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TOPICAL REVIEW — Machine learning in condensed matter physics
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Traditional materials discovery is in ‘trial-and-error’ mode, leading to the issues of low-efficiency, high-cost, and
unsustainability in materials design. Meanwhile, numerous experimental and computational trials accumulate enormous
quantities of data with multi-dimensionality and complexity, which might bury critical ‘structure–properties’ rules yet unfortunately not well explored. Machine learning (ML), as a burgeoning approach in materials science, may dig out the
hidden structure–properties relationship from materials bigdata, therefore, has recently garnered much attention in materials science. In this review, we try to shortly summarize recent research progress in this field, following the ML paradigm:
(i) data acquisition → (ii) feature engineering → (iii) algorithm → (iv) ML model → (v) model evaluation → (vi) application. In section of application, we summarize recent work by following the ‘material science tetrahedron’: (i) structure and
composition → (ii) property → (iii) synthesis → (iv) characterization, in order to reveal the quantitative structure–property
relationship and provide inverse design countermeasures. In addition, the concurrent challenges encompassing data quality and quantity, model interpretability and generalizability, have also been discussed. This review intends to provide a
preliminary overview of ML from basic algorithms to applications.
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1. Introduction
Discovery of the hidden rules behind the data is not new
in the history of science. In 1500 s, Tyco Brahe carried out
precise and extensive measurements of the positions of planets in our solar system and obtained a large quantity of data.
Johannes Kepler discovered the rules and summarized his famous laws to describe the motion of the planets from Brahe’s
data. [1] Isaac Newton pondered these laws from an ab initio
view and concluded his gravitational law via advanced mathematics in his era. Five hundred years later, machine learning
(ML) follows the same type of research paradigm. The difference is that, data acquisition is becoming easier and data
quantities could be huge (“big data”), owing to the development of computational algorithm and facilities and experimental techniques. In this case, the rules behind the data
is not easily observed by human intuition. ML methods are
playing increasingly critical roles and trained to learn rules
from data, which automate the data analysis step like Kepler’s work. In materials science, ML had been applied to accelerate material research including structure prediction, [2–8]
synthesis, [9–13] characterization recognition, [14–18] properties
prediction, [19–29] and devices evaluation, [30,31] etc.
The typical workflow of ML methods in materials sci-

ence research is shown in Fig. 1. In light of the type and
amount of data, ML model can be normally classified into
supervised learning, unsupervised learning, semi-supervised
learning. Supervised learning is a popular and useful model
which can point out the quantitative structure property/activity
relationship (QSPR/QSAR) attributing to explicit input-output
labeled data using solid blue line in Fig. 1. Feature engineering was applied to transform the raw information from collected data into certain fingerprint that will be deemed as inputs for the algorithm selection. ML models are then trained
to predict the outcome of remaining data. If the model is not
good upon validation, the previous steps are repeated iteratively with improved data cleaning, feature re-selection, or algorithm translating. In this review, some commonly used supervised models in materials science will be introduced in section 3. For unsupervised models, there are mainly two types:
clustering models aiming to distinguish different categories of
unlabeled data such as K-means clustering, mean-shift clustering, and density-based spatial clustering of applications with
noise (DBSCAN), and dimension reduction models like PCA,
Locally Linear Embedding (LLE) and t-SNE. The t-SNE is
usually utilized to draw figures of high dimensional data such
as reference. [32,33]
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concisely discuss the mechanisms and implementation of different categories of ML algorithms. The algorithms that can
produce analytic expressions and algorithms for active learning are introduced in separate sections. In section 4, recent
applications of ML in materials science, in terms of structure,
property, synthesis and characterization, are reviewed generally in logical sequence to show the development of research
concerns and algorithms. Finally, we discuss the perspectives
and conclusions of ML in material research.

2. Data and features
2.1. Data
Fig. 1. The main workflow of traditional supervised learning and active
learning.

For limited data quantity (“small data”), active learning,
also known as adaptive design, is normally employed to expedite material discovery. [34] An ML model is acquired on the
basis of a given data set and it will recommend the next data
to add into the original data set, then updating the ML model.
It is an iterative process so that the model performance is continuously improved, as shown in Fig. 1. In this review, we
firstly introduce several recent methods and progress to obtain
and represent data for ML algorithms in section 2. Next, we

Data is of central importance in the ML. To obtain data,
materials scientists can either explore public databases or generate data by themselves through computations or experiments. Usually, the ML algorithm for materials science is supervised learning based on a large quantity of data. Therefore,
the approaches to obtain plentiful data like high-throughput
computation or experiment are required. Table 1 enumerates
prevalent tools for high-throughput computation that could
help to realize this step. [35–43] The majority of these tools are
based on python language, the most popular programming language for ML currently.

Table 1. HT tools.
Name
Pymatgen
AFLOW π
FireWorks
AiiDA
Pymatflow
ASE
Atomate
Custodian
MPInterfaces
Imeall
Pylada
Pyiron

Function
Robust, open-source python library for materials analysis
A minimalist framework for high-throughput first principles calculations
An open-source code for defining, managing, and executing calculation workflows
A workflow to automate complex numerical procedures of calculation
A workflow simplifier for research on materials science by means
of ab initio simulation
Setting up, steering, and analyzing atomistic simulations
Built on top of state-of-the-art open-source libraries: pymatgen,
custodian, and FireWorks
A simple, robust, and flexible just-in-time (JIT) job management
framework
A python tool that enables high throughput analysis of interfaces
using VASP, VASPsol, and MP tools
A database framework for the calculation of the atomistic properties of grain boundaries
A modular python framework to control physics simulations
An integrated development environment (IDE) for computational
materials science

Owing to the rapid development of Materials Genomes,
materials databases, such as Materials Project (MP), [44] Inorganic Crystal Structure Database (ICSD), [45] Open Quantum
Materials Database (OQMD), [46] and other databases, [36,47–68]
are becoming the main venue to store the structures and properties of materials. A plethora of those databases contain tons
of materials information. Some of them focus on specific materials like Supercon (a database for superconducting materi-

URL
https://pymatgen.org
http://aflowlib.org/src/aflowpi
https://materialsproject.github.io/fireworks
http://www.aiida.net
http://pymatflow.readthedocs.org
https://wiki.fysik.dtu.dk/ase
https://atomate.org
https://pypi.org/project/custodian
http://henniggroup.github.io/MPInterfaces
https://github.com/Montmorency/imeall
http://pylada.github.io/pylada
https://pyiron.github.io

als) and TEDesignLab (a database for thermoelectric materials). Table 2 summarizes the information about part of these
databases. Some of these databases in Table 2 were developed
based on other databases in order to obtain better features or
be more domain-specific. For instance, MaterialsWeb derived
from MP and Pearson’s Crystal Data (PCD) originated from
the Linus Pauling File (LPF).
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Table 2. Material databases.
Name

Data type

URL

Materials Project
ICSD
AFLOWLIB
COD
QM9
OMDB-GAP1
OQMD
NOMAD
Materials Cloud
NREL Materials
Clean Energy Project
TEDesignLab
HTEM
Supercon
MaterialsWeb
C2DB
CSD
CMR
Citrination
JARVIS-DFT
MatNavi
MatWeb
GDB
ZINC
ChEMBL
ChemSpider
Materials Commons
AiiDA
ASM
LPF
PCD
Nano-HUB
EELS Data Base
XAFS database

Multiple
Inorganic & Experimental
Inorganic & Computational
Multiple & Experimental
Organic molecules
Organic crystals
Multiple & Computational
Multiple
Multiple (3D, 2D)
Computational & Renewable
Solar cell
Thermoelectric
Inorganic
Superconducting
2D
2D
Multiple
Multiple (3D, 2D)
Multiple
2D
Multiple
Engineering
Small organic molecules
Compounds
Bioactive molecules
Multiple
Computational
Alloy Phase Diagram
Inorganic
Multiple
Multiple
Nanomaterials
Spectra
Spectra

https://materialsproject.org
https://icsd.fiz-karlsruhe.de
http://aflowlib.org
http://crystallography.net
http://quantum-machine.org/datasets/
https://omdb.mathub.io/dataset
http://oqmd.org
https://nomad-repository.eu
https://www.materialscloud.org
https://materials.nrel.gov
https://cepdb.molecularspace.org
http://www.tedesignlab.org
https://htem.nrel.gov/
https://supercon.nims.go.jp
https://www.materialsweb.org
https://cmr.fysik.dtu.dk/c2db/c2db.html
https://www.ccdc.cam.ac.uk
https://cmr.fysik.dtu.dk
https://citrination.com
https://www.ctcms.nist.gov/∼ knc6/JVASP.html
https://mits.nims.go.jp
http://matweb.com
http://gdb.unibe.ch
https://zinc15.docking.org
https://www.ebi.ac.uk/chembl
http://www.chemspider.com
https://materialscommons.org
http://www.aiida.net
https://www.asminternational.org
https://paulingfile.com
http://www.crystalimpact.com/pcd
http://nanohub.org
https://eelsdb.eu
https://www.cat.hokudai.ac.jp/catdb/

Many of these databases offer official application programming interface (API) for users to obtain or batch download data. For example, Pymatgen [35] is an open-source
python library that functions as the API of materials project
and a powerful toolkit for materials analysis. AFLOW π is an
efficient high-throughput calculation framework and serves as
the API of the AFLOW database. Nevertheless, some commercial databases require a license to access such as ICSD,
ChemSpider, etc.
Apart from materials database, a large quantity of data
are buried in numerous publications. Text mining or natural
language processing (NLP) can be used to extract information from them. Vahe et al. implemented unsupervised word
embeddings to mine knowledge from materials science publications. They demonstrated that the knowledge in literature
could be encoded as information-dense word embeddings. [69]
Amangeldi et al. wrote a review about Li-O2 batteries through
the assistance of a text mining program that explored over
1800 literatures. [70] Matthew et al. developed an effective

Free
√
×
√
√
√
√
√
√
√
√
×
√
√
√
√
√
×
√
√
√
√
√
√
√
√
√
√
√
×
×
×
√
√
√

toolkit named ChemDataExtractor to extract chemical information from literature automatically. [71] Text mining or NLP
methods were also successfully applied to obtain information
about chemistry, materials synthesis, nanoparticle properties,
etc. [13,72–75]
Data quality and quantity are crucial prerequisites for
ML. In general, the more data there are, the more likely there
are erroneous and problematic data. However, a reliable ML
model requires both high quality and large quantity for training
data. [61] To overcome this dilemma, many efforts have been
taken to improve the reproducibility and reduce the error in
materials databases. Fourches et al. proposed some principles and guidelines for quantitative structure-activity/property
relationship (QSA/PR) modeling in Cheminformatics. [76] The
FAIR (findability, accessibility, interoperability, and reusability) data principles, [77] put forward by Mark et al. are imperative for database establishment. These principles would
help researchers develop better databases and improve the performance of the ML model trained based on these databases.
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Meanwhile, the unfavorable data, e.g., data from failed experiments, which are usually abandoned in databases or publications, could be meaningful as well. For instance, Paul et al.
used data from failed syntheses to predict conditions for certain materials formation. [78] In terms of quantity, if the data
size used for training is considered too small and difficult to
enlarge, a simple method is to perform data operations like cutting and rotation on initial data to create more. This method is
called data augmentation and it could help to improve the variety of training data and reduce overfitting. Examples of this
method in materials science can be seen in reference. [9,79–83]
2.2. Features
The raw data often suffer from many issues that make
them unsuitable as direct use for ML algorithms. For instance,
if the raw data were not representative and could not capture
enough distinctive information, it would be difficult to distinguish different structures. Another issue is that the training
data may not be in the same order of magnitude, which would
significantly impact the performance of ML algorithms.
Therefore, the next step after data acquisition is feature engineering, transforming raw data into more representational forms. Better features lead to better model performance. For example, crystal structure can be described by
the atomic coordinates and cell shape. However, such kind
of description is usually not good for ML, since it is extremely difficult for ML algorithm to link them with materials properties. Feature engineering for molecular and crystal
structures has been active fields for decades. Two prevalent
examples are the SMILES (simplified molecular-input lineentry system) [84] proposed in 1987 and the Coulomb matrix
(CM) [85] first proposed in 2012. Also, the Ewald sum matrix
and sine matrix proposed by Felix et al. [86] and the partial radial distribution function (PRDF) proposed by Schütt et al. [87]

are extended from the Coulomb matrix. Other features include
the London matrix, [88] bag of bonds (BOB), [89] bonds, angles, machine learning representation (BAML), [88] extendedconnectivity fingerprints (ECFP4), [90] many-body tensor representation (MBTR), [91] smooth overlap of atomic positions
(SOAP), [92] atom-centered symmetry functions (ACSFs), [93]
classical force-field-inspired descriptors (CFID), [94] etc.
The above mentioned approaches are all based on domain
knowledge. Recently, following the idea of graph features, [95]
graph neural network (GNN) [96] has been proposed to describe crystal structures and molecules. In GNN, the atoms
and bonds are represented as nodes and edges in graphs,
respectively. For instance, Xie et al. implemented crystal graph convolutional neural networks (CGCNN) to interpretably predict material properties. [97] Another strategy is implementing dimension reduction methods such as the classic
PCA algorithm [98] that projects high-dimensional complicated
data to low-dimensional properties-relevant features. What all
those approaches do is transforming crystal or molecule structures to an algorithm-readable and -implementable format.
Feature engineering in common approach can be done by
available tools, which is convenient for materials scientists.
Table 3 enumerates the information about these tools [97,99–107]
and most of them are based on python language. Prevalent
python libraries for data science and ML such as pandas, [108]
sklearn, [109] tensorflow, [110] and pytorch, [111] also offer affiliated codes to cope with feature engineering. Recently, Liu et
al. [112] developed a data-driven multi-layer feature selection
tool named DML-FSdek to automate the feature engineering
process for materials science. This tool can also incorporate
domain knowledge to select features with more interpretability, and models trained on these features can achieve similar
accuracy compared to that without domain knowledge.

Table 3. Feature tools.
Name
QML
AMP
Magpie
RDkit
ChemML
DScribe
Matminer
SchNet
DeepChem
MEGNet
CGCNN

Description
A python toolkit for representation learning of properties of molecules
and solids
A modular approach to machine learning in atomistic simulations
Materials-agnostic platform for informatics and exploration
A collection of cheminformatics and machine-learning software written
in C++ and Python
A ML program suite for the analysis, mining, and modeling of chemical
and materials data
Library of descriptors for machine learning in materials science
A Python library for data mining the properties of materials
A deep learning architecture for quantum chemistry
Deep-learning models for drug discovery and quantum chemistry
An implementation of DeepMind’s graph networks for universal machine learning in materials science
Implement crystal graph convolutional neural networks to arbitrary
crystal structures
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URL
https://www.qmlcode.org
https://amp.readthedocs.io
https://github.com/amarkrishna/demo1
https://github.com/rdkit/rdkit
https://pypi.org/project/chemml
https://singroup.github.io/dscribe
https://hackingmaterials.lbl.gov/matminer
https://github.com/atomistic-machinelearning/SchNet
http://github.com/deepchem/deepchem
https://github.com/materialsvirtuallab/megnet
https://github.com/txie-93/cgcnn
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3. Algorithms
3.1. Introduction of algorithms
In this section, we firstly introduce conventional ML
methods [113] widely used in materials science research, such
as linear-based, kernel-based, tree-based algorithms, and basic
neural network, followed by the introduction of deep learning
models. Then, we introduce a class of unique supervised ML
approach that is able to distill analytical formula (descriptor)
between features and properties, making hidden ML model interpretable. Last but not least, algorithms for small data, such
as adaptive or active machine learning, are introduced.
3.1.1. Conventional algorithms and deep learning
For linear-based, kernel-based algorithms and basic neural network methods, there are mainly two critical parts: the
loss function and the way for coefficients update.
Linear model [114] predicts the target by a linear combination of features, which is the most basic and widely used
model. Considering an n-dimensional data sample after data
collection and feature engineering 𝑥 = [x1 , x2 , . . . , xn ]T , the
objective function y under linear combination is
y = f (𝑥; 𝑤, b) = ∑ wi xi + b = 𝑤T 𝑥 + b = 𝑤ˆ T 𝑥,
ˆ

(1)

i

where 𝑤 = [w1 , w2 , . . . , xn ]T is called the weight vector, b
refers to the bias, 𝑤ˆ and 𝑥ˆ are the augmented matrix of the
weight vector and data sample, respectively.
The loss function measures the difference between real
and predicted target values. Suppose a set of training data
is (xn , yn ), the commonly used loss function for regression
problem is the mean square error (MSE) [Eq. (2)], the mean
absolute error (MAE), the root mean square (RMSE), etc.
Loss functions for classification will be discussed in Subsection 3.2.1. The linear regression model using MSE is also
called ordinary least squares regression (OLSR).
L( f ) =

1
( f (xn ) − yn )2 .
n∑
n

(2)

Both the weight vector and the bias are coefficients that
need to be learned, which can be achieved by optimizing the
loss function using the least square method or the gradient descent method [Eq. (3)] to predict the value of the target y,
wi ← wi − η

∂ L( f )
,
∂ wi

(3)

where η is the learning rate and wi is the i-th coefficient. By
continuously calculating the gradient of the loss function, the
parameters are continuously updated in the negative direction
of the gradient, and the learning rate reflects the step size of
each update.
To mitigate over fitting, which is an important issue in ML
(details in Subsection 3.2.2), some regularization terms that relate to all the coefficients could be added to the loss function.

For instance, the least absolute shrinkage and selection operator (LASSO) algorithm [115] adds a regularization term about
the absolute value of coefficients, also known as the L1 -norm
[Eq. (4)],
L( f ) = Lo ( f ) +

λ
n

∑ |w|,

(4)

w

where Lo ( f ) stands for the original loss function and λ is the
regularization coefficient that can be adjusted through validation (Subsection 3.2.1). Similarly, the ridge regression [116] has
a regularization term about the square value of coefficients L2 norm and the elastic net method [117] has both L1 -norm and
L2 -norm.
Nevertheless, many feature–target relationships are intrinsically nonlinear, therefore a linear-based algorithm is unsuitable. To simulate nonlinear targets, a commonly used
method is solving the optimization problem of loss function
in a higher dimension which leads to the kernel-based algorithms. However, these algorithms do not actually transform
the input data into a higher dimension. Instead, only the socalled kernel function values are calculated. The kernel function measures the relationships between every pair of data
sample points as if they are in a higher dimension. This type of
method could significantly improve the efficiency, so they are
called kernel trick. Two kernel examples are the Gaussian kernel (radial basis function kernel) [Eq. (5)] and the polynomial
kernel [Eq. (6)],
2

K(x1 , x2 ) = e

|x −x |
− 1 22
2σ

,

(5)

d

(6)

K(x1 , x2 ) = (x1 x2 + r) ,

where x1 and x2 refer to two different data points. The ridge regression method using kernel is called kernel ridge regression
(KRR). [118] Another example is the support vector regression
(SVR) [119] based on the concept of support vector machines
(SVMs), [120] it also uses the kernel function but uses an εinsensitive loss function (7),
(
0,
ε > |y − f (x)|,
L( f ) =
(7)
|y − f (x)| − ε, other.
Another way to fit nonlinear targets is to let the output of
the linear model pass through an activation function. The activation function could be the logistic function [Eq. (8)], one
kind of sigmoid functions, then the linear model changes to a
logistic regression model,
σ (z) =

1
.
1 + e −z

(8)

There also exist many other activation functions like the
tanh function, rectified linear unit (ReLU), leaky ReLU, parametric ReLU (PReLU), exponential linear unit (ELU), softout function, maxout unit, etc. The combination of a linear
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model and an activation function forms a neuron. The f (𝑥;
𝑤, b) found through optimizing the loss function by one neuron may not perform well, so multiple neurons could be connected. A group of neurons that cooperate with each other
through some connection methods and different information
transmission methods is an artificial neural network (ANN).
Neural networks could also update coefficients through gradient descent method (3), only the loss function is different in (3)
compared to linear regression. At present, the basic structures
of neural networks commonly used are feedforward networks,
memory networks, and graph networks.
Feedforward networks include fully connected networks
and convolutional networks (CNN), [121] the information only
spreads in one direction in this kind of network. The layers
between the input layer and output layer are called the hidden
layers, figure 2 shows a simple fully connected network with
two hidden layers. In the hidden layers of 2D CNN, the input
2D data are operated with some matrices in order to distill the
local information. A fixed-size matrix is used to perform dot
products or selecting the maximum on each area of the 2D data
from the last layer, and these two operations are called convolution and max-pooling, respectively. Figure 3 illustrates a 2D
CNN with two max-pooling layers and one convolution layer,
the 2D data is flattened into 1D data to match the shape of

targets at last. Recurrent neural network (RNN) (Fig. 4) is another kind of networks, after the network receives the input
xt at time t, the value of the hidden layer is st and the output value is ot . The key point is that the value of st depends
not only on xt , but also on st−1 , which makes them have some
memory to some extent and suitable for sequential data. However, sequential data is rare in material science so the RNN is
not widely used. The spirit of deep learning based on these
networks is to increase the number of hidden layers. The more
hidden layers there are, the deeper the model. [122] Although
it can be proven that a neural network with only one hidden
layer can theoretically represent all functions, the efficiency of
training and ultimate performance are far behind deep neural
networks. [123]

Fig. 2. A simple fully connected neural network structure with two
hidden layers.

Fig. 3. A 2D CNN structure with two max-pooling layers and one convolution layer.

weak models to improve the fitting accuracy. The bagging
methods like random forest (RF), [130] which is the ensemble
version of decision tree, combine relatively strong models to
reduce over fitting.

Fig. 4. The sketch of the methodology of RNN.

Tree-based models such as decision tree [124] are pure
nonlinear model, which use a tree structure with every leaf
containing criteria to classify or regress targets. Tree-based
models are usually applied through ensemble methods which
mainly include two categories: boosting and bagging. The
boosting methods such as CatBoost, [125] light gradient boosting machine (LightGBM), [126] AdaBoost, [127] XGBoost, [128]
and gradient boosting decision tree (GBDT), [129] combine

So far, all the algorithms mentioned above are discriminative models which focus on the relationship between input
and target, or the law or distribution that the corresponding target should meet given a certain input data point. Another category of models is the generative models that try to describe the
joint distribution of input and target. Such as the Naı̈ve Bayes
method, Gaussian process regression (GPR), Bayesian optimization (details in Subsection 3.1.3), hidden Markov model
(HMM), [131] etc. Variational autoencoders (VAE) [132] and
generative adversarial network (GAN) [133] that are developed
on neural network are also generative models, their applications will be discussed in Section 4.
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3.1.2. Algorithms for descriptors
Most ML models are “black box”, which means that one
does not know the explicit forms of the rules like Kepler’s
analytical expression, i.e., Kepler’s three laws, behind data.
Black box model is not easily accessed by many researchers,
particularly by experimentalists unfamiliar with theoretical
algorithms. [134] To be specific, researchers without resources
or experience of the codes/software, could not adopted ML
approach. Therefore, the ML algorithms that could obtain
straightforward analytical forms of the rules, also known as
descriptors, are critical in materials science.
Symbolic regression (SR) [135] is a supervised machine
learning technique that seeks to find or determine the best
mathematical formula (descriptor) to represent a relationship
between the features and target. Taking the genetic algorithm
(GA) based SR as an example, the main idea is to employ GA
to simulate the evolution of analytical formulas by the natural
rule of “survival of the fittest” and the science of heredity like
Mendel’s law. A comprehensive introduction about SR in materials science can be found in the review of Wang et al. [136]
The GA based SR (Fig. 5) usually contains two loops.
Taking grid search of hyperparameters as examples, in the
outer loop of the program, the grid search of hyperparameters
is used to optimize the performance of the whole program.
And in the inner loop, the program will firstly carry out the
process called ‘building block’, which focuses on the setup
of nodes like ‘plus(+), minus(−), multiply(×), divide(÷)’ and
variables or constants to crate analytical forms. Then, the error (fitness) between the predicted value and target value will
be calculated. The best form will be stored in the ‘pool’ which
contains the winner of each generation. Finally, according to
the termination criteria, SR can determine whether it should
stop here and carry on the hyperparameters optimizing process or execute genetic operations and add descendants to the
individual form and repeat the process above. When the hyperparameters optimize process also finishes, the program will
output the best form in the pool.

Fig. 5. The workflow of the SR program. Modified based on Fig. 2 of
Ref. [355].

AI Feynman [137] (Fig. 6) is another powerful SR method
inspired by physics. In contrast to general problems, scientific
formulas representing physical rules usually have the properties of symmetric, separable, or dimensional consistency of
variables and results. Based on that, AI Feynman algorithm
uses serval sub algorithms to simplify the corresponding SR
procedure.

Fig. 6. The structure of the AI Feynman. Reprinted with permission
from Ref. [137].

The sub algorithm contains (1) Dimensional analysis:
converting the physical quantities into dimensionless quantities. (2) Polynomial fit: using a specific module to check
whether the function can be solved by low order polynomials,
and get the coefficients of the polynomials if it is. (3) Brute
force: using common SR method to obtain the analytical formula. (4) Train a neural network: training a neural network to
predict the output given its input which are not in the database.
(5) Translational symmetry and generalizations: using the returning result to check if any two variables have the property of
symmetry, and transform them to single one variable. (6) Separability: testing the additive and multiplicatively separability
of the any two variables and separate it if we could, and it will
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help us solve equations with fewer variables (7) Equate variables: using neural network to check the effect of setting any
two variables, and try to solve the equation with only one of
the two variables, which helps us get rid of the denominator.
(8) Transform data: transforming the original data by functions like square root, log, exp, etc. Recent research shows
that 100 equations from the Feynman Lectures on physics can
be obtained by AI Feynman. [137] In comparison, only 71 of
100 was obtained by previous software (Eureqa) [138] for SR.
The sure independence screening (SIS), [139] compressed
sensing [140] method along with the LASSO and PCA that
mentioned before can also be used for extracting descriptors.
Luca et al. developed the LASSO +ℓ0 methodology combining LASSO with compressed sensing for learning physical descriptors. [141] Praveen et al. proposed the bootstrapped
projected gradient descent (BoPGD) [142] method for material
scientists to distill descriptors from data. Recently, the sure
independence screening and sparsifying operator (SISSO) [134]
proposed by Ouyang et al. that integrates the SIS, sparsifying operators like LASSO, and the work from Ref. [141] is
reliable and powerful for identifying descriptors.
3.1.3. Algorithms for small data and iteratively design
In general, ML algorithms require a quantity of data, as
large as hundreds, thousands, or even millions to avoid overfitting. Though we are in a data-drenched era, obtaining reliable
and comparable data from certain experiments or calculations
could be extremely costly in materials science. Therefore, the
algorithms that could recommend the optimal target based on
a small amount of data, have a considerable impetus for materials research. This kind of methodology is usually called
active learning, also known as surrogate-based optimization
or adaptive design.
Sometimes, conventional ML algorithms are adopted into

a material design loop for recommendation of next target in
small data problems. [6,24,143–147] ML python libraries that can
automatically select ML algorithms and optimize hyper parameters (introduced in Subsection 3.2.2) could be utilized.
For instance, Tran et al. [145] developed an active learning
framework to screen electrocatalysts for CO2 reduction and
H2 evolution. Their framework combines DFT calculations
with an auto ML tool named Tpot. [148] Recently, the same
framework was employed to explore promising CO2 electrocatalysts, and Cu–Al alloys were predicted and experimentally
validated to have superior performance. [149]
In additional to conventional algorithms, specific algorithms for small data and recommendation problem have been
developed. Here, we introduce two of them: Bayesian optimization (BO) and Monte Carlo tree search (MCTS). BO [150]
is based on Bayesian modeling and has advantages in finding
the maximum (or minimum) of unknown functions. The forecasts of BO rely on both the mean value and uncertainty. Figure 7 is a typical illustration of BO, with the x-coordinate axis
and the y-coordinate axis as the features (material candidates)
and the target (figure of merit), respectively. As shown in
Fig. 7(a), the red line is supposed to be the true function. Based
on the four sampling points, BO can predict the mean value
(the blue line) and the confidence interval (the gray region). If
we only considered mean value, the predicted maximum value
was sampling point 1. By combining confidence interval, the
maximum value was predicted to be the point 5 (Fig. 7(b)).
One then obtains the true value of the fifth point from either experiments or computation and adds the true value to the training data to iteratively optimize the BO model. In the cycle of
prediction, verification, and optimization, the prediction function gradually approaches the true function, and the prediction
result is more reliable.

Fig. 7. The mechanism of the BO method. Reprinted with permission from Ref. [150]. Copyright (2020) Springer Nature.

MCTS [151] is a tree-based search method, which repre-

per confidence bounds (UCB) value is selected among all the

sents the search space as a tree structure, and then makes the

nodes that existed. Then children nodes will be expanded un-

tree grow from the root node to the most promising direc-

der this node in the expansion part. In the simulation part, a

tion iteratively. Each iteration of MCTS is composed of four

complete path determined by the optimization problem is cre-

parts: selection, expansion, simulation, and backpropagation

ated randomly. In other words, the tree selected one random

(Fig. 8). In the selection part, the node with the highest up-

node at each level until it reaches the deepest level, i.e., the
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bottom of tree. This process called rollout or playout is to
measure how promising the chosen node is, it could be implemented for many times and take the average or use Bayesian
method to obtain reliable measurement. [152] Finally, the visit
times and the scores of each node are updated in the backpropagation part. The ultimate result is obtained when the predetermined number of playouts or the bottom of tree is reached.
MCTS behaves more efficiently in some optimization problems compared to Bayesian optimization. [151–153]
Recently, the popular and evolving reinforcement learning (RL) methods have also been used to guide materials de-

sign, such as Q-learning, deep Q network (DQN), policy gradients, etc. These algorithms are trained to take the best action
(e.g., choosing the optimal experiment conditions) under a certain environment they meet through maximizing the reward
function. [154] Specifically, for instance, the reward function is
one part of the loss function in the policy gradients algorithms,
so optimizing the loss function by gradient descend similar to
the neural network is the actual process it carries out. The application in material science of RL methods will be discussed
in Section 4.

Fig. 8. Four main parts of MCTS. Modified based on Fig. 2 of Ref. [151].

3.2. Implementation of algorithms
3.2.1. Validation and evaluation
Before the training of an ML model, the data is usually
divided into three parts: training, validation, and testing sets if
the data is sufficient. The testing set should be opted out at first
and never be seen by ML algorithms throughout the training
process because only the unseen data could evaluate the predictability of algorithms. Based on this data division, a classic
method to evaluate the performance of ML model is the k-fold
cross-validation (CV). It separates dataset into k subsets of the
same size and uses one of these k subsets for testing while
others for training, then calculates the average result if all the
subsets have been used for testing. Bryce et al. proposed a
method named leave-one-cluster-out cross-validation (LOCO
CV) that could better estimate the performance of ML algorithms for materials discovery. [155] Notably, such kind of data
division may not be suitable for small data sets, e.g., smaller
than one hundred data points, [156] because the noise in the data
could play an important role when calculating errors and the
results could fluctuate a lot.
MAE, MSE, RMSE introduced in Subsection 3.1.1 are
usually chosen as the fitness function to evaluate the perfor-

mance of regression model. Nevertheless, sometimes these
functions are very sensitive to data, especially the abnormal
data. In this sense, the Pearson, Kendall, and Spearman correlation coefficients are alternative kinds of functions for evaluation that could mitigate data sensitivity. For example, the
Pearson correlation coefficients can be expressed as
n

∑ (Xki − X̄)(Yki − Ȳ )
ri j = s

k=1
n

s

n

,

(9)

∑ (Xki − X̄)2 ∑ (Yki − Ȳ )2
k=1

n=1

where X̄ and Ȳ are the average values. The abnormal data also
enlarge the denominator so their influence on the overall result
could be greatly reduced. Meanwhile, these three correlation
coefficients normalize the regression evaluation into the (−1,
1) interval so that a relatively uniform evaluation criteria could
be obtained. These features make them advisable for material
science in some cases because of the variety of data quality and
scale used by researchers. The commonly used R2 criterion is
the square value of Pearson correlation coefficients.
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is the cross-entropy
m

L( f ) = −

1
∑ yic log(pic ),
n∑
i c=1

(10)

where m is the number of categories, yic equals 1 if category c is the same as the category of sample i otherwise 0,
pic is the prediction probability that sample i belongs to the
category c. The results of the model on the testing set can
be divided into four cases for each category: true positive
(TP), false negative (FN), false positive (FP), and true negative (TN). Take double perovskite category as an example, a
double perovskite is correctly classified means TP, other types
of perovskite (e.g., single perovskite) are incorrectly classified as double perovskite means FP. The TP, FN, FP, and TN
are usually put together to form a so-called confusion matrix
which is widely used in classification problem. Other than the
simplest evaluation called accuracy, i.e., the ratio of data correctly classified, the precision, recall, and F score are three
important indicators. The precision and recall are defined as
TP/(TP + FP) and TP/(TP + FN), respectively. Based on
these concepts, more comprehensive evaluations can be obtained by adjusting the threshold of classification models such
as precision–recall (PR) curve, receiver operating characteristic (ROC) curve, area under curve (AUC), etc.
3.2.2. Hyperparameters and overfitting
In ML, the optimization process can be divided into parameter optimization and hyperparameter optimization. The
𝑤ˆ in model f (𝑥; 𝑤)
ˆ is parameters of models that can be
learned by optimizing the loss function. In addition to learnable parameters within a fixed model structure, there is another class of parameters called hyperparameters that define a
model structure or an optimization strategy such as regularization coefficient, learning rate, etc. A primitive but robust way
of hyperparameter optimization is the grid search method that
acquires an advisable set of hyperparameter configurations by
trying all the combinations of hyperparameters. However, in
the case of several learning algorithms on several datasets, random search behaves more efficiently than grid search. [157] In
terms of efficiency, the Bayesian optimization and MCTS introduced in Subsection 3.1.3 perform better in principle. The
neural architecture search (NAS) proposed by Zoph et al. is a
promising method that automates the design of neural network
architecture through reinforcement learning. [158] Notably, a
variety of tools could automate the hyperparameter optimization such as the Tune, [159] Tpot, [148] Nni, [160] Hyperas, [161]
etc. In material science, the hyperparameter optimization is integrated in the materials simulation toolkit for machine learning (MAST-ML) developed by Jacobs et al. [162] These methods and tools would help materials researchers develop ML
models faster and thus boost the development of material science.

Overfitting and underfitting can be described with the
concept of bias and variance. The underfitting means high bias
because the model is too far from the targets. The overfitting
means high variance because the model fits the training data
so precisely that a slight variation of data could cause a considerable variation of the model parameters. Thus, the overfitting model would perform poorly on unseen data which means
the lack of generalization capability. For instance, a model
that fits the transition temperature of superconducting materials perfectly on training data may be incapable of predicting
new materials.
Several measures to reduce overfitting have been discussed previously like data augmentation, adding regularization in loss function, ensemble methods, and appropriate
datasets partition and evaluation. Appropriately adjusting hyperparameters is an efficient method to mitigate overfitting.
For neural networks, a classic and efficient way is the dropout
method [163] that randomly discards some neurons in training,
this method is widely used in most types of deep neural networks. On the other hand, as for the small datasets with considerable noise, the Occam’s razor principle could be applied
to refine models: a simple model is less likely to be overfitting.
In general, a robust and reliable way to measure the overfitting
is the learning curve (Fig. 9) that illustrates the loss function
values on training and validation sets versus the size of training
sets. For example, a model for predicting the transition temperature of superconducting materials achieves lower MSE on
testing set compared to training set is a good result. However,
without learning curve, the better performance on testing set
than training or validation set is not hard evidence of no overfitting, it is probably just an instant moment of an oscillating
learning curve and the model still lacks generalization capability.

Fig. 9. Typical learning curve, y axis refers to the value of loss function,
and x axis is the number of examples.

4. Application
4.1. Crystal structures
Generally, there are mainly two kinds of ML application
related to crystal structures: classification and searching. The
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former utilized ML algorithms to distinguish different structures from existing information like chemical composition and
XRD patterns. The later aims to explore the optimal structures which meet certain conditions (e.g. minimum free energy, proper bandgap).
4.1.1. Structures classification
Oliynyk et al. [164] developed two ML models (partial least-squares discriminant analysis (PLS-DA) and SVM)
based only on elemental information for the classification of
seven types of binary AB compounds: CsCl, NaCl, ZnS,
CuAu, TlI, β -FeB, and NiAs. They collected the data of
706 compounds from the PCD and ASM (automatic storage
management) databases and the PLS-DA and SVM model
achieved an accuracy of 77.1% and 93.2% on validation set,
respectively. A hypothetical structure of RhCd was predicted to be CsCl-type by SVM model and further validated by experiment, demonstrating the predictability of their
model. They [165] extended their previous work to 1556 ternary
equiatomic ABC compounds in PCD. The SVM model was
trained for classifying these structures into seven types: TiNiS, ZrNiAl, PbFCl, LiGaGe, YPtAs, UGeTe, LaPtSi. After achieving accuracy, sensitivity, and specificity of 96.9%,
97.3%, and 93.9%, respectively, the SVM model was utilized
to make a prediction for 98769 possible ternary compounds
in order to show a structural preference for most ternary composition. For some compounds, their model indicated a confused region where multiple structure types exist under certain experimental conditions. This region was validated by the
synthesis of TiFeP, existing in both TiNiSi- and ZrNiAl-type
structures.

Xu et al. [7] collected the structural data of 3354 single
and double perovskite candidates from MP database. Sixteen kinds of ML models were then trained to predict the
formability of perovskites (i.e., classifying perovskite and
non-perovskite). All these ML models achieved the CV accuracy about 90%. Notably, there were some unreported perovskites predicted to be perovskite by ML models, which
deserve further experimental validation. For example, the
Ba2 NbCrO6 was predicted to be perovskite by 13 of 16 ML
models. ML model for classifying structures into perovskites
and non-perovskites was also served as the first step to search
for high-temperature ferroelectric perovskites in the work of
Balachandran et al., [6] which will be further discussed in Subsection 4.2.5. These ML works mentioned above classified
crystal structures into a few groups (i.e., perovskites and nonperovskites), all of which have abundant structures. In some
cases, the imbalanced data distribution at each group is a crucial issue: some groups may only contain very few data which
makes ML difficult to classify. Graser et al. [166] proposed
one solution to overcome this problem, they grouped materials types with less than a certain number (cutoff number) of
data into one type called others. The RF model they developed
was trained on 24913 data extracted from PCD and achieved
an accuracy of 97% and 85% with a cutoff number of 150 and
10, respectively. Recently, Zhao et al. [2] trained RF and neural network models based on compositional features to predict
crystal systems and space groups of material samples in MP
database. A method named synthetic minority over-sampling
technique (SMOTE) [167] was utilized to mitigate the imbalance of data, and RF with features calculated by Magpie tool
achieved the best performance.

Fig. 10. (a) The workflow of classification of XRD data with data augmentation method. (b) The structure of CNN model they used. Reprinted
with permission from Ref. [2].

Other than using features based only on chemical compositions to classify materials structures, x-ray diffraction (XRD)
patterns could also be utilized to train ML models. Park et
al. [168] prepared 150000 XRD patterns calculated from structural solution data in ICSD. Then CNN models were trained
for space group, extinction group, and crystal system classification and achieved an accuracy of 81.14%, 83.83%, and
94.99%, respectively. Notably, two experimental powder

XRD patterns of novel structures outside the ICSD database
were correctly recognized by CNN, which showed the predictability of their model. Ziletti et al. [4] also utilized CNN
based on simulated XRD patterns to classify crystal structures.
Over 100000 crystal structures were effectively classified by
their CNN model into eight crystal classes, and the attentive
response maps method for improving the interpretability of
CNN was used to reveal what the CNN leant. Naturally, ex-
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perimental XRD patterns can also serve as the input for ML
model of crystal classification. However, the relatively high
cost of XRD experiments leads to the scarcity of data, thus
limiting its ML application. To mitigate this issue, Oviedo
et al. [2] performed data augmentation strategy by combining
simulated XRD data and small number of real XRD data. Figure 10(a) shows the main workflow of their work. CNN (architecture can be seen in Fig. 10(b)) was trained on data after
data augmentation to predict the crystallographic dimensionality and space group of thin-film materials and reached an
accuracy of 93% and 89%, respectively.
4.1.2. Structures searching
Searching for materials structures with expected properties is another main direction for ML methods application. For
example, seeking the most stable structure configuration of
certain composition at certain temperature and pressure via as
few searching trials as possible, this task is usually integrated
with DFT calculation tools like VASP and QE for the estimation of formation energy or total energy.
First, take the genetic algorithm (GA) as an example.
Oganov et al. [169,170] developed a tool named universal structure predictor: evolutionary xtallography (USPEX) for this
task. This tool was based on the GA which has been discussed
in Subsection 3.1.2 and nearly 100% successfully found the
most stable configuration of dozens of prototypes with up
to 20 atoms in the unit cell. Lyakhov et al. improved the
efficiency of USPEX and enabled the application of larger
search space (up to 200 atoms in the unit cell), they also
adapted the USPEX for searching cluster structures. [171] Wu
et al. [172] developed their GA method for structure search
and applied to study complex binary and ternary intermetallic alloys. The crystal structure analysis by particle swarm
optimization (CALYPSO) developed by Wang et al., [173,174]
was built on another classic search algorithm called particle
swarm optimization (PSO). CALYPSO had been successfully

applied in the design of various materials structures such as 3D
crystals, [174] clusters, [175] and 2D materials. [176] Other algorithms that have been applied in materials structures search includes the ab initio random structure searching (AIRSS), [177]
simulated annealing, [178–180] basin hopping, [181–183] and minima hopping. [184,185]
Recently, Bayesian optimization (BO) and Monte Carlo
tree search (MCTS) have been increasingly applied in structures search. Yamashita et al. [186] applied BO for the most
stable structure search in systems like NaCl and Y2 Co17 , saving 30%–40% computational cost compared to random search.
Seko et al. [187] utilized BO in combination with cluster expansion method to seek stable oxygen-deficient perovskite structures. Not only existing structures in literature were successfully rediscovered, but their method also recommended
some new structures, demonstrating the prospect of BO in
application of atom-deficient structures. Dieb et al. [152] applied MCTS to search for the most stable structure configurations of boron-doped graphene with different concentrations.
Bayesian rollout was integrated into the simulation part of
MCTS in order to improve the performance, as a result, only
less than 2% search space was explored to find the optimal
configuration and their method performed better than sole BO
in large search space.
4.2. Materials properties
At present, most of ML works about materials science,
summarized in Table 4, focus on predicting materials properties based on structures and compositions. In this review, because of the relatively intensive ML works in these fields, we
focus on five aspects including thermodynamic stability, band
gap, superconductivity, thermal conductivity, and Curie temperature. Basically, these works are introduced in chronological order so that the update of research concerns and the improvement of ML methods and performance could be shown.

Table 4. ML application for some materials properties.
Conventional

Deep learning

Tree-based

Thermodynamic stability
[86,188–193]
[26]
[188–190,194–196]
Band gap
[31,193,197–204]
[20,203,205]
[31,196,201,204]
Superconductivity
[207–210]
[211,212]
[19,213,214]
Thermal conductivity
[79,216–221]
[79,218,222,223]
[79,224–227]
Curie temperature
[6,231–236]
[235–237]
Bulk and shear moduli
[238–242]
[97,102,243]
[25,240,244–246]
Debye temperature and heat capacity
[239,242,247,248]
[25,248]
Density of states
[87,249,250]
[251]
Dielectric breakdown strength
[23,253–255]
[255]
grain boundary structure and properties
[256–259]
[260]
[257,258]
Lattice parameter
[264–266]
[266]
Lithium ion batteries SOC and conduction
[22,267–274]
[275–277]
[22,273,278]
melting temperature
[221,279–282]
[279]
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Descriptor
[195]

Active

Unsupervised

[86]
[206]
[207,210,213]
[216,222,228–230]
[216]
[6]
[233,236]
[33]

[215]

[246]
[249,252]
[253]
[261,262]

[263]

[279]
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Next, we summary some applications using universal ML
frameworks for predicting multiple materials properties, many
of these universal methods are compared in a fair environment
so the difference between performance is clear.
4.2.1. Thermodynamic stability
Thermodynamic stability, quantitatively described by the
formation energy or the energy above hull, is usually the first
criterion for screening novel materials. The ML models for
thermodynamic stability are able to accelerate screen stable
materials without costly DFT calculations.
In 2015, Faber et al. [86] proposed the Ewald sum matrix, extended Coulomb-like matrix, and sine matrix developed
on the Coulomb matrix to represent crystal structures. Using
the aforementioned matrices as features, a KRR model was
trained on a dataset of 3938 crystal structures extracted from
the MP database to predict the formation energies of crystal
structures. The MAE on testing set was reduced when increasing the size of training set, and it reached 0.49 eV/atom,
0.64 eV/atom, and 0.37 eV/atom on a training set of 3000
structures using three matrices, respectively.
In 2016, Faber et al. [191] developed a KRR model about
the formation energies of elpasolite (ABC2 D6 ) crystals. The
model was trained on a training set of 104 crystals and yielded
a MAE of 0.1 eV/atom which was comparable to the accuracy
of DFT calculations. Then, this model was applied to predict the formation energies of around 2 × 106 elpasolite crystals constructed by main-group elements. Finally, 128 new
structures with 90 unique stoichiometries were predicted on
the convex hull and added to the MP database.
Ward et al. [189] extracted the formation energies of
435000 crystal structures from OQMD and used random
forests (RF) algorithm to train the model mapping structure
features and formation energies. A total of 271 attributes constructed by Voronoi tessellation and the structure composition
calculated by the Magpie and Vassal tools were used as features to represent crystalline compounds. A KRR model was
also trained along with the RF model to compare the performance of the features they used with other works. The MAE
from cross-validation reached 80 meV/atom which was superior to the performance using the CM and the partial radial
distribution function (PRDF). Moreover, the difference in performance between their features and CM and PRDF became
larger with the enlargement of training set size when using RF.
Schmidt et al. [190] established a dataset containing around
250000 cubic perovskites through DFT calculations. Afterward, the ridge regression, random forests, extremely randomized trees with AdaBoost, and neural network models

were applied to fit the distance to the convex hull utilizing
this dataset. The extremely randomized trees with AdaBoost
performed best among the four methods and its MAE was
121 meV/atom on training and testing sets containing 20000
and 230000 structures, respectively. Furthermore, they found
that the ML models had relatively poor performance when including elements on the first row of periodic table or relating to
magnetism. Following the conclusions in Ref. [190], Schmidt
et al. [194] used a model based on extremely randomized trees
in combination with DFT calculations to explore the stability
of ternary intermetallic structures including two prototypes:
the tI10-CeAl2 Ga2 and the tP10-FeMo2 B2 . A total of 1893
new structures were predicted to be thermodynamically stable and the use of ML models saved about 75% computational
time.
Li et al. [188] carried out two different tasks: classifying
whether perovskite phase is stable at given chemical formula
and regressing the energy above the convex hull (Ehull ) values,
791 features of elemental property were generated by Magpie tools. In classification task, the logistic regression, SVM,
decision tree, extra trees classifier, and ANN methods were
trained on a dataset of 1929 structures from the work of Jacobs Jacobs et al. [283] Among them, the extra trees classifier
performed best, which had an accuracy, F1 score, and AUC of
0.93, 0.88, and 0.98, respectively. Meanwhile, linear regression, KRR, decision tree, extra trees regressor, and ANN were
used for regression. The results showed that the best performing KRR model achieved the RMSE and R2 of 28.5 meV/atom
and 0.89, respectively, using leave-out 20% cross-validation.
The works discussed so far used features of high complexity or large quantity, Ye et al. [26] trained deep neural networks to predict the formation energies of ABO3 perovskites
and C3 A2 D3 O12 garnets using only two features: the Pauling electronegativity and ionic radii. The ANN models were
trained on a 64 : 16 : 20 random split dataset generated by DFT
calculations and achieved the MAE of 7–10 meV/atom and
20–34 meV/atom on perovskites and garnets, respectively.
Li et al. [192] calculated the formation energies of 354
halide perovskites by DFT, used them as training set, and predicted the formability of 14190 halide double perovskite candidates A2 B(I)B(III)X6 . Three ML models KRR, KNN, and
SVM were then trained to establish a map between the formation energies and the features of ionic radii and electronegativity. The best performing KRR model was then validated
by 246 unseen experimental data of the perovskite formability
(Fig. 11). The F1 score reached 95.9% which showed the generalization ability of ML model and better performance than
the traditional descriptor tolerance factor t. [284]
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Fig. 11. The main workflow of screening stable halide perovskites via ML in combination with DFT calculations. Reprinted with permission
from Ref. [192]. Copyright (2019) John Wiley and Sons.

Schleder et al. [195] utilized the XGBoost and SISSO
method to predict the thermodynamic stability of 2D materials
using the computational 2D materials database (C2DB). 2D
materials were first classified into three classes: low, medium,
and high stability. The features they used were produced
through SISSO which combining atomic and structural properties. Then a regression model that achieved a 5-fold crossvalidation RMSE of 0.165–0.245 eV was trained to predict the
formation energies and Ehull . Moreover, 10 potential 2D materials for photoelectrocatalytic water splitting were found by
HT screening.
Chen et al. [150] used BO based on a unified figure of merit
for accelerating screening of halide perovskite photovoltaic

among 432 candidates. The flowchart is shown in Fig. 12. Initially, the bandgap and decomposition energies of 20 random
candidates were calculated. In order to quantitatively describe
the potential of a material as a solar cell absorber, the decomposition energy and band gap were combined into a unified
figure of merit, and BO was used to search for perovskite with
stable and suitable band gap (∆Hd > −29 meV/atom, Eg , PBE
in 0.6–1.2 eV). As shown in Fig. 12(b), BO is able to screen
optimal candidates more efficiently than an exhaustive search
via multiple parameters. This work opens a viable route for
the search of optimal solar cell absorbers from a large amount
of material candidates with less computational cost.

Fig. 12. (a) The search progress for the halide perovskites with ideal decomposition energy and band gap. (b) The performance of BO.
Reprinted with permission from Ref. [150]. Copyright (2020) Springer Nature.
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4.2.2. Band gap
Bandgap is of significant importance in the application of
optoelectronic devices, such as photocatalysis, photovoltaic,
and luminescene. Meanwhile, bandgap is a common and relatively easily-obtained materials property either by DFT calculations or experiments. Therefore, there is a large quantity
of bandgap data stored in materials database. ML models for
the band gap prediction without carrying out time-consuming
experiment or DFT calculations could boost the discovery of
novel optoelectronic materials.
Pilania et al. [197] trained a KRR model to predict the
bandgaps of double perovskites using the data in the computational materials repository (CMR) through 5-fold crossvalidation. The RMSE by using 4 selected primary atomic
features and 16 compound features filtered by LASSO was
0.5 eV and 0.36 eV, respectively. Among all the features,
the lowest occupied Kohn–Sham (KS) levels of A-site and
elemental electronegativities of B-site are two crucial ones
having influence on the bandgaps. The predictability of the
model was further validated on the unseen data of 53 single
perovskites. Considering the well-known bandgap underestimation of DFT-PBE, Lee et al. [198] predicted G0 W0 bandgaps
through OLSR, LASSO, and SVR methods. Computationally
efficient PBE gaps were utilized as features, together with co-

hesive energy, crystalline volume per atom, and basic elemental information. The optimal SVR model was optimized by
10-fold cross-validation and RMSE of 0.24 eV was achieved
on a randomly split testing set.
An ML model with high predictability for materials properties usually requires a broad exploration of diverse structures
as training set. However, sometimes the exploration had a high
computational cost like the calculation of vast PBE band gaps
in Ref. [198]. The multi-fidelity co-kriging approach based on
Gaussian process used by Lee et al. [199] could mitigate this
issue, the low-fidelity band gaps (e.g., PBE band gaps) were
utilized but not directly as features to predict high-fidelity targets such as HSE06 band gaps. The input low-fidelity data for
the complete set of targets was not required using this method
and it had a good performance on a dataset of 640 double perovskites.
Without involving PBE band gaps as a feature, Rajan et
al. [200] predicted the GW band gaps of MXenes (2D transition metal carbides and nitrides) using the KRR, SVR, GPR,
and bootstrap bagging methods. The workflow of their work is
shown in Fig. 13. 47 easily accessible features such as melting
points and atomic radii were reduced to 15 by LASSO, and
the GPR model which yielded a RMSE of 0.14 eV performed
best.

Fig. 13. Workflow of screening semiconductors from the MXene database and predicting band gaps. Reprinted with permission from Ref. [200].
Copyright (2018) American Chemical Society.

Weston et al. [201] first trained linear regression, linear and
kernel SVR, decision tree, RF, and boosted regression tree
models to regress the HSE band gaps of Kesterite I2 –II–IV–V4
semiconductors which are promising materials in photovoltaic
(PV) application. The kernel SVR obtained the smallest 10fold cross-validation RMSE of 283 meV and R2 of 0.957 on
184 HSE-calculated band gaps. Then the logistic regression
model which achieved a F1 of 0.89 was trained to classify between the indirect and direct band gaps. Finally, 25 promising
structures were found to be stable and had appropriate band
gaps.
All the aforementioned works trained ML models on
computational data. In the work of Zhuo et al., [202] they firstly
used SVC method to classify inorganic solids into metals and

nonmetals using 3896 experimental band gaps extracted from
literature and got the accuracy and AUC of 92% and 0.97, respectively. Then an SVR model (RMSE: 0.45 eV) was trained
to regress the band gaps of nonmetals. These models were employed to estimate the band gaps of 94095 materials in PCD
database.
Dong et al. [20] constructed three kinds of CNN models
to predict the band gaps of hybridized graphene and boron nitride. The 4 × 4 and 5 × 5 hybridized graphene supercell systems were described by 2D matrix (Fig. 14(a)) which served
as the input of CNN models (Fig. 14(b)). All three CNN models achieved the prediction accuracy over 90% using computational data by quantum espresso. SVM method was also applied but had relatively poor performance. Then the band gaps
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of 6 × 6 supercell systems were predicted by transfer learning and reached similar MSE and RMSE value. Olsthoorn
et al. [203] adopted two methods to predict band gaps of large
organic crystal structures: the KRR model with SOAP kernel and the SchNet model which is a deep learning architecture for materials science developed by Schütt et al. [104]
The SOAP kernel defining the similarity between two struc-

tures had performed greatly in previous works, [285,286] thus it
could skip some feature engineering works. The ensemble
model achieved a MAE of 0.388 eV on 12500 crystal structures from OMDB-GAP1 database presented by themselves
and this model was further applied to predict the band gaps of
260092 structures in COD database.

(a)

(b)

Fig. 14. (a) The representation matrix of doped graphene supercell systems. (b) One of the CNN structures to predict band gaps. Reprinted
with permission from Ref. [20].

4.2.3. Superconductivity
Modeling the superconducting transition temperature (Tc )
and the search for the unconventional high-Tc superconductors are currently challenging tasks. Since the theoretical
model for unconventional superconductors has not been wellestablished, the ML models learning from data might provide
different perspectives. Owolabi et al. applied SVM to predict the Tc of Fe-based superconductors [208] and doped MgB2
system [209] using crystal lattice parameters as features. The
RMSE on testing set for the former was 1.104 K and the
percentage deviations of the latter reached 5.99%–10.46%.
Stanev et al. [19] modeled the Tc for more than 12000 potential superconductors from the SuperCon database via the RF
method. They firstly used chemical and structural features
calculated by Magpie tool to train a classification model that
identified materials with Tc below and above 10 K, this model

achieved an accuracy of about 92% on unseen data. Then
three separate Tc -predicted regression models for cuprate,
iron-based, and low-Tc superconductors with Tc > 10 K were
trained and got an R2 of 0.88. Finally, these models were
combined into a pipeline to search for new superconductors
in ICSD and 35 promising materials were identified. Nevertheless, the models trained on one group of data did not have
enough transferability on other groups (Fig. 15), this was later
discussed by Meredig et al. who proposed the LOOCV. [155]
The PCA, particle swarm optimization (PSO), and SVR
algorithms were combined by Liu et al. [210] to predict the
Tc . Using datasets extracted from literature and dividing data
by LOOCV, the PCA–PSO–SVR model with a corresponding
MAE of 5.34 K performed better than the model without PCA
and the neural network model they trained.
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(a)

(b)

(c)

(d)

(e)

Fig. 15. (a) Prediction on testing set of low-Tc , iron-based, and cuprate superconductors. (b)–(c) Prediction from model trained on data only
containing low-Tc materials. (d)–(e) Prediction from model trained on data only containing cuprate materials. Reprinted with permission from
Ref. [19].

Another Tc -predicted work was carried out by Hamidieh
et al. [213] using the SuperCon database. The XGBoost model
with the out-of-sample RMSE of 9.5 K was trained and further applied to predict Tc of promising materials identified by
Stanev et al. [19] According to feature importance analysis, the
thermal conductivity, atomic radius, valence, electron affinity,
and atomic mass affect the ML performance mostly.
A similar work based on the SuperCon database was carried out by Matsumoto et al. [214] Multiple ML models were
used and it was found that the RF model which had the R2 of
0.92 on testing data performed best, and the Tc of Fe-based
superconductors outside the dataset were also well predicted.
Konno et al. [212] trained the first deep learning (DL)
model for predicting Tc and achieved an R2 value of 0.92.
The DL model used only component information of materials as features through representing elements as one-hot vectors. They discovered the CaBi2 [287] superconductor outside
of the SuperCon and COD databases, and the Fe-based hightemperature superconductors [288] (discovered in the year of
2008) based on training data before 2008.
Xie et al. [215] proposed simple analytical expressions for
Tc using the SISSO method, the first expression was obtained
from the data of 29 superconducting materials from the work
of Allen and Dynes [289] and achieved the leave-one-out crossvalidation RMSE of 0.26 K using only three features. This
expression was slightly better the Allen–Dynes equation and
could reasonably predict the H3 S [290] superconductor discovered recently at high pressure. Other analytical expressions
with higher complexity and lower error were also discovered.
Recently, Le et al. [211] developed a generative ML model
for predicting Tc in SuperCon database by means of the variational Bayesian neural network (VBNN). This method had
more interpretability and reached a high R2 value of 0.94. No-

tably, the RMSE of the model reached 3.83 K which outperformed all the previous works using SuperCon database.
4.2.4. Thermal conductivity
The low lattice thermal conductivity (LTC, κω ) is a key
point for seeking thermoelectric materials with high conversion efficiency. Carrete et al. [225] estimated the LTC of halfHeusler semiconductors using theoretical descriptors and RF
method. After exploring 79000 structures in the AFLOWLIB
database, the structures with large atomic radii on two structural positions were found to have low κω and three potential
semiconductors with low κω were proposed via HT screening.
Seko et al. [291] applied the BO approach to search for LTC
compounds in the MP databases containing 54779 materials
based on 101 initial DFT-calculated data. A total of 221 new
LTC materials were discovered and two of them with bandgap
below 1.0 eV were proposed to be promising candidates for
thermoelectric applications.
About 400 cubic oxide and fluoride perovskites at high
temperatures were explored by Roekeghem et al. [216] via calculating the force constants of structures recommended from
PCA iteratively. The thermal conductivities of the selected stable materials were calculated and 36 of them were considered
as new potential stable perovskites. They also found that the
thermal conductivities of oxides were much larger than those
of fluorides.
Ju et al. [228] combined the atomistic Green’s function and
Bayesian optimization to seek the optimal Si–Ge composite
interfacial structures which make the interfacial thermal conductance (ITC) across Si–Si and Si–Ge interfaces largest or
smallest. Only several hundreds of structures (total search
space containing 60000 structures) were calculated to find
the optimal structure, which saved considerable computational
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time.
The regression tree ensembles of LSBoost were used by
Wu et al. [226] for (lattice thermal resistance) ITR prediction
in nanoscale. Bi/Si system was selected from 2025 kinds of
interfaces. The used data originated from the work of Zhan
et al., [217] where ML models with a best R value of 0.96 for
predicting thermal boundary resistance (TBR) were built using
GPR, SVR, and linear regression in combination with LASSO.
The LSBoost model (Fig. 16) achieved the R value and RMSE
of 0.93 and 11.9 × 10−9 m2 ·K·W−1 and selected the optimal
Bi/Si system for further analysis. Using the same ML methods, Wu et al. [227] trained ITR-predicting models via physical, chemical, and material features in their later work. The
best model obtained a R value of 0.96 and these models were
then used to screen 80282 material systems. As a result, 25
material systems with high ITR including Bi/Si system were
recommended by more than two ML models.
Monte Carlo tree search, which is an alternative search
method for BO, was implemented by Ju et al. [229] to study
the effect of different interface roughness on interfacial heat
conduction between Si–Ge double-layer nanofilms. Figure 17
shows the main workflow of this work. Possible roughness
configurations constituted over 106 candidates in the searching
space, while only a few hundred candidates were calculated to
obtain approximate maximum and minimum interfacial thermal conductivity. For 2D materials, Hong et al. [79] carried out
an ML work for the prediction of the interfacial thermal resistance between graphene and hexagonal boron nitride. The
linear regression, decision tree, RF, and deep neural network
models were trained only using the system temperature, coupling strength, and tensile strains as features. They trained
models based on data generated via HT molecular dynamics

(MD) simulation and the best deep neural networks had the
MSE of 0.045 × 10−7 K·m2 /W.

(a)

(b)

Fig. 16. (a) The prediction result for ITR from LSBoost. (b) The
relation between ITR prediction and the thickness and temperature.
Reprinted with permission from Ref. [226]. Copyright (2018) American Chemical Society.

Fig. 17. The workflow of MCTS for optimizing the surface roughness. Reprinted with permission from Ref. [229].

Wei et al. [218] utilized the CNN along with the SVR

ate composite materials structures and the thermal conductiv-

and GPR methods to estimate the effective thermal conduc-

ities of these structures were calculated by the lattice Boltz-

tivities of composite materials and porous media. The quar-

mann method (LBM). [293] The percentage RMSE and R2 of

tet structure generation set

(QSGS) [292]

was used to gener-

the CNN model reached 1.9% and 0.986, respectively, and
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the above three ML models outperformed existing domainknowledge models developed in the field. Recent studies show
that the nanoporous graphene structures containing disordered
pores have lower thermal conductivity than those containing
periodic pores. [294–296] In contrast, Wei et al. [230] utilized a
search method based on genetic algorithm and successfully
discovered the disordered configurations with higher thermal
conductivity than the periodic ones. To optimize pores configuration for minimal and maximal thermal conductivity of
graphene, Wan et al. [222] trained a CNN model that had R2 of
0.97 on testing data and adopted the model to inversely design the optimal structures. This method was successful and
efficient, only about 103 of the total 106 structures were calculated.
4.2.5. Curie temperature
Curie temperature (Tc ) is the transition temperature of ferroelectric and paramagnetic materials, or ferromagnetic and
paramagnetic materials. Following their prevenient work that
studied the Curie temperature (Tc ) of BaTiO3 -based ferroelectric perovskites assisted by SVR models, [232] Balachandran

et al. [6] carried out an active learning work for the design
of xBi[Me0y Me001−y ]O3 –(1 − x)PbTiO3 -based perovskites with
high Tc using data extracted from literature. The SVC model
for classifying perovskites and non-perovskites and the SVR
model for regressing the Tc were trained and integrated into
an iterative experimental design loop (Fig. 18(a)). Finally, six
perovskites including three new ones were successfully synthesized and their best Tc reached 898 K.
Dam et al. [233] trained 3.3 × 107 KRR models with different combinations of features to predict the urie temperatures of
the rare-earth transition-metal stoichiometric alloys. They performed subgroup relevance analysis for features and the best
model with 8 descriptors achieved an R2 of 0.954. Aiming
for estimating the Tc of the same type of materials, Nguyen
et al. [234] developed five KRR models with different kernels
based on 101 structures collected from the Atomwork database
of NIMS. The rare-earth concentration was demonstrated to be
the most important feature. The model with Gaussian kernel
had an R2 of 0.982 and an ensemble model was used to predict
the Tc of NdFe12 , GdFe12 , and DyFe12 .

(a)

(b)

Fig. 18. (a) The design loop for searching high-temperature ferroelectric perovskites. Reprinted from Ref. [6]. (b) The relation between the Tc
and chemical composition for the ternary system Al–Co–Fe. Reprinted with permission from Ref. [236]. Copyright (2019) American Physical
Society.

Zhai et al. [235] performed a regulatory ML work to predict the Tc of perovskites. They extracted 47 perovskites
from 9 publications and the genetic algorithm and greedy feature selection method were applied to select features. The
SVM, relevance vector machine (RVM), and RF models were
employed. SVM model owing R of 0.8549 and RMSE of
28.6659 K performed best. Furthermore, the model predicted
La0.66 Sr0.3 Ba0.04 MnO3 to have higher Tc than the materials in
the dataset.

tively.

The Tc and the maximum value of magnetic entropy
change ((∆SM )max ) are two critical properties for magnetocaloric effect (MCE) materials.
Zhang et al. [237]
trained GBRT models for estimating these two properties of
La(Fe,Si/Al)13 -based materials. Their models based on chemical composition features and the Tc -predicting model achieved
an R2 of 0.98 and 0.96 on training set and testing set, respec-

Recently, Balachandran [231] studied the relation between
the Tc and B20 alloys structures though the SVR model, which
was trained and tested on the experimental data of 19 B20
compositions extracted from literature. In combination with
DFT calculation performed by quantum espresso, the Snsubstituted alloys achieving higher Tc in Fe(Ge, Sn) compounds were predicted by his model and validated by DFT

Also using features based on chemical composition, Nelson et al. [236] studied the Tc of ferromagnets via ridge regression, KRR, RF, and ANN. In their work, a relatively big
dataset of 767 compounds was constructed by combining four
different data sources. Their best model had a MAE of 57 K
on testing set and the generalization ability was further proven
by analyzing the relation between the Tc and chemical composition for the ternary system Al–Co–Fe (Fig. 18(b)).
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calculation.
4.2.6. Universal properties prediction
In general, there are two mainstream models that were
applied for universal properties prediction: the conventional
ML or deep neural networks methods using fixed features designed by domain knowledge (like CM, BOB, HDAD, etc.)
and graph-based neural networks, such models represent material structure as graph which can be learned directly from data.
The former can also be called fingerprint-based models and
can outperform the graph-based models on small databases
(∼ 1000 data), but on large databases, the latter is more likely
to be superior to the former. [297] In this section, we focus on
applications using models with learnable features.
A comprehensive comparison of different features and
ML models for 13 electronic properties of organic molecules
was carried out by Faber et al. [298] Multiple features for
molecules were studied, including the CM, BOB, BAML,
and ECFP4 mentioned in Subsection 2.2 and the molecular
atomic radial angular distribution (MARAD), histogram of
distances (HD) histogram of distances and angles (HDA), and
histogram of distances, angles, and dihedral angles (HDAD).
The elastic net (EN), Bayesian ridge regression (BR), RF,
KRR, graph convolutions (GC), [299] and gated graph networks
(GG) [300] models were trained to predict 13 targets based on
the QM9 database containing about 118 thousand molecules.
The GC, GG, and KRR model had the lowest out-of-sample
errors across 12 properties and the best model of all properties reached or went beyond the performance of DFT (B3LYP
level).
Gilmer et al. [80] generalized some ML models based on
graphs (such as the GC, GG, deep tensor neural networks
(DTNN), [301] etc.) into a concept named the message passing neural networks (MPNNs). Then they tried to improve
the MPNNs based on the same database and properties in the
work of Faber et al. [298] Using the GC, GG, DTNN and serval
methods utilizing the BAML, BOB, CM, ECFP4 and HDAD
to represent molecules as baselines, their best model (enn-s2s)
and its ensemble version (enn-s2s-ens5) outperformed all previous methods. In order to fairly compare the performance of
different methods on various databases, Wu et al. [302] built a
platform named MoleculeNet, it integrated all the ML methods mentioned above in this section into one part of the open
source python package called DeepChem.
The SchNet proposed by Schütt et al. [104] was developed
on DTNN and outperformed the enn-s2s method for learning molecules properties on QM9 database. When learning
the formation energies of materials in materials project (MP)
database, the SchNet had a lower MAE than using features
extended from CM proposed by Faber et al. [86] Moreover,
the SchNet was used to learn the potential energy surfaces

and force field for molecular dynamics (MD) simulations, it
achieved great accuracy on the MD17 baseline set [303] and was
further applied to perform the MD of C20 -fullerene at the PBE
+ vdWTS level which was impracticable for conventional DFT
calculation.
Gradually, graph-based neural network models with better performance for general molecular or crystal properties
prediction were developed. Jørgensen et al. extended the
SchNet with edge updates networks, their method reduced the
MAE by 23% on the QM9 database for learning 12 molecular
properties, 27% and 46% on the MP and OQMD database for
learning the formation energies, respectively. The multilevel
graph convolutional neural network (MGCN) proposed by Lu
et al. [304] had better predictive accuracy than the SchNet and
DTNN on the QM9 and ANI-1 [305] database (MAE reduced
by ∼ 30%). Following the idea of many-body extension, instead of using graphs, the hierarchically interacting particle
neural network (HIP-NN) proposed by Lubbers et al. [306] represented molecules as hierarchical terms to fit their properties,
their model outperformed the MPNNs, DTNN, and SchNet
on QM9 database and energies (MAE: 0.26 kcal/mol) from
MD trajectories data. Enlightened by the SchNet and HIP-NN,
Unke et al. [306] presented the PhysNet that improved the performance again compared to previous methods on the QM9,
MD17, and ISO17 [104] databases. Chen et al. [307] developed
the path-augmented graph transformer networks (PAGTN),
each node was related to all other nodes in the graph in order to better capture structures of large graphs. The PAGTN
showed better performance than the MoleculeNet and conventional GC methods for the prediction of seven molecular properties on multiple databases. Yang et al. [297] carried out an allround comparison of general ML models for learning molecular properties on 35 (19 public) material databases and proposed their own model: directed MPNN (D-MPNN), which
outperformed all the baseline models on 12 public databases.
Meanwhile, for learning crystal properties, Xie et al. [97]
developed the crystal graph convolutional neural networks
(CGCNN) and tested the performance on seven properties
(formation and total energies, Fermi energy, band gap, bulk
and shear moduli, Poisson ratio) in the MP database. The
CGCNN achieved the MAE comparable or superior to DFT
accuracy and was further utilized to extract useful information about perovskites, which show its interpretability. Then
Sanyal et al. [308] improved the CGCNN by combining the
multitask (MT) learning based methods. Their method named
MT-CGCNN reduced the MAE by over 8% compared to
CGCNN for predicting the formation energies and band gaps,
and it still performed better than the CGCNN using 90% training data. On the OQMD database, Yamamoto [309] developed
the ensemble CGNN models without using bond distances to
successfully regress the formation energies, band gaps, unit
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cell volumes, and total magnetization.
To learn the properties of both molecules and crystals,
Chen et al. [102] proposed a general framework called the materials graph network (MEGNet). On the QM9 database, the
MEGNet presented lower MAE on 11 (13 in all) molecular
properties than the enn-s2s and SchNet. On the MP database,
the MEGNet was applied to predict the formation energies,
elastic moduli, and band gaps, it also outperformed the SchNet
and CGCNN. Moreover, they proved the feasibility of the
transfer learning of models between large databases and small
databases utilizing the MEGNet.
Recently, Klicpera et al. [310] developed the directional
message passing neural network (DimeNet) considering the
spatial direction between atoms which was usually ignored in
previous methods. The performance of DimeNet went beyond
all the prevenient methods again including the MEGNet, on
average, the MAE was reduced by 31% and 76% on the QM9
and MD17 database, respectively.
4.3. Synthesis condition and characterization recognitions
4.3.1. Synthesis condition
Materials synthesis and characterization are indispensable to materials design and development. Traditional experimental synthesis is trial-and-error process based on the domain
knowledge of experimentalists, thus time-consuming and economically costly. Recently, ML has been successfully applied
in organic chemistry synthesis to assist with synthetic route
design via retrosynthetic analysis or predict the products of
chemical reactions given a set of precursors and specified reaction conditions. [311–317] Thanks to the high-throughput experimentation (HTE) in organic chemistry synthesis, it is a
powerful tool to generate a crowd of comparable data, acting
as a foundation of ML for reaction optimization over the past
decades. [318,319] Ahneman et al. predicted the reaction performance of a palladium-catalyzed cross-coupling of aryl halides
with 4-methylaniline using RF algorithm based on data produced by HTE, revealing the value of RF model in promoting the employment of synthetic methodology. [320] Segler et
al. applied a retrosynthesis strategy to plan the syntheses of
small organic molecules, the precursors of target molecules
using MCTS algorithm combined with deep neural networks
and symbolic artificial intelligence (AI). Even though ML algorithm can effectively boost the prediction fidelity of organic
synthesis reaction and precursors of target molecules by inverse design, it is also necessary to provide an automatic platform to promote chemical synthesis, relieving time and effort investment from expert chemist. [9] Coley et al. took a
step toward a paradigm of chemical synthesis that combines
AI-driven synthesis planning and robotically controlled executions. The strategy for computer-aided organic synthesis

was demonstrated for 15 medicinally relevant small molecules
with high yields. [10]
Besides organic chemistry synthesis, in the controllable
synthesis of inorganic materials, hydrothermal and solvothermal syntheses were deemed as a popular and facile approach
to generate a mass of new materials. [12,321] Based on the
above mentioned method in the crystallization of templated
vanadium selenites, Raccuglia [78] et al. utilized unsuccessful
hydrothermal synthesis databases which was gathered from
archived laboratory notebooks of their laboratory, added the
corresponding physicochemical property feature and reaction
conditions to raw notebook using cheminformatics tools. They
provided an SVM algorithm to train a machine-learning model
to predict the outcome of reaction success, as indicated in
Fig. 19. This inverse design method possesses much more
excellent performance to forecast successful synthetic conditions with 89% accuracy than traditional human chemists by
success rate of 78% for the organically templated inorganic
product formation.
Based on the experimental data in a full-text publisher, Kim et al.
proposed an automatic platform
(http://www.synthesisproject.org/) that retrieves tens of thousands of articles and then extracts and codifies the materials
synthesis recipes via natural language processing (NLP). [13]
In light of this, they trained an ML model via a decision tree
along with a linear classifier to excavate the underlying correlation between the synthesis condition feature and the specifically desired materials without prior knowledge of experimentalists. Through the above reverse design strategy, they
further predicted the critical parameter of synthesized titania
nanotubes via hydrothermal methods.
Post-treatment in experiment is also a facile and effective strategy to modify material property in synthesis
processing. [322,323] As known, inorganic–organic halide perovskites have attracted immense concern in photovoltaics and
light-emitting diode devices in the past few years, attributing to high photoluminescence efficiency and low fabrication
cost. [324–326] However, challenges like stabilities and toxicities
need to be surmounted before large-scale fabrication of their
devices can be developed. To improve the stability of methylammonium lead iodide (MAPbI3 ) films, a post-treatment approach with different types of amines by dip-coating or spincoating craft is a simple but facile method. [327,328] Combined
with experimental data, Yu et al. employed a series of ML
algorithms to analyze their stability trend based on their compatibility on the MAPbI3 films. The model has reached 86%
accuracy on predicting the outcome of whether the perovskite
films are kept after post-treatment. Amines with fewer hydrogen bond donors and acceptors, more steric bulk, a plethora of
alternatives on the nitrogen site, and pyridine derivatives tend
to have high compatibility with perovskites films. [329]
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Fig. 19. The workflow of the work of Raccuglia [78] et al. Copyright (2016) Springer Nature.

Compared to conventional bulk materials, lowdimensional materials have attracted much attention for academic and industrial institutions due to the ample physical
and chemical properties induced by the deduction of dimensionality since the emergence of graphene. [330,331] Transition
metal dichalcogenides (TMDs) with a sandwiched structure,
as a representative two-dimensional (2D) material, have recently spotlighted attributing to widespread application in nanoelectronics and spintronics. The reduction of lateral scale to
one-dimension (1D) can further induce greater research interest due to the quantum confinement effect. [332–334] Chemical
vapor deposition (CVD) method in experiment is an effective and controllable approach to synthesize high-quality lowdimensional materials, especially for TMDs. However, it is
difficult to coordinate every growth condition with large regulation ranges which include carrier gas flow rate, precursor
source ratio, reaction temperature, pressure, deposition time,
ramp time, etc. ML is also accounted as a promising capability conducting experimental synthesis via effectively learning
from the existing data then making recommendations as a
retrosynthesis design strategy. Liu et al. [335] adopted an XGBoost classifier (XGBoost-C) together with a 10-fold nested
cross validation algorithm to predict the optimal CVD synthesis condition of 1D few-layers WTe2 nanoribbons based on
255 experimental data encompassing 141 successfully synthesized experiments and 114 negative results. H2 gas flow rate
mainly makes the evolution of 2D to 1D WTe2 , the ratio of
Te/W control nanoribbon morphology with different lengthwidth ratio. They provided a facile and effective approach
to infer the optimal synthesis condition of low-dimensional
nanostructures, opening up a new insight for intelligent material development. Another general synthesis means of 2D
material is mechanical or chemical exfoliation method, such

as graphene, TMDs, and MXene. Based on the theoretical
simulations, a myriad of potential 2D materials were predicted, but a few dozens had been experimentally realized
in a controllable way. Complementary for the experimental
synthesis and high-throughput DFT (HTD) prediction, Frey et
al. [335] provided a positive and unlabeled (PU) ML approach
to predict the synthesizability of 2D MXene using elementary
information and data from HTD calculations as inputs. They
also identified 18 MXene compounds that are promising candidates to synthesize using chemical exfoliation means from
MAX precursors.
4.3.2. Characterization recognitions
The characterization analyses such as spectroscopy and
microscopy are essential to reveal the structural, optoelectronic, and other materials properties in experiments. Spectroscopy is a conventional mean to probe bonding information
of material via the interactions of light ray and substance. Microscopy can explore the surface and morphology characterizations of materials through focused and accelerated electrons
casting on the matter. Traditional experimental and simulated
characterizations have accumulated abundant data to acquire
material properties, but some structural and electronic information cannot be conveniently attained from the above mentioned data. ML provides a new paradigm to gain material
properties on the existing data, overcoming time-consuming
conundrum.
Raman spectroscopy is a spectroscopy technique used to
study the vibration, rotation, and other low-frequency patterns
of lattices and molecules. The covalent-modification of pristine multi-walled carbon nanotubes (MCNTs) does not lead to
obvious changes in D/G ratio of Raman spectra. Therefore,
it is not an easy task to quantify the Raman spectral changes
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manually owing to tiny difference with and without functionalized MCNTs. Sato-Berrú et al. [336] used the principal component analysis (PCA) method to distinguish the Raman spectra
of pristine and functionalized MCNTs.
X-ray free-electron lasers (XFELs) owning ultra-short
high-brightness pulse have great potentials for a widespread
application on physics, chemistry, biology, and material science to unveil the structural dynamics of matter. Attributing to
inherent fluctuations, free-electron lasers usually lead to property measurement with low-repetition rate. Sanchez-Gonzalez
et al. [17] optimized four ML models including a linear model,
a quadratic model, an SVR, and an ANN to investigate the
non-trivial hidden correlations between slow, complex diagnostics and fast diagnostics and make predictions of complex
diagnostics using simple diagnostics as input with high accuracy of 97% for the spectral shape predictions. This approach
opens a new opportunity for next-generation high-repetition
rate XFELs characterization. Ghosh et al. [18] applied deep
learning algorithm to predict molecular excitation spectra.
Compared to traditional instrumental measurements and computational simulations, it is an effective paradigm shift avoiding time-consuming conundrum to accelerate spectroscopic
analysis of materials, make predictions for novel and hitherto uncharacterized materials, and discover new molecules or
materials. They adopted 10000 molecules of diastereomers
datasets to predict their own spectra which helps us to point
out interesting molecules for further analysis.
In catalytic reactions, the identification of active sites is
a critical issue so as to decipher the reaction mechanism and
design novel catalysts with high activity, selectivity, and stability. X-ray absorption specta (XAS) was accounted as an
effective approach to accurately character geometric and electronic properties of catalyst. Despite the rich structure-specific
information stored in the XAS data, extracting useful information from the spectra is challenging, especially in the condition of low metal weight loading, nanoscale dimension, and
composition distribution. Timoshenko and Frankel [337] gave a
perspective about the development on the XAS data analysis
using supervised and unsupervised ML to reveal the relationship between spectra and properties based on the labeled data,
and discover patterns in large sets of experimental data without any labels. This inverse design strategy can be extended to
other experimental and computational spectra data analysis.
Microscopy characterization is also of particular importance to probe the structural and morphologic characters of
materials. Attributing to digital data acquisition and storage,
large amount of data can be gathered as microscopic images
in the form of digital data from a simple sample. Analysis of microscopic images is a tedious work that needs practice and patience, usually done manually by microscopist after
data collections. The results of analysis might be biased by

human who hardly performs systematic and entire identifications, further leading to the results lacking consistency and reproducibility. Hitherto, alternative approaches are developed
to automate the identifications of local structures on the microscopic images and show ability to obtain high-fidelity result as
good as manual analysis.
A typical field for automating microscopy recognition
is 2D materials. Since the first exfoliation of graphene in
2004, [330] the atomically thin 2D materials, such as hexagonal boron nitride, transition metal dichalcogenides (TMD),
and MXene have attracted great attention attributing to their
unique and exotic properties. Their fantastic functionalities are correlated with their layer counts and a tiny change
of which may result in a significant difference in their
performance. [330,338,339] In this sense, facile and accurate prediction of layer count for 2D materials on a large scale is of
particular interest. Masubuchi and Machida [340] adopted datadriven clustering analysis to automatically identify the position, shape, and layer counts of exfoliated graphene flakes
from optical microscopic images on the SiO2 /Si substrates.
This analysis method can also be applied to a wide range
of 2D materials and substrates. Additionally, based on the
identification of graphene thicknesses using ML method, the
study of graphene nanomechanics and other 2D materials
has similarly led to exciting new properties in 2D crystals,
such as their remarkable in-plane stiffness and out of plane
flexibility. [341,342] Recently, an ultra-stiff phase, named as
diamene, was found by force-induced chemical transformation of a few-layer thick graphene, which was grown in epitaxial and exfoliated graphene films on SiC and SiO2 substrates, respectively. [343] Cellini et al. [344] proposed a spectral cluster analysis method to reveal the formation origin of
diamene phase which exclusively derived from one-layer plus
buffer layer epitaxial graphene using friction force microscopy
(FFM) and atomic force microscopy (AFM) topography data.
They established a novel relationship between mechanical behavior and morphological properties, such as number of layers
and type of graphene–substrate interface.
ML techniques can also open up a new venue to identify and classify defects and vacancies, further to trace phase
transformation and chemical reaction processes using electron microscopy data in experiment. [14–16,345,346] In recent
years, advanced characterization methods, such as scanning
transmission electron (STEM) and scanning probe (SPM)
microscopies, have generated enormous amounts of highveracity experimental data with multi-dimensional structure
and morphology information, especially for 2D materials, like
graphene and TMDs. [347,348] Traditional data analysis suffers
from high laborious investment and poor accuracy. Dan et
al. [346] reviewed the recent progress on the prime effect of
defect topology and density on the properties of 2D materi-
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als using STEM data in the field of ML and computer vision. Ziatdinov et al. [345] developed a “weakly supervised”
model based on deep neural network algorithm of atomically
resolved STEM images. They used limited prior information about the location of atom species and type of defects
in a sample to identify a rich variety of defect structures that
were not in training set. They further applied this approach
to track the structural and chemical transformations of multiple defects based on the silicon implanted into graphene.
Maksov et al. [15] built a deep learning framework to automatically analyze the electron beam-induced solid state reactions and chemical transformations of Mo-doped WS2 using
STEM data. This approach is universal and its application to
beam-induced reactions allows mapping structural transformation pathways in solids at the atomic level.

5. Conclusion and perspective
5.1. Summary
Machine learning approaches have been applied to various aspects of materials science embraced by structure, synthesis, characterization, property, and design, in order to accelerate research and development of new materials and reduce
cost. ML method may identify the targeted crystal structures,
like AB alloy, perovskite ABO3 , design materials with specific
material properties such as superconductivity, thermal conductivity, and Curie temperature, guide chemical synthesis, and
help characterization analysis. Since at its early stage, there
are many issues that machine learning should be developed
for its application in materials science.
5.2. Interpretability
As discussed in Subsection 3.1.2, other than predictability, ML models with good interpretability would promote
the fundamental understanding and development in materials research. Several methods had been proposed to improve the predictability of regular ML models in materials
science [19,196,211,349,350] and Molnar wrote a comprehensive
guide for this propose. [351] And algorithms that can distill analytical forms from data like SR and SISSO have already been
applied in the fields of physics and materials. For example,
Michael Schmidt et al. [352] rediscovered the law of conservation of energy and conservation of momentum using SR
trained on the experimental data of double pendulum and air
spring trolleys; Hernandez et al. [353] utilized SR to quickly
and accurately find multiple multibody interatomic potentials
that are more concise than the traditional Lennard–Jones potential and Sutton–Chen potential, and reached comparable accuracy when applied to the simulation of elastic constants in
MD. An unprecedentedly simple descriptor for perovskite catalysts, µ/t, was discovered by Weng et al. [354] via SR, this

descriptor was validated to linearly correlates the overpotential of perovskites and guided the discovery of Cs-based oxide perovskites with improved OER activity. Also, SISSO
had been used to identify the descriptor for classifying metals and non-metals, [134] Gibbs energies of stoichiometric inorganic compounds, [355] the stability of perovskite, [27] superconducting critical temperature, [215] etc. More applications
and impact of interpretable ML are expected in materials science by using those algorithms or more powerful algorithms
to be developed beyond SR and SISSO.
5.3. Active learning
The mechanisms and some applications of active learning algorithms, such as BO and MCTS, have been introduced
in Subsections 3.1.3 and 4. BO had shown significant efficiency in predicting LTC compounds, [291] designing nanostructures for phonon transport, [228] predicting interfacial thermal resistance, [227] screening halide perovskites, [150] etc. For
MCTS, AlphaGo [356] efficiently combines MCTS with two
deep neural networks (strategic network and valuation network) to conquer Go. MCTS served as the main framework
to select chess moves. In material science, Dieb et al. [152]
utilized MCTS to quickly and accurately find the most stable
structure of graphene doped with B in different proportions,
searching only 2% of the search space. Cao et al. [357] used
MCTS in combination with first-principles calculations to effectively obtain the optimum band gap of graphene nanoflakes
(GNF). One of the significant advantages of MCTS is that
the searching time increases almost linearly with the exponent
of the search space. [151] Therefore, compared to BO, MCTS
could be more suitable for problems with immense search
space and can be represented as a tree structure. Active learning algorithms like BO and MCTS would be increasingly applied in material design requiring high computational or experimental costs.
5.4. Advanced algorithms and applications
Owing to the rapid development of computer science,
modern ML algorithms like VAE and GAN that had achieved
great success in other fields are very likely to become a considerable impetus for material science research. To our knowledge, the VAE and GAN have not been widely applied in material research recently. The GAN contains a generative model
for generating data, then input the data into a discriminative
model for estimating the probability that its input is from real
world or generative model. These two models are trained together in GAN to let the generative model produce approximately real data. Li et al. [358] proposed a methodology combining a GAN for generating microstructures with BO to design microstructure materials. Nouira et al. [359] developed an
architecture named CrystalGAN to produce new stable crys-
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tallographic structures from existing data. Autoencoders contain a neural network with output layer containing much less
neurons than input layer to encode data, then decode the data
though another opposite neural network. The VAE is one kind
of autoencoders trained with a method named stochastic gradient variational Bayes and can also be utilized to generate
data. Ryan et al. [3] applied the VAE for generating structural
representations in order to predict crystal structures from the
ICSD and COD databases. The SciNet, [1] which is a modified version of VAE, was developed by Iten et al. and was
utilized to rediscover physical laws such as the heliocentricity of the solar system. Another popular ML domain is the
reinforcement learning (RL) that has conquered many fields
like the Go game, [356] some video games, etc. RL methods
such as the basic deep Q network (DQN) and policy gradients
attempt to optimize the reward after taking certain actions in
certain environments, RL would choose the actions with the
highest reward after training. RL might be increasingly applied to guide materials design directly or integrated into other
ML algorithms. For example, Sanchez-Lengeling et al. [360]
developed a framework named objective-reinforced generative
adversarial networks (ORGAN) that combined GAN with RL
to inversely design materials with desired chemical properties.

[18]
[19]
[20]
[21]
[22]
[23]
[24]
[25]
[26]
[27]
[28]
[29]
[30]
[31]
[32]
[33]
[34]
[35]

References
[1] Iten R, Metger T, Wilming H, Del Rio L and Renner R 2020 Phys. Rev.
Lett. 124 010508
[2] Oviedo F, Ren Z, Sun S, Settens C, Liu Z, Hartono N T P, Ramasamy
S, DeCost B L, Tian S I P, Romano G, Gilad Kusne A and Buonassisi
T 2019 npj Comput. Mater. 5 60
[3] Ryan K, Lengyel J and Shatruk M 2018 J. Am. Chem. Soc. 140 10158
[4] Ziletti A, Kumar D, Scheffler M and Ghiringhelli L M 2018 Nat. Commun. 9 2775
[5] Podryabinkin E V , Tikhonov E V , Shapeev A V and Oganov A R
2019 Phys. Rev. B 99 064114
[6] Balachandran P V , Kowalski B, Sehirlioglu A and Lookman T 2018
Nat. Commun. 9 1668
[7] Xu Q, Li Z, Liu M and Yin W J 2018 J. Phys. Chem. Lett. 9 6948
[8] Fischer C C, Tibbetts K J, Morgan D and Ceder G 2006 Nat. Mater. 5
641
[9] Segler M H S, Preuss M and Waller M P 2018 Nature 555 604
[10] Coley C W, Thomas D A, Lummiss J A M, Jaworski J N, Breen C P,
Schultz V, Hart T, Fishman J S, Rogers L, Gao H, Hicklin R W, Plehiers
P P, Byington J, Piotti J S, Green W H, John Hart A, Jamison T F and
Jensen K F 2019 Science 365 eaax1566
[11] Frey N C, Wang J, Vega Bellido G I, Anasori B, Gogotsi Y and Shenoy
V B 2019 ACS Nano 13 3031
[12] Rao C N R, Natarajan S and Neeraj S 2000 J. Am. Chem. Soc. 122 2810
[13] Kim E, Huang K, Saunders A, McCallum A, Ceder G and Olivetti E
2017 Chem. Mater. 29 9436
[14] Vasudevan R K, Laanait N, Ferragut E M, Wang K, Geohegan D B,
Xiao K, Ziatdinov M, Jesse S, Dyck O and Kalinin S V 2018 npj Comput. Mater. 4 30
[15] Maksov A, Dyck O, Wang K, Xiao K, Geohegan D B, Sumpter B G,
Vasudevan R K, Jesse S, Kalinin S V and Ziatdinov M 2019 npj Comput. Mater. 5 12
[16] Li W, Field K G and Morgan D 2018 npj Comput. Mater. 4 36
[17] Sanchez-Gonzalez A, Micaelli P, Olivier C, Barillot T R, Ilchen M,
Lutman A A, Marinelli A, Maxwell T, Achner A, Agåker M, Berrah N,
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