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A new Paradigm in Materials Science
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@ 4™ paradigm is Science
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Data driven
science

Agrawal et al. APL Materials (2016)
Perspective: Materials informatics and big data:

realization of the « fourth paradigm » of science in
materials science



Recognition by Nobel prizes 2024

Physics: for foundational discoveries and inventions that enable
machine learning with artificial neural networks
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Chemistry: for computational protein design & for protein structure prediction
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Structuration in France, Research Group GDR IA-MAT

Intelligence Artificielle en Sciences des Matériaux
GDR IAMA

Established in 2022 to unite Al and
materials science research communities
and foster interdisciplinary applications.
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National Research Program, PEPR DIADEM

PEPR DIADEM: Prlonty Equipment and Research Program on the
Led by development of |nnovat|ve materials using artificial intelligence
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. How the Story Begins

GLOBAL PRIVATE INVESTMENT in Al by FOCUS AREA, 2019 vs 2020

Source: CaplQ, Crunchbase, and NetBase Quid, 2020
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Al In Inorganic Materials

N. Nosenko. Nature (2016)

The material code

Table 3 | Publicly accessible structure and property databases for molecules and solids

Name

Description

Computed structures and properties
AFLOWLIB

Computational Materials Repository

GDB
Harvard Clean Energy Project
Materials Project

NOMAD

Open Quantum Materials Database

NREL Materials Database
TEDesignLab

ZINC

Experimental structures and properties
ChEMBL

ChemSpider

Citrination

Crystallography Open Database
CcsD

ICsD

MatNavi

MatWeb

NIST Chemistry WebBook
NIST Materials Data Repository
PubChem

Structure and property repository from high-throughput ab initio calculations

of inarganic materials

Infrastructure to enable collection, storage, retrieval and analysis of data from

electronic-structure codes
Databases of hypothetical small organic molecules

Computed properties of candidate organic solar absorber materials

Computed properties of known and hypothetical materials carried out usinga

standard calculation scheme

Input and output files from calculations using a wide variety of electronic-
structure codes

Computed properties of mostly hypothetical structures carried out using a
standard calculation scheme

Computed properties of materials for renewable-energy applications

Experimental and computed properties to aid the design of new thermo-
electric materials

Commercially available organic molecules in 2D and 3D formats

Bioactive molecules with drug-like properties

Royal Society of Chemistry's structure database, featuring calculated and
experimental properties from a range of sources

Computed and experimental properties of materials

Structures of organic, inorganic, metal-organic compounds and minerals
Repaository for small-molecule organic and metal-organic crystal structures
Inorganic Crystal Structure Database

Multiple databases targeting properties such as superconductivity and
thermal conductance

Datasheets for various engineering materials, including thermoplastics, semi-

conductors and fibres
High-accuracy gas-phase thermochemistry and spectroscopic data
Repository to upload materials data associated with specific publications

Biological activities of small molecules

http://aflowlib.org
https://emriysik.dtu.dk

http://gdb.unibe.ch/downloads
https://cepdb.molecularspace.org
https://materialsproject.org

https://nomad-repository.eu

http://ogmd.org

https://materials.nrel.gov

http://tedesignlab.org

https://zinc15.docking.org

hitps://www.ebi.ac.uk/chembl
https://chemspidercom

https://citrination.com
http://crystallography.net
https://www.ccdc.cam.ac.uk
https://icsd fiz-karlsruhe.de
http://mits.nims.go.jp

http://matweb.com

https://webbook.nistgov/chemistry
https://materialsdata.nist.gov
https://pubchem.ncbi.nim.nih.gov
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High-Throughput Screening & Al-accelerated Simulation

Conventional Machine Learning Approaches
- Element count (million)
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ElemNet: Deep Learning the Chemistry of Materials From ML Eny<10V,E,>30V
Only Elemental Composition _ DFT Epy < 50 meV/atom
ML MD diffusivity
d=2 among n=18 elements c;it;r?a._f;r_ " Cost
g 0000 C00000COOOCOOS e O
o0 (ﬁ 2°=32 ( =153 binaries — Filter out known
3)} o neural network m compositions
565 °
=C sites . Q Chen et al.. ArXiv 2401.04070 (2024) Accelerating
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@ Crivello et al. Computational Materials Science (2022)
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Supervised deep learning prediction of the formation enthalpy of complex phases



3. Generative Al in Materials
Science
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Evolutionary Algorithm for Gas Storage

Metal-organic Frameworks (MOF) for CO, capture
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Inverse Design by Variational Auto-Encoders (VAE)
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Automatic Chemical Design Using a Data-Driven Continuous
Representation of Molecules
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deep generative models
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Nouira et al. AAAI-Make, Stanford (2019)
CrystalGAN: Learning to Discover Crystallographic
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Diffusion Models Applied to Crystal Structures

X IX Sultanov et al. J Chem Inf Model (2023)
Po(Xi—1|Xs) Data-Driven Score-Based Models for Generating Stable
Ve RN Structures with Adaptive Crystal Cells
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Diffusion Model to Find Stable Crystal Structures

14/mmm
?

Forward (corruption) process

0
0.00 0.05 010 015 020 0.25
Magnetic density [A3]

d Gd:N
P3m1)
023 A3

Gd N

Sultanov et al. J Chem Inf Model (2023)
Data-Driven Score-Based Models for Generating Stable
Structures with Adaptive Crystal Cells
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Autonomous experiment with high-throughput, automated
robotic experiments and Al for electrochemistry
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Combinatorial synthesis of electrolytes
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S. Matsuda et al. Scientific Reports (2019)

Cell Reports Phys. Sci. (2022)

High-throughput combinatorial screening of multi-component electrolyte

additives to improve the performance of Li metal secondary batteries
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Large Language Models in Materials Science

Support for bibliography review

what a key materials that require a real
challenge to improve fuel cells?

o Sources

[PDF] Grand Challenges
in Fuel cell Technology
towards Resource ...

The Technical and
Industrial Challenges
Faced by Fuel Cells—A ...

@ drpress - 2

Recent Advances on
PEM Fuel Cells: From Key
Materials to ...

dOOE

resrecov - 1

SN link.springer - 3 View 5 more

fﬁﬁl Perplexity

Based on the search results, several key materials present significant challenges for
improving fuel cell performance and commercialization:

Proton Exchange Membranes (PEMSs)
PEMs are critical components that face several challenges:

¢ Achieving high proton conductivity while maintaining good chemical and thermal
stability «.

« Improving mechanical performance to prevent morphological changes during wet-
dry cycling « .

¢ Reducing cost and environmental impact of production, as current PFSA membranes
are expensive and polluting to manufacture .

GenMS: Generative Hierarchical Materials Search

Search through Language and Structure
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Instruction following X

o Google DeepMind

Yang, Batzner et al. arXiv:2409.06762 (2024)
GenMS: Generative Hierarchical Materials Search

Low energy X
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4. Limitations of Al approaches

A VISIBILITY

Peak of Inflated Expectations
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A New Era in Material Discovery?

b Google DeepMind  GNOME for Graph Networks for Materials Exploration

Structural pipeline
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https://distill.pub/2021/gnn-intro/
https://www.nature.com/articles/s41586-023-06734-w
https://www.nature.com/articles/s41586-023-06734-w

Artificial Intelligence Driving Materials Discovery?

Trivial adaptations of kno
compounds with higher
symmetry
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https://www.nature.com/articles/s41586-023-06734-w
https://www.nature.com/articles/s41586-023-06734-w

Conclusion remarks

Generative Approaches in Material Sciences:
—> Accelerating Discovery and Innovation

Interdisciplinarity: Bridging Scientific Communities:
- Not Just Data Science: Successful material discovery through
Al requires the integration of domain expertise in crystallography,
materials synthesis, and chemistry.

- Collaborative Approach: Al experts, data scientists, and
materials scientists must work together to interpret Al predictions,
validate findings, and guide the iterative development of new

materials.
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