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Deep networks

A class of learning methods that was developed in Al with inspiration
from neuroscience. J
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Schematic of a biological neuron. Iv
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Deep networks

Historical perspective

1. Perceptron (1955-1965)
2. Multi-layer neural networks (1985-1995)
3. Deep networks (2010-)

In recent years, there has been a surge of interest in deep net-
works/learning, with applications to computer vision and natural lan-
guage processing.

Deep networks aims to learn a supervised, semi-supervised or unsu-
pervised method.
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Deep Learning
Neural networks
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Neural networks

Neural networks must imperatively be composed of an input layer and
an output layer (with as many neurons as the number of predictions
we need; e.g. multi-class classification).

input layer

output layer
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Deep Learning

Multi-layer neural networks
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Multi-layer neural networks

Unlike Neural network, Multi-layer neural network must imperatively
be composed of one or two hidden layers between the input and output
layer.
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Deep Learning

Deep neural learning
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Deep neural learning

Unlike both models, Deep neural network adds extra layers (hidden
layers) in the middle of the input and output layer, combined often
with regularization methods.

Hidden Hidden Hidden
layer 1 layer 2 layer 3

Input layer Output layer
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Zl[l] = Wl[l]T x + b}l], a[ll] = 0(21[1])

zgl] = Wz[l]T x + bgl], a[;] = a(zgl])

zgl] = W3[1]T x + bgl], a[31] = a(zgl])
A = Wl g Bl ) = (1)

Figure: Computation of a layer

1. Backward propagation

2. Forward Propagation

3. Gradient descent (Optimization)
4. Activation functions

5. Random Initialization of parameters W,
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Natural Language Processing
100100111010110
110101001000101
010110101010010
Very intuitive platform, I'll definitely recommend it. .
The chat support is excellent, really fast in their replies 1. HOW can we WOI’k W|th
and very helpful. unstructured data?
Usability Positive Customer Support 2 Are there mathematlcs tools')
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Natural Language Processing
Text Vectorization
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Representation as vector R

Given three english texts

Bats can see via i
The elephant sneezed . Wondering, she opened
at the sight of potatoes. ed;glto;igﬂgzhgszeetlhe the door to the studio.
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Representation as vector R - BagWords

Given three english texts

The elephant sneezed
at the sight of potatoes.

Bats can see via
echolocation. See the
bat sight sneeze!

Wondering, she opened
the door to the studio.

Bats can see via
echolocation. See the
bat sight sneeze!
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Representation as vector R - One-hot encoded

Given three english texts

The elephant sneezed Bats can see via Wondering, she opened

atthe sight of potatoes. ectglto;i;:‘t";hz:fet,he the door to the studio.

The elephant sneezed
at the sight of potatoes.
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Representation as vector R - Term frequency inverse
document frequency (TF-IDF)

Term frequency-inverse document frequency is a statistical measure
that evaluates how relevant a word is to a document in a collection
of documents.

Wondering, she opened
the door to the studio.
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Natural Language Processing

Word embedding
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Word embedding

Word embedding is another powerful way to work with text.

newspaper = <0.08, 0.31, 0.41>

magazine = <0.09, 0.35, 0.36>

—_—
biking = <0.59, 0.25, 0.01>

Figure: Visualization of 3-dimensional word embedding
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Natural Language Processing

Deep learning architecture for NLP
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Deep learning for NLP
Recurrent Neural Networks
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Figure: Recurrent Neural Networks
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Figure: RNN in detail
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Deep learning for NLP
Recurrent Neural Networks

ouput output output output
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Figure: Example RNN
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Deep learning for NLP
Recurrent Neural Networks - Drawbacks
B Problem: The Problem of Long-Term Dependencies
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Deep learning for NLP
Long Short Term Memory networks(LSTM)

LSTM solves the problem of vanishing gradients with Recurrent
Neural Networks. J
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Figure: Long Short Term Memory networks in Detail

YC Carranza-Alarcén, Ph.D. « Machine Learning « October 23, 2021 24 /50



DeeplLearning NLP Computer vision References
0000000000 000000000000e00000 000000000000000000 o

Deep learning for NLP
Others complex networks

m Bidirectional Recurrent Neural Networks.

m Attention Recurrent Neural Networks.

m Transformers Neural Networks.

m Sentence Embeddings using Siamese BERT-Networks.
m ...
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Natural Language Processing

NLP for the multi-class classification
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NLP for the classification problem

P
Database

o

b Interpretation
4>

Exploratory data analysis

Classification

Corpus

Representation of words or
sentences for text analysis
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Figure: Schema NLP for classification
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NLP for the classification problem

=

Database
\/! terpretati
Interpretation
Esnl Aas. 1 1

In what follows, we will see how to apply this schema
when we use a basic text vectorization (not deep
learning networks).

COTPUS ™ Representation of words or

sentences for text analysis

9

Text Vectorization

-

Text preprocessing

B--E-

ot Remove "
mmatisation Stopwords Zipf Curve

Figure: Schema NLP for classification
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NLP for the classification problem
Tokenization

it not cool that ping pong is not included in rio 2016

l Tokenization

‘ it ‘ not cool that ‘ ping | PONg is

not included in | rio | 2016

Figure: Tokenization example
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NLP for the classification problem
Lemmatisation or Stemming

Stemming Lemmatization
adjustable — adjust was — (to) be
formality — formaliti better — good

formaliti — formal meeting — meeting

airlingr — airlin /A
Figure: Stemming vs Lemmatization

text Stemming

] went run yesterday o went run yesterday
1 love running outside summer |:> 1 love run outside summer

text Lemmatization

0 went run yesterday ) go run yesterday
1 love running outside summer 1 love run outside summer

Figure: Example of Stemming vs Lemmatization
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NLP for the classification problem
Remove stopwords
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(a) With StopWords (b) Without StopWords

Figure: Stops words in Action
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Overview

Image Pattern Recognition
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Computer Vision Problems

airplane . = é
automobile E I ‘
bird v - -
cat ! !
deer m '
AR
frog . -
horse i m
ship -
truck - J ,‘

Figure: Image classification
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Computer Vision Problems

4*!

(a) Object detection (b) Natural Style Transfer
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Image Pattern Recognition
Convolutional Neural Networks
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Convolutional Neural Network

Global vs. local patterns

Densely connected layers learn global patterns in their input feature
space, whereas convolution layers learn local patterns, that meaning
patterns found in small 2D windows.

0O o

— BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN CONNECTED SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure: Convolution architecture
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Convolutional Neural Network

Global vs. local patterns

Densely connected layers learn global patterns in their input feature
space, whereas convolution layers learn local patterns, that meaning
patterns found in small 2D windows.

Local patterns Global patterns

CAR
TRUCK
VAN

|j |:| BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN CONNECTED SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure: Convolution architecture
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Convolutional Neural Network
Learning of local patterns in decomposing images in vertical and

horizontal edges.
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Figure: Operation detections
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Convolutional Neural Network
Learning operations

fc_3 fc_ 4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution A /—M
(51)'(.15) k:;[‘e’ Max-Pooling (5 ”_‘:) ":;'_‘e' Max-Pooling (with
valid padding (2x2) valid padding (2x2) 9 - dropout)

o sl .' 0

2

INPUT nlchannels nl channels n2 channels n2 channels || E ‘ 9
(28x28x1) (24 x24 xn1) (12x12xn1) (8x8xn2) (4x4xn2) |

‘ 4 OUTPUT

n3 units

Figure: Convolution and Full-connected operations
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Convolutional Neural Network
Gray vs RGB

Figure: Gray vs RGB
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Convolutional Neural Network
Data augmentation
Mirroring
Iy
_

Rotation
Shearing
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Convolutional Neural Network
Convolution Padding
Padding is a term relevant to convolutional neural networks as it

refers to the amount of pixels added to an image when it is being
processed by the kernel of a CNN.

o | 166 [ 106 | 20

158 | 162 | 167

o | 145 [ 203 | 203 [ 208 | 258 | . o [ 155 [ 53 [ 53 [ 258 | aes | .. o | 158|152 | 152 | 157 [ 267

input Channel #1 (Red) input Channel #2 (Green input Channel #3 (Blue)

Al 1lo]o
011 111
ol1]1 1o
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
Output
25
308 + —498 + 164 +1=-25

|

Bias=1

Figure: Convolution Padding operation
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Convolutional Neural Network
Convolution Padding
o 0 o o o o o o o o o o o o o
o 156 | 155 | 156 | 158 | 158 ] 167 | 166 | 167 | 169 | 169 o 165 | 165
o [153| 154|157 | 159 159 | .. o | 164 [ 165|168 | 170 [ 170 | .. o 166 | 166
o [149 | 151|155 |18 [ 159 | .. o [ 160 [ 162|166 | 169 [170 | .. o | 156 [ 158 | 162 | 165 | 166
o 146 | 146 | 149 | 153 | 158 o 156 | 156 | 159 | 163 | 168 ] 155 | 155 | 158 | 162 | 167
o 145 | 143 | 143 | 148 | 158 - o 155 | 153 | 153 | 158 | 168 o 154 | 152 | 152 | 157 | 167
nput Channel #1 (Red) Input Channel #2 (Green Input Channel #3 (Blue)
I R 100
© | o || = o=t
@ 4ala 1|01
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
Output
ﬂ -25 | 466
310 + -170 + 325 +1=466
Bias=1
Figure: Convolution Padding operation
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Convolutional Neural Network
Convolution Padding

olo|o|ofofof. ofo|o|o|o|o]. oo o
o | 156 | 155 | 156 [ 158 | 158 | .. o | 167|166 | 167 | 169 | 169 | .. o |63 165
o | 153|158 | 157 [ 159 | 159 | .. o |164 | 165|168 | 170 | 270 | .. o |60 166
o | 149|151 | 155 [ 158 [ 139 | .. o |160 162|166 | 169 [ 270 | .. o | 156 | 158 | 162 | 165 | 166
o | 146 | 146 | 149 [ 153 [ 138 | . o | 156 | 156 | 159 | 163 | 168 | .. o [155 | 155 | 158 | 162 | 167
o | 185|143 | 143 [ 248 | 158 | .. o |155 | 153 | 153 | 158 | 268 | .. o |54 | 152 | 152 | 157 | 167
Input Channel #1 (Red) Input Channel #2 (Green nput Channel #3 (Blue)
10 BT 1 1/0]0
O 4| il || =it || =il
@ 1 | & i | @ =i
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
314 + ~175 + 326 +1=466
Bias=1

Figure: Convolution Padding operation
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Convolutional Neural Network
Convolution Padding

olo|o|ofofo]. oo o|o|o|o]. oo
o | 156 | 155 | 156 [ 158 [ 158 | .. o | 167|166 | 167 | 169 | 269 | .. o [163
o | 153|154 | 257 [ 159 [ 159 | .. o |16a 165|168 | 170 | 270 | .. o [160
o | 149|151 | 155 [ 158 139 | .. o |160 162|166 | 169 | 270 | .. o |36
o | 146 | 146 | 149 [ 153 [ 138 | . o | 156 | 156 | 159 | 163 | 168 | .. o [155 | 155 | 158 | 162 | 167
o | 165|143 | 143 [ 248 [ 158 | .. o |155 | 153 | 153 | 158 | 168 | .. o [154 | 152 | 152 | 157 | 167
Input Channel #1 (Red) Input Channel #2 (Green, nput Channel #3 (Blue)
b || el | Al 1]/0]0
| & || i || =il |] =it
O 2 || & il || {0 || =ik
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
Output
-25 | 466 | 466 | 475
318 ¥ =173 + 329 +1=475
i
Bias=1

Figure: Convolution Padding operation
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Convolutional Neural Network
Convolution Pooling

Pooling layers reduce the dimensions of data by combining the
outputs of neuron clusters at one layer into a single neuron in the
next layer.

max pooling

20|30

[112] 37
12|20 30
81121210
34700 37| 4 average pooling .3"’ i

3.0]3.0|3.0

121100128 | 12 13 8 e P P

79|20

(@) Pooling Operation (b) Max pooling
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Convolutional Neural Network
Convolution Pooling

max pooling
20|30
11237
12|20} 30
8 112] 2
34|70]| 37| 4 average pooling
112100|25 12 13/ 8 3.0(20]30
79|20
(a) Pooling Operation (b) Max pooling

Figure: Convolution Pooling operations
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Convolutional Neural Network
Convolution Pooling

max pooling
20|30
11237
12|20} 30
81121210 3.0 a.o.
34|70|37] 4 average pooling 50| 3:0] 2.0
112/100{ 25| 12 13| 8 s.0[20]30
79|20
(a) Pooling Operation (b) Max pooling

Figure: Convolution Pooling operations
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Convolutional Neural Network
Convolution Pooling

max pooling
20|30
11237
12120| 30
8 12 2 3.0]13.0|)3.0
34|70]| 37| 4 average pooling T
112/100{ 25| 12 13| 8 s0f20]s0
79|20
(a) Pooling Operation (b) Max pooling

Figure: Convolution Pooling operations
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Convolutional Neural Network
Flattening Operation

Flattening

(a) Flattening (b) Example

Figure: Flattened layer

YC Carranza-Alarcén, Ph.D. « Machine Learning « October 23, 2021
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Convolutional Neural Network
Full connected (FC) layer operations

Fully-Connected

b’ " outpur
(@) 1 FC layer (b) 3 FC layers

Figure: Examples Full connected layers
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Image Pattern Recognition

Deep learning architecture for classification
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Deep learning architecture for classification
LeNet-5 network

32x32 x1 28x28%6 14x14x6 10x10x16 5x5x16

avg pool avg pool
— —» —» — |
5x5 5 X5
s=1 s=1
120 84
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Deep learning architecture for classification
AlexNet network

MAX-POOL MAX-POOL
— — —>
3x3 5x5 3x3
s=2 same s=2
55%55 x96 27x27 x96 27X27 X256 13x13 x256
227227 x3
MAX-POOL
— =
g{:ﬂi 3x3 3x3 gx 3 Scftmax
1000
13x13 x384 13x13 x384 13x13 x256 6X6 X256 9216 4096 4096
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Deep learning architecture for classification
ResNet network
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Image Pattern Recognition

Examples of Deep learning techniques
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Examples of dimensionality reduction

Let us do Machine Learning
Code source - [Link]
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