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Highlights:

e Al accelerates materials discovery by integrating with DFT calculations.

e Details key algorithms and workflows, with applications in semiconductors, perovskites, and 2D
materials.

e Outlines the evolution from computational assistance to intelligent autonomous discovery and
future R&D directions.

Abstract: Artificial intelligence (Al), as an important driving force of the technological revolution, is
changing the way humans produce, live, and learn. In recent years, massive training data, advanced
algorithms, and efficient computational power have advanced the widespread application of Al. The
cross-integration of Al and materials science is currently an important scenario and technological
frontier for the application of Al The application in the field of new materials has shown great potential
and value. Compared to traditional experimental and Density Functional Theory (DFT)-based approaches,
which are time-consuming and inefficient for studying material properties, the rapid advancement of Al
technology is dramatically accelerating the exploration, design, synthesis, and optimization of novel
materials. This review introduces the application of Al techniques combined with DFT theoretical
computation in materials innovation, such as research on new materials, materials design, property
prediction and synthesis. It highlights the advantages of Al techniques combined with DFT theoretical
computation over traditional methods in the field of materials, as well as the future directions and
unknown challenges of materials science.
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1. Introduction

Materials science focuses on the relationship between material structure, processing, properties, and
application. After centuries of development, it has accumulated a vast amount of data. However, due to
cognitive limitations, it is difficult for humans to quickly extract useful information from massive
literature and data [1,2]. Materials informatics, on the other hand, employs Al techniques to mine and
utilize existing materials data to obtain information on material composition, processing, and properties.
This allows for the rapid prediction of new compounds, providing a high-speed and effective approach
for discovering new materials [3]. In the past, the research and development of new materials primarily
relied on traditional experimental trial-and-error methods. After clarifying the material structure and
properties, the preparation process and methods were determined based on experience. The physical and
chemical properties of the developed experimental samples were analyzed by analyzing their
performance. This process requires abundant synthesis and characterization of the material to determine
its crystal structure, which is highly dependent on the experimental samples and equipment and requires
repeated work, resulting in time-consuming and costly results. Recent technological advances have
enabled numerous methods for calculating material structures and properties, accelerating the discovery
of new electronic materials. Such as Molecular Dynamics (MD), Finite Element Method (FEM), DFT
and so on [4-6]. Among these, DFT calculations have found widespread application in materials science,
mainly used to research the electronic structure, magnetism, mechanical properties, and other
characteristics of materials. For example, it is used to study and optimize the electronic structure and
magnetic properties of nanoparticles in nanomaterials; to predict the energy band structure of
semiconductor materials to optimize their electrical properties; and to study the reaction mechanism and
active sites on the surface of catalysts, to predict the catalytic activity and selectivity of catalysts, and to
guide the design of new catalysts [7—10]. By studying these properties to predict and optimize their
physical and chemical properties, it can also be applied to high-throughput screening to discover new
materials [11-13]. Although DFT is used to calculate the electronic structure of material compositions
to avoid additional experimental costs, the electronic structure of materials is often complex, which leads
to longer computation times and less accuracy [14,15]. Despite advances in algorithms and
computational conditions, computation with DFT is still relatively expensive when the number of
computational tasks is in the thousands and the scalability of the system scale is poor, which is the main
factor limiting its development in the materials field. However, these problems are gradually being
solved by rapid advances in Al and its cross-disciplinary application in materials science.

Computers play an indispensable role in modern life, and the speed of their development is
astonishing. In multiple fields, computers are gradually replacing humans. Their growing computing
power and storage capacity attract people and make it possible to use computers to handle complex tasks
and systems. Recent advances in computer science and technology have given modern computers
human-like ‘self-learning’ and ‘self-adaptive’ capabilities [16—18]. The emergence of Al has brought
new hope to the development of materials, becoming one of the most important topics in computer science.
The research and development (R&D) of materials is no longer limited to traditional trial-and-error

methods and theoretical calculations. To accelerate materials research, and to solve the problem of long
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cycle time and large consumption of human and material resources with traditional materials, the strategy
of combining Al and theoretical calculation (DFT) can be adopted. Which can greatly improve the
calculation accuracy and efficiency, as well as enhance the efficiency of model design and development.
Compared to traditional DFT calculations, which require computationally expensive, one-by-one analysis
of a pre-defined materials space and struggle to scale to complex systems, the integration of Al and DFT
has enabled a paradigm shift from “passive screening” to “active design”. This data-driven approach
allows for the rapid generation and optimization of new materials based on existing knowledge,
establishing a closed-loop system of “prediction-verification-learning” [19]. Machine Learning (ML)
and Deep Learning (DL), which are important components of Al to reveal relationships embedded in
data and predict new viable materials [20-22], are rapidly becoming central to a variety of modern
technologies [23,24]. Al techniques are now widely used in a variety of fields such as genomics [25,26],
drug discovery [27,28], and automation [29].

In this review, we discuss the progress of the application of Al techniques combined with DFT in
different types of materials. The focus is that the addition of Al techniques solves the disadvantage of
traditional theory in terms of costly and time-consuming calculations, mainly by combining ML and DFT.
This involves using ML algorithms to extract effective information and performance data, establishing
suitable models, and outputting the final prediction results. Finally, we summarize and look forward to
the advancements in the materials field driven by the combination of these two methods, while also
revealing existing issues and challenges and offering reasonable recommendations.

2. Introduction to ML techniques and algorithms
2.1. The introduction of ML

ML is the science of studying how to simulate or realize human learning activities using computers. It
is currently one of the most cutting-edge research areas in Al [30]. As an important branch of Al, ML can
effectively identify high-dimensional data, quickly extract valuable information, uncover hidden patterns,
reduce computational costs, and shorten development cycles. Since its inception by Samuel [31] in 1959,
ML has found applications in computer vision (CV), gaming, data mining, and bioinformatics [32-35].
After the 1980s, it attracted widespread attention as a major pathway for realizing Al. Currently, ML can
be divided into two research directions: traditional ML and ML in the big data environment. Traditional
ML research primarily focuses on learning mechanisms, exploring and simulating human learning
processes. In contrast, ML research in the big data environment emphasizes how to effectively utilize
information, extracting hidden, useful, and interpretable knowledge from massive datasets [36].
Nowadays, ML is widely used to solve numerous problems in materials science. In the past century, it
was used to detect the solubility of Cso in material science. Currently, it is commonly used to discover
new materials, predict material and molecular properties, engage in molecular inverse design, and design
drugs [37-39]. Over the past decade, Al and ML have gradually matured, achieving significant progress
in various fields.

DL as a branch of ML, is a ML method based on artificial neural networks (ANN). Its core idea is
to mimic the brain’s inter-neuronal connections via multi-layer networks [40]. DL systems utilize
gradient-based optimization to optimize multi-layer network parameters from output errors [41]. The
characteristic of DL is that it can train models using large-scale data and automatically learn the feature
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representations of the data. However, DL techniques have certain drawbacks, such as being time-consuming
and demanding in terms of data requirements [42]. Moreover, DL shows great promise in fields such as
video games, image recognition, structural engineering, chemoinformatics, and materials science [43—46].

2.2. Basic workflow of ML

The primary workflow of ML in materials research consists of five components: data preparation, feature
engineering, model selection, model evaluation, and model application. The workflow is depicted in
Figure 1 below.
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Figure 1. Machine Learning flowchart.

2.2.1. Data preparation

Datasets used in ML typically contain features or descriptors related to materials, primarily information
related to the structure and properties of materials, including the physicochemical properties of
molecules and atoms, the structural properties of compounds, and the process conditions during
synthesis. The quantity and quality of data critically affect material predictions. Insufficient data or
significant experimental and calculation errors can compromise data quality, directly impacting the final
model effectiveness. Generally, obtaining high-quality data requires preliminary data processing,
including methods such as deleting missing and repeated values, data normalization, and data
standardization [47,48]. Then, samples in the dataset are classified and screened based on elements and
structures to remove interfering samples.

Relevant data can be obtained through experiments, literature, simulation calculations (such
as DFT, MDs), and databases. The database has collected a large volume of diverse data types generated
from experiments, simulation calculations, and ML. However, the origin data obtained from experimental
measurements or computational simulations often suffer from incompleteness, noise, and inconsistency.
Therefore, data preprocessing is necessary to ensure their integrity and consistency [49]. Specific steps
include integrating scattered data, imputing missing values, remove erroneous data. Additionally, data
normalization can improve model accuracy and convergence efficiency [50]. To ensure data quality, it should
be collected from authoritative databases (some common databases are listed in Table 1). When required
data is not available in databases, datasets can be generated through theoretical calculations, with common
calculation software including Materials Studio (MS), Vienna Ab initio Simulation Package (VASP),
and so on.
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Table 1. Public database of various materials.

Database Description

Materials Project (MP) A large number of computational and experimental data of inorganic materials

Material property data (e.g., crystal structure, energy, electronic structure)

Open Quantum Materials Database (OQMD) from experiments and simulations
The Inorganic Crystal Structure Database (ICSD) Experimentally characterized inorganic crystal data

Structure database of small molecule and metal-organic molecule crystals

Cambridge Structural Database (CSD) from X-ray and neutron diffraction
Crystallography Open Database (COD) Structures data of organic, inorganic, and metal-organic compounds and minerals

A web-based platform that provides curated data and calculations for

Materials Platform for Data Science (MPDS) materials science research

2.2.2. Feature engineering

Feature engineering constructs effective predictive features from raw data by selecting and transforming
physicochemical properties that are closely related to the target property [51]. To effectively train the
model and avoid overfitting, it is essential to have fewer features than samples. Therefore, feature
selection ensures model accuracy and efficiency by reducing input dimensionality and removing
redundant features while preserving critical information [52,53].

2.2.3. Model selection

ML algorithms construct models based on sample data to make predictions and decisions for target
tasks [54]. Depending on whether the training data is labeled, ML is generally divided into supervised
learning (classification and regression) and unsupervised learning (clustering) [55]. If the target is
continuous, the task is regression; otherwise, it’s classification. A suitable model is selected for
predicting the performance of the target property based on the target task. Algorithm selection criteria
primarily rely on cross-validation and independent testing results. Common evaluation metrics include
Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Coefficient of Determination (R?), accuracy, recall, F1-score, etc. [56,57].

2.2.4. Model evaluation and application

Model evaluation is the process of assessing a model’s generalization capability (performance).
Evaluating the trained model is an indispensable part of the model development process, helping to select
the best model for representing the data and ensuring accurate prediction of unknown data, with the goal
of determining the effectiveness of the model in practical applications. Common model evaluation
methods include independent testing, cross-validation, and bootstrap [58]. A model’s generalization
error is typically assessed using a test set to evaluate its predictive performance on unseen samples.
Generally, the smaller the error in independent testing, the stronger the model’s generalization ability.
Cross-validation is a statistical technique for assessing model performance by repeatedly holding out
one of several data subsets (usually k-fold cross-validation) for validation while using the rest for
training [59]. Bootstrap is a statistical method that performs simulated sampling based on the original
data to assess the confidence intervals of certain parameters [60]. In ML and statistics, we typically use
bootstrap for model evaluation, and subsequently apply the evaluated model to relevant fields.
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2.3. Algorithms introduction

The common algorithms for ML currently include K-Nearest Neighbors (KNN), Decision Trees,
ensemble methods (e.g. Random Forest (RF) and Gradient Boosting), Neural Networks, and DL
algorithms (e.g. Convolutional Neural Networks (CNN)). Next, these algorithms will be briefly introduced.

(1) KNN algorithm

The KNN algorithm [61,62] is a basic classification and regression algorithm. As a supervised
method, KNN relies on labeled data for training. The core idea of this algorithm is to assign a sample to
the category most common among its K nearest neighbors in the feature space. For classification
problems, given an unknown sample, the KNN algorithm searches for the K training samples closest to
this sample in the training set and predicts the category of the unknown sample based on the most
common category among these K samples. For regression problems, the KNN algorithm finds the K
training samples most similar to the target sample and predicts the value of the target sample based on
the average of these samples.

The logic of the KNN algorithm is very simple, easy to understand and implement. It can directly
use training data for prediction, so it is fast when processing new data. The KNN algorithm does not
assume any prior distribution of the data and is suitable for various types of feature data. It performs
well on simple problems but may be inefficient on large-scale datasets. When applying the KNN
algorithm, it is necessary to pay attention to selecting appropriate K values and distance metrics. The
KNN algorithm can only provide classification results and cannot give the probability of the prediction
results, which may require additional processing in some cases.

(2) Decision tree

The Decision Tree (DT) algorithm [63,64] is a common supervised learning algorithm used to
address classification and regression problems. The DT model is presented in a tree structure, where
internal nodes represent features, branches represent feature values, and leaf nodes represent categories
or numerical values. For classification problems, DT constructs a tree-like model based on training data
by learning the relationships between sample features, allowing classification of unknown data through
this model. In regression, DT can predict a target value according to feature values. Additionally, to
avoid overfitting, pruning can be applied to the generated DT to remove some branches or leaf nodes.

DT are algorithms that are straightforward and easy to interpret, performing well in processing
various types of data. They can handle both numerical and categorical data without requiring
preprocessing. Additionally, they can manage missing values without causing the algorithm to fail. DT
also have the capability to automatically select important features, eliminating the need for parameter
tuning and simplifying the model training process. However, they also have some drawbacks, such as
being prone to overfitting, sensitive to small changes, and difficult to handle high-dimensional data [65].
When utilizing the DT algorithm, it is crucial to weigh its advantages and disadvantages based on
specific problems and take corresponding measures to mitigate these issues.

(3) RF

RF [66] comprises abundant individual decision trees, known as Classification and Regression
Trees (CART). As an ensemble algorithm, RF determines its output through majority voting of the
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individual trees. It is a variation of Bagging [67], where the final result is produced by voting based on
the principle of “majority rules”. When selecting samples for Random Forest, a random sampling method
with replacement is adopted, where data is randomly drawn as the training data for one of the decision
tree models [68]. Unlike traditional decision tree training, a subset of attributes is first selected, and then
the optimal splitting attribute is chosen from this subset, which can speed up the training process. To
improve prediction accuracy and reduce overfitting, Random Forest employs the Bagging method to
combine multiple decision tree models. The basic idea is to draw multiple datasets from the original data
using the Bootstrap resampling method, and then construct decision tree models for each of these
datasets. The final output is produced by voting or averaging the predictions of the multiple decision
trees. This ensemble method can enhance prediction accuracy and mitigate the overfitting problem of a
single decision tree.

RF can effectively handle high-dimensional data, tolerate missing values, and can assess feature
importance. It has achieved widespread success in fields such as medical diagnosis, financial risk
assessment, and image classification. However, it also has some issues, such as model complexity, high
memory consumption, and sensitivity to imbalanced class data.

(4) Neural networks

Neural Networks (NNs) [69—71] are ML models inspired by the structure of biological neurons,
designed to solve various complex problems, including classification, regression, clustering, and more.
NNs consist of multiple neurons (or nodes) organized into multiple layers, with each neuron connected
to all neurons in the next layer, processing input data by learning appropriate weights. The advantages
of NNs include their ability to handle complex nonlinear relationships, suitability for large-scale
datasets, and good generalization capability. It has achieved great success in natural language processing,
image recognition, speech recognition, and other fields. However, NNs face challenges like requiring
numerous labeled data, high computational resource consumption, and poor model interpretability. In
recent years, with the advancement of DL technologies, NNs have become increasingly critical in Al

(5) CNN

CNN is a feedforward neural network that incorporates convolutional computations and
possesses a deep structure [72,73]. CNNs are capable of representation learning and enable
translation-invariant classification of inputs through their hierarchical architecture. Therefore, they
are also known as “Shift-Invariant Artificial Neural Networks (SIANN)” [74]. CNNs have achieved
tremendous success in the field of CV, inspired by the biological visual system and designed to simulate the
way human vision processes information [75]. It has now become an integral part of CV and DL research.

CNNs have strong feature extraction, generalization ability, visualization analysis, and large-scale data
processing capabilities. They can automatically extract features from speech, graphics, and other types of
data, enabling classification and recognition of unseen data. However, they require abundant training data to
train the model effectively, otherwise the results may be unsatisfactory. They also consume significant
computational resources. Additionally, CNN models often lack interpretability and are prone to overfitting.

(6) GAN

GAN [76-78] are a type of DL model whose core idea is to generate realistic data through the
competition of two neural networks. GAN consists of a generator model G and a discriminator model D.
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The goal of the generator model G is to generate samples that are as close to real data as possible, while
the discriminator model D is designed to differentiate authentic samples from generated ones. These two
networks compete against each other continuously, and through this competitive mechanism, GAN enables
train data distribution learning and high-quality sample generation.

GAN is an unsupervised learning method that does not require labeled data. It can generate highly
realistic images, audio, and text data, making it applicable to various fields [79]. However, GANs are
prone to instability during training, which can lead to model collapse. They may also generate repeated
patterns, resulting in a lack of diversity in the generated samples. Furthermore, evaluating the
performance of GANSs is challenging because there is no clear metric to measure the quality of the fake
data generated by the generator.

3. Application of Al in materials

Due to the huge space of material combinations, it is difficult to explore various structures within a short
time using only DFT methods, and researchers also aim to optimize the desired properties of materials.
However, the results based on simulation calculations or experimental trial-and-error are often
unsatisfactory, time-consuming and laborious, and the results are average. Recently, with the growing
application of Al in materials, particularly the rapid advancement of ML in exploring synthesis and
predicting material features and structures, the accuracy and speed of predicting material properties and
structures have been greatly improved. Furthermore, the combination of Al and DFT has shown
significant advantages in improving computational accuracy and efficiency, overcoming the limitations
of traditional methods, promoting interdisciplinary research, fostering theoretical innovation, and
increasing the efficiency of model design and development.

The integration of Al and DFT has evolved through three key phases: Starting around 2010, the
“computational assistance” phase saw Al primarily used to enhance efficiency, exemplified by
Machine Learning Potentials (MLPs) that fitted DFT data to enable large-scale atomic simulations [80]. After
2015, the field entered the stage of augmented intelligence, shifting its focus to learning structure-property
relationships from massive DFT data to enable rapid prediction of material properties, significantly
expanding the scope of screening. Since 2020, Al has entered the autonomous discovery phase,
leveraging technologies such as generative models and Bayesian optimization to proactively design new
materials [81-82]. These designs are then automatically validated by DFT, gradually forming a closed-loop
intelligent R&D system centered on “design—verification—learning”. Next, we will introduce the applications
of Al combined with DFT in semiconductor materials, perovskite materials and two-dimensional (2D)
materials in recent years.

3.1. Application of AI combined with DF'T on semiconductor materials

Semiconductors are important components of modern devices such as transistors [83], light-emitting
diodes [84,85], integrated circuits [86], photovoltaics [87], solar cells [88—90]. Figure 2 contains
applications of semiconductors in various fields. For example, excellent thermal conductivity, high
breakdown strength, and a wide band gap make silicon carbide suitable for demanding conditions like
high temperature, frequency, and power [91]. Therefore, the exploration of computational methods for
semiconductors is crucial for the improvement of future technologies.
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Figure 2. Semiconductor applications in various fields.

Edirisuriya et al. [92] built a GAN-classifier-calculation pipeline to identify stable semiconductors. A
GAN-based algorithm named CubicGAN was employed to generate cubic materials, and a classifier was
developed to screen semiconductors, followed by first-principles studies to investigate their stability. The
main framework of CubicGAN is shown in Figure 3. It is shown that AA'MnH¢ and NaYRuHs
semiconductors have significantly different properties compared to other AA'MHg semiconductors.
Gao et al. [93] to accelerate the development of new quaternary semiconductor materials with excellent
performance, combined ML with DFT to predict the band gaps of 2180 quaternary semiconductors,
most are unexploited and eco-friendly materials. Four new direct band gap quaternary
semiconductors (Ag2InGaSs, AgZnoInS4, AgrZnSnS4, AgZn>GaSs) identified by the ML model, and were
further validated by DFT calculations. The calculation results are shown in Figure 4. They have feature direct
bandgaps, small effective mass, large exciton binding energy and substantial Stokes shifts. Weston et al. [94]
combined DFT with ML to predict kesterite I>-II-IV-V4 semiconductors, achieving MSE as low as 283 meV
by using multiple ML models, with support vector regression giving the best results. The trained model
identified 717 potential solar absorbers (bandgap 0.5-2.5 eV) from 1,568 screened kesterite [>-1I-IV-V4
compounds, 242 of which were in the optimal 1.2—1.8 eV range. Screening 242 compounds for stability
using MP data yielded 25 promising synthesizable candidates with band gaps of 1.2—1.8 eV. Most of these
have been previously explored and have potential in materials for high efficiency photovoltaic devices.
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Materials

(b)

?E[GeneratorH Reacdlible ﬁzzzg:l

Figure 3. The main framework of CubicGAN [92]. Reprinted with permission. Copyright 2022 Nature.
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projection diagram; (¢) Effective masses; (d) Exciton binding energies (Ey) and dielectric constants (€) [93].
Reprinted with permission. Copyright 2023 PCCP.

Min, Gege et al. [95] developed a computational pipeline combining DL and DFT to generate initial
boron nitride polymorphs using a stochastic strategy combining group and graph theory, and built a
graph convolutional neural network (GCN) classifier for semiconductor screening and stability
assessment. The proposed model attention mechanism-based orbital crystal graph convolutional neural
network (A-OCGCN) classifies the metals and semiconductors during the screening process and predicts
the band gap values through a regression task. Finally, 26 new stable boron nitride crystalline forms
were successfully discovered in the Pc phase, and the predicted values from the A-OCGCN model were
compared with the calculated values from DFT, of which 3 are direct band gap semiconductors, and 10 are
quasi-direct band gap semiconductors. This model streamlines the high-throughput screening process
and reduces computational costs, thereby enriching the semiconductor materials library and opening new
avenues for high-performance optoelectronic devices.

Therefore, Al can not only combine with DFT to rapidly and efficiently discover and screen existing
perovskite materials with stable performance, but also make outstanding contributions to discover novel
semiconductor materials that are previously unknown, possess excellent properties (suitable band gap and
high stability), and are environmentally reliable.

3.2. Application of AI combined with DF'T on perovskite materials

Perovskite has a cubic crystal structure, which gives it some unique physical and chemical properties.
The molecular formula of perovskite is ABX3, with A and B as metals and X as an anion. Figure 5
depicts its crystal structure and elemental composition. Its optical and electrical properties can be
adjusted by modifying its chemical composition to meet the needs of different applications. Perovskite
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materials have attracted widespread attention from the outside world because of excellent optoelectronic
properties, and have important prospects in the fields of energy, information technology, and other
optoelectronic fields [96—100]. To improve efficiency, ML methods are used to accelerate the screening
of stable and suitable band gap perovskites.
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Figure 5. Structure and primary constituent elements of perovskite: (a) Diagram of the crystal
structure of cubic ABX3 perovskite; (b) Elements of the periodic table that form perovskite.

Guo et al. [101] proposed an ML framework using different ML algorithms: RF, ridge regression,
support vector machine (SVM), and XGBoost, to accelerate lead-free halide perovskite research in stability
and band gap. A dataset of 540 halide double perovskites was selected for validation, and their stability
and band gaps were predicted using the original DFT-computed materials dataset from Jino Im et al. [102].
Among the models, XGBoost achieves the highest predictive performance for thermodynamic
stability (R?: 0.9935, MAE: 0.0126), while RF performs best for band gap prediction (R?: 0.9410,
MAE: 0.1492). The importance of the selected features is analysed and directions are provided for the
discovery of potential lead-free perovskite. Li et al. [103] proposed a strategy of combining ML with
DFT to study stable halide double perovskites. Extract 354 decomposition energies of halide perovskites
from DFT as the training set, and explore the mapping relationship between the stability of perovskites
and their constituent ion radii based on ML models. The F; score for validating 246 A>B(I)B(II1)Xs
compounds not found in the training set was 95.9%. The performance of this model is better than the
tolerance factor and description factor (Fi score, 77.5%), and the predictions are confirmed by
experimental measurements. Schmidt ef al. [104] conducted a study on 104 all inorganic perovskite
ABX3 samples and predicted the thermodynamic stability of these materials using ML models, with Ej.; as
the reference index. And constructed a DFT calculation containing approximately 250,000 cubic
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perovskites, which was trained and tested on a large scale. Ridge regression, extremely randomized
trees, RF, and NNs were selected to predict performance. It was found that among 230,000 test
samples, after training with 20,000 samples, the extremely randomized trees provided a minimum
average absolute error of 121 meV-atom™ for Ep.u. Furthermore, compounds with first-row elements
show higher errors with increasing electronegativity (as shown in Figure 6). The results show that
ML accelerates high-throughput DFT calculations by at least fivefold by limiting chemical
composition features. Additionally, room-temperature stability remains a significant concern for
perovskite devices. Zhao et al. [105] revealed a weak correlation between high/low-temperature
stability and stability reversal by integrating ML with DFT. Cations significantly influence perovskite
stability: under accelerated aging at elevated temperatures, increasing methylammonium (MA) or
reducing cesium (Cs) inorganic cations reduces photo/thermal stability. However, at practical
operating temperatures (< 100 °C), the situation differs. By calculating the activation energy for
decomposition kinetics, the study reveals that compositions containing at least 10 mol% MA and no
more than 5 mol% Cs/Rb maximize device stability at operating temperatures. Experiments confirm
that such MA-containing perovskite solar cells exhibit negligible efficiency loss after 1800 hours of
operation under 30 °C illumination.
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based on elemental averages [104]. Reprinted with permission. Copyright 2017 ACS.

In addition, the discovery of novel lead-free perovskite materials is also an important research
direction. S. Alidoust et al. [106] used a thorough computational screening of mixed cationic halide
perovskites with the general formula AA'BX3 using DFT to screen for promising lead-free candidates.
Using 23 A/A'-cations, 29 B-ions, and 4 X-anions yielded 29,000 possible perovskite combinations.
Based on this, Fatemeh Jamalinabijan et al. [107] combined with ML method can capture the complexity
of the space more efficiently and the workflow is shown in Figure 7a. Following an initial screening
with octahedral and tolerance factors that reduced the candidates from 29,000 to 2700 for DFT
calculation, ML models were trained on this data to predict the properties of the remaining 26,300
perovskite configurations. The GBR model more accurately predicted decomposition energy and band
gap (MSEs: 0.063 and 0.113), and identified 930 candidate perovskites that meet the criteria. The
compositional distributions of these candidates are shown in Figure 7b. Finally, selected 20 perovskites
for DFT to validate the prediction accuracy (shown in Figure 7c). These results underscore the robustness
of the ML method and its promising role in discovering novel eco-friendly perovskite photovoltaics.
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In summary, the integration of AI with DFT enables rapid prediction of key properties of perovskite
materials, such as band gap and stability. It also help analyze the impact of temperature, composition
and characteristics on performance, accelerating the discovery of novel eco-friendly lead-free perovskite
materials. This is crucial for future advancements in identifying high-performance, eco-friendly
perovskite materials.
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Figure 7. Primary processes and calculation results: (a) Data preparation and utilization workflow for
ML models; (b) Frequency of A, B, X components (left) and A/A'-cation heat map (right) across the
930 compounds; (¢) Predict and compare decomposition energies (left) and band gap (right) for 20 novel
cubic perovskites [106,107]. Reprinted with permission. Copyright 2024 ACS; Reprinted with
permission. Copyright 2025 RSC.

3.3. Application of AI combined with DFT on 2D materials

With unique photovoltaic properties, 2D materials [108—111] have become promising for applications
in semiconductors and photovoltaics, and also show potential in catalytic and biomedical applications.
This section reviews common ML algorithms and their applications across four domains: band gap,
magnetism, catalysts, and materials discovery in Figure 8. Although existing databases have screened
thousands of 2D material, the search for novel 2D materials with unexplored potentials is still ongoing
and the current discovery of new 2D materials remains challenging. Traditional experimental synthesis
methods rely heavily on chemical direct and accidental discoveries, and require a long time. These questions
have sparked the enthusiasm of researchers and promoted the application of ML in 2D materials. The
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penetration of ML in the domain of 2D materials is becoming increasingly deep, and Figure 9
summarizes the application work of different teams in 2D materials.
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Figure 8. Application of ML in 2D materials.
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Figure 9. ML processes and applications in the synthesis, screening, identification, and discovery
of 2D Materials.

To expedite 2D material development, Song et al. [112] developed a generative DL method for
exploring new materials in uncharted compositional spaces. And integrated with a RF—based classifier for
2D materials to identify novel candidates, the performance is shown in Figure 10a. The modified classifier
was used to screen 2.65 million generated samples using MatGAN, a GAN-based model [113] capable of
generating chemically plausible hypothetical materials, and its architecture is shown in Figure 10b. In
addition, crystal structures were predicted using elemental substitution and then their structural
stability was confirmed using DFT. So far, 267,489 new potential 2D material compositions have been
identified (Figure 10c depicts the distribution of both novel and existing 2D materials), of which 1485
have probability scores greater than 0.95, 101 crystal structures have also been predicted by DFT
formation energy calculations, and 92 2D/layered materials have been confirmed. Rio et al. [114] proposed
a DL framework for predicting the electronic structure of materials and molecules based on DFT by
training a neural network to predict the electronic density of states (DOS) of the total electrons of
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various graphene-derived isomers, including different types of carbon nanotubes, fullerene molecules,
graphene and graphite. The R? value for the test set is 0.996. It predicts the DOS with exceptional
speed and chemical accuracy by systematically learning the input-output mapping of the Kohn-Sham
equation (Standard deviation: 0.15 eV). This algorithm significantly accelerates the prediction of DOS
and charge density, enabling a high-fidelity, ultra-fast DFT simulator.
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Figure 10. Al-driven approaches for 2D materials discovery and visualization: (a) Performance of our
RF random forest classifier; (b) Architecture of MatGAN; (¢) T-SNE visualization of new and existing
2D materials based on Magpie features [112]. Reprinted with permission. Copyright 2021 ACS.

As a fundamental material property, the band gap governs electronic structure and optical properties.
The band gap of 2D materials is used in semiconductor devices, photodetectors, field-effect transistors,
heterostructures, efc., as shown in Figure 11. Therefore, predicting the band gap is crucial, and ML models
are widely applicable for screening materials with target functions. Zhu’s team [115] cleverly combined DFT
and ML to explore the fundamental band gap of 2D isoelectronic phosphazene semiconductors and the
alignment. Calculations were first performed using the Perdew-Burke-Ernzerhof exchange-correlation
generalization and the Heyd-Scuseria-Ernzerhof hybrid generalization (HSE) in the gradient density
approximation (GGA-PBE) as a reference. The band gaps, valence band maxima (VBMs) and
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conduction band minima (CBMs) are calculated for different material types in Figure 12a, where the
blue region indicates phase I materials, while the green region indicates phase Il materials. It was found
that such materials have a similar crystalline structure, but band gap values roughly distributed 0—8 eV.
Then three ML methods—Ilinear regression (LR), RFR, and support vector regression (SVR)—were
employed to predict the electronic properties. The model performance is shown in Figure 12b. Among
them, SVR delivered the best performance (RMSE < 0.15 eV) on band gap, VBM, and CBM predictions
using PBE results and elemental information.
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Figure 12. Band structure calculations and predictive model evaluation: (a) Calculation of band gap,
VBMs and CBMs for different material types; (b) The performance of model LR, RFR and SVR [115].
Reprinted with permission. Copyright 2020 IOP.

In addition, 2D materials are also a good catalytic material, where graphene-based materials have
become a key component in the study of electrocatalytic reactions [116]. ML has demonstrated

tremendous potential in discovering high-performance catalytic materials, with various research groups
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employing different ML algorithms to accelerate discovery of catalytic materials. In addition, highly active
catalyst screening can be synergistically enhanced by integrating DFT [117]. Deng et al. [118] investigated
the structure-property correlation and the origin of catalytic activity of biatomic catalysts (BACs) using
DFT simulations combined with ML techniques. ML techniques were used to identify the origin of the
oxidation-reduction reaction (ORR) activity on BACs. RFR identified a strong correlation between the
DFT-calculated limiting potential (UL) and the input features (pearson correlation coefficient: 0.98;
MSE for the test set and training set: 0.004 and 0.022, respectively), linking them to catalytic activity.
This work not only identifies promising BACs that have not been explored experimentally, but also
offers valuable guidance for designing new and efficient ORR catalysts. Lin et al. [119] developed ML
models based on sacDFT calculations of 104 graphene supports to describe readily accessible physical
properties and potential modes of the limiting potentials (the MSE for the ORR, oxygen precipitation
reaction (OER), hydrogen precipitation reaction (HER) is 0.027/0.021/0.035 respectively), and applied
the models to evaluate the catalytic performance of 260 alternative graphene supports. The
ORR/OER/HER of the top ML-recommended catalysts were recalculated by DFT, which confirmed the
model’s reliability and identified two OER catalysts superior to the noble metal oxides RuO, and IrO».

In summary, the integration of Al and DFT plays a crucial role in accelerating the development
cycle of 2D materials, discovering new 2D materials, predicting their electronic structures and band
gaps, and identifying high-performance catalytic materials. It provides researchers with essential
theoretical guidance for advancing the field of 2D materials.

4. Summary and outlook

This paper reviews the application of Al techniques combined with DFT in the research of new materials,
structural stabilisation and performance prediction. Some basic ML and DL algorithms are briefly
outlined with their advantages and disadvantages. Then, the research progress of ML and DL algorithms
for semiconductor materials, perovskite materials and 2D materials respectively in recent years is
presented. Although ML has been widely used in property prediction, and quantum chemistry owing to
its predictive power and computational efficiency. However, the application of materials in ML still face
many challenges: Heavy reliance on data: High-quality material-related data is scarce, making it difficult
to perfectly characterize material properties, resulting in prediction accuracy lower than DFT
calculations. Lack of strict physical constraints: May produce results violating physical laws and
struggles to provide interpretable chemical insights, thus currently serving primarily as a powerful
auxiliary tool. Insufficient reliability: Most models are only applicable to specific environments and
problems. They perform well within the scope of trained knowledge (interpolation) but exhibit severe
prediction inaccuracies when encountering new, unknown chemical structures (extrapolation), lacking
true physical reasoning capabilities. Future research will focus on developing smarter, more reliable Al
models. This includes leveraging techniques like active learning to build more efficient models with less
data, integrating physical principles to enhance extrapolation capabilities and ensure predictions comply
with physical laws, and designing explainable Al architectures to open the “black box”. This approach
aims to enable models not only to make predictions but also to provide meaningful chemical insights.
Although Al as an important tool to accelerate the process of materials will not completely replace
human expertise and traditional computational methods, materials researchers can master this

technology to solve more problems in materials. Next, we can improve the existing problems and strive
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to promote the formation of the “component-structure-property-application” chain as soon as possible
to accelerate materials research.
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