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Bayesian optimization based on a unified figure of
merit for accelerated materials screening: A case

study of halide perovskites

Xiwen Chenl, Chen Wangl, Zhenzhu Lil, Zhufeng Hou® and Wan-Jian Yin"*

ABSTRACT The figure of merit is of crucial importance in
materials design to search for candidates with optimal func-
tionality. In the field of photovoltaics, the bandgap (E,) is a
well-recognized figure of merit for screening solar cell ab-
sorbers subject to the Shockley-Queisser limit. In this paper,
the bandgap as the figure of merit is challenged since an ideal
solar cell absorber requires multiple criteria such as stability,
optical absorption, and carrier lifetime. Multiple criteria make
the quantitative description of material candidates difficult
and computationally time-consuming. Taking halide per-
ovskites as an example, we combine thermodynamic stability
(AHy) and E, into a unified figure of merit and use Bayesian
optimization (BO) to accelerate materials screening. We have
found that, in comparison to an exhaustive search via multiple
parameters, BO based on the unified figure of merit can screen
optimal candidates (E,pp between 0.6-1.2 eV, AH;>—29 meV
per atom) more efficiently. Therefore, the proposed method
opens a viable route for the search of optimal solar cell ab-
sorbers from a large amount of material candidates with less
computational cost.

Keywords: descriptor, machine learning, Bayesian optimization,
DFT calculations

INTRODUCTION

Design of novel materials in the fields of catalysis [1-3]
and photovoltaics [4-10] is highly dependent on the
figure of merit, which relates material functionality to
material parameters. For a long time, the bandgap (E,)
has been considered as a crucial material parameter in the

search of novel semiconductors for photovoltaic appli-
cations subject to the Shockely-Queisser limit [11]. Ac-
cordingly, a number of novel materials have been
considered as promising semiconductor alternatives to
mature solar cell absorbers, such as Cu,S (E=
12eV) [12,13], FeS, (E=1.0eV) [14,15], Zn,P, (E=
1.5eV) [16-18], Cs,CulnCls (E;=1.4¢eV) [4], and Cs,
AglInBrg (E;=1.5eV) [4,7]. However, these materials did
not show promising performance, which highlights the
importance of other material parameters such as stability,
optical absorption, and carrier lifetime for the identifi-
cation of solar cell absorbers.

By considering multiple material parameters, the hier-
archical structure for material design of solar cell absor-
bers is shown in Fig. 1. The key parameters may include
bandgap, decomposition energy, effective mass, exciton
binding energy, carrier lifetime, etc. These material
parameters are not easily accessed and are usually derived
by state-of-the-art methods such as density functional
theory (DFT) calculations. As a result, an exhaustive
search based on DFT, where all material parameters for
each material candidate are calculated (Fig. 2a), becomes
the prevalent screening strategy. For example, Zhao et al.
[8] considered five parameters: decomposition energy,
bandgap, electron and hole effective mass, and exciton
binding energy, for sixty-four perovskites, finally selecting
eleven perovskites for solar cell applications. Huo et al.
[9] used high-throughput computing based on phase
stability, formation energy, bandgap, effective mass, and
optical absorption to select five compounds among 168
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Figure 1 The hierarchical structure of materials design for solar cell absorber. The color-highlighted part are considered in this work.

types of chalcogenide single perovskites. Jacobs et al. [10]
sequentially considered energy above the convex hull, the
Perdew-Burke-Ernzerhof (PBE)-bandgap, the Heyd-Scu-
seria-Ernzerhof (HSE)-bandgap, and spectroscopic lim-
ited maximum efficiency (SLME) calculations, and finally
selected 15 perovskites for potential solar cell applica-
tions.

When the number of material candidates is huge, direct
DFT calculation on material parameters is computation-
ally heavy. Machine learning has become an alternative
and effective approach for materials screening [5,19-25].
Based on existing data, machine learning can learn the
correlation between material parameters {y;} and material
features {x;} and infer a relation y=f({x;}) (Fig. 1) [26].
The features should be easily accessed and can be quan-
tified as a dataset {x;}, which can be used as numerical
representation of material parameters {y,}. Then, for new
materials with given {x;}, material parameters can be
obtained in a much faster way than with direct DFT
calculations. Therefore, the machine learning approach
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can be applied to a huge number of candidates when
direct DFT calculation for material parameters is un-
affordable. For example, Lu et al. [19] predicted the
bandgaps of 5,158 unexplored possible hybrid organic-
inorganic perovskites (HOIPs) based on a database of 212
reported HOIP bandgaps. They performed an exhaustive
search to select 218 stable perovskites with the proper
bandgap for solar cells. Weston et al. [20] used machine
learning to predict the band gaps of 1,568 kesterite I,-II-
IV-VI, compounds based on a bandgap database of 200
kesterite compounds. They found 242 materials with a
bandgap in the optimum range of 1.2-1.8 eV, whose
stability was assessed by calculating the energy above the
convex hull, and identified 25 compounds for photo-
voltaic devices.

Despite the successful attempts of these methodologies,
there are still unsolved issues and challenges in the
practical applications of machine learning. First, the ex-
haustive search approach can waste computational time
since it is not able to avoid unnecessary calculations. An
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example is the case of bandgap calculations for extremely
unstable compounds. It would become extremely com-
putationally expensive when the number of candidate
materijals is large. Second, multiple parameters are not
able to quantitatively describe the potential of a material
as a solar cell absorber, which would make direct com-
parison between two compounds difficult. For example, it
is difficult to compare an extremely stable compound
with a bandgap of 1.61 eV to an intermediately stable
compound with a bandgap of 1.50eV. A common
bandgap criterion of 1.0-1.6 eV excludes a stable com-
pound with a bandgap of 1.61 eV. Third, current machine
learning models are trained based on a small data set and
make predictions for a large amount of data, therefore,
the validity of the machine learning model is still a pro-
blem.

As shown in Fig. 2b, Bayesian optimization (BO) is a
powerful technique for finding optimal values of function
y=f({x;}) within a given {x;} set [26,27]. Different from
one-shot machine-learning approaches, BO can be in-
itialized with a small group of data and evolve into a
reasonably good model during sampling-modeling itera-
tions. Due to its dynamical and efficient nature, it is also
called the adaptive machine-learning method [28-30].

In this paper, using halide perovskites as a case study,

a Exhaustive search

we use a unified figure of merit that combines the ma-
terial parameters of bandgap and thermodynamic stabi-
lity, and use BO to screen materials for solar cell
absorbers. Perovskite ABX; is a typical crystal structure
with chemical flexibility on all A, B, and X sites and,
therefore, provides a treasure trove of material candidates
for high-throughput and machine-learning studies in
material design. The prototype phase of perovskite
(ABX;) is the cubic Pm3m phase, which has O, symmetry.
Double perovskite (A,B(I)B(III)X¢) replaces two divalent
B*" ions with one monovalent ion B(I)'* and one trivalent
B(III)’" ion on the basis of perovskite (ABXj;), with the
space group becoming Fm3m. Based on experimental
reports [31-44], we chose elements in B(I) and B(III) sites
that are adjacent to elements from known perovskite
materials. We considered 438 perovskites in total, in-
cluding 18 single perovskites ABX; (A=K, Rb, Cs; B=Pb,
Sn; X=Cl, Br, I), and 420 double perovskites A,B(I)B(III)
Xs (A=Na, K, Rb, Cs; B(I)=Na, K, Rb, Cu, Ag, In, T]; B
(IIT)=Sb, Bi, Ga, In, T1; X=Cl, Br, I) as shown in Fig. 3.
As a demonstration of the algorithm, we only con-
sidered decomposition energies and bandgap, as shown in
Fig. 1. The algorithm can be extended to other material
parameters such as effective mass, optical absorption, and
carrier lifetime in the future if these data are available. In

No. of material candidates

No. of material parameters

Y

b Bayesian optimization search

“Confidence interval
@ Calculated data
—— Samples from Gaussian process

== Prediction
— True function

Unified figure of merit

No. of material candidates

A 4

Unified figure of merit

Confidence interval

== Prediction
— True function @ Calculated data
—— Samples from Gaussian process

No. of material candidates

Figure 2 Schematic approach for (a) exhaustive search, and (b) Bayesian optimization.

1026

© Science China Press and Springer-Verlag GmbH Germany, part of Springer Nature 2020

June 2020 | Vol.63 No.6



SCIENCE CHINA Materials

ARTICLES

Figure 3 Material systems considered in this work, including 18 single
perovskites and 420 double perovskites.

the current work, an exhaustive search requires 438
(number of materials) x 2 (number of parameters)=876
calculations to identify the optimal 23 materials within
the defined criteria. We have found that BO is three (two)
times more efficient than an exhaustive search for iden-
tifying 80% (60%) of stable perovskites (with optimal
band gaps). Taking the stability and bandgap as a unified
figure of merit, BO is twice as fast as an exhaustive search
for selecting 80% of promising solar cell absorbers. Since
BO is a type of recommendation algorithm, which usually
starts from a small amount of data and adaptively corrects
its model, it is more appropriate for experimental im-
plementation. The methods proposed here demonstrate
more efficient searching power for the selection of can-
didates with the proper bandgap and decomposition en-
ergies than a conventional exhaustive search.

METHODS

First-principles calculations
First-principles calculations were performed based on
DFT [45,46] as implemented using the VASP 5.4 code
[47]. For the exchange-correlation functional, we used the
generalized gradient approximation (GGA) [48] within
the PBE. The plane wave cutoff energy was 300 eV. The
total energies of perovskites and their secondary phases
were calculated. The same k-mesh density was chosen for
all the structures by setting KSPACING=0.12. The crystal
structure was fully relaxed until all atomic forces were less
than 0.01 eV A" and the convergence criterion for the
total energy was 0.5meV at each self-consistent field
iteration.

For the calculation of band gaps, the strings of k-points
were set to I'-Z-T-Y-S with 40 k-points between two
neighboring high symmetry k-points. In the current
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work, fundamental bandgaps, i.e., the energy level dif-
ference between the valence band maximum (VBM) and
conduction band minimum (CBM), were considered
without distinguishing between direct or indirect band-
gap. Because the error of the HSE bandgap relative to the
experimental bandgap is 0.3 eV, the HSE bandgap cri-
terion value around the ideal 1.4 eV bandgap for a single
junction solar cell was taken as 1.1-1.7 eV. GGA-calcu-
lated bandgaps were corrected according to the correla-

tion function E, ™" = 12607 x E,”**+0.2246 [10]. Thus,
the PBE bandgap should be 0.6-1.2 eV.

Linear programming (LP) for thermodynamic stability
Thermodynamic stability can be quantified by the de-
composition energy, which is defined as the total energy
difference between the competing secondary phases and
the material of interest. As shown in Fig. 4a, the ther-
modynamic stability of double halide perovskites A,B(I)B
(IIT)Xs was conventionally evaluated through a particular
decomposition pathway, for example, to binary compet-
ing phases, i.e., A,B(I)B(IIN)X, — 2AX + B(DX + B(II)X,
[7,8]. In principle, thermodynamic stability can only be
quantified by the decomposition pathways of binary
competing secondary phases. However, Xiao et al. [42]
proposed that the decomposition pathways to binary
phases are not optimal pathways for many halide double
perovskites, so they may overestimate their stability. In
order to consider more decomposition pathways, Filip et
al. [49] employed the quaternary phase diagram that
contains more than 5,000 decomposition pathways. They
considered 17 decomposition pathways from a plane of
the quaternary phase diagram to study the stability of 18
double perovskites. Despite of considering multiple de-
composition pathways, the calculations still cannot
guarantee the optimal decomposition pathway, which has
a minimum decomposition energy among all the possible
pathways.

In order to determine the optimal decomposition
pathway, we have calculated the total energies of all
possible competing phases that exist in the inorganic
crystal structure database (ICSD) and the powder dif-
fraction file (PDF) card. We have found that there are
important competing phases missing in the ICSD, for
example, Cs;In,Bry, which would result in unphysical
results. An additional five secondary phases, K;BiCl,,
K;Bi,Cl;, KCu,Cl;, Rb;BiClg and Rb;Sb,Cl,, were con-
sidered via atomic replacement since we have found their
close counterparts do exist, although they do not exist in
either the ICSD or PDF. There are 235 secondary phases
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a Conventional method

b Linear programming

Material of interest A,B(I)B(II1)X,

Material of interest A,B(I)B(II1)X

|

l

Common decomposition pathways
i.e., AB(B(IIX,— 2AX +B(I)X + B(lll)X

3

All competing secondary phases i.e., A, B(l),
B(Ill), X,, AX, B(1)X, A,B(ll),X, -.....

|

|

DFT calculations

DFT calculations

|

|

AH, for particular decomposition pathways

Linear programming to identify the optimal
decomposition pathways and AH,

Figure 4 The comparison of (a) conventional methods and (b) linear programming to calculate the decomposition energies of materials.

considered in total (Table S1).

LP is an efficient approach for determining the optimal
decomposition pathway and consists of linear constraints
and an objective function [50,51]. Assuming Equation (1)
is the decomposition pathway, Equation (2) is the cor-
responding decomposition energy. We choose Equations
(3-7) as linear constraints on the basis of mass con-
servation and Equation (2) as the objective function. If
the objective function is the lowest number, then n; is
available. A,B(I)B(III)X,; and AyB(I),,;B(III);X; represent
halide double perovskite and secondary phases, respec-
tively. Halide single perovskites are treated as the same as
halide double perovskites (Fig. 4b).

ABDBIX,— Y, A,B(D),, B(ID), X, )
i=1

AH, = Zln - E(A,B(D),, B, X, )

—E(A B(DB(IDX ), 2
Zni-l,.=2, 3)
Zni-mi: 1, 4
Z: L, (5)
Zi:ni-ti:6, (6)
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Ofl’llfmln{l—l,m—l,s—l,t—l} (7)

We calculated the lowest decomposition energies (AH,)
of perovskites that have been reported, as shown in
Table S2. According to the results, we concluded that
double perovskites could been synthesized when AHj is
greater than 0 meV per atom, [32,37,40,52-59] and there
is no synthesis in the experiment when AHj is lower than
—29 meV per atom. It is worth noting that AHy is be-
tween —29-0 meV per atom, that is, Cs,AgSbCly [44,60],
Rb,NaInClg [53], Cs,AgSbBrs [44], Cs,NalnBr, [53],
Cs,KBiClg [61], Cs,NaSbBrg [54], Cs,NaBilg [43] and
Cs,AgBils [62] are experimentally synthesized by syn-
thesizing nanocrystals or controlling the experimental
temperature. We listed the bandgap, decomposition en-
ergies and optimal decomposition pathways in Table S3.
The comparison of our decomposition energies and op-
timal decomposition pathways with others is shown in
Table S4. Since some results contain the particular de-
composition pathway to binary competing secondary
phases, they are not listed in Table S4.

BO method

The BO is a well-established technique for black-box
optimization [63-65]. Bayesian prediction models were
employed to predict the black-box function, where the
uncertainty of the predicted function was also evaluated
as predictive variance. The next candidates for experi-
ments or calculations were chosen based on the predicted

June 2020 | Vol.63 No.6
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values and variances (Fig. 2b). In materials science, we are
aware of at least four successful applications of BO: elastic
properties, melting temperature, lattice thermal con-
ductivity, and the design of a grain boundary interface
[65]. In this work, we used the open source library termed
COMmon Bayesian Optimization library (COMBO) to
perform the optimization process. COMBO has been
successfully used in other material search areas [27,66].
For the BO portion, we used Gaussian processes to pre-
dict the black-box function. A fundamental characteristic
of Gaussian processes [67] is that the uncertainty of the
predicted function is also evaluated as predictive variance.
Using the predicted values and variance, the acquisition
function was calculated based on Thompson sampling
[68].

In the black-box function, decomposition energy and
bandgaps are considered to be merit properties of mate-
rials. We are more interested in the application of halide
perovskite materials in photovoltaics, therefore, our
concern is the maximum AHy and a PBE bandgap be-
tween 0.6 and 1.2 eV. AH, and —|E,~0.9| are the targets of
the black-box function. We combined the two targets and
because of the difference in the order of magnitude be-
tween them, took the target as a unified figure of merit.
These targets could be regarded as the dependent vari-
ables of the black-box function and the independent
variables of the black-box function were the physical
quantities related to AH, and E, of halide perovskite
materials. We considered the properties of elements that
affect the thermodynamic stability and bandgap of halide
perovskites. Therefore, we selected 14 features, as listed in
Table 1 [69]. This black-box function gradually becomes
clear after the cyclic iteration of BO.

Since BO is very effective in finding at least one of the
top-k points, it is necessary to construct a function of
AHy and E, that is the maximum value for a suitable
photovoltaic material. As shown in Fig. 5, twenty per-
ovskites were randomly selected to calculate their AHy
and E, Through BO, a suitable material was re-
commended and at the same time, its AHy and E, were
calculated. The properties of the material were added to
the model again, optimized, and then one suitable ma-
terial was recommended. This process was repeated until
all suitable materials were selected.

RESULTS AND DISCUSSION

For BO, we first choose proper features. Fourteen ele-
mental features listed in Table 1 [69] have been con-
sidered. The features can be classified into three groups:
location in the periodic table of elements (Nos. 1-3), size

June 2020 | Vol.63 No.6
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Table 1 The 14 features used in BO

No.  Feature symbol Feature introduction

1 Z Atomic number

5 G The group of atom in periodic table of
elements

3 P The period of atom in periodic table of
elements

4 IR Tonic radius

5 s The number of electrons in the s orbit

6 p The number of electrons in the p orbit

7 d The number of electrons in the d orbit

8 E, s orbital energy

9 E, p orbital energy

10 E4 d orbital energy

11 h Highest occupied atomic level

12 1 Lowest unoccupied atomic level

13 SSE The atomic solid state energy [69]

14 X Pauling’s electronegativity

[ Materials pool of 438 halide perovskites ]
Calculate AH, Rancomiscieci] 5 Calculate £
20 perovskites U

BO based on the unified
[ BO based on AH, ] [descriplor of AH, and E!J [BO based on -|Eg—0.9ﬂ

Recommend a Recommend a Recommend a
candidate perovskite candidate perovskite candidate perovskite

Figure 5 Schematics of the searching for solar cell absorbers combing
density of function (DFT) and BO.

(No. 4), and electronic structure (Nos. 5-14). Use of all
fourteen features may lead to a waste of resources and
over-fitting. Therefore, the first task is to select the proper
feature(s). Ionic radii are considered as a key feature to
determine the thermodynamic stability of perovskites
[70]. To improve model precision, other features are
added according to the principle that a good feature set
should include features that are minimally correlated.
According to the feature correlation map (Fig. 6), five sets
of features were selected, as shown in Table 2, to test the
model performance.

To show the efficiency of BO for materials screening,
we first only focus on the stability and set the target as the
number of calculations (referred as “step”) to get the most
stable perovskite among a total of 438. In principle, an
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Figure 6 Pearson correlation map for features. The color varies with the
absolute value of the associated Pearson correlation coefficient. The
lighter the tone used, the less significant is the corresponding correla-
tion.

Table 2 The 5 feature sets used in the BO

Nos. Feature sets
1 IR
2 IR, SSE
3 P, IR, SSE
4 P, IR, E,
5 P, IR, E,, E4

exhaustive search requires the calculation of 438 per-
ovskites to identify the most stable, shown in Fig. 7a.
Based on probability statistics, the average number of
calculations (step) for an exhaustive search to find the
most stable perovskite is 219, half of the total number of
possibilities.

The average numbers of steps to find the most stable
perovskite using BO with five sets of features (Table 2)

-100

-200

> -300

AH, (meV/atom)

-400

0 100 200 300 400
Search step-RS

are shown in Table 3. The results firstly show that the BO
has much improved performance by reducing the average
number of steps from 211 of the 100 exhaustive searches
to below 100. The results are consistent with the prob-
ability of finding the most stable perovskite within a fixed
number of steps (for example, 80 in Fig. 8). The results
next show that the feature set No. 5 performs the best
with an average number of steps of 53, four times faster
than an exhaustive search. One example of the BO pro-
cess and its comparison with an exhaustive search are
shown in Fig. 7. A clear trend is observed that BO is able
to select the most stable perovskites with higher decom-
position energy. In addition, the remaining perovskites
are more and more unstable which have lower decom-
position energy. It clearly demonstrates that BO can ef-
fectively select the most stable compounds with fewer
calculation steps.

BO is usually used to identify a batch of materials with
optimal properties, not only the most suitable one.
Therefore, another way to show the performance of BO is
to see how many steps are required to select a fraction of
targeted materials. According to a systematic comparison
of theory and experiment, a decomposition energy (AH,)
value of =29 meV per atom has been set as the lower limit
for stable perovskites [62,71]. Our goal is to select several
stable perovskites using fewer calculation steps. Fig. 9a
shows the step number for an exhaustive search and BO
to select a fraction of stable perovskites. BO exhibits
much better performance than the exhaustive search.
There are 107 stable perovskites using the exhaustive
search and BO can identify 80% of the stable perovskites
within 104 calculations, which is three times more effi-
cient than the exhaustive search.

According to calculations by Jacobs et al. [10], the
optimal range for the PBE-calculated bandgap is within
0.6-1.2 eV, with the optimal value being around 0.9 eV.
Therefore, we established the formula as the objective

b
0
~ —100f
£
2 J
© _ [
> 200 ]
[0}
£
— -—300
I
S|
-400

0 80 180 280 380
Search step-No.5

Figure 7 Screening for stable perovskites through (a) random search (RS), and (b) BO with No. 5 feature set in Table 2. Materials before 0 are used as

training dataset for BO.
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Table 3 For 100 times random selection of 20 initial perovskites, the
average steps were needed by using exhaustive search or BO to find the
most stable perovskite.

Feature sets The average step

RS 211
No. 1 71
No. 2 91
No. 3 66
No. 4 63
No. 5 53

0.8

06

04

Success rate (%)

0.2

0.0

RS #1 #2 #3 #4 #5

Figure 8 Success rate (within 400 times of BO calculations) for iden-
tifying the most stable perovskites within 80 steps. The features used in
the search are shown along the horizontal axis: the numbers denote the
features listed in Table 2.

function for BO:
y=-|E,~09|
A similar procedure for finding a perovskite with high

decomposition energy has been applied to select a per-
ovskite with a PBE bandgap close to 0.9 eV. The com-

parison of performance between an exhaustive search and
BO is shown in Fig. 9b. The BO shows better perfor-
mance than the exhaustive search. For example, there is a
total of 84 perovskites with a PBE bandgap ranging from
0.6 to 1.2 eV. By using the exhaustive search, 234 calcu-
lations are required to find 50% (60% of total) suitable
perovskite materials. In contrast, BO only requires 133
calculations. BO-aided materials screening is able to ac-
celerate the discovery of stable perovskites and per-
ovskites with the proper bandgap.

When selecting good solar cell absorbers, one should
consider both properties of the bandgap and thermo-
dynamic stability. If an exhaustive search is used, 438
stability calculations and 438 bandgap calculations are
required to find 23 suitable materials (Fig. 10a and
Table 4 [37,40,42,44,62,72]). To accelerate materials
screening with both criteria of bandgap and decomposi-
tion energy, we combine both parameters into one figure
of merit. Constructing the analytical form of this figure of
merit is important since it directly impacts the perfor-
mance of BO. At this time, there is no specific approach
for constructing the most efficient figure of merit. In view
of the advantages of BO in searching the maximum value,
and that the perovskites with the largest decomposition
energy and the bandgap closest to 0.9 eV are the most
suitable, a linear model (AHy—100x|E,—0.9]) was estab-
lished to search these perovskite materials in the highlight
of Fig. 10a as soon as possible. However, this model can
easily find the materials that are particularly stable, but
the bandgap is particularly inalzapropriate. Thus, we built
the exponential model (e’[AzH_g‘j} ’(53’0-9)2), where AH; and
E, are in units of meV and eV, respectively. This model
represents the distance from a point to the decomposition
energy of 0 meV per atom and a bandgap of 0.9 eV in
Fig. 10a.

400 o RS ° b l o RS K c L o RS
° BO o > BO PR BO-line o
:’-)'300 I ’ LA - o BO-exp . °
.;;; K ,0" . : B ’
S 200} . o . K o
g o’ : “ o
®00f T L oo e o USSR
PR i:
0 ? L L L L ‘? L L L L L S v N L L
20% 40% 60% 80% 100% 20% 40% 60% 80% 100% 20% 40% 60% 80% 100%
Proportion Proportion Proportion

Figure 9 The comparisons of number of steps for RS and BO to select a fraction of perovskites that (a) have AH, greater than —29 meV per atom; (b)
have E, between 0.6-1.2 eV; (c) meet both criteria in (a) and (b). In (c), the performances of two unified figures of merit (line: AHd*100X|Eg*O.9|, exp:

AH g 2
’[T ’(Eg’o'g) ) are shown.

[
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AH, (meV/atom)

Search step

Search step

Figure 10 The perovskites for solar cell absorbers screened by (a) exhaustive search, (b) BO based on the linearly combined figure of merit and (c)
BO based on the exponentially combined figure of merit. D, I and I/D represent direct bandgap, indirect bandgap, and quasi-direct bandgap

respectively. Materials before 0 are used as training dataset for BO.

Table 4 The promising perovskite compounds hunted by BO based on thermodynamic stability and PBE-bandgap. The results of the synthesis or

unsynthesis on the experiment are also shown.

AHy (meV per

Nos. Compound atom) E, (eV) Dorl Exp Refs.
1 Cs,AgInClg 7.8806 1.017 D y [40]
2 Cs,AgSbBrg ~2.0142 0.855 I y [44]
3 Cs, TITICI, 41792 0.787 I y [37]
4 CsSnCl, —5.3077 0.919 D y [72]
5 Rb,AgSbBr, —6.9130 0.856 I
6 Rb,AgInCl, ~2.9178 0.985 /D
7 Cs,InBiBr, -4.8178 0.828 D n [42]
8 K,AgSbBrg -6.9195 0.830 I
9 Cs,NaTIBr, —2.0768 0.702 D
10 Cs,TISbI, ~17.2836 0.958 D
11 Rb,NaTIBr, —3.5934 0.699 D
12 Cs,CuBiClg —25.2816 0.913 I
13 CsSnBr; —0.7284 0.629 D y [72]
14 K,AgInCl, —22.7029 0.953 D
15 Cs,AgBilg —28.4603 0.900 I y [62]
16 Rb,TISbIg —28.2046 0.926 D
17 Rb,InInBr, -9.0265 0.666 I
18 Rb,InBiBr, —27.3527 0.753 D
19 Rb, TITICl, ~27.2889 0.710 I
20 Rb,AgBiBr ~17.5889 1.199 I
21 Cs,InBiClg —23.8300 1.167 D n [42]
22 Rb,CuSbCly —27.8889 0.646 I
23 Rb, TISbBr, —28.6685 1.193 D

The performances of the two unified figures of merit
are shown in Figs 9c and 10. For the exhaustive search,
the optimal range (AHg; >-29 meV and 0.6eV < E, <
1.2 eV) is highlighted in green in Fig. 10. All 438 x 2
calculations must be performed to identify all materials in
the green area, which is an exhaustive process with lack of
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prior material knowledge. The screening efficiency of the
exhaustive search is shown in Fig. 9c. For BO using the
linear combination metric, the screening efficiency is
significantly enhanced. It only takes 39 steps to screen out
20% of targeted perovskites, while it requires 94 steps for
the exhaustive search. BO using the exponential combi-

June 2020 | Vol.63 No.6



SCIENCE CHINA Materials

ARTICLES

nation metric shows much better performance than the
linear combination metric at the initial steps. For ex-
ample, it only requires 20 (28) steps to screen 20% (40%)
of targeted perovskites, which is ~2 (5) times faster than
BO using the linear combination (exhaustive search). BO
using the linear combination becomes efficient when the
search proportion is high.

Our results suggest that the exponential combination is
appropriate for the screening case when one needs to
mine potential candidates as fast as possible but the
completeness of the search is not important. For the
linear combination, it is initially slow but becomes effi-
cient for a complete search of possibilities. It is important
to note that these two figures of merit are constructed
intuitively and an algorithm for constructing an optimal
figure of merit is necessary.

CONCLUSIONS

In conclusion, we have demonstrated the efficiency of BO
for screening stable perovskite and perovskites with op-
timal bandgaps. We further combined two material
parameters, bandgap and decomposition energy, as one
unified figure of merit. BO based on this figure of merit
has demonstrated twice the screening efficiency of opti-
mal materials within the appropriate range (AHy >
—29meV and 0.6 eV < E, < 1.2 eV) compared with an
exhaustive search. BO can search for 80% of promising
solar cell absorbers within 110 steps, which is twice as fast
as an exhaustive search. In this work, we developed an
algorithm to consider multiple descriptors and demon-
strated the applicability of algorithm by using two de-
scriptors. There is no problem to extend the algorithm to
more descriptor in future when the values of related de-
scriptors can be provided. This work demonstrates the
potential of BO for screening promising solar cell ab-
sorbers, in particular for the case of a huge number of
material candidates with only a handful of available data.
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