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Inspired by nature
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Artificial neuron

Perceptron, 1957




Activation function
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The artifical neural network
Classification of Darwin's finches

beak lenght
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Neural network / Perceptron multicouche MLP
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multilayer perceptron MLP
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Back-propagation
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How to adjust w;; ?
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https: layground.tensorflow.or
[ [ [

O Epoch Learning rate Activation Regularization Regularization rate Problem type

>l

000, 1 76 0.03 Tanh None 0 Classification
2 HIDDEN LAYERS OUTPUT

Test loss 0.004
Training loss 0.003

DATA FEATURES N =
Which dataset do Which properties do
you want to use? you want to feed in?
+ - + -
% 3 neurons 2 neurons
X1 ) ~<3 e 4 p
< /’f ]
N\
,/(\
e i —— p b

Ratio of training to M . 50

N D2

- -

X12 S — —— O .: 0
.
7 weights, shown by e Qo
( the thickness of "
the lines.
0

. _—
1

testdata: 50%
Colors shows
|

—e
22 m
larger.
data, neuron and

weight values.

Noise: 0
o
Batch size: 10
X1X2
_.
REGENERATE sin(X1)

@,
_)
]



Neural network

O Backfed Input Cell
Input Cell

/N Noisy Input Cell

@ Hidden Cell

. Probablistic Hidden Cell

@ spiking Hidden Cell

A mostly complete chart of

Neural Networks .........
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Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
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About images
T With a fully connected NN of 1000

0.0008 Mpixels neurones:
s P —> 785 000 t
8 bits parameters

24 Mpixels

3*8bits - 72.10° parameters




Operation Filter Convolved
Image

Image convolution T

Identity 0 1 0
0 0 0
(4 % 0) A A=
, (0 x0) 0O 0 0
Center element of the kernel is placed over the (0 X 0) 1 0 1
source pixel. The source pixel is then replaced (0 x0)
with a weighted sum of itself and nearby pixels. 0 1)
(0x1) 0 1 0
0x0
Source pixel 20 X 1; Edge detection 1 -4 1
+(-4x2) 0 1 0
-8
- [-1 -1 —1]
) - -1 8 -1
; 5 -1 =1 =1
) ; [0 -1 0]
Sharpen -1 5 -1
Convolution 1 0 -1 0
New pixel value (destination pixel) ‘ il ' 3y
Box blur 1
: =~1F X 3
(normalized) 9
R
Hanamard product by a kernel o TIT
: aussian )ur _1_6 2 4 2
approximation
1 2 1




Convolution

kernel
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kernel size :
Y (kX, ky, n)
n layers

CNRS - Formation FIDLE
https://www.youtube.com/channel/UC4Sukzudhbwr6fs10cXrJsQ




Several operations pooling
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Convolution
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Convolution for classification
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Convolution network

Strengths:

- Can treat complex images

- More simple than MPL (same weight)

- Reduce size by pooling

- Learn from deep information hidden by data
- Adapted for GPU (60 times faster)

Weaknesses:

- Black box

- Slow to learn

- Need a large DB




Generative methods

Segler et al. ACS central science (2018)
Generating Focused Molecule Libraries for Drug
Discoverv with Recurrent Neural Networks
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Mew Active Molecules

Gomez-Bombarelli et al. ACS central science
(2018)

Automatic Chemical Design Using a Data-Driven
Continuous Representation of Molecules
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Generative adversarial networks (GAN)

proba:
real or
fake ?

discriminator

generator I



Generative adversarial networks (GAN)
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Enthalpy of formation (kJimol - M)

Enthalpie de formation (kJ/mol - M)

Crystal-GAN
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Generative methods: many applications

Generate a picture

“a cabin in the mountains”

https://huggingface.co/spaces/akhaliq/VQGAN CLIP
2020: DALLE3

Generate a sound track

Generate a narration (GPT3) https://openai.com/blog/jukebox/

https://play.aidungeon.io

2023: GPT4 (1000 G parameters)
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https://openai.com/blog/jukebox/

	Slide 1: Initiation à l’apprentissage automatique en science des matériaux 5. Neural Network 
	Slide 2: Inspired by nature 
	Slide 3: Artificial neuron
	Slide 4: Activation function
	Slide 5: The artifical neural network
	Slide 6: Neural network  / Perceptron multicouche MLP
	Slide 7: multilayer perceptron MLP
	Slide 8: Back-propagation
	Slide 9: How to adjust wij ? 
	Slide 10: https://playground.tensorflow.org/
	Slide 11: Neural network
	Slide 12: About images
	Slide 13: Image convolution 
	Slide 14: Convolution
	Slide 15: Several operations
	Slide 16: Convolution
	Slide 17: Convolution for classification
	Slide 18: Convolution network
	Slide 19: Generative methods
	Slide 20: Generative adversarial networks (GAN)
	Slide 21: Generative adversarial networks (GAN)
	Slide 22: Cross-domain GAN (DiscoGAN)
	Slide 23: Crystal-GAN
	Slide 24: Generative methods: many applications

