
Machine Learning-Driven Insights for Phase-Stable
FAxCs1−xPb(IyBr1−y)3 Perovskites in Tandem Solar Cells
Ran Luo,◆ Xiangkun Jia,◆ Xiuxiu Niu,◆ Shunchang Liu, Xiao Guo, Jia Li, Zhi-Jian Zhao,* Yi Hou,*
and Jinlong Gong*

Cite This: JACS Au 2025, 5, 1771−1780 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: The inherent chemical tunability of perovskite materials has spurred extensive
research into composition engineering within the perovskite community. However, identifying
the optimal composition across a broad range of variations still remains a significant challenge.
Conventional trial-and-error methods are prohibitively expensive and environmentally taxing
for comprehensive screening. Here, we employed machine learning-accelerated atomic
simulation to guide the design of stable perovskite solar cells absorbers. Our approach entailed
training of a neural network (NN) potential using data generated from first-principles
calculations, yielding a perovskite NN potential exhibiting high accuracy. Utilizing this NN
potential, we constructed a phase diagram for FAxCs1−xPb(IyBr1−y)3 (where 0 ≤ x ≤ 1 and 0 ≤
y ≤ 1, FA denotes formamidinium cation). Integrating this with a band gap diagram, we
successfully identified global optimal perovskite compositions for tandem applications with 1.7
and 1.8 eV band gaps. We have identified that all FAxCs1−xPb(IyBr1−y)3 with >1.8 eV band
gaps are thermodynamically vulnerable to phase segregation and developed a strategy to
stabilize thermodynamically unstable phases by suppressing phase segregation kinetics. Finally, theoretical predictions were
confirmed by the corresponding experiments. Our results suggest that creating perovskites/Si tandem solar cells with 1.7 eV
FAxCs1−xPb(IyBr1−y)3 encounters less severe challenges in addressing phase segregation issues than perovskites/perovskites tandem
solar cells with 1.8 eV FAxCs1−xPb(IyBr1−y)3.
KEYWORDS: perovskites solar cell, tandem solar cell, machine learning, phase segregation

1. INTRODUCTION
Organic−inorganic hybrid halide perovskite has emerged as
promising material for high-efficiency, low-cost solar cells.1,2

Distinct from traditional photovoltaic (PV) materials like
silicon,3 perovskite represents a big material family that
possesses perovskite-type ABX3 crystal structure with unfixed
compositions. Theoretically, any ions that fit the demand of
tolerance factor could be incorporated into the perovskite
lattice, which makes perovskite exhibits a remarkable feature,
adjustable band gap (from 1.4 to 2.3 eV),4 which can extend
the application of perovskite-based tandem solar cells5−8 to
surpass the Shockley-Queisser (S-Q) efficiency limits.9,10 The
current power conversion efficiency (PCE) of 33.9% achieved
by the perovskite/Si tandem cells11 is already higher than the
S-Q limits of all single junction solar cells, thus highlighting the
promising future of tandem technology.12−14 The adjustable
band gap of perovskite through compositional engineering
mainly originates from the inherent chemical tunability of
perovskite materials. Meantime, the corresponding solar cells
still can maintain a reasonable power conversion capacity.15−20

However, band gap adjustment is accompanied by the
compositional mixture (especially I−Br mixture), which can
cause severe phase segregation inside perovskite to limit the
operational stability of tandem solar cells.5,21−24 Considering

that both phase segregation thermodynamics and kinetics are
dominated by the chemical composition of perovskite,
modulating perovskite composition to find out the appropriate
one is critical to perovskite-based tandem solar cells with both
high efficiency and stability simultaneously.25,26

Given the vast compositional landscape of perovskite-type
materials,27 identifying the optimal composition that could
mitigate phase segregation is a crucial yet challenging task in
compositional engineering. Traditionally, this process has
relied heavily on the experience and intuition of researchers,
coupled with experimental trial-and-error methods, which are
not only inefficient but also environmentally unfriendly.28,29

Consequently, the likelihood of finding a globally optimal
composition is slim, leading researchers to focus on screening
potential compositions within a limited range.30 The quest for
an optimal composition is essentially a complex function of the
relationship between the composition and device performance.
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Machine learning-based computational simulations have
emerged as powerful tools for tackling such intricate
challenges. An example of this is the successful application of
large language models.31 In the context of perovskite,
employing machine learning methods to replace traditional
trial-and-error approaches can enable efficient and eco-friendly
design of high-performance perovskite absorbers.32,33 This
paradigm shift has potential to markedly shorten the research
and development cycle, expediting the commercialization of
perovskite-based tandem solar cells. As such, using machine
learning to identify compositions that can improve phase
stability presents an intriguing and potentially fruitful avenue
for the design of perovskite. However, the applications of
machine learning in the perovskites usually neglect scientific
insights of materials and make predictions simply based on
macroscopic properties.33 Developing a machine learning
model that reveals material properties from a basic physical
cognition level could be more promising.

Here, we employed the neural network (NN) potential
technique34 to address the functional relationship between
atomic structures and system energy. We trained a perovskite
NN potential to enable global screening of the commonly used
organic−inorganic hybrid halide perovskite system,
FAxCs1−xPb(IyBr1−y)3, where 0 ≤ x ≤ 1 and 0 ≤ y ≤ 1.
Utilizing the NN-predicted structures, we examined phase
segregation through the calculated phase segregation Gibbs
free energy. Subsequently, we performed accurate band gap
calculations to identify compositions suitable for various
tandem solar cells applications. Through this process, we
successfully predicted two optimal candidates for perovskite/Si
and perovskite/perovskite tandem solar cells. The enhanced
PV performance of these candidates, compared with traditional
compositions, was corroborated by corresponding experimen-
tal validations. This machine learning-driven screening process
holds significant promise as a future method for the advanced
design of tandem solar cells.

2. METHODS

2.1. Computational Details
The construction of the neural network potential of perovskite
materials was performed with LASP code.35 The training data set was
generated by potential energy surface sampling driven by stochastic
surface walking (SSW)36 exploration based on density functional
theory (DFT) calculation. Then, during the fitting of the neural
network, hyperbolic tangent activation functions were used for the
hidden layers, while a linear transformation was applied to the output
layer of all networks. The limited-memory Broyden−Fletcher−
Goldfarb−Shanno method was used to minimize the loss function
to match the DFT energy, force, and stress.

Based on the trained neural network potential, SSW-NN global
optimization was utilized to search the optimal atomic structure for
each perovskite composition we have considered. We constructed
different initial models (perovskite structures with A16B16X48 frame-
work) with different ion distributions for each composition and
conducted parallel global optimizations. The final chosen structures
had the lowest energy among all of the global optimizations. The
calculated segregation Gibbs free energy was the mixing Gibbs free
energy of pure I and pure Br perovskites with same A sites
composition, which contains 16 A sites and 48 X sites totally in our
model (details in the SI).

The NN-based variable-cell double-ended surface walking (VC-
DESW) method37 was employed to locate the optimal phase
segregation pathways. The initial states of phase segregation were
structures predicted by global optimization, while the final states were
constructed by separating the Br and I spatially. The calculation was

carried out within the SSW-RS framework38 as implemented in LASP
software. The accurate transition structures were located by the
constrained Broyden dimer method (CBD).39

Spin-polarized DFT calculations were performed using the Vienna
Ab initio Simulation Package (VASP)40 to generate the training data
for the neural network. The electron−ion interaction was represented
by the projector augmented-wave approach41,42 using the Perdew−
Burke−Ernzerhof (PBE) generalized-gradient approximation
(GGA).43 The plane-wave energy cutoff was set to 320 eV. The
first Brillouin zone k-point sampling utilized the γ point only. The
energy and force criteria for convergence of the electron density and
structure optimization are set at 10−6 eV and 0.02 eV Å−1,
respectively. We constructed 40 initial structures with different
compositions (Table S1) and conducted 200 steps of DFT + SSW
global optimization to sample the potential energy surface. 602351
structures were collected from the global optimization trajectories.
20500 structures were randomly chosen from the database as the
training data set for the neural network. We further conducted high-
accuracy electronic self-consistent calculations. The plane-wave
energy cutoff was increased to 520 eV. The first Brillouin zone k-
point sampling utilized 5 × 5 × 5 γ-centered mesh grid to ensure the
accuracy of predicted energy, force, and stress.
2.2. Experimental Details
The patterned ITO glass substrates were wiped with soap water, then
ultrasonically washed with deionized water, acetone, and isopropanol
for 30 min each. After ultraviolet ozone treatment for 15 min, the
substrates were transferred to a nitrogen glovebox. Then, the Me-
4PACz (1 mg/mL in IPA) was spin-coated on top of the substrates at
4000 r.p.m. for 30 s and heated at 100 °C for 10 min. The perovskites
(predicted 1.7 eV PVK: Cs0.37FA0.63Pb(I0.88Br0.12)3, reference 1.7 eV
PVK: Cs0.17FA0.83Pb(I0.7Br0.3)3, predicted 1.8 eV PVK: Cs0.37FA0.63Pb-
(I0.69Br0.31)3, reference 1.8 eV PVK: Cs0.3FA0.7Pb(I0.6Br0.4)3, and
predicted 1.59 eV PVK: FA0.90Cs0.10Pb(I0.90Br0.10)3) were dissolved in
the mixed solvent of DMF:NMP (V:V = 960:150). The 1.0 M
perovskite precursor solution was shaken overnight to make it fully
dissolved and then used for preparing perovskite films. For the spin-
coating process, the substrate was spun at 5000 r.p.m. for 40 s with an
acceleration of 5000 rpm/s and N2 gas was blown on top of the
spinning substrates after 20 s. The perovskite films were preannealed
at 70 °C for 2 min in N2-glovebox and then annealed at 150 °C for 10
min in 30% relative humidity. Lastly, C60 (20 nm)/BCP (8 nm)/Ag
(100 nm) were deposited to complete the device fabrication.

3. RESULTS AND DISCUSSION

3.1. The Establishment of Neural Network Potentials for
Perovskites
Classical first-principles calculations are prohibitively expensive
for global screening due to their high computational cost,
which contradicts our goal of enhancing screening efficiency.
To address this challenge, we have leveraged neural network
potential technique to learn the data generated from first-
principles calculations, which is an advanced computational
technique that uses artificial neural networks to model the
potential energy surfaces of atomic systems. It enables highly
accurate and efficient simulations of complex materials and
chemical reactions by learning from large data set of quantum
mechanical calculations. However, our targeted hybrid perov-
skite system involves seven elements (H, C, N, Cs, Pb, I, and
Br), resulting in an exceptionally complex potential energy
surface. Therefore, the primary challenge lies in training a
neural network capable of accurately capturing this complexity.
We have trained a neural network on a data set generated by
SSW exploration36 based on DFT calculations. A neural
network (configuration: 545/510-80-50-50-1) with customized
feature engineering was constructed to learn the training data
set to finally obtain the perovskite NN potential.
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We started our efforts with the construction of a training
data set (Figure S1). The perovskite structures database was
established through density functional theory (DFT) calcu-
lations. We constructed initial structures with different
compositions and conducted global optimization to sample
the potential energy surface and collect structures as training
data set. By limiting different parameters (e.g., the lattice
constants and atoms positions), we could obtain different types
of structures. The predominant type comprises perovskite
structures with varying tilt degrees of octahedron (Figure 1a),
which can be further categorized into cubic and tetragonal
phases. Besides, 2D perovskite (Figure 1b) was also included
in the training data set to account for scenarios where the
cations are oversized. To ensure the NN can accurately predict
the information on the potential energy surface comprising the

7 elements, nonperovskite structures were also incorporated
into the training data set, with a randomly selected example
depicted in Figure 1c. The final structures database contains
602351 structures, ensuring adequate sampling (detailed
information in Table S1). As shown in Figure 1d, all possible
compositions of targeted perovskite systems were considered
in the database. Thereinto, due to the maximum microstate
numbers, we increased the proportion of compositions in
which FA/Cs and I/Br approach 1. Through the above efforts,
we have constructed the large database containing compre-
hensive information of the potential energy surface. Finally,
20500 structures were randomly chosen from the database as
the training data set for the neural network.

A neural network is further constructed to learn the training
data. As shown in Figure 1e, we utilized a very large and deep

Figure 1. Structures included in the training data set: (a) 3D perovskite structures; (b) 2D perovskite structures; (c) nonperovskite structures. (d)
Constitution of training data set. (e) Neural network framework with nodes denoted as spheres and weights denoted as yellow lines. (f) Scheme of
two kinds of local chemical environments in perovskite (pink: I; orange: Br; gray: Pb; yellow: Cs; blue: N; light gray: C; white: H). (g) Comparison
of the root-mean-square (RMS) error of fitted neural network potential with the potentials that already have been released as well as perovskite
potential fitted by routine feature engineering.
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network with 3 hidden layers to ensure its capacity to
comprehend the complexities of the perovskite system. The
critical determinant of the network’s accuracy lies in feature
engineering, which transforms geometric information from
various structures into a mathematical language suitable for
learning. We used the power type symmetry functions
(PTSDs)44,45 known for their efficient and accurate feature
recognition capabilities. Compared with traditionally used
atom-centered symmetry functions,37 the usage of power radial
function in PTSDs could create radial distributions with
flexible peak and shape, recognizing atomic features more
efficiently. However, the choice of parameters for different
functions such as the cutoff radius is largely empirical. We
propose to construct PTSDs according to the local chemical
environment of the central elements to improve feature
recognition. As shown in Figure 1f, perovskites typically
exhibit two distinct local chemical environments: the center of
cuboctahedral cage occupied by A site cation and the PbX6
octahedron. Therefore, we established two series of PTSDs
tailored to the different geometric characteristics of these
environments comprising 510 and 545 symmetry functions,
respectively (Tables S2−S3). Leveraging a meticulously
designed neural network and a comprehensive training data
set at the big data level, we finally trained the complex 7-
element neural network potential and realized top accuracy for
both energy (1.91 meV/atom) and force prediction (0.064
eV/Å) (Table S4) when compared with other known neural
network potentials (Figure 1g). We also fitted a neural network

potential using routine feature engineering with the same
training data set and fitting epochs, the accuracy of which is far
behind our potential with customized feature engineering
(Figure 1g). Test on the validation set shows the RMS error
could still be maintained at 4.33 meV/atom (energy) and
0.055 eV/Å (force) (Table S5). These results validate the
efficacy of our approach and furnish a robust tool for our
subsequent theoretical design of perovskites absorber.
3.2. The Thermodynamics of Phase Segregation of Hybrid
Perovskites

Clarifying the atomic structures of perovskites is a prerequisite
of property prediction. We conducted NN potential-driven
global stochastic surface walking (SSW)36 optimization for 153
perovskites (perovskites structures with A16B16X48 framework)
with different uniformly distributed FA/Cs and I/Br to obtain
the most stable structures for each composition (Figures S2−
S3). The final chosen structures had the lowest energy among
all of the global optimizations. The utilization of the NN
potential has prominently accelerated the calculation speed.
For the used model with 192 atoms, performing local
optimization through DFT needed 9216 core hours, while
NN could finish the calculation in 4.8 s, which shows the
superiority of NN in the calculation of large and complex
systems. Based on the 153 optimized structures, we tend to
investigate the intrinsic phase segregation tendency, which has
been seen as a key stability issue that needs to be addressed for
future high-efficiency perovskite solar cells. Therefore, we

Figure 2. (a) Neural network predicted halides perovskites (FAxCs1−xPb(IyBr1−y)3) phase diagram with phase segregation Gibbs free energy as
targeting property. (b) Operable and endothermic compositions range for I-rich perovskites. (c) Operable composition range for Br-rich
perovskites. (d) Peak values of segregation Gibbs free energies for I-rich and Br-rich perovskites with different A site compositions. (e) Proportion
of stable compositions versus addition amount of Cs. (f) Calculated band gap diagram. (g) Perovskites with 1.7 and 1.8 eV band gaps in the
predicted phase diagram. (h) Predicted optimal 1.8 eV perovskites. (i) Predicted optimal 1.7 eV perovskites.
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calculated the preference for I and Br to remain in the
uniformly mixed state or to be segregated for different
compositions using phase segregation Gibbs free energy
analysis. As shown in Figures 2a and S4−S5, the collective
segregation of Gibbs free energies constitutes the perovskites
phase diagram, providing a global perspective on the property
of the hybrid perovskites for the first time and help researchers
unify the traditional local cognition of certain perovskites
compositions.

In the phase diagram, the red region indicates compositions
in which the segregation reaction is endothermic, signifying a
preference for perovskites to remain in the uniformly mixed
state. The yellow region denotes a transition to slightly
exothermic segregation reactions, while green and blue regions
signify highly exothermic reactions.

Analysis of the phase diagram reveals a notable trend: for
each A site composition, as I/Br approaches 1, perovskites
exhibit the strongest preference for segregation. This
observation is in accordance with the perception that the
addition of Br tends to induce phase segregation. Further, the
largest red region on the phase diagram corresponds to the I-
rich FA-rich phase, a composition extensively studied in the
perovskite community.46−55 This result denotes that our
calculation generates a result that is in accordance with the
trial-and-error method. We have the same basic cognition
about the stability of the perovskite phase as previous
researchers.

In addition to confirming existing knowledge, the phase
diagram also unveils insights that are challenging to be
obtained via the traditional trial-and-error method. Our aim is
to provide valuable guidance to researchers prior to synthesiz-
ing perovskite solar cells. Normally, maintaining the
segregation as an endothermic process could suppress phase
segregation. However, if other demands for the perovskites,
such as specific band gap values, necessitate choosing
compositions with exothermic segregation Gibbs free energies,
we recommend controlling them to moderately exothermic
levels and relying on kinetics to mitigate the segregation
process. According to these perspectives, we defined the
compositions with slightly exothermic segregation Gibbs free
energy (>−0.4 eV) as operable compositions. We have
delimited the boundary of operable compositions for both I-
rich perovskites (Figure 2b) and Br-rich perovskites (Figure
2c), recommending researchers synthesize perovskites inside
these defined regions. While both I-rich and Br-rich perov-
skites exhibit operable regions of similar sizes, a notable
distinction arises: exothermic compositions are exclusive to I-
rich perovskites, whereas all Br-rich perovskites exhibit
negative segregation Gibbs free energy. As shown in Figure
2d, I-rich perovskites display significantly higher peak values of
segregation Gibbs free energy for each A site composition
compared to Br-rich perovskites. Therefore, the I-rich phases
exhibit greater stability than Br-rich phases, there remains
substantial potential for the utilization of Br-rich phases
following the development of efficient kinetic modifications.

For A site composition, when the concentration of Cs in A
site is below 40%, the addition of Cs effectively mitigates the
segregation preference (as indicated by the green region in the
phase diagram). In essence, the addition of Cs enhances the
tolerance of the perovskite to the Br, allowing for the
incorporation of greater amounts of Br into the perovskite
while maintaining the uniformly mixed state. This effect is
most pronounced at around 20% Cs concentration (Figure

2e), with only perovskites with 40−60% I demonstrating
severe segregation. Moreover, the addition of Cs amplifies the
peak value of the segregation energy, with the two highest
peaks observed for perovskites containing 90% FA and 90% I,
and 60% FA and 90% I, respectively. However, it is noteworthy
that the maximum allowable Cs concentration is 40%;
exceeding this threshold results in a notable reduction in the
segregation Gibbs free energy. This phenomenon may be
attributed to a decrease in the tolerance factor when an
excessive amount of Cs is presenting in the lattice.

To determine the optimal perovskite composition for
different tandem solar cells, band gap is necessary information.
Accordingly, we further calculated band gaps (details in
Figures S6−S8) in a commonly used compositions range (0.5
≤ FA/(FA + Cs) ≤ 1, 0.5 ≤ I/(I + Br) ≤ 1). As shown in
Figure 2f, the band gaps increase from the I-rich to Br-rich
phases as well as from the FA-rich phases to the Cs-rich phases.
Thereinto, we screened perovskites with 1.7 and 1.8 eV band
gaps, which are potential candidates for Si/perovskite tandem
and perovskite/perovskite tandem, respectively. Upon marking
all of the compositions with 1.7 and 1.8 eV band gaps in the
band gap diagram, we observed 1.7 eV perovskite showing a
wider composition range for selection, accommodating
candidates with both high I concentration and low I
concentration. Conversely, the choices of compositions for
1.8 eV perovskites are limited, necessitating the addition of
more Br into the perovskites to achieve the desired band gap.

Combining the prediction of both the phase diagram and the
band gap diagram (Figure 2g), we have identified optimal
perovskite compositions. For 1.7 eV perovskite, the optimal
composition of FA0.63Cs0.37Pb(I0.88Br0.12)3 is situated in the
deep red region of the phase diagram (Figure 2h). However,
for 1.8 eV perovskite, the optimal composition (FA0.63Cs0.37Pb-
(I0.69Br0.31)3) (Figure 2i) still locates in the yellow region,
indicating that non-1.8 eV perovskite could suppress phase
segregation thermodynamically. All of the segregation
reactions of 1.8 eV perovskites are exothermic reactions.
From this perspective, development of Si/perovskite tandem
utilizing 1.7 eV perovskite is more promising. For the
perovskite/perovskite tandem that uses 1.8 eV perovskite, a
new combination of A sites cations and X sites halogens still
needs to be explored to change the thermodynamics of the
segregation reaction.

Further convex hull analysis confirms the predicted
compositions located on the vertex of the convex hull with
Ehull = 0 eV (Figure S9), which means the compositions have
promising internal stability. Meantime, we also noticed that
there are some compositions located in the FA-rich I-rich area
but have positive Ehull values. Though these compositions have
positive segregation Gibbs free energy, they will still suffer
from internal instability in the practical application, which
needs specific attention.
3.3. The Kinetics of Phase Segregation of Hybrid
Perovskites

Kinetics can serve as another efficient way to suppress the
phase segregation process, especially for the perovskites with a
high Br concentration. Given the favorable segregation
thermodynamics observed in Br-rich perovskites, reliance on
a high activation barrier becomes imperative to retard the
segregation reaction. As our predicted 1.8 eV candidate
exhibits exothermic segregation Gibbs free energy, possessing
a high activation barrier will be very important to the stability
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of perovskites with this composition. Therefore, we conducted
a phase segregation kinetics simulation. The validation test
shows that our NN potential could predict an accurate I
migration barrier compared with DFT calculation (Figure
S10). Then, beginning with the structure indicated in the
phase diagram as the initial state of phase segregation, we
further separate Br and I in two adjacent regions as the final
state of the segregation (Figure S11). Employing the double-
ended transition state search methods, we initiated two parallel
SSW optimizations simultaneously from the initial state and
final state with walking directions pointing toward each other.
Upon reaching the same intermediate structure, the initial
segregation pathway was successfully linked. Based on the
structure with the highest energy in the pathway, more
accurate transition states were further located via the
constrained Broyden dimer method (CBD).39 Finally, we
obtained a series of structures representing the phase
transformation path and normalized the number of each
structure from zero to one, which is used to represent the
phase segregation coordinate.

According to our calculation, the segregation process
proceeds through a step-by-step mechanism (Figure 3a). In
the initial step, the Br and I transfer in the original octahedron

by exchange of the relative position. Although this step leads to
an increase in system energy, the final transition state is still
not reached. Then, in the second step, we observe the lattice
transformation, i.e., the lattice vector starts to tilt, causing the
octahedrons in different layers to no longer overlap with each
other in the z direction. Following the lattice transformation,
Br and I can diffuse between different octahedrons, allowing
the system to reach the highest energy state, i.e., the transition
state of the whole segregation process. After the cross-
octahedrons diffusion, the perovskite reaches the final state
and the lattice recovers back to normal shape with obviously
decreasing system energy. Overall, the segregation process has
5.53 eV activation barrier in our predicted 1.8 eV candidate
(Figures 3b and S12).

We further calculated another record-breaking 1.8 eV
perovskite, FA0.70Cs0.30Pb(I0.60Br0.40)3 as reference (Figures 3c
andS13−S14).56 According to our calculation, the same step-
by-step phase segregation mechanism is preserved, but the
overall activation barrier is lower (4.96 eV). Therefore, our
predicted candidate is believed to have better stability.
However, the fundamental mechanism underlying the lowered
activation barrier remains unclear, as both A sites and X sites’
compositions are different in our predicted composition and

Figure 3. (a) Scheme of the segregation mechanism. (b) Potential energy diagram of the phase segregation process in predicted optimal 1.8 eV
perovskites. (c) Potential energy diagram of the phase segregation process in reference 1.8 eV perovskites. (d) Potential energy diagram of the
phase segregation process in predicted optimal 1.8 eV perovskites with all Cs substituted by FA. (e) Lattice angle change during the segregation
process of predicted and reference perovskites. (f) Transition state of phase segregation process of optimal 1.8 eV perovskite. (g) Transition state of
phase segregation process of optimal 1.8 eV perovskite with all Cs substituted by FA. (h) Potential energy diagram of phase segregation process in
predicted optimal 1.7 eV perovskite.
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reference composition. Therefore, we further investigated the
influence of A site composition and B site composition on the
overall activation barrier separately.

Based on the 1.8 eV candidate model, we substituted all Cs
cations with FA while maintaining the X site composition,
resulting in the reference model FAPb(I0.69Br0.31)3 (Figure
S15). The simulated potential energy diagrams of phase
segregation in the reference model are shown in Figures 3d
andS16. Interestingly, even with all of the A sites in the lattice
occupied by FA, the potential energy diagram still preserves
the three-step segregation mechanism. However, the energy
state after the lattice transformation is lower compared with
the original 1.8 eV candidate, indicating the lattice trans-
formation is facilitated in the absence of Cs. Figure 3e
illustrates the difference of the titling degree of lattice vector c
during the phase segregation process. When Cs is absent from
the lattice, the tilting of lattice vector is more pronounced in
the transition states of the reference model (Figure 3f)
compared with the 1.8 eV candidate model (Figure 3g).
Hence, Cs raises the activation barrier of the phase segregation
process by suppressing the lattice transformation of perovskite.

The key feature of the phase segregation process is the
concerted migration of two groups of halogen atoms in
opposite directions. Essentially, the activation barrier of any
migration process would be controlled by two factors: 1. the
interaction between the migrated atom and its coordinated
atoms, and 2. physical space along the migration path. In our
case, the interaction between Pb and I/Br is fixed; therefore,
we develop our kinetical modification strategy from the
perspective of migration space. Halogen perovskites are
known for their soft lattice, which is also revealed by our
simulated phase segregation process; i.e., the lattice vector of
perovskites could be adjusted easily to open more space for the
concerted migration process and lower the segregation
activation barrier. However, in our predicted 1.8 eV
composition, we propose to add more Cs into the lattice,
and we observed lattice transformation is suppressed

prominently (Figure 3f,g), which is accompanied by the
increased segregation activation barrier. The origin of this
phenomenon is that Cs, as a typical inorganic ion, could form a
primary ionic bond in the perovskite lattice, which is stronger
than the hydrogen-bond-like interaction introduced by organic
cation FA. Therefore, with more Cs atoms in the lattice, they
can strengthen the lattice and make the lattice more robust to
resist the lattice transformation, which makes adding Cs an
efficient kinetic suppression strategy for phase segregation.

We took our predicted 1.7 eV candidate as the reference for
investigation of the influence of X site anion on the phase
segregation (Figure S17). Our predicted 1.7 and 1.8 eV
candidates share the same A site composition, while the
compositions of the X site are different. As shown in Figures
3h andS18, we could observe that the phase segregation
mechanism of the 1.7 eV candidate is totally different from that
of the 1.8 eV candidate. The three-step mechanism can no
longer be observed, replaced instead by a single atom transfer
process in the 1.7 eV candidate. This divergence can be
attributed to the reduced amount of Br in the lattice, which
eliminates the need for significant lattice transformation to
accommodate multiatom concerted transfer. Consequently, the
activation barrier decreases significantly as the transfer of a
single Br atom entails a low activation barrier. This
underscores the importance of the endothermic feature of
segregation for low-Br concentration perovskites. Researchers
should exercise caution when selecting compositions with low-
Br concentration based on our phase diagram, avoiding
structures with an exothermic segregation energy.
3.4. The Experimental Verification of Theoretical
Prediction

Verification experiments were conducted to validate our
theoretical prediction. Perovskites solar cells were synthesized
using the predicted 1.8 and 1.7 eV compositions
(FA0.63Cs0.37Pb(I0.69Br0.31)3 and FA0.63Cs0.37Pb(I0.88Br0.12)3) as
well as their commonly used reference compositions (1.8 eV:
FA0.70Cs0.30Pb(I0.60Br0.40)3, 1.7 eV: FA0.83Cs0.17Pb(I0.70Br0.30)3)

Figure 4. (a) EQE spectra and PV band gap of predicted 1.7 eV perovskites. (b, c) Photoluminescence spectra evolution of predicted and reference
1.7 eV perovskites under 3 times 1-sun AM 1.5G intensity for 17 min. (d) IV performance of predicted 1.7 eV perovskites and reference. The inset
is their PCE distribution. (e) EQE spectra and PV band gap of predicted 1.8 eV perovskites. (f, g) Photoluminescence spectra evolution for
predicted and reference 1.8 eV perovskites, respectively. (h) IV performance of predicted 1.8 eV perovskites and reference. The inset is their PCE
distribution.
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with the same band gap. Firstly, we confirmed the predicted
values of PV band gaps (1.69 and 1.80 eV) (Figures 4a,e and
S19−S20), which closely matched the calculated values (1.70
and 1.80 eV). This agreement between predicted and
calculated band gaps underscores the reliability of both the
neural network potential and band gap calculation methods.

Further, we investigated whether our predicted composi-
tions could resist phase segregation using photoluminescence
(PL) evolution. Both the predicted 1.7 eV (Figure 4b) and 1.8
eV (Figure 4f) candidates maintained their PL peaks under 3-
sun intensity for 17 min, whereas the reference compositions
exhibited an obvious red shift of PL peaks (Figure 4c,4g). The
1.7 eV reference composition shows a stronger tendency
toward segregation compared with the 1.8 eV reference
composition, consistent with our theoretical kinetics results
(there are less Br and Cs in the 1.7 eV reference composition,
which will lead to a lower activation barrier).

Finally, the I−V tests also indicated that our predicted
compositions did not compromise the PV performance
compared with reference compositions (Figures 4d,h and
S21−S22, Tables S6 and S7). XRD spectra have confirmed the
higher phase stability of the predicted 1.7 and 1.8 eV
compositions in light conditions (Figure S23 and Table S8).
Finally, the overall advantages of the predicted composition
have been reflected in the stability test (Figure S24). Further
experimental validation on the predicted most stable
composition, FA0.90Cs0.10Pb(I0.90Br0.10)3 with 1.59 eV band
gap, has also shown a good match between theoretical and
experimental results (Figure S25). In summary, our exper-
imental verification has proven the theoretical prediction with
good matching (Table S9).

4. CONCLUSIONS
In conclusion, our goal is to use machine learning-based
theoretical calculations to provide practical guidance and
uncover new insights for the preparation or even manufactur-
ing of realistic perovskite solar cells. By mapping out the global
phase diagram of hybrid perovskites, we have successfully
identified the optimal compositions with different band gaps
that can inhibit the phase segregation process, thereby
enhancing the stability of perovskite solar cells. Specifically,
for perovskites with 1.8 eV band gaps, which are prone to
phase segregation, we recommend adding an appropriate
amount of Cs and adjusting the I and Br concentrations to
raise the barriers to segregation and achieve kinetical control of
phase segregation. This study showcases the power of machine
learning-driven approaches in maximizing the benefits of
compositional engineering by efficiently pinpointing the best
compositions. Thus, the integration of machine learning-
guided computational design with precise experimental
validation is poised to become the standard methodology for
developing high-performance perovskite solar cells in the
future.
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