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Collecting data

- Rights to use them °
- From observable (noise ?)




Collecting data

. Simpson’s paradox
- Rights to use them

- From observable Insufficient dimensions
- Enought or too much?
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Collecting data

Rights to use them

- From observable

- Enought or too much

Raw / labelized / understable
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Data: misunderstanding

A belief Misunderstanding




Data: model choice
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The curse of dimensionality [1] A Method B
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Data: the price to pay
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Machine learning notions

1. Supervised / nonsupervised / renforcement

2. Classification / Regression

3. Learning models, penalties, optimization

4. Training / Testing / CV

5. Biais / variance / overfitting =2 learning curves
6. Metrics / Loss functions

7/

. Neural networks



Machine learning resources

1. CNRS FIDLE:
https://www.youtube.com/c/CNRSFormationFIDLE

2. Coursera ML by Andrew NG:
https://www.coursera.org/learn/machine-learning

3. Google Al: https://ai.google/education/

4. Open Classrooms:
https://openclassrooms.com/fr/courses/4011851-initiez-
vous-au-machine-learning

5. Scikit-learn: https://scikit-learn.org/stable/user guide.html
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@ FIDLE  https//Adle.cnrsfr/listeinfo

Fidle information list

Agoria http://ﬁdIe.cnrs.fr/agoriaM

Al exchange list
agoria@grenoble.cnrs.fr

https://listes.services.cnrs.fr/ wws/info/devlog
List of ESR* « Software developers » group

https://listes.math.cnrs.fr/wws/info/calcul
List of ESR* « Calcul » group
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A python centered world
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« Deep learning for humans »

m Keras | @) pyTorch Lightaing

_ Widely used
Wldely used inthe By Francois Cholet (Google) High-level interface for e field o Al
implementation Hight level AP PyTorch, by William Falcon. h

o practical Part on TensorFlow since 2017 Lightning 2.0 is featuring a researc
- MIT licence clean and stable API!!
solutions
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Apache licence /




Open Science!

Publications
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UNESCO, Towards a UNESCO Recommenda-tionon Open Science 2021.
https://en.unesco.org/sites/default/files/open_science_brochure_en.pdf




Conclusions 1/2

Review of machine Learning applied to chemistry and

material sciences :
* Large field of applications
* Golden age of Discriminative approaches ...

* Welcome to the Generative approaches age !




Conclusions 2/2

* Artificial intelligence is not able to think instead of human

* |Ais just efficient for a dedicate learning

Human:

* \We need datal

100 .10° neurons
103 synapses/neurons
200.103 electric bonds

y.




7 rules for data scientist workflow

Main goal? Definition of the ML problem
Collecting data (open data, rights,...)
. Analyzing data, statistics, visualization

= w e

Cleaning data: drop missing, normalization, standardization,
overlap info?

5. Preparation training/test sets [ a first training
6. Modelisation, for each model:

- optimization of parameters, grid search

- evaluation of CV score

7. Deployment



Project: based on Material Project
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