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Abstract

For different purposes, different materials are needed with specific property require-
ments. Finding the best-suited materials fulfilling these properties comes with its own
set of challenges and limitations, and forms the field of materials science. One of the
limiting factors is the time and resource investment required, whether by experimental
methods or computational simulations, to search the material space for good candi-
dates. Experimental methods heavily rely on domain expertise and intuition and can
take multiple years for results. Simulations, like Density Functional Theory (DFT) and
Molecular Dyncamics (MD) simulations, are faster, but can still take a long time and are
limited by available computing power. However, in the field of computational materials
science, Machine Learning (ML) based methods are on the rise. They have shown to
deliver good results at a fraction of the time cost that the aforementioned methods
come with, and build on the data gathered from traditional methods in the past. ML
models can classify materials and predict their properties, detect defects, systematically
search for good candidates, and even directly generate potential materials fulfilling
property requirements. This review will give an introduction to ML algorithms and
how they work, and cover different ways the technology is utilized for different mate-
rials. Superconductors, perovskites, polymers, fibre-reinforced polymers (FRPs), and
Metal-Organic Frameworks (MOFs) specifically will get a more detailed coverage. The
current state of the art, as well as the direction research could head in the future, will
be presented, giving a good overall picture of ML in materials science.
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1 Introduction

Materials science, the discipline of finding materials well suited for their purpose, was
traditionally based on experiments and trial-and-error. This process can span many
years and takes substantial resources [87], as chemical or physical relationships between
different material properties are not always known in a closed form [51]. To help
alleviate this problem, different computational tools, like DFT and MD simulations,
are in use. These tools can simulate and predict the behaviour of materials and
chemical compounds under different conditions, predicting their properties [83, 64,
87]. While they reduce the need for experiments, they still require significant time and
computational power [40]. To further reduce the time requirements of this process,
ML, a subfield of Artificial Intelligence (Al), has seen increasing use in recent years.
ML is a field of computer algorithms based on statistics that aim to automatically
recognize patterns and relationships in data. This can then be used to quickly and
accurately predict the properties of different materials [18]. Using this technology, it
is possible to classify materials, search through databases for those exhibiting desired
characteristics, and generate potential candidates directly. However, they first require
a certain amount of training data before they can be put to use. The quality, amount,
representativeness, and accuracy of this training data directly influence the performance
of the final model. To help facilitate this process, multiple databases, like the Materials
Project database [28], or the NOMAD database [63], exist, both to train ML models
and to search through them using a trained model. Additionally, certain material
classes have their own databanks, containing different materials of this class, like
the Supercon databank, which contains superconductors. Different models are used
for different purposes for multiple material types, like superconductors, perovskites,
or polymers. Supervised learning models can find relationships between material
properties, unsupervised models can classify data, and generative models can directly
generate potential compounds.

In section 2, a short introduction to ML algorithms, how they are classified and eval-
uated, will be given, as well as a short introduction to materials science. Additionally,
past reviews about ML in materials science and what they cover will also be introduced.
Section 3 will first explain the methodology behind creating this review. Then, section
3.2 will go into different material classes and how ML is used for them, and what
models are commonly used. Different efforts to improve the predictive power of these
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models will also be covered. After that, an explanation of commonly used models and
how they work will also be given in section 3.3.
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2.1 Machine Learning

ML encompasses a set of algorithms that enable automatic recognition of patterns in
data [87]. Then, it is possible to make inferences about unseen data. This way, it is
possible to avoid lengthy trial-and-error methods where typical methods, like using
physical laws, are not available. However, utilizing these algorithms is not as simple as
running them and getting results. The steps of a general ML workflow will be shortly
described here.

Firstly, one needs to acquire training data. This is the data that the model will recog-
nize patterns in, apply these patterns to other unseen data, and make predictions. In the
tield of Materials Science specifically, multiple databases containing information about
different compounds exist and can be used as a source for training data. Experiments
and computer simulations are additional methods of data acquisition.

Secondly, the features for the models need to be selected. Features, also called
descriptors [18], are the properties the model bases its predictions on in the case of
material science. This step is called feature engineering, and also includes modeling or
encoding the features in a way so that they are usable for ML algorithms. [84].

Thirdly, one must select a model to use. The choice of algorithm depends on the
specific training data available and the use case. On one hand, they are classified into
supervised, unsupervised, and reinforcement learning, based on their learning type
[19]:

¢ Supervised learning requires labeled training data, which consists of input-output
pairs. The final model predicts the output on new data, given only the inputs.

¢ Unsupervised learning utilizes unlabeled data and seeks patterns in it. Thus,
it lends itself to different tasks than supervised learning, like clustering. This
method is less common.

¢ Reinforcement learning gives positive or negative stimuli to the algorithm to
influence its behavior as it interacts with the environment. This learning type is
rarely used for materials science.
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On the other hand, the models are also classified by their function. The most relevant
are regression, classification, clustering, and generative models:

* Regression predicts one or multiple properties given a set of predictors. This
requires supervised learning [83].

¢ (Classification is similar to regression, but instead assigns datapoints to predeter-
mined classes during inference [83].

* During clustering, the algorithm assigns datapoints to different clusters and
determines what each cluster is characterized by. The clusters are not predeter-
mined, unlike the classes in classification. Clustering is one of the applications of
unsupervised learning.

* Generative models follow an inverse design principle. While regressive models
predict properties given a material, generative models generate a material given a
set of properties it should exhibit.

Lastly, after selecting a model, it can be trained and evaluated. Since it is hard to predict
which specific model performs best on a given task, it is also possible to train multiple
different ones and compare their performance to find the best-suited one.

This performance evaluation is the next and last step of the workflow. Generally,
not all available data is used for training, but part of it is withheld to test the model
later. Different metrics are used to judge and compare model performance. First, error
metrics measure how far away a model’s prediction is from the actual result. Common
ones include mean absolute error (MAE), mean square error (MSE), and root mean
square error (RMSE), whose formulas are
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where 7 is the number of observations, y; is the actual result for observation i, and
#; is the predicted result for observation i. Lower error metrics mean that the model’s
predictions are closer to reality and better. Another important metric is the coefficient
of determination, or R%-value, given by this formula:
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A R?-value closer to one indicates that the model explains more of the variance in
the predicted variable from the predictors and thus has higher predictive power [83].

2.2 What is Materials Science?

2.2.1 Experimental Materials Science

The field of materials science includes the study and discovery of materials. The specific
materials vary wildly depending on the area of application, like FRPs in aerospace
applications [41] or superconductors for particle accelerators and nuclear fusion reactors
[10, 11]. Finding new materials fulfilling the desired properties for their respective area
of application is one of the main goals of this field [5]. Traditionally, this experimental
approach was a costly and lengthy process, encompassing researchers conducting
experiments and slowly optimizing parameters and material properties [6, 64], requiring
human intuition or even luck [64]. Iteratively, new candidates would be synthesized
and characterized until a satisfying result is achieved [12]. For instance, searching for
new superconductors, materials without electrical resistance, experimentally, is just
testing materials for this property in a trial-and-error manner, with a low success rate
[88]. One method for this is high-throughput experimentation (HTE). Synthesis robots
can automatically synthesize a large number of materials, albeit these robots are fairly
expensive [65]. The design space for potential materials is very vast, involving multiple
predictive variables with a lot of possible combinations. Furthermore, the relationship
between predictive and target properties is not necessarily known in a closed form, and
can instead only be evaluated point-wise [51]. This experiment-based approach is also
known as the first paradigm of science, while science based on physical and chemical
laws is the second paradigm [40, 84].

Besides the synthesis of new materials, analysis of them is also important, for instance,
to find defects or signs of wear. Non-Destructive Evaluation (NDE) is the process of
finding such defects in components or materials without causing any damage to them.
Ultrasonic testing is an example of an NDE method, relying on ultrasonic waves
interacting with the material to get an idea of what the inside looks like [78]. Another
example is infrared thermography (IRT), which uses external heat sources to heat up
the material, and changes in the surface temperature are measured and interpreted [61].
These methods then however, rely on humans interpreting the data, causing potential
bottlenecks, as this process takes time, and human errors [78].
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2.2.2 Computational Materials Science

With the emergence of computational materials science, the efficiency of this process
was greatly improved. Computational methods like DFT, MD [83, 64], and Monte
Carlo simulations [64] form the third paradigm of science [40] and can predict a
compound’s properties, reducing the need for costly experiments. These methods
can be categorized into quantum-mechanical simulations based on DFT, which solve
Schrodinger’s equation, and methods based on inter-atomic potentials or force-fields,
like MD simulations. MD simulations allow for a larger scale and are faster than
quantum-mechanical methods, but are less accurate and not as easily transferable
[17]. Additionally, both the performance of these simulations and available computing
power constantly increased over time. They allow for high-throughput screening of a
large number of candidate materials, and find the best candidates for experiments [64].
To help researchers in their efforts, multiple large databases of known materials and
their properties exist. One such database is the Materials Project database, which is
a collaboration between different scientists to create an open archive of lots of varied
materials and compounds [28]. This data is based on theoretical calculations and
simulations. Another similar database is the NOMAD database [63].

Still, these computational methods require significant time and resources, limiting
their usability for long-term simulations or larger systems [40]. Additionally, screening-
based methods are still limited to already known materials [90]. The fourth paradigm of
science [12] utilizes ML to find patterns in the training data [38], instead of calculating
a compound’s behavior. This allows for faster results and lower resource requirements
compared to the simulation methods mentioned above [18]. These methods and the
aforementioned databases laid important groundwork for the rise of ML in materials
science. The algorithms require vast amounts of training data first, and this data often
stems from simulations and datasets [6], like the Materials Project. Additionally, there
is great interest in a workflow based on an inverse design principle. This means that
one starts with the properties the material needs to exhibit, and then creates it from
there. Using ML, this approach is possible [90]. Utilizing ML, the aforementioned
synthesis robots can also be improved. ML models can guide the synthesis process
and help accelerate it and improve its efficiency [92]. Other models can also interpret
data from NDE methods, to support humans in their evaluations of the testing data
[78]. Interatomic potential required for simulations can also be obtained via ML [17].
In conclusion, there are many different ways ML can improve common workflows in
computational materials science.
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2.3 Existing Reviews

Of course, multiple other reviews covering the use of ML in materials science exist.
They either give a general overview of how Al is used in this field for multiple materials
or focus on one class in particular. In either case, they usually also give an introduction
to ML and the workflow behind it, as well as an explanation of different algorithms
used.

2.3.1 General Reviews

B. Yu, L. Zhang, et al. (2025) give an overview of how ML is used in materials science
for property and phase stability prediction, crystal structure prediction, materials
discovery, and design, determining structure-property relationships and materials
characterization and analysis. Additionally, they give some problems and future
challenges this technology faces, including the need for a lot of quality data and the
need to share it between different industries or organizations.

Bai and X. Zhang (2025) also describe different ML algorithms, as well as databases
used for training and what compound types they focus on. The materials and ap-
plication fields covered include carbon nanotubes and organic light-emitting diodes
(OLEDs) in material discovery, property prediction for multimetallic and intermetallic
compounds, and optimization and design of gold/silver nanoparticles and hybrid
materials. Finally, the importance of databases, feature engineering, and considerations
concerning the uncertainty of ML are described as important challenges.

2.3.2 Material Specific Reviews

Tran, Dam, et al. (2024) focus on superconductors. They explain the physical theory
behind superconductivity and list different superconductors, like sulfur hydride H3S or
lanthanum hydride LaH;, found using computational methods. Notably, this is not
referring to ML, but instead direct calculations or simulations. Then they cover how
ML is used in this field. Specifically, how it is used to predict important properties like
T. from chemical formulas or atomic structures and to find high T, superconductors.
A cyclical approach is employed to find new superconductors directly, where outputs
generated by the model are verified using simulations or DFT calculations and then
used again to train the model further. Using symbolic ML techniques, empirical
formulas for T, can also be refined.

J. Wang, Lou, et al. (2025) lay more emphasis on the niche field of ionic liquids
(IL) and its areas of application, e.g., for perovskite solar cells (PSCs). ILs are liquids
consisting of anions (like COOH™ or CI') or large, inorganic cations (like ammonium
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and imidazolium). Besides the general ML workflow, the authors also describe different
molecular descriptors commonly used, those being molecular fingerprints, SMILES
strings, potential energy functions, a graph with atom and bond weights, Coulomb
matrix, bag of bonds/fragments, 3D geometry with associated atomic charges, and the
electronic density. Selecting a descriptor is an important consideration regarding avail-
ability, training cost, model performance, and accuracy. While multiple model types,
like Random Forest (RF), Extreme gradient boosting (XGBoost), and neural networks,
are used for PSCs, they can not adequately handle the complex interactions between
ILs and solar cells. However, graph neural networks (GNNs) have an advantage, as a
graph structure can better describe spatial and relational information.

ML techniques are also of interest for perovskites directly. They have been used
to confirm whether compounds can actually form the perovskite crystal structure,
analyze bandgaps of perovskites, as well as optimize and predict the power conversion
efficiency (PCE) of a PSC [70]. Additionally, optimizing reactions, determining structure-
property relationships, and discovering new materials of this type are other applications
of the technology [92]. ML can also be used to guide Autonomous Material and Device
Acceleration Platforms (AMADAPs), which automatically conduct experiments and
screen materials for their properties. It is an iterative process repeated multiple times,
guided by ML until the target efficiency is reached. These methods could independently
discover new materials for efficient photovoltaic cells with a long lifespan [92].

M. Chen, Yin, et al. (2024) summarize the use of ML to predict bandgaps, stability,
and crystal structure of perovskites. Additionally, the use of symbolic learning to
tind relationships between intrinsic properties of the material is covered, as well as
applications directly related to perovskite use for solar cells.

Liang, X. Wei, et al. (2025) review progress in the field of composite materials
specifically. The authors summarize how past work utilized ML to elucidate material
properties and behavior, predict material properties, and directly design new composite
materials. Artificial Neural Networks (ANNSs) play a huge role in this material class, as
this model is used in many studies.

Pai, Shah, et al. (2025) cover polymers, specifically elastomers, thermoplasts, and
thermosets. Different properties of these materials are predicted using various models,
with ANNs being a common choice. Large Language Models (LLMs) are another
promising class for polymer design. They use a mixture of natural language and
chemical descriptors or interpret chemical structures as a language. This approach
allows for equally accurate, but much faster results than others. Additionally, different
feature engineering strategies are discussed.

Y. Hu, Q. Wang, and Ma (2024) cover the search for thermally conductive single
polymer chains, amorphous polymers, and MOFs. They also describe the general ML
workflow and potential databases for training data, including PoLyInfo, PI1M, QM9,
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and Polymer Genome for polymers and the CoRE MOF and QMOF databases for
MOFs. The importance of the selected database, descriptors, and algorithms is covered
as well. As a final conclusion, the authors cite a lack of quantity and quality in the data
present in the aforementioned databases related to thermal conductivity as a major
challenge moving forward.

Du, Xin, et al. (2024) give a detailed description of the general ML workflow and
multiple algorithms used. They then describe how these algorithms are used for MOFs.
Classification algorithms are used to find MOFs with high gas separation performance,
primarily CO, adsorption. With prediction algorithms, relationships between molecule
structure and properties are found. Additionally, optimization algorithms, like BO and
GA, are used to find optimal synthesis conditions.

Y. Liu, Dong, and H. Wu (2024) focus on MOFs. First, they cover data sources
for different compounds. Both simulations and natural language processing to ex-
tract information from the literature are possible options. Additionally, databases
for different MOF structures exist: hMOF, a database of computationally generated
hypothetical MOFs, and CoRE MOF, created from experimental data and made to be
computation-ready. Different algorithms, like Crystal Graph Convolutional Neural
Network (CGCNN), ANN, Decision Tree (DT), and linear regression, are in use, often
to predict gas-related properties, like gas uptake, separation, and hydrogen storage.
Other predicted properties include performance as catalysts, stability under different
conditions, and electrochemical properties. Transfer learning is also covered as a way
to speed up the learning process with less data, by transferring knowledge from one
domain to another, like from Hj related properties to CHy. Reinforcement learning can
simulate the synthesis environment and optimize MOF properties. Genetic algorithms
are also in use.

L. Zhang, H. Zhang, et al. (2025) focus on Amorphous Alloys and how ML is used
for the prediction of amorphous alloy phases, glass-forming ability, and other material
properties. They find that too much or too little data negatively affects prediction
results, and 300 to 600 samples is a good middle ground. Additionally, predictor
variables need to be carefully selected, as using multiple physically irrelevant features
complicates the process.

Abdelhamid, H. Mohamed, and Kelouwani (2024) cover the use of ML to supervise
additive manufacturing methods. First, they give a short explanation on how additive
manufacturing works. Then they show how ML is used in this process. ML can be
used to monitor the manufacturing process in real time, either using visual data or data
from sensors. These models can then detect potential defects earlier, to reduce the costs
of wasted materials. Additionally, ML techniques are also used to optimize process
parameters.




3 Machine Learning in Materials Science: A
Review

3.1 Review Setting

Papers were collected from Scopus (www.scopus.com) by filtering papers using "ma-
chine", "learning", and "material" (for materials science) in the keywords field, as well
as those where the specific material (e.g. "superconductor”, "perovskite") appears in the
title, abstract, or keywords. However, some papers, including all the ones covered in
section 3.2.5, were found without filtering for a specific material. The total number of
papers available in Scopus for each search varies wildly, with superconductors having
by far the fewest results, and polymers the most. For detailed numbers, refer to table
3.1.

Papers were then picked by hand by judging their novelty and uniqueness from their
titles and abstracts. Many papers use well-known, supervised learning algorithms like
RFs or ANN s to predict certain material properties. Of course, these are still relevant
and were considered to be included in this work. But papers utilizing more unique
or novel models were favored. This includes unsupervised learning models, papers
covering inverse design, generative models, diffusion models, physics-informed models,
and any other unique models, like the Mixture of Experts (MoE) model at the end of
section 3.2.1 [101] and ChatMOF [32] in section 3.2.4.

The next section will cover the different papers and how the authors use ML for them.

Table 3.1: Number of papers using ML available in Scopus for each material as of July

15, 2025.
Material search term Number of results
Superconductor 83
Perovskite 354
Polymer 752
Metal Organic Framework 251
None 13,326

10
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Table 3.2: Different databases used by papers covered in this review in Section 3.2.

Database example paper using it

SuperCon Zhong, Y. Wang, et al. (2024)
Materials Project (MP) Touati, Benghia, et al. (2024)
NOMAD Seegmiller, Baird, et al. (2023)
Inorganic Crystal S. Kumar, Dutta, et al. (2023)

Structure Database (ICSD)

Open Quantum Materials Database | Chenebuah, Nganbe, and Tchagang (2024)
(OQMD)

CoREMOEF Kang and Kim (2024)

OMOF Kang and Kim (2024)

ARC-MOF Yue, S. A. Mohamed, and Jiang (2024)
Conductive MOF (CM) Lin, H. Zhang, et al. (2024)

Alexandria Zeni, Pinsler, et al. (2025)

GEOM-QM9 Vieira Wyzykowski, Niazi, and Dickson (2025)
GEOM-Drugs Vieira Wyzykowski, Niazi, and Dickson (2025)

Table 3.3: Some of the most common models and how often they approximately appear
in the papers covered in Section 3.2.

Model Number of appearances

RF 23

ANN 16
Gradient Boosting Decision Tree (GBDT) 9
Support Vector Machine (SVM) 9
XGBoost 6
DT 5
5
4

Light Gradient Boosting Machine (LGBM)
Categorical Boosting (CatBoost)

11
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For an overview of different databases used, refer to table 3.2. Different models used
will also be discussed. For an overview of some of the most used supervised regression
and classification models, refer to table 3.3. RF and ANN are by far the most used
models. However, GBDT, XGBoost, LGBM, and CatBoost can all be grouped under
gradient boosting models, which would bring their total number of appearances to 24,
which means that overall gradient boosting-based models are the most used, with RF
being a close second.

3.2 Material Science View

This section will go into different material classes and how ML is used relating to
them. Regressive models, made to predict certain properties of a given compound,
have multiple uses. They can help explain physics-property relationships [101], guide
researchers, or scan material databases for known compounds exhibiting unknown
properties, like finding new superconductors in a database containing 2D materials
[69].

3.2.1 Superconductors

Superconductors are a class of materials that show no electrical resistance and per-
fect diamagnetism below a certain temperature, called critical temperature T. [10] or
transition temperature [88, 21], measured in Kelvin. While searching for new super-
conductors, the goal is to find ones with a T, as high as possible, ideally at room
temperature. Since high T. superconductors are not very well understood currently
[88], ML is a promising approach to finding new ones.

Roter, Ninkovic, and Dordevic (2022) clustered superconductors using their chemical
composition as the only feature of the clustering model, aiming to find possible
structures in the data. The clustered data stems from the Supercon dataset and data
collected from the literature. The outliers in the clustering result can be potential new
families of superconductors. Additionally, they found that the clustering process is
best done in multiple steps, meaning that after clustering the entire data, one can then
apply the algorithm again to the clusters for further details.

Predicting T,

Different models are in use, like ALIGNN and CatBoost. Besides the specific model,
feature engineering and training data selection are the most important factors influenc-
ing prediction accuracy. In fact, it is possible to already achieve good prediction results

12
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using only one feature [9]. Thus, research can focus on improved feature selection
methods and novel types of ML models.

Accordingly Gashmard, Shakeripour, and Alaei (2024) first clean the SuperCon data
set, using 13022 of its 33407 entries for training. Then, they create a Python package
that generates 322 atomic descriptors for compounds. Of this large number of features,
only the most important ones should be selected for training, for which purpose they
developed another Python package that picks the 30 most relevant ones. This way, they
could outperform past models using different feature sets and algorithms, reaching an
R? of 0.952 and RMSE of 6.45K.

On a similar note, S. G. Jung, G. Jung, and Cole (2024) introduce Gradient Boosted
Feature Selection (GBFS), which leverages statistical analysis, using metrics like F1-
score for classification or RMSE for regression models, to support feature selection.
Additionally, they employ multicollinearity reduction, recursive feature engineering,
and Bayesian hyperparameter optimization to improve the models. Using this approach,
they train two GBDT models, one for the classification of superconductors (classifying
them into T, > 10K and T, < 10K) and one predicting T.. Notably, they only use
chemical descriptors and no crystalline descriptors, limiting predictive potential. The
final classification model used 29 features, and the regression model used 34 features.

Models predicting T. can also be used to find new superconductors via high-
throughput search. By using an ALIGNN model, trained to specifically recognize
hydride superconductors, and scanning through the ALEXANDRIA dataset with it,
about 50 systems with T, > 20K could be found [10]. In another work, the authors
scan the NOMAD dataset using a tool called DiSCoVeR, which stands for Descending
from Stochastic Clustering Variance Regression, while simultaneously ensuring the
scanned compounds are chemically valid. They find a lot of potential superconductors,
with multiple of them showing transition temperatures upwards of 100K [66]. Pereti,
Bernot, et al. (2023) create a model called DeepSet, making use of ANNS, to screen the
minerals accepted by the International Mineralogical Association. Multiple potential
superconductors are found, about 44% of which were already known as such. Addi-
tionally, three of the predicted, unknown superconductors are experimentally verified,
two of which the model correctly predicted. In the search for new superconductors,
J. Zhang, K. Zhang, et al. (2023) employ an integrated model consisting of a Light
Gradient Boosting (LGB), Extra Tree, and GBDT trained on the Supercon dataset to
predict transition temperatures. While mining the Materials Project database, the model
identifies 20 compounds with a T, above 50K.

A slightly different approach was taken by Tran and Vu (2023), who instead predict
A and wjog, two properties related to the electron-phonon interactions, from atomic
structures of compounds from the Materials Project database using a Gaussian Pro-
cess Regression (GPR) model, from which T. can be approximately calculated. T, is

13
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predicted for an environment at 0 pressure. This approach has the advantage that A
and wjog directly correlate to the atomic structure, making predictions more physics-
inspired. Calculating T. afterwards is trivial. This way, the authors find two potential
new superconductors, and both materials have already been studied in a different
context before.

Pogue, New, et al. (2023) train a model called RooSt, a GNN, in a closed loop, starting
with a model trained on the SuperCon database. Then, this model scans the Materials
Project and Open Quantum Materials databases for new candidate superconductors. A
selection of potential superconductors is experimentally verified and then added to the
training data of the model. Notably, both correct and wrong predictions are added to
the training data. This way, the model is able to rediscover 5 known superconductors,
as well as discover a previously unknown, new one.

A novel model is employed by Zhong, Y. Wang, et al. (2024), who train a MoE
model integrating dopant recognition. The SuperCon database serves as a basis for
training, with the training set consisting of 10,076 compounds after filtering. With it,
ten elemental, physical, and doping experts are trained. Each of them focuses on a
different descriptor for their predictions. The elemental experts consider the elemental
composition of the superconductor, the elements, and their stoichiometric coefficients.
The physical experts encompass a total of 116 features, including chemical, physical,
and electrical properties. Finally, the doping experts are based on doping elements
in the material. These models on their own already show decent performance, with
their R? values reaching 0.932, 0.945, and 0.948 for the physical, elemental, and doping
experts, respectively. Finally, a gating model is created, which dynamically determines
the weight of each expert’s prediction for the final result. The final prediction is the
weighted sum of all the experts

> 8i(x)-ei(x) (3.1)

with ¢;(x) and e;(x) being the weight and prediction of expert i respectively. This final
model reaches an R? of 0.962, RMSE of 6.502K, and MAE of 3.257K, values surpassing
other models. To highlight the importance of the doping factor, the authors additionally
compare this models prediction for the superconductor Bij 4Pbg ¢SroCay.«GayCuzO7,
with the doping factor x varying between 0 and 0.8, to that of other models. The
superconductor shows a sudden change in T, for x = 0.1, which the MoE model
predicts correctly, while the other models could not do so, as illustrated in Figure 3.1.
Additionally, to find new superconductors, 1500 candidates are generated using the
Supercon-Diffusion [102] model by the same authors discussed in section 3.2.1, 40 of
which were new high-T, superconductors with T, > 120K.
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Figure 3.1: Comparison of different models” predictions of T; for a given superconduc-
tor at different doping ratios. The experimental T,-value is 104 K, the MoE
model’s prediction is 102 K. The next closest model predicts a T, of 73 K.
The image was taken from Zhong, Y. Wang, et al. (2024).

Generative Models

While regression models require a compound as input and thus have limited potential
for finding new superconducting materials, generative models can create new materials
exhibiting wanted properties directly.

Supercon-Diffusion [102] is a diffusion model for the purpose of generating high
T. superconductors with optimal doping ratios. Diffusion models work by gradually
adding Gaussian noise to real data and then removing it again in the reverse diffusion
process to create the generation result. A denoising model is trained to learn the
denoising process during training by trying to re-create the input sample. After
training during inference, a random Gaussian noise sample is denoised to create a
generation result. See Section 3.3.5 for further details. 7315 superconductors are
collected from the Supercon database, and sorted into low (20-40 K), medium (40-77
K), and high T, (>77 K) categories, with each class containing around 2500 entries. To
encode doping ratios of these materials, 3 matrices are created, with the first matrix
representing the integer part of the stoichiometric coefficient, and the second and third
matrices corresponding to the first and second decimal of the stoichiometric coefficient.
Each matrix has the dimensions of 86 x 10, since 86 elements were present in the
superconductors, and the respective coefficient is encoded using one-hot encoding.
In total, each superconductor is encoded using a 3 x 86 x 10 matrix. Additionally, at
each time step of both the forward and reverse process, a conditioning for the class of

15



3 Machine Learning in Materials Science: A Review

superconductor (low, medium, or high T;) is also added in a one-hot encoded form.
When generating a new superconductor, the same conditioning is also supplied. The
superconductor is generated in the aforementioned matrix representation. With this
model, the authors are able to create 200 potential new high T, superconductors not
documented yet. All of them are members of known families, created by doping
existing superconductors.

Using diffusion, it is also possible to find entirely new families of superconductors, as
shown by SuperDiff [88]. A 96 x 1 vector is used as a descriptor for the superconductors.
Element 7 of this vector is the stoichiometric coefficient of the element with atomic
number 7 in the encoded material. 96 was the highest atomic number present in
the data, and thus the length of the vector. The elements in the vector allowed for
non-integer values, so doping was also encoded this way. Four different models for
different families of superconductors are trained from the SuperCon data: a cuprates
model, a pnictides model, a model for other classes, and a model for all classes. To find
new families of superconductors, the models are conditioned, meaning their reverse
diffusion process was modified, after which they require a reference superconductor
for the generation process. This reference influences the generation at each denoising
step with the goal of the result sharing a similar chemical composition to the reference.
The four trained models are copied and modified with the conditioning mechanism,
resulting in 8 models total. From the unconditional models, the authors sample 500, 000
generations to compare the performance to the conditioned models. All the versions of
SuperDiff are able to generate many unique and novel materials; however, the ability
of the conditional models to do so depends strongly on the choice of conditioning
reference. Most of the materials are predicted to be stable (have negative formation
energies) as well. To find out if the models generate superconductors of new families,
the results are clustered. New clusters of unknown families would indicate that new
families have been found. While the unconditional versions are unable to generate
new families, the conditional ones find multiple new families. Two examples are
Li;xBexGasRh and Naj.xAly.yMgy.yGe1..Ga,, generated by using LiGapRh and NaAlGe
as conditioning respectively.

3.2.2 Perovskites and Solar Cells

Perovskites are an emerging material class, with one use field being photovoltaic
cells [97]. They are classified by their ABX3 crystal structure, where A, B, and X are
organic cations, metal cations, and halide anions, respectively [68], in the case of a
hybrid organic-inorganic perovskite. If the A-site cations are inorganic ions, then the
perovskite is classified as an all-inorganic one [70]. They can also exist as a double
perovskite, possessing an ABB’Xj3 structure, following the same rules for what elements
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can be in which position. [81]

Solar Cell related Properties

Different chemical or physical properties are of interest when considering a material
for use in a solar cell. One of them is the bandgap, which influences the wavelength
of light that can be absorbed [71]. Accordingly, ML has been used to quickly screen
potential materials for favorable characteristics [97, 13]. ML models are commonly
selected by training multiple different models, picking the best performing one when
evaluated using R? and error metrics, like MSE, MAE, or RMSE.

For instance, Z. Zhang, S. Liu, et al. (2025) strategically investigate the prediction
abilities of eleven models and four different structural descriptors when predicting
bandgaps. Many-body tensor representation (MBTR) performs the best across the
board for the descriptors. The majority of the ML models are pretty close together
in performance, but the overall quality was heavily influenced by the choice of the
descriptor. Two of the descriptors, sine matrix and Ewald sum matrix, are naturally
suited for use in GNNs, and these models can outperform the Convolutional Neural
Network (CNN)- and decision tree-based models used with these descriptors. How-
ever, the latter two model types can employ all of the descriptors, and among them,
CustomCNN performs the best, surpassing the GNN models as well.

S. Kumar, Dutta, et al. (2023) also create a bandgap prediction model, trained from
14633 entries from the Inorganic Crystal Structure Database (ICSD), most of which
are not perovskites. Additionally, a subset of this data is used to train a classification
model, which can identify stable compounds. For both purposes, RF performs the best.
Using these models, 246,820 prototype compounds, constructed from the periodic table,
are screened for stability and bandgap.

Touati, Benghia, et al. (2024) collect 761 perovskites from the Material Project database.
Then they train an XGBoost classification model to predict the crystal structure, and
regression XGBoost and RF models to predict formation and bandgap energies. This
way, stable perovskites for solar cells can be identified.

H. Wang, Ouyang, et al. (2024) utilize independence screening and specifying operator
(SISSO) to find formulas to predict the bandgap of perovskites. They then search
through databases to identify unknown materials with suitable bandgaps for solar cells,
finding 14 new lead-free perovskites.

According to Y. Chen, H. Liu, et al. (2025), possessing a direct bandgap, as opposed to
an indirect one, is another important factor influencing a perovskite’s usability for solar
cells. Thus, they create a ML model to predict the bandgap type of different double
perovskites. The models used include gradient boosting (GB), RF, CatBoost, and LGBM.
They are trained using data from the materials project database, and the final model the
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authors select as the best performing one is LGBM, exhibiting a 90% accuracy. Given
the general ABB’X composition of double perovskites, the authors can directly construct
candidate materials from the periodic table and use their trained model to classify them
into direct and indirect bandgap materials, finding 176 promising Br-based double
perovskites.

A similar approach can be found in Ahmad, Ibrahim, et al. (2025), who first train
an RF model to predict the highest occupied molecular orbit (HOMO) and lowest
unoccupied molecular orbit (LUMO) energy levels of materials for solar cells. Then,
they extract compounds similar to already known and used materials for solar cells
and use the trained model to predict their HOMO and LUMO energy levels, showing
that they are suitable for this application.

Leveraging the pattern-finding abilities of ML is also an opportunity to improve
our physical understanding of material properties. One tool to achieve this is SHAP
analysis, which extracts how much each feature influences the final prediction in a ML
model. Subudhi, Sivapatham, et al. (2025) also train an RF model, which predicts the
PCE of perovskites. However, they did not use the model for any predictions. Instead,
they perform a SHAP analysis to extract the importance of each feature. These insights
can then guide researchers in their efforts. Pindolia and Shinde (2024) also predict
the PCE of perovskite solar cells, specifically KSnlz-based ones, using a RF model.
Abdellah and El-Shafei (2024) use autoQSPR models to predict solar cell properties,
PCE among them. The model is trained on data extracted from the literature.

Besides the perovskite, other materials are needed for a solar cell. One of them is
the hole transport material, the choice of which also influences the performance of the
solar cell. Thus, Rashid, S. Lee, et al. (2024) employ a RF model to predict the hole
mobility of hole transport materials for perovskite solar cells.

Other Perovskite Properties

Other properties of perovskites, not necessarily related to solar cells, are of interest
as well. For instance, Alfares, Sha’aban, and Alhumoud (2025) train multiple models,
RF, Support Vector Regression (SVR), ANN, and Ensemble Regression Trees (ERTs)
among them, to predict the lattice constant of ABX3 perovskites. The training data
consists of 122 unique compounds from an earlier study. The GPR model performs
the best, reaching an R? of 0.99 on the test set and 1 on the training set. Bi, M. Wang,
et al. (2024) create a Deep Neural Network (DNN) and a MoE model utilizing three-
dimensional convolutional neural networks (3DCNNSs) that predict the adsorption
energies of halogen-containing organic-inorganic hybrid perovskites. SHAP analysis
on these models reveals which halogen atoms have the highest influence on adsorption
energy. Other examples are a Light Gradient Boosting Machine (LightGBM) model
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which predicts the phonon cutoff frequency of ABO3; perovskites [22] and models
predicting the spontaneous polarization of perovskites [72].

Jacobs, J. Liu, et al. (2024) use a RF model to predict the area-specific resistance (ASR),
a property related to catalytic performance, of perovskites. They then screen a set of
over 19 million constructed perovskites for promising new candidates.

Laref, Massuyeau, and Gautier (2024) train multiple ML models, like k-Nearest
Neighbour, Logistic Regression, RF, DT, SVM, and GBDT, to predict whether materials
could form a perovskite structure. They then analyse the importance of the features
for the prediction. They find that the number of ammonium groups (NH3*) present
majorly impacts the ability to form a perovskite structure.

Chenebuah, Nganbe, and Tchagang (2024) extract 36016 perovskites from the Open
Quantum Materials Database (OQMD) and 6540 compounds from the Materials Project
(MP) database. A mesh-grid descriptor for perovskites is designed. It is represented by
a 32 x 32 x 3 RGB image, made up of 3 individual 32 x 32 meshes. Each of them has a
distinct purpose; The first one is the label mesh, encoding identification information,
like the elements, number of atoms, and stoichiometry present. The second one is the
property mesh, containing thermochemistry features. The third and last one is the
X-Ray Diffraction (XRD) mesh for XRD patterns. The generation of perovskites using
the model takes place over three phases. The first phase is a semi-supervised Variational
Autoencoder (VAE) (SS-VAE). The VAE projects the perovskites onto a Gaussian latent
space, while reducing the feature dimensionality. A Multi-Layer Perceptron (MLP)
is used to find regions likely to contain highly stable materials of the correct crystal
structures in this latent space. In this case, highly stable materials are defined as those
with a formation energy E; < —1.5e¢V /atom, which is a more demanding threshold,
since generally compounds with Ef < 0eV are considered stable. For the second
phase, this latent space and the regions of interest are passed to an auxiliary generative
adversarial network (A-GAN). This model generates latent space vectors of close
similarity to the extracted vectors. Additionally, the auxiliary model predicts lattice
features of the original vectors, ensuring validity. For the last phase, these compounds
are decoded into perovskites, adopting the characteristic crystal structure. The results
are screened for their charged neutrality, as neutrally charged compounds are more
stable, and energetic stability. For this step, any materials with a negative formation
energy pass screening, as opposed to the aforementioned —1.5¢V /atom threshold.
Then, the perovskites undergo further screening via Bayesian Optimization (BO) and
DFT, which simulate stress relaxation of the geometry. Converging materials are further
examined. The final model is able to rediscover multiple materials from the OQMD
and MP databases, and 72 perovskites are identified as new chemistries.
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3.2.3 Polymers

Polymers are a very broad material class, used in many applications. Different proper-
ties are of interest depending on the use case and type of polymer. They are formed by
multiple, smaller monomers reacting to build one large molecule.

Pure Polymers

One approach to improve the performance of ML models is to create physics-informed
models. These models are tuned to take into account known physical characteristics.
An example of such a model is SLIMNet, a physics-informed neural network, by Xu, X.
Yu, et al. (2025), which leverages properties following scaling laws inherent to polymer
materials. The properties of a single Gauss segment of the polymer also apply to the
entire polymer chain. The model is split into two parts, one of which predicts the
properties of the monomer, and the other predicts properties of the polymer using
a physics-informed approach and the scaling trait mentioned previously. This way,
the model is able to outperform RF on a relatively small dataset of 1070 molecules,
with higher R? and lower error metrics. Notably, the RF model still performs decently
on most of the data. However, it shows massive prediction errors for some of the
molecules, while the physics-informed model gives much more accurate predictions
for these cases.

Ran, An, and L. Zhang (2024) create another physics-informed neural network
to predict the behaviour of phase-seperated homopolymer blends. Their model’s
loss function takes into account known physical relations related to phase separation
behaviour. Additionally, they made use of symbolic regression to find analytical
formulas for the relationships.

X. Fang, Murphy, et al. (2025) obtain block copolymer small-angle X-ray scattering
(SAXS) data via automated chromatography. These polymers can come in six different
morphologies. The authors then extract six physics-informed features from the X-ray
data to train a RF model predicting the morphologies. The classification performance
of this physics-informed model is compared to that of two other RF models, which use
different feature sets. The physics-informed (PI) model proves to be way more accurate,
only misclassifying a small fraction of the materials.

One use case of polymers is in membranes. The properties of interest for membranes
are their permeability and selectivity. Zheng, S. Zhang, et al. (2024) utilize a RF model to
find new membranes for carbon capturing. So in this specific case, N> /CO; selectivity
is of interest. The membranes for training are collected from the literature and screened
for fragments used. Ten fragments of three categories (terminal reactive, terminal
unreactive, and nonterminal) are identified. The membranes are encoded in a ten-bit
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vector, where each bit represents the presence of the corresponding fragment. The
resulting model is then used to screen candidate membranes for their selectivity and
permeability.

Phua, Terasoba, et al. (2024) use dimensionality reduction to reduce the data of
Anion-Exchange Membrane Polymers into two dimensions using PCA and UMAP,
visualizable using a coordinate system. Then, they use the k-means algorithm to cluster
the results, identifying material classes. Researchers can use the resulting map to guide
them in designing new Anion-Exchange membranes.

Nanjo, Arifin, et al. (2025) introduce SPACIER, using Bayesian Optimization to
effectively search through polymers for those exhibiting wanted properties. In SPACIER,
features of the repeating unit of the polymers are extracted into a 170-dimensional
vector. The user gives an initial training set and search space, and determines how
many new candidate polymers should be added at each optimization step. A Gaussian
Process surrogate function is calculated to approximate the relationship between the
feature vector and the target properties, as calculated by MD simulations. During
each iteration, an acquisition function, which represents the probability of a compound
being within the target region, is evaluated to find the most fitting candidates. The
predetermined number of the best candidates undergo MD simulations to find their
target properties, and are then added to the training set, and the surrogate function
is updated to account for the new data. Any polymers added to the training set are
removed from the candidate set. To illustrate the function of SPACIER, the authors use
a set of 1077 polymers from another paper and calculate their specific heat capacity
Cp and refractive index. Ten randomly selected polymers of this set form the initial
training data. Ten candidates are added to the training set in every iteration. The
authors define three target regions, and SPACIER finds all polymers in these regions
within 20-30 iterations. This is compared to a Fix-GP approach, which functions the
same but does not update the model, and randomly selects the candidate polymers at
each step. The Fix-GP version is also able to find all the polymers within 30 cycles, but
took more cycles than SPACIER, and the random approach, which selects polymers at
each step completely randomly, finds less than half of the polymers in a given region
within 30 cycles. Then, they explore polymers with both increasing refractive index
and Abbe number. There is a tradeoff relationship between these two properties with
an empirical upper limit, known as the Pareto boundary. As a candidate set, they
use the 1077 polymers from before, plus an additional 101,487 compounds artificially
generated from monomers. Within 20 iterations, SPACIER manages to find polymers
gradually approaching and eventually surpassing the Pareto boundary. 64% of the
found compounds surpassed the boundary at the end. The authors synthesize two
of the found polymers, and their predicted properties are in good agreement with
experimental values.
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Jain, Armstrong, et al. (2024) use an GPR to recommend polymers for additive
manufacturing (also known as 3D-printing). After an initial dataset and model training,
they use Bayesian optimization to find new, fitting polymers to synthesize, analyze,
and add to the training set before retraining. This process is iterated multiple times.

Hickey, Feinstein, et al. (2024) train a graph convolutional neural network (GCNN)
to predict the glass transition temperature of polymers. The training data is scraped
from the literature and consists of 7558 T, values. This model is compared to a
quantum chemistry approach, using 100 temperature values from the same source for
the calculations. The GCNN shows an R? of 0.9 and RMSE of 38.08 °C. The QM model
exhibits an R? of 0.86 and RMSE of 34.53 °C.

Mysona, Nealey, and Pablo (2024) predicts the lamellar period of homopolymer block
polypeptides using an ANN. In a sample gathered from a simulation, all polymer
chains follow the exact same structure and chemical species ordering. This is opposed
to random block copolymers, where the species ordering is not consistent. Every
polymer chain consists of two blocks, one consisting of 32 beads of the same species, the
other of 32 beads of two different species. Data sets are constructed from simulations,
and feed-forward neural networks are trained on them.

Fibre Reinforced Polymers

To further enhance the properties of polymers, they are commonly used for composites.
Composites are materials made out of at least two different materials. The properties
of the composite are then different from those of the individual elements [38]. This
section focuses on FRPs composites.

Since these composites are commonly used in construction, predicting their fatigue
and failure is important. Loh, H. T. Nguyen, and K. T. Nguyen (2024) use Deep Learning
(DL) to predict failure properties of fibre-reinforced polymer laminates under fire
exposure. Three models are trained: One predicts the time to failure, temperatures of
the surfaces facing towards and away from the fire at failure, and the axial displacement
at failure (DNN 1); the other two predict the temperature history of the unheated
surface, but for materials with different flux (both referred to as DNN 2). The training
data is obtained experimentally, by exposing the material to constant axial tension stress
while applying constant radiant heat flux, so heat was transferred by electromagnetic
radiation to one side. DNN 1 is trained on 38 data points, while DNN 2 low flux
and DNN 2 high flux are trained on 57,154 and 88,227, respectively. The data stems
from the same experiments, but DNN 1 only predicts the final outcome, while DNN
2 models the entire temperature history until failure, which is why it requires much
more training data. DNN 1 shows good agreement with the experimental values in its
predictions, with R?-values > 0.977 for all properties, albeit slightly overestimating the
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axial displacement at failure, which the authors attribute to the same being true for the
training data. The same holds true for DNN 2, with an R? of 0.944 on the test set for
both the high- and low-flux versions.

Other works investigating FRP fatigue and damage include Osa-uwagboe, Udu,
et al. (2024), who predict damage of FRPs under out-of-plane load. k-NN is the best-
performing algorithm, but most models have very high R? scores. Another example
is Mahapatra and Satapathy (2024), who investigate the erosion behavior of sponge
iron slag-filled ramie-epoxy-based hybrid composites. Training data stems from past
published work by the authors. The Gradient Boosting Machine (GBM) model performs
the best over SVM, RF, and DT. Oh, D. Lee, and Park (2024) use changes in electrical
resistance in carbon reinforced polymer pipes and unsupervised learning to detect
damage in the pipes. Experimentally obtained data of impact damage is reduced to two
dimensions using PCA and then clustered by damage type using k-means clustering.
A. Kumar, Arora, and Nehdi (2024) predicts near surface mounted FRP rod-to-concrete
bond strength and failure mode. Multiple models are tested, and XGBoost performs
the best, outperforming past analytical models. The other models the authors test
include linear regression, DT, GBDT, RF.

Albuquerque, Sarhadi, et al. (2024) use a CNN and GPR to reconstruct fatigue
damage from thermal imaging. This technology can be used for monitoring. Both
artificially constructed images using a multivariate Gaussian distribution and images
taken from materials in experiments are used for training. Compared to a simple least
squares regression, they perform slightly better, but the linear regression is already
good, with R? values above 0.9.

Tian, L. Wang, and Xian (2024) use different ML models to predict the bond strength
of fiber reinforced polymer bars to concrete. The authors deem CatBoost the most
suitable for the task, and the models outperform existing mathematical equations from
the literature.

Rabby, Das, et al. (2024) train multiple models to predict different properties related
to the curing of fiber-reinforced polymer composites using dielectric features obtained
from experiments. First, they create a SVM to categorize the curing degree. Next, they
train a MLP to predict tensile strength. Lastly, another SVM classification model is
trained, which can monitor the aging process and degradation of prepreg, the raw
material used to create the composites.

Tunukovic, McKnight, et al. (2024) utilize ML for flaw detection of Carbon Fiber-
reinforced polymer (CFRP) materials from ultrasonic testing (UT). UT works by sending
an ultrasonic impulse into the material and analyzing the returning waves after they
interact with the sample. An example of a UT image with and without a defect present
can be seen in Figure 3.2. Multiple ultrasonic scans of 8 different CFRP samples are
created for training. Notably, none of these contain any defects. The defect detection
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Figure 3.2: An example of a UT image, both with and without a defect. The image was
taken from Tunukovic, McKnight, et al. (2024).

problem is transformed into an anomaly detection task instead, where anomalous
results produced by the model indicate structural flaws. For this task, an unsupervised
autoencoder is trained. The samples are transformed into a latent space, and the
decoder learns to reconstruct the original input from the latent space representation.
The difference between the input and output serves as the loss function; in this case,
the MSE is used for the loss function. Furthermore, a DBSCAN clustering model is
trained as a gating model. Defect/Anomaly detection works by analyzing the loss of
the reconstructed image, where a higher error indicates defects. In certain structures
with complex geometry and varying thickness, finding defects would be more difficult,
as the small error around the defect gets drowned out in the MSE, which considers all
pixels of the scan image. Such areas include the front- and back-walls, also marked in
Figure 3.2. After clustering, areas to be removed before using the sample to train the
autoencoder network can be identified. To test the model, scans from samples with
artificial defects are utilized. The model trained on the gated dataset performs better
and indicates defects more clearly. Visible reconstruction errors are identified in 36 out
of 40 simple geometry samples, and 22 out of 24 are identified in the complex geometry
samples.

3.2.4 Metal Organic Frameworks

MOFs are three-dimensional structures, consisting of metal corners connected by
organic linkers [62].

Kang and Kim (2024) introduce ChatMOF, which finds or generates MOFs based on
user input. These user inputs are natural language queries, interpreted by a LLM which
generates scripts to fulfill requests. For instance, after the user asks how the density of
a certain MOF compares to that of others, the model generates Python scripts that find
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the density of the specific material and the average density of all compounds, compares
these values, and then responds with the results. ChatMOF consists of three compo-
nents: the agent, the toolkit, and the evaluator. The agent generates a strategy to obtain
the information requested by the user, referring to the toolkit. The toolkit contains
the tools necessary to obtain the information. They include table searcher, predictor,
generator, and general utilities like calculators, visualizers, and internet searchers. If the
required information is already present in the tabulated data, the table searcher finds
it; otherwise, the predictor is employed, which utilizes the MOFTransformer model to
predict it instead. For each request, the most appropriate, fine-tuned MOFTransformer
model is selected. The generator can generate new structures fulfilling the required
properties. To achieve this, a genetic algorithm is employed. The gene representations
for this are textual, facilitating the usage of an LLM. The data for these processes
stems from multiple databases. The COREMOF database, containing various properties,
and QMOF, used when electrical data, like formation energy, HOMO, or LUMO, is
needed. Finally, the evaluator, another LLM, generates a final response from the results
provided by the toolbox. The authors employ GPT-4, GPT-3.5-turbo, llama2-7B-chat,
and llama-2-13B-chat as agent, toolkit, and evaluator.

For certain applications of MOFs, like catalysis, their stability in water (or other
materials) is important. Without stability, they could break down and lose their
functionality [73]. Accordingly, there are efforts to find stable MOFs using ML. Terrones,
S.-P. Huang, et al. (2024) predict water stability of MOFs. First, a dataset of 1092 MOFs
is derived from the WS14s and WS24s datasets. Each compound is assigned to one
of four groups: unstable (U, cannot tolerate moisture), low kinetic stability (LK, can
tolerate low humidity), high kinetic stability (HK, can tolerate high humidity), and
thermodynamic stability (TS, stable in water for at least seven days, or at least one
day in acidic, basic, or boiling conditions). Two model types are trained: 4-class
models, assigning MOFs to one of the four aforementioned classes, and 2-class models,
classifying compounds as either U+LK or HK+TS. RF is exclusively used for these
models. Additionally, a genetic algorithm is employed to identify potential new (as in
not yet synthesized) MOFs.

Z. Zhang, Pan, et al. (2024) also use RF classifiers to achieve the same goal. Addition-
ally, they experimentally verify the prediction results for two compounds. The classifier
correctly predicts both as stable and one as more stable than the other, by assigning a
higher likelihood of being stable to the more stable one.

Yue, S. A. Mohamed, and Jiang (2024) also train a RF and Crystal Graph Convolu-
tional Neural Network (CGCNN) to predict thermal expansion properties of MOFs.
They are trained on compounds from the CoORE-MOF and ARC-MOF databases, and
with data obtained from MD simulations. Notably, RF performs better. G. Zhao and
Chung (2024) predict MOF partial atomic charges also using a CGCNN. These charges
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are relevant for the adsorption properties of the materials.

Deng and Sarkisov (2024) use the CoRE MOF database and simulations to train an
XGBoost algorithm to predict gas adsorption of ethane, propane, krypton, xenon, CO,,
and Ny. This work specifically focuses on highlighting the features used for the model.
Bailey, Jackson, et al. (2023) train models to predict the Hy, CHy, and CO; uptakes in
MOFs. GBDT performs the best.

For usage in catalysis and gas separation, the diffusivity of a MOF is also important.
Guo, X. Huang, et al. (2023) predict the diffusion selectivity of binary gas mixtures and
diffusivity of the gases using RF, GBDTs, XGBoost, and LGBM. The 6013 MOFs the
authors use for training stem from the 2019 CoRE-MOF database and the diffusivity
of nine gases (Xe, CHy, Kr, N», H;S, Oy, CO,, Hy, and He) from MD simulations.
LGBM performs the best, with an average R? of 0.967. Additionally, the LGBM model
performs well when extrapolating on C,Hg, as confirmed by MD simulations. After
conducting SHAP analysis on the same model, the authors find that pore limiting
diameter is the most impactful feature determining molecular diffusivity, while the
molecular polarizability primarily determines the diffusion selectivity of binary gas
mixtures.

Sarikas, Fanourgakis, et al. (2024) employ a self-consistent approach for training a
ML model to screen MOFs for hydrogen storage capabilities. This approach is iterative
and works as follows: First, an initial training set is created by randomly selecting a
set number of materials from the entire dataset. Then, their adsorption uptakes are
calculated by grand canonical Monte Carlo simulations. With this training set the model
is trained and predicts the gas capacity of the compounds in the entire data set. A set
number (which can be different from the size of the initial training set) of the MOFs
with the highest capacities is then added to the training set, and the whole process starts
again with simulations. At some point, all the MOFs with the highest gas capacities, as
predicted by the model, will already be in the training set, and it will no longer change
after the last step. When this happens, the process is considered converged and ends. In
this work, the size of the initial training set and the number of compounds added each
iteration are set to 100. The goal is to get performance on par with regularly trained
models while greatly reducing the size of the training set. To evaluate this approach,
98,695 MOFs are collected from 19 databases. The authors perform 100 runs of trying
to find the 100 best performing MOFs in terms of volumetric and gravimetric capacity
under pressure swings (PS) and temperature-pressure swings (TPS) from these 98,695
materials. The model is able to find all the compounds with the highest gravimetric
capacities under both PS and TPS conditions in almost all runs, while its ability to do so
was severely lacking in finding the highest volumetric capacities. The authors attribute
this to high volumetric capacity MOFs spanning different regions of the feature space,
and almost spanning the entire feature space at TPS conditions, as opposed to MOFs
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with high gravimetric capacities appearing in only two regions of the feature space.

Lin, H. Zhang, et al. (2024) train ML models on 224 compounds from the Conductive
MOF (CM) database. Multiple model types are trained both for classification and
regression of electrical conductivity. For classification tasks, an ensemble model of
CatBoost, RF, and ANN using a majority-vote system performs best, while ANN
performs the best for regression.

MOFs also show potential for Photocatalytic water splitting (PWS), the process of
splitting water into oxygen and hydrogen under sunlight. C. Wang, Wan, et al. (2024)
utilize ML to find MOFs capable of efficient PWS. However, they only use a CGCNN
to complete missing properties and then search for fitting MOFs using simulations.

3.2.5 Other Materials

Madani, Lacivita, et al. (2025) create CrysCo, a more general model to predict the
properties of different materials. It is a hybrid model made of two separate networks;
the first is a GNN taking in crystal structures, and the second receives compositional
features and physical properties. It is trained as a whole at once using data from the
Materials Project database. The graphs used to train the GNN are especially noteworthy.
Three graphs are generated to capture specific features of the crystal structure, and
any pair of atoms within 8A is considered connected. In the first graph, G8 nodes
represent atoms, and edges are bonds; the second graph L(G8) is a line graph of G8,
where nodes are bonds and edges are bond angles, and lastly, L(G8d) is another line
graph similar to L(G8), but the edges now represent dihedral angles. Using the final
model, it is possible to predict properties of inorganic materials, like formation energy
or bandgaps. Compared to other past models, this approach holds up very well and
often comes out on top in terms of accuracy, using MAE as the metric.

R. Wu, Y. Zhang, et al. (2025) create both a black- and white-box ML model to predict
fatigue properties of twinning-induced plasticity steels (TWIP steel). For the black-
box approach, the experimentally obtained data is first clustered with the k-means
clustering algorithms, after which the best regression model is determined and trained
for each individual cluster. Five candidate models are tested for each cluster: Kernel
Ridge Regression (KRR), Adaptive Boosting Regression (ABR), RF, SVR, and GPR.
The white-box approach uses symbolic regression, starting from a big population of
mathematical formulas and gradually replacing less fitting ones until a mathematical
expression for property prediction is found.

J. Wang, Fan, and Cai (2025) use multiple ML algorithms to predict the fatigue
performance of stainless steel and compare their performance. The models the authors
test are LightGBM, SVM, RF, K-Nearest Neighbor (KNN), GB, XGBoost, ANN, and
Genetic Algorithm-Artificial Neural Network (GA-ANN). GA-ANN differs from a
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normal ANN in that it uses a genetic algorithm to fine-tune model parameters. Among
these, GA-ANN performs the best, with ANN being in second place, with both being
significantly better than the rest, using R%, MAE, and MSE as metrics.

ML can also be used to classify unknown materials. Lopez-Baldomero, Buzzelli,
et al. (2025) use multiple different ML approaches (SVM, RF, Partial Least Squares
Discriminant Analysis (PLS-DA), KNN, Linear Discriminant Analysis (LDA), DL) to
classify the inks used in historical documents, which is of interest for preservation
and restoration. The input data are photos taken by two cameras for visible and near-
infrared (VNIR, 380-1080 nm) and short-wave infrared (SWIR, 888-1732 nm) light. The
models are trained using a mixture of real historical documents, mock-ups, and a subset
of the Microsoft COCO dataset. DL performed the best overall, with SVM being the
best among the traditional models. The authors argue that the choice between the two
should be made primarily on available resources, as DL requires more computational
power.

Lai, Gomez, et al. (2025) predict the ultimate tensile strength (UTS) of cold-sintered
composites using X-ray computed tomography (CT) images. Since the other tested
models perform badly, they use a CNN where they replaced the last layer with a single-
node output that predicts UTS. To further improve performance, the 5 models trained
by the 5-fold validation are combined into an ensemble model, taking the average of
all models as the final prediction. This ensemble model reaches an R? of up to 0.94 on
unseen data, despite the training set only consisting of 31 samples. Furthermore, after
utilizing a median meta-learner, the final test set R? can be raised to 0.95.

Hossain, Uddin, et al. (2024) create ANNs that predicts the compressive strength,
tensile strength, and tensile strain of engineered cementitious composites. Samples
collected from the literature serve as training data. Multiple ANN models are trained
for each property, one with 2, 4, 6, 8, 10, 12, and 14 hidden layers each. The model
with 10 hidden layers performs the best for the prediction of compressive and tensile
strength, and the model with 12 hidden layers performs the best for tensile strain.
Additionally, the authors analyze the impact of the features on the prediction results.

Mirzaei, Haghi, and Shokrieh (2024) use an ANN, whose hyperparameters are
fine-tuned by the NSGA-II genetic optimization algorithm, to predict the fatigue life
of laminated composites. The authors conducted both experiments and simulations
to obtain the necessary training data. The model shows a high R?, and strongly
outperforms other, traditional models (DT, RF, SVR, Gradient Boosting). Additionally,
the authors find that the magnitude of the applied force has the biggest impact on the
fatigue life prediction by far.

W. Zhao, Pang, et al. (2025) investigate the residual stress and microhardness of
metallic materials after laser shock peening (LSP) using an ANN. During LSP, a strong
laser is used to create bubbles of plasma on the surface of a material. These bubbles
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gradually heat up and expand as they absorb more energy from the laser until they
explode, sending a shockwave through the sample. The goal of this procedure is to
improve the fatigue, wear, and corrosion resistance of the material. The model the
authors train is physics-inspired, as the input features, which are related to the peak
pressure of the shockwave, the propagation of the shockwave, and the deformations
of the material under the shockwave, are directly, physically related to the predicted
properties. Training data is obtained from the literature. The authors compare the
results to past ANNs with the same goal, but whose features were more traditional and
not physics-inspired. The physics-based ANN reaches an R? of 0.99935 and MAE of
0.00644 for microhardness, while the traditional model has an R? of 0.87661 and MAE
of 0.10805. For predicting residual stress, the results are closer, but the physics-inspired
ANN still outperforms the traditional one. Additionally, when compared to the results
of an empirical formula, the author’s model also produces better results.

Kameni, Palessonga, et al. (2024) use an ANN with one input and output, and
two hidden layers with ten neurons per layer to predict the conductivity from the
electromagnetic shielding of three different composites. A sample is taken for each
material, and training data is gathered experimentally. The three tested composites are
an aluminum foil and plexiglass one, an aluminum grid in a dielectric matrix, and a
resin filled with carbon fibers.

Mallah, Giilerytiz, et al. (2025) use ML to find new organic semiconductors. They
train multiple models using 1142 datapoints from a literature review and websites
containing chemical data. The best performing models are Ridge Regression and RF.

There also exist generative models for more general usage. MatterGen[90] is a
diffusion model that generates inorganic crystal compounds. To train the base model,
the authors use 607,683 compounds from the Materials Project and the Alexandria
datasets. The crystalline materials are defined by their chemical elements, coordinates,
and periodic lattice. For the reverse diffusion process, a score network is trained on a
large number of stable materials. To ensure generated materials fall within the given
constraints, an adapter module is injected into the score network at each layer, which
fine-tunes the model using labeled data. This adapter-based approach has the advantage
of requiring many fewer training samples while still being effective. MatterGen is able
to both generate possible crystal structures from elements and materials exhibiting
given magnetic, electronic, and mechanical properties. The model is able to rediscover
already known materials not seen in the training data. During a test run, the authors
generate 1000 structures, all of which are unique, and the ratio of unique structures only
drops to 52% after generating 10 million, 61% of which are new;, illustrating the model’s
ability to generate varied structures. One of the generated compounds, TaCr;Og, is
synthesized. The generation for this material uses a bulk modulus target of 200 GPa,
and DFT predicts a value of 222 GPa for this property. Additionally, of the total 8,192
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generated compounds when targeting 4 different bulk modulus values (50 GPa, 100
GPa, 150 GPa, and 200 GPa), 101 match already known ICSD compounds. The 95
property values successfully calculated by DFT for these materials align well with the
target, resulting in an MAE of 23 GPa and an RMSE of 32 GPa.

Vieira Wyzykowski, Niazi, and Dickson (2025) introduce AGDIFF, a diffusion model
trained on the GEOM-QM9 and GEOM-Drugs datasets. The goal of the model is to
predict 3D locations of atoms in a molecule from its 2D graph representation. The
graph representation of the molecules contains further properties besides the general
structure, like bond types and the presence of charges, by labeling edges and nodes
with this information. The model utilizes two encoder streams, a local and a global
one. While the global encoder takes the entire molecular structure into account, or
the entire molecular graph in this case, the local encoder focuses on a smaller set of
edges. Local edges are determined by their distance being within a set cutoff distance
of 10 A. The global encoder handles both local and global edges, while the local
encoder only gets local edges passed to it. Furthermore, the encoder is improved from
past works by adding an attention mechanism and a 10 A cutoff distance past which
atomic interactions are ignored, among others. To test the model, its performance on
alanine dipeptide is evaluated. Multiple different configurations for the molecule are
generated, and the distribution of the results is in good agreement with past studies of
the compound. Additionally, its performance on the test sets from the GEOM-QM9
and GEOM-Drugs datasets is evaluated. For this COV-R, the proportion of reference
conformations generated by the model, and MAT-R, the average deviation of each
generation from the nearest reference, are used as metrics. AGDIFF reaches a mean
COV-R of 93.08% and a mean MAT-R of 0.1965 A on the GEOM-QMS9 dataset, and a
mean COV-R of 91.31% mean MAT-R of 0.8237 A on the GEOM-Drugs dataset.

Quesada-Molina, Mofatteh, et al. (2025) first generate Voronoi patterns with different
numbers of seeds (or centers) and edge spacings. The patterns had two distinct
phases, which were utilized as a base to construct two-phase composites. In this
case, approximately 6000 images are generated, and one phase is set as thermoplastic
polyurethane (TPU), and the other as polylactic acid (PLA), resulting in about 12000
materials. The image is mirrored to generate 3 additional ones, and the representative
unit cell (RUC) is extracted from the result. This RUC is additionally discretized,
resulting in 22500 CPS4 finite elements (FE), on which FE simulations are conducted
to find elastic properties, specifically Young’s modulus E;, and the volume fraction
of the stiff phase U}DLA. To confirm the simulation results, two different samples
are manufactured and undergo stress testing, resulting in a below 5% error margin
between the two methods of obtaining data. Thus, the simulation results are considered
the ground truth moving forward. These images are used to train a CNN, which
predicts the aforementioned elastic properties. Furthermore, a Deep Convolutional

30



3 Machine Learning in Materials Science: A Review

Generative Adversarial Network (DCGAN) is trained to generate synthetic images
of Voronoi patterns. A CNN generates the synthetic 128 x 128 pixel images from a
latent space vector, and another CNN classifies the images into fake and real ones. The
feedback from the classification model is used to adjust the generative model during
training, so that it can generate highly realistic images. Furthermore, an optimization
algorithm for the inverse design of materials following the Voronoi-inspired structure is
implemented. For this, the generative network of the DCGAN and the CNN predicting
E; and vPt4 are utilized. The algorithm works as follows: First, latent space vectors
are randomly sampled until one that causes the generative model to generate images,
whose properties, as predicted by the regressive CNN, are within a given maximum
error of the requested values. This error is a weighted sum of squares

Lssg = M (E1 — E1)* + )\2(@?“‘ - UJIZLA)Z, (3.2)

PLA PLA

where E; and 9%/ are the predicted properties, E; and v ¢ are their wanted values,
and A1 and A, are weighting factors given by the user. After a suitable vector is found,
the optimization phase of the algorithm starts. For each iteration of this phase, each
individual element of the latent space vector is perturbed by a small, predetermined
amount, and the gradient of the loss function Lssg with respect to the perturbed
element is approximated. Then, the same element of the vector is updated by a given
step size according to the gradient. Note that the updated components are not taken
into account for perturbations and loss function calculations until the next iteration.
The number of iterations this process undergoes is also predetermined by the user.
Li, Miklaucic, and J. Hu (2025) address the problem of out of distribution (ood)
property prediction with limited labeled data available. This is of interest when few
materials of a new family have been found, and now more members of this family
are sought after. To test their model, they have to first create an ood dataset. 84,190
compounds from the MP database are selected, with 145 composition-based properties
serving as features X, and either formation energy or bandgap being the predicted
property Y. Three different cases of ood data are identified: Covariate shift, Prior shift,
and Relation shift. A Covariate shift occurs when the distribution of the input data
X is different between training and inference. They obtain ood data of this type by
collecting datapoints on the periphery of clusters after reducing the input data to two
dimensions using dimensionality reduction. Prior shifts are similar to covariate shifts,
but refer to a change of the distribution of the target data Y. Extreme (outlier) values
of Y are collected for prior shift data, specifically the top or bottom 10%. Piezoelectric
materials are collected as relation shift samples, which are characterized by a shift in
the joint distribution of X and Y. All the aforementioned ood samples are removed from
the training data. To tackle the problem of accurately predicting these ood cases, the
authors introduce Crystal Adversarial Learning (CAL). Periodically during training,
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List of json documents

Document: The charge and !
dislcharge p_erf_ormance of an‘all- formula: name: ) '
solid-state lithium battery with "LiBH4-LiI" Llithium titanate',
the LiBH4-Lil solid solution as = description: o e,
an electrolyte is reported. Lithium 'solid solution’ lication:
" e application: dpplication:
titanate (Li4Ti5012) was used as s ' ['Li-ion battery'

'\ ['Li-ion battery', on. Yo
the positive electrode and... electrolyte] 'positive electrode' []

Figure 3.3: A sample text section and what information the model should extract
from it. The image is an adapted version from Figure 1 [15], which is
published under Creative Commons Attribution 4.0 International License
(https:/ / creativecommons.org/licenses /by /4.0/).

the samples with the highest loss are selected and exclusively focused on until new
samples with the highest loss are reselected. These samples, called partial samples,
are used together with selected test domain samples to generate adversarial samples.
Specifically, covariates are classified into stable and unstable ones, and the unstable
ones are perturbed using gradients. Using this method, the CAL model is able to
achieve much lower error values on the ood sets compared to regular models.

3.2.6 Other Uses of Machine Learning

Another way to obtain training data for ML is by automatically extracting information
from past research papers. For this purpose, natural language processing (NLP)
algorithms and LLMs are promising approaches. For example, Dagdelen, Dunn, et
al. (2024) fine-tune the GPT-3 and Llama-2 LLMs for entity recognition and relation
extraction (NERRE) from scientific papers. Then, text passages, like the abstract of a
papet, can be given to the model, which then outputs entities and relations in a defined
structure. This structure can be natural language sentences or JSON objects with set
keys. An example of what a text passage and the information extracted from it could
look like can be found in Figure 3.3. To fine-tune the models, 400-650 text passages
are manually annotated in the way that the model should later output information in.
Specifically, fine-tunes for doping information, MOFs, and general materials are created.
Since the same information can potentially be conveyed in multiple ways, automatic
performance evaluation methods requiring the output to exactly match the input do not
paint an accurate picture, but rather a lower bound of performance. So, additionally,
the accuracy of the model is also manually evaluated by domain experts judging if
correct information is extracted. Overall, both models show good performance, with
the GPT-3-based one being better overall. One major advantage to fine-tuning existing
models is that it can be done by a scientist without any domain knowledge in LLMs or
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NLP. However, these models are still prone to something called hallucinations, which
is the generation of information that is not in the text. The authors suggest that this
could be avoided by requiring extracted information to be present word-for-word in the
source text, but this would come at the cost of automated data normalization. The same
information can be presented in multiple ways in the literature (e.g., N-doped, nitrogen
doped, doped with nitrogen, etc.), and any is factually correct. By properly fine-tuning,
the model can implicitly learn to transform these different forms into the same form
for consistency, even if this form does not appear in a given passage, reducing the
need for post-processing. The authors differentiate this automatic normalization from
hallucinations, and this ability could be lost by requiring the word-for-word presence
of extracted information in the text.

As mentioned before, an important part in the ML workflow is selecting features
for the model. To help with this, Sharma Priyadarshini, Thota, and Hernandez (2025)
introduce ReLMM, a reinforcement learning based model that selects an optimal,
minimal feature set to predict a given property. A set of potential features and a
property to predict are predefined, as well as a model for which the optimal feature
set is to be found. In this work, the predictive model is always a DT, but others can be
used instead. Each training episode starts with a randomly selected subset of features.
Then, each agent removes or adds a feature based on its respective policy, which is a
neural network trained over multiple episodes. The number of agents is equal to the
total number of potential features. These features are then used by the model, which
should be optimized, to predict a property for a validation data set. The loss L; 4 at
step t is then computed using the MSE function found in equation 2.2, and the reward
for each agent A is

1
Rt,A(St) = m (3.3)
at state s. This reward is used to calculate the Q-values
Qra(st,at,a) = Ry a(se) + y max Q1,4 (5¢41,a141,4), (34)
t+1s

where 4, 4 is the action a being taken by agent A at time step ¢, and <y is a hyperparam-
eter set to 0.95 for ReRLMM. The neural network serving as policy is trained to predict
the second term of this sum over multiple episodes. The next action a;4; 4 taken by
each agent is the one that results in the highest Q-value. To evaluate this approach, it is
tested on a real dataset to find features for the prediction of bandgaps in metal halide
perovskites. The features selected by ReLMM result in lower MSE compared to those
selected by XGBoost and LASSO, two other methods of feature selection, while also
not selecting multiple features that are strongly correlated with each other.
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3.3 Machine Learning Methods

3.3.1 Decision Trees and Random Forest

DTs resemble a tree in their structure and are made out of nodes. A DT starts at a
root node, and each node has two or more children. Inference starts at the root node,
and at each node, the algorithm proceeds to one of the child nodes, based on one or
more input variables, as defined by the current node. This repeats until the final node,
called the leaf node, is reached, where the final decision is made. During training, the
tree is constructed recursively, and child nodes are created in a way that maximizes
the information gain [94]. This model is not used very often, but forms the basis for a
much more popular model, RF.

RFs are ensemble learners and work by constructing multiple DTs. However, at each
node of the individual trees, a random set of variables is excluded as candidates for a
decision [74], and the variable chosen is the best performing one [94]. The final result
of an inference on x is

1 N
) = g L) (5)

1

the average result of all individual trees, where N is the number of trees and T;(x) is
the prediction of tree i [33].

3.3.2 Boosting Algorithms

Different types of boosting ML algorithms exist. At their core, they are ensemble
learners, which construct multiple base learners one by one in an iterative manner.
During this process, the loss of past learners is taken into account to construct the next
one. The entire training data is used during each iteration to train the base learner g;,
and additionally, all base learners are assigned weights &, which get optimized over the
iterations as well. The final boosting model Gy with M base learners uses the formula

M
Gum(x) =) aigi(x) (3.6)
i=0

to calculate the prediction for input x [94]. DTs are a common choice as base learners,
used by GBDT and XGBoost for example [74].

3.3.3 Artificial Neural Networks

Generally, ANNs consist of an input layer, an output layer, and a variable number of
hidden layers. Each layer is made up of a set number of so-called neurons, and its
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neurons are connected to the neurons of the layer before and after it. The input layer
neurons accept the input, and the output layer neurons give the prediction results. The
number of neurons in the former is equal to the dimensions of the features used for the
model, and the number of neurons in the latter depends on the task of the model. In
the context of materials science, regressive ANNSs generally predict only one property,
in which case the output layer consists of one neuron, while it conists of a number of
neurons equal to the number of possible classes in the case of classification models [19].
The number of hidden layers and the number of neurons in each hidden layer vary
between models.
The value of each neuron after the input layer can be calculated by

Xp = f(zwi]’xj +b), (3.7)

]

where w;; refers to the weight of the connection from node j to node i, and f is a specific
activation function, and b is a bias value. In other words, the value of each neuron
is equal to the result of the weighted sum of all neurons of the previous layer after
being passed to a set activation function. This forward propagation process repeats and
cascades through the network until the final layer is reached and the final prediction
result is given [99]. Multiple choices exist as activation functions; tanh

f(x) = tanh(x), (3.8)
ReLU
f(x) = max(0,x), (3.9

and Sigmoid
1

1+e*

f(x) =o(x) =

are some of the most widely used ones [19].

The weights of the connections between the neurons and biases are set during
training. For this, a loss function is defined, which the algorithm tries to minimize by
modifying the weights and biases during training [99].

(3.10)

3.3.4 Convolutional Neural Networks

CNNs are based on ANNs and can accept images directly as input. They utilize
convolutional layers and pooling layers. Convolutional layers use a kernel function to
extract information from the input. Pooling layers reduce the dimensionality of the
input using different methods, like max pooling. How often each layer occurs and their
arrangement depends on the specific architecture of the model [84].
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3.3.5 Diffusion Models

Diffusion models are made out of two parts: the forward process and the backwards
(denoising) process. The forward process starts at time step 0 with a datapoint Zy and
gradually adds noise to it over multiple steps, until it is transformed into pure Gaussian
noise. This is represented by a Markov chain, where each step is given by

9(Ze|Zi—1) = N (Zt; /1 = BtZi-1, Be]), (3.11)

where Z; is the sample at step ¢, B; is a sequence of values controlling the amount of
noise added each step, N refers to the multivariate Gaussian distribution, and I is the
identity matrix [102]. During training, noise is added to a sample, and the model then
learns to remove this noise in the reverse process to reproduce the original data [88].
This reverse process is defined as

pe(zt,1 ’Zt) = N(thl; “l/lg(Zt, t), Zg(zt, t)), (312)

with 6 being the denoising model’s parameters, and py and Xg being its fitted mean and
variance functions respectively [102, 88]. After training during the generation process,
random noise is sampled as Z;, and the model trained for the reverse process is used
to remove this noise [102].
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This review gave an introduction to ML and materials science, and how ML algorithms
are utilized for materials science. Multiple different model types, like RF and ANNS,
and how they work were covered. Different material groups and how ML is used for
researching them were covered, with superconductors, perovskites, polymers, FRPs,
and MOFs being covered in more detail. RF and gradient boosted models are commonly
employed for various regression and classification tasks. Generative models are most
commonly built on diffusion models, but are rather rare compared to regression and
classification models. Generative Adversarial Networks (GANSs) are another type of
generative models. Besides uses directly relating to the materials, ML is also used for
other, important things, like model feature selection and data collection.

Overall, ML is a promising tool for the field of materials science. Models can
predict different properties and help design and find new materials for any application.
Additionally, ML can also be employed for monitoring defects and wear. The only
limiting factor is the availability of training data, as one first needs to gather enough
data on the properties one wants to predict. This data is not always available and
might need to be gathered experimentally or through simulations first. One of the
most common applications of a trained model is high-throughput search. The model
is used to scan a large number of compounds to find those that fulfill predetermined
requirements. For instance, to find new superconductors, commonly, models predicting
a material’s transition temperature are trained, and then are used to scan databases
for the compounds with the highest T, and filter out any non-superconductors as a
side effect. In a similar vein, classification models are also used for high-throughput
search, for instance by classifying MOFs by their water stability. Some of the most
powerful tools, albeit difficult to implement, are generative models. They can directly
generate a compound within given constraints, removing the need to search through
vast amounts of materials entirely. Specifically, diffusion models are used most often to
create generative models. For general regression applications, many different model
types are employed, and commonly multiple of them are trained and evaluated to
find the one performing the best at the task. Specifically for crystal structures (like
MOFs), graph-based neural networks are worth mentioning, as modeling the crystal
structure as a graph lends itself very well for these types of models. Across all types
of regressive tasks, RF and various types of gradient boosting models are commonly
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used and generally show good results, if not the best among the tested models. ANNs
are also worth mentioning here, as they often show good performance; However, they
have the disadvantage of requiring more computational resources as well as generally
more training data. Lastly, these models can improve our physical understanding of the
materials. Tools like SHAP analysis reveal the impact each feature had on a prediction,
increasing interpretability and deepening our understanding of the material. There
even exist techniques like symbolic regression, which can directly produce a formula to
calculate a property.

The prediction accuracy of the models could be further improved in the future in
several ways. Firstly, more data should be gathered and made publicly accessible.
While certain material classes have their own dedicated databases, others lack them.
This makes gathering the data needed for training much harder. Additionally, other
models for the automatic collection of data from the literature can help facilitate this
process. Furthermore, it should be ensured that the data available in databases is of
high quality and complete. As it stands right now, researchers usually need to clean
the data first by removing invalid materials and dealing with missing property values.
The ML models themselves also can be further improved. Especially physics-informed
models show potential and should be further developed. By directly taking physical
and chemical laws into account, models can achieve higher accuracy with less training
data. Furthermore, feature selection is an important factor to keep in mind. Domain
knowledge helps in this area as well, in addition to statistical analysis, revealing the
impact of each feature.
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