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/VEe Artificial intelligence, machine learning, deep learning

institut

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

Deep Learning with Python, Frangois Chollet, 2nd edition
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/VEz Artificial intelligence, machine learning, deep learning

institut

ARTIFICIAL INTELLIGENCE Rules ===

Programs with the ability to CIaSS|CaI ) Results
learn and reason like humans Data ) programming

MACHINE LEARNING

Algorithms with the ability to learn
without being explicitly programmed

Data === Machine

DEEP LEARNING DEIE! 3
Subset of machine learning ' Results # Learni ng

== Rules

in which artificial neural Scieng
networks adapt and learn
from vast amounts of data
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EEL The linear regression
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Hands-on Machine Learning with Scikit-learn, Keras & Tensorflow, Aurélien Géron, 2nd edition
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EEL The linear regression

Let’s just rethink it in this way:
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Fer The linear regression
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Fer The linear regression
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Let’s just rethink it in this way:
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Fer The linear regression
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Fer The linear regression
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Let’s just rethink it in this way:
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Dense Neural Networks

Jupyter notebook
Linear models
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CELL The machine-learning eco-system

Unsupervised learning Supervised Learning

Clustering Dimensional reduction = "Machine Learning" "Deep Learning"
SVM
PCA
Hierarchical Il;
KNN P
Ce ==
e tSNE == =
K-means or N - Regression :{."’
NMF X

Random forest
7

Hands-on Machine Learning with Scikit-learn, Keras & Tensorflow, Aurélien Géron, 2nd edition
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(22 The (« non-deep") machine-learning eco-system

Hands-on Machine Learning with Scikit-learn, Keras Do you have
& Tensorflow, Aurélien Géron, 2nd edition
7 labeled data?
Yes No

v v
Supervised Unsupervised
R
Category Quantity Yes No
J ¥ v v
Classification Regression Cluster Dimensionality
Analysis Reduction
SVM [ Linear ]
Regression Hierarchical PCA
KNN LASSO Clustering

K-means ICA




EEL Main types of Deep Learning networks

FEEDFORWARD NEURAL NETWORKS
<:j|:>j Feedforward neural networks are good at solving problems with a clear

relationship between the input and the output, but may not be as effective
at figuring out more complex relationships.

Convolutional neural networks are used for tasks that involve data with a
grid-like structure, such as image recognition, but may require a large
amount of data and be slow.

\ o % / CONVOLUTIONAL NEURAL NETWORKS
i o .\ — t\L@ —}/

o ot -

/4 RECURRENT NEURAL NETWORKS

*  TYPESOF NEURAL
® o o o o NETWORKS

Recurrent neural networks are used for tasks involving data in a sequence,

3
® /' \ @Q such as a language translation and speech recognition, but they may need
[ ," \ g help learning long-term relationships, which can be challenging to train.
°
o
0 ~ . GENERATIVE ADVERSARIAL NETWORKS

Generative adversarial networks are composed of two neural networks
that work together to generate synthetic data that appears real but may be
challenging to train and require a large amount of data to perform well.
They have been used for tasks such as creating realistic images and

\
&

é

AUTOENCODER NEURAL NETWORKS

Autoencoders are used to reduce the complexity of data and learn
important features, but they may be sensitive to the settings used and may
not always learn meaningful patterns in the data. They have been applied
B in tasks such as image and speech recognition.

Hands-on Machine Learning with Scikit-learn, Keras & Tensorflow, Aurélien Géron, 2nd edition
|
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EEL The laws of Machine Learning

Deep Learning with Python, Frangois Chollet, 2nd edition
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Ll The laws of Machine Learning

Physical models ===  Classical == Results
Data === programming

Deep Learning with Python, Frangois Chollet, 2nd edition
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EEL The laws of Machine Learning

Physical models ===  Classical - Results» | Thereisnoneedfor |

Data === programming machine or deep learning. |

Deep Learning with Python, Francois Chollet, 2nd edition
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The laws of Machine Learning

Physical models ===  Classical . Results» 4 " There is no need for !

Data === programming machine or deep learning.

1) Only use Machine Learning if the classical approaches
fail to solve your problems.

Deep Learning with Python, Francois Chollet, 2nd edition
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The laws of Machine Learning

{

Physical models ===  Classical ) Results‘ ; | There is no need fr' f

'l
Data === programming machine or deep learning. ’@

!

1) Only use Machine Learning if the classical approaches
fail to solve your problems.

2) A neural network can only produce outputs that
resemble the data it was trained on.

Deep Learning with Python, Francois Chollet, 2nd edition
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The laws of Machine Learning

{

Physical models ===  Classical ) Results‘ ; | There is no need fdr' f

'l
Data === programming machine or deep learning. ’@

!

1) Only use Machine Learning if the classical approaches
fail to solve your problems.

2) A neural network can only produce outputs that
resemble the data it was trained on.

3) Data preparation is the most important part of the
machine and deep learning approaches.

Deep Learning with Python, Francois Chollet, 2nd edition
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FEL

The biological neural network

- Biological neural network

Synaptic terminals

Golgi apparatus

reticulum P

Mitochondrion ™~ Dendrite 3 - A
A 9 B e R SRS En
/ R owons s ' Drawing of a cortical lamination by S. Ramon y Cajal (publi domain)
) rawing of a cortical lamination .Ramon ajal (public domain).
Image by Bruce Blaus (Creative Commons 3.0) htt, s-//egn wikipe dia.or /wiki/Cere}l,Jral cortexy e
https.//en.wikipedia.org/wiki/Neuron. ps-ire-wiap ors -
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EEL The biological neural network

Synaptic terminals

Golgi apparatus
Endoplasmic
reticulum

Mitochondrion | \™~Dendrite

A\
/ % Dendritic branches

Image by Bruce Blaus (Creative Commons 3.0)

https://en.wikipe dia. ki bral_cort
https:/len.wikipedia.org/wiki/Neuron. ps:llen.wikipe dia.orghwiki/Cerebral_cortex

ANNs performing simple logical computations

Neu.rons

McCulloch and Walter Pitts proposed a e

model for biological neurons,which A
later became artificial neurons. p’
C=A

McCulloch, Warren S.; Pitts, Walter (1943). Bulletin of
Mathematical Biophysics. 5 (4): 115—133.
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FEL

TLU, Perceptron, Multi-layer perceptron
Threshold logic unit (TLU) Activation Functions
invented in Output: h,(x) = step(x” w) Sigmoid Leaky lleLU '
1957 by o) = 1ies max(0.1z, x)
Frank Step function: step(z) — ;

. T tanh M t
Rosenblatt.  \.X_/ Weighted sum: z=x"w ) | axou

tanh(z) max(w] z + by, wlz + by)

' ReLU IV, ELU _/
ax(0,: x z2>0
X, X, X3 Inputs max(0, ) _ {a((" -1) z<0 :

Hands-on Machine Learning with Scikit-learn, Keras & Tensorflow, Aurélien Géron, 2nd edition



FEL

TLU, Perceptron, Multi-layer perceptron
Threshold logic unit (TLU) Activation Functions
invented in Output: h,,(x) = step(x" w) Sigmoid Tanh Step Function Softplus

1957 by

Frank Step function: step(z) '_@_
Rosenblatt v Weighted sum: z = x"w

0, X<n

(w) () w3)  Weights e 37 et

Softsign Log of Sigmoid

/af

(1) 20

X, x;o 230 - 1
w’"n ® l”(hé“)
Sinc LeakyReLU Mish
[f
% W
\J7
sw\(x) y= max(otx, x) =X (+vann (soFeIUS ()

@ VeA NP Hands-on Machine Learning with Scikit-learn, Keras & Tensorflow, Aurélien Géron, 2nd edition
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FEL

TLU, Perceptron, Multi-layer perceptron
Threshold logic unit (TLU) Activation Functions
invented in Output: h,(x) = step(x” w) Sigmoid ’ Leaky IIReLU '
1957 by o(2) = 1yi== max(0.1z, x)
Frank Step function: step(z) — .

. T tanh M t
Rosenblatt.  \.X_/ Weighted sum: z=x"w ) | axou

tanh(z) max(w] z + by, wlz + by)

' ReLU W ELU _/
P 0’ 1 T x>0
X4 X, X3 Inputs (0, 2) ‘ _ {u(c’ ~1) z<0 :

Perceptron (single layer of TLUs)

Outputs
o Output
\
TLU ..... /l Iayer
Bias Neuron *\ Input

(always outputs 1) ,! layer

Input Neuron
(passthrough) %1 X,

Inputs

s IR Hands-on Machine Learning with Scikit-learn, Keras & Tensorflow, Aurélien Géron, 2nd edition



FEL

TLU, Perceptron, Multi-layer perceptron
Threshold logic unit (TLU) Activation Functions
invented in Output: h,(x) = step(x” w) Sigmoid ’ Leaky IIReLU '
1957 by o(2) = 1yi== max(0.1z, x)
Frank Step function: step(z) — .

. T tanh M t
Rosenblatt. v Weighted sum: z=x'w ) ) axou

tanh(z) max(w] z + by, wlz + by)

' ReLU IV, ELU _/
P 0’ p x x>0
X, X, X3 Inputs max(0, ) ‘ _ {a(c’ -1) z<0 ;

Perceptron (single layer of TLUSs) Multi-layer perceptron (deep neural network)

Outputs
v Output
N ! layer
AY
Output
\
TLU - S v \
] *\ Hidden
h ,! layer
Bias Neuron *, Input -
(always outputs 1) ,! layer "
: } v Inpu
Input Neuron ' layer
(passthrough) %4 X,
Inputs




FEL

TLU, Perceptron, Multi-layer perceptron
Threshold logic unit (TLU) Activation Functions
invented in Output: h,(x) = step(x” w) Sigmoid ’ Leaky IIReLU '
1957 by o(2) = 1yi== max(0.1z, x)
Frank Step function: step(z) — .

. T tanh M t
Rosenblatt.  \.X_/ Weighted sum: z=x"w ) | axou

tanh(z) max(w] z + by, wlz + by)

' ReLU W ELU _/
P 0’ 1 T x>0
X4 X, X3 Inputs (0, 2) ‘ _ {u(c’ ~1) z<0 :

Perceptron (single layer of TLUSs) Multi-layer perceptron (deep neural network)
¢ ¢ t .
Outputs

\
1\ Softmax

~ 1
\ output layer
Output /!
\
T ! layer
- 27\ T\ Hidden layer
N\
Bias Neuron v Input

,' (e.g., ReLU)

(always outputs 1) ,! layer

Input Neuron
(passthrough) %1 X,

Inputs




Dense Neural Networks

O3

.‘ output layer

hidden layer 1 hidden layer 2

N\

y
4

3
e
7
\

\\Qr
P

»
O

i

Va

input layer
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Dense Neural Networks

Jupyter notebook
Clothes classification

|
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FEL Convolutional Neural Networks (CNN)

institut

Input

Pooling Pooling Pooling

o AN
NN )
NS70)

)N
7

'v" ‘..;‘l.:g“? v‘; ‘(
" AN

% S Yee T _Horse
o LA —Zebra
- ==t Dog

SoftMax
Activation
Function

N Y I I I

Convolution Convolution Convolution \
Kernel R;LU R;'LU RJLU Flatte\
r

A

Feature Maps > Layer

Feature Extraction Classification Probabilistic
Distribution

Deep Learning with Python, Frangois Chollet, 2nd edition
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FEL

The convolution step
Cc S, c
feature maps feature maps Iaysé . Fes
c, s, 16@10x10 16@5x5 120 layer Output

feature maps  feature maps

10
Input 6@28x28 6@14x14
32x32 , 1

P ~

Convolutions Full Full Gaussian
Subsampling Convolutions Subsampling connection CONRRCENI  SXEHCHn

1({0f1)0]|1f0 1 o] N2 31
glrjijo| L)1 - of1|1]k|[4|[5|6 |—p
1{0(1Jof1]o0 1101 71819
1{0j1]1]1|0 Image patch Kernel
ol1]1lol1l1 (Local receptive field) (filter) Output
110|1)0|1]0O

Deep Learning with Python, Frangois Chollet, 2nd edition
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FEL

institut

Max Pooling / Average Pooling

© U P

Max Pooling
29 | 15 | 28 | 184
0O |100| 70 | 38
12 | 12 7 2
12 | 12 95N

2X2
pool size
y
100 | 184
12 | 45

neel.cnrs.fr

Average Pooling

31 15 | 28 | 184
0 100 | 70 | 38
12 12 7 2
12 12 | 45 6
2X2
pool size
36 | 80
Deep Learning with Python,
12 15 Frangois Chollet, 2nd edition










nl)uss.’:v Output

Pooling
Layer 2

=  Convolution
Layer 2

il

Pooling
Layer 1

Convolution
Layer 1

Input Layer
https://www.kdnuggets.com/2016/11/
intuitive-explanation-convolutional-neural-
networks.html/3




Convolutional Neural Network

Jupyter notebook
Clothes classification with
CNN

|
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Convolutional Neural Network

Jupyter notebook
Dogs and cats with and
without data augmentation

|
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FEL Encoder-Decoder network

institut

’./ pooling

Downsampling Upsampling

@ uca iNp Deep Learning with Python, Frangois Chollet, 2nd edition



FEL Encoder-Decoder network

institut

Convolutional Encoder Convolutional Decoder

Conv1 Deconv1 Pred
4l Deconv2 I f
Do /I//I
Convé : Deconvb Tl?econvs /; - / ’
=i=0yipil
ax pooling LV
Unpooling LU
Unpooling . /
Unpooing Unpoing % 4
A . Unpooliny
Downsampling Upsampling e
Convolutional Encoder-Decoder e

Input
U Pooling Indices N
< N 'I
": '

RGB Image B Conv + Ratch Normalisation + Rel U Segmentation
I Pooling [ Upsampling Softmax

@ uca iNp Deep Learning with Python, Frangois Chollet, 2nd edition



EEL Max Pooling / Unpooling

max—pooling> m

X

max locations

< unpooling

Deep Learning with Python, Frangois Chollet, 2nd edition
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FEL Encoder - decoder for XPCS data denoising

institut

Series of speckled images Quantitative analysis

C(gq,8t) = F(¢,8t,0.B,..)

Sample

X-ray

correlation

Ae

Encoder-decoder model

delay time

Denoised

0 0000000
aul

k time

T. Konstantinova et al. Sci Rep 11, 14756 (2021)
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EEL Encoder - decoder for XPCS data denoising

gaussian median tv_chambolle our approach

ol Bl

raw 1
— denoised ™ i ] H K]
— target I
'\ ' !
L P
O |
: 10 v
R
0.9 ’
0.05 -~
1]
E
= 0.00 |
.
—0.05 ~
1 1 I I I 1 1 1 I 1
20 40 20 40 20 40 20 40 20 40
lag frames lag frames lag frames lag frames lag frames

T. Konstantinova et al. Sci Rep 11, 14756 (2021)
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FEL

institut

a
Input diffraction
>
64x64%64 \ o :
Training
Estimated diffraction

&

-

AutoPhaseNN for Bragg CDI

64x64x64%32
#7732x32x32x64

Z16x16x16x128
> 8><8><8X256

3D CNN

16x16x16x128

8><8><8><256 —

4x4x4x512

3D Conv.
+3D Conv.

’ Upsampling
+~LRLU+BN

3D Conv.
+ Sigmoid

P

64><64><64><32

32x32x32x64 >

<
b
Predicted W)
amplitude
Predicted
phase

.........

Predicted amplitude

|Max pooling ~ Zero paddm4 3‘%}1 %gn\«
<
Complex > Real space Magnitude
object support e — i

Y. Yao et al., npj Comput Mater 8, 124 (2022)
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Estimated
diffraction




EEL AutoPhaseNN for Bragg CDI

(¢) Diffraction (d) Ground truth (e) Phase retrieval (f) NN prediction (g) Refined
600 iteration (HIO+ER) 50 iterations (ER) 3.14
4 .
— ‘g‘ S
E 2 £
oy 3
SSIM = 0.9760 SSIM = 0.9856 SSIM =09877 0,
0 % =0.0028 ¢ =0.0087 2 =0.0025
3.8 o 3.14
~ g <
= 2 2
b7 e e
> 3
o
SSIM = 0.9432 SSIM = 0.9366 SSIM =0.9919
0 £ =0.0027 £ =00121 £ =00024 314
33 3.14
© 3 .
1) 2
SSIM = 0.9903 SSIM = 0.9893 SSIM = 0.9901
0 ¥ =0.0065 2 =0.0202 2 =0.0061 -3-14
3.1 3.14
= 3 s
8 2 8
@ e &
1) 3
SSIM =0.9720 SSIM =0.9736 SSIM =0.9998
0 £ =0.0104 7 =0.0259 7 =0.0079 -3.14

Y. Yao et al., npj Comput Mater 8, 124 (2022)
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The U-NET Architecture

64 64
128 64 64 2
input
ima{;e AR .| output
: segmentation
tile o o o
wn

w| v
']?H 128

3 I‘I':I =»conv 3x3, ReLU

. o = = copy and crop
g\:i.-L.- ¥ max pool 2x2
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O. Ronneberger et al. (2015). MICCAI 2015. Lecture Notes
in Computer Science, vol 9351. Springer
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FEL Deep learning for 2D and 3D image processing
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Non-Commercial Licensing

l') d ra g o nfly We proudly support academic research...
7\ 4 -
A DRAGONFLY FREE 30-DAY TRIAL

Deep Learning for Imaging Scientists

':; _DraganfliDaily 15 Degp heagningjfor | ing Sgigqtists| (2020 <~
‘ V‘ , l: FJ L l:?ai’}—{ fw S' I @ger This video provides the background details for a better understanding

of Dragonfly's Deep Learning Tool and how to train deep models for
denoising, image segmentation, and super-resolution. Topics include
the comparison of image processing to linear regression, fitting and

applying functions, perceptron and neural networks as functions, as
well as model training and optimization.

Deep Learr"ng for References and data examples:
lmaging SCientiStS Go to Grant Sanderson's YouTube Channel, 3Brown1Blue, for a deeper

explanation on neural networks and how they are trained.
Pharmaceutical tablets example from Ma et al. 2020.

Rat neurons example from Eustaquio et al. 2018.

........

UCA NP neel.cnrs.fr


https://www.theobjects.com/dragonfly/deep-learning-getting-started.html

Deep Learning Tool
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'-[ﬂ Deep learning for 2D and 3D image processing

Initial manual input

Prediction & correction

Random Forest 1

Segment all

Random Forest 2

U-Net

Py dragonfly
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fﬂ Deep learning for 2D and 3D image processing
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LEL GAN - Generative Adversarial Network
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HEA INP Deep Learning with Python, Frangois Chollet, 2nd edition



EEL GAN - Generative Adversarial Network
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Convolutional Neural Network

Jupyter notebook
Fake Faces with GAN
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The architecture of TomoGAN

: , <§a2k-propalgation agd_
O X weights updafing ~,
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I [ Adversarial ©
oo . Loss | 7|8
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Zhengchun Liu

Argonne &

NATIONAL LABORATORY

Z. Liu, et al. J. Opt. Soc. Am. A 37, 422-434 (2020)

TomoGAN network: hitps://github.com/Izhengchun/TomoGAN
Tutorial on denoising: https://github.com/Izhengchun/dn-tutorial/tree/main

--------
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https://github.com/lzhengchun/dn-tutorial/tree/main
https://github.com/lzhengchun/TomoGAN

Convolutional Neural Network

Jupyter notebook
Denoising with TomoGAN
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EEL Application of TomoGAN
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M. Redhouane Boudjehem et al., PhD thesis work (2024), in preparation
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Application of TomoGAN

SSIM: Structural SIMilarity

NMSE: Normalized mean square error
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TomoGAN for 1/8 of projections
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Contact info:

julio-cesar.da-silva@neel.cnrs.fr

Website:

sites.google.com/view/jcesardasilva

Data analysis tools:
https://github.com/jcesardasilva
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