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iscovery and bandgap engineering
of hybrid perovskites†

Sheryl L. Sanchez, a Elham Foadian,a Maxim Ziatdinov,bc Jonghee Yang, ad

Sergei V. Kalinin,a Yongtao Liu *b and Mahshid Ahmadi *a

The unique aspect of hybrid perovskites is their tunability, allowing the engineering of the bandgap via

substitution. From the application viewpoint, this allows creation of tandem cells between perovskites

and silicon, or two or more perovskites, with associated increase of efficiency beyond the single-

junction Shockley–Queisser limit. However, the concentration dependence of the optical bandgap in

hybrid perovskite solid solutions can be non-linear and even non-monotonic, as determined by band

alignments between endmembers, presence of defect states and Urbach tails, and phase separation.

Exploring new compositions brings forth the joint problem of the discovery of the composition with the

desired band gap and establishing the physical model of the band gap concentration dependence. Here

we report the development of the experimental workflow based on structured Gaussian Process (sGP)

models and custom sGP (c-sGP) that allow the joint discovery of the experimental behavior and the

underpinning physical model. This approach is verified with simulated datasets with known ground truth

and was found to accelerate the discovery of experimental behavior and the underlying physical model.

The d/c-sGP approach utilizes a few calculated thin film bandgap data points to guide targeted

explorations, minimizing the number of thin film preparation steps. Through iterative exploration, we

demonstrate that the c-sGP algorithm that combined 5 bandgap models converges rapidly, revealing

a relationship in the bandgap diagram of MA1−xGAxPb(I1−xBrx)3. This approach offers a promising method

for efficiently understanding the physical model of band gap concentration dependence in binary

systems, and this method can also be extended to ternary or higher dimensional systems.
Introduction

Organic–inorganic hybrid perovskites have gained signicant
attention in the eld of materials science due to their superior
properties and ease of manufacturability. These materials have
shown remarkable progress in their power conversion efficiency
(PCE), with advancements from 3.8% to 25.7% for single junc-
tion solar cells and above 30% for tandem perovskite and
silicon solar cells.1–3 This has generated considerable excite-
ment, as perovskite materials hold the potential to replace
traditional materials in various optoelectronic applications.
Recent research has shown that compositional engineering by
mixing cations and halides can exhibit improved performance
acturing, Department of Materials Science
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the Royal Society of Chemistry
compared to other alternatives.4–7 However, these material
advancements can come at the cost of stability issues. For
instance, there may be decomposition of original precursor
solutions or intrinsic halide segregation, leading to complex
phase spaces.8–11 The interplay of various components can give
rise to complex behaviors across multicomponent phase
diagrams, necessitating a more nuanced understanding of their
properties. Nonetheless, the tuning of the bandgap and stability
is of great interest in the eld of optoelectronics. For instance,
tandem solar cells benet from bandgap engineering to opti-
mize the absorption of light across different wavelengths,
allowing a broader spectrum of light to be captured. Similarly,
light emitting diodes (LEDs) rely on different bandgaps to
produce a range of colors.12–16 Understanding these properties is
essential in optimizing the performances and stability of
perovskite materials across a spectrum of applications.

The interplay of various endmembers can give rise to
complex phase diagrams when looking at solid solutions with
two and three phase regions. These various phases can lead to
changes in bandgap evolution. For the bandgap, substitution
on the A site in the perovskite structure with a chemical formula
of ABX3 (A = monovalent cations; B = divalent metal cations
such as Pb2+ or Sn2+; X= halides) can directly lead to changes in
Digital Discovery, 2024, 3, 1577–1590 | 1577
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Fig. 1 Workflow for discovery of the physical behavior of the bandgap of a mixed perovskite system.
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the bandgap. For example, incorporating a larger or oversized A
cation such as formamidinium (FA; ionic radius (rA) = 256)17,18

or dimethylammonium (rA = 272 picometers (pm))17 compared
to methylammonium (MA; rA = 217 pm)17,19 manifests smaller
bandgaps of perovskites.20–22 Substitution of I into Br or Cl can
also lead to a bandgap increase.23–25 However, some reports have
shown that the size and geometry of the A cation can affect the
bond length and angle between the B cation and X halide
species,26 which can also modulate the bandgap. In addition,
substitution oen also causes phase transitions and the
bandgap can change abruptly at the structural phase transition
boundaries.20,27 These effects of the A, and X site substitution
can give rise to complex behaviors across multicomponent
phase diagrams broadly explored towards tunability and
stability optimization. The bandgap-component dependence
has been controversially reported,28–33 which requires a better
understanding of this relationship. It is also important to note
that the optically determined bandgap can differ from the
energy level landscape due to the potential presence of shallow
defect levels, Urbach tails, and phenomena such as phase
separation or chemical instability can compromise the effective
bandgap.34,35 These effects can be oen identied from the
photoluminescent and adsorption behaviors such as peak
shapes.36

MAPbI3 has been widely used as a light absorber in perov-
skite solar cells, but it has shown to be unstable under ambient
conditions due to the migration and electrochemical reaction of
ions with the interface layer under operation conditions.37,38

The movement of ions within the perovskite layer, especially
lead ions can lead to the formation of defects and traps that can
degrade the performance of the solar cell. To address this issue,
larger organic cations such as FA or guanidinium (GA) have
been added to MAPbI3 in the MA sites, to mitigate the stability
and ion migration.39–41 This is due to the ability for a bulkier
structure to provide steric hindrance making it harder for
moisture to enter the crystal lattice, which can help stabilize the
crystal structure preventing phase transitions and also hinder
the migration of ions within the perovskite lattice. Tolerance
1578 | Digital Discovery, 2024, 3, 1577–1590
factors have been used to forecast the stabilities of these
modied perovskite structures. The tolerance factor of the
MAPbI3 perovskite is ∼0.91, which deviates from 1, suggesting
that its crystal structure is distorted from the ideal cubic
structure.42 The rA of GA (278 pm)17 is larger than that of MA (217
pm),41 which reduces crystal distortion and increases the
tolerance factor, resulting in improved long-term stability.40,41,43

Synthesis methods can be broadly categorized into manual
and high-throughput approaches. Manual synthesis involves
hand-craed processes, oen resulting in the creation of one
sample at a time. In contrast, high-throughput synthesis auto-
mates the creation of multiple samples, signicantly acceler-
ating the study of materials and their properties. Machine
Learning (ML) methods offer the advantage of predicting the
composition dependence of the bandgap, reducing the number
of samples required. With a known physical model that predicts
this composition dependence, the desired composition can be
easily determined. If the concentration space is explored using
high-throughput synthesis, a physical or non-parametric model
can be derived from the experimental data.

Though high-throughput synthesis is quicker than manual
methods, which can be time-consuming due to its sequential
nature, neither model nor data are typically available at the
outset of an experiment. The aim then becomes determining
both within a minimal experimental budget. This challenge
arises in both manual and high-throughput synthesis contexts.
While manual approaches can feasibly explore 1- or 2-dimen-
sion (D) parameter spaces (such as binary or ternary phase
diagrams), automated synthesis can tackle 2–4 D spaces
through batch updates. It is important to note, however, that
methods like grid search and data-driven Bayesian Optimiza-
tion (BO) can be limited to higher dimensions.

Recently, we have demonstrated that the introduction of the
mean function representing the physical behavior of the system
allows for accelerating the BO optimization and joint discovery
of the physical model and materials optimization during the
active experiment.44 In this study, we utilize the structured
Gaussian Process (sGP) approach to investigate the bandgap
© 2024 The Author(s). Published by the Royal Society of Chemistry
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diagram of the MA1−xGAxPb(I1−xBrx)3 binary system. The
selection of this system as our subject is due to its intriguing
material properties and the notable size difference between GA
(ionic radius = 278 pm)41 and MA ions (ionic radius = 217
pm).45 This size disparity is believed to inuence lattice struc-
tures and interactions, potentially affecting the electronic
properties, such as the bandgap. The variability in bandgap
energies observed when mixing MAPbI3 and GAPbBr3 provides
a comprehensive test bed for evaluating the adaptability and
accuracy of the sGP model. Furthermore, the impact of GA on
the stability and photovoltaic performance of the material adds
another layer of complexity, making this system a focal point for
both theoretical and experimental exploration in the eld of
perovskite research. By leveraging the sGP model, we aim to not
only predict bandgap behaviors but also to establish correla-
tions with performance metrics, thus facilitating a systematic
investigation that enhances our understanding and optimiza-
tion of material properties through compositional engineering.
This iterative approach of synthesis and testing based on model
predictions is expected to expedite the discovery of optimal
compositions and deepen insights into the underlying mecha-
nisms inuencing these advanced materials. The general
workow, illustrated in Fig. 1, begins with preparing several
thin lms for inclusion in the sGP algorithm. From there, the
algorithm suggests new points for synthesis and measurement,
repeating this cycle until the physical model is elucidated and
optimization opportunities are identied.

Discussion

The Gaussian Process (GP) represents a general class of non-
parametric methods for reconstructing functions from noisy
observations.46–48 In the classical GP setting, it is assumed that
the behavior of the system over a certain parameter space x is
given by the ground truth function f(x). This function is
unavailable for observers. However, available for observers are
the measurements, yi at the chosen points xi. It is assumed that
the relationship between the measurements and the function is
given by yi = f(xi) + noise, where the noise term is assumed to
follow specic (usually Gaussian) distribution. The primary aim
of GP is to reconstruct the function f̂ (x) from these observa-
tions, providing not only the estimate of f(x) but also quanti-
fying the uncertainty s(x) and characterizing the noise. The
reconstructed function f̂ (x), hereaer referred to as f̂ (x),
represents our best estimate of the true function based on
available data.

The fundamental assumption in the GP method is that the
values of the function f̂ (x) across the parameter space are
correlated, and the correlations are described by the kernel
function. The kernel function is assumed to have a certain
functional form, for example squared exponential or Matern.
For these functions, the kernel is characterized by a parameter
vector corresponding to the characteristic length scale, and
these kernel parameters are learned self-consistently from the
data jointly with the noise. Over the last few decades, more
complex correlation structures represented by kernel functions
have been extensively explored. However, the characteristic
© 2024 The Author(s). Published by the Royal Society of Chemistry
aspect of classical GP methods is that the mean value of the
prior function is zero.49 Classically, this assumption is made
based on the perceived lack of domain specic prior knowledge
of system behavior over the parameter space.

The unique aspect of GP models is that they can be used as
a foundational framework for active learning methods, e.g., for
the development of optimal measurement strategies. In
Bayesian Optimization (BO), the predicted function and its
uncertainty are combined in the acquisition function balancing
the expected gain and potential to discover useful behaviors in
weakly explored parts of the parameter space. To accomplish
this goal, the human operator suggests the policy balancing the
prediction f̂ (x) and uncertainty (s(x)), of the surrogate function.
BO is typically implemented as myopic optimization, meaning
that the policy is used to plan only the next experimental step,
and is implemented as an acquisition function. For example, in
the greedy approach the next measurement point is chosen as
argmax (f(x)), i.e., the strategy aims to discover the maximum of
the function. Alternatively, in a pure exploration policy, argmax
(s(x)) is chosen as the next measurement point to minimize the
uncertainty of the system fastest. Other acquisition functions
such as expected improvement (EI) or upper condence bound
(UCB) balance uncertainty and optimization. Note that BO
allows for fully probabilistic methods as well, where the search
point is drawn from the full posterior distribution (Thompson
sampling).

Over the last three years, GP and BO have become the tech-
niques of choice for guiding automated experiments in areas as
diverse as materials synthesis,50–52 automated microscopy,53–55

and other instrumental methods.56–58 However, the BO methods
based on pure GP are data-driven, meaning that the surrogate
model is based purely on data and does not take into account
the (partially) known physics of the system. In comparison, the
classical physical paradigm will rely on constructing the
predictive model based on the expected physics of the system,
starting with the linear approximation, and proceeding to more
complex descriptions if evidenced by data.

Recently, we proposed that addition of the probabilistic
mean function to the GP can signicantly accelerate the
discovery.44,59 Here, we construct the mean function that
represents the possible physics of the process, including the
functional form and the priors on parameter distributions. We
note that in physical experiments the operator typically has
a good idea on the possible prior distributions, either from the
previously published work or domain-specic knowledge. The
update of the model then updates both the kernel and noise
parameters, and the distribution of the model parameters. This
approach can be further extended to the scenarios when several
models of system behavior, e.g. several structured models and
potentially zero mean model, are available, as exemplied in
hypothesis learning.59,60 The three possible mean functions that
are initially dened are linear, quadratic and piecewise, and the
use of these models will be denoted as using the default sGP
functions (d-sGP). Regardless, the actual physical model d-sGP
should be able to discover the ground truth better than the GP
algorithm. Furthermore, creating custom mean functions with
prior knowledge of physical models can also further accelerate
Digital Discovery, 2024, 3, 1577–1590 | 1579
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the discovery process. This is where a custom sGP mean func-
tion (c-sGP) can be implemented. Note that in sGP, the physical
model is learned during the active experiment along with
materials optimization.

With sGP, we can further dene several tasks for Bayesian
optimization, namely minimizing the model parameter uncer-
tainty, discovering the right model, achieving the desired
bandgap value, or maximizing/minimizing the bandgap. Here,
we rst illustrate the discovery of the unknown function using
GP-based active learning. The underpinning principle of all
Bayesian methods is to start with some initial beliefs on the
system (priors), acquire data and update beliefs given from the
data to get posteriors. The posteriors can be used to estimate
the unknown function and its uncertainty. The active learning
in GP is realized by creating the acquisition function that
balances the estimated function and uncertainty into a single
discovery policy (exploration–exploitation tradeoff).

The important aspect of the GP methods is their sensitivity
to the initial priors dened before the experiment. While oen
irrelevant for long experimental sequences when intrinsic
properties of the data generation process are discovered, this
consideration becomes preponderantly important for short
experimental budgets. For a simple GP, the initial parameters
for a dened functional form of the kernel include the kernel
length scale or lateral scale of correlations in the system, scale
(vertical scale), and noise prior. Here, we illustrate the discovery
process of the sufficiently complex 1D function using different
combinations of these parameters.

The ground truth function is characterized by multiple local
minima, accompanied by a noisy component (0.01) (Fig. 2a and
b). The noise prior encompasses the combined effect of our
Fig. 2 (a and b) GPwith different noise priors and kernel lengths: (a) GP di
with noise prior (0.01) and kernel length (5, 10). More results about the effe
be found in Fig. S3.† (c–e) Effect of priors on sGP discovery: (c) piecewis
prior a= normal (0, 1000), intercept b= normal (0, 1000) (b) sGP discover
results about the effect of priors on sGP discovery at various steps can b

1580 | Digital Discovery, 2024, 3, 1577–1590
condence in the precision of our measurements and any
uncontrollable factors that might inuence the measurements.
Similarly, the kernel length scale reects our belief regarding
the potential variation in the properties of the system. If we
possess accurate assumptions regarding the noise prior and
kernel length, the experimental process can be expedited and
simplied. This allows the GP algorithm to rapidly converge
towards the ground truth (Fig. 2a).

Conversely, if we establish a prior with incorrect or inexible
assumptions, the convergence of the algorithm with the ground
truth becomes unattainable. As the algorithm persists in
compensating for its inability to accurately describe the ground
truth, it eventually loses faith in the provided measurements
(Fig. 2b). While GP has the potential to uncover the ground
truth given appropriate priors, sGP incorporates a constructed
mean function that represents the plausible physics underlying
the ground truth. Consequently, sGP facilitates quicker
convergence by leveraging this additional information.

In the GP algorithm, the availability of prior data such as
prior noise, kernel length, and kernel scale plays a crucial role
in reconstructing the function and estimating its uncertainty.
However, this process heavily relies on the experimenter's
intuition regarding the experiment and its anticipated outcome.
The GP algorithm can only discover the true underlying func-
tion if the chosen priors enable it to do so. Furthermore, the
selection of priors can also inuence the number of exploration
steps required to converge to the ground truth. To evaluate the
performance of the d-sGP mean functions, we examine piece-
wise toy model data as shown in Fig. 2c. This model exhibits an
evolution in the bandgap, like the conditions observed during
alloy formation. Specically, when the variable “x” is small (x <
scovery with noise prior (0.01) and kernel length (0.1, 2) (b) GP discovery
ct of noise prior and kernel length on GP discovery at various steps can
e toy model data for the sGP experiment. (d) sGP discovery with slope
y with slope prior a= log normal (0, 1), intercept b= normal (0, 2). More
e found in Fig. S4.†

© 2024 The Author(s). Published by the Royal Society of Chemistry
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20% or x > 80%), no alloy is formed. In this model, there exist
two regions where alloy formation does not occur, providing us
with test cases to assess the convergence capabilities of d-sGP
mean functions in capturing the ground truth. Initially, the
model is presented with only two data points to make its
determination, followed by a total of 30 exploration steps. We
anticipate that a more effective model will exhibit a faster
decrease in the overall uncertainty within the system.

d-sGP requires the incorporation of physics or domain
knowledge to effectively model a system. However, it is impor-
tant to exercise caution when employing priors devoid of
physical foundations, as blind adherence to such priors can
lead to prolonged experimental timelines. In our investigation
(Fig. 2d and e), we utilized a linear mean function (y= a× x + b)
to explore the toy data.

In the rst exploration, the model prior for the slope coeffi-
cient (a) was assigned to a large variance (0, 1000) for indicating
a normal distribution centered around 0 with a standard devi-
ation of 1000. The prior for the intercept (b) was dened as
a normal distribution (0, 1000), favoring larger intercept values.
Upon commencing a 30-step exploration, as shown in Fig. 2d,
we observed that the algorithm initially relied on the given
priors and failed to discover areas where alloy formation did not
occur before step 20. However, aer surpassing this threshold,
the algorithm progressively disregarded the priors and
embarked on a more comprehensive exploration of the system.
It is worth noting that priors should not be perceived as opti-
mization objectives, but rather as intuitive guesses informed by
our understanding of the data.

In another exploration, as shown in Fig. 2e, we employed
a log-normal distribution with mean 0 and variance 1 for the
slope, allowing for the discovery of positive slopes and
capturing the concentration range more effectively. The inter-
cept modeled using a normal distribution (0, 2) exhibited
symmetry around its mean. Notably, by step 10, the algorithm
began uncovering the change in alloy formation around 80%,
while by step 20, it successfully identied the alteration occur-
ring below 20%. This highlights how the choice of priors can
signicantly impact the duration of an experiment, under-
scoring their inuence on the efficiency of the discovery
process.

The incorporation of appropriate mean function priors in d-
sGP facilitates the capture of expected and unexpected system
behaviors. However, the selection of priors should be guided by
our knowledge and intuition rather than viewing them as mere
optimization targets. By making informed choices, we can
expedite the discovery process and reduce experimental time-
lines, enhancing our understanding of the system at hand.

Here, we rst explore this approach for the simplied model
with the known ground truth. The detailed description is
provided in the Google Colab tutorial (found in supplementary
under Data availability) and can be reproduced in full or
adapted to different models. As an illustration, we have created
a toy model that is piecewise with a quadratic interval and
a linear interval (Fig. S1†). Accessible to the experimentalist is
the choice of the mean function of the GP. We consider the case
where m = 0, i.e., classical GP, the cases where the mean
© 2024 The Author(s). Published by the Royal Society of Chemistry
function is linear, piecewise, and quadratic and a custom mean
function (piecewise quadratic) is dened given prior knowledge
of our toy model. Of the probabilistic models, the choice of
function is complemented by the denition of the prior distri-
bution of the parameters of the function, kernel length and
scale, and noise. Based upon experimentation, we observed
optimal behavior in the scenarios when the distributions are
sufficiently broad to accommodate realistic behaviors but are
still sufficiently narrow to avoid the lengthy initial convergence
before correcting values are identied. Practically, the noise
level prior is our guess of how noisy our data are or how much
we trust our measurements. Here, the noise of our toy model is
0.1 and our noise prior is 0.01 meaning that our noise is large,
and we trust our data. Shown in Fig. 3 is the evolution of the
vanilla GP for our toy model, sGP with a linear mean function
and custom mean function for 30 exploration steps.

The GP model (Fig. 3a) commences with an elevated level of
uncertainty, and with each exploration step, the uncertainty
gradually decreases, albeit at a slower pace compared to the d-
sGP and c-sGP models. Throughout the exploration process,
the GP model has a high uncertainty value around 25 between
steps 5 and 25 as shown in Fig. 4a. Conversely, the d-sGP model
(Fig. 3b) shows a rapid reduction in uncertainty by step 12,
compared to the GP model. By the end of the 30 exploration
steps, the d-sGP model has not fully converged to the ground
truth but provides valuable insights into it. Given our knowl-
edge of the ground truth, the c-sGP model (Fig. 3c) was able to
identify the ground truth before exploration step 15 and ach-
ieved uncertainty values around 10 by the end of the 30 steps
(Fig. 4a).

Due to our knowledge of the ground truth, we can also
examine the deviation between the predicted posterior mean
and the ground truth using the mean squared error (MSE). This
allows us to quantify how far off our predictions are from the
ground truth. All models in Fig. 4b exhibit low MSE, indicating
a close correlation between the predicted posterior mean and
the ground truth. Notably, the piecewise mean function shows
an increase in correlation between the predicted posterior mean
and the ground truth over the exploration steps. The best-
performing model is c-sGP, which has the lowest MSE by the
end of the 30 exploration steps. This comparison reveals that
the c-sGP model demonstrates a more efficient uncertainty
reduction process within the given exploration steps. A similar
exploration with lower noise (0.01) of the ground truth with
a noise prior of (0.1) is shown in Fig. S5.†

Henceforth, we employed the c-sGP methodology to analyze
a 1D binary dataset comprising an addition of GAPbBr3 to
MAPbI3. Our objective was to examine the efficiency of the c-sGP
mean function in accurately determining the true nature of this
system. Since the ground truth is inaccessible when working
with real-world data, we resorted to experimental investigations
to elucidate the relationship between the addition of GAPbBr3
and MAPbI3. For the custom mean function, bandgap toy
models (Fig. S2†) which are based on known bandgap model
formations are combined into one custom function. Since the
ground truth of our experimental data is unknown and not all
dened models may be applicable to the experiment, each
Digital Discovery, 2024, 3, 1577–1590 | 1581
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Fig. 3 (a) GPmodel, (b) d-sGPmodel with a linear mean function, and (c) c-sGPmodel with a piecewise quadratic mean function for a piecewise
quadratic toy model across 30 exploration steps with noise level (0.1) and noise prior (0.01). The figures illustrate the relationship between
compositional changes (concentration of GAPbBr3) and bandgap values. As exploration steps progress, the uncertainty in bandgap predictions
decreases significantly, with the c-sGP model showing the most rapid convergence and lowest final uncertainty. Each step demonstrates the
model's iterative improvement as more compositional data are incorporated.

Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

8 
Ju

ne
 2

02
4.

 D
ow

nl
oa

de
d 

on
 7

/1
8/

20
25

 5
:4

9:
33

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online
bandgap model is given a categorial variable that will represent
the ‘weight’ of each model. The weights help decide the inu-
ence of each model based on the data. The model with a higher
weight will have a higher contribution to the discovery in
comparison to the model with a lower weight. The nal output
will be the average of all the weights. The weights are deter-
mined using the Dirichlet distribution which models the
probability of k events that are mutually exclusive and collec-
tively exhaustive. This makes it perfect for model mixing
occurring in this c-sGP algorithm. To ascertain the mean
function exhibiting the least amount of model uncertainty, we
conducted a comparative evaluation involving two initial
compositions and subsequently expanded the study to encom-
pass a total of thirty compositions (Fig. 5a–c). Similar to GP, d-
sGP and c-sGP priors also hold importance in effectively
capturing the underlying patterns in the data. To adequately
account for the inherent noise in our data, we chose a noise
level of 0.01, striking a balance between a low and high noise
assumption.
1582 | Digital Discovery, 2024, 3, 1577–1590
In the analysis pertaining to the custom function depicted in
Fig. 5a, it is observed that the uncertainty undergoes a rapid
reduction within the initial 15 exploratory iterations. During
this phase, the uncertainty commences at an amplitude of 270,
subsequently declining to approximately 3 by the 15th iteration,
as evidenced in Fig. S4.† Contrarily, both the quadratic and
piecewise functions, depicted in Fig. 5b and c, continue to
manifest pronounced uncertainty magnitudes by the same
iteration count. Specically, the quadratic function initiates
with an uncertainty of 5702, reducing to 23 by the aforemen-
tioned step, while the piecewise function, beginning at 4720,
diminishes to 14. An examination of the scatter plot presented
in Fig. S6† indicates superior performance of the c-sGP and
Linear d-sGP functions. However, it is imperative to note that
the uncertainty inherent to the models should not be the sole
criterion for model efficacy; the observations derived from
exploratory iterations are equally important. The experimental
model exhibits non-linear characteristics, marked by sporadic
escalations in bandgaps within specic GAPbBr3 inclusion
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 (a) Uncertainty and (b) MSE of piecewise quadratic toy models with comparisons of GP and d-sGP and c-sGP with mean functions linear,
quadratic, piecewise and custom piecewise quadratic.
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ranges, such as sub-20% and interstitially between 50 and 60%.
The d-sGP and c-sGP models, interestingly, do not capture all
data points pertaining to the measured bandgaps. This devia-
tion may be attributed to the algorithm's tendency to classify
certain variations as noise, particularly when data points
diverge from the predominant trend exhibited by other points
within the dataset.

During the experiment, sGP actively selects the concentra-
tion for tests to optimize the mean functions regarding the
bandgapmodel. A set of PL spectra is collected in this process to
calculate the bandgap. Notably, spectrum data encompass
a variety of physical properties, e.g., various physical properties
other than bandgaps are encompassed in the PL spectrum. The
inuence exerted by the addition of GAPbBr3 can be readily seen
through the discernible augmentation of raw spectral data. Our
previous work also demonstrated that additional insights can
be gained through counterfactual analysis of the dataset
acquired via GP active learning driven experiments.60 Therefore,
here we performed additional analyses of raw PL spectra and
absorbance to get a deeper understanding of the material
system. Notably, there is an increase in intensity with low
addition of GAPbBr3 (2 to 6%) as shown in Fig. S7b† where the
PL peak doesn't have an obvious shi. This may be attributed to
the passivation action of GAPbBr3 towards the defect at the
MAPbI3 surface; here the ions are not permeated towards the
bulk perovskite lattice.61 However, a change in this observed
trend becomes apparent upon further increments in the
concentration of GAPbBr3, wherein the PL experiences a blue-
shi and a concurrent decrease in intensity up to 80% (Fig. 6a
and S7a†). The origin of this peak shi may be due to bandgap
variation due to halide substitution. MAPbI3 has a lower
© 2024 The Author(s). Published by the Royal Society of Chemistry
bandgap, which has a PL peak around the 750 nm region. On
the other hand, GAPbBr3, being bromide-based, has a higher
bandgap which translates to a PL peak in the blue-region. This
leads to a gradual blue shi of the PL peak.43,62 This decrease in
intensity can possibly be attributed to various reasons such as
the crystal structure evolution where the mixed-halide system
can have halide rich regions that can create non-radiative
recombination pathways.63,64 Also as the bromide content
increases, the bandgap widens which can impact the PL
intensity.24,62 Moreover, a distinct alteration in the absorption
spectrum is observed with the introduction of GAPbBr3.
Specically, the characteristic absorbance peak, localized
around 800 nm, vanishes as the concentration of GAPbBr3
increases, being replaced by new peaks that manifest in the
range of 640 nm to 550 nm when approximately 50% of
GAPbBr3 is introduced (Fig. 6b).

c-sGP's performance, as seen in Fig. 5a, shows that the c-sGP
model captures the non-linear characteristics of the bandgap
changes, including the jumps corresponding to possible
differing phases. These jumps are consistent with the PL data
and absorbance data shown in Fig. 6.

To provide further structural analysis, X-ray Diffraction
(XRD) was performed on four samples of the GAPbBr3–MAPbI3
mixture (Fig. 7). With increasing GA content, we made 0%, 20%,
65%, and 95% thin lms. The XRD analysis revealed key
structural transformations within the perovskite material as the
concentration of GAPbBr3 increased. Notably, there is evidence
of phase segregation and the formation of secondary phases at
higher concentrations, manifesting as shis in the diffraction
peaks and the emergence of new peaks. In our XRD pattern for
pure MAPbI3, we see characteristic peaks of the tetragonal
Digital Discovery, 2024, 3, 1577–1590 | 1583
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Fig. 5 30-step exploration of bandgap values with varying compositions of GAPbBr3 added to MAPbI3. (a) Custom mean function, (b) quadratic
mean function, and (c) piecewise mean function. The custommodel shows rapid uncertainty reduction within the initial 15 steps, highlighting its
adaptability to compositional changes.
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phase at 2q= 14.5° and 28.7° corresponding to the (1 1 0) and (2
2 0) planes.65 As the amount of GAPbBr3 is added into MAPbI3
there is an observed shi in the diffraction peaks towards lower
angles. This is due to the inuence of the GA cation. There is an
indication of an expansion of the unit cell due to the large GA
cation (ionic radius = 278 pm)41 substituting the MA cation
(ionic radius = 217 pm).45 This is in correlation with Fig. 6(a)
where we see a blue shi of the PL as the concentration of
GAPbBr3 increases which is indicative of an increasing
bandgap.

A tolerance factor in the range 0.8–1.0 results in the forma-
tion of a three-dimensional (3D) cubic perovskite structure.66

MAPbI3 has a tolerance factor of ∼0.8, while that of GAPbBr3 is
calculated to be∼1.4.67 This suggests that pure GA lead bromide
crystallizes in a lower-dimensional perovskite structure. In
addition to the tolerance factor, the octahedral factor (m) is also
relevant for the formation of the perovskite structure. The
octahedral factor (m) is the ratio between the ionic radii of B and
X ions. In our case, when the I− (ravg ∼ 198 pm) is replaced by
the Br− ion (ravg∼ 185 pm), which is smaller than I−, it results in
an increase of the octahedral factor.67However, this also implies
1584 | Digital Discovery, 2024, 3, 1577–1590
that the decrease in the halogen ion size reduces the BX6 octa-
hedral size accommodating the larger GA cation in the MAPbI3
lattice.

When the GABr concentration is increased from 1 to 20%,
the larger GA cation can substitute for MA only within a limit
governed by the tolerance and octahedral factors. This is
evident from the low angle shi of the XRD peaks suggesting an
expansion of the unit cell due to the larger GA cation (Fig. 7b).
We observe that once the GABr concentration crosses a certain
limit ∼65%, there is emergence of additional peaks in the
diffraction pattern indicating other phases in the lm as the
MAPbI3 lattice can no longer accommodate the GA cations at
such high concentrations. This is also supported by the
diminishing of the peaks in the 20–30° 2q range. Further
increasing the concentration increases the formation of GA lead
halide phases. The XRD pattern of the 95% GAMAmatches with
GAPbBr3 conrming the formation of a complete GA cation
based two-dimensional (2D) perovskite.

Yet, phase segregation is not observed in the time-dependent
PL, which was measured over a continuous duration of 12 hours
under ambient conditions as depicted in Fig. 6c. The PL over
© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 The experimental data for 20 mixed MAPbI3 and GAPbBr3 with various concentrations. (a) Normalized PL spectra, (b) absorbance spectra
and (c) time dependent photoluminescence spectra heatmaps with various additions of GAPbBr3 to MAPbI3.
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time was shown for 0, 20, 40, 60, 80, and 95%. We can see that
over time the intensity of pure MAPbI3 remains the same
without any PL peak shis. As we add a higher amount of
GAPbBr3, there is evidence of blue shiing over time for 20%
addition, and at 40% over the 12 hours, there are no apparent
PL peak shis, and the intensity remains high for the total time.
Fig. 7 (a) XRD spectra of MAGAPb (BrI)3 with increasing GA content, an

© 2024 The Author(s). Published by the Royal Society of Chemistry
We see a systematic shi in the PL peak as we continue to add
GAPbBr3 with an increase in PL intensity. Given that we have
observed PL peaks above 550 nm in our GA-rich cases (Br-rich
system) and that there is no nominal absorption band-edge
with no appreciable excitonic peak, the 2D phase of GABr has
not been formed. The use of GA ions has been reported to
d (b) zoom-in spectra of the (110) plane.
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passivate defects in the perovskite systems, which can reduce
non-radiative recombinations.41,43,68 The steric suppression of
phase segregation can stabilize the bandgap under illumina-
tion,69 which is an indicator that the phase separation observed
in the XRD results does not impact the bandgap model in
a mixed GA and MA system. GA can serve as a modifying agent
within the perovskite structure by inuencing phase stability
and ion migration by various mechanisms. First, GA ions due to
their larger cation size can distort the perovskite lattice,
reducing the tendency for phase segregation. Regions where the
GA ion is too large to t neatly within the lattice can also create
voids or gaps. These gaps can act as barriers to ion migration,
effectively pinning the ions in place and stabilizing the mate-
rial. Moreover, the c-sGP model shows intervals of bandgap
uctuations interstitially between 50 and 60% addition of
GAPbBr3. This suggests that the mean function in sGP can
provide insights into structural changes. The machine learning
model aims to account for the ‘apparent’ bandgap based on the
designed composition ratio. Even if there may be some
secondary phases in the lm, the machine learning model
accounts for noise in the system, meaning it can still uncover
the underlying bandgap model.

The ensuing thin lm observations, as depicted in Fig. S5c,†
show that pure MAPbI3 lms have a medium brown color.
When a low amount of GAPbBr3 (below 12%) is added the color
of the lms turns deep brown, then a lighter brown color at
higher quantities of GAPbBr3. Addition of GAPbBr3 has also
been shown to increase the intensity of the PL in tandem with
a small addition of GAPbBr3 (as observed in Fig. S7b†). It is
evident that concentrations below the 20% threshold exhibit
minimal alterations in the quantied bandgap, no halide
segregation or phase transition and seemly increase the PL
intensity. At 20% the bandgap has increased from 1.604 eV to
1.703 eV (Fig. S8†) and remains around 1.7 eV up to 40%. Aer
this addition percentage the bandgap jumps up to 2.0 eV and
remains around there with increasing addition of GAPbBr3.

In comparison, phase segregation in mixed halide perov-
skites, such as in MAPbI3 and MAPbBr3, becomes particularly
pronounced when exposed to ambient conditions.63,70,71 Under
environmental inuences such as light9,64,70 and moisture,71,72

the mixed halide perovskite tends to separate into its individual
components. Phase segregation can induce localized regions of
iodide-rich or bromide-rich domains. This process will reduce
the overall homogeneity of the mixed material and can
compromise its optoelectronic properties. Incorporating GA
into the A-site cation in MA-based hybrid perovskite has led to
enhanced stability and even better air stability than MAPbI3.73

The blending of mixed halide perovskite materials tends to
result in bandgap behavior that is characterized by different
models based on the specic components being mixed. For
example, mixing halides such as iodide, bromide and chloride
tend to result in a linear model,24,74 whereas, mixing divalent
cations such as lead and tin exhibits a bowing model.75–77 In this
case, we see some apparent jumps or anomalies in the bandgap,
especially above 40% addition of GAPbBr3 which can possibly
be inuenced by certain factors, such as, GA being large enough
that it can't exactly occupy the A-site cation between the [PbI6]

4−
1586 | Digital Discovery, 2024, 3, 1577–1590
arrays, causing induced local lattice distortions.41,78 Also, pure
GAPbBr3 doesn't exist in a 3D phase, and the introduction of
GAPbBr3 into MAPbI3 may induce some structural changes or
phase transitions leading to this variation in the bandgap.79

Overall, utilizing sGP allows us to not only identify some
underlying physical models, but also pinpoint areas for opti-
mization. The ability to discern intricate relationships and its
capability to parse complex material datasets shows its power in
material discovery and optimization.

In this study, we have successfully applied the workow to
the sequential process of thin lm preparation. This method-
ology can easily be extended to accommodate automated
synthesis workows such as microuidics, pipetting robots,80–86

and fully autonomous labs. Incorporation of higher dimen-
sional spaces and implementing batch updates allows this
workow to be adaptable to a broader range of experimental
scenarios. To expedite BO and facilitate the simultaneous
discovery of the physical model, we have developed a novel
algorithm. This algorithm offers a signicant acceleration in
the optimization process, allowing for more efficient explora-
tion and exploitation of the parameter space. The mean func-
tion, which is a principal component of our algorithm,
embodies the physical behaviors and characteristics of the
system by capturing the essential features and potential
mechanisms that drive discovery and material optimization
during the active experiment. This joint exploration of the
parameter space and active discovery of the physical model
contributes to the advancement of scientic understanding and
optimization of material properties. Overall, our approach
demonstrates the effectiveness of incorporating the mean
function, which encapsulates the physical behaviors of the
system. This integration enhances the efficiency of the optimi-
zation process, facilitating more effective and targeted experi-
ments for the discovery and optimization of materials.

Data availability

The code for structured gaussian processing (sGP) can be found
at https://github.com/SLKS99/-Physics-driven-discovery-and-
optimization-of-hybrid-perovskite-lms. The data and
machine learning method are both available in the github link.
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