site mixed compounds (orange), B-site mixing
with new elements (blue), and alloys simulated in a 3×3×3 MAPbX3 su-
percell (green). RMSE values for the three sub-datasets are also shown.

supercells, as well as alternative perovskite phases. To elucidate
the effect of the perovskite structure—that is, to study how the
stability and band gap differ for non-cubic perovskite phases—we
performed a few additional PBE computations on tetragonal,
orthorhombic, and hexagonal phases of 31 pure and mixed
composition perovskites. This data is presented in Fig. S11 in
terms of comparisons between DFT/ML - PBE/HSE cubic and
PBE non-cubic decomposition energy and band gap. We find
that the mean absolute difference in PBE ∆Hdecomp values from
cubic to non-cubic phases is 0.08 eV, indicating a closeness
in stability of all phases. PBE band gap values between cubic
and non-cubic phases often vary significantly, showing a mean
absolute difference of 0.46 eV, with the largest difference of 1.18
eV seen for CsGeCl3. It can be concluded that the perovskite
phase does indeed make a big difference, and present work is
very much limited to a consideration of cubic phases; additional
DFT data and descriptor dimensions to represent the crystal

structure can enable extension of the ML models to other phases.

Another limitation in this work is the lack of consideration of
entropic contributions to the decomposition energies, which may
stabilize previously unstable or metastable mixed compositions.
While the detailed calculation of vibrational, electronic and
configurational entropies from first principles thermodynamics is
beyond the scope of this work, we can obtain rough estimates
for the mixing entropy contributions in alloys110 as T∆S =
kBT*∑ixi*ln(xi), where xi is the mixing fraction (between 0
and 1) of the ith element at the B-site, kB is the Boltzmann
constant, and T is the growth temperature. Fig. S10 shows this
value in eV, calculated at 100◦C for the entire dataset of 17,955
perovskites, plotted against their ML-predicted ∆Hdecomp

PBE . It
can be seen that the mixing entropy contribution ranges between
-0.06 eV and 0 eV, meaning there would only be a sight shift in
the stability threshold (shown using dashed vertical lines in Fig.
S10) if it is added to ∆Hdecomp, and very few compounds would
be added that were eliminated during the screening test earlier.
Future work may involve better estimates of entropy terms
for select materials, ab-initio molecular dynamics simulations
to unravel the time-dependent thermal stability of screened
perovskite compounds, and computation of phonon properties to
reveal dynamic stability and vibrational free energies.

A note should also be made about the inherent uncertainties
of using density functional theory. Universal benchmarking of
DFT functionals for different properties of interest in the halide
perovskite chemical space is not a solved problem. Although the
HSE06 functional has been used here to improve the estimates, as
compared to PBE, of the structure, energetics, and certainly the
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electronic properties, further improvements may be necessary in
terms of tuning the mixing parameter in HSE06 (fixed at 0.25 in
this work), consideration of spin-orbit coupling for band gaps and
defect formation energies, and the use of GW approximations for
both electronic and optical properties120. To assess the accuracy
compared to experiments, we collected measured band gaps of
36 pure and mixed composition perovskites from the aforemen-
tioned surveyed literature. The ML or DFT (when available for cu-
bic or non-cubic phases) predicted PBE/HSE band gaps are plot-
ted against measured values in Fig. S12. It is seen that PBE band
gaps have a much lower RMSE of 0.36 eV while HSE band gaps
have an RMSE of 1.08 eV. It stands to reason that ignoring SOC
leads to an overestimation of the HSE band gap, while cancella-
tion of errors (especially for organic-inorganic perovskites such as
MAPbI3 and FASn0.25Pb0.75I3) tends to make PBE band gaps more
accurate. HSE band gaps are predicted much better for purely in-
organic perovskites such as CsPbBr3 and CsSn0.5Pb0.5Br3. Going
forward, there will be a focus on the collection of more experi-
mental data and the improvement of predictions with extensions
to higher level theory. Since most of these extensions involve
fairly expensive computations, they can initially be performed on
a restricted set of compounds—such as the screened set of 574
in this work—prior to being applied on a much larger dataset.
This also opens the door to the use of multi-fidelity learning ap-
proaches, wherein large amounts of lower-accuracy data (e.g.,
PBE calculations) combined with more modest higher-accuracy
estimates (e.g., HSE06 or GW calculations, or even experimental
measurements) can lead to very accurate ML models for high-
fidelity predictions80,101.

Despite the many promising aspects of a DFT+ML screening
process studied here, there are still significant hurdles towards
experimental realization. There is a heavy imbalance between
compounds studied from DFT and related approaches, and com-
pounds that are actually synthesized, characterized and tested for
their electrical, electronic, optical, and dielectric properties. Ad-
ditional variables in the set of descriptors and output properties
would be added in future work that account for the likelihood of
synthesis of screened compounds and possible reaction pathways
to make them happen. Current work also ignores the presence of
metastable structures, or perovskite phases that constitute unex-
plored local minima in the energy landscape. The NN framework
only takes the atoms and composition into account, and makes
predictions for what is assumed to be the global minimum en-
ergy structure of the given halide perovskite composition. Future
extensions will include computations on metastable phases and
retraining of NN models to reflect that, explicitly studying how
the free energy is influenced by polymorphism, configurational
entropy, surface energies, octahedral rotation and distortion, and
non-stoichiometric compounds.

Conclusions
In summary, a data-driven framework was developed for
the on-demand prediction and design of novel pseudo-cubic
mixed-cation halide perovskites, using high-throughput DFT
computations and rigorously optimized neural network models.
DFT data was generated for multiple properties, including the

lattice constant, formation/decomposition/mixing energy, band
gap, refractive index, photovoltaic figure of merit based on
optical absorption spectrum, and the formation energies and
charge transition levels of vacancy defects, using two different
levels of theory, for ∼ 1.3% of the entire possible set of com-
pounds. NN regression models were trained on the DFT data,
using the elemental or molecular properties of A, B and X species
constituents as descriptors, and following standard machine
learning practices, leading to predictions of all properties over
the entire dataset. Screening of compounds with suitable sta-
bility, band gaps and defect tolerance reveals the predominance
of MA and FA-based iodides, with B-site mixing involving larger
fractions of Pb and Sn and smaller fractions of Ge, Ba, Sr, and Ca.
Selected compounds were subjected to additional computations
and certain perovskite binaries of interest were examined in
terms of their stability and band gaps. The predictive models
also showed impressive accuracy for out-of-sample points, which
included A-site and X-site mixing, new types of B-site cations,
and larger supercell calculations, indicating the robustness and
wide applicability of the design framework. We highlighted the
limitations of this work and the extensions being pursued for
continuous improvement. The next few years will undoubtedly
witness innovative applications of methods rooted in AI, ML,
and data science on halide perovskite chemical spaces, and
the accelerated design of novel structures, compositions, and
synthesis pathways for next generation optoelectronics, power
devices, and related applications.

Data and Code Availability
The entire DFT dataset, including full PBE and HSE06 relax-
ation, static, optical absorption, dielectric, and vacancy de-
fect calculations for 229 compounds, can be accessed from
Materials Data Facility121. Tabulated DFT properties, de-
scriptors for ML, scripts to train and optimize neural net-
work models, and all ML predictions are available on Github:
https://github.com/mannodiarun/perovs_ml.git.
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