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Metal–Organic Frameworks

Flexibility of coordination chemistry: 
pore geometry and topology 

Versatility of organic chemistry: 
pore size and internal surface

CENTRE MÉTALLIQUE 

 LIGANDS ORGANIQUES 

metal center

organic linker

Cristalline, organic–inorganic hybrid nanoporous materials

Applications: gas adsorption, catalysis, 
sensing, delivery, …

High structural flexibility of their 
frameworks

Important limitation for applications: 
hydrothermal & mechanical stability



Metal–Organic Frameworks

CENTRE MÉTALLIQUE 

 LIGANDS ORGANIQUES 

metal center

organic linker

Cristalline, organic–inorganic hybrid nanoporous materials

Metals (many) and inorganic blocks (even more) 

Organic linkers… and functionalization 

Multivariate MOFs are possible 

Topology 

Guest molecule… or guests 

Thermodynamic space: temperature, pressure, composition
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It is generally well recognized that host compounds exist both in 
liquid and in solid phases. Zeolites and aluminophosphates are 
representatives of porous crystalline materials used for molecu-

lar sieving, heterogeneous catalysis and storage. !eir rigid regu-
lar porous structures have signi"cant roles in sorting the size and 
shape of guest species. In contrast, one of the typical host com-
pounds working in liquid media is an enzyme in which protein 
molecules provide a porous environment for speci"c interactions 
with substrates. !e structural reformation of their channels and 
cavities enhances selective recognition and capture of substrates. 
In other words, structural #exibility is key for a unique and 
e$cient function.

!e #exible structure could be compared to a human hand 
because it can recognize forms and shapes and has a multifunc-
tional character. Both rigid porous crystalline solids and enzymes 
in liquid phase have intrinsic advantages: crystallinity allows an 
e$cient collection of guests because of the large number of the 
same porous units, whereas #exibility produces a highly selective 
capture of guests. When one designs a new class of functional host 
materials based on state-of-the-art host–guest systems, could one 
extrapolate from a solid material possessing integrated attributes of 
both crystallinity and #exibility (or dynamism)? Such bimodality of 
a host framework would provide not only rigid zeolitic properties, 
but also enzyme-like speci"city, producing intelligent host materi-
als that are responsive to guests under the appropriate conditions. 
In particular, in the crystalline phase, so%ness hardly exists because 
the solid is a form in which components are closely and regularly 
packed, making the overall structure rigid and condensed, there-
fore the atomic and molecular freedom of motion that is required 
for so%ness are prohibited.

To integrate these features in a single-entity host material, we 
have focused on porous coordination polymers (PCPs) — or metal–
organic frameworks (MOFs) — which consist of metal ions and 
organic linkers1–16. Although other molecular crystals of organic 
compounds17,18, discrete metal complexes19, lamellar zirconium 
phosphates20,21, and a few zeolites22 might also be suitable, porous 
coordination polymers are among the most appropriate materials 
for combining regularity and so%ness (Fig. 1a). !ey can provide 
high crystallinity and diverse structural topologies with porous 
architectures. Moreover, the attractive forces used to assemble com-
ponents are also versatile, ranging from van der Waals interactions 

Soft porous crystals
Satoshi Horike1,2, Satoru Shimomura1 and Susumu Kitagawa*1–3

The field of host–guest complexation is intensely attractive from diverse perspectives, including materials science, chemistry 
and biology. The uptake and encapsulation of guest species by host frameworks are being investigated for a wide variety of pur-
poses, including separation and storage using zeolites, and recognition and sensing by enzymes in solution. Here we focus on the 
concept of the cooperative integration of ‘softness’ and ‘regularity’. Recent developments on porous coordination polymers (or 
metal–organic frameworks) have provided the inherent properties that combine these features. Such soft porous crystals exhibit 
dynamic frameworks that are able to respond to external stimuli such as light, electric fields or the presence of particular species, 
but they are also crystalline and can change their channels reversibly while retaining high regularity. We discuss the relationship 
between the structures and properties of these materials in view of their practical applications.

to coordination bonds. Control of these interactions could pro-
vide so% materials that have a porous sca&old23,24. Herein, to clarify 
the nature and the potential of porous coordination polymers, we 
describe them as a new category of materials, ‘so% porous crystals’. 
We de"ne the necessary conditions for the formation of so% porous 
crystals, introduce their structural features and properties, and dis-
cuss their potential applications and prospects in materials science.

What is a soft porous crystal?
In 1998, porous coordination polymers were classi"ed into three 
categories — "rst, second and third generations (Fig. 1b) — pre-
dicting the presence and importance of so% porous crystals2. !e 
"rst-generation materials have frameworks whose porosity col-
lapses irreversibly a%er the removal of the guests — that is, there is 
no permanent porosity. !e second generation has stable and robust 
frameworks, which maintain the original porous structures before 
and a%er guest sorption. !e second-generation compounds can be 
used as an adsorbent and are regarded as analogous to zeolites. For 
the third-generation compounds, we emphasize #exible or dynamic 
porous frameworks, which reversibly respond to external stimuli, 
not only chemical but also physical. !anks to the recent discoveries 
of new crystal structures of porous coordination polymers, we are 
able to perform on-demand synthesis of functional pores by tun-
ing size, shape and chemical properties, and in the past couple of 
years, the third-generation compounds — so% porous crystals — 
have emerged.

So% porous crystals are de"ned as porous solids that possess 
both a highly ordered network and structural transformability. 
!ey are bistable or multistable crystalline materials with long-
range structural ordering, a reversible transformability between 
states, and permanent porosity. !e term permanent porosity 
means that at least one crystal phase possesses space that can be 
occupied by guest molecules, so that the framework exhibits repro-
ducible guest adsorption.

In so% porous crystals, two types of transformation are possible. 
In most cases transformations occur while retaining the crystal-
line state (crystal-to-crystal), but sometimes perfect crystallinity is 
lost during the transformation (from crystal to another form with 
imperfect crystallinity). Imperfect crystallinity does not mean that 
the form is amorphous, but that the long-range order of the frame-
work is lost, without the polymer network collapsing.

1Department of Synthetic Chemistry and Biological Chemistry, Graduate School of Engineering, Kyoto University, Katsura, Nishikyo-ku, Kyoto 615-8510, 
Japan; 2ERATO Kitagawa Integrated Pores Project, Kyoto Research Park Bldg 3, Shimogyo-ku, Kyoto 600-8815, Japan; 3Institute for Integrated Cell-Material 
Sciences (iCeMS), Kyoto University, Yoshida, Sakyo-ku, Kyoto 606-8501, Japan. *e-mail: kitagawa@sbchem.kyoto-u.ac.jp

Soft Porous Crystals

“Soft porous crystals are defined as porous solids that possess both a 
highly ordered network and structural transformability. They are bistable 
or multistable crystalline materials with long-range structural ordering, a 
reversible transformability between states, and permanent porosity”



rotating square lattice

metamaterials meta-MOFs

bending of sharp tips buckling instability ligand bucklingnode bending

wine-rack topology

composite material with a structure that 
exhibits properties not usually found in 

natural materials 

μετά = beyond 

metamaterials

negative thermal expansion 
negative compressibility 
negative adsorption 
breathing 
chiral induction 
…

meta-MOFs

Meta-MOFs Coudert & Evans, Coord. Chem. Rev. 2019



Molecular modelling

Keith et al, Chem. Rev. 2021



Thermodynamics

Structure

Reactivity

Dynamics

dipole moments

adsorption isotherms
phase diagram, nature of transitions

localization of adsorbates

IR/Raman, vibrational spectra
orientation/transl. dynamics

hydrogen bonds

H bond networks

Electronic 
properties

(hydro)thermal stability
chemical reactions, cataysis

Molecular modelling

adsorbent structural transitions

+ machine learning 

to allow faster exploration of the huge space of materials



ML methods for chemical sciences

Property prediction: from structure or from composition 
(supervised learning, data obtained experimentally or computationally) 

High-throughput screening: applying predictor at large scale 

Analysis and exploration of diversity, clustering of molecules 

Generative ML methods: creating new molecules, new materials 

Text and data mining: a lot of information in published literature, in notebooks 

AI for synthesis prediction: propose a synthesis method/protocal, 
possibly drive robotic chemistry lab 

ML to improve computational chemistry: 
using machine learning to design new force fields, new DFT functionals, etc. 

… and many more…



Why data-based methods?

Coudert, Chem. Mater. 2023

Since Sunday, 
61 MOF papers were tweeted

Daglar & Keskin, 2020



Cleaning & preprocessing

Training data

Featurization

Online databasesLocal or proprietary data

API
API

API

ML-trained model

Learning process

Input data Predictions

⚠  we have many databases of 
structures, but information on 
properties is scarce

⚠  huge crystalline bias
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Can we predict mechanical 
properties of crystalline materials?



Mechanical properties of crystals
 In 2016, we identified by chance a zeolite with isotropic auxeticity

 Only 5 known crystals with this property! 
 Also considered “rare”: negative linear compressibility 

 How rare are other so-called “rare” mechanical properties?



Mechanical properties of crystals
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Elasticity is an anisotropic property 
Experimentally difficult to determine 
“Relatively easy” to compute from DFT 

Most people only care about the bulk 
modulus, but there is a lot more 
information!





Quantifying anomalous behavior
Materials Project: 133,691 inorganic compounds  
Elastic data at DFT level for 13,621 structures 

Systematic tensorial analysis to answer this simple question: 
mechanical metamaterials are rare, but how rare exactly?

Chibani & Coudert, Chem. Sci. 2019



Quantifying anomalous behavior

No clear systematic… 

What do all these materials 
have in common? 

Can such complex relationships be 
captured by chemical descriptors? 
topological descriptors? 

A good case study for deep learning?

Chibani & Coudert, Chem. Sci. 2019



Predicting mechanical properties
We have a smaller data set (SiO2 zeolites) that is chemically homogeneous 

Different kinds of descriptors are available, with different information: 
Hand-picked geometrical descriptors, relying on our know 
Unbiased/agnostic local geometrical descriptors 
(e.g. Smooth Overlap of Atomic Positions + PCA) 
Porous network characteristics (Zeo++) 
Topological information?

Evans & Coudert, Chem. Mater. 2017

Geometrical descriptors are best 
SOAP + PCA performs generally as 
well as “smart” descriptors



Hunting for anisotropic zeolites

Anisotropic mechanical properties are much harder to predict 
Force fields generally perform badly 
What we are looking for is a very rare property

Gaillac, Chibani & Coudert, Chem. Mater. 2020

Let’s try a multi-step approach



Hunting for anisotropic zeolites

590,811 hypothetical structures 

from Pophale et al.

462,248 mechanically stable 

BKS 
force field

predicted auxetic: 578

random subset: 742

DFT
DFT

392 stable structures

599 stable structures

machine 
learning

trained predictor

Gaillac, Chibani & Coudert, Chem. Mater. 2020



Hunting for anisotropic zeolites

Force field predicts structures adequately, average mechanical properties “okay”, 
but anisotropic properties are terrible 
GBR model based on geometric descriptors only, trained on DFT data, 
achieves much better accuracy

Future work: extend to zeolitic frameworks with different chemical composition 
(AlPO4, gallogermanates, etc.) and extra-framework cations



Predicting the full tensor?



Predicting the full tensor?
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Can we identify top adsorbents 
among known nanoporous materials? 



Methodology for adsorption screening

CoRe MOF	
2019 

Database

GCMC

Widom 
insertion

Voronoi based 
geometrical 
analysis

Loadings, Isotherms

Selectivity at fixed 	
P, T, y1, y2

Henry’s constant, 
Enthalpies, entropies

Pore and channel sizes

Accessible volumes 
and surface areas

Computation-Ready	
Experimental MOF

RASPA2	
simulations

Zeo++	
calculations

13,000 cleaned 
experimental MOFs 
ready for molecular 

simulations
Geometrical 
descriptors

Thermodynamic 
descriptors

Adsorption is cheap to evaluate, under certain restrictions 
(rigid material, physisorption, polarizability not involved, …) 
Many studies, often based on similar workflows

What about transport? Diffusion is harder to compute 
Local geometric descriptors are not sufficient



We can combine GCMC simulations and ML to accelerate discovery

How do we go beyond that? What are the next steps?

Methodology for adsorption screening



Do we really need GCMC? Interactions are mostly local / short-range 
GCMC requires 3D sampling, but the internal surface is 2D 
We introduce RAESS : Rapid Adsorption Enthalpy Surface Sampling

2. Sample points on the sphere 3. Adsorption energy calculation1. Loop over the atoms

Atom of the material

Material framework
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Methodology for adsorption screening

E. Ren and FXC, Chem. Sci. 2023



Do we really need GCMC? Interactions are mostly local / short-range 
GCMC requires 3D sampling, but the internal surface is 2D 
We introduce RAESS : Rapid Adsorption Enthalpy Surface Sampling

Methodology for adsorption screening

E. Ren and FXC, Chem. Sci. 2023



RAESS is good, but it predicts zero-loading adsorption enthalpy 
How do we predict ambient pressure loading, or selectivity?

Methodology for adsorption screening

E. Ren and FXC, Chem. Mater. 2023

?

Unknown 3D MOF

LCD

Preliminary geometrical 
evaluation 

X -10 X

X -10 X

-10 -20 -10

Pre-evaluation infinite 
dilution selectivity

I. Rapid screening pipeline to find highly selective materials 

Final ML evaluation

Novel descriptors

Ambient-pressure 
selectivity s1

ML

II. Higher level evaluations on the promising materials 

Adsorption properties GCMC calculations Data analysis MOF synthesis Experimental properties



RAESS is good, but it predicts zero-loading adsorption enthalpy 
How do we predict ambient pressure loading, or selectivity? 
ML model takes RAESS data (and other descriptors) as input

Methodology for adsorption screening

E. Ren and FXC, Chem. Mater. 2023

Very important: 
explanability!



Transport properties are also crucial for applications, but difficult to study 
in high-throughput setups: MD simulations are slow… 
Geometrical features are key, but not sufficient for accurate prediction 
of diffusion coefficients 
We propose a scheme based on: 
geometric descriptors + fast-to-compute energetic features

Harder task: predicting diffusion

E. Ren and FXC, J. Phys. Chem. C. 2024



Transport properties are also crucial for applications, but difficult to study 
in high-throughput setups: MD simulations are slow… 
Geometrical features are key, but not sufficient for accurate prediction 
of diffusion coefficients 
We propose a scheme based on: 
geometric descriptors + fast-to-compute energetic features
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E. Ren and FXC, J. Phys. Chem. C. 2024



How do we get even better? 
Can a 3D convolutional neural network 
directly “read” the potential energy surface?

Harder task: predicting diffusion



Harder task: predicting diffusion

Calculation of potential energy surface is fast 
Can the 3D-CNN learn Boltzmann equation? Yes 

How about guest–guest interactions? 
We can view the trained model as “mean field” 
But: can it perform better? 

How about eletrostatic effects?
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Adding topological information 
to framework materials databases



Contributing to reference databases

8 research groups 

Lead by Greg Chung (Pusan National University) 

Emphasis on quality over quantity



Contributing to reference databases

Database of structures, enriched with 
calculated properties 

New in 2025: topology! 

Predicted solvent-removal and water 
stability, through ML models 

Heat capacity, decomposition temperature 

Chemical decomposition 

Partial atomic charges



Determination of topology: CrystalNets

Zoubritzky et al, SciPost Chemistry, 2022

Open source 
Algorithm more stable 
Highly optimised, 
faster than Systre or Topos 

Since 2025: handles unstable nets 
(a combinatorial nightmare solved!)
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Determination of topology: CrystalNets

Client side Server side

Browser
CIF file, 

option choices

topology, 
net, clustering

results

request
Python server

Julia 
& 

CrystalNets.jl

User interface 
in HTML & CSS

Javascript 
& 

3Dmol.js

Zoubritzky et al, ChemRxiv, 2025



Why add topology information?

Statistical analysis of topology 

Correlation between properties and 
topology, provide insight into the database 

Provide topology descriptors for training 
machine learning predictors of 
structure/property relationships



Search materials by topology: Materials Project

atomic 
structure

Materials 
Project 

database

bonding 
determination net identification

database 
of topologies

MPContribs 
framework

More than 170,000 structures analyzed 

Distribution has a very long tail 

There is more diversity in topology that we typically 
consider (do we have a bias toward known topologies?)

Dimensionality



Search materials by topology: Materials Project
Example use case of “search by topology”: 

MIL-53 MOF has “wine rack” framework, flexibility 
and auxeticity (negative Poisson’s ratio) 

It has net topology rna or bpq (depending on 
choice of clustering) 

Are there inorganic analogues to MIL-53?

Results: 

25 structures in MP database, 
including 16 experimental materials 

One family emerges: ABF6−n(H2O)1+n with n = 0 or 1 

BF6 octahedra that share corners with AO2F4 
octahedra 

Confirm properties with DFT calculations: 
auxeticity confirmedNaPF6H2O (mp-767419)



The need for databases

“This exciting paper shows AI design of materials, robotic synthesis. 
10s of new compounds in 17 days.”

“We discuss all 43 synthetic products and point 
out four common shortfalls in the analysis. 
Conclusion:  no new materials have been 

discovered in that work.”

Palgrave et al, Phys. Rev. X, 2024



The need for open databases

Data is obtained in large part by researchers 
and published in public repositories 

A large part of that effort is based on public funding 

However, “public” does not mean “open” 

Licences restrict programmatic access, modification 
and redistribution of data 

Common “public” repositories with restrictive licensing: 

CSD (Cambridge Structural Database) 

Inorganic Crystal Structure Database (ICSD) 

Powder Diffraction File

Please contribute your structures to the COD!



Contributing to reference databases

opXRD database

Powder X-Ray Diffraction (pXRD)
opXRD Database

pXRD Simulation

Sample 92,552 patterns from
6 contributing institutions

X-Ray

Measured 
Diffractogram Crystal Structures (ICSD, Synth., ...) Mat XRDAI Simulated 

Diffractogram

Model TrainingBenchmarking/Evaluation

U-NetworkConvolutional Network Transformer

Space Group Classification

Model ComparisonRealistic Test Distribution

Data Distribution

Train
Test

Joint Learning using Real and Simulated Patterns, Transfer Learning, ...

Improving Physics Simulations

Lattice Parameter Regression
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Realistic Evaluations on Real-World Data



Post-processingMat XRDAI

Contributing to reference databases

Contribute your group’s data!

Effort lead by Pascal Friederich 
and AiMat group @ KIT
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Best practices in machine learning for chemistry
Statistical tools based on machine learning are becoming integrated into chemistry research workflows. We discuss 
the elements necessary to train reliable, repeatable and reproducible models, and recommend a set of guidelines 
for machine learning reports.

Nongnuch Artrith, Keith T. Butler, François-Xavier Coudert, Seungwu Han, Olexandr Isayev, 
Anubhav Jain and Aron Walsh

Chemistry has long-benefited from 
the use of models to interpret 
patterns in data, from the Eyring 

equation in chemical kinetics, the scales 
of electronegativity to describe chemical 
stability and reactivity, to the ligand-field 
approaches that connect molecular structure 
and spectroscopy. Such models are typically 
in the form of reproducible closed-form 
equations and remain relevant over the 
course of decades. However, the rules of 
chemistry are often limited to specific 
classes of systems (for example, electron 
counting for polyhedral boranes) and 
conditions (for example, thermodynamic 
equilibrium or a steady state).

Beyond the limits where simple analytical 
expressions are applicable or sophisticated 
numerical models can be computed, statistical 
modelling and analysis are becoming valuable 
research tools in chemistry. These present 
an opportunity to discover new or more 
generalized relationships that have previously 
escaped human intuition. Yet, practitioners of 
these techniques must follow careful protocols 
to achieve levels of validity, reproducibility, 
and longevity similar to those of established 
methods.

The purpose of this Comment is to suggest 
a standard of ‘best practices’ to ensure that 
the models developed through statistical 
learning are robust and observed effects are 
reproducible. We hope that the associated 
checklist (Fig. 1 and Supplementary Data 1)  
will be useful to authors, referees, and readers 
to guide the critical evaluation of, and provide 
a degree of standardization to, the training 
and reporting of machine learning models. 
We propose that publishers can create 
submission guidelines and reproducibility 
policy for machine-learning manuscripts 
assisted by the provided checklist. We hope 
that many scientists will spearhead this 
campaign and voluntarily provide a machine 
learning checklist to support their papers.

The growth of machine learning and 
making it FAIR
The application of statistical machine 
learning techniques in chemistry has a long 

history1. Algorithmic innovation, improved 
data availability, and increases in computer 
power have led to an unprecedented growth 
in the field2,3. Extending the previous 
generation of high-throughput methods, and 
building on the many extensive and curated 
databases available, the ability to map 
between the chemical structure of molecules 
and materials and their physical properties 
has been widely demonstrated using 
supervised learning for both regression  
(for example, reaction rate) and classification 
(for example, reaction outcome) problems. 
Notably, molecular modelling has benefited 
from interatomic potentials based on 
Gaussian processes4 and artificial neural 
networks5 that can reproduce structural 
transformations at a fraction of the cost 
required by standard first-principles 
simulation techniques. The research 
literature itself has become a valuable 
resource for mining latent knowledge using 
natural language processing, as recently 
applied to extract synthesis recipes for 
inorganic crystals6. Beyond data-mining, the 
efficient exploration of chemical hyperspace, 
including the solution of inverse-design 
problems, is becoming tractable through 
the application of autoencoders and 
generative models7. Unfortunately, the lack 
of transparency surrounding data-driven 
methods has led some scientists to question 
the validity of results and argue that the field 
faces a “reproducibility crisis”8.

The transition to an open-science 
ecosystem that includes reproducible 
workflows and the publication of 
supporting data in machine-readable 
formats is ongoing within chemistry9. In 
computational chemistry, reproducibility 
and the implementation of mainstream 
methods, such as density functional theory, 
have been investigated10. This, and other 
studies11, proposed open standards that 
are complemented by the availability of 
online databases. The same must be done 
for data-driven methods. Machine learning 
for chemistry represents a developing 
area where data is a vital commodity, but 
protocols and standards have not been 

firmly established. As with any scientific 
report, it is essential that sufficient 
information and data is made available for 
a machine learning study to be critically 
assessed and repeatable. As a community, 
we must work together to significantly 
improve the efficiency, effectiveness, and 
reproducibility of machine learning models 
and datasets by adhering to the FAIR 
(findable, accessible, interoperable, reusable) 
guiding principles for scientific data 
management and stewardship12.

Below, we outline a set of guidelines 
to consider when building and applying 
machine learning models. These should 
assist in the development of robust models, 
providing clarity for manuscripts, and 
building the credibility needed for statistical 
tools to gain widespread acceptance and 
utility in chemistry.

Guidelines when using machine  
learning models
1. Data sources. The quality, quantity 
and diversity of available data impose an 
upper limit on the accuracy and generality 
of any derived model. The use of static 
datasets (for example, from established 
chemical databases) leads to a linear 
model construction process from data 
collection → model training. In contrast, 
dynamic datasets (for example, from guided 
experiments or calculations) lead to an 
iterative model-construction process that 
is sometimes referred to as active learning, 
with data collection → model training → 
use model to identify missing data → repeat. 
Care must be taken with data selection in 
both regimes.

Most data sources are biased. Bias 
can originate from the method used 
to generate or acquire the data, for 
example, an experimental technique that 
is more sensitive to heavier elements, or 
simulation-based datasets that favour 
materials with small crystallographic unit 
cells due to limits on the computational 
power available. Bias can also arise from the 
context of a dataset compiled for a specific 
purpose or by a specific sub-community, 
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Reproducibility of models

On this topic…

APL Materials RESEARCH UPDATE scitation.org/journal/apm
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ABSTRACT
We give here a brief overview of the use of machine learning (ML) in our field, for chemists and materials scientists with no experience with
these techniques.We illustrate the workflow ofML for computational studies of materials, with a specific interest in the prediction of materials
properties. We present concisely the fundamental ideas of ML, and for each stage of the workflow, we give examples of the possibilities and
questions to be considered in implementing ML-based modeling.

© 2020 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0018384., s

I. INTRODUCTION

The pace of systematic materials discovery has quickened in the
last decade. The number of studies systematically exploring various
families of materials, with the goal of discovering existing materi-
als with unsuspected properties, or designing novel materials with
targeted properties, is growing at an astounding rate. Databases
of experimental structures—in particular, crystalline structures—
continue to grow at a steady pace and are complemented with larger
and larger databases of physical and chemical properties. High-
throughput experiments and combinatorial materials synthesis are
aided by robotics and artificial intelligence, performing reactions
and analysis faster. On the computational side of things, molecu-
lar simulations have expanded in scale, allowing scientists to pre-
dict the structure and properties of complex materials even before
they are synthesized. The prediction of compound properties with
high accuracy can be coupled with high-throughput screening tech-
niques to help search for new materials. Yet, despite the advances
in the computational power, computational methods—whether at
the quantum or classical level—are still relatively time consum-
ing and can hardly explore the properties of all possible chemical
compositions and crystal structures. In order to reach this goal of
systematic exploration of chemical space and to help leverage the
large-scale databases of structures and properties that are nowadays
available, computational chemistry and materials science are turn-
ing more and more often to machine learning (ML), a subset of

artificial intelligence (AI) that has seen tremendous developments
in recent years and widespread application across all fields of
research.

The main idea of artificial intelligence emerged in the 1950s
when Turing wondered if a machine could “think.”1 The term “arti-
ficial intelligence” (AI) was first coined by John McCarthy in 1955
and is defined as the set of theories and techniques implemented in
order to create machines capable of simulating intelligence. In other
words, AI is the endeavor to replicate the human intelligence in
computers. In 1959, Samuel produced computer programs that were
playing checkers (drafts) better than the average human and that
could learn to improve from past games.2 Since then, AI and data-
intensive algorithms have seen such an important development that
they are sometimes called the “fourth paradigm of science”3 or the
“fourth industrial revolution.” AI is now routinely used in different
fields: face recognition, image classification, information engineer-
ing, linguistics, psychology, and medicine, and it has impact in the
fields of philosophy and ethics.

AI-powered machines are usually classified under two broad
categories: general and narrow. The artificial general intelligence
(AGI) is a machine that can learn to solve any problem that the
human intellect can solve. Also referred to as “strong AI” or “full
AI,” it is currently hypothetical, the kind of artificial intelligence
that we see in science fiction movies. The creation of AGI is an
important goal for some AI researchers, but is an extremely diffi-
cult quest and generally considered too complex to be achieved in
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