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@ Introduction (DISCLAIMER: math perspective!)

@ Neural Networks (NNs) for Discriminative Models

@ Multilayer NNs
@ Convolutional NNs

© Neural Networks for Generative Models

@ ThisPersonDoesNotExists.com
@ Data augmentation for brain tumoral images

O Reserach Perspective
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Math and Images

Disclaimer: “Images are just numbers!”

64x64 pixels
MedNIST Challenge

16x16 pixels
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Math, Color Images, and Tensors
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RGB Image Red channel
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Math and Learning

Math break!
1,:3:5:7...;
What number will be next?

S Uk S )
The next number is 217341 if

633885
x* — 90555x°3 + TXQ — 452773x + 217331

@,

18111

f(x) = 5

since then

F(1)=1, f(2)=3, f(3)=5 Ff(4) =7, F£(5)=217341

REMARK: Learning is finding a (composite) function that
“explains” the data.
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Learning Classification Tasks: RSNA Classroom

In 2017 and 2018, the RSNA Deep Learning Classroom, pre-
sented by NVIDIA Deep Learning Institute, used the MNIST
image dataset to show radiologists how to train a classifier to
recognize handwritten digits.

This year [2019], the Classroom will feature a medically orig-
inated set of images, MedNIST Database [..] (1) chest ra-
diographs, (2) head CTs, (3) chest CTs, (4) abdomen CTs, (5)
breast MRIs, and (6) brain MRIs [..] The goal is to build and
train an Al model that accurately classifies images into those
six categories.

Charles E. Kahn. We All Need A Little Maigc (Editorial). Radiology: Artificial Intelligence. Vol.1, n.4, 2019.
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Classification Tasks: RSNA Classroom

Hand BreastRMI ChestCT

CTabdome CXR HeadCT
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B Multilayer Neural Networks
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Artificial Neural Networks

https://mashable.com/2016/12/01/facebook-ai-video-lessons


https://mashable.com/2016/12/01/facebook-ai-video-lessons

Multilayer NNs
°

Biological Motivation

@ The human brain is estimated to contain a densely
interconnected network of around 10! neurons

@ Each neuron is connected to around others 10* neurons.
Neurons activity is typically excited or inhibited through
connections to other neurons.

© The switching of neurons is of order of 103 seconds, much
slower than modern computers, which have switching speeds
of 10710 seconds

@ Humans take around 107! seconds to recognize a friend
(compare to switching speed...)

@ Human brain performs a highly parallel tasks
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Biological Neurons

VIDEO RECORDED
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Multilayer Feedforward Neural Networks

1 inbo X | M Inbo X | @ Wha' X | i num X BRaT X | @ Stefe x | 89 Wha x @ 20V x [ cipt X | & This' X | @ Sefo X

<« C & adamharley.com

0123456789
(]

https://adamharley.com/nn_vis/mlp/2d.html



https://adamharley.com/nn_vis/mlp/2d.html

Multilayer NNs
.

Backpropagation as Automatic Differentiation

DEMO ON LEARNING WEIGHTS: Backpropagation Algorithms

https://www.youtube.com/watch?v=I1g3gGewQ5U


https://www.youtube.com/watch?v=Ilg3gGewQ5U

Multilayer NNs
©00000000000

Basic Math Operations for an Artificial Neuron

NINENES

elo|o|r

O....

Input:

ocoe
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Basic Math Operations for Artificial NNs

mlo|ofm
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Input:
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Basic Math Operations for Artificial NNs
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Basic Math Operations for Artificial NNs
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Basic Math Operations for Artificial NNs
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Basic Math Operations for Artificial NNs

1(1]1 111]1 111]1
1]10]0 111]1 1]10]0
= o =
1|00 ® 1faf1]| T [1fo[o]Y T
1({1]1 111]1 111]1
r
]
Input: Output:

X y=9,(x)
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Basic Math Operations for Artificial NNs

D = I Ifresult >0, then output 1 (= is letter “C”)

wlofof=

®

wle]e]~

Output: Historically, this is a
y=f(9,(x)) perceptron (‘60)

Input:

Mathematically, we have a function composition (weighted linear combination and linear threshold).
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Basic Math Operations for Artificial NNs

1111 1111
100 oo . —
2 ofo| © = Hele® = If result > 0, then output 1 (= is letter “C”)
1111 1111
111]0 1(1]1 110
1|of1 1fa]1] 1[0 _ . -
sanEnnnEEnnn = o If result < 0, then output -1 (=is letter “D”)
111|o0 1(1]1 1[1|o0

Output: Historically, this is a
y=£fi(g,(x)) perceptron (‘60)

Input:

Mathematically, we have a function composition (weighted linear combination and linear threshold).
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Basic Math Operations for Artificial NNs

1(1]1 o 0 1
1(0]|o0
ool @ = 2 Z Z P = If result > 0, then output 1 (= is letter “C”)
1(1]1 o 0 1
1l1|o0 o 0 1 ] [ [
1|01 0 0 -1 0 o 1 .
L T Tl En LT = . @ If result < 0, then output -1 (=is letter “D”)
B ° €O || 2 O [RON[ IO activation
weights w function
Input: Output: Historically, this is a

X y=f(g,(x)) perceptron (‘60)
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Basic Math Operations for Artificial NNs

Input:

weights w activation
function
111]1 o o 1 0 o s §
1l0|0 -
LTl @ Z z : = Z : :® = @ If result > 0, then output 1 (= is letter “C”)
111 0 o 1 ] 0 i
1] o oo o
1| 0 1
" : N = i : : = - If result < 0, then output -1 (=is letter “D”)
11|00 0 o 0
[ 2
°
[ 2
°
o % Historically, this i
¢} 0—0 Output: istorically, this is a
a0 y=£f(9,(x)) perceptron (‘60)

...OO.
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Basic Math Operations for Artificial NNs

weights w activation
function
1111 o o 1 o o 1
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Basic Math Operations for Artificial NNs
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Multiclass Classification

wlnle]~
elo|o|r
elo|o|r
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olrf=]o

olmlr|o
elo|o|r
olelr|o

Input: Output:
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Multilayer NNs
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Multiclass Classification

2]
TiTs 2l ~ The output is the probability to
1]ofo e be a given letter (or class):
] ?
1jojo| ® =:
111 ol e Pc+Pp + Po=1.0
] ?
1f1]o0 24 e
1(0f1 A e
102
11 o
RES SOFTMAX PROBABILITIES
° 1 ° 2.0 — o —> p=l017
1|02 3 e’
—_— S(y;)) =——— |—> p=
1.0 (%) SSew p=02
01— i — p=0.1
Softmax

Output:
y = Softmax(f, (g, (x)))

2 hidden
neurons
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Multiclass Classification

AR
o] o 2i[2][° The output is the probability to
T o1 ol i be a given letter (or class):
o]t ® L S8
o RS PctPp+Po=1.0
BB
ARE
1|10
1|01 il | I
102
1|1
0 LOGITS
SCORES SOFTMAX PROBABILITIES
2.0 — . i —> p =104
10— | S(¥) = SSew
(il —> e

Softmax

Input: Output:

y = Softmax(f, (g, (x)))

2 hidden
neurons
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Neural Network Architecture

Input 1 Hidden | ——
layer layer 2" Hidden
layer

Output
layer

We have in total to “learn”

np; +p,p,+p,m
parameters
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Multiclass Classification

Input i-th Hidden
layer layer

Output
layer

We may have a huge total
number of parameters:
How to find them efficiently?

We may have a huge total
number of parameters:
How to learn them efficiently?

By computing the first derivative of composite function: ‘ y=f(9,(95(9,(9:(x)))))
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Multiclass Classification

Input i-th Hidden
layer layer Output
layer

We may have a huge total
number of parameters:
How to find them efficiently?

We may have a huge total
number of parameters:
How to learn them efficiently?

‘ By computing the first derivative of composite function: ‘ y=f(9,(95(9,(9:(x)))))

@ Number of hidden layers

@ Number of neurons at each layer

© Type of activation function at each layer
QO Type of output function

Question: Do we really want fully connected layers?




Multilayer NNs

Universal Approximation Theorem

Let d € N, K C RY compact, f : K — R continuous, p : R — R continuous and not a
polynomial. Then, for each ¢ > 0, there exists N € N and a;, by € R,w, € R, 1 < k < N,
such that:

N

f*Zak/)((Wkﬁ*bk) <e

k=1 o

REMARK 1: Each continuous function on a compact domain can be approximated up to an
arbitrary accuracy by a shallow neural network.
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Outline

Convolutional Neural Networks
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Convolutional Neural Network Architecture

ANIMATED APPLET
http://www.cs.cmu.edu/~aharley/vis/


http://www.cs.cmu.edu/~aharley/vis/
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Convolution
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Convolution
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Convolution
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Convolution
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Convolution
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Convolution
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ToTo oo oToTs We have performed a CONVOLUTION of the input
image with a kernel image (filter), producing a new
Many important image transformations are
convolutions where you convolve the image function
with a very small “kernel function”
input image kernel image
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Kernels for Edge Detection

Two kernels/filters

Input image:
Brain MRI
1190x1123 pixels
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Kernels for Edge Detection

Two kernels/filters

1] 21
Ki= 0 | 0 | 0
+1 [ 42| 1

Input image:
Brain MRI
1190x1123 pixels
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Kernels for Edge Detection

Input image:
Brain MRI
1190x1123 pixels

Two kernels/filters

Ki

K>

-1 -2 -1
= 0 0 0
+1 | +2 | +1
-1 0| +1
= -2|0| 42
-1 0| +1




Convolutional NN

Kernels for Edge Detection

Two kernels/filters

a1 2] 1
Ki= 0 0 0
+1 | +2 | +1
;10| +1
Input image: Ke= 210 +2
pu’ ge: 110 41 Feature Map:
Brain MRI .
Edge detection

1190x1123 pixels



Common Kernels

KERNELS AND CONVOLUTION
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Common Kernels

KERNELS AND CONVOLUTION

Original Image
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Convolution

Each kernel function/matrix may be
kernel 1 LEARNED be since is nothing else than
— a small matrix of weights (weighted

000000
000000 .
000O0O0O0 connections of our sparse-ANN)
000000
input image 000000
0co0o0o0000O0
kernel 2
©c00000O0O0
nvolutional Neural Network layer:
00000000 000000 Convolutional Neural Network laye
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000000 npu
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0co0o0o0000O0
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Pooling (subsampling

input image Kernel/filter
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Compress images by maximum pooling
For each submatrix takes the maximum value.
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Convolutional Neural Network Architecture

Convolutional Neural Network architecture:

Input 15t Conv.
layer layer

st pooling




Convolutional NN

CNN in action

DEMO CLIP (FILE)
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Convolutional Neural Network: MedNIST Classification

C1: feature maps S2:fealure maps  C3: feature maps: S4: feature maps
6@28x28 B@14x14 @ 10:1 16@5H5.
G g

—_— o ounut e
232 R

g = /

Gousson
R J cemedens
/ Full connection

Full connection
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Convolutional Neural Network: MedNIST Classification

C1:festure maps 2 fealure maps  €3:feslure maps S4: feature maps
@28:28 s@14x14 @10x10 16@515

I
oo & ourur o
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e
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Accuracy = 0.9949477351916376
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Convolutional Neural Network: MedNIST Classification
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B Transfer Learning



Transfer Learning
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Image Input
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Transfer Learning
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Data Augmentation: Rotations
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Rotated Rotated Rotated
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Data Augmentation: Translation
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Data Augmentation: White Noise
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Which is a fake picture?



https://thispersondoesnotexist.com/

Generative Models
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Which is a fake picture?

https://thispersondoesnotexist.com/


https://thispersondoesnotexist.com/
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Which is a fake scan?

Credits to: Abramo Agosti, Alex Astolfi, Andrea Codegoni, S.G.,
Math. Dept. at UniPv
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Using Deep NNs as Discriminative Models

Training Samples o Prediction
Discriminative Model

ot

Label: 9 Label: 1 Label: 2 Label: 0
]
Label: 4 Label:2 Label: 9 Label:3
& Fl 9l 2| Input
Label: 1 Label:1 Label: 7 Label:7
AR VAR F IR ]
Label: 6 Label: 6 Label: 6 La% 0 5

Step 1: Train-test split of the dataset.
Step 2: Choice of architecture.

Step 3: Training.

Step 4: Testing.
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Using Deep NNs as Discriminative Models

Training Samples o Prediction
Discriminative Model

ot

Label: 9 Label: 1 Label: 2 Label: 0
0|
Label: 4 Label:2 Label: 9 Label:3
% 2l 9l 2| Input
Label: 1 Label:1 Label: 7 Label:7
AR VAR F IR ]
Label: 6 Label: 6 Label: 6 La% 0 5

Step 1: Train-test split of the dataset.
Step 2: Choice of architecture.

Step 3: Training.

Step 4: Testing.

This is an example of Supervised Learning
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Using Deep NNs as Generative Models

This is an example of Unsupervised Learning

Training Samples Generated Sample g

Generative Model

49 11 & (o
& l 2| q l_g‘ Input
vinmvinmi]
Random Data
5 6 & o

Picture from: https://realpython.com/generative-adversarial-networks/
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Generative Models
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The GAN game

Input sample is real or fake?

Discriminator: D,

D, o Sample x| | G,(h) D

synthetic
J \

/
Generator: G, |

Real Distribution of celebrities

I

Random distributions



The GAN game

Generative Models
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Input sample is real or fake?

real Sample x

Real Distribution of celebrities

Gu (h) Dsynrhet/’c
/7\\
A
G,

7
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aas
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e

Random distributions
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GAN Zoo

(a) Vanilla GAN (b) CatGAN (¢) EBGAN/BEGAN (d) ALI/BIGAN ) InfoGAN

T v

(f) ACGAN (8) VAEGAN (h) CGAN

cal or fake sample

‘ertain or uncertain class prediction

eal or fake reconstruction loss

Yi, X., Walia, E. and Babyn, P., 2019. Generative adversarial network in medical
imaging: A review. Medical image analysis, 58, p.101552.
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Ongoing research
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Ongoing research

Original brain Recontructed fake brain from segmentation

Recontructed fake brain from segmentation

Qa8

Original brain

Credits to: A. Agosti, A. Astolfi, A. Codegoni, S.G.
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Link to videos

https://mashable.com/2016/12/01/
facebook-ai-video-lessons

https://adamharley.com/nn_vis

https://www.youtube.com/watch?v=I1g3gGewQ5U

https://thispersondoesnotexist.com/

https://vimeo.com/154085950


https://mashable.com/2016/12/01/facebook-ai-video-lessons
https://mashable.com/2016/12/01/facebook-ai-video-lessons
https://adamharley.com/nn_vis
https://www.youtube.com/watch?v=Ilg3gGewQ5U
https://thispersondoesnotexist.com/
https://vimeo.com/154085950
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