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Plan for today:

. Simple Neural Network recap

2. Deep Learning

Background and Applications
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4. MATLAB Dee

O Learning loolBox exam

Elli Valla (TalTech, Department of Software Science)

dles




|. Simple Neural Network recap

Input Layer € R*

Elli Valla (TalTech, Department of Software Science)

’ (2 m

— pll] [1]

G =b "+ Z Wi
=1

Hidden Layer € R® Output Layer e R’



|. Simple Neural Network recap
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2. Deep Learning Background and Applications
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2. Deep Learning Background and Applications

Deep

Convolutional
Perceptron NN Transformers

ImageNet and ILSVRC
Stochastic

Gradient Descent

- Multi-layered Aﬁ(Net
Hugel’s and Perceptron.

: GoogleNet
Wiesel's cat's Backpropagation 9
visual cortex LeNet5 E’GG

experiment ResNet
-| Xceptlon
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Why now!

|. Big Data
«ImageNet, CIFAR 10, MNIST

*Data collection and storage

2. Hardware
*Graphics Processing Units (GPUs)

3. Software

Keras Pandas

O learn Tens!'r PyTorch
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2. Deep Learning Background and Applications
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https://www.youtube.com/watch?v=fn3KWM1kuAw

2. Deep Learning Background and Applications

Autonomous Driving

TAL

Elli Valla (TalTech, Department of Software Science)



2. Deep Learning Background and Applications

Biology & Medicine
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Yi(51) "Deep Learning and Convolutional Neural Networks for Medical Image Computing”, Le Lu et al,

Springer 2017
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How do computers “see™?

2

 An image is just a matrix (tensor) of numbers [0, 255]. °
0

* |n this example it’s 8x8x3 i

8 ThEmkd 7

Ol O
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How do computers “see™?
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Can we extract features

Define features!

Elli Valla (TalTech, Department of Software Science)

manually?




Can we extract features manually?

Define features!

* Lighting conditions
e Deformation

* Intra-class variations Algorithm needs to be invariant to all of these variations.
* Scale variations
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3. Convolutional Neural Networks. Why convolution!?

3
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Why convolution?

Fully Connected Neural Network (FCNN)

1

No spatial information
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Input: array of pixel -> 2D image

Elli Valla (TalTech, Department of Software Science)

neuron



Input: array of pixel -> 2D image

|

I
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each time we slide, we add a neuron

20



Input: array of pixel -> 2D image

The goal 1s to learn these welights!
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Wil WIi2 WI3

W21 W22 W23

W3l W32 W33

Output size:
n+2p—f 1« n+2p—1 1
< < nXnimage
f X f filter
p — padding
s — Sstride

* Reduces the amount of weights.

* Adds spatial information.

21



32 E3 ’ 28
4
\L € >
3 OUTPUT
INPU I
DEPTH OF INPUT AND DEPTH DEFINED BY NUMBER
FILTER MUST MATCH OF DIFFERENT FILTERS (5)
F, F, d

(g+1) _ ) h > . 2*, (r.q) 4 (q)
h'i.jp o Wysk h'i.-f-'r—l,j-{—s—l,k

r=1 s=1 k=1

Charu C. Aggarwal, “Neural Networks and Deep Learning”, Springer 2018
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HIGH ACTIVATION

--

IMAGE
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1]-1 |-
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DETECTING FILTER

ACTIVATION
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VpE {1...dq+1}

22



Elli Valla (TalTech, Department of Software Science)

* slide the filter over the input
* element-wise multiply

* add the outputs
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input 9x9
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filter 3x3

RECIER

ojt]o
0.0 0

feature map 3x3
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Charu C. Aggarwal, “Neural Networks and Deep Learning”, Springer 2018
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— stride = 2

Elli Valla (TalTech, Department of Software Science) Machine Learning spring 2022 29



.1.2 Padding

“Valid” - no padding is applied

“Same” - padded so that the output size is the same as the input size
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3.1.3 Pooling

MaxPooling

“Neural Networks and Deep Learning”, Charu C. Aggarwal, Springer 2018
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3x3 pooling
stride = 2

ﬁ

2 9 7
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3.1.3 Pooling

MaxPooling

“Neural Networks and Deep Learning”, Charu C. Aggarwal, Springer 2018
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3x3 pooling
stride = 2

ﬁ

A0

o U O

0 O
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3.2 Architectures

q feature maps

MaxPooling

Input Convolution Downsampling

Convolution: apply filters to generate feature maps.
Non-linearity: most common choice Rel U.

Downsampling: most common choice MaxPooling.

Training: learning weights of filters in convolutional layers.

Elli Valla (TalTech, Department of Software Science)

Fully-connected layer
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3.2.2 AlexNet

224
55

224
384

Charu C. Aggarwal, “Neural Networks and Deep Learning”, Springer 2018

Alex Kryzhevsky et al “Imagenet classification with deep convolutional neural networks", 2012
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1000
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http://kr.nvidia.com/content/tesla/pdf/machine-learning/imagenet-classification-with-deep-convolutional-nn.pdf

TOP 1 ACCURACY

100

Meta Pseudo Labels

(EfficientNet-L2) _

90 FixResNeXt-101 32x48dp '
PNASNet-5-8 3 TR, g
ResNeXt-101 64x4_.—0’e" = {
V3 e @ 5 .
70 Five Base + Five HiRes
AlexNet ¢
60
SIFT +-FV5
O =
405 | | | | | | | | | | |
2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

- Other models -e- State-of-the-art models

source: https://paperswithcode.com/sota/image-classification-on-imagenet
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Machine Learning spring 2022
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https://paperswithcode.com/sota/image-classification-on-imagenet

4. Code example

'model = keras.models.Sequential([

1)

keras.

keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras
keras

layers.

.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
. Layers
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.
.Layers.

Conv2D(filters=96, kernel_size=(11, 11), strides=(4, 4), activation='relu',6 padding='same',

input_shape=(227, 227, 1)),
BatchNormalization(),
MaxPool2D(pool_size=(2, 2), strides=(2, 2)),
Conv2D(filters=256, kernel_size=(5, 5), strides=(1, 1), activation='relu',
BatchNormalization(),
MaxPool2D(pool_size=(3,3), strides=(2, 2)),
Conv2D(filters=384, kernel_size=(3, 3), strides=(1, 1), activation='relu',

.BatchNormalization(),

Conv2D(filters=384, kernel_size=(1, 1), strides=(1, 1), activation='relu',
BatchNormalization(),

Conv2D(filters=256, kernel_size=(3, 3), strides=(1, 1), activation='relu',
BatchNormalization(),

MaxPool2D(pool_size=(2, 2), strides=(2, 2), padding='same'),

Flatten(),

Dense(4096, activation='relu', input_dim=(227, 227, 1)),

Dropout(0.4),

Dense(4096, activation='relu'),

Dropout(0.4),

Dense(1000, activation='relu'),

Dropout(0.4),

Dense(10, activation='softmax')

padding="same"),

padding="same"),

padding="same"),

padding="same"),
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Hierarchical Feature Engineering
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£

Practice!

Example |
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https://www.mathworks.com/help/deeplearning/ug/create-simple-deep-learning-network-for-classification.html

[Thank you for your attention!
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