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The « Al » boom
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Al in chemistry ?

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

Source: CaplQ, Crunchbase, and NetBase Quid, 2020 | Chart: 2021 Al Index Report
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Al in chemistry

Segler et al. ACS Central Science (2018)
Generating Focused Molecule Libraries for Drug
Discovery with Recurrent Neural Networks
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Genome Initiative. The invention of
silicon circuits and lithium-ion batteries
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From big data to machine learning

K. Butler et al. Nature (2018)

Machine learning for molecular and materials science

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

Mame Description

URL

Computed structures and properties

AFLOWLIB Structure and property repository from high-throughput ab initio calculations

of inorganic materials

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

electronic-structure codes
GDB Databases of hypothetical small organic molecules

Harvard Clean Energy Project Computed properties of candidate organic solar absorber materials

Materials Project Computed properties of known and hypothetical materials carried out using a

standard calculation scheme

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

structure codes

Open Quantum Materials Database Computed properties of mestly hypothetical structures carried out using a

standard calculation scheme

MREL Materials Database Computed properties of materials for renewable-energy applications

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

ZINC Commercially available organic molecules in 2D and 3D formats

Experimental structures and properties

ChEMBL Bioactive molecules with drug-like properties

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

Citrination Computed and experimental properties of materials

Crystallography Open Database Structures of organic, inorganic, metal-organic compounds and minerals

CsD Repository for small-molecule organic and metal-organic crystal structures
ICSD Inorganic Crystal Structure Database
MatNavi Multiple databases targeting properties such as superconductivity and

thermal conductance

MatWeb Datasheets for various engineering materials, including thermoplastics, semi-

conductors and fibres
NIST Chemistry WebBook
NIST Materials Data Repaository
PubChem

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://emrfysik.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://zinclb.docking.org

https://www.ebi.ac.uk/chembl
https://chemspider.com

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

http://matweb.com

https://webbook.nist.gov/chemistry
https://materialsdata.nist.gov
https://pubchem.ncbi.nlm.nih.gov

Jha, Wolverton, Agrawal et al. Scientific
Report (2018)

ElemNet: Deep Learning the Chemistry of
Materials From Only Elemental Composition

[ RF-Phys I | ElemNet |
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Data science: an interdisciplinary field

Math &
Statistics

Domain
expertise:

eg chemistry H



General Pictures

ARTIFICIAL INTELLIGENCE

Programs with the ability to
learn and reason like humans

MACHINE LEARNING

Algorithms with the ability to learn
without being explicitly programmed

DEEP LEARNING

Subset of machine learning
in which artificial neural
networks adapt and learn
from vast amounts of data

DATA
SCIENCE

Data-mining

Optimization
algorithms

Machine learning




Several approaches

Data-mining:
 Combinatory analyze
* High-throughput screening

Data

Science Optimization
algorithms

Machine learning




Data-mining algorithms Toda-Caraballo et al.
JALCOM (2013)

Unravelling the materials
genome: Symmetry relationships

> Combinatory analyze
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e.g. Principal Component Analysis (PCA)




Data-mining algorithms

> High-throughput screening
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Data-mining algorithms

> Experimental screening by robotic/automatized platforms

Conductivity
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Adv. Ener. Mater. (2021)
High-Throughput Experimentation and Computational Freeway Lanes for Accelerated Battery
Electrolyte and Interface Development Research



Data-mining algorithms

> Experimental screening by Fast characterization / Additive manufacturing
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Several approaches

Data
Science

Data-mining

Optimization

algorithms

* Evolutionary methods
» Specific approaches

Machine learning




Optimization algorithms

> Evolutionary methods, genetic algorithm, ..

Evaluate new

Initial
population

Mutation

Selection Reproduction

candidates

Reproduction

1 alloying element = 1 gene . Menou, Tancret et al.
ot Scripta Mat. (2018)
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Optimization algorithms

> Evolutionary methods for crystal design: USPEX

D
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Optimization algorithms |
Gomez-Bombarelli et al.

ACS Central Science (2018)
Automatic Chemical Design Using a Data-Driven

Continuous Representation of Molecules

> Generative methods

SMILES input

ENCODER
Neural Network

CONTINUOUS ;
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Several approaches

Data-mining

Optimization
Data algorithms

Science . .
Machine learning

* Reinforcement learning

* Unsupervised learning
(clustering)

e Supervised learning




Machine learning algorithms (ML)

> Supervised learning
The target value f(x) is a:

(i) Numerical value: Regression

gl j (ii) Category: Classification
o A1

=




ML > Supervised learning

(i) f(x) = numerical value

—> Regression algorithms A
e Linear, non-linear
X
X X/ x
(a) 0.
X X
. ML
Meredig, Wolverton et al. g -9 W08 |
Phys. Rev. B (2014) s R >
Combinatorial screening 5 = e, R r
for new materials in 8 |
. . o
unconstrained composition § ™
space with machine 2 it
learning 3T ATeT| A
MAE =0.12eV
g0 @0 @0 20 0 00
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ML > Supervised learning

(i) f(x) = numerical value

—> Regression algorithms A
e Linear, non-linear
e Gaussian process regression (kriging)

1000 — |
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\
Hou, Shinohara et al. - x= 0, pred., before expt.
, 200 — @ x= 0.7, expt., before pred.

Applied Materials &
Interfaces (2019)
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B 95% confidence interval
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Power factor [gWm~—'K~2]
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ML > Supervised learning
(ii) f(x) = Category . - . .
\ / N\ _/

- Classification algorithms

. . ? ?
+ Decision tree [

Oliyny, Sparks et al.
Chem. Mater. (2016)
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ML > Supervised learning
(ii) f(x) = Category . . . . . . . . .

- Classification algorithms

\/
e Decision tree, random forests . . . . . . . .
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ML > Supervised learning

(ii) f(x) = Category +| -

- Classification algorithms
e Decision tree, random forests

e Support vector machine (SVM)
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Takahashi, Tanaka.
Comput. Mater. Sci. (2016)
Material synthesis and
design from first principle
calculations and machine
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ML > Supervised learning

(ii) f(x) = Category +

- Classification algorithms
e Decision tree, random forests

e Support vector machine (SVM)
* K-nearest neighbor (KNN), Naive Bayes classifier

.
k j Ferrite ] '

F-Ferrite SN . Bearllfe
_ : Test Image (500X500) Naive Bayes K-Nearest Neighbor
P-Pearlite . (From Original Image) FIP=77/23 F/P-76.9/20.6

M-Martensite [




Others approaches Data Science

Data-mining

. Optimization algorithms

Machine learning




Active learning

Experimental Machine Learning
initial dataset . 4 e Wt O :Process parameters
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Others approaches Data Science
Data-mining

Optimization algorithms

Machine learning

Deep
Learning



The Big Controversy

Deductive approach Inductive approach
nput nput
E\i |+ Output ’Eﬁ .~ Program
Program — | Output (model)
/ \
V.S,
S Facts
Expert acts Rules and laws
Rules and laws P Special case @Moda
D. Cardon et al. Réseaux (2018)
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The artificial neuron
y=0(0" .- X+b)
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The artificial neural network (ANN)
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Somes examples...

Ong, Comput. Mater. Sci. (2019)
Accelerating materials science with high-
throughput computations and machine
learning
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Timeline

2000 2010 2020
o Open Generalized
Data Mining - P :
: Database - descriptors
Evolutionary
: Neural -
algorithms - DFT :
High-throuehout Network - Generative
& &nP Supervised ML algorithms
@ OPTIMADE | mendeleev mv ?
. . y for Materials Design ” pgmatgen

@matminer

SINENT putomatic- FLOW for Materials Discovery
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Conclusions

Data Science

Data-mining

Optimization
algorithms

* Artificial intelligence is not able to think

Machine learning

Deep
Learning

instead of human : |A is just efficient for

a dedicate learning

* We need (good) data!
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