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Abstract 

The development of modern society requires new materials to handle resource and 

environmental crises. Traditionally, the search for new materials is based on large numbers 

of trials and errors. Meanwhile, plenty of data, especially from failures, are wasted rather 

than forms experiences that can be shared among researchers. Machine learning techniques 

can help deal with complex information and take part in the design and exploration loop of 

materials, accelerating the simulation and property prediction process. In this thesis, we 

mainly aim to implement machine learning techniques for microscopic understanding of 

materials. 

In Chapter 1, the importance of materials and the obstacles to materials design is briefly 

introduced. Then the roles and recent studies of artificial intelligence for science are 

reviewed and discussed to address the ability of machine learning to concur the hard 

problems. Finally, the chapter outlines the main directions explored in this thesis: one is the 

use of machine learning to investigate iodide-related defect kinetics within the all-inorganic 

halide perovskite CsPbI3, and the other is the application of neural networks to predict the 

electron density of material systems. The methodology used throughout the thesis has been 

explained in Chapter 2, including the fundamental frameworks of density functional theory, 

molecular dynamics simulation, the deep learning interatomic potential, and the concurrent 

learning strategy for dataset construction. 

In Chapter 3, a study on rare events in iodide-related point defect hopping in CsPbI3 was 

conducted. We found that the existence of iodide vacancies or interstitials can effectively 

reduce the creation barrier for anti-Frenkel disorders. These additional defects can assist 

the fast and long-range ion diffusion, as well as the annihilation of defects. We have also 

systematically studied the hopping barrier of iodide interstitials and the influence of 

temperature on their hopping process. The discovered multi-defect phenomenon can help 

explain the self-healing of halide defects in halide perovskite materials. 

In Chapter 4, we have found and systematically investigated the planar confinement 

behaviour of iodide interstitials in CsPbI3. According to the molecular dynamics and kinetic 

Monte Carlo simulations, this behaviour will influence the defect lifetime and diffusion of 

ions. Specifically, the interstitials will move faster in the 〈110〉 direction family, but 〈100〉 
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are the slowest directions. Moreover, we have also studied the influence of symmetry 

breaking in low-temperature phases. The interstitials obtain higher on-site energy in the 

equatorial planes of halide perovskite lattice, while lower on-site energy in the apical 

directions. This can further restrict the motion of interstitials, preventing them hop freely 

inside the equatorial directions. The studies of defect kinetics in halide perovskite not only 

reveal the potential diffusion patterns of halide ions but also provide strategies for tuning 

halide perovskite-based optoelectronic or resistive switching devices. 

Besides the application of machine learning in material simulations, in Chapter 5, the Deep 

Charge model was developed and described. The Deep Charge model can predict electron 

density in space from the input structures with ab initio accuracy. The model has been tested 

in various materials systems including metals, semiconductors, and insulators. In addition, 

it is easily applicable to different structural systems, such as crystals and surfaces, and even 

more complex alloys and amorphous structures. The machine learning techniques provide 

a way to represent electron density with a linear time complexity, rather than the cubic 

complexity of traditional density functional theory calculations. This can facilitate fast first-

principles calculation on larger systems and the physical property predictions. 
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Chapter 1.   

 

Introduction 

 

1.1. Resource crisis and why materials matter 

Nowadays, with the development of human civilization, we are facing all kinds of crises 

due to the approaching of critical points in the complex social and environmental 

systems [3,4]. The consumption of energy and other resources in modern society is growing 

at an unprecedented rate. Take data and computation technology for instance, the training 

and inference processes of artificial intelligence (AI) are highly energy and water resource 

consumable, such as the generative large language models (LLM) ChatGPT from 

OpenAI [5] and Gemini from Google [6]. For example, the pictures in Figure 1.1 below 

are generated by ChatGPT-4 using about nine dialogues, with a rough estimate of 

approximately 0.045 kWh of electricity consumed. In 2021, the total electricity 

consumption of Google was 18.3 TWh, with 10%~15% cost by AI [7]. If every standard 

search includes the LLM interaction, the energy consumption of Google will become as 

large as a country such as Ireland, about 29.3 TWh per annum [8]. AI servers are estimated 

to consume about 85.4~134.0 TWh of electricity in the year 2027 [8]. In addition, this 

consumption will only become more sizable as the complexity and number of parameters 

in AI models continue to increase, along with the growing demand for AI-generated content 

(AIGC) [9]. Besides supercomputing infrastructure, the energy needs of other 

manufacturing industries are also increasing to fulfil the urbanization. Overcoming 

bottlenecks in human development is a matter of urgency. 

To address these obstacles, we need to allocate and manage resources more intelligently, 

while on the other hand, it is more important to explore new resources. Throughout the 

history of mankind, every great step forward has always been inseparable from the 

discovery and application of new materials, as shown in Figure 1.1. After recognizing 

copper and iron and smelting them, human productivity increased dramatically, leading to 
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a steady rise in population. The subsequent industrial revolutions advanced the widespread 

use of steel and polymers, laying the foundation for modern society. Today, the acquisition 

of monocrystalline silicon has brought us into the information age. In short, materials matter.  

 

Figure 1.1  Schematics for the relation between human civilization and the discovery of new 

materials. The figures are generated by ChatGPT to show the rapid development of AI. 

 

For the energy and environmental crises we are facing, advanced materials meeting various 

requirements are urgently awaited. In terms of energy consumption and efficiency for 

computing devices, semiconductor materials that are superior to monocrystalline silicon 

have the potential to exist [10–12]. Room-temperature superconductors could theoretically 

avoid heat loss in electronics to a great extent, even though their existence has not yet been 

experimentally established [13,14].  

In addition, new materials can also provide breakthroughs to energy harvest and storage. 

Photovoltaic devices based on semiconductor materials endow us with the ability to harvest 

solar energy. For example, silicon is the traditional photoactive layer for solar cells and has 

been widely used in solar farms, aerospace, and everyday life. However, the production of 

monocrystalline silicon solar cells is highly energy intensive due to the high temperatures 

required for refining and melting the silicon from SiO2. Meanwhile, halide perovskite 

materials such as methylammonium lead triiodide (MAPbI3), formamidinium lead triiodide 

(FAPbI3), and CsPbI3, have been extensively studied since 2009 when their photovoltaic 

properties were first discovered by Miyasaka et al. [15,16]. The power conversion 

efficiency (PCE) of the single junction halide perovskites thin film solar cell has recently 
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surpassed 26% in the laboratory, which is comparable to traditional monocrystalline silicon 

solar cells [17–19]. Besides the efficiency, the fabrication of halide perovskite-based solar 

cells requires less energy with solution-based methods such as spin-coating, doctor blading, 

screen printing, etc. [20], which will reduce production costs to a considerable extent. 

Moreover, halide perovskite materials have their intrinsic advantages over silicon, they are 

direct band gap semiconductors, while silicon obtain an indirect band gap. This can lead to 

more efficient light harvesting and requires a thinner photo-active layer than the silicon 

case, which saves material and compresses the device sizes.  

1.2. Current obstacles to materials research 

 

Figure 1.2 The comparison of the current science discovery loop and the inverse design loop. The 

left side is the current procedure for finding new materials, while the right side is the 

incorporation of the inverse design procedure. From ref. [21]. Reprinted with permission from 

AAAS. 

 

However, although we understand that materials research is of vital importance to the future 

development of human society, there are two major obstacles that we are facing. The first 
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is the inverse design of materials [22], i.e. how could we find the ideal materials from a 

given target property? In theory, it is possible to design a room-temperature superconductor 

or a more “perfect” semiconductor material than silicon, but we can hardly know the 

specific composition and structure of that target material until we find one. Therefore, we 

are even less likely to know how to fabricate it. The current materials research is based on 

large amounts of trials and errors, as shown in the left side of Figure 1.2, though theoretical 

prediction and experiences can provide a little guidance. There is still a long way to achieve 

the ability of inverse design and implement it into the new materials discovery loop, as 

shown on the right side of Figure 1.2.  

The second obstacle is the understanding of microscopic material properties. The above-

mentioned advanced materials possess fascinating properties over traditional materials, but 

many of them have their problems. For example, halide perovskites are known for their 

instability, which can easily degrade to other non-photoactive matters [23]. To solve these 

problems and gain physical knowledge for designing new materials from scratch, a 

thorough understanding at the atomic level is necessary. Nevertheless, the characterization 

of materials at the atomic level remains challenging, primarily due to the intricate nature of 

atomic interactions and the limitations of current analytical techniques in achieving the 

resolution and sensitivity required to accurately observe and measure these complex 

phenomena.  

Contemporarily, the most commonly used method for studying microscopic properties in 

materials and condensed matter physics is computation and simulation. Utilizing the 

quantum mechanics or empirical functions, the static and dynamical properties of materials 

could be derived with the assistance of supercomputing clusters. Two well-known 

computing methods are density functional theory (DFT) [24] and molecular dynamics 

(MD) [25]. DFT aims to solve the Kohn-Sham equation for electrons in a material, thereby 

providing a quantum mechanical description of the electronic structure [26]. This method 

is particularly powerful for predicting material properties such as electronic band 

structure [27], magnetic properties [28], and optical characteristics [29]. On the other hand, 

MD simulations offer insights into the behavior of atoms and molecules over time, allowing 

researchers to study the dynamic processes and thermal properties of materials at an atomic 

scale. MD can be divided into two main categories: ab initio MD (AIMD) [30] and classical 

MD [31]. AIMD borrows quantum mechanical methods for energy and force calculations 
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and uses these values to update the structure of systems. However, owing to the 

involvement of the degree of freedom of electrons, AIMD is highly computationally 

intensive. Meanwhile, classical MD relies on solving Newton's equations of motion for a 

collection of particles, using force fields derived from empirical data to model the 

interactions between atoms. However, although these computational methods could to 

some degree provide a more intuitive understanding of material properties on electronic 

and atomic scales, they still fall short of fully representing the materials at a comprehensive 

level. 

 

 

Figure 1.3  The Jacob’s Ladder towards chemical accuracy. In each step, new physical content is 

added and the accuracy of the DFT model will be improved. Reproduced with permission from 

ref.  [32], copyright 2017, Informa UK Limited, trading as Taylor & Taylor & Francis Group. 

 

DFT is based on the non-interacting single-electron approximation of the full-electron 

Schrödinger equation, which takes the total electron density as the functional variable 

instead of considering all electron degrees of freedom. This formulation reduces the 

complexity of computing but introduces another problem: the exchange-correlation 

functional, which contains all the “hard-solving” parts of the energy functional. The general 

form of the exchange-correlation functional is unknown, and various approximations have 

been taken into account such as the local density approximation (LDA) [26] and 
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generalized gradient approximation (GGA) [33,34]. The errors in DFT can be generally 

attributed to the limitation of the exchange-correlation functionals. Currently, we are 

gradually approaching chemical accuracy by climbing the “Jacob’s Ladder”, as illustrated 

in Figure 1.3. However, as the precision continues to improve, the complexity of 

implementation rapidly increases, and computational costs also progressively rise. This 

leads to a reduction in the size of the systems that can be studied, limiting research on many 

complex systems and numerous properties. On the other hand, classical MD exhibits a 

notable rapidity, enabling its application to systems comprising millions of atoms. However, 

the accuracy of classical MD is contingent upon the force field employed, which is typically 

calibrated manually based on data derived from DFT or experimental results. The lack of 

details within the force field parameters could result in the generation of unrealistic 

microscopic kinetics, even though the macroscopic statistical properties might align with 

experimental values in some instances. 

To solve the two major problems, more efficient ways are required to predict material 

properties rapidly with high precision and to simulate large systems over longer timescales. 

This indicates that we need to combine the accuracy of DFT with the speed of classical MD. 

The question then arises: how can such an integration be achieved? 

1.3. The power of artificial intelligence for science 

1.3.1. The prediction ability of AI 

As mentioned above, the development of AI will lead to a significant increase in energy 

consumption in modern society. At the same time, however, AI is the first tool with 

intelligence invented by mankind, and its gradual rise in functionality and capability has 

the potential to provide new avenues for solving both of these challenges. A brand-new 

research field is rising: AI for science (AI4Science) [35].  

AI4Science utilizes machine learning to accelerate and enhance scientific research across 

a broad spectrum of disciplines. This innovative approach harnesses the power of AI to 

analyze vast datasets, uncover latent patterns, and generate hypotheses at speeds and scales 

previously unattainable by human researchers alone. By integrating AI technologies such 

as machine learning, deep learning, and natural language processing, scientists can tackle 
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complex problems more efficiently, from understanding climate change dynamics to 

discovering new materials and drugs [36,37]. In 2021, researchers from DeepMind 

proposed the deep learning model AlphaFold for three-dimensional protein structure 

prediction [38]. This model outperformed other prediction methods significantly in the 14th 

Critical Assessment of Protein Structure Prediction (CASP14), with a median backbone 

accuracy of 0.96 Å r.m.s.d.95 (Cα root-mean-square deviation at 95% residue coverage) 

compared to the next best performing method of 2.8 Å r.m.s.d.95. The researchers have also 

launched the AlphaFold Protein Structure Database, containing the prediction results for 

unknown protein structures. In 2022, they uploaded around 200 million results, almost 

covering all the known proteins on earth [39], providing unprecedented information for the 

structural biology community.  

Moreover, AI could also assist in solving fundamental physical problems from the 

observations. In 2019, Yosinski et al. proposed an AI model to learn the Hamiltonian ℋ of 

various physical systems [40], and a year later Ho et al. constructed the Lagrangian Neural 

Networks that can parameterize arbitrary Lagrangians ℒ  from data in an arbitrary 

coordinate system [41]. ℋ and ℒ are all physical quantities of vital significance, especially 

for modern physics, which can capture the kinetics of a system with conservation laws. In 

2020, Tegmark and Udrescu from the Massachusetts Institute of Technology proposed a 

recursive multidimensional symbolic regression model named “AI-Feynman” to discover 

the correct symbolic expression from the observed data [42]. This model correctly 

discovered 100 equations from the Feynman Lectures on Physics. Later in 2022, Liu and 

Tegmark presented another symbolic regression AI model for finding the hidden 

symmetries of a system [43], which is of fundamental interest to theoretical physics. In the 

same year, Battaglia et al. proposed a graph network with symbolic regression 

implementation that could successfully rediscover Newton’s gravitation law from the 

orbital data of our solar system [44].  

 

1.3.2. The structure of AI 

In brief, the well-trained AI can be regarded as mappings or functions from the input 

information to the target values. These functions generally have a large number of 
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parameters as the degrees of freedom to be tuned in the training process. An AI model 𝑀 

can be represented as 𝒚 = 𝑀(𝒙;𝜽), in which y is the target value, generally a vector with 

multiple elements; x is the input information, such as the data required for finding patterns; 

and θ is the tunable parameters of the model. Different from traditional function-solving 

problems such as giving x to find y, AI aims to find the functions themselves with the given 

x and y. There are numerous machine learning frameworks for finding the solution, but 

herein, only the broadly adopted artificial neural network approach is taken for 

demonstration [45].   

 

 

Figure 1.4  (a) the general structure of a mammalian neuron. (b) The architecture of an artificial 

neuron. (c) The structure of a multilayered neural network. Reproduced with permission from 

ref. [46], John Wiley & Sons, Inc. 

 

Artificial neural networks solve practical problems by imitating biological nervous systems. 

As shown in Figure 1.4(a), a neuron cell of mammals contains a cell body called soma, 

root-like dendrites, and a long wire-like axon. The mechanisms of information transmission 

and processing involve complex biochemical reactions. In brief, the dendrites are connected 

to other neurons and receive their transmitter substances, depending on which the cell 

lowers or raises its electrical potential. Once the potential is larger than a threshold, a pulse 

will be sent to the axon and then transmitted to other connected neurons.  

A typical artificial neuron is shown in Figure 1.4(b). The neuron takes several inputs (x1, 

x2, …), then manipulates the received information, and finally outputs the signal O. The 

output signal can be directly regarded as the final result or as the input signal to the 

subsequent neurons to form a multilayered neural network. To process the information, the 

neuron first assigns every input value (xi) a weight (wi), which determines its influence on 
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the output. These values are then summed together with a bias (b) term which determines 

the threshold. The obtained signal is finally input to the activation function (f) to determine 

the value of the output. The whole process can be written as: 

𝑂 = 𝑓 (∑𝑤𝑖𝑥𝑖
𝑖

+ 𝑏) = 𝑓(𝒘 ∙ 𝒙 + 𝑏) (1) 

This is the information processing of a single neuron. To provide predicting abilities 

towards complex problems and mimic the biological neurons, the activation function f 

should be non-linear, such as the Rectified Linear Unit (ReLU), Sigmoid, and Tanh 

functions: 

ReLU(𝑥) = max⁡(0, 𝑥) (2) 

Sigmoid(𝑥) =
1

1 + 𝑒−𝑥
(3) 

Tanh(𝑥) =
𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
(4) 

 

 

Figure 1.5  The three commonly used activation functions. 

 

To form a neural network, we need a hidden layer containing multiple neurons, as shown 

in Figure 1.4(c). The outputs of this layer can be directly input to the output layer, which 

gives out the results based on the information provided by the hidden layer, or to another 
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hidden layer. The layers could be connected forming a sequence, endowing the neural 

network with more non-linear capabilities. A neural network that contains a large number 

of hidden layers is called a deep neural network (DNN), which is a commonly used 

architecture for deep learning.  

 

1.3.3. The training process 

One of the powerful abilities of AI is learning, which is different from other tools created 

by mankind. As we believe, knowledge is contained in data. We need to first investigate 

and collect observations, then distil the fundamental rules behind them to understand the 

world. This is similar to the training process of AI. The neural networks can automatically 

adjust the above-mentioned parameters via algorithms to align the prediction to the 

provided data. 

Generally, the training process requires two objects: the AI model and the datasets. Before 

the training, the dataset needs to go through a preprocessing pipeline [47,48], since the raw 

data are usually not directly readable for the model, or the data is unevenly distributed 

which could lead to bias while training [49]. The data should be split into two parts for 

training and validation, respectively. For a single training step, the preprocessed data are 

input into the model, and it will give a prediction based on the input. The predicted values 

are compared to the true results with a loss function, and finally, the algorithm adjusts the 

parameters of the model to minimize the loss of the model, which is called 

backpropagation [50,51]. The most well-known method for determining how to update the 

parameters of neural networks is gradient descent [52], which utilizes the chain rule of 

multivariant derivatives to backpropagate the loss onto every parameter. To obtain a model 

with enough predictability, thousands to millions of training steps are usually required, 

depending on the complexity of the data and the scale of the model. 

After obtaining the optimized parameters, the model can be used for predicting unknown 

data without backpropagation. 
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1.4. Recent development of AI in materials science 

As discussed above, there are oceans of complex problems in science that can be highly 

sophisticated for research. The fusion of AI and science could be the solution, which is 

experiencing a remarkable surge, with plenty of researchers promoting its development. 

Herein, I briefly described the machine learning studies focused on the field of materials 

science and condensed matter physics. In general, AI could assist scientists in three ways: 

property predictions, calculations and simulations, and experiment analysis. 

 

1.4.1. AI in material properties prediction 

Machine learning methods have been widely used in the property prediction of materials. 

In this task, the AI models are required to find out the mapping between the features from 

the composition of atomic species or the crystal structures to the target properties.  

A number of AI models have mostly used the structures of materials together with the ab 

initio calculated properties for training and predicting, these data are relatively “clean”, 

meaning no experimental errors. In 2017, Isayev et al. proposed the universal fragment 

descriptors model for inorganic materials [53]. This model can utilize the crystal structure 

to predict electronic properties such as band gap energy, mechanical properties such as bulk 

modulus and shear modulus, and thermodynamical properties such as heat capacity and 

thermal expansion coefficient. In the same year, Müller and Tkatchenko et al. proposed the 

SchNet based on deep tensor neural networks (DTNN) for the property prediction of 

molecules and solid materials [54,55]. SchNet obtains a high accuracy. For example, the 

mean absolute error (MAE) for the formation energy prediction is lower than 0.035 

eV/atom for the Materials Project database. In 2018, Agrawal et al. proposed the ElemNet 

architecture for predicting material properties from only elemental composition 

information [56]. The model can effectively understand the interactions and similarities 

among different chemical species and can efficiently predict properties with high accuracy. 

In 2022, Ganguly et al. constructed an auto-encoder-based framework CrysXPP for 

property prediction in crystalline materials [57], which obtains a generally higher accuracy 

towards the state and elastic properties of materials than other compared models. 



32 

Several models have adopted the real experiment data for property prediction. In 2021, 

Gregoire et al. introduced the Hierarchical Correlation Learning for Multi-property 

Prediction (H-CLMP) framework for training and predicting multiple properties as a 

whole [58]. The model can predict spectral optical absorption in the complex metal oxide 

system with only the composition information. Compared to single-target models, the 

multi-target framework is more effective and efficient in understanding underlying 

chemical relationships. Since the compositional space is high dimensional, the correlation 

among different compositions and different properties is highly complex, providing more 

property information can assist the exploration of fundamental intrinsic correlations among 

properties and in efficiently finding out the relationship for accurate property prediction.  

 

 

Figure 1.6  The procedure for transfer learning on finetuning the DNN model trained on DFT 

results towards experimental data. Reproduced with permission from ref.  [59], 2019 Springer 

Nature Limited. 

 

Some models combine the ab initio data with the experimental observations. In 2019, 

Agrawal et al. adopted the above-mentioned ElemNet architecture for predicting 

experimental properties based on a transfer learning strategy [59], as shown in Figure 1.6. 

They first trained the model with the Open Quantum Materials Database (OQMD) [60], a 

large database containing DFT results, and then fine-tuned the model based on the SGTE 

Solid SUBstance (SSUB) database containing experimental data. With this framework, the 
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model can perform better with even small experimental datasets. In 2022, they used the 

IRNet architecture [61] to predict the formation energy of materials [62]. They have trained 

the model based on the OQMD, and the experimental data are constructed with 

Matminer [63]. The addition of experimental data increases the accuracy of the model’s 

prediction and outperforms that of pure DFT data, by about 20% better. This work shows 

that a small amount of ground truth data, i.e. the experimental observations, could increase 

the accuracy of the model. 

 

1.4.2. AI in first-principles calculation 

As previously mentioned, there are several obstacles in the field of computational materials 

science. AI can assist in dealing with problems via increasing the ab initio calculation speed 

or constructing machine learning potential energy surface. 

 

 

Figure 1.7  The model structure of DeepH. Reproduced with permission from ref.  [64]. 

Copyright © 2022, Springer Nature Limited. 
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For the density functional theory calculations, one of the most time-consuming procedures 

is the self-consistent field (SCF) calculation. Nowadays, various machine learning methods 

assist in bypassing the SCF calculation. One way is to predict the Hamiltonian of a system, 

which encodes the electronic structure information. In 2017, Hegde and Bowen used 

bispectrum formalism to represent the local atomic environment and trained the machine 

learning model for Hamiltonian prediction with kernel ridge regression [65]. For 

interatomic energy, the RMSE of the model is 6 meV for copper and 18 meV for diamond. 

In 2022, Xu et al. developed the DeepH model by means of a message-passing neural 

network [64]. The model can predict the local Hamiltonian based on the environment and 

preserve the gauge covariance of the DFT Hamiltonian matrix. The atomic numbers and 

local coordinates are taken as the input features. As shown in Figure 1.7, firstly, the atomic 

numbers are embedded into initial vertex features and the local coordinates are expressed 

by Gaussian basis as the edge features. Then the features are successively updated via 

message-passing (MP) layers. Lastly, the features are used to represent the Hamiltonian and 

decoded via the local coordinate message-passing (LCMP) layer. The DeepH model was 

tested in the twisted vdW materials and shows good alignment to the DFT band structure 

and electric susceptibility.  

On the other hand, the orbital-free DFT (OF-DFT) [66] framework assisted by machine 

learning can also increase the efficiency of ab initio calculations. The OF-DFT scheme said 

that the energy functional of a system is dependent purely on the electron density, which is 

the same as the original DFT idea, with a time complexity of O(N). Meanwhile, this 

approach is inaccurate since the kinetic energy functional (KEF) is hard to construct and 

can lead to large errors. Thus, the broadly used Kohn-Sham DFT was proposed, which 

requires the construction of the Kohn-Sham orbitals for energy functional calculations, with 

the time complexity of O(N3). If we could find a suitable KEF, the OF-DFT could be 

employed in material calculations. In 2022, Ryczko and Tamblyn et al. proposed the voxel 

DNNs method for computing KEF and its functional derivative [67]. The model predicts 

the KEF with sliced electron density data and shows agreement with the KS-DFT results 

in graphene lattice. In 2023, Suryanarayana et al. adopted the Δ-machine learning model 

for the OF-DFT scheme [68]. The model learned a correction term to the OF energies that 

captures the difference between OF and HK results. The tests showed that this model is 

efficiency and can be about 50% more accurate on energy prediction than the machine 

learning force field trained only on KS-DFT. 
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1.4.3. AI in materials simulation 

 

Figure 1.8  The advancement of machine learning potentials. The traditional methods are listed in 

the circles, in which the most accurate method normally obtains the lowest efficiency, while the 

fastest methods that can do large-scale simulations are of the lowest accuracy. The machine 

learning method could provide a way for large-scale simulation with ab initio accuracy. 

Reproduced with permission from ref.  [69], Copyright © 2021, Springer Nature Limited. 

 

At the same time, machine learning also empowers materials simulation, endowing them 

with accuracy comparable to ab initio calculations but easily performed in larger systems, 

as shown in Figure 1.8. The traditional interatomic potentials for MD simulations are 

manually fitted according to experimental or DFT results. However, this generally requires 

a large number of works for finetuning and loses details, making it hard to approach the ab 

initio accuracy. One possible solution is using numerical optimization to fit the potentials 

with a set of DFT results [70]. Early in 1995, Doren et al. adopted neural networks to 

represent the potential energy surface [71]. As discussed above, the neural network models 

obtain a large set of parameters such as biases and weights, which can be regarded as 

degrees of freedom for a complex function. Thus, they have the ability to approximate the 

potential energy surfaces.  
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Contemporarily, there are more advanced neural network models developed for material 

simulations. In 2010, Bartók et al. introduced the Gaussian approximation potential (GAP) 

method, which can capture the relation between atomic energy and the local environment 

from DFT results [72]. Later in 2021, based on the GAP method, Deringer et al. performed 

the GAP-MD simulation of systems with 100,000 silicon atoms for nanoseconds [73]. The 

simulation can provide atomistic insight into the phase transition in disordered silicon with 

DFT accuracy, which is impossible to obtain from ordinary DFT simulations. In 2017, 

Roitberg and Isayev et al. constructed the ANI-1 model based on the Behler and Parrinello 

symmetry functions from GAP, which obtains an RMSE of 1.3 kcal/mol for organic 

molecules [74]. 

In 2018, E et al. proposed the original deep potential molecular dynamics (DPMD) 

framework [75]. This model also predicts the energy and force on atoms based on 

knowledge learned from ab initio data. The neural network first extracts the environment 

information with an embedding network to construct the symmetry-conserved descriptors. 

Then the descriptors are further processed by the fitting net to obtain the energy and force 

on atoms. Owing to the outstanding efficiency and accuracy, DPMD achieved simulation 

at the scale of over 100 million atoms in 2021 [76]. Currently, DPMD has also implemented 

the attention mechanics for the embedding network [77], which provides the ability to train 

one single model over a wide range of atom species, providing the possibility to construct 

a large atomic model that contains every element on the periodic table. 

Many of the machine learning potentials are based on the local atomic environment and 

ignore the long-range electrostatic interactions. Thus, several models have included the 

prediction of point charge, dipole and multipole moments’ contribution [78–80]. The 

DPMD framework can also include long-range interactions via constructing the maximally 

localized Wannier centres [81]. 

 

1.4.4. AI in material experiments and analysis 

Machine learning can also be applied to the process optimization of experiments, and even 

automatically conducting experiments. In 2016, Norquist et al. designed a support vector 

machine to construct procedures from failure experimental data for the reaction and 
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crystallization of templated vanadium selenites [82]. In 2019, Okubo and Chaikittisilp et al. 

used extreme gradient boosting (XGBoost) and random forest models for constructing the 

synthesis-structure relationship of zeolite materials [83]. As shown in Figure 1.9, first, the 

data were collected from published literature and datasets. Then the machine learning 

model will construct a descriptor, i.e. a high dimensional representation vector in latent 

space, for the synthesis procedure. The relationship between the synthesis procedure and 

the structure similarity is constructed, based on which the model can predict the synthesis 

condition for unknown zeolites. Finally, the prediction can be verified via experiments. 

Besides process optimization, there are also numerous models designed for characterization, 

such as microstructural analysis [84–86], spectroscopic analysis [87,88], atom probe 

tomography [89–91], etc. 

 

 

Figure 1.9  Workflow for finding the synthesis procedure for zeolites with different structures 

with machine learning. Reproduced with permission from ref.  [83]. 2019 Springer Nature 

Limited. 

 

More interestingly, AI and robotics have the ability to conduct experiments with less human 

interference. In 2020, a research group from the University of Liverpool built a robotic 

chemist, demonstrating the ability to find improved photocatalysts for hydrogen production 



38 

from water [92]. Using a batched Bayesian search algorithm, the system automatically 

performed 688 experiments in eight days and found optimal photocatalyst mixtures. In the 

same year, a group from the University of Glasgow constructed the “Chemputer” system, 

which can automatically explore the chemical space and discover new molecules and 

reactions [93]. In 2023, Gomes et al. from Carnegie Mellon University designed the 

Coscientist system based on multiple LLMs agents that can automatically plan, analyze, 

and perform experiments [94]. The AI system could search online for the synthesis process 

and design the experiment pathways, successfully synthesizing ibuprofen from raw 

materials. Moreover, it can solve real-world complex experiments optimization processes 

such as the Pd-catalyzed transformations. It can accurately predict the ratio of the reactants 

and obtain the desired product within 20 experiment iterations. 

 

1.5. Overview of this thesis 

1.5.1. The main challenges and general goals 

In this thesis, machine learning models are used for both enhancing materials simulations 

and property predictions. The primary goal of this thesis is to address the challenges 

inherent in simulations by utilizing machine learning to uncover new phenomena in 

materials and develop predictive models for their properties. 

Two specific topics have been chosen for study. For the sections in machine-learning-

assisted simulation, a deep learning force field was constructed for the ion diffusion 

phenomenon in all-inorganic metal halide perovskite was investigated; for the section in 

materials property predictions, a deep learning model for electron density prediction was 

constructed and studied. 

 

1.5.2. Deep-learning force field for CsPbI3 

1.5.2.1. Basic introduction to halide perovskite 

Halide perovskite materials have been found and investigated since the past century [95–
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97]. However, these materials did not gain widespread attention and large amounts of 

research interest until Miyasaka et al. discovered their unique photovoltaic properties in 

2009 [15]. Over the following decade, researchers have optimized the halide perovskite-

based photovoltaic devices quickly and achieved high power conversion efficiency [98]. 

The halide perovskites are generally described by the formula ABX3, in which A and B are 

cations, and X is the halide anion. Typically, the perovskites for photovoltaic and 

optoelectronic devices usage take MA+, FA+, or Cs+ as A-site cation; Pb2+ or Sn2+ as B-site 

cation; and I- or Br- as X-site anion. In this thesis, only the inorganic Cs+ as A-site cations 

have been considered.  

 

 

Figure 1.10  Schematics for the cubic halide perovskite structure. The left shows the atomic 

structure and the right shows the octahedra. Reproduced with permission from ref.  [99]. 

Copyright © 2020 American Chemical Society. 

 

As their name suggests, halide perovskites obtain the perovskite crystal structure, which 

obtains a framework of corner-sharing BX6 octahedra with larger cation A inserted among 

them [100], as shown in Figure 1.10. Under room temperature, halide perovskite structures 

often exhibit lower symmetry compared to the cubic perovskite structure due to ion size 

mismatches. This results in spontaneous symmetry breaking, leading to tetragonal or 

orthorhombic lattice structures. The phase stability can be estimated by the Goldschmidt 

tolerance factor t [101,102] or the improved one τ for halide perovskite [103]: 

𝑡 =
𝑟𝐴 + 𝑟𝑋

√2(𝑟𝐵 + 𝑟𝑋)
(5) 
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𝜏 =
𝑟𝑋
𝑟𝐵
− 𝑛𝐴 (𝑛𝐴 −

𝑟𝐴/𝑟𝐵
ln(𝑟𝐴/𝑟𝐵)

) (6) 

Phase stability is critically important for the application of halide perovskites, as different 

phases exhibit varying efficiencies in light harvesting. 

 

1.5.2.2. Ion diffusion in halide perovskite 

Compared to other crystal materials, the halide perovskite lattices are relatively soft, so the 

ions inside them can move relatively more easily [104–106]. The active defect diffusion 

and migration can lead to numerous effects, such as phase transition or degradation, 

photocurrent hysteresis, non-radiative carrier recombination, etc. [107–109]. Thus, it is 

important to understand the ion diffusion phenomena in order to tune the device's 

performance.  

So far, the computational method is necessary for studying the ion diffusion phenomena at 

a microscopic scale. Meanwhile, the simulations in defect structures normally require a 

large spatial scale and long timescale. Researchers need to choose between accuracy and 

efficiency.  

The DFT calculations such as the nudged elastic band (NEB) [110] or AIMD are generally 

with first-principles accuracy but are limited to small supercells and a timescale for 

picoseconds. This can cause two problems. First, small supercells can lead to the interaction 

of defects themselves across the periodic boundary, leading to biased results. Second, a 

shorter timescale makes the final statistical results inaccurate and fails to detect rare events, 

which is important for transition state analysis and kinetic properties. On the other hand, 

MD simulations could give insight into thermodynamic properties such as activation energy 

for diffusion but lack of accuracy in interaction among atoms. 

 

1.5.2.3. Contribution of this thesis 

A dataset for CsPbI3 all-inorganic halide perovskite was constructed from large numbers of 
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DFT results. Based on this, a deep-learning-based force field for MD simulation was trained, 

and we utilized the model to investigate iodide-related point defects in CsPbI3. In Chapter 

3, we performed the MD simulations and discovered a new kind of defect diffusion kinetics 

assisted by the anti-Frenkel disorder. The detailed pathways, energy barriers, and 

temperature-related properties were studied. In Chapter 4, we found out the planar 

confinement of iodide interstitials, which leads to different statistical properties and results 

in different diffusion patterns along crystal directions. 

1.5.3. Electron density prediction 

1.5.3.1. Basic introduction to electron density prediction 

The electron density, as will detailly discussed in Chapter 2, is of fundamental importance 

for computational materials science and condensed matter physics. Based on the ground-

state electron density, the other material's properties can be determined via density 

functional calculations. Therefore, the electron density was chosen to examine the 

predictability of machine learning rather than other properties.  

Currently, there are several studies on developing machine learning models for electron 

density prediction, such as the Jacobi-Legendre charge density models [111] and 

ChargE3Net [112]. Several deep learning algorithms have been explored and show high 

accuracy towards specific material systems, such as the ordinary DNN with feed-forward 

structures and the graph neural networks with convolutional structures. In general, the 

prediction process requires the extraction of local environmental information. One 

approach is to construct a set of fingerprint functions for sampling the position and type of 

neighbouring atoms, while in the graph neural network approach, a set of atomic quantities 

are input and going through a sequence of equivariant functions. Both case requires a set 

of manually chosen functions. Since the resolution of the model for sampling local 

environmental information, these models could potentially reduce the accuracy in more 

complex systems. Besides, the predictability of the models is dependent on the functions 

chosen, which could make the generalization performance of the models worse. This makes 

one wonder if it is possible to design a DNN model with fewer manually chosen functions. 
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1.5.3.2. Contribution of this thesis 

In this thesis, we have constructed a deep learning model for electron density prediction, 

named Deep Charge. The model takes use of an embedding net that can automatically 

extract the local environmental information, which is analogous to being able to find a set 

of sampling functions on its own. The model shows high accuracy towards DFT results 

with scalability to predict the electron density in larger supercells and is capable of 

representing electron density in various material systems. In Chapter 5, the detailed model 

construction and discussion of the ability of the model to keep the fundamental physical 

symmetries of the system. The Deep Charge model has been tested in various types of 

materials, including metal, semiconductor, and insulator, and also in various structures 

including crystalline bulk, surface, alloy, and amorphous structures. The model has shown 

a high accuracy towards all the systems and an obvious scalability in large-scaled systems. 
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Chapter 2.   

 

Methodology 

 

2.1. Density functional theory 

2.1.1. The importance of density functional theory 

Generally speaking, quantum mechanics provides us with the tools to compute the 

properties of materials from scratch. However, in real life, matters are collections of a 

macroscopically large number of particles, in the order of magnitude to the Avogadro 

constant NA (6.02×1023/mol). It is impossible to directly calculate their property from the 

fundamental atomic structures. On the other hand, even for calculations of the properties 

of a single atom, we may be faced with many-body interaction problems with tens or even 

hundreds of electrons. Calculating the properties obtains an exponential complexity 

increasing with the number of electrons that no one can truly solve, even for most of the 

atoms [113]. Density functional theory (DFT) is a well-known method for estimating the 

many-body problem in quantum mechanics calculations [114], making the ab initio 

calculations possible for us.  

 

2.1.2. Harshness in Schrödinger equation 

In a condensed matter system, plenty of nuclei and electrons. The stationary state of the N 

electrons and M atomic nuclei in the system can thus be represented by a many-body 

wavefunction Ψ({𝒓𝑖}𝑖=1
𝑁 , {𝑹𝐼}𝐼=1

𝑀 ) ∶= Ψ(𝒓1, 𝒓2, … , 𝒓𝑁 , 𝑹1, 𝑹2, … , 𝑹𝑀)  fulfilling the time-

independent Schrödinger equation [115]: 

𝐻̂|Ψ⟩ = (𝑇̂𝑒 + 𝑇̂𝑛 + 𝑉̂𝑒𝑛 + 𝑉̂𝑒𝑒 + 𝑉̂𝑛𝑛)|Ψ⟩ = 𝐸|Ψ⟩, (7) 
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in which the electronic Hamiltonian 𝐻̂ can be written as the sum of five parts: the kinetic 

energy operator for the electron and the nucleus 𝑇̂𝑒 and 𝑇̂𝑛, the electron-nucleus interaction 

𝑉̂𝑒𝑛, the electron-electron interaction 𝑉̂𝑒𝑒, and the nucleus-nucleus interaction 𝑉̂𝑛𝑛. Suppose 

there are N electrons and M nuclei, these operators can be written as: 

𝑇̂𝑒 = −∑−
ℏ2

2𝑚𝑒
𝛁𝑖
2

𝑁

𝑖=1

(8) 

𝑇̂𝑛 = −∑
ℏ2

2𝑀𝐼
∇𝐼
2

𝑀

𝐼

(9) 

𝑉̂𝑒𝑛 =∑∑
𝑍𝐼𝑒

2

|𝒓𝑖 − 𝑹𝐼|

𝑀

𝐼=1

𝑁

𝑖=1

(10) 

𝑉̂𝑒𝑒 =∑ ∑
𝑒2

|𝒓𝑖 − 𝒓𝑗|

𝑁

𝑗=𝑖+1

𝑁

𝑖=1

(11) 

𝑉̂𝑛𝑛 =∑ ∑
𝑍𝐼𝑍𝐽𝑒

2

|𝑹𝐼 − 𝑹𝐽|

𝑀

𝐽=𝐼+1

𝑀

𝐼

(12) 

where ℏ is the reduced Planck constant, 𝑚𝑒 is the mass of an electron, 𝑍𝐼 is the atomic 

number of the I’s nucleus, e is the elementary charge, 𝒓𝑖 is the coordinate of the i’s electron, 

𝑅𝐼 is the coordinate of the I’s nucleus, and 𝑀𝐼 is the mass of the I’s nucleus. To make the 

discussion simple, the spin degree of freedom is not included in the expression, while not 

affecting the results. The full differential equation includes the degree of freedom of all the 

electrons and nuclei, which is 3(M+N). In quantum mechanics, the superposition of single-

particle states will provide an exponentially growing of parameters in describing the 

system [116], rather than a linear scaling in classical many-body systems. Thus, it is 

necessary to simplify the equation. 
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2.1.3. Born-Oppenheimer adiabatic approximation 

The mass of a hydrogen nucleus is about 1836 times larger than that of an electron. 

Therefore, the movement of electrons is way faster than the nuclei. Based on this, we can 

assume that the nuclei are more or less “frozen” in space while the electrons are moving 

and relaxed fully to their favourable distributions, i.e. the time scales for the electronic and 

nuclear motion are significantly separated. This is the bedrock assumption of the Born-

Oppenheimer (BO) approximation [117].  

In the first step of BO approximation, we consider the kinetic energies of nuclei to be 

ignorable, and the interactions from frozen nuclei can be regarded as external potentials. 

The 𝑇̂𝑛  term is subtracted from the total Hamiltonian. On the other hand, the Coulomb 

interaction among nuclei can be calculated externally and works as a constant that shifts 

the eigenvalues. Thus, the 𝑉̂𝑛𝑛 is also neglected from the original equation, leaving 𝐻̂𝑒 =

𝑇̂𝑒 + 𝑉̂𝑒𝑛 + 𝑉̂𝑒𝑒 . Moreover, since the motion of electrons and nuclei can be calculated 

separately, the total wavefunction can be thus split into two parts: 

Ψ({𝒓𝑖}𝑖=1
𝑁 , {𝑹𝐼}𝐼=1

𝑀 ) = 𝜙𝑒({𝒓𝑖}𝑖=1
𝑁 ; {𝑹𝐼}𝐼=1

𝑀 )𝜙𝑛({𝑹𝐼}𝐼=1
𝑀 ), (13) 

where 𝜙𝑒 and 𝜙𝑛 are the electronic and nucleus wave functions, respectively. Notice that 

although there are still nuclei coordinates in the electronic wave function, they now work 

as parameters rather than variables. The electronic Schrödinger equation becomes: 

𝐻̂𝑒|𝜙𝑒⟩ = 𝐸𝑒({𝑹𝐼}𝐼=1
𝑀 )|𝜙𝑒⟩ (14) 

where 𝐸𝑒  is the electron contribution to the total energy parametrized by the nuclei 

coordinates, also called the potential energy surface (PES). 

After analyzing the motion of electrons, the motion of nuclei should be considered. Based 

on the separation of variables, chain rules, and several approximations [118], we can find 

the nucleus equation: 

(𝑇̂𝑛 + 𝐸𝑒 + 𝑉̂𝑛𝑛)|𝜙𝑛⟩ = 𝐸𝑡𝑜𝑡|𝜙𝑛⟩ (15) 

This means that once we obtain the potential energy surface of electrons, the motion of 
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nuclei can be updated accordingly. 

 

2.1.4. Hohenberg-Kohn theorems 

The BO approximation simplifies the many-body problem by reducing the degree of 

freedom from the separation of motions. We can only consider the 3N coordinates of 

electrons rather than 3(M+N). However, it is still a large number to deal with and cannot 

be calculated for larger atoms or systems.  

The two Hohenberg-Kohn (HK) theorems take this direction a big step forward to further 

reduce the harshness [28,119,120], which utilized the ground-state electron density 𝜌0(𝒓) 

with only three coordinates rather than all the electron positions: 

𝜌0(𝒓) = ⟨ϕ𝑒|𝜌̂0(𝒓)|𝜙𝑒⟩ = 𝑁∫|𝜙𝑒(𝒓, {𝒓𝑖}𝑖=2
𝑁 ; {𝑹𝐼}𝐼=1

𝑀 )|
2
∏𝑑𝒓𝑖

𝑁

𝑖=2

(16) 

The first HK theorem states that the external potential 𝑉𝑒𝑥𝑡(𝒓)  of an interacting many-

electron system is a unique functional of the 𝜌(𝒓) to within a constant, which means the 

𝑉𝑒𝑥𝑡(𝒓)  can be written as 𝑉𝑒𝑥𝑡[𝜌(𝒓)] . Since the external potential determines the 

Hamiltonian of the many-electron system, 𝐻̂𝑒 can thus be a unique functional of 𝜌(𝒓). The 

proof is described as follows [121]. 

Suppose there are two systems with only their external potentials that differ by more than 

a single constant, denoting as 𝑉𝑒𝑥𝑡 and 𝑉𝑒𝑥𝑡
′ . We need to prove that the electron densities 

are different in the two systems. The electronic Hamiltonian of the two systems will be 

𝐻̂𝑒 = 𝑇̂𝑒 + 𝑉̂𝑒𝑒 + 𝑉̂𝑒𝑥𝑡  and 𝐻̂𝑒
′ = 𝑇̂𝑒 + 𝑉̂𝑒𝑒 + 𝑉̂𝑒𝑥𝑡

′  , which also differ only in the external 

potential term. The corresponding ground-state eigenfunctions 𝜙0  and 𝜙0
′   for 𝐻̂𝑒  and 𝐻̂𝑒

′  

should also be different, and so is the ground-state energy 𝐸0  and 𝐸0
′  . According to the 

variational principle, the expectancy value for any trial wavefunction on the Hamiltonian 

should be larger than the ground-state energy, except for the specific ground-state 

eigenfunction. Thus, we could let the 𝜙0
′   as a trial wavefunction on 𝐻̂𝑒  and obtain the 

relation: 
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𝐸0 < ⟨𝜙0
′ |𝐻̂𝑒|𝜙0

′ ⟩ = ⟨𝜙0
′ |𝐻̂𝑒

′ |𝜙0
′ ⟩ + ⟨𝜙0

′ |𝐻̂𝑒 − 𝐻̂𝑒
′ |𝜙0

′ ⟩

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡= 𝐸0
′ +∫𝜌0(𝒓)[𝑉𝑒𝑥𝑡(𝒓) − 𝑉𝑒𝑥𝑡

′ (𝒓)] 𝑑𝒓 (17)
 

Meanwhile, we could also perform the same analysis with 𝜙0 and 𝐻̂𝑒
′ : 

𝐸0
′ < 𝐸0 −∫𝜌0(𝒓)[𝑉𝑒𝑥𝑡(𝒓) − 𝑉𝑒𝑥𝑡

′ (𝒓)] 𝑑𝒓 (18) 

Adding these two equations will lead to a contradiction: 

𝐸0 + 𝐸0
′ < 𝐸0

′ + 𝐸0 (19) 

Therefore, different external potentials cannot lead to the same ground-state electron 

density, which proves the first HK theorem. 

The second HK theorem states that the ground-state electron density minimizes the total 

energy of the system, which means the ground-state energy can be derived variationally. 

According to the first theorem, the Hamiltonian is determined by the electron density and 

thus determines the wave function. The wave function 𝜙̃ of a trial density 𝜌̃(𝒓) will lead to 

⟨𝜙̃⁡|𝐻̂|𝜙̃⁡⟩ = 𝐸[𝜌̃(𝒓)] ≥ 𝐸0 = ⟨𝜙0|𝐻̂|𝜙0⟩ (20) 

The equal sign only holds if the trial density is identical to the ground-state density. 

The HK theorems reduce the 3N degrees of freedom to only three and provide the principle 

for finding the exact electron density, laying down the foundation for the density functional 

theory. 

 

2.1.5. Kohn-Sham Equations 

The dimensionality problem has been solved by the HK theorems, and now all the terms 

for system energy can in theory be expressed as functionals of electron density. However, 

there is still one complex problem: how to find the proper functional?  

In 1965, Kohn and Sham proposed the famous Kohn-Sham (KS) equations to describe the 
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energy functional [26]. In their theory, the total energy functional of the electrons is 

expressed as: 

𝐸[𝜌] = 𝑇𝑠[𝜌] + ∫𝑉𝑒𝑥𝑡(𝒓)𝜌(𝒓)𝑑𝒓 + 𝐸𝐻[𝜌] + 𝐸𝑋𝐶[𝜌], (21) 

where 𝑇𝑠 is the KS kinetic energy, 𝐸𝐻 is the Hartree (or Coulomb) energy, and 𝐸𝑋𝐶 is the 

exchange-correlation (XC) energy. Except for the 𝐸𝑋𝐶 term, the other functionals can be 

calculated via direct integration or summation over orbitals. 𝐸𝑋𝐶  contains all the hard-

solving parts of the total functional, and the former problem further reduces to estimate the 

expression of 𝐸𝑋𝐶. 

The construction of an accurate exchange-correlation functional is still an active area in 

computational physics. One important class of approximations is the local-density 

approximations (LDA), which is included in the original paper on KS equations [26]. LDA 

estimates the XC energy at each point in space according to homogeneous electron gas with 

the same density on that point: 

𝐸𝑋𝐶
𝐿𝐷𝐴[𝜌] = ∫𝜀𝑋𝐶(𝜌) 𝜌(𝒓)𝑑𝒓, (22) 

where 𝜀𝑋𝐶  is the XC energy for homogeneous electron gas. Based on the LDA 

approximations, more accurate generalized gradient approximations (GGA) can be 

constructed by considering the gradient terms of the density [122,123]. More accurate XC 

functionals are actively developing and some have already been used for DFT calculations, 

such as the meta-GGA [124–126]. 

 

2.2. Molecular Dynamics 

2.2.1. Introduction to the classical molecular dynamics 

MD is an old technique that has been used in a variety of scientific fields such as physics, 

materials science, chemistry, and biology. It has also been used to investigate properties 

from microscopic to mesoscopic scales. The goal of MD simulations is to analyze the time 
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evolution of the basic elements of a system, such as atoms, molecules, or nanoclusters, and 

give the dynamics and statistical properties of the system over a period of time [127]. 

The first MD simulation was proposed by Enrico Fermi et al. in 1953 to study the ergodic 

hypothesis in artificial systems with several different force laws [128]. Later in 1957 Alder 

and Wainwright simulated the elastic collisions in a hard sphere system [25]. The first 

known MD simulation on real systems was performed by Vineyard et al. in 1960, which 

investigated the radiation damage in solid copper with a Born-Mayer-type interaction [129]. 

Later in 1964, Rahman applied MD simulations to study the self-diffusion in liquid argon 

with a Lennard-Jones potential and showed good agreement with the experimental 

data [130]. Now, it has been used in much more complicated and massive systems, such as 

protein folding [131], phase transition of materials [132], and chemical reactions [133]. 

The classical MD simulation is based on numerically solving the Newtonian mechanics for 

the N-body problem. Suppose we know the interatomic potential between atoms, the force 

𝑭𝑖 on atom i can be derived via the gradient of the total potential 𝑉𝑡𝑜𝑡 “felt” by that atom: 

𝑭𝑖 = −𝛁𝐫i𝑉𝑡𝑜𝑡 (23) 

After obtaining the forces on atoms, the position and velocity for the next timestep of MD 

simulation can be calculated by solving the equation of motion. 

 

2.2.2. Interatomic potentials 

The core for MD simulations is the interatomic potentials (also called force fields in 

chemistry), based on which the system could evolve with time. Thus, an accurate 

interatomic potential is of vital importance for describing the target system. Many of the 

classical MD simulations were based on empirical potentials, which obtained parameters 

that were manually fitted to align with experimental or first-principles data. Formally, the 

potential term of a N-body system with atom coordinates {𝒓𝑖}𝑖=1
𝑁  can be expanded into a 

summation of contributions [134]: 
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𝑉({𝒓𝑖}𝑖=1
𝑁 ) =∑𝑉1(𝒓𝑖)

𝑁

𝑖=1

+∑𝑉2(𝒓𝑖, 𝒓𝑗)

𝑁

𝑖<𝑗

+ ∑ 𝑉3(𝒓𝑖, 𝒓𝑗 , 𝒓𝑘)

𝑁

𝑖<𝑗<𝑘

+⋯ , (24) 

where 𝑉𝑛 represents the n-body term of the interaction. The one-body term can be regarded 

as the contribution of external potentials such as the electric field, and the two-body term 

is generally called the pair potential, which is the most used interaction. When there is no 

external influence on the system, the symmetries in the physical system will reduce the 

variables. In this case, the potential should only depend on the relative position between 

the atoms to fulfil the translational symmetry. Also, in many-body terms we could use the 

angle information between neighbors since the rotational symmetry exists: 

𝑉({𝒓𝑖}𝑖=1
𝑁 ) =∑𝑉2(𝑟𝑖𝑗)

𝑁

𝑖<𝑗

+ ∑ 𝑉3(𝑟𝑖𝑗, 𝑟𝑗𝑘, 𝜃𝑖𝑗𝑘)

𝑁

𝑖<𝑗<𝑘

+⋯ , (25) 

in which 𝑟𝑖𝑗 = |𝒓𝑖𝑗| = |𝒓𝑗 − 𝒓𝑖|, and 𝜃𝑖𝑗𝑘 is the angle between 𝒓𝑖𝑗 and 𝒓𝑗𝑘. There have been 

plenty of interatomic potentials among various systems, and they can be classified into two 

groups: the parametric and non-parametric potentials. 

The parametric potentials are developed with several parameters that can be manually tuned 

to fit the data. One of the simplest parametric potentials that is widely used is the 12-6 

Lennard-Jones (LJ) potential [135]: 

𝑉𝐿𝐽(𝑟) = 4𝜀 [(
𝜎

𝑟
)
12

− (
𝜎

𝑟
)
6

] , (26) 

where ε is the depth of the potential well, and σ is the distance for repulsion-attraction 

transition. These two parameters can be adjusted to tune the interatomic distance in the 

simulation. The first term with exponent 12 describes the repulsion force on atoms when 

they are in a short distance, while the second term with exponent 6 describes the London 

dispersion force [136]. LJ potential yields good results in simulations of noble gases. 

Another example is the Coulomb-Buckingham potential used in ionic systems [137,138]: 

𝑉𝐶𝐵(𝑟) = 𝐴𝑒−𝑟/𝜌⁡ −
𝐶

𝑟6
+

𝑞1𝑞2
4𝜋𝜀0𝑟⁡

, (27) 
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where A, ρ and C are the constants to be fitted, 𝑞1 and 𝑞2 are the charges of the ions in the 

pair. The first two terms together are the Buckingham potential describing the Pauli 

repulsion and van der Waals interaction between atoms. The last term describes the 

electrostatic potential. 

On the other hand, the non-parametric potentials, where there are no parameters to be found 

by hand. Generally, these potentials are constructed by machine learning [139]. During the 

training and predicting process, the model firstly constructs a set of representation {𝒒𝑖}𝑖=1
𝑁  

of the local environment of the N atoms from their coordinates and types, and then the 

model predicts the total potential energy via calculating the contribution ε on each atom in 

the system [140]: 

𝑉𝑡𝑜𝑡 =∑𝜀(𝒒𝑖)

𝑁

𝑖=1

(28) 

Generally, the machine learning models obtain a large number of degrees of freedom to be 

learned from data. Thus, they could provide more intrigue structures of the potential energy 

surface than the parametrized one and give more accurate results. However, the 

extrapolation ability of them should be tested carefully.  

 

2.2.3. Ensembles 

Similar to the real-life experiments, the MD simulation should be performed inside some 

specific environment, where the conditions could be controlled manually. These 

environmental factors could constrain the state of the system. The thermodynamic 

ensembles represent all the possible states of the system in statistical equilibrium in specific 

macroscopic constraints [141]. During the simulation, the thermostat and/or barostat are 

used to control the velocity of atoms to constrain the temperature or pressure of the system 

as desired. The thermostat and barostat can also keep the system stable throughout the 

numeric simulation, owing to the monitor and adjust of atom velocities. Therefore, it is of 

vital importance to choose an appropriate ensemble before the MD simulations. 
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2.2.3.1. Canonical ensemble (NVT) 

In the canonical ensemble, the number of atoms N, the volume of the system V and the 

temperature T are conserved. During the simulation, the instantaneous temperature of the 

system is fluctuated. Thus a thermostat is used to detect and control the temperature change 

inside the system. Most thermostats are constructed by adjusting the equation of motion of 

the system by adding a “friction” term. For example, the adjusted equation of motion at 

time t for the ith atom can be written as [142]: 

𝒓̈𝑖(𝑡) = 𝑚𝑖
−1𝑭𝑖(𝑡) − 𝛾(𝑡)𝒓̇𝑖(𝑡), (29) 

where 𝑭𝑖(𝑡)  is the total force on that atom at time t, 𝛾(𝑡)  is similar to the “friction 

coefficient” in the Langevin equation but is not confined to positive values. 𝛾(𝑡) 

determines the energy flow of the system. If 𝛾(𝑡) is negative, the energy will be added into 

the system and vice versa. The 𝛾(𝑡) is then constructed related to the temperature of the 

system, in order to control the velocity accordingly. For example, 𝛾(𝑡) in the Hoover-Evans 

thermostat is derived as [142–144]: 

𝛾(𝑡) = [𝑁𝑑𝑜𝑓𝑘𝐵𝑇(𝑡)]
−1
∑𝒓̇𝑖(𝑡)

𝑁

𝑖=1

∙ 𝑭𝑖(𝑡) (30) 

where 𝑁𝑑𝑜𝑓 is the degree of freedom of the system, 𝑘𝐵 is the Boltzmann constant. 

 

2.2.3.2. Isothermal–isobaric ensemble (NPT) 

In the Isothermal–isobaric ensemble, the volume of the system does not remain constant as 

the canonical ensemble. Instead, the simulations adopt a barostat to control the pressure P 

around a constant value. There are several methods to control the pressure, such as the 

Andersen barostat [145], the Nose-Hoover style non-Hamiltonian equations of 

motion [146–148] and the Parrinello-Rahman method [149]. NPT ensemble is the most like 

the real-life experiment conditions that are coupled with the atmosphere pressure [150]. 

NPT ensemble is necessary for studying the crystallization of solid from liquid or the solid-

state phase transition, which could require large deformation of the original simulation 
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cells [151,152]. Moreover, it is also important to investigate the mechanical properties of 

materials under external stress [153]. 

 

2.2.3.3. Microcanonical ensemble (NVE) 

The Microcanonical ensemble conserves the number of atoms, the system volume, and the 

total energy. Thus, the system is isolated and does not exchange energy with the 

environment. Besides the energy, the momentum of the system is also conserved due to the 

lack of external forces [154]. The NVE ensemble is important if we want to study isolated 

systems or control the energy of the system [155]. 

 

2.3. Deep Learning Interatomic Potentials 

As mentioned in Chapter 1, there are currently several machine-learning strategies for 

constructing interatomic potentials for MD simulations. In this thesis, the deep potential 

(DP) framework was adopted for the studies. Thus, in this section, I mainly describe the 

construction of interatomic potential following the DP architecture. 

 

2.3.1. Deep potential framework 

The deep potential framework is embedded in the DeePMD-kit package constructed with 

TensorFlow [156]. The core of the framework is the machine learning model. To train or 

apply the model in simulation, the trainer and inference sections are required. As shown in 

the workflow of Figure 2.1, the model can be used to predict the energy, force, etc. from 

the input information, which includes the sets of atom coordinates, atomic types, and 

boundaries. This is the inference section. In the training process, the predicted properties 

should be further directed to the trainer to compare with the reference values with the loss 

function. The parameters of the model are then tuned by the optimizer. 
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Figure 2.1  The general workflow of the deep potential framework. The blue boxes are optional 

for the model. Reproduced with permission from ref.  [157]. © Copyright 2024 AIP Publishing. 

 

2.3.2. The model architecture 

The most important part of the deep potential framework is the machine learning model. In 

general, the prediction of an atomic property 𝑦 on the atom i can be represented as: 

𝒚𝑖 =ℳ(𝒙𝑖, {𝒙𝑗}𝑗∈𝑛(𝑖); 𝜽) = ℱ (𝒟 (𝒙𝑖 , {𝒙𝑗}𝑗∈𝑛(𝑖); 𝜽𝑑) ; 𝜽𝑓) (31) 

where ℳ is the DP model, ℱ is the fitting net, and 𝒟 is the descriptor. 𝒙𝑖 = (𝒓𝑖, 𝑎𝑖) is the 

4D vector containing the Cartesian coordinate 𝒓𝑖 and the atomic species 𝑎𝑖, denoting the 

degrees of freedom of the atom i. 𝜽 = {𝜽𝑑, 𝜽𝑓} is all the network parameters, in which 𝜽𝑑 

and 𝜽𝑓 are the parameters for the descriptor and the fitting net, respectively. The global 

properties such as the system energy can be computed via summation over the 

corresponding atomic property: 

𝒚 =∑𝒚𝑖

𝑁

𝑖=1
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The DP model is constructed via multi-layered neural networks, each layer may have a 

residual network (ResNet) structure [158] or an ordinary neural network. For the descriptor 

part, several different kinds of architecture can be implemented, such as the local frame 

descriptor [159], two-body embedding smooth edition se_e2_a [160], three-body 

embedding smooth edition se_e3 [161], etc. In the studies of this thesis, the descriptor 

se_e2_a with full environmental information is generally adopted, which is a many-body 

representation of the local environment that takes the distance between neighbouring atoms 

as the input information. The descriptor is constructed to obey several fundamental 

symmetries: 

1. Translational Symmetry. The translation of the whole system should not influence 

the prediction of physical quantities. 

2. Rotational Symmetry. The predicted scalar quantities should be invariant of the 

rotation of the whole system. Moreover, the vector quantities should be equivariant 

with the rotation. 

3. Permutational Symmetry. The predicted values should be independent of the 

order of atoms in the neighbour list. 

The detailed form of the descriptor se_e2_a will be discussed later in Chapter 5. After 

obtaining the representation of the local environment, the information is further input to the 

fitting net, which will predict the potential energy of the system by summation over the 

contribution of atomic energy. The fitting net is a fully connected feed-forward network 

that outputs a zero-order tensor ℱ0. The energy is described as: 

𝐸 =∑𝐸𝑖

𝑁

𝑖=1

=∑ℱ0(𝒟
𝑖)

𝑁

𝑖=1

(32) 

Based on the energy, we could also obtain the atomic force by differentiating: 

𝐹𝑖,𝛼 = −
𝜕𝐸

𝜕𝑟𝑖,𝛼
(33) 

where the α denotes the α-th component of the vector. Moreover, if the simulation obtains 

a periodic boundary condition, the virial tensor can be derived as: 
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Ξ𝛼𝛽 =∑
𝜕𝐸

𝜕ℎ𝛾𝛼
ℎ𝛾𝛽

⁡

𝛾

(34) 

where ℎ𝛼𝛽 is the β-th component of the α-th basis vector of the lattice. 

 

2.3.3. Loss function 

In brief, the loss function used in the DeePMD-kit is constructed by the mean square error 

(MSE) among the predicted values. For example, the MSE for energy and forces can be 

written as: 

𝐿𝐸({𝒙𝑖}𝑖=1
𝑁 ; 𝜽) =

1

𝑁
(𝐸 − 𝐸∗)2, (35) 

𝐿𝐹({𝒙𝑖}𝑖=1
𝑁 ; 𝜽) =

1

3𝑁
∑∑(𝐹𝑖,𝛼 − 𝐹𝑖,𝛼

∗ )
2

3

𝛼=1

𝑁

𝑖=1

, (36) 

where the symbols with a superscript asterisk denote the labels, or real values, of the 

corresponding predicted values. The general loss function for one frame of data can be 

written as: 

𝐿({𝒙𝑖}𝑖=1
𝑁 ; 𝜽, 𝜏) =∑𝑝𝑘(𝜏)𝐿𝑘({𝒙𝑖}𝑖=1

𝑁 ; 𝜽)

⁡

𝑘

(37) 

where 𝑝𝑘(𝜏) is a prefactor to determine the weight of the specific type of loss. It can be 

related to the training step 𝜏, meaning that the weight of different parts of the loss can 

gradually change throughout the training process. 

 

2.4. Datasets Construction 

A high-quality dataset is essential to train an interatomic potential that effectively 

represents particular matter systems. Meanwhile, since the construction of the dataset 
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requires a large amount of DFT calculations, there are two issues when collecting data: 

1. How to reduce the size of datasets via discarding redundant and similar data. 

2. How to determine that the datasets are sufficient for representing the systems. 

In this section, I briefly describe the workflow of the Deep Potential Generator (DP-GEN) 

for dataset construction [162]. In general, the DP-GEN uses a concurrent learning 

framework for automatically determining the convergence of the dataset, based on which 

the code will decide whether or not to add new data to the dataset. 

 

2.4.1. Concurrent learning framework 

 

Figure 2.2  Schematics of concurrent learning for fitting a function. The areas marked green, 

blue, and yellow denote the accurate, candidate, and failed areas for fitting, respectively. 
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Usually, the datasets for deep learning interatomic potential are constructed by several 

AIMD trajectories of the target systems. Meanwhile, this approach has intrinsic flaws. 

Firstly, in order to collect enough data from the configuration space of the systems, a large 

number of long-period AIMD simulations should be performed. Secondly, In the AIMD 

simulations, the configurations of nearby timesteps are similar, which is possible to be 

redundant for the training process. To circumvent the problems, the concurrent learning 

procedure was proposed [162]. 

Figure 2.2 demonstrates the basic idea of concurrent learning. The datasets are created 

through an iterative way. Suppose we would like to fit a complicated function (the black 

line), the traditional way is to randomly sample datapoints along the line, generating large 

datasets and reducing the training efficiency. This is also hard to perform when we have no 

information about the required range of the function. In the concurrent learning process, 

we first collect a few datapoints from a small range of the function, as shown in the topmost 

plot in Figure 2.2. Then, multiple DP models (four in this case) are simultaneously trained 

and initialised with different neural network parameters. Since the dataset in this iteration 

cannot fully cover the range we are interested in, the prediction of models in the extrapolate 

region is highly possible to be different from the real values (the grey dashed lines). 

Moreover, the four DP models will provide different predictions for the extrapolate region, 

due to varying initial parameters. We now need to construct an indicator to quantify the 

accuracy among predictions of models, denoted as 𝜖. If 𝜖 is smaller than a threshold 𝜎𝑙𝑜, 

the predicted value is regarded as accurate (the green areas in Figure 2.2); if it is larger 

than another threshold 𝜎ℎ𝑖, then regarded as “totally wrong” (the yellow areas); and if it is 

in between the two thresholds, the datapoint corresponding to that prediction is regarded as 

a candidate for collection (the blue areas). Next, the datapoints labelled as candidates are 

collected for the next iteration of concurrent learning. The collection procedure is 

considered finished when all the datapoints are within the accurate threshold. 

This concurrent learning framework will dramatically reduce the dataset size by ignoring 

redundant data marked as accurate, and automatically determine whether the dataset is 

sufficient for a system. 
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2.4.2. Workflow of DP-GEN 

DP-GEN has implemented an integrated workflow for exploring, labelling, and training DP 

models, as shown in Figure 2.3. The schedular determines when jobs are submitted and 

confirms job completion. Based on an initial AIMD dataset, the schedular firstly trains 

several initial DP models in parallel. The initial DP models are then used in DPMD 

simulations in the interested systems. The trajectories are analyzed, and the schedular 

determines whether a frame requires to be collected based on the 𝜖 defined as: 

𝜖 = max
𝑖
√
1

𝑁𝑚
∑(𝐹𝛼,𝑖(ℛ) −

1

𝑁𝑚
∑𝐹𝛽,𝑖(ℛ)

𝑁𝑚

𝛽=1

)

2𝑁𝑚

𝛼=1

, (38) 

 

 

Figure 2.3  Schematic for the workflow of DP-GEN. Reproduced with permission from 

ref.  [162]. Copyright © 2020 Elsevier B.V. 
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where 𝑁𝑚 is the number of DP models, ℛ is the configuration of the specific frame, and 

𝐹𝛼,𝑖(ℛ)  is the i-th component of the predicted force on configuration ℛ  using the 𝛼 -th 

model. In brief, the code uses the maximum force error between the models to determine 

the accuracy for each frame. If the 𝜖 of a frame is inside the candidate region, this frame is 

collected for the labelling process. 

After the exploration, the collected structures are then automatically transformed into the 

input format for Ab initio calculators. The single-point energy calculations with the set 

parameters are performed. Then the scheduler collects the energy and forces (and virials, if 

required) from the calculation results, and transforms them into datapoints. The new dataset 

containing collected data is then used for training DP models for the next iteration. 

When all the frames in the simulation range are marked accurate, the DP-GEN procedure 

will stop. The final dataset can be constructed with all the initial datasets and the collected 

datapoints. Based on this dataset, the DP models with more complex structures and 

parameters can be trained for further accurate simulations. 
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Chapter 3.   

 

Kinetic Process with Anti-Frenkel Disorder in 

CsPbI3 Perovskite 

 

3.1. Abstract  

Halide perovskites are rich in ionic diffusion phenomena due to their low activation energy. 

The soft lead-iodide lattice can in theory endow the system with more complex defect 

collaborative motions. In this work, we systematically investigated the hopping mechanics 

of iodide interstitials among various defect behaviours such as anti-Frenkel disorder 

creation and annihilation. We found that the existence of iodide vacancies and interstitials 

can effectively lower the creation barrier of additional anti-Frenkel disorder in halide 

perovskite. The free energy barriers for generating additional Frenkel defect pairs vary 

range from 0.25 to 0.43 eV in proximity to original iodide defects at 300 K. This finding 

suggests that the spontaneous creation of a specific level of anti-Frenkel disorder facilitates 

long-range annihilation and defect hopping processes.   

 

3.2. Introduction 

Point defects play important roles in the performance and stability of halide perovskite 

materials. The soft lattice and solution-based fabrication methods commonly employed in 

these materials result in the presence of numerous defects within the halide perovskite 

lattice, with a density ranging from 1010 to 1018 cm-3  [163–165]. These defects will further 

assist the ion diffusion process, causing the hysteresis of current-voltage curves and thus 

resulting in efficiency and performance decrease in perovskite-based optoelectronic 

devices and field-effect transistors [166–169]. Furthermore, mobile defects could 
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accumulate into clusters, thereby promoting the degradation of halide perovskites [170]. 

Meanwhile, fast ion diffusion can assist the development of ion conductors and resistive 

switching devices [171,172]. Previous studies have highlighted that defects related to 

halide anions such as iodide dominate the fast diffusion process due to their low activation 

energy [173–175]. This diffusion is closely related to two defects: iodide interstitial (Ii) and 

vacancy (VI). Among them, iodide vacancies have been extensively researched [176,177], 

in that they have been regarded as the dominant halogen-related defects contributing to ion 

diffusion, due to the low formation enthalpy (0.08 ~ 0.14 eV) via the “full” or “partial” 

Schottky disorder reaction, as shown in Eqs. 1 and 2 with Kröger–Vink notation [174,178]: 

∅ ⇌ VA
′ + VM

′′ + 3VX
∙ + AMX3 (39) 

∅ ⇌ VA
′ + VX

∙ + AX (40) 

where ∅  represents the ideal perovskite lattice, A is the large cations (Cs+, 

methylammonium (MA+), etc.), M is the metal cations (Pb2+, Sn2+, etc.), and X is the halide 

anions (I-, Br-, etc.). This phenomenon is also applicable to perovskite oxides, including 

SrTiO3 [179,180]. 

On the contrary, the creation of interstitial is mainly through anti-Frenkel disorder (aF) (Eq. 

3), with a formation enthalpy of 0.82 eV [181]. 

∅ ⇌ VX
∙ + 𝑋𝑖

′ (41) 

This is much higher than the Schottky disorder and has thus received less attention in 

previous studies. However, research has indicated that aF becomes predominant in MAPbI3 

at temperatures higher than 290 K [182,183]. The additional aF can probably decompose 

into Ii and VI, leading to a fast ion diffusion [175,184] and providing additional charge 

carrier traps [185]. Nevertheless, it is still questionable about the detailed pathways of aF 

creation and Ii diffusion, especially in the all-inorganic CsPbI3 perovskite. Therefore, the 

finite-temperature behaviour of halide in perovskite still requires systematic research, 

which is vital for understanding ion diffusivity in halide perovskites.  

Herein, we implement deep potential molecular dynamics (DPMD) [159] together with 

metadynamics [186] to study the microscopic motion pathways of iodide interstitials and 
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vacancies in CsPbI3. Our analysis delves into the intricate hopping pathways of iodide-

related defects. We discover that the existence of Ii or VI reduces the creation barrier of aF 

by 0.5 eV relative to that in ideal crystals under 0 K. Furthermore, employing enhanced 

sampling techniques, we determine that the free energy barriers for the aF-assisted OP 

hopping of Ii decrease even further to the range of 0.25-0.43 eV within the temperature 

range of 300-600 K. This finding suggests the feasibility of high-temperature pathways for 

aF formation around existing defects. Notably, the formation of aF not only facilitates the 

long-range annihilation and self-diffusion of Ii and Vi but also disrupts the planar motion 

behaviour of Ii. The insights enhance our understanding of self-diffusion phenomena in 

halide perovskite materials, beneficial to the development of stable perovskite-based 

optoelectronic devices and ion conductors. 

 

3.3. Results and Discussion 

To efficiently capture the finite temperature hopping events of iodide-related defects, we 

first ran several isothermal–isobaric (NpT) ensemble DPMD simulations above 500 K. 

Under these temperatures, CsPbI3 adopts a cubic structure in our simulations, as shown in 

Figure 3.10 of Section 3.5. Thus, we can ignore the anisotropy of defects across different 

lattice directions. In general, the hopping of Ii occurs more frequently than that of VI, 

ascribing to a lower activation energy. 

The sampled hopping pathways for Ii and VI are systematically presented in Figure 3.1. 

Notably, Ii prefers to align parallel within the Pb-I planes, indicating the ability to adopt 

two distinct orientations at the same site. Ii obtains two primary kinds of pathways: in-plane 

(IP) and out-of-plane (OP). The IP hopping occurs most frequently by rotating centred on 

an adjacent Pb atom, as shown in the first column of Figure 3.1. This process results in 

short-term planar motion of Ii. Conversely, OP hopping changes the orientation of Ii and 

can be achieved through two distinct pathways. The first is on-site OP hopping via rotation 

around the crystal axis where Ii is located, leaving the position of Ii unchanged (second 

column in Figure 3.1). The second pathway, off-site OP hopping, involves simultaneous 

changes in position and orientation (third column in Figure 3.1). Meanwhile, VI exhibits a 

simpler structure, leading to only one type of hopping pathway. 
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Figure 3.1  Schematics for different Ii and VI hopping pathways sampled from MD simulations. 

The left four and right two columns are Ii and VI hopping events, respectively. Time increases 

from top to bottom. The blue and orange circles demonstrate the iodides taking part in the Ii or VI 

hopping, respectively. The orange hollow circles denote the approximate position of VI. 

 

 

Figure 3.2  The different pathways for Ii - VI annihilation. The left and right three columns are 

annihilations without and with the assistance of aF, respectively. The number on the top of each 

column denotes the approximate relative distance between Ii and VI in the unit of cubic cell 

lattice. 

 

Besides the conventional pathways, our study reveals that aF could further enhance the 

kinetics of the defect, as shown in the fourth and final columns of Figure 3.1. Specifically, 
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the off-site OP of Ii and VI hopping can be accompanied by creating an Ii-VI pair in their 

vicinity. Then the original point defects annihilate the newly formed counterparts, 

remaining a defect on the other side and finishing a long-range hopping event. 

We further studied the annihilation of aF, i.e., the Ii-VI pair. The annihilation events can be 

categorized by the distance between Ii and VI. The shortest annihilation path occurs inside 

one unit cell (first column of Figure 3.2). The initial conformation is highly unstable. Once 

Ii and VI encounter each other, the annihilation will occur within a few picoseconds. Almost 

all the aF created by thermal fluctuation disappears in this form. Long-range annihilation 

typically occurs across multiple unit cells and involves the cooperative motion of two or 

more iodides. The first type shown in the second column of Figure 3.2 has been previously 

studied [187,188]. It can occur rapidly by rotating around Pb atoms, displaying relatively 

higher stability compared to short-range configurations. Besides, another long-range 

annihilation pathway emerges by involving the simultaneous occurrence of fast IP hopping 

of Ii and short-range annihilation. Iodides are like the teeth of two interlocked gears, 

rotating around the Pb axis. The exact mode of annihilation depends on the conformation 

in which Ii and VI meet. 

Moreover, similar to the defect hopping events, the aF can also assist the long-range 

annihilation process. The processes can be classified into three types based on the distance 

between Ii and VI, as shown in the last three columns of Figure 3.2. Type 1 involves one 

single cubic unit cell, type 2 involves two unit cells, and type 3 is in three unit cells. An 

additional aF can be created between the existing Ii-VI pair, with the newly generated Ii and 

VI residing in proximity to the initial VI and Ii, respectively. With the help of aF, 

annihilation could happen over long distances. Moreover, the Ii and VI in types 1 and 2 are 

not in the same lattice plane, indicating the potential interactions between the VI and OP Ii  
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Figure 3.3  The NEB energy barrier of Ii IP and OP hopping in different conformations. (a) 

Schematic for the apical (a) and two equatorial (e and e’) directions in the orthorhombic 

perovskite structure. We denote the shorter equatorial direction as e’. (b) Schematic for possible 

one-step pathways between defect states. The colour represents the relative energy of different 

defect states, in which ea and e’a obtain the highest energy, and ae the lowest energy. The red 

arrow denotes the one-step hopping outside the original axis and plane. (c) The energy barriers for 

the defect hopping process along different axes, in which ae↔e’e, e’a↔ea and ee’↔ae’ are IP 

transitions; e’e↔e’a, ea↔ee' and ae’↔ae are OP transitions. The red font indicates the relative 

energies of the states and the black font indicates the energy barriers. (d) the energy barrier for 

ae↔ee’ one-step hopping. The numbers beside the peaks represent the energy barriers of hopping. 

The numbers below the curves represent the relative energy to ae, which obtains the lowest 

energy. 

 

We then conducted an in-depth analysis of Ii hopping events with nudged elastic band 

(NEB) calculations [110,189] to systematically study the sampled pathways without the 

assistance of aF. The CsPbI3 crystal presents three perovskite structures within the 

temperature range of 200-600 K: cubic, tetragonal, and orthorhombic [190]. As shown in 

Figure 3.3(a), there are three iodide sites in the orthorhombic structure: one is apical (a), 

which lies along the longest lattice vector; the other two are equatorial (e and e') which lie 

in the equatorial plane. Moreover, it is insufficient to represent the states of Ii with the sites 

a, e, and e', as Ii adopts two orientations at each site, resulting in six states. To facilitate 

clear discussions, we denote each state with a letter and a subscript. The letter indicates the 

specific iodine site, while the subscript denotes the normal direction of the orientation. For 

example, ae' represents Ii in the apical site oriented in the e' direction. Therefore, the 
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hopping between states with the same subscript is IP hopping, whereas those with the same 

letter are OP hopping. Similarly, for VI, states can be denoted using subscripts 

corresponding to the site: Va, Ve, and Ve'. Experimentally, CsPbI3 adopts a cubic structure 

above 550 K, in which the three Pb-I axes are symmetrical to each other, leading to identical 

on-site energy of the six defect states and identical diffusion barriers in the three directions. 

At about 450 ~ 550 K, the cubic phase spontaneously breaks into the tetragonal phase via 

Pb-I octahedral tilting, resulting in the energy difference of apical direction and equatorial 

plane. Thus, the diffusion inside the equatorial plane is different from that between apical 

and equatorial sites. At lower temperatures, twisting of the axial Pb-I chain occurs. The two 

apical states are no longer degenerate, which makes the hopping barriers along all three Pb-

I axes different.  

We systematically calculated the energy barriers associated with IP and OP hopping 

between the identified sites, and the results are shown in Figure 3.3(b)-(d). Due to the 

inherent symmetries, the e'e and ee' states are identical, as well as e'a and ea. Conversely, the 

apical positions obtain two distinguishable states, in which ae is the most stable state for Ii, 

and ae’ exhibits a slightly higher energy, approximately 0.1 eV above ae. The transition 

𝑒𝑎
′ ↔ 𝑒𝑎 obtains a low IP hopping barrier of 0.16 eV. However, both states located in the 

equatorial planes possess the highest on-site energies. On the other hand, the 𝑎𝑒 ↔ 𝑎𝑒′ is 

the most favorable reversible OP pathway. Generally, the equatorial plane is suitable for IP 

hopping owing to the lower and symmetric IP barrier of 0.16 eV, while the apical positions 

are suitable for OP hopping. 

The energy differences among states provide valuable insights into the tendencies of defect 

movements. Ii is energetically favourable to stay at the apical sites but avoids lying in the 

equatorial planes. Once the defect transitions out of e'a or ea states, returning to these states 

becomes relatively challenging. In the meantime, the 𝑎𝑒 ↔ 𝑒𝑒
′  and 𝑒𝑒′ ↔ 𝑎𝑒′ IP hopping 

pathways all include components moving along the apical direction. Consequently, the self-

diffusion pattern of Ii stretches along the apical direction and contracts within the equatorial 

plane, indicating a propensity for easier movement along the apical direction. We have also 

verified whether there are other one-step transition pathways among the six states. As 

shown in Figure 3.3(d), the only pathway we have found is the 𝑎𝑒 ↔ 𝑒𝑒′ transition, which 

possesses an energy barrier 0.06 eV lower than the two-step pathway 𝑎𝑒 ↔ 𝑎𝑒′ ↔ 𝑒𝑒′. All 

the other transitions require a two or three-step pathway. 
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Figure 3.4  The energy barriers of aF creation (a) in an ideal crystal; (b) near an existing Ii; (c) 

near an existing VI, and (d) near an existing Ii-VI pair with the type 1, 2, and 3 conformations. The 

numbers following the labels are the energy barriers of creating aF. 

 

We then focus on the analysis of aF formation. As mentioned above, the spontaneous 

formation of aF near existing defects can thereby enhance the diffusion and annihilation 

processes. Previous studies have reported a formation energy of 0.84 eV for aF in halide 

perovskites [191], a value lower than that typically observed in other materials (For 

example, 7.6 eV for O in SiO2 and ~2 eV for O in TiO2) [192,193]. However, this formation 

energy is still much higher than 10 kBT (200–600 K) and cannot explain the observed 

formation of aF within a reasonable timescale in MD simulations. To address this, we 

performed NEB calculations to demonstrate that the presence of individual defects or defect 

pairs can facilitate the formation of an additional aF. The pathways with minimum energy 

barriers are shown in Figure 3.4. In addition, due to the existence of multiple cases of the 

initial defect state and the relative position between the defects, there could be multiple 

different paths for the same type of creation, and therefore we show these paths in Figure 

3.13. 

We first studied the energy landscapes for aF creation in the ideal crystal for reference, as 

shown in Figure 3.4(a) and Figure 3.13(a). The creation of aF necessitates an iodide to 

rotate towards a nearby I site, which is highly unstable and may not obtain a stable final 

state. We identified three distinct pathways with different conformations, with the lowest 

barrier of 1.26 eV. However, the final energy states of 𝑎𝑒 − 𝑉𝑒′ and 𝑒𝑒
′ − 𝑉𝑎 are very shallow, 
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indicating that a minor perturbation could lead to the annihilation of aF. Thus, external 

stimuli such as light illumination that can reformulate the energy landscape and provide 

enough energy for iodide to escape the unstable states are necessary [194]. The 𝑒𝑎 − 𝑉𝑒′ 

conformation, although relatively stable, presents a higher barrier. The results indicate that 

it is difficult to form aF in an ideal CsPbI3 crystal without external stimuli, despite a 

relatively small energy barrier. Even if it can be created, the displaced iodide is highly 

possible to revert and annihilate the defect pair. 

Meanwhile, the presence of Ii in the lattice reduces the energy barriers for the creation of 

metastable aF through two pathways: OP or IP relative to the Ii lattice plane, as shown in 

Figure 3.4(b). A typical aF-assisted OP transition follows the process: 

𝑒𝑎 → 𝑒𝑎 + 𝑉𝑒′ + 𝑎𝑒 (42) 

This process normally requires 3 steps of ordinary IP and OP hopping as shown in Figure 

3.3. Among the six different defect conformations, ea exhibits the energy for the creation 

of aF OP most, while ae obtains the hardest formation of aF. This difference is induced by 

the relative position of the original and created Ii. The final states in both cases are 

degenerated, which are all 𝑎𝑒 + 𝑉𝑒′ + 𝑒𝑎. The ea itself possesses the highest on-site energy 

among all Ii states, requiring only the creation of the ae state with the lowest on-site energy 

to complete the process. On the other hand, the opposite holds for ae, which requires to 

generate the high energy ea. Moreover, as shown in Figure 3.13(a), the creation barrier of 

ae from the ideal lattice is much smaller than that of ea. This also increases the gap of their 

aF creation to some extent, although it is not in an ideal crystal in this case. In the VI cases, 

the creation of additional aF exclusively occurs through the IP pathway. As shown in 

Figure 3.4(c) and Figure 3.13(c), the associated barriers are generally smaller than those 

observed for Ii. 

For each type of aF-assisted Ii-VI annihilation, we systematically examined the energy 

barriers associated with creating additional aF, considering various relative positions of Ii 

and VI. These conformations were labelled based on their respective sites. In these 

conformations, we have found six pathways for type 1, five pathways for type 2, and three 

pathways for type 3 to create relatively stable aF structures, as shown in Figure 3.4(d) and 

Figure 3.13(d)-(f). This indicates that the Ii and VI in shorter distances increase the number 
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of stable intermediate aF states. While the energy barriers vary largely for different 

structures, they all remain lower than the creation of aF in the ideal crystal. The relative 

energy for the initial Ii-VI state primarily depends on the state of Ii, while the position of VI 

only causes slight energy shifts. For the 𝑎𝑒 − 𝑉𝑒′, we can see that the energy barrier of type 

2 structure is lower than types 1 and 3, and type 1 exhibits the highest energy barrier among 

the three types.  

To understand the observed pattern, we analyzed the transition structures, as illustrated in 

Figure 3.14-Figure 3.16 of Section 3.5. One trivial result is that the largest displacement 

occurs on the iodides in between the Ii-VI pair, forming the additional Ii in the final state. 

The iodide movement is most extensive in the first type of aF creation events, whereas it 

is minimal in the second type. Additionally, the transition requires distortion in the Pb-I 

octahedral structure. For the first type of aF creation, the bending of iodides opposite to the 

Ii-VI pair significantly distorts the Pb-I octahedral structure, inducing a substantial rise in 

the overall energy of the structure. In contrast, the deformation of the octahedral structure 

is less severe for the second and third types, resulting in a lower energy penalty. 

In these energy landscapes, we identified the smallest barriers in the 𝑒𝑎 − 𝑉𝑒′  structure, 

ranging from 0.04 to 0.08 eV, which is remarkably low and comparable to the OP barrier 

(0.03 eV) of ea and e’a. It is also notable that the final states with an additional aF show 

higher stability compared to the initial state. This observation, coupled with the fact that 

the ea or e’a state obtains the highest energy among the Ii, is evident that ea is quite unstable. 

In the 𝑒𝑎 − 𝑉𝑒′ conformation, the additional Ii is created on the ae state obtaining the lowest 

energy. This process can be represented as: 

𝑒𝑎 + 𝑉𝑒′ → 𝑒𝑎 + 𝑎𝑒 + 2𝑉𝑒′ (43) 

The ea and newly created ae can thus further annihilate the nearest Ve' of them, leading to 

rapid and long-range defect annihilation. 

In general, the energy barrier for creating an aF can be significantly reduced in the presence 

of surrounding defects. Without additional defects, aF is relatively harder to be stabilized 

in pure perovskite crystals. Notably, the lowest creation barrier is observed in the vicinity 

of Ii-VI pairs. The reduced energy barrier can be attributed to the lattice strain induced by 

the presence of Ii and VI. Ii results in the distortion of the surrounding lattice and provides 
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a negative charge distribution. As shown in Figure 3.17, the negatively charged Pb-I 

rhombus distorts the lattice and pushes nearby iodides away from their equilibrium 

positions. Conversely, the presence of positively charged VI pulls iodides towards it, as 

shown in Figure 3.18. Under the influence of thermal fluctuations, it becomes possible for 

an iodide to temporarily escape its equilibrium position, becoming an interstitial and 

leaving a vacancy in its original position. This process occurs with a low energy barrier. 

Moreover, we have also found that the presence of VI can decrease the hopping and 

transition of Ii states, as discussed in detail in Section 3.5 and Figure 3.19. These 

phenomena further elucidate the self-healing behaviour observed in halide perovskite 

materials [195]. The aF-assisted process not only increases the finite temperature diffusion 

length of iodide but also extends the annihilation radius of iodide-related defects, especially 

at higher temperatures. Firstly, the Ii and VI can diffuse fast in the lattice, which increases 

the possibility that they meet each other per unit time. Once the free Ii has moved to a 

position within three unit cells of a VI, the aF-assisted annihilation is possible to occur to 

complete one “self-healing” event.  

In the context of high-temperature behaviours, the NEB calculations discussed above 

provide valuable insights but are limited in capturing the pathways entirely, especially 

across different perovskite phases. Temperature can influence the free energy of the defect 

configuration, altering the number of intermediate states and pathways in the defect 

hopping process due to varying entropy changes among states. To explore high-temperature 

aF-assisted Ii hopping phenomena, we employed well-tempered metadynamics MD 

simulations. We used three-dimensional collective variables (CVs) constructed with 

environmental similarity [196] of different Ii states. The positive or negative value of each 

CV denotes two orientation states on one type of site (a, e, or e'). While these CVs may not 

perfectly encapsulate all transition states, especially in cases where the three on-site OP 

rotations overlap near the origin point of the CV space, they are sufficient for studying aF-

assisted processes.  
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Figure 3.5  The free energy landscape in a three-dimensional CV space of Ii hopping under 300, 

400, 500, and 600 K. The points and symbols denote the equilibrium positions of defect states. 

These points in the space form an octahedron in CV space, as denoted with grey and orange 

dashed lines, which become symmetrical under higher temperatures. The orange dashed lines 

denote the IP hopping process between states, and the red dashed lines denote the aF-assisted 

process between states. The isosurfaces in the figure are with the levels of 0.1, 0.2, 0.3, 0.4, and 

0.5 eV, from dark blue to light blue, respectively. 

 

The free energy landscapes of 300-600 K are drawn in Figure 3.5. The shapes of the whole 

landscapes are similar to three-bladed propellers. Within each blade, the transitions signify 

IP hopping on specific planes, while ordinary OP rotations of Ii occur near the origin of the 

CV space.  Notably, the three blades show clear differences at 300 K and 400 K, where one 

blade appears smaller than the other two. This blade corresponds to the transition lying on 

the equatorial planes, with the free energies of ea and e'a being the highest among the six 

states—a trend consistent with the NEB results shown in Figure 3(c). This difference can 

be attributed to the gradual transition from pseudo-cubic phases of perovskite to the cubic 

phase as the temperature rises, resulting in a symmetric lattice.  
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The aF-assisted OP processes are marked with red dashed lines in Figure 3.5. These 

transitions occur between two adjacent blades, which means only three pathways exist: 

𝑒𝑎 ↔ 𝑎𝑒, 𝑒𝑒
′ ↔ 𝑒𝑒′ and 𝑎𝑒′ ↔ 𝑒𝑎

′ . No other transitions are sampled within a suitable energy 

scale due to the structure of Ii. We summarized the aF creation barriers for each type of 

defect in Table 3.2 of Section 3.5. The three pathways for aF creation have different free 

energy barriers in 300 and 400 K. The most probable pathways are the 𝑒𝑎 → 𝑎𝑒 and 𝑒𝑎
′ →

𝑎𝑒′ with a barrier of about 0.25 eV. The transition between ee' and e'e obtains the highest 

free energy of about 0.4 eV. On the other hand, similar to the IP transitions, higher 

temperatures pull the barriers of all the transitions into alignment and decrease these 

barriers to about 0.30 eV. As a result, these barriers come closer to the value of 10 kBT, 

particularly at higher temperatures, signifying that a substantial population could 

potentially exist within crystal structures. 

The above discussions are all about the all-inorganic halide perovskite CsPbI3, which 

obtains a simple structure. Meanwhile, we could infer similar aF phenomena in 

organometal halide perovskite such as MAPbI3 and FAPbI3. Owing to the existence of 

asymmetric organic cations, the energy landscape could be more complex and different 

from the case in CsPbI3. During the creation of aF, the motion of iodide will lead to the 

lattice relaxation assisted by cation rotation. The hydrogen interaction between organic 

cations and halide anions differs in different relative orientations [197], which may lead to 

elevated or reduced energy barriers for some aF creation processes.  

Moreover, aF-assisted phenomena require that there be originally existing point defects in 

the lattice. Usually, the fabrication process, thermal fluctuation and external stimuli such 

as light irradiation can indeed stimulate the creation of aF [198–200]. However, the creation 

barrier is still not considered low, and in the meantime, after the aF formation, Ii and VI can 

easily annihilate directly with each other rather than separate away. The existence of grain 

boundaries and surfaces, nevertheless, allows defects to arise more commonly. Previous 

research has shown that the surface and grain boundary of halide perovskite could reduce 

the Frenkel formation energy of Ii-VI pair, especially in the case of PbI-terminated surface 

can reduce that to 0.03 eV [188,201]. In addition, the grain boundaries have attractive 

forces towards Ii and VI [202]. Ii and VI will tend to migrate towards PbI- and MAI-

terminated boundaries, respectively, which assist the separation and accumulation of 

defects in the system [203]. These findings also suggest that the aF-assisted mechanism 
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could have more important roles at places such as grain boundaries, and then cause 

degradation of the bulk materials [204].  Further studies are required to obtain detailed 

conclusions. 

 

3.4. Conclusion 

In summary, we have thoroughly investigated the influence of anti-Frenkel disorders in the 

microscopic diffusion kinetics of iodide defects. We observed that the negatively charged 

iodide interstitial is preferred to be on apical sites in the perovskite and enables stretching 

of self-diffusion pattern along the apical direction. Moreover, we demonstrated that the 

presence of point defects can facilitate the creation of additional anti-Frenkel disorders, 

elongating the interaction range of defect pairs and the defect diffusion pathways. Under 

higher temperatures, the free energy barrier of the hopping pathway assisted by the anti-

Frenkel disorder can be further decreased due to the entropy term, which effectively 

enhances the self-healing mechanisms of CsPbI3. Our work sheds light on the mechanics 

of defect diffusion and shows that halide perovskite is an ideal material for studying the 

defect creation and annihilation phenomenon in materials science. 

 

3.5. Supplementary Section 

3.5.1. Theoretical methods 

3.5.1.1. Density functional theory calculations 

DFT calculations of CsPbI3 were performed with Vienna Ab-initio Simulation Package 

(VASP) [205] with projector-augmented wave (PAW) pseudopotentials [206] and Perdew-

Burker-Ernzerhof parametrization [122]. A plane-wave energy cutoff of 500 eV was used. 

The DFT-D3 method with the Becke-Johnson damping function [207] was used for 

describing van der Waals dispersion interaction. Phase transitions and lattice constants can 

be reproduced more accurately by using this setup [208]. To be noticed, the HSE06 

functional [209] with spin-orbit coupling (SOC) was not used for geometry optimization 
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and energy calculations, which is considered to be the most accurate ab initio functional 

for electronic structure calculation. This is due to the extreme computational consumption 

and the large dataset we need to construct. Moreover, it is previously reported that SOC has 

little effect on force calculation [200] which is important in our study. Monkhorst-Pack 

scheme k-points mesh with a k-spacing of 0.2 was used. Ab initio molecular dynamics 

simulations were performed with the same setups as the single point calculations and a 2 fs 

timestep was chosen. The canonical (NVT) ensemble was used and controlled with a Nosé-

Hoover thermostat [210,211]. CsPbI3 instead of the more popular organometal halide 

perovskites is chosen for this study to exclude the influence of asymmetry from organic 

cations on halide defect motion [212]. 

 

3.5.1.2. Dataset construction  

Table 3.1  The correspondence of system labels and conformations of the datasets. 

System Type Supercell Defects 

000 α 2 × 2 × 2 
 

001 α 2 × 2 × 2 VCs-VI 

002 γ √2 × √2 × 1 
 

003 δ 2 × 1 × 1 
 

004 α 3 × 3 × 3 Ii-Csi 

005 δ 4 × 2 × 1 Ii-VI 

007 PbI2 2 × 2 × 1 
 

009 α 4 × 4 × 4 
 

010 γ 2 × 2 × 2 
 

011 δ 4 × 2 × 1 
 

012 γ 2 × 2 × 2 VPb-Pbi VCs-Csi 

015 γ √2 × √2 × 1 Ii-VI 

016 α 3 × 3 × 3 Ii-VI 

017 α 2 × 2 × 2 VPb-Pbi 

018 α 3 × 3 × 2 Ii-VI 

019 α 2 × 2 × 2 VCs-Csi 

 

All the datasets used here were constructed with DP-GEN [162]. The initial datasets 

containing 15000 data points were extracted from several 1-ps-long AIMD trajectories at 

300 K. The 10 starting structures were obtained by randomly perturbing the box size (in 
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±0.02) and atomic positions (in ±0.02 Å) of α- and δ-CsPbI3. The remained datasets were 

constructed using the concurrent learning strategy provided by DP-GEN. We have explored 

the conformations of perovskite phases and non-perovskite phases, and the lattices with 

defects, as shown in Table 3.1. The conformations with a max model deviation of force 

between 0.03 and 0.2 were chosen to be the candidates for DFT single-point energy 

calculations. During the exploration of DP-GEN, model deviation MD runs of the first 7 

iterations were under NVT thermostat within the temperature range of 200–650 K, and all 

the other iterations were under isothermal-isobaric (NPT) thermostat with constant pressure 

at 1 standard atmosphere. 

 

3.5.1.3. Deep learning potential 

The deep learning potential we used was trained with DeepMD-kit [159], which extracts 

the local environments of atoms and then maps them to their energies and forces. The 

utilization of deep learning potential enables us to extend our simulations beyond the 

limitations of supercell size and timescale inherent in density functional theory (DFT) 

calculations [205]. The DFT-calculated datasets from DP-GEN can be directly used for 

training DP models. Our model is equipped with a three-hidden-layer embedding net with 

(25, 50, 100) nodes and a fitting net with (240, 240, 240) nodes. The se_e2_a descriptor 

was used with both angular and radial information of atomic configurations considered. A 

cutoff radius of 8.5 Å smoothing start at 1.0 Å was used.  The model was trained for 2 000 

000 steps with learning rate decays from 10-3 to 10-8 and the energy, force, and virial 

prefactors in the loss function varied from 0.02 to 1, from 1000 to 1, and from 0.01 to 0.1 

during the training, respectively. The trained model then went through a compressed 

training procedure to accelerate computation [213]. 

 

3.5.1.4. Nudged elastic band calculations  

The NEB calculations were performed with LAMMPS and DeepMD-kit. 8×8×8 supercells 

were used to avoid the periodic boundary effects [214]. A total of 24 images were 

performed in one calculation. We first optimize the structure and volume of the ideal CsPbI3 
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structure with the conjugate gradient algorithm, with energy and force stopping tolerance 

of 10-40 and 10-40 eV/ Å. Then the defects were set inside the systems and another 

minimization process with the cell shape fixed. The NEB was performed using the 

“quickmin” style with a force-stopping tolerance of 0.001 eV/ Å. 

 

3.5.1.5. Molecular dynamics simulations  

The molecular dynamics simulations of this study were carried out using LAMMPS code 

patched with DeepMD interface and Plumed [215]. All the simulations were done with 

periodic boundary conditions and the NPT ensemble. The migrations of iodide-related point 

defects were studied using 8×8×8 cubic supercells (around 2560 atoms), for which the 

defect densities are approximately 7.5×1018 cm-3. The Nose-Hoover thermostat [210] and 

Parrinello-Rahman barostat [148] were adopted to control the temperature and pressure of 

systems, respectively. The simulations were done at 200–600 K in 1 standard atmosphere, 

which covers the temperature range for fabrication and application of CsPbI3 perovskite 

materials. The timestep of the simulation was set to 2 fs. The data for single point defect 

jumping events were collected from simulations in 4 ns and the first 20 ps in each trajectory 

were dropped to guarantee an equilibrium state.  

The well-tempered metadynamics MD simulations were performed with CVs constructed 

with environmental similarity multicolvar implemented in Plumed 2.8. The broadening 

parameters of these CVs were set to 0.5. The maximum values of environmental similarity 

of each defect state were extracted with a beta of 0.05. We then constructed the final CVs 

by subtracting the values of the two states on each site. We have chosen 0.04 for the width 

of Gaussian hills for all three CVs. Since the free energy landscapes change with the 

temperature, we used different Gaussian heights and bias factors for different temperatures. 

The Gaussian heights for 300 and 400 K were set as 0.041 eV, and those for 500 and 600 

K were 0.031 eV. The bias factors for 300, 400, and 500 K were 3, and that for 600 K was 

2. The Gaussian hill addition frequency is set to 500 timesteps. 
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3.5.2. Accuracy of the model 

Various tests were performed to verify the accuracy of DPMD, as shown in Figure 3.6-

Figure 3.12. In Figure 3.12, we have calculated 2500 frames from an MD trajectory 

containing the defect motion and annihilation events in a 160-atom system. The absolute 

errors of DPMD prediction of system energy are shown in Figure 3.12(a), with hopping 

and annihilation events marked with red points. As shown in Figure 3.12(b), most of the 

errors are below 0.045 eV which is high and can accurately represent the DFT results. The 

errors in transition states are generally lower than 0.1 eV. The accuracy of a defect-free 

system may be slightly higher compared to the system with defects. 

 

Figure 3.6  Comparison of energy values in different systems. The horizontal and vertical axes 

denote the value obtained from ab initio calculations and DPMD simulations, respectively. 
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Figure 3.7  Comparison of the x-axis component of forces in different systems. 

 

 

Figure 3.8  Comparison of the y-axis component of forces in different systems. 
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Figure 3.9  Comparison of z-axis components of forces in different systems. 
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Figure 3.10  The pseudo-cubic lattice parameters versus temperatures extracted from DPMD 

simulations. The shadowed areas near curves denote the fluctuations of the lattice parameters. The 

grey bands denote the range of phase transition. 
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Figure 3.11  Calculated DFT and DPMD energies for an annihilation event sampled from MD 

simulations. The top pictures denote key structures during annihilation, as pointed out with 

arrows.  

 

  

Figure 3.12  Examine the accuracy of the DP model predicted energy. (a) Absolute error curve of 

DPMD energies for a trajectory contains defects hopping and annihilation events, marked with 

red dots. The blue line separates the frames with defects (left) and without defects (right). (b) 

Histogram for the absolute error of all the frames. 

 



82 

3.5.3. Other calculation results 

 

Figure 3.13  Additional trajectories for each type of aF creation, which also includes the lowest 

energy landscape shown in Figure 4. The energy barriers of aF creation (a) in an ideal crystal; (b) 

near an existing Ii; (c) near an existing Vi. (d), (e) and (f) are the creation barriers of aF near an 

existing Ii-VI pair with the type 1, 2, and 3 conformations, respectively. The numbers following 

the labels are the energy barriers of creating aF. 
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Figure 3.14  The displacement magnitude and typical I-Pb-I angles for the transition state of the 

first type aF creation. 

 

 

 

Figure 3.15  The displacement magnitude and typical I-Pb-I angles for the transition state of the 

second type aF creation. 
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Figure 3.16  The displacement magnitude and typical I-Pb-I angles for the transition state of the 

third type aF creation. 

 

 

 

Figure 3.17  The displacement of the iodide resulted from an adjacent Ii. 
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Figure 3.18  The displacement of the iodide resulted from an adjacent Ii and a VI. 

 

 

Figure 3.19  The NEB energy landscape for ae-ea transition with and without the influence of Ve’. 

The insets are the structures of the ae, ee’ and ea states, respectively.  

 

The influence of VI on Ii hopping. We chose 𝑎𝑒 − 𝑉𝑒′  state as the initial state to be 

investigated since it obtains the lowest energy as shown in Figure 3.13(d). In addition, the 

final 𝑒𝑎 state will be aligned in the same plane as the 𝑉𝑒′, which increases the possibility of 

fast defect annihilation with only the IP hopping process. The transition obtains two 

substeps. First, 𝑎𝑒 jumps into the 𝑒𝑒′ state, then to the 𝑒𝑎 state. As shown in Figure 3.19, 
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the transition barriers of the two hopping processes decrease by about 0.04 and 0.10 eV 

compared to those of Ii alone, respectively. In addition, the relative energy of 𝑒𝑒′ and 𝑒𝑎 

states also decrease by 0.04 and 0.07 eV, respectively. The result shows that the presence 

of VI could decrease the transition barriers of Ii hopping, thus in turn promoting the motion 

of Ii. 

 

Table 3.2  The aF creation barrier of different Ii states under different temperatures. 

aF barrier (eV) 300 K 400 K 500 K 600 K 

ae 0.39 0.40 0.35 0.30 

e'e 0.40 0.39 0.39 0.31 

ee' 0.43 0.41 0.35 0.33 

ae' 0.43 0.39 0.36 0.27 

e'a 0.26 0.29 0.37 0.28 

ea 0.25 0.31 0.32 0.32 
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Chapter 4.   

 

Anisotropic Motion of Iodide in CsPbI3: The 

Role and Influence of Planar Confinement 

 

4.1. Abstract 

The unique soft lattice and octahedral structure of halide perovskites facilitate distinct 

defect diffusion behaviours that are crucial for their performance in halide perovskite 

materials and devices. In this study, we employ deep-learning-enhanced molecular 

dynamics to investigate iodide self-diffusion in CsPbI3. Our results demonstrate that the 

planar confinement on interstitial iodides will lead to different diffusion kinetics from that 

of vacancies. At lower temperatures, the motion of interstitials is further restricted, 

preventing them from lying inside the equatorial plane. Findings derived from kinetic 

Monte Carlo simulations elucidate that while planar confinement acts to expedite the 

annihilation process between proximate vacancies and interstitials, it paradoxically serves 

to prolong the overall lifetime of defects over an extended period. Moreover, the results 

reveal that the 〈100〉 family is the slowest movement direction of iodide interstitials in the 

long run, while 〈110〉  representing the fastest. This planar-confined behaviour not only 

influences defect dynamics but also offers new avenues for enhancing the performance and 

longevity of halide perovskite-based electronics by guiding defect management strategies. 

 

4.2. Introduction 

In the last decade, halide perovskites have attracted significant research interest due to their 

unique optoelectronic properties, making them promising for photovoltaic and 

optoelectronic devices [216–218]. Notably, organometal halide perovskites, such as 
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MAPbI3 (where MA = methylammonium) and FAPbI3 (where FA = formamidinium), have 

achieved power conversion efficiencies exceeding 25% when incorporated as the photo-

active layer in solar cells [219,220]. However, the degradation of organic compounds in 

these materials poses a significant challenge, leading to reduced efficiency and 

stability [221,222]. To overcome these issues, researchers have widely studied all-

inorganic halide perovskites such as CsPbI3 that intrinsically exhibit enhanced thermal 

stability and resistance to degradation [223,224]. However, the defects in perovskites tend 

to undergo ion migration, especially under heat and illumination, causing unwanted phase 

transitions and phase segregation under certain conditions, as well as hysteresis issues, 

which remain a critical hurdle [187,225–228]. Therefore, it is vital to get a deep 

understanding of the mechanistic origins of ion migration within these materials. 

To date, research has been focused on the diffusion of halide vacancies and interstitials, 

particularly iodide vacancies, which are identified as the primary halogen-related defects 

due to their low formation enthalpy in CsPbI3 [167,176,178,229]. Halide interstitials are 

also important for studying since they could also contribute to the performance 

instability [230,231], and could be related to super-fast diffusion induced by planar 

confinement [175]. While previous nudged elastic band (NEB) [110] calculations have 

provided insights into the transition states and energy barriers of ion diffusion under zero 

Kelvin [174,232–234], this DFT-based approach often fails to capture the complexity of all 

potential pathways and cannot provide a comprehensive understanding of defect diffusion 

at finite temperature, where thermal fluctuation introduces additional diffusion pathways. 

This results in a diverse collection of different defect states and different diffusion pathways, 

particularly for the interstitial iodides which obtain a more complex configuration. 

Moreover, current classic molecular dynamics (MD) simulations have predominantly 

focused on higher temperature ranges [184,208,229], and neglected the anisotropic 

diffusion pathway that emerges at room temperature, thereby highlighting the need for 

quantitative analyses of defect diffusion at finite temperatures.  

In this study, we implemented deep learning molecular dynamics (DPMD) and kinetic 

Monte Carlo (kMC) [235] simulations to investigate the self-diffusion behaviours of iodide 

interstitials and vacancies in CsPbI3. Our results reveal that iodide interstitials (Ii) in CsPbI3 

exhibit a quasi-two-dimensional (2D) diffusion behaviour, which facilitates annihilation of 

the near-range Ii and iodide vacancy (VI) pairs but increases the pair lifetime by about 20% 
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for distant defect pairs, particularly under lower temperatures. Further, we identified the 

speed of self-diffusion of defects along the common crystal direction and the energy 

preference of defects on different lattice sites. Such a preference towards directions and 

sites can significantly restrict the movement of Ii and therefore lead to performance 

differences among different orientations. This study provides a comprehensive 

understanding of the anisotropic motion of iodide interstitials in CsPbI3 and offers new 

perspectives for the design of more stable and efficient perovskite-based devices. 

 

4.3. Results and Discussion 

4.3.1. Trajectory analysis 

We first studied the influence of temperature on the self-diffusion of point defects. Figure 

4.1 and Figure 4.8 illustrate the trajectories of Ii and VI. In these figures, the 3D trajectories 

are projected to the [100] lattice plane according to the cubic structure. Specifically, the z-

axis is aligning with the apical direction in low temperature phases. In Figure 4.1, there 

exist a number of vertically and horizontally distributed trajectories, which represents the 

movement inside the xz and yz planes, respectively. Except for these trajectories, the areas 

covered by trajectories with same colours represent the defect movement inside the same 

xz planes, such as the trajectory in the x range -20 ~ -80 Å in 300 K, etc. Therefore, it shows 

that the movement of Ii is always inside a specific xy, xz, or yz plane, demonstrating 

predominantly planar-confined motion within a specific cubic lattice plane in the {100} 

family, with occasional transitions to other planes, similar to observations in MAPbI3 [175]. 

This contrasts with the trajectories of VI shown in Figure 4.8, which exhibit more freedom 

of movement in all directions along the Pb-I octahedral structure. This indicates that Ii has 

two primary motion pathways: in-plane (IP) hopping within a specific crystal plane, and 

out-of-plane (OP) hopping to another plane. As shown in Figure 4.1, the OP hopping is 

more prevalent at high temperatures: the Ii trajectories transform to other planes more often 

at 500-600 K than at 300-400 K, suggesting that lower temperatures favour planar-confined 

motion. Notably, trajectories from 300 and 400 K seem to suffer more confinement, in 

which defects tend to move within the planes that include the apical axis (the XZ and YZ 

planes in Figure 4.1) but rarely within the equatorial planes (the XY plane). This 
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phenomenon is attributed to the symmetry breaking at low temperatures, which is discussed 

later in Section 2.5. 

 

 

Figure 4.1  The unwrapped projected trajectories of Ii at 300, 400, 500, and 600 K. The 

simulation timescale is marked in each figure. The colour map represents the depth of points in 

trajectories inside the figure. In the figure, the z-axis represents the apical direction, while x and y 

represent the two equatorial directions. The schematic inserted shows the position of the apical 

direction and equatorial plane with the blue line and orange plane, respectively. 

 

To compare our results with previous studies [236], we have estimated the self-diffusion 

activation energy 𝐸𝑎
𝐷 of Ii and VI using the Arrhenius plot, as listed in Table 4.1 and drawn 

in Figure 4.2. Different from previous MD studies that determined the 3D diffusion 

coefficients at higher temperatures (in cubic phase, denoted as α), our analysis further 

includes orthorhombic phase (β) and tetragonal phase (γ) to assess phase influences on 

defect diffusion. We have also listed the results from other studies in Table 4.1. Generally, 
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the activation energy at the α phase varied among studies, and our results are roughly in the 

middle. Figure 4.2(a) reveals that Ii diffuses approximately 1.5 orders of magnitude faster 

than VI, especially at lower temperatures, as also evident from the difference in varying 

area sizes covered by the trajectories in Figure 4.1 and Figure 4.8. Previous experimental 

analysis of halide diffusion within MAPbI3 shows that the diffusion coefficient of halide 

species is about 10-13 to 10-12 cm2/s at 75~125℃ [177], which is similar to the current 

results. This suggests that Ii possibly dominates the diffusion under such a temperature 

range.  

 

 

Figure 4.2  (a) The Arrhenius plots for Ii and VI defect diffusion. The black squares and red 

circles are the diffusion coefficients derived from the mean square displacement of the iodide 

species in the systems containing a single Ii and VI, respectively. The lines show the fitting results 

in each phase. The temperature zones where different phases are located are roughly divided by 

dashed lines. (b) The Arrhenius plots for Ii IP, Ii OP, and VI hopping events in each phase. 

 

Overall, the 𝐸𝑎
𝐷 for both Ii and VI is around 0.25 eV, aligning with a recent MD study [184] 

and also similar to the experimental and computational studies for the organometal halide 

perovskites (in the range 0.1-0.3 eV) [171,175,237–239]. However, the values are slightly 

lower than several NEB calculation results for the organometal ones (in the range of 0.3-

0.5 eV) [233,234,240]. This discrepancy may result from the influence of lower symmetry 

phases. The 𝐸𝑎
𝐷

 values for α phases are the lowest among the three perovskite phases, with 

β and γ phases showing similar 𝐸𝑎
𝐷

 values. Lower temperatures lead to lattice symmetry 
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breaking, causing the halide sites to obtain various on-site energy. Therefore, the defects 

could pin to low-energy sites with a higher energy barrier, thereby increasing the 𝐸𝑎
𝐷 .  

Moreover, the organic cations in MAPbI3 and FAPbI3 are polarized and can rotate in space 

under high temperatures, while they could be largely frozen when temperature decreases. 

The cations near defects could relax to a lower energy state via rotation, further increasing 

the energy barriers. 

 

Table 4.1  Self-diffusion activation energy 𝐸𝑎
𝐷 and pre-exponential factor 𝐷0 fit from self-

diffusion coefficients. 

 Phase D0 (10-6 cm2/s) 𝑬𝒂
𝑫 (eV) Ref. 𝑬𝒂

𝑫
 (eV) 

Ii 

α 1.03 ± 0.34 0.25 ± 0.02 
0.28 (MD) [208], 0.20 

(MD) [184] 

β 3.56 ± 2.69 0.29 ± 0.03  

γ 3.08 ± 2.00 0.28 ± 0.02 0.16~0.39 (NEB) [1] 

VI 

α 0.80 ± 0.40 0.25 ± 0.02 
0.19 (MD) [208], 0.34 

(MD) [184] 

β 6.04 ± 9.72 0.34 ± 0.06  

γ 4.80 ± 4.67 0.33 ± 0.03 0.58 (NEB) [241] 

 

Table 4.2  Hopping activation energy 𝐸𝑎
𝜈 and attempt frequency 𝜈0 for Ii hopping. 

 Phase ν0 (THz) 𝑬𝒂
𝝂 (eV) 

Ii IP 

α 2.23 ± 1.05 0.17 ± 0.02 

β 10.50 ± 15.03 0.24 ± 0.06 

γ 5.89 ± 3.16 0.22 ± 0.02 

Ii OP  

α 2.20 ± 0.44 0.28 ± 0.01 

β 4.06 ± 0.88 0.30 ± 0.01 

γ 0.74 ± 0.91 0.24 ± 0.04 

VI 

α 1.64 ± 0.70 0.21 ± 0.02 

β 12.73 ± 12.01 0.30 ± 0.04 

γ 75.4 ± 69.97 0.36 ± 0.03 
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While 𝐸𝑎
𝐷  offers a general overview of the diffusion barrier, it is unable to distinguish 

between different types of hopping events. Therefore, we calculated the activation energies 

𝐸𝑎
𝜈 from the hopping frequency 𝜈 (ps-1) from MD trajectories, i.e. the hopping events per 

unit time, for a better understanding of IP and OP hopping of Ii, as detailed in Figure 4.2(b) 

and Table 4.2. In general, 𝐸𝑎
𝐷

 and 𝐸𝑎
𝜈 exhibit similar trends, despite some differences in 

values. This discrepancy arises because 𝐸𝑎
𝐷 is derived from the mean square displacement 

(MSD) of all iodine ions, whereas 𝐸𝑎
𝜈 is based on the frequency of the diffusive defect. The 

𝐸𝑎
𝜈⁡for Ii IP and VI hopping have the same trend with 𝐸𝑎

𝐷, with higher barriers under lower 

temperatures. Interestingly, one anomalous point is that the OP hopping of Ii obtains a lower 

barrier in the low-temperature phase, which means the γ phase facilitates more OP 

transitions compared to the α phase. This observation is further explored in Section 4.3.5.  

 

4.3.2. Random walk properties 

 

 

Figure 4.3  (a) The random walk grid for iodide-related defects. (b) and (c) are the random walk 

directions for 3D and 3D’ lattices, respectively. In the 3D lattice, the walker can jump along three 

orthogonal axes and six directions in total, which is identical to moving through the six faces of a 

grid. Meanwhile, in the 3D’ lattice, eight identical directions can be chosen, which is regarded as 

jumping through vertices. (d) The return probability for defect self-diffusion in 11 steps of 

hopping. (e) The accumulated return probability for defects in various temperatures. The grey 

dashed line represents the accumulated return probability for the random walk on the ideal 3D 

cubic lattice. 
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To further study the dynamics of iodide-related defect hopping and verify the planar-

constrained motion behaviour, we performed kMC simulations with the 𝐸𝑎
𝜈 derived from 

our MD results. A key characteristic of random walks across different dimensions is the 

probability of returning to the original position after N steps [242]. For 2D and 3D random 

walks on square and cubic lattices, respectively, returning to the origin requires an even 

number of steps. The return probabilities for 2D [243] and 3D random walks after 2N steps 

can be derived as (see Section 4.6 for derivation): 

𝑃2(2𝑁) = [
1

22𝑁
(
2𝑁
𝑁
)]
2

= [
(2𝑁)!

22𝑁(𝑁!)2
]

2

(44) 

𝑃3(2𝑁) =
1

62𝑁
(
2𝑁
𝑁
)∑(

𝑁
𝑖
)
2

𝑁

𝑖=0

(
2𝑖
𝑖
) (45) 

Meanwhile, the behaviour of 3D random walks in a cubic lattice differs slightly from the 

iodide hopping process in the cubic perovskite structure. Each iodide has 8 nearest sites 

with D4h symmetry [Figure 4.3(a)], while the 3D random walk on a cubic lattice has 6 

identical nearest sites with Oh symmetry [Figure 4.3(b)]. For comparison, we also showed 

the return probability for 3D random walks on 8 sites (denoted as 3D’), see Figure 4.3(c). 

The return probability values for Ii and VI, along with the analytical values for 2D and 3D 

random walks are shown in Figure 4.3(d). The results indicate that the return probability 

of Ii self-diffusion at temperatures at 200 K is highly approaching that of the 2D random 

walk within 11 steps of hopping. Even at 600 K, the return probability still exhibits clear 

2D behaviour. In contrast, the hopping of VI is like the 3D’ random walk. One difference 

between 3D’ random walk and VI hopping is that VI has a probability to return to its origin 

after an odd number of jumps, which is attributed to the jumps along the three edges of one 

face of the Pb-I octahedral. These results demonstrate that the diffusion of Ii exhibits a 

quasi-2D random walk behaviour, while the hopping of VI is more like 3D’ random walk 

behaviour. This difference is due to the anisotropic hopping mechanisms of Ii, as mentioned 

above.  

The quasi-2D random walk behaviour of Ii has implications for the dynamic equilibrium of 

defect density of halide perovskites, i.e. the defect can be easily created and 

annihilated [244]. Due to the relatively soft lattice [177], Frenkel defect pairs can be easily 
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created in halide perovskites under light irradiation [181,194]. For the short-range 

annihilation, we can analyze the accumulated returning probability for Ii and VI of the 

Frenkel pairs to evaluate the possibility of annihilation. 𝜌00 is defined as the probability of 

returning to the original site within an infinite time. If 𝜌00 is equal to 1, the random walk is 

“recurrent”, and will inevitably pass through every point in space within infinite time. If 

𝜌00 is smaller than 1, on the other hand, the random walk is called “transient”, then walkers 

may never reach certain points. According to Pólya's recurrence theorem [245], random 

walks in 1D and 2D lattices are recurrent, while a 3D random walk on a cubic lattice has a 

𝜌00  of approximately 0.34, indicating a transient nature and the inherent difficulty of 

returning to the origin over an infinite timeline.  

Figure 4.3(e) shows that the 𝜌00 value gradually asymptotes to values less than one for all 

types of defects hopping in 105 timesteps, indicating that the Ii self-diffusion is transient in 

the long run. As the temperature increases, the probability of returning decreases. 

Additionally, the returning probability is about 0.42 even at very high temperatures like 

600 K, which is larger than 0.34 for simple 3D random walks. At temperatures below 400 

K, the Ii motion exhibits approximately equal probability of returning to its origin and 

escaping. On the other hand, the 𝜌00 value of VI is 0.32, slightly smaller than that in the 3D 

cubic lattice. The data suggests that the quasi-2D random walk behaviour would facilitate 

the annihilation of defects, subsequently decreasing defect concentration.  

 

4.3.3. Defect lifetimes 

However, in reality, perovskites exhibit a considerable number of defects. Intuitively, if Ii 

and VI are situated on two planes that are at a distance from each other, this planar 

confinement should, in fact, hinder the annihilation of defects, and the 𝜌00  is mainly 

contributed by the short-range domain directly after the creation. Therefore, we further 

investigated the impact of this restriction on the lifetime of defects. In our previous MD 

analysis (Section 2.1), we focused on the short-range properties of defects, observed within 

a relatively limited spatial and temporal scope, where the estimated defect density reached 

magnitudes of 1019 cm-3. In contrast, real halide perovskite crystals typically exhibit lower 

defect densities, as indicated by various measurements [164,165]. Furthermore, the effects 
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of planar-confined motions in short ranges cannot represent their impact on the whole. To 

address this discrepancy and assess the broader implications of planar-confined motion, we 

conducted extensive kMC simulations involving both mobile Ii and VI. Although kMC is 

less accurate than other simulation methods in our case, it can provide simulations with 

larger supercell sizes for different defect concentrations under longer time scales. Also, it 

is computationally faster so that we can simultaneously perform thousands of simulations 

at a time to derive the statistical information of a system. 

 

Figure 4.4  The slow and fast decay mode of Frenkel defect. The lifetime with respect to 

temperatures in different defect densities (in units cm-3) is plotted. The dashed lines represent the 

corresponding curves when no planar motion of Ii. The data were fitted with tri-exponential decay 

of the ratio of annihilated pairs. 

 

In our simulations, Ii and VI were randomly placed on the halogen sites within the 

perovskite structure, with annihilation considered to occur when their separation fell below 

the distance of one unit cell. It is worth noting that the actual annihilation range might 

extend further, facilitated by the anti-Frenkel disorder process [1]. The defect lifetimes 

were determined by fitting the defect annihilation rates over time with exponential 

functions across multiple kMC trajectories in each temperature and density. We discovered 

that defect annihilation occurs through multiple modes, resulting in several distinct 

lifetimes. Therefore, we adopted tri-exponential fits in our analysis. In the three modes, the 

slowest and medium mode of annihilation obtains a similar trend. Thus, we only show the 

results in Figure 4.4 for the slowest and fastest mode.  
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Defect lifetimes decreased as temperatures rose, owing to the accelerated defect self-

diffusion in higher temperatures that increases the encountering rate. Besides, higher defect 

densities lead to shorter defect lifetimes. To show the influence of the planar-constrained 

motion of Ii on lifetime, we have also drawn the results when Ii moves with the same pattern 

as VI for comparison, in which no planar constraints exist, denoted as “VI-like”. This 

comparison revealed that planar confinement notably extends the slow-mode lifetime, 

especially at temperatures below 350 K. However, as temperatures increase, leading to 

more frequent OP hopping by Ii, the differences in lifetimes between the actual and VI-like 

scenarios begin to diminish across varying defect densities. Specifically, at 200 K, the slow-

mode lifetimes for defect densities of 1016, 1017, and 1018 cm-3 increased by 19.65%, 

19.80%, and 21.26%, respectively, compared to the VI-like cases, highlighting a 

pronounced effect at higher defect densities. Meanwhile, as the defect density decreases, 

the discrepancy between the real defect lifetime and the VI-like case decreases. Conversely, 

the lifetimes of the fast mode exhibited a diverging pattern. Compared to the VI-like case, 

the fast-mode lifetime increased by 22.33%, 13.88%, and decreased by 17.73% at 

concentrations of 1016, 1017, and 1018 cm-3 under 200 K, respectively. This indicates that at 

a high-concentration defect environment, the hopping pattern of Ii actually increases the 

defect lifetime. 

The planar-confined motion can also be explained by the 2D random walk properties. We 

attribute the slow mode to the annihilation of distant defects through VI and OP hopping, 

while the fast mode to the annihilation dominated by IP hopping for nearby defects. For the 

slow annihilation mode, at lower defect concentration, the Ii and VI are less likely to be in 

close proximity or within the same plane. Thus, the Ii approaching VI requires slower OP 

hopping. Additionally, the quasi-2D random walk behaviour of Ii becomes more significant 

at lower temperatures. This results in a reduced annihilation rate of defects. Conversely, for 

the fast mode at high defect concentrations, the probability of defects being in the same 

plane increases, making IP hopping a more critical factor in facilitating rapid annihilation. 

During this time, the VI-like case, due to its more distinct “transient” nature, actually 

becomes less favourable for defect annihilation.  

In real circumstances, the newly created Frenkel defects are close to each other, leading to 

rapid annihilation before effective. Based on the conclusions above, the capability for 

rapidly annihilating closer defects partially explains the self-healing properties of 
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perovskites [195,246]. 

 

4.3.4. Self-diffusion in different directions 

Understanding the preferred crystallographic directions for ion diffusion within halide 

perovskite systems is crucial for op timizing the performance of optoelectronic and ion 

conductor devices. The structure of halide perovskites and their characteristic planar-

confined motion suggest differential impacts on diffusion along the common 

crystallographic directions: 〈100〉 , 〈110〉 , and 〈111〉 . To quantify diffusion capabilities, 

MSD serves as a valuable metric, allowing us to project defect displacement in specific 

directions to derive the projected MSD.  

 

 

Figure 4.5  The MSD extracted from kMC simulations in different temperatures. The black lines 

represent the total MSD of defects. The other lines represent the MSD in each specific lattice 

direction. The rightmost figure is for VI, while the others are for Ii. 

 

Figure 4.5 presents the average MSD across 400 kMC trajectories for Ii and VI diffusions 

under different temperatures. Notably, the 〈110〉 directions consistently exhibit the most 

rapid increase in MSD, surpassing the 〈100〉 and 〈111〉 directions under all temperature 

conditions. Intuitively, this is understandable, since Ii and VI mostly move along the edge 
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of the Pb-I octahedral, the displacement vector for every single hopping event is along one 

〈110〉 direction. Any movement in other directions are the combination of movement in 

〈110〉  directions. Meanwhile, the identification of the slowest diffusion direction varies 

with the duration or distance of defect diffusion. Initially, the 〈111〉  directions show the 

slowest MSD. This is because of the planar confinement of Ii, since the 〈111〉 displacement 

requires the assistance of OP hopping, which happens much fewer than IP hopping. But to 

our surprise, over time, the 〈100〉 directions gradually become the slowest, as shown in the 

rightmost figure of Figure 4.5. This suggests that although individual Ii diffusion 

behaviours remain constant, the collective quasi-2D diffusion properties of Ii populations 

tend to average out, aligning more closely with VI migration patterns over extended periods.  

An interesting aspect for further exploration is how this directional shift in the slowest 

diffusion speeds might influence material properties. Considering the case of Ii diffusion 

under 300 K, where the transition from 〈111〉 to 〈100〉 as the slowest diffusion direction 

occurs at around 85 ns, corresponding to an MSD of about 1400 Å2 and an estimated defect 

displacement of about 37 Å − a distance spanning only a few lattice lengths. Thus, the 

diffusion of the 〈111〉 direction does not need to be considered in practice, except in specific 

scenarios such as near grain boundaries or where defects are close. These observations 

suggest that the movement of Ii along the 〈100〉 directions is inherently slower, making the 

{100} orientation a potential barrier to iodine diffusion in devices and potentially inhibiting 

halide diffusion. Therefore, for optoelectronic devices that benefit from slower diffusion 

rates, the {100} orientation is preferable. Conversely, devices designed to maximize ion 

diffusion speed, such as ion capacitors or resistive switching devices [247,248], would 

benefit from a {110} orientation. This anisotropic behaviour of defects partially explains 

the performance enhancement through crystal-direction engineering reported in previous 

experimental studies [249,250].  

 

4.3.5. Anisotropy from the lattice 

In this section, the anisotropy effects of orthorhombic perovskite lattice were investigated, 

particularly the observed affinity of Ii for apical sites. As shown in Figure 4.6, To validate 

this observation and remove the influence of the initial defect site on our simulation 
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outcomes, we performed MD simulations with Ii placed in varying initial positions 

demonstrated in Figure 4.9. Within these figures, we use “e” and “e’ ” to denote the two 

equivalent equatorial directions, while “a” denotes the apical direction. The plotted lines 

trace the orientation of defects over time in these specified directions, with values between 

zero and one signifying the degree of parallelism to a crystallographic direction.  

 

 

Figure 4.6  The orientation of Ii over time under 350 K. The initial state of each figure is set up in 

the (a) apical site oriented in e direction, (b) apical site oriented in e’ direction, and (c) equatorial 

site oriented in a direction. 

 

From Figure 4.6(a) and (b) we can see that the defect starting at the two apical sites with 

different orientations will be stable and occasionally transfer from one to the other. 

Meanwhile, Ii could only hop and lie in the equatorial site in a few cases, and will quickly 

return to other sites. It is also clear in Figure 4.6(c) that the initial Ii inside the equatorial 

plane hopped rapidly into other planes at the very beginning of the simulation. This 

represents the defect states lying in equatorial planes possess energetically unfavourable 

states. 

The phenomenon means that the Ii diffusion behaviour varied in temperature, which is also 

observed in Section 4.3.1. In α-phase the three directions are identical, no preference on 

defect orientation exists. Thus, the diffusion is statistically the same on every lattice plane 

in the {100} family. While in β- and γ-phases, the preference of lying in apical sites could 

lead to enhanced movement along the apical directions and inhibit the diffusion inside the 

equatorial planes. 
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Figure 4.7  The relative energy between defect states. The symbols a and a’ denote the two apical 

defect sites with different orientations, while symbols e⊥ and e∥ denote the equatorial defect site 

with the Ii configuration perpendicular and parallel to the equatorial plane, respectively. The 

energy of a is set at 0 eV for reference. 

 

To energetically examine the origin of this behaviour, we have performed DFT calculations 

to analyse Ii states across various sites and orientations (Figure 4.7). A symmetry analysis 

with Pymatgen’s [251] point group analyser reveals the equivalence of iodides in equatorial 

positions. Hence, it is sufficient to select and compute configurations for Ii at apical and a 

single equatorial position. We found that the apical sites obtain the lowest energy among 

the others. The two defect configurations on apical sites are different in energy. On the other 

hand, the defects in the equatorial plane with an orientation toward the apical direction 

(denoted as e∥) are energetically unfavourable. The energy differentials between these 

configurations create an “energy well”, effectively confining the defect within the apical 

Pb-I chain. Knowing the energy of each state, the probability for a certain defect 

configuration can be estimated following the Boltzmann distribution: 

𝑝𝑖 =
1

𝑍
𝑒
−
𝜀𝑖
𝑘𝐵𝑇 (46) 

where pi is the probability of a defect in state i, Z is the partition function, εi is the energy 

of state i, kB is the Boltzmann constant, and T is the temperature. The results show that the 

possibilities of finding Ii in the two apical configurations are approximately 85% and 12%, 
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respectively. This suggests that Ii primarily seats at the apical sites, and that inside the 

equatorial plane is noticeably less. Thus, the two apical states may interchange through OP 

rotation which provides extra OP events but hardly contributes to the total diffusion. This 

result also indicates that for the application in optoelectronic devices, it is crucial to adjust 

the material structure to align the apical direction with a horizontal orientation to inhibit 

diffusion under room temperature. When temperature rises, firstly the γ-phase transforms 

into β-phase, the difference between a and a’ diminished, leading to an identical apical site 

no matter which orientation the Ii is lying. Then β-phase will gradually become α-phase 

through octahedral tilting, and the four defect sites become identical. The energy well 

created by different defect site disappeared, leading to an equally distributed diffusion on 

each {100} plane. 

Moreover, researchers have also observed a similar planar motion behaviour of Ii in hybrid 

MAPbI3 via classical MD simulation and concluded that this results in a fast effective 

diffusivity [175]. However, the anisotropy of crystal lattice under room temperature and 

the detailed influence of this planar confinement are not discussed in detail. In our study, 

we have performed a more accurate deep-learning-based MD simulation, which could 

capture more detailed dynamic information about perovskite lattice and defects. We 

thoroughly analysed the influence of planar-confined motion and lattice anisotropy on 

defect properties for Ii in all-inorganic CsPbI3. Furthermore, the current results show that 

the equatorial plane is energetically less favourable for Ii diffusion in all-inorganic CsPbI3, 

making diffusion in that plane difficult. Meanwhile, although not explicitly mentioned, the 

results from the previous study seem to imply that Ii can still move along that specific plane 

in MAPbI3 [175]. This could be attributed to the structure difference between the all-

inorganic and organometal halide perovskites, but further systematic research is required 

to obtain a solid conclusion. 

4.4. Conclusions 

In summary, based on deep-learning MD simulation, our study explores the dynamics of 

iodide-related defects within all-inorganic CsPbI3, particularly emphasizing the 

phenomenon of planar-confined motion. Our study reveals that iodide interstitials exhibit 

a quasi-two-dimensional self-diffusion behaviour, facilitating the rapid annihilation of 

newly formed anti-Frenkel defects and impeding the separation of interstitials from 
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vacancies. Moreover, the planar-confined motion can increase the defect lifetime in the 

long run. Furthermore, our analysis determined that the self-diffusion of defects is 

directionally dependent within the crystal lattice, with the 〈100〉 directions exhibiting the 

slowest diffusion, and the 〈110〉  directions the fastest. The study provides insights into 

directional anisotropy in defect mobility in CsPbI3, which has significant implications for 

the design and performance optimization of perovskite optoelectronic devices, ionic 

capacitors, and resistive switching devices. 

 

4.5. Methods 

4.5.1. Deep Potential Molecular Dynamics 

In order to improve the accuracy of classical MD close to that of density functional theory 

(DFT) calculations [206], the deep potential MD (DPMD) [252] framework was adopted 

to provide a deep learning model for the prediction of the potential energy surface of the 

simulation systems. We have adopted the deep learning force field of CsPbI3 with defects 

from our previous research [1]. In general, the dataset contains DFT calculation results by 

the Vienna Ab-initio Simulation Package (VASP) [205]. The projector-augmented wave 

(PAW) pseudopotentials [206] and Perdew-Burker-Ernzerhof (PBE) parametrization [122] 

were adopted for the static single-point calculations and ab initio molecular dynamics 

(AIMD) simulations. Van der Waals interaction was considered via the DFT-D3 method 

with the Becke-Johnson (BJ) damping function [207]. The model effectively distinguishes 

between α, β, and γ phases, and has been trained in a variety of defect systems. The detailed 

computational setup, dataset construction process, and accuracy can be found in that 

research.  

Large-scale Atomic/Molecular Massively Parallel Simulator (LAMMPS) code [214] 

implemented with the DeepMD-kit interface was used to perform MD simulations in this 

study. An 8 × 8 × 8 cubic supercell containing 512 CsPbI3 units and one defect is adopted 

for simulating halide diffusion, which could be thermally relaxed to tetragonal and 

orthorhombic phases. The simulations were done under NPT ensembles with the canonical 

sampling thermostat using global velocity rescaling with Hamiltonian dynamics [253] and 
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Parrinello-Rahman barostat [148]. The timestep is 5 fs. We first performed the energy 

minimization to the initial configurations. Then a 50 ps NVT and a 50 ps NPT simulation 

were done to obtain the thermal equilibration.  

4.5.2. First-principles calculations 

The DFT calculations in our study are all based on the VASP code with PAW 

pseudopotentials and PBE parametrization. DFT-D3(BJ) was selected for the van der Waals 

interaction. The supercells for geometry optimization and energy calculations contain 

2√2 × 2√2 × 2  orthorhombic unit cells, equivalent to a 4×4×4 cubic supercell. The 

calculations used a plane-wave cutoff of 500 eV and a Γ-only K-point mesh. The energy 

threshold for electron self-consistent calculations is 10-6 eV and the force threshold on each 

atom for the geometry optimization is 0.02 eV/Å. 

4.5.3. Postprocessing of MD trajectories 

The positions of defects were extracted from MD results with the Python interface of 

Ovito [254] by determining the centre of mass of the Pb atoms with the coordination 

number of 7 (for Ii) or 5 (for VI). Moreover, the normal direction of Ii was obtained by the 

cross product of two adjacent Pb-I bond directions of the Ii. The orientation indicators were 

obtained by first taking the absolute values of each component of the normal, and then 

calculating the softmax value to get the final values.  

The 3D diffusion coefficients for iodides were obtained from the linear fitting of the time 

derivative of MSD of iodides (d=3 for 3D): 

𝐷 =
1

2𝑑
lim
𝑡→∞

𝑑

𝑑𝑡
MSD(𝑟) (47) 

 

The MSD function is obtained via the Einstein formula: 

MSD(𝑟) = ⟨
1

𝑁
∑|𝒓 − 𝒓(𝑡0)|

2

𝑁

𝑖=1

⟩

𝑡0

(48) 
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In which N is the number of iodides in the system, r is the coordinate of the iodides. The 

diffusion coefficients were derived with the Python package MDAnalysis [255]. Then the 

diffusion activation energies 𝐸𝑎
𝐷  were derived from the data. Since the diffusion under 

lower temperatures is significantly slower than that at higher temperatures, we have used 

different simulation time for different temperatures to obtain accurate MSD, as listed in 

Table 4.3. 

Table 4.3  The simulation length for different temperatures. 

Temperature (K) Ii (ns) VI (ns) 

350 200 175 

375 150 150 

400 25 50 

≥ 425 25 25 

 

The hopping activation energies 𝐸𝑎
𝜈 were obtained by a similar method but using different 

types of data. The trajectories were processed using breakpoint analysis to obtain the 

numbers of hopping events of Ii IP and VI hopping. The OP hopping events were obtained 

by analyzing the orientation following the same process. The 𝐸𝑎
𝜈 for different events were 

then extracted via the Arrhenius plots. 

 

4.5.4. Rejection-free kinetic Monte Carlo simulation 

The rf-kMC code was written in Python with the parallel programming language 

Taichi [256]. The activation energies in the Monte Carlo simulation were set according to 

the fitting results obtained in DPMD simulations. All the simulations were performed on 

grid points similar to I sites in CsPbI3. Two events were considered: IP and OP hopping. 

The code can randomly choose one event from the two according to the possibility 

calculated via Boltzmann distribution. If the IP hopping event was chosen, the defect would 

choose one over four IP neighbour sites with the same probability. On the other hand, if the 

OP hopping event was chosen, the defect would change its orientation. The time of each 

event can be estimated by the formula: 
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𝑡 = −
ln 𝑟

𝑘
(49) 

In which r is a random number in the interval [0, 1], and k is the rate constant for one single 

event. Then the total simulation time can be estimated by summing over the time of all 

individual events. 

To quantitively analyze the diffusion along a specific crystal direction family, the projected 

MSD was derived from kMC trajectories. Meanwhile, due to the presence of multiple 

identical crystal directions within each lattice family, the projection relying on a single 

direction cannot represent the whole picture and lead to underestimations of the diffusion. 

For instance, the 〈110〉 and 〈111〉 families feature twelve and eight equivalent directions, 

respectively, in a cubic lattice. Thus, we simultaneously collect all the equivalent directions 

and choose the direction with the largest MSD in each time step as the representation for 

the diffusion of that crystal direction family. 

4.6. Supplementary Section 

4.6.1. Additional figures 

 

Figure 4.8  The unwrapped projected trajectories of VI under 300, 400, 500, and 600 K.  
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Figure 4.9  Schematics for the initial structures used in Figure 4.6. The orange axes represent the 

direction for the apical (denoted as a) and the two equatorial (denoted as e and e’) directions. The 

blue rhombi denote the Ii position, and the blue arrows denote the orientation of the defect. 

 

 

4.6.2. Derivation of 3D random walk properties 

In a 3D simple cubic lattice, all sites have 6 identical neighbours: up, down, front, back, 

left, and right. In each time step, the walker will randomly choose one neighbour to jump 

in. We define the N-step random walk process as a list of displacement 

{𝐷1, 𝐷2, … , 𝐷𝑁}, 𝐷𝑖 ∈ {𝑋
+, 𝑋−, 𝑌+, 𝑌−, 𝑍+, 𝑍−} , in which X, Y, and Z denote the axis of 

displacement and +/- denote the direction of the step. For every single step, we need to 

choose 1 of the 6 elements. Thus, the total number of possible paths for an N-step random 

walk is 6^N. The total displacement is defined as the summation of all displacement in the 

random walk process: 

𝑆𝑁 =∑𝐷𝑖

𝑁

𝑖=1

(50) 

In order to return to the original place, S_N = 0, the total number of steps of “+” jumps 

should be equal to the “-” jumps in each direction. Thus, only even steps of move can make 

it home. Let us only consider 2N steps. Suppose there are i, j, and k times of X+, Y+, Z+ 

walk, it must fulfill the relation i+j+k=N to go back to the origin. The returning probability 

can be calculated with the following procedure: 
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1. Choose N “+” movements from the 2N steps. 

2. Choose i X movements from the N steps (same for “-”). 

3. Choose j Y movements from the N-i steps (same for “-”). 

4. Choose k Z movements from the N-i-j=k steps, which is equal to one (same for 

“-”). 

We obtain the returning probability by summing over all possible i, j, and k: 

(2𝑁) =
1

62𝑁
∑∑(

2𝑁

𝑁
) (
𝑁

𝑖
)
2

(
𝑁 − 𝑖

𝑗
)
2𝑁−𝑖

𝑗=0

𝑁

𝑖=0

(51) 

Using Chu–Vandermonde identity, we can simplify the second summation of eq. (6): 

𝑃3(2𝑁) =
1

62𝑁
(
2𝑁

𝑁
)∑(

𝑁

𝑖
)
2

(
2(𝑁 − 𝑖)

𝑁 − 𝑖
)

𝑁

𝑖=0

(52) 

 

Since the binomial coefficient is symmetric and (𝑁
𝑖
) = ( 𝑁

𝑁−𝑖
) , we can get the result by 

reversing the summation index: 

𝑃3(2𝑁) =
1

62𝑁
(
2𝑁

𝑁
)∑(

𝑁

𝑖
)
2

(
2𝑖

𝑖
)

𝑁

𝑖=0

(53) 
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Chapter 5.   

 

Deep Charge: A Deep Learning Model of 

Electron Density from One-Shot Density 

Functional Theory Calculation 

 

5.1. Abstract 

Electron charge density is a fundamental physical quantity, determining various properties 

of matter. In this study, we have proposed a deep-learning model for accurate charge density 

prediction. Our model naturally preserves physical symmetries and can be effectively 

trained from one-shot density functional theory calculation toward high accuracy. It 

captures detailed atomic environment information, ensuring accurate predictions of charge 

density across bulk, surface, molecules, and amorphous structures. This implementation 

exhibits excellent scalability and provides efficient analyses of material properties in large-

scale condensed matter systems. 

 

5.2. Introduction 

In the vast domain of materials science and condensed matter physics, electron charge 

density is a fundamental property that describes the spatial distribution of electrons in a 

material. It provides invaluable insights into overall material behaviors and is an essential 

quantity in various quantum mechanical frameworks, especially in density functional 

theory (DFT) [114], where the ground-state properties of a many-body system can be 

described as functionals of the electron charge density. Commonly, DFT solves the Kohn-

Sham (KS) equations [26] via the self-consistent loop [205] to adopt the ground state 
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charge density 𝜚(𝒓, {𝑹𝑖}𝑖=1
𝑛 ), where charge density 𝜚 is a function of the space position r 

and the positions of all n atoms in the system {𝑹𝑖}𝑖=1
𝑛  . A significant challenge of this 

approach is the computational complexity of O(N3) with respect to the number of electrons. 

The harshness of density functional optimization impedes the application of DFT in 

mesoscopic systems with thousands or even millions of atoms. This limitation has spurred 

the search for alternative approaches that can efficiently represent charge density without 

compromising accuracy.  

The electron density generally obtains “nearsightedness” and screening effect in many-

atom systems [257,258]. These effects make it possible to introduce a radius 𝑟𝑐 around a 

space point, beyond which any perturbation on the atomic environment only provides 

negligible impacts on the electron density at that point. This is the locality property of 

electron density, which does not apply to the KS wavefunctions. In that case, the original 

time-consuming KS self-consistent calculation can be turned into mapping local atomic 

environment information to the electron density. Such a mapping can naturally be obtained 

via techniques such as machine learning. A well-trained machine learning model can be 

used for predicting charge density in different atomic systems, and even be scalable for 

determining large-scale material systems. Currently, several machine-learning models have 

been proposed to predict electron charge density as alternatives to first-principles 

calculations, as listed in Table 5.1.  

One commonly used strategy is to express the charge density as the summation of a set of 

basis functions such as spherical harmonics, with the coefficients fitted via machine 

learning [259–265]. The rotational invariance of charge density can be automatically 

protected with a reasonable basis set. These methods are efficient but mainly used in 

charge-localized systems, and the accuracy is highly dependent on the quality and 

complexity of basis functions and usually requires DFT calculations of plenty of different 

atomic structures to train. On the other hand, the grid-based methods can be adopted to 

obtain more flexibility [111,266–270]. These methods focus on mapping every unique 

local environment around real space points to non-degenerate values in the latent space, 

which thus contains enough information for charge density representation. The mapping 

should generally be invariant under three physical symmetry operations: translation, 

rotation, and permutation, as will be discussed in detail below. Achieving these without 

losing structural detail information is a nontrivial task. Moreover, grid point methods 
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usually require large numbers of data points from various structures to obtain satisfactory 

accuracy. 

 

Table 5.1  The published works on machine-learning charge density. The top 7 methods belong to 

basis function methods, while the bottom 6 are grid-point methods. The unit for MAE and RMSE 

values is e/Å3. 

Method Systems Accuracy Data size Ref. 

SA-GPR Small molecules MAE: 1.0% ~ 1.2% ~1000 structures  [259] 

SA-GPR Organic dimers rMAEb: 0.3%~1.8% ~2300 structures  [260] 

SALTED Al, Si, Ih-Ice %RMSEc: ~1.5% 100 structures  [261] 

EGNNa DNA rMAE ~1% 922 structures  [262] 

SchNOrb Small molecules \ 25000 structures  [263] 

EGNN Water clusters rMAE: ~1.4% 6000 structures  [264] 

ML-HK map Small molecules \ 100~350 structures  [265] 

Gaussians PE and Al thin films RMSEd: ~5×10-4 > 107 points  [266] 

CGCNN Polymer, zeolite RMSE: 0.04~0.18 >3×105 points  [267] 

Deep Density Molecules, Al rRMSEe: 0.5%~2.2% 105~106 points  [268] 

Gaussians Organics RMSE: 0.03~1.52 ~1.5×109 points  [269] 

EGNN Molecules, cathode rMAE: 0.06%~0.27% 103~105 structures  [270] 

JLCDMs Benzene, Al, MoS2 RMSE:  0.006~0.008 ~1.6×106 points  [111] 

This work Si, Al, Al-Mg, water MAE: 0.05%~0.4% >105 points  

a Equivariant graph neural network. 

b Relative mean absolute error. ∑ |𝜌𝑖 − 𝜌̂𝑖|
𝑁
𝑖 ∑ |𝜌𝑖|

𝑁
𝑖⁄ , in which 𝜌𝑖 is the real charge density of the ith 

grid point, 𝜌̂𝑖⁡is the represented value of that point. 

c Percentage root means square error, defined in the original article. 

d Root mean square error. √∑ (𝜌𝑖 − 𝜌̂𝑖)
2𝑁

𝑖 𝑁⁄ , in which N is the total number of grid points. 

e Relative root means square error.⁡√∑ (𝜌𝑖 − 𝜌̂𝑖)
2𝑁

𝑖 √∑ 𝜌𝑖
2𝑁

𝑖⁄ . 

 

Herein, to overcome the above challenges for the grid-based method, we introduce a deep-

learning charge model (Deep Charge) to represent electron charge density. We have adopted 

the embedding framework from Deep Potential (DP) [157] to extract the local atomic 

environment, which naturally preserves the system's symmetry. This implementation 



112 

requires very few structures for training. Remarkably, a one-shot DFT calculation is 

sufficient for simple systems like crystalline silicon and aluminium to reach a mean 

absolute error (MAE) below 7×10-4 e/Å3. The model provides a scalable representation of 

charge density in bulk, surface, and complex systems such as alloy and amorphous, 

involving semiconducting and metallic systems. Our Deep Charge model can thus 

efficiently assist in the prediction and analysis of charge density in large-scale condensed 

matter systems with DFT accuracy. 

 

5.3. Deep Charge model 

The most important reasons why the Deep Charge model can effectively capture the physics 

consistent with KS-DFT are the nearsightedness [258] and the screening effect [271,272] 

of materials. When a perturbation in the atomic structure is introduced within a local 

environment of a material, the ground state distribution of electrons adjusts accordingly. 

The magnitude of the charge density change diminishes with increasing distance from the 

perturbation due to the destructive interference of the density amplitude concerning single-

particle eigenstates. In gapped systems or disordered systems, the decay is exponential, 

causing a rapid decrease in influence. Meanwhile, in ordered gapless systems such as 

metals, the decay follows power laws rather than exponential, breaking the nearsightedness 

to some extent. On the other hand, the screening effect of metallic electrons shields the 

long-range Columb potential from the perturbed atoms, forcing the system to be 

nearsighted. These results ensure that almost all the information about local charge density 

is encoded in the atomic structures within a suitable cutoff radius. The Deep Charge model 

can thus be trained to establish the relationship between the charge density and atomic 

structures approaching the DFT accuracy.  

The continuous charge density is discretized into a space grid in grid point methods. 

Suppose there are n atoms in the system, the charge density value at position r can be 

written as a function of the coordinates of atoms {𝑹𝑖}𝑖=1
𝑛 ,  

𝜌 = 𝜚(𝒓, {𝑹𝑖}𝑖=1
𝑛 ) (54) 



113 

where all the information of the system is required to determine the density at a single point. 

Instead, we can use only the coordinates of neighbouring atoms {𝑹𝑖|𝑖 ∈ 𝑛𝑟𝑐(𝒓)}, where 

𝑛𝑟𝑐(𝒓) denotes the set of atoms within the cutoff radius 𝑟𝑐 surrounding r with a size of 𝑛𝑐.  

𝜚(𝒓, {𝑹𝑖}𝑖=1
𝑛 ) ≅ 𝜚(𝒓, {𝑹𝑖|𝑖 ∈ 𝑛𝑟𝑐(𝒓)}) (55) 

Ideally, this charge density representation should be designed carefully to fulfil the 

invariance under three symmetry operations: 

1. Any translation 𝒯̂𝒅 of the whole system 𝒯̂𝒅𝜚(𝒓, {𝑹𝑖}𝑖=1
𝑛 ) = 𝜚(𝒓 + 𝒅, {𝑹𝑖 + 𝒅}𝑖=1

𝑛 ) 

should result in the same value as 𝜚(𝒓, {𝑹𝑖}𝑖=1
𝑛 );  

2. Any operation⁡𝑂̂ ∈ O(3) centered at r should obey⁡𝑂̂𝜚(𝒓, {𝑹𝑖}𝑖=1
𝑛 ) = 𝜚(𝒓, {𝑹𝑖}𝑖=1

𝑛 );  

3. Any permutation 𝜋̂ on labels of the same atomic species fulfils 𝜚 (𝒓, {𝑹𝜋̂(𝑖)}𝑖=1
𝑛
) =

𝜚(𝒓, {𝑹𝑖}𝑖=1
𝑛 ).  

To preserve the translational invariance of the density, the relative coordinates 𝒓𝑖 = 𝒓 −

𝑹𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) are adopted:  

𝜚(𝒓, {𝑹𝑖|𝑖 ∈ 𝑛𝑟𝑐(𝒓)}) = 𝜚({𝒓𝑖|𝑖 ∈ 𝑛𝑟𝑐(𝒓)}) (56) 

The density can be represented via neural networks as 

𝜚({𝒓𝑖|𝑖 ∈ 𝑛𝑟𝑐(𝒓)}) = ℱ(𝒟({𝒓𝑖|𝑖 ∈ 𝑛𝑟𝑐(𝒓)}; 𝜽𝑑); 𝜽𝑓) (57) 

where 𝒟⁡represents the descriptor that extracts all the local environment information, and 

ℱ represents the fitting net for charge density. The trainable neural network parameters for 

them are 𝜽𝑑 and 𝜽𝑓, respectively. In the implementation of Deep Charge, the descriptor is 

constructed to conserve the rotation and permutation symmetry. Herein, we use the two-

body embedding DeepPot-SE descriptor with radial and angular information [160]: 

𝒟 =
1

𝑛𝑐2
𝒢𝑇ℛℛ𝑇𝒢< (58) 

in which ℛ ∈ ℝ𝑛𝑐×{1,4} is the coordinate matrix with the form of 

ℛ𝑖 = 𝑠(𝑟𝑖) (1,
𝑥𝑖
𝑟𝑖
,
𝑦𝑖
𝑟𝑖
,
𝑧𝑖
𝑟𝑖
) (59) 
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in which 𝑟𝑖 = ‖𝒓𝑖‖  is the norm of relative coordinates. 𝑠(𝑟)  is the switching function 

defined with a fifth-order polynomial: 

𝑠(𝑟) =

{
 
 

 
 

1

𝑟
,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑟 < 𝑟𝑠

[𝑢3(−6𝑢2 + 15𝑢 − 10) + 1]

𝑟
,⁡⁡⁡⁡𝑟𝑠 ≤ 𝑟 < 𝑟𝑐

0,⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑟 ≥ 𝑟𝑐

,⁡⁡⁡⁡𝑢 =
𝑟 − 𝑟𝑠
𝑟𝑐 − 𝑟𝑠

(60) 

where 𝑟𝑠  is the radius where smoothing starts. The construction of ℛℛ𝑇  is naturally 

invariant under O(3) symmetry operation. The embedding matrix 𝒢  is for obtaining the 

permutation invariance according to ref. [273], and 𝒢< is the first few columns of 𝒢 (10 

columns in our case). The form of 𝒢 is trained with neural networks 𝒩: 

𝒢𝑖 = 𝒩(𝑠(𝑟𝑖)) (61) 

The fitting net ℱ  obtains a simple fully connected feed-forward network structure. The 

detailed charge density prediction workflow is shown in Figure 5.1. The continuous space 

is discretized into grids. The model will take the atomic configuration and grid points as 

input and find the local environment for each grid point in parallel, which will be used in 

the embedding networks to construct the descriptor and then input to the fitting networks. 

The final charge density can thus be collected from the grid points. 

 

 

Figure 5.1  Workflow of Deep Charge prediction. Suppose there are N grid points in the system, 

each grid point goes through one network separately. 

 



115 

Other similar grid-point methods with high accuracy, such as those that use Gaussian 

fingerprints [266] and JLCDMs [111], usually require a pre-defined set of filter functions 

to construct fingerprints. These functions are applied to the relative distances between the 

grid points and each surrounding atom and are then summed over the results from all the 

atoms to obtain the fingerprint. Consequently, the number of filter functions corresponds 

to the number of consistent fingerprints. This construction method has the advantage of 

reducing the complexity of training, as environmental information is extracted via manually 

designed functions. Meanwhile, the quality of extracted information can highly depend on 

the quality and number of the filters and may lack flexibility in very complex circumstances. 

In the case of Deep Charge, on the other hand, the descriptor is trainable, providing 

additional degrees of freedom to map local environmental information into latent space. 

This implementation endowed the model with more adaptability to complex systems such 

as amorphous structures, as demonstrated and discussed later in this article. 

 

5.4. Results and discussion 

5.4.1. Performance in bulk systems 

In this section, we examined the convergence relation between the number of data points 

for training and the accuracy in bulks. We chose crystalline silicon with 64 atoms for this 

study. Silicon is an extensively studied semiconductor with localized valence electrons at 

bond positions. The training sets were based on the charge density obtained from only one 

structure, while the testing was performed on all the grid points from an unseen structure. 

The results are shown in Figure 5.2. In addition, we compared the convergence with models 

trained on 5 different structures, 105 data points for each structure selected, displayed with 

blue dashed lines in Figure 5.2(a). The model can reach an MAE of 6.7×10-4 e/Å3 trained 

with 105 data points. It is noticeable that the one-structure models exhibit similar accuracy 

to the five-structure models, indicating that a little charge density information of one single 

structure of structure is enough to learn the patterns in crystals. The parity plot of Figure 

5.2(b) has a coefficient of determination (R2) of 0.999957, also indicating a nearly linear 

relationship. Meanwhile, as shown in Figure 5.2(c)-(f), the absolute charge density errors 

are larger around the centre of atoms, where the fluctuation and charge density are also 
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higher. The absolute error distribution is also shown in Figure 5.7(a) in Section 5.6(see 

also references  [122,159,205,206,274–277] therein). 

 

Figure 5.2  The performance of the Deep Charge model on bulk silicon. (a) The convergence 

relation between the number of data points used for training and the MAE values for the testing 

set. (b) The scatter plot of predicted and test densities from a whole testing structure. Notice that 

the negative values of charge density are induced by the on-site correction terms in projector 

augmented wave (PAW) pseudopotentials. (c) The charge density along the line is indicated in the 

inset of (a). (d) and (e) is the charge density computed from DFT and machine learning, 

respectively. The slice is denoted in the inset of (a). (f) The absolute error. Colour bars are in the 

unit of e/Å3. 

 

5.4.2. Performance in surface systems 

To test the capability of the model under different atomic environments, we further 

evaluated the charge density representation in surface structures. The aluminium surface 

with 144 atoms was chosen, because it is a benchmark material for testing charge density 

representation with highly delocalized valence electrons[8,13,15,18]. As shown in Figure 

5.3(a) and (b), the accuracy of our model approached below 6×10-4 e/Å3 after training with 

105 data points, which is quite similar to the five-structure model. We have extracted the 

charge density along the line across the surface and bond positions, as shown in Figure 
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5.3(c). The charge density near the surface is lower than that in the bulk. This is owing to 

the surface relaxation, the atoms near the surface are loosely bonded, reducing the charge 

density between atoms. Moreover, the charge density inside the film also varies 

considerably with the disturbance of atomic structures than that in silicon, which is also 

clearly shown in Figure 5.4. The results from the Deep Charge model greatly overlap those 

from the DFT calculation, meaning that the embedding approach can accurately capture the 

subtle changes in the environment, with the error fluctuating under 0.004 e/Å3 along the 

line. 

 

 

Figure 5.3  (a) The convergence relation of machine learning model in aluminium surface. (b) the 

scatter plot of predicted and test densities. (c) The charge density along the line is indicated in the 

inset of (a). 

 

In addition, many other works have tested their model in aluminium with different system 

sizes and structures. Thus, we herein briefly compare other models with ours. The 

SALTED [261], Deep Density [268], and JLCDM [111] models have been examined in 

small bulk aluminium systems, in which the errors are ~1% (%RMSE, 4 atoms), 2×10-2 

eV/Å3 (MAE, 32 atoms), 4.81×10-4 eV/Å3 (MAE, 32 atoms), respectively. For comparison, 

we trained and tested our model in the same systems and obtained an MAE of 3.37×10-4 

eV/Å3, lower than their values. Meanwhile, Gaussian fingerprints  [266] can reach an 

RMSE of about 10-3 eV/Å3 in 6-layer thin film systems (144 atoms) with about 105 

datapoints, while the error can be further decreased to 6×10-4 eV/Å3 but requires two orders 

of magnitude more data than us. Overall, the Deep Charge model can provide an efficient 

and accurate way of representing charge density in aluminium. 
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Figure 5.4  (a) and (b) are the computed charge density from DFT and machine learning, 

respectively. The slice is denoted in Figure 5.3(a). (c) the absolute error. 

 

5.4.3. Performance and scalability in complex structures 

In this section, we examined the scalability of the machine learning model in complex 

structures. Scalability is one of the most valuable aims of machine learning, since complex 

structures normally require a large system size in practical applications, while the ordinary 

DFT calculations for large supercells are extremely challenging. Therefore, we have 

studied the model in alloy and amorphous materials. Specifically, aluminium-magnesium 

alloy (108 atoms), amorphous silicon (64 atoms), and water (48 atoms) were tested. 

First, a face-centred cubic structure with randomly placed aluminium and magnesium was 

used for the alloy study. The training convergence towards the number of structures trained 

on was tested, and 105 grid points from each structure were chosen for training, as shown 

in Figure 5.5(a). The MAE approaches 8.0×10-4 e/Å3 with more than 5 structures of 

training data. Figure 5.5(b) and (c) indicate that the increase in system size barely 

influences the predictability of the machine learning model. The MAE in the system with 

256 atoms is 8.14×10-4 e/Å3, slightly smaller than 7.66×10-4 e/Å3 from the system with 108 

atoms. The detailed charge density is shown in the first row of Figure 5.6. The absolute 
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errors are mostly contributed from the centre area of magnesium atoms, with a value of 

around 0.06 e/Å3. 

 

Figure 5.5  (a), (d) and (g) are the convergence relation between the number of structures used for 

training and the MAE values for the testing set of aluminium-magnesium alloy, amorphous 

silicon, and water, respectively. (b), (e) and (h) are the corresponding scatter plots for charge 

density calculated by DFT and Deep Charge for a whole grid of data from a testing structure. (c), 

(f) and (i) are the corresponding parity plots in larger supercells. 

 

Next, amorphous silicon and water reveal similar results, as shown in Figure 5.5(d)-(i) and 

Figure 5.6. For amorphous silicon, the MAE reached below 0.004 e/Å3 after training with 

7 structures of data. The max absolute error for the test structure is 0.037 e/Å3, nearing the 

silicon atoms. Moreover, we have also examined the performance of our model in the 

silicon melting process, which obtains MAEs of about 0.005 e/Å3. The details are discussed 

in the Section 5.6. In the case of water, the MAE decreases below 0.0023 e/Å3 after training 

with 6 structures. The predictions in silicon with 216 atoms and water with 384 atoms are 
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as good as that in smaller systems. However, with the increase in system size, the accuracy 

for water decreases relatively large, which may be induced by the rather small training 

structures. These results show that the accuracy of Deep Charge in amorphous structures is 

relatively lower than that of crystalline but can still be a good representation. Besides, the 

larger error around atom centres could be related to the cutoff function we used, which 

increases the weight of adjacent atoms but probably not be the best description of the 

electron distributions. A reasonable design of the cutoff function by reference to the near-

core charge density should improve the predictability of machine learning models. The 

extremely high scalability will pave the way for predicting charge density in large-scale 

simulations. 

 

 

Figure 5.6  Charge density in large aluminium-magnesium alloy, amorphous silicon, and water 

supercells. Noticed that the maximum value of charge density for aluminium-magnesium alloy is 

above 15.3 e/Å3. We only display the charge density values in the interval of 0~0.3 e/Å3 to show 

the details clearly. 
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From all the results above, we can see that the Deep Charge model can effectively capture 

the radial distribution of the charge near atoms as well as the angular distribution around 

bond positions, due to two factors. First, the construction of the local environmental matrix 

ℛ of each grid point has included the generalized coordinates with angular information for 

every neighbouring atom. Second, the embedding net 𝒢 of each grid point works as filters 

that add weights to each neighbouring atom according to the distance and chemical species. 

From a physical point of view, this can be regarded as the contribution of each atom to the 

charge density representation in latent space. Different from the above-mentioned filters 

such as Gaussian, the parameters of embedding nets are adaptive and can be learned to 

align with the DFT results via training. Together with the weight of atomic contribution and 

detailed generalized coordinates, the model obtains its ability to represent the charge 

density of arbitrary material systems. 

 

5.5. Conclusion 

In summary, we have realized a new charge density representation with machine learning 

techniques. Our Deep Charge model can accurately represent charge density in 

semiconductor, metal, and molecular systems. The symmetry-preserving descriptor 

enhances the training efficiency. Only one single DFT calculation is enough for training 

extremely high-accuracy models for simple crystal structures. It can also capture the 

fluctuations of the environment and represent complex systems by training with fewer data. 

Meanwhile, further improvement in the accuracy and efficiency of this model is still 

possible. A reasonable design of the cutoff function and loss function may increase the 

charge density accuracy near the atoms. Moreover, implementing a concurrent learning 

strategy can automate the sampling process of data points used for training, leading to more 

efficient learning and less human intervention.  

In addition, reasonable modifications to the model can extend its application. Apart from 

the descriptor employed in our study, the attention-based model [77] offers the potential to 

create a universal charge density representation covering more elements. Furthermore, the 

model can be adapted to predict the spatial distribution of other fields, such as spin-charge 

density and the local density of states on grids. Achieving this requires suitable 
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modifications to the network architecture and transitioning from scalar output values to 

two- or multi-dimensional vectors. The feasibility and implementation will be carried out 

in future works. 

Our model is easy to implement and can provide an approach for fast charge density 

prediction avoiding the usage of KS quasi-particle wavefunctions. Looking forward, with 

the predicted charge density, many other physical quantities like ground-state energy and 

force can be derived theoretically based on the orbital-free DFT frameworks [66], which 

thus assist the electronic structure analysis, stability prediction, elastic behaviour, etc. in 

large-scale condensed matter systems with the first-principal accuracy. Additionally, the 

predicted charge density can be integrated into physics-informed neural networks to 

efficiently derive these quantities. This approach further enhances the versatility and 

efficiency of our model in capturing and analyzing the complex physics of condensed 

matter systems. 

 

5.6. Supplementary Section 

5.6.1. Density functional theory calculations 

The charge density data are all based on the DFT calculations using the Vienna Ab initio 

Simulation Package (VASP) [205]. We used the Perdew-Burke-Ernzerhof (PBE) [122] 

exchange and correlation functional with PAW pseudopotentials to handle the core 

electrons [206]. The charge density data for training only contains the valence electrons. 

Explicitly, the electrons in 3s and 3p orbitals for silicon and aluminium, 2p and 3s orbitals 

for magnesium, 2s and 2p orbitals for oxygen were treated as valance electrons. Our models 

were then based on the charge density from valance electrons. 

The electronic self-consistent calculation stops when the difference between the current 

and previous iteration is less than 10-6 eV for all the single-point calculations. For the 

accurate charge density calculation of silicon, the tetrahedron method with Blöchl 

corrections was adopted, with a 2×2×2 k-point mesh and a plane wave energy cutoff of 520 

eV. A relatively low criterion was adopted for AIMD and geometry optimization, in which 

we set Gaussian smearing with a sigma value of 0.05, the electronic stop condition as 0.001 
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eV, and the ionic stop condition as -0.08 eV/Å. The timestep for the AIMD simulation was 

set to 3 fs. For aluminium, the first-order Methfessel-Paxton method was used for smearing, 

with a sigma of 0.22. The energy cutoff was 650 and Monkhorst-Pack k-point mesh with a 

k-spacing of 0.1 Å-1 was adopted. The AIMD simulations of aluminium were the same as 

that of silicon but with a timestep of 5 fs. The settings for aluminium-magnesium alloy are 

similar to that of aluminium, but with a k-spacing of 0.2 Å-1 for faster calculation. For H2O, 

the SCAN functional [274] was used to model the exchange-correlation energy. The energy 

cutoff was set to 680 eV and the k-point spacing is 0.5 Å-1. 

 

5.6.2. Datasets construction 

The structures for constructing datasets were sampled from AIMD or deep potential 

molecular dynamics (DPMD). We used AIMD under 300 K for crystalline silicon and 

aluminium. In amorphous silicon, we first ran an AIMD under 2000 K to obtain the 

randomly distributed atoms. Then geometry optimizations were performed to obtain the 

amorphous structures. On the other hand, we adopted DPMD with a Large-scale 

Atomic/Molecular Massively Parallel Simulator (LAMMPS) [214] for H2O and 

aluminium-magnesium alloy, for which the Deep Charge models were available from 

previous research [276,277]. The NPT simulations were under 300 K and 100 kPa. The 

initial structures of aluminium-magnesium alloy were generated by randomly replacing 

half of the aluminium atoms with magnesium in the face-centred cubic lattice. Then the 

randomly generated structures were relaxed for 0.5 ps with a timestep of 5 fs. For water, 

the timestep was set to 1 fs, and the structures were collected after simulating for more than 

5 ps. The charge density data used in this work were then constructed from the obtained 

structures with DFT calculations described above. We collected the charge density 

generated from VASP. In total, we have collected 7 data frames for crystalline silicon, 109 

data frames for amorphous silicon, 20 for aluminium, 20 for aluminium-magnesium alloy, 

and 10 for water. The final frame of data in each system was selected to be shown in this 

work as the testing structure. For each charge density file, we randomly chose 105 data 

points as default, except when testing the convergence of accuracy towards the number of 

data points. These data points are separated into 500 batches, each batch contains 200 points 

for training or validating. 
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5.6.3. Deep Charge model 

To realize the training of the Deep Charge model, it is important to notice that our grid point 

strategy can be equivalent to the usage of pseudo-atoms in the DP scheme. The charge 

density at a specific grid point can be regarded as the “atomic energy” of that point, which 

can be represented by the DP model [159]. Thus, the Deep Charge model can output the 

distribution by inputting the real atoms in the system together with the pseudo-atoms on 

each grid point and then collecting the predicted scalar values of the pseudo-atoms. The 𝑟𝑐 

for all the models was set to 6.5 Å with an 𝑟𝑠 of 0.0 Å, where the value of 𝑟𝑠 did hardly 

affect the result. For H2O, the training was operated for 2×106 steps, with a learning rate 

decreasing from 10-3 to 10-8 exponentially. We have chosen a three-layer ResNet structure 

of the form [20, 40, 80] for the embedding network and [200, 200, 200] for the fitting 

network. The same parameters are adopted for silicon, except for a longer training with 

5×106 steps. For aluminium, the training was operated for 4×106 steps, with a learning rate 

decreasing from 10-3 to 10-7 exponentially. For aluminium-magnesium alloy, the training 

was operated for 3×106 steps, with a learning rate decreasing from 10-3 to 10-6 exponentially. 

 

 

Figure 5.7  The absolute error distribution for grid points in the tested systems. There are two 

outliers not drawn located at 0.277 and 0.281 e/Å3 in the crystalline silicon, and 23 outliers in 

aluminium with values below 0.14 e/Å3. The text in each chart indicates how many percents of 

the errors are below a certain value. 
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Figure 5.8  From top to bottom shows the comparison of charge density computed from DFT and 

Deep Charge in small systems of aluminium-magnesium alloy, amorphous silicon, and water, 

respectively. The first column shows the testing structures. The middle two columns display the 

charge density slices obtained from DFT and machine learning within the plane with max 

absolute error, respectively. Noticed that the maximum value of charge density for aluminium-

magnesium alloy is above 15.3 e/Å3. We only display the charge density values in the interval of 

0~0.3 e/Å3 to show the details clearly. The fourth column represents the absolute errors. 

 

Figure 5.9  The convergence test between MAE and cutoff radius in silicon, aluminium and H2O. 
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5.6.4. Prediction in transition states 

We further tested our model in the melting process of silicon, as shown in FIGs. S4 and S5. 

The training data only contains the 64-atom datasets of 10 frames of amorphous silicon and 

5 frames of crystal silicon under 300 K. The test frames were extracted from 1.5-ps AIMD 

simulations with temperature rises from 1800 to 2400 K in the 216-atom system. The MAE 

of the Deep Charge model is around 0.005 e/Å3 for all the frames, slightly higher than the 

testing results in FIG. 5. Further enhancements are possible by fine-tuning our model with 

charge density data obtained in the specific range of temperatures. 

In addition, we have also predicted the charge density of melting in 1000-atom systems. It 

can be seen that the 1000-atom system undergoes a clear nucleation process via melting, 

compared to the 216-atom system. The charge density varies significantly in the liquid 

phase, due to the rapid changes in silicon bond lengths. Electrons tend to accumulate 

between two silicon atoms at shorter distances. Conversely, the charge density is more 

consistent across the bonds in the solid phase. Our model can capture these details and thus 

indicates its predictability. 

 

Figure 5.10  The charge density from Deep Charge prediction and DFT for the melting process of 

silicon in a large system with 216 atoms. The isosurface is at the value of 0.45 e/Å3. The orange 

spheres represent the silicon atoms in a cubic diamond structure, while the white spheres 

represent the atoms in an amorphous structure. 
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TABLE S1.  The prediction accuracy corresponds to frames in Figure 5.10. 

Timestep (fs) R2 MAE (e/Å3) rMAE 

0 0.997375 0.004844 0.024358 

360 0.997196 0.005040 0.025340 

720 0.997087 0.004944 0.024864 

900 0.997522 0.004543 0.022848 

 

 

 

 

Figure 5.11  The charge density prediction of the silicon melting process in a 1000-atom system. 

The isosurface is at the value of 0.45 e/Å3. 

 

  



128 

Chapter 6.   

 

Summary and Prospective 

 

6.1. Summary 

In this thesis, the machine learning algorithm has been used to predict the potential energy 

surface and electron density for materials. I have constructed a deep learning potential for 

CsPbI3 halide perovskite covering a wide temperature range and various defect states. The 

deep learning potential is further used in Chapter 3 and Chapter 4 for molecular dynamics 

simulations. 

In Chapter 3, the long-time simulation trajectories of CsPbI3 with iodide interstitials and 

vacancies under various temperatures were collected. The trajectories were used to sample 

rare defect hopping and annihilation events. They show that the existence of iodide vacancy, 

interstitial, and anti-Frenkel disorder can lower the creation barrier of additional anti-

Frenkel disorders. Based on them, we found the anti-Frenkel disorders can elongate defect 

hopping distance and accelerate interstitial-vacancy annihilation. Moreover, the disorders 

can assist the hopping outside the moving plane of interstitials. 

In Chapter 4, we found the planar confinement in the motion of iodide interstitials. The 

iodide interstitials can mainly move inside the {100} plane family of halide perovskite. 

This phenomenon can influence the statistical properties of halide diffusion, leading to a 

quasi-2D random walk pattern. This pattern will enhance the annihilation of nearby 

interstitial-vacancy pairs, but however, increase the lifetime of defects in the long run. 

Moreover, iodide interstitials can hardly locate and diffusion inside the equatorial plane and 

prefer to align with the apical direction. Based on the observations, the halide perovskite-

based devices can be fine-tuned with different orientations selected. 

Besides implementing machine learning in materials simulation, we have designed a 
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workflow for predicting the electron density of matter. In Chapter 5, the Deep Charge 

model was introduced. The model has been tested in plenty of physical systems covering 

metallic, semi-conducting and isolating materials. Numerous structures have been involved 

in the testing, such as the bulk and surface of crystalline materials, and more complex 

amorphous and alloy structures. The model shows high accuracy compared to the ab initio 

results. Especially for the crystalline bulk and surface, the Deep Charge model can obtain 

mean absolute errors in the magnitude of 10-4 e/Å3, with only 105 datapoints from a single 

frame of ab initio result. It has also shown scalability towards complex configurations. The 

results indicate the ability of Deep Charge to efficiently represent the electron density with 

less data, which is suitable for the exploration of unknown systems. 

In summary, the Deep Potential machine learning framework has been applied to the 

materials simulations and property predictions. It demonstrates the ability to explore 

unknown phenomena from existing datasets. The deep learning technics have a linear time 

complexity and can therefore be easily implemented for simulation and prediction in large 

systems for a long time. The deep learning approaches described throughout the thesis not 

only enhance our understanding of material properties at the microscopic level but also 

provide insights for optimizing material design and functionality in practical applications. 

 

6.2. Prospective 

Currently, AI for Science is active and still highly under development. Even though there 

are plenty of AI models that have been proposed for solving specific problems in materials 

science, there are still obstacles to be overcome.  

For the material simulations, we generally require collecting a large number of datasets for 

a specific material system and then finding an accurate model structure before doing the 

truly interesting calculations. Moreover, a specific model can only be used in the 

corresponding systems. If we want to add new atom types in the simulation, new datasets 

containing the atom types and their possible interactions with other known atom types in 

the original datasets. This fact leaves machine learning potential energy surfaces 

inconvenient to use, especially in doped systems. For example, our model was trained with 
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the Cs, Pb, and I atom types and can be applied to CsPbI3, CsI, and PbI2 systems, but it is 

not possible to directly used in CsPbBr3 systems. Therefore, it is necessary to collect and 

construct a database that covers the periodic table, based on which the large atomic model 

could be trained  [278]. The ultimate goal of machine learning interatomic potential is to 

find a universal representation of the potential energy surface for material systems. 

Moreover, only a few machine learning potentials can include other degrees of freedom of 

material systems, such as spin, density of states, charged states, etc. which are all important 

for specific properties. Meanwhile, several methods that could attach to these degrees of 

freedom often lack generalization and are only applicable to certain systems. In the future, 

one goal is to implement the necessary degrees of freedom for accurate dynamic 

simulations. 

For the Deep Charge model, the accuracy and universality should be further increased. The 

model holds promising potential not only for accelerating ab initio calculations. Since the 

density functional theory indicates that the physical properties of materials are encoded in 

the electron density, we can further develop tools based on the deep learning representation 

of electron density for accurate predictions of other properties efficiently. In addition, it is 

also necessary to design a universal electron density representation throughout the periodic 

table, so we do not require to collect new datasets before any calculation. This could 

possibly be done by implementing the attention mechanism to the current Deep Charge 

model. 

In summary, after my Ph.D. degree, seeking for the collaboration of experiments is one 

promising direction to investigate the accuracy and predictability of the machine-learning-

assisted property predictions. For example, the predicted charge density can be aligned with 

the scanning tunnelling microscope (STM) images. Besides, it is also vitally important to 

go beyond the boundaries of traditional computing methods. Developing efficient machine 

learning techniques to screening materials based on their fundamental compositions and 

structures is also necessary for the inverse design of new materials. Moreover, the machine 

learning technics can not only learn from DFT data but also experiments, which could also 

assist building new computational technics that is naturally aligned with the real-world 

physical systems. 
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