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Modeling the effect of guanidinium in hybrid halide perovskites
Development of a neuro evolution potential for hybrid halide perovskite containing
guanidinium
Rickard Dahlgren Blumenau
Department of Physics
Chalmers University of Technology

Abstract
Hybrid halide perovskites have in recent years been one of the most rapidly ad-
vancing solar cell technologies. However, they face many issues especially related
to stability, since in general they easily degrade into photo-inactive phases due to
environmental factors like temperature, humidity and light. It is thus of interest
to understand the phase behaviors of these systems to be able to engineer sta-
ble perovskite solar cells with favorable optoelectronic properties. Two of the most
promising organic halide perovskites for solar cells are MAPbI3 (MAPI) and FAPbI3
(FAPI). By mixing these it is possible to tune the optoelectronic properties and
phase behavior. In recent studies it has been shown that incorporating GUAPbI3
(GUAPI) could further improve the optoelectronic properties by for instance in-
creasing the charge carrier lifetime. However, the exact phase behaviors of these
systems have not been investigated extensively. Thus, in this thesis the tempera-
ture dependence of the phase behaviors of mixed (MA,FA,GUA)PbI3 as well as each
pure systems were investigated by training a neuro evolution potential (NEP) model
on structural properties calculated through density functional theory (DFT). The
model predicted the previously known phase behaviors of FAPI and MAPI. Addi-
tionally, the morphotropic phase boundary (MPB) between MAPI and FAPI was
found around 21% of FAPI, which is in agreement with previous studies. GUAPI
was found to adopt the a−a−a− phase at temperatures below 280 K. Furthermore,
it was found that adding GUAPI to (MA,FA)PbI3 the MPB shifted towards higher
FAPI concentrations.

Keywords: neuro evolution potential, density functional theory, molecular dynamics,
perovskites, guanidinium
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1
Introduction

1.1 Background
In recent years, perovskites have emerged as promising materials for solar cells.
This is because of their low-cost potential, defect tolerance and high efficiency [1, 2].
Currently, it has been possible to achieve power conversion efficiencies of over 25%,
rivaling many state-of-the-art technologies [3]. However, perovskite solar cells tend
to suffer from stability issues. Their phase is usually sensitive to environmental
conditions like temperature, moisture and light. This is an issue since not every
phase is photoactive and thus suitable for photovoltaic applications [1].
The perovskites for which the highest efficiencies have been achieved are so called
hybrid halide perovskites. Two of the most promising hybrid halide perovskites are
MAPbI3 (MAPI) and FAPbI3 (FAPI). This is in large part due to their bandgap
of 1.55 eV and 1.47 eV, respectively [1], which is close to the optimal one to absorb
photons from the solar spectrum according to the Shockley-Queisser limit [4]. FA
(CH[NH2]2) is slightly larger than MA (CH3NH3), which results in different distor-
tions of the lattice and thus differences in their phase diagrams and optoelectronic
properties. The difference is not only related to the size difference, but also prop-
erties like vibration modes and dipole moments [5]. By mixing the two materials,
it is possible to tune the properties to achieve higher stability and efficiency [1,
6]. However, there are still stability issues and a possible solution could be to use
an even larger organic molecule, GUA (C[NH2]3). It has for instance been shown
experimentally that this can increase the charge carrier life-time and stability [5].
However, most thermodynamic properties, like the phase behavior in triple cation
(MA,FA,GUA)PbI3 are still relatively unexplored. The dynamics can be quite ac-
curately explored using density functional theory (DFT), however this is usually
computationally heavy. It is thus of interest to create a machine learning model that
can accurately predict the phase transitions and dynamics of the material without
the same computational cost as DFT.

1.2 Aim
The aim of this thesis is to train a neuro evolution potential (NEP) model us-
ing Graphics Processing Unit Molecular Dynamics (GPUMD) [7] software based
on a training dataset obtained from DFT calculations. This will first be done
for pure GUAPbI3 and the model will then be extended to the mixed systems,
GUA1−x−yMAxFAyPbI3 for x ∈ [0, 1], y ∈ [0, 1 − x]. To efficiently generate a rich
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1. Introduction

initial set of structures, machine-learned atomic cluster expansion (MACE) [8] po-
tentials will be utilized. The trained NEP models for pure and mixed systems will
be used to perform molecular dynamics (MD) simulations on larger pure and mixed
crystals respectively to understand the phase transitions and related properties.

1.3 Limitations
Phase transitions can occur due to many different environmental factors, but this
thesis will be limited to phase transitions caused by temperature changes and not
other environmental factors like pressure, moisture or light.
Furthermore, larger systems than 50 000 atoms will not be explored because of the
associated computational cost of investigating even larger systems. Based on earlier
studies of different hybrid halide perovskites, this size should be enough to find the
general phase behaviors, however possible patterns emerging as two phases coexist
might not be detected. For instance the twinning pattern of mixed (MA,FA)PbI3
will probably not be detectable, since it required over one million atoms to detect
in a similar study [9].
These systems will be simulated using periodic boundary conditions, since the study
is limited to the bulk properties of the perovskites. Thus, surface effects are not in
the scope of this thesis.
Since DFT is more computationally heavy than machine-learned potentials, the
system size of the training and test data will be limited to a few 100s of atoms.
When using MD with the final NEP model it will be possible to generalize to larger
structures while at the same time reducing the computational time significantly,
which will be helpful to eliminate finite-size effects.

2



2
Theory and Methology

2.1 Hybrid halide perovskites
Perovskites are a class of materials with a crystal structure that is defined by the
chemical formula ABX3 ordered in a repeating grid of BX6 octahedras with the
A-site occupying the vacancy formed by these grids as can be seen in Figure 2.1
[10]. The A-site is occupied by a monovalent cation, the B-site is occupied by a
divalent cation and the X-site is occupied by an anion. Hybrid halide perovskites
are the subset of perovskites for which the monovalent cation is an organic molecule
and the anion is a halide.

Figure 2.1: Perovskite structure (ABX3). The purple atoms are the X-sites, the
grey atoms inside the transparent octahedra are the B-sites and the molecule in the
center is the A-site.

There are many different varieties of perovskites, but the ones that are of interest
in this thesis are 3D corner-sharing perovskites, since they generally are the most
photoactive forms [11]. 3D corner-sharing perovskites are characterized by the struc-
ture seen in Figure 2.1 being continually repeated in all three dimensions. The name
originates from each octahedron sharing corners with the neighboring octahedra in
every cartesian direction.
3D corner-sharing perovskites can exist in different phases caused by the tilt of the
octahedra. The tilt of the octahedra is related to the M- and R-phonon modes. The

3



2. Theory and Methology

energy of the perovskite can decrease by displacing the octahedra along these modes
forming lower symmetry phases, which can occur when decreasing the temperature
of the structure. The M-mode generates an in-phase tilt pattern, which means that
the octahedra are tilted in the same orientation in every layer perpendicular to the
direction of the mode. An illustration of the M-mode can be seen in Figure 2.2a.
Looking at the structure in Figure 2.2b the R-mode instead generates an out-of-
phase tilt pattern, which means that the octahedra are tilted in opposite orientation
in the subsequent layer perpendicular to the direction of the mode [12].

(a) In-phase tilt (b) Out-of-phase tilt

Figure 2.2: Comparison of perovskite structures with different tilts.

The phases arising from the tilt of the octahedra are commonly classified using the
Glazer notation. If the structure exibits symmetry breaking resembling an in-phase
tilt pattern it is represented with a plus sign, while a minus sign is used to represent
out-of-phase tilt pattern. The amplitude of the tilt is represented through the letters
a− c. If two cartesian directions have the same tilt pattern and amplitude they are
represented by the same letter. For example a+b−b− means that the octahedra are
tilted in-phase in one of the cartesian directions and out-of-phase in the other two.
Here a and b correspond to different tilt amplitudes [13].
The preferred tilt patterns of the perovskite depends on the composition. A quan-
tity commonly used to predict the ideal phase of a perovskite is the Goldschmidt’s
tolerance factor t:

t = rA + rX√
2(rB + rX)

, (2.1)

where rA, rB and rX are the radius of the atoms or molecules occupying the A-, B-
and X-site respectively. The model predicts that the perovskite will prefer a cubic
phase for a tolerance factor between 0.9 and 1, a lower symmetry 3D perovskite
phase between 0.71 and 0.9 and a non-perovskite phase outside of this range [14].
This metric can be useful for rough approximation of the phase. However, in the
case of hybrid halide perovskites it can sometimes be inaccurate. The reason is both
due to the lack of spherical symmetry in most molecules used in the A-site, including
MA, FA and GUA, but more importantly the bonds formed between the octahedra
and the hydrogen atoms of the molecules [15].

4



2. Theory and Methology

2.2 Guanidinium
Guanidinium is an organic molecule consisting of one carbon atom bonded to three
NH2-groups. The NH2-groups are located in a plane and are evenly spaced around
the carbon atom with a 120◦ separation as can be seen in Figure 2.3c. The geometry
means that the molecule has a D3h symmetry [16, 17, 18]. This symmetry causes
the molecule to have zero dipole moment, which is one of the reasons it can have
beneficial effects when included in hybrid halide perovskites. The lack of dipole
moment reduces ion migration and hysteresis in current-voltage measurements, while
increasing charge carrier life time. The second reason it has beneficial attributes for
hybrid halide perovskites is the six hydrogen atoms, which can form bonds with the
iodide in the lattice. The bonds increase the stability of the lattice [16, 19]. These
two factors make GUA quite unique as an A-site candidate, since it combines the
benefit of zero dipole moment that is usually only found in inorganic ions such as
Cs with the benefit of hydrogen bonds that one gets from organic molecules.
The size of GUA, relative to MA and FA is also an important factor. It is significantly
larger, which means that the hydrogen atoms are generally closer to the iodide atoms,
creating stronger bonds [16]. However, it also results in a strain on the lattice, which
according to the Goldsmith’s tolerance factor would mean that GUAPI is not stable
in a 3D perovskite state. Current experimental results agree with this statement,
however as will be proven in this thesis, it is computationally possible to simulate a
stable 3D perovskite phase for GUAPI.

(a) Methylammonium (b) Formamidinium (c) Guanidinium

Figure 2.3: The organic molecules methylammonium (MA), formamidinium (FA)
and guanidinium (GUA).

2.3 Morphotropic phase boundary
This thesis will investigate the mixing of the three materials mentioned above, which
exhibit different phases. This can result in the coexistence of multiple phases in the
lattice. The morphotropic phase boundary (MPB) refers to the composition at
which the two phases are energetically equally favorable [20]. The coexistence of
phases can result in patterns. An example is the mixing of MAPI and FAPI. Both
tend to form tetragonal phases, however MAPI prefers the a0a0c− phase, while FAPI
prefers the a0a0c+ phase. It has been observed in previous computational studies
that the pattern is dependent on the size of the system [9]. For instance for system
sizes of the order of O(104) − O(105) atoms the phases order in a layered pattern.
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2. Theory and Methology

However, for system sizes of O(106) atoms the structure forms a twinning pattern.
The twinning pattern consists of different layers with alternating preference for the
direction of the mode.
There has not been many studies on how MPBs can be utilized in hybrid halide
perovskites, however there are speculations that they could be useful in enhancing
the performance of photovoltaic devices. For instance it is well known that the
MPB in ferroelectric materials such as PbZnxTi1–xO3 can be utilized to enhance
piezoelectric and dielectric properties [9].

2.4 Solar cells
To understand the importance of the optoelectronic properties of the perovskite for
producing high-efficiency solar cells, it is important to understand how a perovskite
solar cell works. Solar cells can be fabricated in many ways, but the most common
architecture for perovskite solar cells is to have a layered structure as can be seen in
Figure 2.4. The middle layer consists of perovskite crystals and is called the active
layer. When sunlight reaches this layer, electron-hole pairs are created through
the excitation of electrons from the valence band to the conduction band. The
active layer is sandwiched between the hole transport layer (HTL) and the electron
transport layer (ETL), which transport holes and electrons, respectively, to the
respective electrodes, while hindering the reverse process. The electrodes can then
be connected to a circuit through which the produced electricity can be transferred.

Figure 2.4: Perovskite solar cell architecture with an electron-hole pair being
generated and subsequently separated.

To produce a high efficiency perovskite solar cell one of the most important prop-
erties of solar cells is the bandgap, which defines the energy difference between the
highest energy site in the valence band and the lowest energy site in the conduction
band. The power conversion efficiency (PCE) of a solar cell can be calculated as

PCE = JSCVOCFF

Pin
, (2.2)
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2. Theory and Methology

where Pin is the power of the incident photons. The short circuit current (JSC),
which is the maximum achievable current decreases exponentially with the bandgap.
However, the open circuit voltage (VOC), which is the maximum achievable voltage,
increase linearly with the bandgap. The fill factor (FF ) also increases with the
bandgap. The fill factor takes into account the actual achievable maximum power,
since JSC and VOC can’t be achieved simultaneously. This results in an optimal
bandgap determined by Shockley-Quiesser limit at 1.34 eV for the absorption of the
solar spectrum [21].
By changing the composition of the halide perovskites, it is possible to tune the
bandgap to get very close to this. Modifying the A-site cation is particularly efficient
for this purpose. Hybrid halide perovskites are especially successful in achieving a
bandgap close to the desired value, as the large size of the organic cations induces
lattice distortions that significantly influence the band structure [22].
However, to achieve high efficiency solar cells it is also important to reduce the loss
caused by recombination of the produced electron-hole pairs. The total loss depends
on the fabrication of the entire solar cell and not just the active material. However,
studies have shown that incorporating GUA into MAPI and FAPI perovskites could
increase the charge carrier life-times, thus reducing the loss from recombination [5].

2.5 Density functional theory
In order to describe the behavior of a material in condensed matter physics, one
usually views the material as a collection of N electrons and M ions [23]. The
evolution of this system can be fully described by the Schrödinger equation

iℏ
∂

∂t
Ψ(r1, r2, ..., rN ; R1,R2, ...,RM , t) = ĤΨ(r1, r2, ..., rN ; R1,R2, ...,RM , t), (2.3)

where ri are the positions of the electrons and Rj are the positions of the ions.
The Hamiltonian can be decomposed into a kinetic term T̂ and a potential term
V̂ . The kinetic term can be further subdivided into one for the electrons and ions
respectively

T̂ = −
N∑

i=1

ℏ2

2me

∇2
i −

M∑
I=1

ℏ2

2MI

∇2
I , (2.4)

where me is the mass of the electron and MI is the mass of the nuclei.
Meanwhile the potential energy landscape depends on the two repulsive interactions
between ion-ion pairs and electron-electron pairs and the attractive interactions
between ion-electron pairs

V̂ = 1
2
∑
i ̸=j

1
|ri − rj|

+ 1
2
∑
I ̸=J

ZIZJ

|RI −RJ |
−
∑
i,I

ZI

|ri −RI |
, (2.5)

where ZI is the atomic number of nuclei I.
This is a 3(N + M) dimensional problem and would thus be computational un-
feasible for larger systems. Even systems with only a few particles become pro-
hibitively expensive without approximations. A method to reduce the complexity
to a 3-dimensional problem, while still enabling accurate simulations is DFT. The
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2. Theory and Methology

method only considers the ground-state of the system (there are extensions like
time-dependent DFT that covers the excited states), thus the time-independent
Schrödinger equation is sufficient, since the ground-state is time-independent for an
isolated system

EΨ(r1, r2, ..., rN ; R1,R2, ...,RM) = ĤΨ(r1, r2, ..., rN ; R1,R2, ...,RM). (2.6)

2.5.1 Born-Oppenheimer approximation
Observing that the mass of the two kinds of particles (electrons and nuclei) in the
system are of completely different magnitudes (the mass of a single proton is more
than 1000 times the mass of an electron), the electrons move much faster than the
nuclei. Any movement of the nuclei will thus result in an almost instantaneous
(relative to the time scales of nucleus motion) response from the electrons. As a
consequence, the total wavefunction can be expressed as a product of an electronic
wave function ψ and a nuclear wave function χ.

Ψ(r1, r2, ..., rN ; R1,R2, ...,RM) = ψR(r1, r2, ..., rN)χ(R1,R2, ...,RM). (2.7)

Observe that the nuclear wave function only depends on the position of the nuclei,
while the electronic wave function depends on both the position of nuclei and elec-
trons. However, when isolating the electronic wavefunction these parameters can be
seen as fixed, due to the slower motion of the nuclei. In this way, electronic and
nuclear dynamics can be separated into the two following equations (observe that
Hartree atomic units have been used to simplify the equations)−∑

i

∇2
i

2 +
∑

i

Vn(ri; R) + 1
2
∑
i ̸=j

1
|ri − rj|

ψR = ERψR (2.8)

−∑
i

∇2
I

2MI

+ 1
2
∑
I ̸=J

ZIZJ

|RI −RJ |
+ ER

χ = Etotχ, (2.9)

where ER encodes the electronic effects inside the second equation. This separation
breaks the problem of solving the Schrödinger equation into two steps. If one can
solve equation (2.8) and obtain ER, then equation (2.9) can be solved subsequently.
This in turn solves the full wavefunction Ψ of the system through equation (2.7).

2.5.2 Hohenberg-Kohn theorems
Fundamentally the formulation of DFT relies on the two Hohenberg-Kohn theorems
[24].

Theorem 1: The external potential Vn is within a trivial additive constant a unique
functional of the electron density n(r).

Theorem 2: For a trivial density ñ(r), which satisfies the necessary boundary
conditions such as ñ(r) ≥ 0,

∫
ñ(r)dr = N , it holds that E[n0] ≤ E[ñ], where n0 is

8



2. Theory and Methology

the ground-state energy density.

From the first theorem it follows that since the external potential is fully determined
by the electron density, so is the full Hamiltonian in equation (2.8). The many-
electron wavefunction can thus be fully determined by the ground-state electron
density n0 and as a consequence all the other properties of the system as well. This
simplifies the initial problem of solving the many-body Schrödinger equation from
a 3N dimensional problem to a 3 dimensional problem.
The next observation to make is that the energy for a many electron system can be
expressed as a functional of the many-electron wave function

E = ⟨ψ| Ĥ |ψ⟩ =
∫
dr1dr2..drNψ

∗(r1, ..., rN)Ĥψ(r1, ..., rN). (2.10)

Since both the Hamiltonian and the wave function are determined by the electron
density, it means that the energy is a functional of the electron density E = E[n].
According to the second theorem the ground-state electron density n0 is the electron
density for which this functional is minimized.

2.5.3 Kohn-Sham equation
The Hohenberg-Kohn theorems simplifies the many-body Schrödinger equation to a
3-dimensional problem by proposing that the energy of the system can be described
by a functional of electron density. However, it does not explain how this functional
can be constructed [23]. There is no precise solution and many good approxima-
tions have been made since the introduction of the theorems. Before applying any
approximation we observe that the Hamiltonian in equation (2.10) is the one in the
many-electron Schrödinger equation (2.8)

Ĥ = −
∑

i

∇2
i

2 +
∑

i

Vn(ri; R) + 1
2
∑
i ̸=j

1
|ri − rj|

. (2.11)

The main issue of using this expression in equation (2.10) is the kinetic term, due
to the interaction of the electrons.
A solution is to use the Kohn-Sham approach, which is based on the assumption that
the interacting many-electron system can be replaced by a non-interacting system
with an effective external potential that has the same ground-state energy. Under
this assumption the many-electron wavefunction can be separated into a product of
the single-electron wavefunctions ϕi

ψ(r1, ..., rN) = ϕ1(r1)...ϕN(rN). (2.12)

This expression is not sufficient for describing fermionic particles such as electrons,
since it is not antisymmetric, however this can be fixed by using the Slater de-
terminant. ϕi are usually denoted as Kohn-Sham orbitals to emphasize that they
represent a fictitious system with the purpose of mathematically simplifying the
problem of solving the many-body Schrödinger equation.

9
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The separation of the many-electron wavefunction into a product of single-electron
wavefunctions implies that the electron density can be expressed as a sum of their
individual probabilities

n(r) =
∑

i

|ϕi(r)|2. (2.13)

This relation can be utilized when replacing the many-electron wavefunction in the
functional expression of the energy equation (2.10). However, an extra term will
have to be introduced called the exchange-correlation energy EXC[n] to compensate
for the energy difference between an interacting and non-interacting system

E[n] =

Total energy in the independent electrons approximation︷ ︸︸ ︷∫
drn(r)Vn(r; R)︸ ︷︷ ︸
External potential

−
∑

i

∫
drϕ∗

i (r)∇
2

2 ϕi(r)︸ ︷︷ ︸
Kinetic energy

+ 1
2

∫∫
drdr′n(r)n(r′)

|r− r′|︸ ︷︷ ︸
Hartree energy

+ EXC[n]︸ ︷︷ ︸
XC energy

.

(2.14)

The reason it is called the exchange-correlation energy is due to that it is a sum of two
different energy corrections compensating for two different physical phenomena. The
exchange energy accounts for the Pauli exclusion principle preventing two electrons
from occupying the same state. The correlation energy is due to the repulsive forces
between electrons, resulting in a reduced probability of finding two electrons close
to each other (|Ψ(r1, r2)|2 ≤ |ϕ1(r1)ϕ2(r2)|2).
Now according to the second Hohenberg-Kohn theorem the ground-state electron
density n0 is the electron density for which the energy is minimized, thus by the
variational principle it follows that

δE[n]
δn

∣∣∣∣∣
n0

= 0. (2.15)

Imposing the requirement that ϕi should be orthonormal while minimizing the en-
ergy with respect to the Kohn-Sham orbitals yields the Kohn-Sham equation[

−1
2∇

2 + Vn(r; R) + 1
2

∫
dr′ n(r′)
|r− r′|

+ VXC(r)
]
ϕi(r) = ϵiϕi(r). (2.16)

VXC is called the exchange-correlation potential and can be written as

VXC(r) = δEXC[n]
δn

∣∣∣∣∣
n(r)

. (2.17)

2.5.4 Self-consistency
The Kohn-Sham equation (2.16) is solved through a self-consistency loop. First,
an initial guess is made for the ground-state electron density. This is inserted into
the Kohn-Sham equation to find a solution for the Kohn-Sham orbitals. The actual
electron density for this solution is then calculated using equation (2.13). If the
difference between the solution and the initial guess is within a set threshold δ the
algorithm has converged and a solution for the ground-state electron density has
been found. Otherwise a new guess is made.

10
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2.5.5 Exchange-correlation functionals
Choosing a reasonable exchange-correlation functional is crucial to achieve a rea-
sonable result. The choice of the functional is usually a trade-off between accuracy
and computational cost.
Many functionals have been developed over the years. One of the simplest is the local
density approximation (LDA), which approximates that each electron experiences
a homogeneous electron gas with the same local electron density. This can be
formulated as:

ELDA
XC [n] =

∫
n(r)ϵXC(n(r))dr, (2.18)

where ϵXC is the exchange-correlation energy per electron for a homogeneous electron
gas.
A common refinement of LDA is to formulate the exchange-correlation energy that
also depends on the gradient of the electron density

EGGA
XC [n] =

∫
n(r)ϵXC(n(r),∇n(r))dr. (2.19)

These kinds of functionals are called generalized gradient approximations (GGA). In
this thesis a functional called SCAN+rVV10 is used, which is based on the strongly
constrained and appropriately normed functional (SCAN) with an added correction
(+rVV10) to improve the performance when describing van der Waals forces. SCAN
and by extension SCAN+rVV10 is part of the family of meta-GGA functionals. The
difference to regular GGA is that exchange-correlation energy also depends on the
kinetic energy density [25].

2.6 Molecular dynamics
The dynamics of a structure can be simulated by moving the atoms according to a
forcefield. This can be used to calculate thermodynamic properties of the material.
This requires that the material is first equilibrated. Once in equilibrium the material
needs to be sampled during a long enough time to reduce statistical noise. To reduce
statistical noise, it is also important that the system is large enough. By sampling
the positions and velocities of the particles it is possible to calculate thermodynamic
properties of the material [26].
The forces can be derived from a potential energy surface (PES) U of the system,
which can be defined as

U =
∑

i

Ui, (2.20)

where Ui = Ui({rij}) is the potential energy of atom i, with rij being the relative
position between atom i and j. A cutoff radius is used such that one only considers
atom pairs with distances smaller or equal to the cutoff radius [27].
A general force expression for atom i can then be expressed as

Fi =
∑
i ̸=j

Fij, (2.21)
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where
Fij = −Fji = ∂Ui

∂rij

− ∂Uj

∂rji

. (2.22)

Fij is the force acting from atom j on atom i, which can be influenced by other
atoms.
By integrating Newton’s equation of motion for instance through the Verlet algo-
rithm the new positions of the particles can be calculated as

ri(t+ ∆t) ≈ 2ri(t)− ri(t−∆t) + Fi(t)
m

(∆t)2. (2.23)

The error of this calculation is of the order of O(∆t4) and is thus deemed one of the
more accurate and at the same time easiest algorithms to use in MD simulations
[26].
However, in the GPUMD package [7], which is utilized in this thesis to perform
MD simulations, the velocity Verlet algorithm is used instead. It is quite similar,
however it relies on calculating both the position and velocity of every particle as a
function of time using the following pair of equations

vi(t+ ∆t) ≈ vi(t) + Fi(t) + Fi(t+ ∆t)
2mi

∆t

ri(t+ ∆t) ≈ ri(t) + vi(t)∆t+ 1
2

Fi(t)
mi

(∆t)2.
(2.24)

This process simulates an NV E ensemble (micro-canonical), since the number of
particleN , the volume V and the energy E are conserved. However, in most practical
situations other ensembles are of more interest. This is due to that the NV E
ensemble describes an isolated system, which does not interact with its surrounding.
An ensemble that will be used extensively in this thesis to simulate realistic phase
transitions during heating and cooling trajectories of materials is the NpT ensemble,
which conserves the number of particles N , the pressure p and the temperature T ,
which can be achieved through the use of different thermostats and barostats that
regulates the coupling to an external heat bath and pressure bath respectively. The
thermostat used in this thesis is the Berendsen thermostat, which scales the velocities
of atoms in the system as follows

vscaled
i = vi

√
1 + ∆t

τT

(
T0

T
− 1

)
, (2.25)

with τT being the coupling time, T0 the target temperature and T is the current
temperature.
The barostat that will be used is the stochastic cell rescaling barostat, which is
an extension of the Berendsen barostat. In case all three directions are coupled
the Berendsen barostat scales the simulation box matrix A and the position of the
atoms ri using a scaling matrix M , such thatAscaled = MA

rscaled
i = Mri.

(2.26)
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The components of M are defined as

Mαβ = 1− γαβ∆t
3τp

(ptarget
αβ − pcurrent

αβ ), (2.27)

where γαβ is the isothermal compressibility, τp is the pressure coupling time, ptarget
αβ

is the target pressure and pcurrent
αβ is the current pressure.

The stochastic cell rescaling barostat further adds a stochastic term

M stochastic
αβ =

√
1

Dcouple

√√√√γαβ∆t
3τp

2kBT
target

V
Rαβ, (2.28)

where T target is the target temperature, V is the current volume of the system, Rαβ

are numbers drawn from a Gaussian distribution with mean zero and the variance
one and Dcouple are the number of coupled direction [26].

2.7 Neuro-evolution potential
There are many ways to obtain a PES that can be used for MD. One method is to
train a neuro-evolution potential, which is what was mostly used in this thesis. The
advantage of this approach is that one can train the model on DFT data and thus
achieve a similar accuracy, while not requiring to explicitly use DFT to calculate the
forces at every frame in the MD simulation. DFT calculations on large structures
of a few 10 000 atoms would be computationally infeasible. Instead the training
structures used are usually only a few hundred atoms, for which DFT is a more
reasonable tool. Since the simulation cells used in MD simulations are usually
different kinds of replications of the smaller training cells, it is generally enough for
the model to only be trained on the small structures.
A neuro-evolution potential is a machine learning (ML) architecture, which unlike
many ML models does not rely on gradient descent to find the optimal solution. In-
stead it uses evolutionary algorithms, which are global search approaches and thus
generally avoids the issue of getting stuck in local minima, which gradient descent
methods usually struggles with. However these methods are usually more compu-
tationally demanding since it requires the evaluation of the loss function multiple
times in every generation. The process is thus usually accelerated via GPU using
the GPUMD package [27].
The NEP model is based on a feed forward neural network. The input layer consists
of descriptor vectors qi

ν (1 ≤ ν ≤ Ndes), which encode the surrounding of each atom
i, while the output layer is the site energy Ui. There can be many hidden layers,
but the implementation in the GPUMD package uses only one [7]. The state of the
hidden layer can be represented by xµ (1 ≤ µ ≤ Nneu), where Nneu is the number of
neurons in the hidden layer. One can then define the state of the hidden layer as

xµ = tanh
Ndes∑

ν=1
w(1)

µν q
i
ν − b(1)

µ

 , (2.29)

where w(1)
µν is the connection weight between the neurons xµ and qi

ν , and b(1)
µ is the

bias for the neuron xµ.
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The output layer is then calculated as

Ui =
Nneu∑
µ=1

w(2)
µ xµ − b(2), (2.30)

where w(2)
µ is the connection weight between the neuron Ui and xµ, and b(2) is the

bias for the neuron Ui.
When training the neural network one tries to determine optimal values for the
weights and biases to minimize a loss function. The loss function is a quantification
of the error between the predicted forces, virials and energies by the ML model and
the training data. One can define a vector z of dimension Npar, i.e. the number
of parameters in the neural network. The problem is thus to find the real-valued
solution to

z∗ = argmin
z

L(z), (2.31)

where L(z) is the loss function. The loss function is defined as the weighted sum of
the energy, force, virial errors as well as L1 and L2 regularization loss function,

L(z) = λeLe(z) + λfLf (z) + λvLv(z) + λ1L1(z) + λ2L2(z). (2.32)

The energy loss function is defined as

Le(z) =
(

1
Nstr

Nstr∑
n=1

(UNEP(n, z)− U tar(n))2
)1/2

, (2.33)

where Nstr is the total number of structures in the training data set, U tar(n) is the
target per-atom energy of the nth structure, and UNEP(n, z) is the corresponding
energy calculated using the NEP potential with parameters z. The force loss is
defined as

Lf (z) =
(

1
3N

N∑
i=1

(FNEP
i (z)− Ftar

i )2
)1/2

, (2.34)

where N is the total number of atoms in the training data set and Ftar
i and FNEP

i are
the target force of the ith atom and that calculated from the NEP potential with
the parameters z.
The virial loss function is defined as

Lv(z) =
(

1
6Nstr

Nstr∑
n=1

∑
µν

(
WNEP

µν (n, z)−W tar
µν (n)

)2
)1/2

, (2.35)

where W tar
µν (n) and WNEP

µν (n, z) are the target per-atom virial µν tensor component
of the nth structure and that calculated from the NEP potential with parameter z.
The L1 and L2 loss are constructed based on the L1 and L2 norms of the parameter
vector z as follows 

L1(z) = 1
Npar

∑Npar
n=1 |zn|

L2(z) =
(

1
Npar

∑Npar
n=1 z

2
n

)1/2

.

(2.36)
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These two losses are useful in order to prevent overfitting. L1(z) tends to make
the feature selection of the model sparse by setting less important features to zero.
Meanwhile L2(z) only drives the less important features close to zero.
The minimization of the loss function is found through a separable natural evolu-
tion algorithm, since their complexity increases linearly with the number of fitting
parameters [27]. Initially a population of solutions z are sampled from a Gaussian
distribution with mean µ and standard deviation σ [28]. This can be represented
through

zk = µ + σsk, (2.37)
where sk is a value drawn from a Gaussian distribution N (0, I). The loss function is
then evaluated for each individual solution and ranked from smallest to largest. The
natural gradient can then be calculated by weighting the solutions with the weights
uk, such that individuals with smaller loss have a larger contribution∇µJ = ∑Npop

k=1 uksk

∇σJ = ∑Npop
k=1 uk(s2

k − 1).
(2.38)

Lastly, these gradients are used to evolve the distribution of the populationµ← µ + ηµ · σ · ∇µJ

σ ← σ · exp(ησ/2 · ∇σJ),
(2.39)

where ηµ and ησ are the learning rates for the mean and standard deviation of
the solution population respectively. This process constitutes one generation. The
process in then repeated for multiple generations in order to train the neural network.

2.8 Machine-learned atomic cluster expansion
MACE potentials are a type of machine learning potentials that uses an equivari-
ant message passing neural network to simulate the interaction between atoms, by
representing each atom as a node in the network and the edges represent the inter-
actions between atoms [29]. The features of each node are described by breaking the
structure into clusters of atoms that can be used to describe the surrounding of each
atom. What makes the architecture special compared to similar architectures like
atomic cluster expansion (ACE) is that it uses high-order bodied features (4-body
features) in every level and thus only two hidden layers are sufficient to create a quite
accurate potential, but it has the drawback of being more computationally heavy
than NEP-models. One example is MACE-MP-0, which is a model trained on 150
000 inorganic crystals. It can thus be used as a starting model when investigating
a new material, which is what it is used for in this thesis [8].

2.9 Methodology
The project was divided into two main parts. First a NEP-model for pure GUAPI
had to be trained. Once a stable and accurate model had been achieved, it could
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be further trained on mixed (MA,FA,GUA)PbI3 systems in order to achieve a NEP-
model for the mixed perovskites. The reason is that the behavior of MAPI, FAPI
and mixed (MA,FA)PbI3 systems has been more explored. It is thus important to
first achieve an accurate model for pure GUAPI since the validity of the model will
be solely based on it’s accuracy relative to DFT as well as physical reasonability.
Furthermore, mixing will introduce further complexity into the behavior of the sys-
tem. It is thus important to make sure that the model first can capture the behavior
of the pure material.

2.9.1 Training NEP-model for pure GUAPI
The NEP-model for pure GUAPI was trained through a supervised active learning
algorithm seen in Figure 2.5, which will be described in more detail in the following
subsections.

2.9.1.1 Generating initial training structures

In order to train the NEP model an initial set of training structures had to be
sampled. These structures should be representative of a material at relevant envi-
ronmental conditions. This is so that the model can learn to recognise the patterns
of the structure to make valid predictions of the optimal behavior at different con-
ditions.
The initial structures can be generated through different methods. Generally a good
starting point is to find an initial structure of the material based on experimental
data. In the case of perovskites, a cubic structure is usually a good starting point
since it is the natural phase of most 3D perovskite at sufficiently high temperatures.
Additionally, it can be easily distorted into other configurations.
To generate more structures, one of the simpler methods is to apply artificial dis-
tortions, either based on known phonon modes or randomly generated with physical
constrains, for instance through Monte Carlo sampling.
Another approach is to utilize previous models for the material. In the case of
GUAPI no previous model was accessible, however a general model MACE-MP-0
could be used to generate physically reasonable structures.
Both of these methods were used to generate the initial GUAPI structures with
an emphasize on the second method, since it tends to generate more physically
reasonable structures.

2.9.1.2 Labeling training data through DFT

When the initial training structures had been generated the next step was to cal-
culate the properties such as potential energy, forces and virial of the structures
using DFT. DFT was performed using the VASP package with the SCAN+rVV10
functional. This functional was chosen due to previous studies highlighting its per-
formance for DFT calculations of perovskites.
The process of calculating physical properties of the training structures using DFT
is equivalent to labeling the training data in a typical supervised learning algorithm.
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Figure 2.5: Process of training a NEP-model through supervised active learning.

2.9.1.3 Training and evaluating the NEP-model

Once the training structures had been labeled, the next step was to train the model.
The model was trained using the GPUMD package. A set of initial hyper parameters
was applied based on previous NEP-models for hybrid halide perovskites, which
could then be adjusted in case the model did not perform well. 6 separate models
were trained by dividing the training data into 5 batches of equal size. For each
model one batch was used as test data and the rest as training data, except for the
sixth model where the entire dataset was used as training data. The model without
test data will be referred to as the full model, while the other models are referred to
as split models. The purpose of the split models were to evaluate the performance
of the model design and training data, while the full model was used as the actual
model.
The performance of the model was tested with multiple methods. First, the loss and
root mean square error (RMSE) of the models were calculated. Observing the train
and test RMSE of the split models it was possible to detect if the model design was
able to generate split models that could accurately capture the features of the entire
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dataset without overtraining. This would be a sign that the full model also could
generalise to similar structures that would appear during MD simulations.
Another method used was uncertainty analysis. New structures could be generated
through MD simulations of the training data by applying the full NEP model. By
simulating relevant environmental conditions it could be seen whether the model
design was able to simulate these structures in a consistent and stable manner.
This could be quantified by analysing the standard deviation of energy and forces
predicted by the split models. If the standard deviation for a specific structure and
environmental condition was large it was a sign that the model could not generalise
well to that case.
By identifying the regions of the relevant configuration space were the model pre-
dictions had high uncertainty it was possible to employ an active learning algorithm
to improve the model. This was done by further sampling the regions with high un-
certainty by performing MD simulations in these regions. The structures generated
from the MD simulations were then labeled using DFT and added to the training
data. The model was then retrained and the process was repeated.

2.9.2 Training NEP-model for mixed (MA,FA,GUA)PbI3

When a stable and accurate model for GUAPI had been trained, the model could
be extended to mixed (MA,FA,GUA)PbI3 systems. The training data for pure
MAPI, FAPI and mixed (MA,FA)PbI3 were reused from a previous NEP-model
for mixed (MA,FA)PbI3 systems. Mixed training structures containing GUA were
created by replacing the molecule in the A-site of pure MAPI, FAPI and GUAPI
structures. This was done for a diverse range of concentrations between the three
materials. Both random distributions as well as deterministic patterns were used
when replacing the molecules to cover a large region of configuration space. MD
simulations of the training structures were then performed using the GUAPI NEP-
model to generate more training structures. The general training procedure was
otherwise the same as for the pure GUAPI model.
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3
Results

3.1 Model performance

3.1.1 Loss and RMSE
To evaluate the performance of the final model one of the first metrics to evaluate
is the loss and RMSE for both train and test data.
Figure 3.1 shows that the total loss decreased to an order of 10−1 at the end of
training, which is quite typical for a well trained NEP model for a hybrid halide
perovskite. The L1 and L2 loss terms follow the same trend, which suggests that
overtraining is hampered. Looking at the bottom graph of Figure 3.1, the train
RMSE mostly mirrors the behavior of the loss function, since by the definition of
the energy, virial and force loss functions in a NEP-model from equation (2.33)-
(2.35), they correspond to the RMSE of these properties.
Both the loss and RMSE plateau around 3× 105 generations, which indicates that
the model has converged and will not be improved by further training.
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Figure 3.1: The upper image shows the loss for the training of the full model.
The bottom image shows the training RMSE for forces, virial and energy of the full
model.
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3.1.2 Parity
Since the full NEP-model has no test data, the analysis of Figure 3.1 is insufficient
to disclose the possibility of overfitting.
To verify the predictive performance of the full model, structures of varying size,
composition and temperature were used as test structures. The forces and energies
of the test structures were calculated with DFT and compared with the prediction
of the NEP-model. The energy parity plot in Figure 3.2 shows that the test RMSE
is of the same magnitude as the training RMSE, which means that the model can
generalize to unseen data and is not overtrained. The statement can be further
reinforced through the force RMSE in Figure 3.3, which is also of the same order as
the train force RMSE.

Figure 3.2: Energy parity plot of the
test data.

Figure 3.3: Force parity plot of the
test data.

3.2 MAPI and FAPI systems
The purpose of the NEP-model is to be able to predict phase changes in
(MA, FA, GUA)PbI3 systems. However, that implies that the model first should be
able to predict the behaviors of the pure materials. Studying the phase behaviors
of materials require large systems with over 10 000 atoms, which as previously men-
tioned is computationally unfeasible with DFT. Evaluating the performance of the
NEP-model will instead have to be based on comparison with previous experimental
and computational results.

3.2.1 MAPI MD simulations
The phase behavior of MAPI was investigated through heating and cooling MD
simulations using the NpT ensemble. From previous studies it has been found that
the ground-state of MAPI is the orthorhombic phase a−a−c+ [12, 30, 31]. First
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the ground-state was heated from 1 K to 400 K. This was done for a 16 × 16 × 16
repetition of the unit cell with a heating rate of 7 K/ns.

To investigate the phase transitions three metrics were used. The potential energy
and lattice parameters of the crystal are two metrics that are useful to observe
the phase transitions in crystals, since they generally show a change during phase
transitions. However, to more easily detect the phase transitions the heat capacity
Cp was also investigated as:

Cp =
(
∂U

∂T

)
p

+ p

(
∂V

∂T

)
p

. (3.1)

In Figure 3.4 all three quantities show clear shifts at 190 K and 390 K, which are
signs of phase transitions.

To identify the exact phases according to the Glazer notation a more thorough inves-
tigation of the structure had to be made. This was done by projecting the deviation
of the lattice from the cubic structure ui onto the M- and R-mode eigenvectors
eai for each mode a and atom i. The projection Qa = ∑

i ui · eai was plotted for
each mode in Figure 3.5 against temperature during the heating simulation. Be-
low 190 K, the two R-modes are activated and one M-mode. This is in agreement
with the ground-state being the orthorhombic a−a−c+ phase. Between 190 K and
390 K only one R-mode is activated on average, which shows that the system is in
the tetragonal a0a0c− phase. Above 390 K no mode is activated on average, which
mean that the system is in the cubic a0a0a0 phase. The change of activated modes
is very sharp both at the orthorhombic to tetragonal phase and the tetragonal to
cubic indicating first-order transitions. These results are in agreement with previous
experimental and computational results [12, 30, 31, 32].

The cubic structure achieved from the heating simulation was subsequently cooled
back to 1 K. The cubic to tetragonal phase transition occurs with almost no hystere-
sis as can be seen in Figure 3.4. However, the tetragonal to orthorhombic transition
is notably absent during the cooling simulation. Previous computational studies
using GPUMD have shown that this transition is hard to achieve during cooling
simulations in part due to the energy barrier as can be seen during the heating sim-
ulation in Figure 3.4, but also because of its first-order nature [9, 32]. It is further
confirmed by observing the activated modes during the cooling simulation in Figure
3.6 that the structures remains in the meta-stable tetragonal a0a0c− phase below
190 K instead of returning to the true ground-state. These simulations reproduced
the phase transitions in pure MAPI validating the model’s performance.
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Figure 3.4: Potential energy, lattice parameters and heat capacity as a function of
temperature of MAPI.
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Figure 3.5: Mode projection of MAPI during heating simulation starting from the
ground-state (a−a−c+). The average mode projection is represented as a black line.
QA represents the normalized amplitude of mode A.
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Figure 3.6: Mode projection of MAPI during cooling simulation starting from the
the cubic phase (a0a0a0). The average mode projection is represented as a black
line.

3.2.2 FAPI MD simulations

The model’s performance for FAPI was investigated in the same way as for MAPI.
From a previous study it has been shown that the ground-state of FAPI is a−b−b−

[33]. Investigating the potential energy, lattice parameters and heat capacity during
a heating simulation from 1 K to 400 K with a heating rate of 7 K/ns of a 16×16×16
repetition of the unitcell of the ground-state revealed a transition at 200 K and a
second phase transition at 350 K. This can be seen in Figure 3.7. According to the
activated modes in Figure 3.8 the first phase transition seems to be from a−b−b− to
the tetragonal a0a0c+ phase, while the second phase transition is to the cubic a0a0a0

phase. The transition from the ground-state to the tetragonal phase seems to be of
first-order due to the sharp shift of the mode activations, while the tetragonal to
cubic phase transition seems to be continuous. This is in agreement with previous
studies [33, 9].
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(Å
)

0 50 100 150 200 250 300 350 400

Temperature (K)

1

2

3

H
ea

t
ca

p
ac

it
y

(k
B

/3
N

)

Figure 3.7: Potential energy, lattice parameters and heat capacity as a function of
temperature of FAPI.
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Figure 3.8: Mode projection of FAPI during heating simulation starting from the
ground-state (a−b−b−). The average mode projection is represented as a black line.

To observe the behavior of FAPI during a cooling simulation, the same method
was used as for MAPI. The cubic phase achieved after the heating simulation was
cooled from 400 K back to 1 K. Observing the difference between the heating and
cooling simulation in Figure 3.7 the cubic to tetragonal phase transition had almost
no hysteresis owing to its continuous nature. On the contrary the transition from
the tetragonal phase to the ground-state around 200 K did not occur, but instead
another phase transition around 150 K was found. Analysing the activated modes
in Figure 3.9 a second phase transition can be identified. This phase transitions
is from the tetragonal a0a0c+ phase to orthorhombic a−a−c+. This shows that the
system does not return to the ground-state, but instead is stuck in a meta stable
state. However, it is interesting that two peaks can be seen when observing the
heat capacity during the transition from a0a0c+ to a−a−c+. This seems to be due
to a delay between the dynamics of the lattice and the molecules. At the first peak
around 150 K the lattice transitions to the a−a−c+ phase, but the FA molecules are
still oriented in the pattern associated with the a0a0c+ phase. During the second
peak at 100 K the FA molecules have reoriented to the pattern associated with the
a−a−c+ phase. This is the reason no phase transition is detected at 100 K when
observing the mode activations since the activated modes are related to the Pb–I
octahedra. Previous studies have also shown this result [34]. This shows that the
NEP model was able to reproduce the results of FAPI as well [33].
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Figure 3.9: Mode projection of FAPI during cooling simulation starting from the
the cubic phase (a0a0a0). The average mode projection is represented as a black
line.

3.2.3 Mixed MAPI-FAPI MD simulations
In the previous subsections it was shown that the NEP-model was able to predict
both the behavior of MAPI and FAPI during a heating and cooling MD simulation.
When mixing the two systems, the phase behavior is dependent on the proportions
of the two materials. What is of special interest is the morphotropic phase boundary
(MPB). It is created due to the tetragonal phases of MAPI and FAPI having different
kinds of modes activated. As mentioned previously, MAPI favors a tetragonal phase
with out-of-phase tilt (a0a0c−), while FAPI favors a tetragonal phase with in-phase
tilt (a0a0c+). The MPB occurs at the proportion between MAPI and FAPI where
the phases are energetically equally favorable. In this region the two phases can
coexist in the crystal.
The MPB can be observed by calculating the proportion between M-mode (in-phase)
and R-mode (out-of-phase) for different concentrations of FA. In Figure 3.10 this
relation is plotted for multiple structures that were generated by randomly replacing
FA molecules in a 16 × 16 × 16 repetition of the FAPI unitcell with MA molecules
and cooling the structures with a rate of 7 K/ns. The relation in Figure 3.10 is
specifically for 250 K, however it appears to not change with temperature within
the temperature frame in which both tetragonal phases coexists. The ratio between
M- and R-modes in the lattice seems to follow a sigmoid relation with a rapid shift
from one phase to another as the concentration of FA changes close to the MPB.
A pattern of layers alternating between the two phases was observed. These layers
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were located such that their norm was in the direction of activated modes. The
MPB is found around 21% FA which is within the range of previous studies [9, 35,
36, 37]. The NEP-model can thus reproduce the phase behaviors of MAPI, FAPI
and mixing of the materials.
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Figure 3.10: Percentage of total mode activation that is of M- and R-mode char-
acter for different concentrations of FA in MAxFA1−xPI.

3.3 GUAPI

To be able to analyse (MA,FA,GUA)PbI3, the models performance for pure GUAPI
also had to be analysed. Unlike MAPI and FAPI, this system is as previously
mentioned less understood, since it generally does not form 3D perovskites. This
makes it hard to study experimentally, but also makes it harder to achieve a stable
NEP-model. However, with enough training structures and correct parameterising of
the NEP-model it is possible to create a stable model. Since there is no experimental
data to verify these results the purpose of studying how the model performs on pure
GUAPI is to observe whether the model is stable and gives consistent results that
are physically reasonable. Since it has already been verified with DFT that at least
for smaller structures the model is accurate for pure GUAPI structures.
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3.3.1 Finding the ground-state of GUAPI

To observe the phase behavior of pure GUAPI the ground-state first had to be
found. This was done by first creating many different artificial distortions of the
cubic GUAPI phase as well as randomly rotating the GUA molecules for 2× 2× 2
repetitions of the unit cell. The resulting structures were then relaxed using BFGS to
find the local minima of the PES that the NEP-model predicted. This random search
was done one million times and the resulting structures were identified through
mode projections. To further explore the PES to ensure that the global minimum
had been found a local minima hopping search algorithm was implemented using
the found local minima as starting structures. Minima hopping is a technique to
explore a PES by heating the structure using short MD simulations. This can
result in that the structure can jump over energy barriers and access new minima.
Larger temperatures allows for more exploration. For that reason a feedback loop
was implemented to decrease the temperature when the algorithm showed signs of
exploration. In case the structural diversity of the search algorithm stagnated, the
temperature was increased.

In Figure 3.11 it can be seen that the lowest energy structure found was a−a−a−.
It was also verified with DFT calculations that this was the lowest energy structure
of the ones found. It can be seen that no tilt and out-of-phase tilt dominates. This
is because most structure that have out-of-phase tilt has a much smaller magnitude
compared to for instance the tetragonal phase of MAPI. This causes the structures
to sometimes be classified as having no tilt, when in reality it just has a very weak
tilt.

Figure 3.11: Energy distribution of the found minima and their Glazer notation.
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3.3.2 GUAPI MD simulations

When the ground-state had been found, an MD analysis could be made in the same
way as for MAPI and FAPI. Heating a 16 × 16 × 16 repetition of the ground-state
with a rate of 7 K/ns from 1 K to 400 K resulted in one phase transition around
310 K as can be seen in Figure 3.12. The high temperature phase could be classified
as a cubic a0a0a0 phase by observing the mode activations in Figure 3.13, which also
seems to suggest that the transition is of first-order.
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Figure 3.12: Potential energy, lattice parameters and heat capacity as a function
of temperature of GUAPI.
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Figure 3.13: Mode projection of GUAPI during heating simulation starting from
the ground-state (a−a−a−). The average mode projection is represented as a black
line.

The cubic phase achieved from the heating simulation was then cooled back to 1 K
to observe the full transition cycle. In Figure 3.12 it seems like the ground-state is
not recovered during cooling. However, upon investigation of the mode projections
in Figure 3.14 the a−a−a− is actually recovered. The reason why it appears that the
ground-state is not recovered is due to formation of phase boundaries in the ⟨100⟩
direction that have an M-mode behavior. These phase boundaries seem to be size
related since they do not appear for smaller structures. For instance in the case
of 12 × 12 × 12 cells it appears that the ground-state is recovered since no phase
boundaries are formed during the phase transition between the a0a0a0 and a−a−a−

phase which can be seen both through the observation of the potential energy in
Figure 3.15 and the mode projections in Figure 3.16 and Figure 3.17. Another thing
to note that occurs in both 16× 16× 16 and 12× 12× 12 cells is that the transition
during the cooling process does not occur until 280 K, which is a notable shift from
the heating simulation. Hysteresis is especially common in first-order transitions.
Even though phase boundaries did not form during the phase transition in for 12×
12 × 12 cell the ground-state had a tendency of having some activations of an M-
mode for temperatures below 70 K both during heating and cooling. It seems to be a
consequence of phase boundaries forming in the crystal. Unlike the previous phase
boundaries, these phase boundaries are in the ⟨011⟩ direction. These boundaries
also seem to be a consequence of the large size of the system, since they were not
visible when searching for the ground-state.
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Figure 3.14: Mode projection of GUAPI during cooling simulation starting from
the cubic phase (a0a0a0). The average mode projection is represented as a black
line.
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Figure 3.15: Potential energy, lattice parameters and heat capacity as a function
of temperature of GUAPI. This is for a 12× 12× 12 repetition of the unit cell.
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Figure 3.16: Mode projection of GUAPI during heating simulation starting from
the ground-state (a−a−a−). This is for a 12 × 12 × 12 repetition of the unit cell.
The average mode projection is represented as a black line.
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Figure 3.17: Mode projection of GUAPI during cooling simulation starting from
the cubic phase (a0a0a0). This is for a 12× 12× 12 repetition of the unit cell. The
average mode projection is represented as a black line.

3.3.2.1 Molecular orientation and rotational dynamics of GUA molecules

The previous analysis of the modes focuses on the lead-iodide lattice structure, but
to understand the full phase dynamics of GUAPI the behavior of the GUA molecules
has to be analysed as well. First of all the orientation of the GUA molecules can
be analysed. The orientation of the molecule can be exactly defined through the
calculation of two vectors. GUA has a geometry such that the three NH2-groups
are located in the same plane as can be seen in Figure 3.18. The norm of this plane
was used as one of the defining vectors (it will be referred to as the A-vector) and
one of the carbon-nitrogen vectors was used as the second defining vector.
The orientation of these two vectors was quantified using the spherical coordinates θ
and ϕ. θ is defined as the polar angle and ϕ is the azimuthal angle. The orientation
of all GUA molecules in the crystal at different temperatures during the cooling
MD simulation was calculated and plotted as a heatmap in Figure 3.18. It can be
seen that the cubic phase in the first row is correlated with mostly unordered GUA
molecules. There is a pattern due to the constrains of the lattice on the molecules,
but the pattern is significantly weaker than what can be seen for lower temperatures.
This is reasonable since no symmetry breaking has occurred yet. As the perovskite
transitions to the a−a−a− phase in the second row of Figure 3.18 a more confined
pattern starts to emerge that is a subset of the higher probability regions in the
cubic phase. The GUA molecule seems to lock into two different positions with equal
probability. The two high probability orientations of the A-vector are simply the
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same vector in opposite directions. This means that they define the same orientation
of the GUA molecule. Looking at the carbon-nitrogen vector, six high probability
orientations can be seen. These orientations are located along the same plane, which
is reasonable since the A-vector is constrained to one direction. The reason why three
orientations of the carbon-nitrogen bonds are prominent for each orientations of the
GUA molecule is because there are three carbon-nitrogen bonds that can be picked
with equal probability. Checking the specific values of orientations in the right
column of Figure 3.18 it can be seen that the two dominant orientations of the GUA
molecule are 60◦ rotations of the molecule around the A-vector. This is reasonable
due to the alternating pattern of distorted iodide-lead lattice at lower temperatures.
As the temperature decreases further, the pattern becomes even more prominent
as more molecules lock into the highest probability regions. This is probably since
these regions are more energetically favorable and thus when thermal fluctuations
decreases the probability of molecules orienting in this particular pattern increases.
Interestingly, the formation of the M-mode boundaries seems to be correlated with
a further refinement of the GUA molecule into 6 specific orientations.
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Figure 3.18: Orientation of the GUA molecules in GUAPI for 350 K, 200 K, 100 K
and 20 K respectively from top to bottom. The left column shows the A-vector,
which has been marked with orange in the illustration of the GUA molecule to the
left. The right column shows one of the carbon-nitrogen bond vectors. Note that
the A-vector is the norm of the plane spanned by the carbon-nitrogen bond vectors.
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The rotational dynamics of the GUA molecules could be further investigated through
the autocorrelation function of the A- and C-N-vectors. The autocorrelation func-
tion C(τ) is defined as

C(τ) = ⟨r
i
B(t)ri

B(t+ τ)⟩
⟨ri

B(t)ri
B(t)⟩ , (3.2)

where ri
B(t) is orientation vector B at time t for atom i.

MD simulations using the NV E ensemble were performed at constant temperature
by first equilibrating structures from the cooling MD simulations using the NpT
ensemble. Figure 3.19 shows that for increasing temperatures the autocorrelation
time decreases. This is reasonable since heat induces stochastic motion. At lower
temperatures the autocorrelation function is more or less constant, since the orien-
tation of the GUA molecules becomes frozen in the low symmetry phase a−a−a− as
previously seen in Figure 3.18. Furthermore the phase transition between a0a0a0 and
a−a−a− can be clearly seen by observing the rapid increase of the autocorrelation
time around 280 K.
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Figure 3.19: Autocorrelation function of the A-vector in the top image and C-N
vector in the bottom image as a function of time.

The decay of the autocorrelation function can be modeled as C(τ) ∝ e−τ/τrot , where
τrot is the typical rotational time. This model is represented by the points in Figure
3.20. The data seems to follow one linear trend in the cubic phase and another in
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the a−a−a− phase. This can be modeled with an Arrhenius behavior as 1/τrot(T ) ∝
e−EA/kBT , where EA is the activation energy of the rotation. The Arrhenius model
is plotted as the dashed linear fit in Figure 3.20, which means that the tilt of the
linear fit is the corresponding activation energy. In Figure 3.20 it can be seen that
for both rotational degrees of freedom, the activation energy is notably larger in the
a−a−a− phase than the cubic phase. This is reasonable since the symmetry breaking
of the lattice constrains the GUA molecule.
This analysis of the GUA molecule shows that there is a strong correlation between
the lattice and A-site dynamics of GUAPI with no notable delay, which is reasonable
due to the large size of the GUA molecule, which should imply that it is strongly
bonded to the lattice. Interestingly, when comparing with a similar study for FAPI,
it was seen that the autocorrelation time was much smaller for FA at the same
temperatures [33]. This is probably due to the large size and strong hydrogen-iodide
bonds of the GUA molecule in GUAPI, which restricts rotational motion.
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Figure 3.20: Rotational rate as a function of temperature for the A- and C-N-
vector. For the cubic phase the activation barrier is 0.066 eV and 0.064 eV for the
A- and C-N-vectors respectively, while for the a−a−a− phase the activation barrier
is 0.234 eV and 0.245 eV for the A- and C-N-vectors respectively.

3.4 Triple cation simulations
The purpose of the NEP-model was ultimately to investigate the phase behavior
of (MA,FA,GUA)PbI3 systems. To achieve this, structures of a diverse range of
proportions between the three cations were generated. These structures were then
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cooled using MD from 400 K to 1 K. Unlike for pure materials the heating process
was not investigated, since that would require to find the ground-state for each
composition.
At 400 K every composition is cubic as can be seen in Figure 3.21, which is reasonable
since the pure systems has already been identified to be in the cubic state at this
temperature. Furthermore previous studies of mixed hybrid halide perovskites have
not found any correlation between mixing and an increased temperature of the phase
transition to cubic phase [9, 35].
Decreasing the temperature towards 300 K the tetragonal phase of pure MAPI and
FAPI appears for low GUA concentrations. This is consistent with the pure simu-
lations since pure MAPI and FAPI transition to the cubic phase above 300 K, while
pure GUAPI has a phase transition to the cubic phase below 300 K. The MPB
formed by the mixing of a0a0c+ and a0a0c− shifts towards higher FA concentration
as the amount of GUA increases. For instance at 0% GUA the MPB occurs at 21%
FA as was also shown previously in Figure 3.10, while at 10% GUA the MPB occurs
at 27% FA. This is reasonable since GUAPI favors out-of-phase tilt. Interestingly,
this could mean that GUAPI drives the system more strongly towards out-of-phase
tilt than MAPI. In the tetragonal phase, MAPI has a stronger R-mode than GUAPI,
however GUAPI drives the system towards isotropic out of-phase tilt. The geometry
of a 3D perovskite constrains an isotropic out-of-phase tilt to smaller amplitudes.
This could imply that GUAPI preferably would drive the system towards larger
out-of-phase tilt than MAPI, however is constrained by the geometry. This would
explain why GUAPI shifts the MPB towards larger FA concentrations as well as
the tendency of GUAPI to decay into lower dimensional perovskites in experiments.
More mixing, especially in the case of low FA concentrations seems to drive the
cubic phase transition towards lower temperatures. This has also been observed in
studies of (MA,FA)-systems [9, 35].
This observation is further reinforced at 250 K where the a−a−a− phase appears for
higher GUA concentration, but the cubic phase still exist for mixed systems. It
primarily exists for systems of low MA concentrations. This could be caused by
the competition between in-phase tilt and out-of-phase tilt preference of FAPI and
GUAPI respectively, since a similar phenomenon occurs in mixed (MA,FA)-systems
[9, 35].
The layered pattern caused by the mixing of MAPI and FAPI is present when adding
GUAPI. However, there seems to be a correlation between an increasing amount of
GUAPI and a weakening of the layered pattern. The weakening of the pattern could
be caused by the pattern appearing in multiple directions. The appearance of the
layered pattern in multiple directions is probably due to the preference of GUAPI
for isotropic out-of-phase tilt.
The cubic phase completely disappears around 200 K. Mostly it is the a−a−a−

phase region that expands between 250 K and 200 K. This is probably because
the cubic region around 250 K was mostly influenced by GUA, since GUA had the
lowest transition temperature to cubic phase. The phase boundaries mostly stay
unchanged below 200 K with the mayor change being the transition of the a0a0c+

phase to a−a−c+.
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Figure 3.21: Phase diagram of (MA,FA,GUA)PbI3 at different temperatures.
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4
Conclusion

This thesis shows that it is possible to train a NEP-model for hybrid halide per-
ovskites containing GUA with an accuracy close to DFT.
The model could simulate a stable 3D perovskite phase of GUAPI. This could be
done without compromising its performance for pure MAPI and FAPI, as well as
mixed (MA,FA)PbI3. For instance the model could recreate well known phase tran-
sitions for pure MAPI and FAPI as well as mixed (MA,FA)PbI3. The layered pattern
of a0a0c+ and a0a0c− present in mixed (MA,FA)PbI3 was also recreated.
The model predicts that the inclusion of GUA in mixed (MA,FA)PbI3 systems
tends to favor weak isotropic out-of-phase tilt, which can be denoted through Glazer
notation as a−a−a−. This results in a shift of the MPB between a0a0c+ and a0a0c−

towards higher FA concentrations. Furthermore the layered pattern is weakened,
but starts appearing in multiple directions as GUA is added to the system.
Investigation of the orientation and rotational dynamics of the GUA molecule re-
vealed that the molecule forms an alternating pattern of two orientations in the
a−a−a− phase. The autocorrelation time in this phase is relatively low compared
to for instance the FA molecule. This is probably due to the large size and many
hydrogen atoms of the GUA molecule, which creates strong bonds to the lattice.
Future prospects could be to apply the model to larger systems of a few million
atoms in order to investigate potential twinning patterns in the (MA,FA,GUA)PbI3
systems.
The orientation and rotational dynamics of mixed systems could also be explored
in case they differ from the pure materials. This could give further insight to the
reason behind the phases forming in (MA,FA,GUA)PbI3.
Furthermore, to apply the found results and possible future investigation of the
phase behaviors to the design of perovskite solar cells it is also important to analyse
the efficiency of these phases. This could for instance be done through calculations
of the band structure to understand how the phases will interact with photons.
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