DEEP NETWORK
DEVELOPMENT

Imre Molnar Tamas Takacs
PhD student, ELTE, Al Department PhD student, ELTE, Al Department
& imremolnar@inf.elte.hu & tamastheactual@inf.elte.hu

curiouspercibal.github.io @ tamastheactual.github.io



mailto:tamastheactual@inf.elte.hu
http://tamastheactual.github.io/
mailto:imremolnar@inf.elte.hu
http://curiouspercibal.github.io/

Deep Network Development

Lecture 3.
Image Classification

& Convolutional
Neural Networks

Budapest, 28t" February 2025

1

Image Classification

Convolutional Neural Networks



Recap (7@ \ELTE
WE universiTy

Previously on Lecture 2

g
Mcf/day)

/
N & 2

S 8 8
Gas Prod. (Mcf/day)

g
.

Gas Prod. (

0 0
20 ———
0 o 00
2 s \0(\e 259 b %) 2 pe?
80 orosity (% 3§
. p°'Osity( 10 0o & =Y (%) ®
10 20 30 40 50 60 %

20 "o
Use Linear Regression to
predict Life Expectancy N :
y=mx +b, Normal Equation: . =
cribesthesope  Dearbes i the T -1 T \ . e
Life Expectancy function  oftelne | inecusesthe yeaxis 0 i e (X X) (X Y) : - N
fx)=y Inputs - i
y=0ix+0p Y=x0 M
)= 77.6 years 0,0y =" Jw) Initial / _— Gradient
@ \ ;
2 - L
JO) == 3 (6,608 ~ y) 0 g o
LY )= 78.1 years i=1 Global cost minimum n P
f_,/ Jmin(w)

J(6) = (X6 - V)"(X6 — V) :

3/3/2025 Deep Network Development



Recap

5 ELTE @

Linear Regression P
v
« Supervised learning ot g
- Have: (x, y) |
« x — Input
« y —farget

« Goal: Learn a function to map x —.y. R .
° h(x) — s\] ;‘%?-.:... .
¢ 5\7 — le + 90 S
* Regression — Predict real-valued /

continuous output: « Given the height and weight of a person,
e VER predict the age of the person.

« Age can be: 10,25,33,11....

20 -10 10 20 30 40 50 60

3/3/2025 Deep Network Development 4



Recap

Artificial Neural Network (ANN)

« Using ANN for linear regression
» x; —the inputs
» w; — parameters we will train
* f—bias parameter

- £- nonlinear activation function
« 0 —the output

(8) s M

Activation function

« Adds non-linearity

Output limited to a range (i.e. 0-1)

Given the height and weight information,

* One neuron with /7inputs does the ool ——— L predict if it is a human or an animal.
following: «  0: human; 1: animal
»0=g(Xow;x; +b) o) = —=

3/3/2025 Deep Network Development )
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1. Image Classification

Linear Regression vs Classification

Linear Regression
« Supervised learning
- Have: (x, y)

« x: input

- y:larget e R

o Goal: Learn a function to map x — y.

* h(x) =
Y = Z] OW]x] + b

« Regression — Predict real-valued /
continuous output:

- JER

3/3/2025
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Binary Classification
« Supervised learning
- Have: (x, y)

x: Input

y: target € {0, 1}

« Goal: Learn a function to map x — y.

h(x) =¥

y g(Z] =0 W] X] + b) Add non-linear activation function

« Classification — Predict discrete set of values:

y €{0,1]

Deep Network Development 1



1. Image Classification ffﬁ%\ ELTE A

Binary Classification

Binary classification — which of the two classes does the input belong to?

 (atvs Dog
 Dog vs Mop

3/3/2025 Deep Network Development 8



1. Image Classification ,f:;@\ ELTE
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Binary Classification

( Albums  chihuahua or muffin Select ( Albums  kitten orice cream Select ( Albums barn owl or apple Select

3/3/2025 Deep Network Development 9



1. Image Classification 7@\ ELTE

[Feg _.'J,' ECITVOS LOIRANLD
VNS UNIVERSITY

Binary Classification

. e L Dog vs Mo
- Binary classification — Two classes g Vs Mop

« Isxin the target class C?

Qutput P(xeC), the probability of x is in C
« The network will have 1 output

e h(x) must be between 0 and 1

lllll

3/3/2025 Deep Network Development 10



1. Image Classification 7@\ ELTE A
Binary Classification

Sigmoid Function 0(2) = -1~

«  h(x) must be between 0 and 1
« Use the sigmoid activation on last layer

1
o(2) = 1+e72

T T * } . T T
-10 -5 0 5 10

- Linear regression becomes Logistic Regression (Binary Classification), if we add a Sigmoid activation function to the
output

« Linear Regression: h(x) = Wx + b (continuous output)
« Binary Classification: h(x) = g(Wx + b)(discrete output between 0 and 1)

3/3/2025 Deep Network Development 1



1. Image Classification Linear Regression

Binary Classification Loss

« Binary cross-entropy loss
Lpc(h(x),y) = —ylog h(x) — (1 — y)log(1 — h(x))

« Assumptions:
yisQorT
h(x] =y is between 0 and 1

3|

Loss

2t

Lpc(h(x),1) ,

Lpc(h(x),0) ¢

(2 )ELTE

Binary cross-entropy

U et
Lgc(h(x),y) = —ylogh(x) — (1 — y)log(1 — h(x))
Lgc(1,1) =—1log1l — (1 — 1) log(1 —1)
Lg-(1,1) =0 — (0)log(0)
LBC(l)l) — O
log(0) is undefined -> clipping
3/3/2025 Deep Network Development 12



1. Image Classification

Binary Classification example

Inputs

Classes C = {0: Dog, 1: Cat}
INPUT

pixel image Blue

imread

reshaped image vector

255 )

231
42

22
123

94
92
142

! EOTVOS LORAND

“\“ f“»’“’/’ UNIVERSITY

5’%3_\ ELTE A

id Function o(z) = 11

Lo

X3 Output
NEURAL NETWORK OUTPUT TARGET
“it's a cat”
A : 0.73>0.5
@ - L probability cat
prob:::rt?n?n-cni
Sigmoid
Activation — (.73
- Function
~ 0SS
@ / Loc(h(x),7) = —ylogh(x) — (1 — y) log(1 — h(x))
Lgc(0.73,1) = —=110g0.73 — (1 — 1) log(1 — 0.73)

Lpc(0.73,1) = —1 % —0.13667714 — (0) log(0.23)

Lpc(0.73,1) = 0.13667714

Lpc(0.73,1) = 0.14

3/3/2025
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1. Image Classification 7@\ EITE
\ \* A GNIVERSITY A

More neurons and categories u

 Deep Neural Network

)
« Binary Classification (0 or 1) ——) e Multi-Class Classification (0,1,2,3...)

- Single artificial neuron

3/3/2025 Deep Network Development 14



1. Image Classification 7@\ ELTE

X '.:"": EOTWOS LORANDY
"N/ UNIVERSITY

Deep Neural Networks

« Neural networks are built up from neurons, that have inputs and outputs
« Neurons are organised into layers
« Layers refine the output of the previous layers

Input Layer Hidder Layers Output Layer

Output

3/3/2025 Deep Network Development 15



1. Image Classification

Deep Neural Networks

« Each layer refines the previous layer

(®)ELTE
W&/ UNNERSITY

« Visualization demo: https://adamharley.com/nn_vis/

Deep neural
networks learn
hierarchical feature

1

hidden layer 1  hidden layer 2 hidden layer 3

\

representations

45

3/3/2025
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https://adamharley.com/nn_vis/

1. Image Classification 7a\ ELTE
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Deep Neural Networks

Artificial Neural Networks < Feed Forward Neural Networks < Fully
Connected Networks

Output

A neural network is built up from neurons

Neurons are organised into layers

Layers refine the output of the previous layers _
« hy(x) = g(WDx + bW) , N\ ). .
+ hy(x) = g(WPhy + @) :
e hy(x) = g(wWPg(WPx + pW) + p@)

Output
[N,3]

3/3/2025 Deep Network Development 11



1. Image Classification FI_TF

Deep Neural Networks [1, 2]

« How to find Wand £?

e QG _ (2) (1) (1) (2) Terminology
e h g(W g(W x+b ) b ) L(h(x),y) — loss or error function for a single data point

: . of the dataset
« Select a loss function L that measures how good /is: C(6), J(W) — cost or objective function for the entire

The update rule can also be in the form:

"\~"3=-' f’L UNIVERSITY

o Update w®@ :

Wt(l) =W, 1(1) _ aV](W(l)) w; — w; + Aw;
. (2) . -
e @ (2 b+=b+Ab
W o =W, “ —alJ(W%)
« Update bV : oL
bt(l) =b, 1(1) _ aV](b(l)) Aw; = _Qﬁwi

Update b2 :
b, (2) — b, (2) _ aV](b(z))

[1] Backpropagation derivation: https://ww

[2] Another backpropagation derivation (be awarenf notatmn dlfferences) hﬂplewmmmﬂMm&duLmﬂﬂﬂﬂnm&LsJﬂLB_aﬂkﬁmnD_&mLpﬂI

3/3/2025 Deep Network Development 18


https://www.cs.put.poznan.pl/pliskowski/pub/teaching/eio/lab1/eio-supplementary.pdf
https://www.cs.swarthmore.edu/~meeden/cs81/s10/BackPropDeriv.pdf

1. Image Classification 7@\ ELTE A
Deep Neural Networks |

1. Select W, randomly
2. Calculate h(X) for all training examples
3.  Calculate the cost:

N
1
JOW) =5 ) L), )
i=1

4. Update W:
Wy = W1y —aVJ(W)

5. Repeat steps 2-4 until convergence

3/3/2025 Deep Network Development 19



1. Image Classification

>\ ELTE
Select W, randomly (& )/ ronos ome
ICalculate h(X) for all training examples | 2 LDk

Calculate the cost function:

NI

Deep Neural Networks N
JOW) = 5 L. )

4. Update W:
W = W(t—l) —aVJ(W)
5. Repeat steps 2-4 until convergence

Batch size — the number of training samples used to optimize the model’s parameters

Types (with Gradient Descent)
- Batch Gradient Descent
o Batch size = Size of dataset
 Mini-Batch Gradient Descent
o Batch size = a subset of the dataset examples; typically, 2", e.g., 8,16,32,128....
o Ineach iteration, a mini-batch is randomly sampled from the dataset
- Stochastic Gradient Descent
o Batchsize=1
o Ineach iteration, a single example is randomly sampled from the dataset

3/3/2025 Deep Network Development 20



1. Image Classification @ ELTE

Training Deep Neural Networks

= Batch
wen  Mini-batch

e Stochastic

3/3/2025 Deep Network Development 21



1. Image Classification 7@\ ELTE A
Hyperparameter vs Parameter |

Hyperparameters

To create and train Neural Networks we must make certain decisions (we choose the values):
 Number of layers; Number of neurons in each layer

« Activation functions

« learning rate

- Batch size

 Many more (optimization related)

Parameters

What the Neural Network learns. The weights and biases of the network are optimized with an algorithm (Gradient Descent,
etc.). We do not choose the values for them.?

3. We can choose the initial values (weight initialization), it can be initialized with zeros, ones, random values, etc. However, the network learns the optimal values through training.

3/3/2025 Deep Network Development 22



1. Image Classification 7@\ ELTE

\ .LE J 1 EOTVOS LORAND
VNS UNIVERSITY

Deep Neural Networks

Loss function

Optimization

Predictions

Inference Model parameters

3/3/2025 Deep Network Development 23



1. Image Classification l,l,fg\., FITE A
N s

More neurons and categories
- Single artificial neuron E—)  Deep Neural Network

« | Multi-Class Classification (0,1,2,3...

- Binary Classification (0 or 1)

M akiah
‘ l’Tf {I\T ‘llflll'
il Y
41;&3\ ét&'ﬁ;é
i '\.*-ﬂ#’
A l'ﬁ
Pixels of image fed as input INAY /
Input Layer Output Layer

Hidden Layers

3/3/2025 Deep Network Development 24



1. Image Classification 7a\ ELTE
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Multi-Class Classification

 With Aclasses
« The network will have K outputs
- Softmax activation for squashing outputs between 0 and 1 — N\

7 NS, SIS, S output layer

Zj T . - ~ ; -

e
0(2);= >K | e : e
i= : '

This is basically a probability distribution on the classes. =0 =9 =
They sum up to 1.

3/3/2025 Deep Network Development 25



1. Image Classification 7@ ELTE
W&/ (nersity A

Multi-Class Classification

Output of the neural network is a K long vector

How should we encode the ground-truth values?

One-hot encoding (K=3): One-hot d1 d2 d3

(cat) 1->[1,0,0] encoding 0 0

(dog) 2 ->[0,1, 0] l >

(horse) 3->[0,0,1,] 0 0
0 0

Just as h(x): values between 0 and 1, sumup to 1

3/3/2025 Deep Network Development 26



1. Image Classification 4%@“ FITE

\\ B2/,
VNS UNIVERSITY

Multi-Class Classification
(Cat, Dogiﬁorsg)

LI T
f i 7 ‘;A
0% - .
= 3 E
3 |
¥

« K=3
.y Zj
- Softmax activation o (z) ;)= ﬁ

« Probability distribution on the classes. They sum
up to 1.

Input pixels, x Feedforward output, y; Softmax output, S(y;)
cat dog horse ; d h
Forward Softmax ca 0g horse
propagation function
> 4 2 8 »| 0.02 [ 0.00 | 0.98
Shape: (3, 32, 32) Shape: (3,) Shape: (3,)

"
i 5 4 2 0.71 |1 0.26 | 0.04
Forward Softmax

3/3/2025 Deep Network Development 2]



1. Image Classification 7@\ EITE
B)EE A

Multi-Class Classification Loss

With A'classes
Categorical Cross-entropy loss

K
L(h(O), ) = = ) yiloghy(x)
i=1

Assumptions:
yis a vector of A elements with values0 or 1, exactly one element is 1
hi{x]is a vector of K elements between 0 and 1, the sum of all elements is equal to 1

3/3/2025 Deep Network Development 28



1. Image Classification 7\ ELTE
- (ﬂ*{}/‘ UNIVERSITY A
More neurons and categories

- Single artificial neuron E—)  Deep Neural Network

- Binary Classification (0 or 1) ——)  Multi-Class Classification (0,1,2,3...)

U’

t» tH 4.{ W
A‘l ﬂ: A‘l'ﬁ"
\T b7
'?j t“H ‘:"j
1;" 1;,

/\ /\

Hidden Layers

Pixels of image fed as input

Input Layer Output Layer

3/3/2025 Deep Network Development 29



1. Image Classification fﬁe ELTE

f" UNIVERSITY

Disadvantages of Feed Forward Neural Networks

_ “it's a cat”
reshaped image vector
image2vector
standardize
ixel image 255 l
P 9 Blue 23 0.73>05
Green 1 bability cat
42 P el
Red probability non-cat

22

* l 23 \ u ,/:r

Linear Sigmaid

~
B 3
\\
™
i
,
L
-
-
. 0.73
P
-

92
142

Problems

Computational inefficiency
Loss of spatial information
Independent weights/features

3/3/2025 Deep Network Development 30



1. Image Classification fﬁ%\ ELTE A

k‘\ f“f’f I_\.IH smn

Disadvantages of Feed Forward Neural Networks (Intro to CNNs)

local connectivity weight sharing
I I
neural / I \ T
activations = h\il'— = \ —
7 N SHERA = |
i,
neural
connections N\
H NN R |/ 1
mput __ [PPAET RN A w7
signal RGN N = = '
MEEE: | 2t [ [T [ |
fully connected (MLP) locally connected convolutional (CNN)

3/3/2025 Deep Network Development 31
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Lecture 3.

Convolutional
Neural Networks

Budapest, 24t September 2024

1{Image Classification [2] Convolutional Neural Networks




2. Gonvolutional Neural Networks ,,;;@\ ELTE
- \i {f/ L\mmm A
How do Convolutional Neural Networks (CNNs) work?

et P T
#

— TRUCK
— VAN

—

s LI T 111D
G EENEESES
L ETasEsas

I
=
n
-
0
-
m

’ ‘—/\">"‘ “v" D
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN co:JUr:?ch:D SOFTMAX

CNNs extract relevant features from an image.
e Like a magnifying glass “enhancing” details of the

. image.
Hfﬁﬂn ARG \ .

3/3/2025 Deep Network Development 33



2. Convolutional Neural Networks 770, B TS

\ "1-35 ECFIWLRS LLYEANLY A
: ‘ﬂ‘:f/' UNIVERSITY

Convolutional layer

Convolution
Input: 5x5
Filter: 3x3
Output: 3x3

O

NNV N N NN

s
\

Oy

3/3/2025 Deep Network Development 34



2. Gonvolutional Neural Networks 7\ EITE
&) ey A\

Convolutional layer

« Gonvolution operation « Filter / kernel size =3 x 3 e Qutput=?
« Input:5x5

10 2 4 1 1 2 2 2

0| 4| 0] 2] 2 * 1|0 1

1 8 16 0 0 2 2 2

3/3/2025 Deep Network Development 39



2. Gonvolutional Neural Networks 7\ EITE
Ned) e A

Convolutional layer

« Gonvolution operation e Qutput=?
e |nput:5Hx5
o Filter / kernel size =3 x 3
10,/2 ,|4 ,|1 |1 82
10x2 + 2x2 + 4x2 +
0.:]%0]0a12 2 O0x1 + 4x0 + 0x1 +
1.,/8,,/16,|0 0 1x2 + 8x2 + 16x2 = 82

8 1 1 0 0

0 0 2 6 1

3/3/2025 Deep Network Development 36



2. Convolutional Neural Networks

Convolutional layer

(&) 2ez: A
\ Y

«  Convolution operation e Qutput=?
e Input:5x5
o Filter / kernel size =3 x 3
10 Lla 1, 82 | 68
2x2 + 4x2 + 1x2 +
0 x1 0x0 x1 4X1 + OXO + 2X1 +
1 RECAN 8x2 + 16x2 + 0x2 = 68
8 1
0 2
3/3/2025 Deep Network Development 31



2. Gonvolutional Neural Networks 7&\ ELTE ﬂ
Convolutional layer

«  Convolution operation e Qutput=?
e Input:5x5
- Filter / kernel size =3 x 3

10 (2 |4 |1 |1, 82 | 68 | 46
4x2 + 1x2 + 1x2 +
x1 O0x1 + 2x0 + 2x1 +
16x2 + 0x2 + 0x2 = 46

0 4 0

x1 x0

X2 X2

3/3/2025 Deep Network Development 38



2. Gonvolutional Neural Networks 7&\ ELTE ﬂ
Convolutional layer

«  Convolution operation e Qutput=?
e Input:5x5
- Filter / kernel size =3 x 3

10 |2 4 1 1 e
O0x2 + 4x2 + 0x2 +

0,,(4,,/0,,|2 2 1x1 + 8x0 + 16x1 + 45

1../8 ,[16,/0 |0 8x2 + 1x2 + 1x2 = 46

X2 X2 X2

0 0 2 6 1

3/3/2025 Deep Network Development 39



2. Gonvolutional Neural Networks 7\ EITE
&) ey A\

Convolutional layer

«  Convolution operation e Qutput=3x3

e Input:5x5

- Filter / kernel size =3 x 3
10 2| 4|11 2 | 2| 2 82 | 68 | 46
o|4|0]| 2] 2 * 1| 0| 1 _ 45 | 24 | 26
1|8 |16]| 0] 0 2 | 2 | 2 63 | 65 | 51

3/3/2025 Deep Network Development 40



2. Convolutional Neural Networks 7@\ ELTE !
Convolutional layer

Original Fdge Detect “Strong” Edge
w2 | w3 Detect
wad | w5 | we
w7 | w8 | w9
Learnable filter’

1. The filter weights are like the weights in Feed Forward Networks (FFN). Similar to FEN, a bias term is added after applying the filter weights.

3/3/2025 Deep Network Development 41



2. Convolutional Neural Networks @ ELTE

_//’ UNIVERSITY

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
e Number of times blue pixel is in the filter’s receptive field: 0
 Number of times green pixel is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 42



2. Convolutional Neural Networks

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
Number of times blue pixel is in the filter’s receptive field: 0
Number of times green pixel is in the filter’s receptive field: 1

,;f@ JEEIE

f"/ UNIVERSITY

3/3/2025 Deep Network Development
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2. Convolutional Neural Networks

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
Number of times blue pixel is in the filter’s receptive field: 0
Number of times green pixel is in the filter’s receptive field: 2

,;f@ JEEIE

f"/ UNIVERSITY

3/3/2025 Deep Network Development
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2. Convolutional Neural Networks

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
Number of times blue pixel is in the filter’s receptive field: 1
Number of times green pixel is in the filter’s receptive field: 3

,;f@ JEEIE

f" UNIVERSITY

3/3/2025 Deep Network Development
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2. Convolutional Neural Networks

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
Number of times blue pixel is in the filter’s receptive field: 1
Number of times green pixel is in the filter’s receptive field: 4

(@)ELIE

f"/ UNIVERSITY

3/3/2025 Deep Network Development
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2. Convolutional Neural Networks

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
Number of times blue pixel is in the filter’s receptive field: 1
Number of times green pixel is in the filter’s receptive field: 5

,;f@ JEEIE

f"/ UNIVERSITY

3/3/2025 Deep Network Development
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2. Convolutional Neural Networks

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
Number of times blue pixel is in the filter’s receptive field: 1
Number of times green pixel is in the filter’s receptive field: 6

,;f@ JEEIE

f"/ UNIVERSITY

3/3/2025 Deep Network Development
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2. Convolutional Neural Networks

Convolutional layer - Padding

« Without Padding — corners / edges are not “seen” enough
Number of times blue pixel is in the filter’s receptive field: 1
Number of times green pixel is in the filter’s receptive field: 9

.. OKip to the end

,;f@ JEEIE

f" UNIVERSITY

3/3/2025 Deep Network Development
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2. Convolutional Neural Networks @ [LT[

f" UNIVERSITY

Convolutional layer - Padding

« With Padding
Number of times blue pixel is in the filter’s receptive field: 0
*  Number of times green pixel Is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 50



2. Convolutional Neural Networks

Convolutional layer - Padding

« With Padding
Number of times blue pixel is in the filter’s receptive field: 0
 Number of times green pixel is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 91



2. Gonvolutional Neural Networks 7@ ELTE

L u:‘: _.'._.' EOTVOS LORAND
PN/ UNIVERSITY

Convolutional layer - Padding

« With Padding
Number of times blue pixel is in the filter’s receptive field: 0
Number of times green pixel is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 52



2. Gonvolutional Neural Networks 7@ ELTE

L u:‘: _.'._.' EOTVOS LORAND
PN/ UNIVERSITY

Convolutional layer - Padding

« With Padding
Number of times blue pixel is in the filter’s receptive field: 0
Number of times green pixel is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 93



2. Gonvolutional Neural Networks 7@\ ELTE A
Convolutional layer - Padding ”

« With Padding
Number of times blue pixel is in the filter’s receptive field: 1
Number of times green pixel is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 94



2. Gonvolutional Neural Networks 7@ ELTE

L u:‘: _.'._.' EOTVOS LORAND
PN/ UNIVERSITY

Convolutional layer - Padding

« With Padding
 Number of times blue pixel is in the filter’s receptive field: 2
 Number of times green pixel is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 99



2. Convolutional Neural Networks @ [LT[

f" UNIVERSITY

Convolutional layer - Padding

« With Padding
 Number of times blue pixel is in the filter’s receptive field: 2
 Number of times green pixel is in the filter’s receptive field: 0

3/3/2025 Deep Network Development 56



2. Gonvolutional Neural Networks 7@\ ELTE A
Convolutional layer - Padding ”

 With Padding
Number of times blue pixel is in the filter’s receptive field: 2
Number of times green pixel is in the filter’s receptive field: 1

3/3/2025 Deep Network Development o1



2. Gonvolutional Neural Networks 7@\ ELTE A
Convolutional layer - Padding ”

 With Padding
Number of times blue pixel is in the filter’s receptive field: 2
Number of times green pixel is in the filter’s receptive field: 2

3/3/2025 Deep Network Development 58



2. Gonvolutional Neural Networks 7@\ ELTE A
Convolutional layer - Padding ”

« With Padding
Number of times blue pixel is in the filter’s receptive field: 3
Number of times green pixel is in the filter’s receptive field: 3

3/3/2025 Deep Network Development 99



2. Convolutional Neural Networks @ [LT[

f" UNIVERSITY

Convolutional layer - Padding

« With Padding
Number of times blue pixel is in the filter’s receptive field: 4
Number of times green pixel Is in the filter’s receptive field: 3

3/3/2025 Deep Network Development 60



2. Gonvolutional Neural Networks 7@ ELTE

L u:‘: _.'._.' EOTVOS LORAND
PN/ UNIVERSITY

Convolutional layer - Padding

« With Padding
Number of times blue pixel is in the filter’s receptive field: 4
Number of times green pixel is in the filter’s receptive field: 9

... 3kip to the end .
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2. Convolutional Neural Networks

Convolutional layer - Padding -

Valid Padding (No Padding) Same Padding
p-= 0 p# 0
Of 0] 0 O0f Oof O
0.3/10.5/0.9|1.0 0|/0.3(0.5/0.8/2.0] ©
1.0({1.0/1.0{1.0 ol1.0{1.0/1.0{1.0] ©
0.9/ 0.9|0.5]|0.3 0/0.9(0.9/0.5/0.3| ©
0.2{ 0.0 0.0/[0.0 0lgs0.010.010.0, ©
A - A A Of 0) Of 0of 0] O
: : : A A A
Input Filter Output : ¢ 3
4% 4 3x3 2% 2 Input Filter Output

4x4 3x3 4x4
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2. Convolutional Neural Networks

Convolutional layer - Stride

Stride
s=2

Stride
s=1
Input
1><l 1><I‘J 1><l 0 0 :r_;__g; 2~:r 5 | 81 3
Oxﬂlxllxul 0 4 '#2i4 0 3
0,001, 1|1 2 2‘15:452
OI0111110 5|6 5|4|7]8
o/1(1]0|0 s | 7| m]o 2]
C ved 5| 8|5 |3|847
onvolve 17
Ima e Dimension: 6 x 6
5 Feature

3) 5 A

Filter Result

2 ’1
1|0 |-

Parameters:

Size: f=3 1] =21+ 50+ 3*(-1) +
Stride s=2 271+ 470+ 37%(-1) +
Padding: p=o0 51 +4*0 + 2°(-1)

https: /findoml.com
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Convolutional layer — Multiple filters

Filter 1
Input
‘_‘_]J_‘H_-'_LT_\_‘H_‘ — Output
49l 25|83
5 6|2 4|03
X

| 3x3x3 4x4
2| a|5|4|s|2[]]3K
5 6|5 |4 |78
5 | 7|7 |9]l2|1L

o 4x4
5 8|5 |3 |8/|a—

hitps: /findoml.com
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Convolutional layer — Multiple filters

Filter 1
Input
N B e = Output
4a|lo|l2]5]8|3 /]
5 6 2 4 0 3
| 3x3x3 4x4
2 |a|5|a|s|2]]3K
- Filter 2
5 6 ) 4 7 8 —
s | 7|7 |9|2|1H]
B —_— 4x4xz
5| 8| 5|3 |8 | 4 —
6x6Xx3
4X 4 hitps://indoml.com
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2. Convolutional Neural Networks 7\ ELTE ﬂ

Convolutional Layer

Summary of convolutions

n X m image f X f filter ¢ channels
padding p stride s
n+2p — m+2p —f
[ f + 1| X +1 X ¢
S S
Example:
Input Image = 224x224x3 Filter = 3x3x3 (x32) Output = 222x222x32

n=224;p=0;s=1;f=3;¢_0=32
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RelU activation function

8 1 ReL.U

6 f(x) = max (0, x)
.

o

-10.0 7.5 -50 =25 0.0 2.5 5.0 7.5
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2. Gonvolutional Neural Networks 7@ ELTE

L u—':' 4 EOTVOS LORAND
PN=="/" UNIVERSITY

LeakyReLU activation function

ReLU = {g " i 8 LealyReLU = {’;x ;‘f 8
f() ] f(x) 1
f(x)=x f(x) =x
f(x)=0 v f(x) = 0.01x o
RelLU activation function LeakyRelLU activation function
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Pooling layer — Max Pooling

Max Pooling
Filter: 2x2
Stride: 2

Input (4x4) Output (2x2)

3/3/2025 Deep Network Development 69



2. Convolutional Neural Networks 7@\ ELTE

X '.:"": EOTWOS LORANDY
"N/ UNIVERSITY

Convolutional layer — GConvolution properties

« Translation Equivariant £(t(0) = t(f(x)),
Input 3x3 Filter 2x2 Output 2x2 where tis a transformation
20| 0 | O
2 | 0 0 | 0
20 0 0 | % =
0| 2 80 | 0
20 20| O
Both the input and the output
shifted to the right!
0 |20]| O
2 | 0 40 | 40
0 |20| 0 |* =
0| 2 40 | 80
0 | 20 | 20

1. Translation equivariance means that the model responds predictably to translations, while translation invariance means that the model produces the same output regardless of translations
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Pooling layer — Max Pooling properties

« Translation Invariant F(t(0) = f(x),
Input 3x3 Filter 2x2 Output 2x2 where tis a transformation
20/ 0 | O
2 | 0 40 | O Pooling 2x2 | go
20 0 0 * = >
0| 2 80 | 0
20 20| O . : .
Change in the input results in
the same output
0121 ° 2 | 0 40 | 40
o | 20| o |* — Pooling 2x? 30
0| 2 40 | 80 >
0 | 20 | 20

1. Translation equivariance means that the model responds predictably to translations, while translation invariance means that the model produces the same output regardless of translations

3/3/2025 Deep Network Development n



2. Gonvolutional Neural Networks ﬁé\ ELTE A
Flatten and Fully Connected layer

\| pid )]
g ‘"%J/ UNIVERSITY

1 - 'S _
_:_/ bt \B< s
1 = output layer
110 0
Flattening
4|21 4
2 1 2 -
1
Pooled Feature Map 0 o s N
2
1
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Convolutional Neural Network

Visualization:
e  https://poloclub.github.io/cnn-explainer/

o https://distill.pub/2011/feature-visualization/

/ o — — CAR
® — — TRUCK
" ] — van
' ] [] — eBicyeLe
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN co:JUr}:ITED SOFTMAX
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2. Convolutional Neural Networks

“LeNet 5” Y. Lecun et al. (1998) 3]

QO

7@ VELTE

!
'\\. 1{
'-.-\\

//'

L\I\.IR'\II\

FRAMNLE

avg pool avg pool FC Fc O ~
5%5 f=2 5%5 =2 . .
s=1 =2 s=1 =2 O Softmax
32 x32x%x1 28X 28X%X6 14 X 14 X 6 10 X 10 X 16 5X5X%X16 O 10
400 120 84
[3]Y. Lecun, L. Bottou, Y. Bengio and P. Haffner, "Gradient-based learning applied to document recognition,” in Proceedings of the IEEE, vol. 86, no. 11, pp. 2278-2324, Nov. 1998, doi: 10.1109/5.726791.
3/3/2025 Deep Network Development 14



2. Convolutional Neural Networks @ BETE

“LeNet 5” Y. Lecun et al. (1998) [3]

Thislis'a demo ofElleNetyl:
Worldsifirsticonvolutionallnetworkithat{could

SYWILNIG OO0
~— ._g_‘ -

recognizelhandwrittenldigitsy
- PRI -~

speediandlaccuracy
™ 2 e 4

[3]Y. Lecun, L. Bottou, Y. Bengio and P. Haffner, "Gradient-based learning applied to document recognition,” in Proceedings of the IEEE, vol. 86, no. 11, pp. 2278-2324, Nov. 1998, doi: 10.1109/5.726791.
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“AlexNet” A Krizhevskyet al. (2012) [4] _

« Trained on the ImageNet dataset Conv 1
« Contains more than 1M images

Conv 2

Pool 1

ool 2

11 x 1] 3x3 3 X 3
- 1000 classes s=2
Max ¢ Max
Pool | Pool |
227 x 227 x 3 55 x 55 x 96 27x27x96 27 x27x256 13 x13x256
Conv 3 Conv 4 —
Conv 5 O FC6 FC7
3x 3 3 13 l’t:nul 0 S ol
§= 1 L o
| ’ »|C > - — O
Same Max [ Softmax
Pool O] (o] 1000

I3x13x384 13x13x384 I13x13x256 6x6x256 9216 4096 4096

[4] Krizhevsky, A., Sutskever, I, & Hinton, G. E. (2012). ImageNet classification with deep convolutional neural networks. In F. Pereira, C. J. C. Burges, L. Bottou, & K. Q. Weinberger (Eds.), Advances in Neural Information Processing Systems (Vol. 25).
Curran Associates, Inc. https://doi.org/10.1145/3065386
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“VGGNet” Simonyan and Zisserman (2014) [5]

2. Gonvolutional Neural Networks 7a\ ELTE

 The number of filters doubles in each block

N 7N Yy N 7N Yy N Y Yy
00 00 O © © N N N N N N

< < o o o) D LD -~ -— -— -— -— -—
© © - - [\ I N o Lo o Lo o o
~ ~ R . N N N - X - i - R © © ©
> > & | > > & | > > > 8 | > > > & | > > > S |3 2 2
Ci» S-S £ E S| E | E—Sh S B EE P E—Sh S| E | S -0 F | F = =
0 o [ 3 0 o[ S 0 o) o 3 o) 0 o 377 o o) o [ S
0 O & | O O & | O 3] o & | O 0 O & | O 3] o | & |0 O O
™ ™ ™ o™ ™ o ™ o ™ o ™ o™ ™
X X X X X X X X X X X X X
™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™ ™

A e N S A R VR A R N
=+ o
o~ ™~ o D =
e ™~ 15 o ™~ N~
) ) ) ) ) &
2 H R3] N = N
9 5] 9 5] 9 5] W W 9 5]

[5] Simonyan, K., & Zisserman, A. (2015). Very deep convolutional networks for large-scale image recognition. In 3rd International Conference on Learning Representations, ICLR 2015 - Conference Track Proceedings. https://arxiv.org/abs/1409.1556
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2. Convolutional Neural Networks

“ResNet” Kaiming He et al. (2015) [6]

X3

X4 : X 23 _ X
 Conv4_x identity ', Conv5_x identity

3

X3

| | .I I
1 | . J
| 4 | } : 4 ! )
PP | | | lI
| ! g | | \ |
1 I P | <t I [eo)
- © [eo] [e0) | © ©0 ' o N
o ! BN S| 3 w ||| ~ L I 1l 0 S I - S
[ ) L. PP X N - o P = - SN <FNe o Sl | - F
1 E - O, | x X | % X X X 773 Ll % X 5
= > = - o = ® ' X ‘ X
| ] - | A | ¢ I (90 ] — | = m - | \ o= o -
| | (o) | | | (|
l--_: ®) | | ! |
V) = oo N = : = = .
N ™ © @ < ~
7 ~— 0 o - %
-— x x x x ~
A 3 R 2
g -
(o)

AvgPool

| EOTVOS LORAND

L i,
YN/ UNIVERSITY

FC

1%1

[6] He, K., Zhang, X,, Ren, S, & Sun, J. (2016). Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR) 2016 (pp. 770-718). IEEE. https://doi,0rg/10.1109/CVPR.2016.90
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Summary FITE m
Summary |

Fully Connected Networks (Feed Forward Networks) calculate a weighted sum of the inputs
We can add non-linear activation functions like Sigmeid to transform linear regression to logistic regression
(classification)

Classification is a supervised learning task
«  Binary: the targetis 0 or 1
«  Multiclass: the target is one element out of a discrete set of elements (usually use one-hot encoding)

Convolutional Neural Networks (CNNs) are efficient algorithms for images
«  Weight sharing
«  Capture spatial patterns

By changing the CNN configurations, we create different architectures




Summary ) FITE

Links

Backpropagation related

¢ https//medium.com/binarvandmore/beainners-quide-to-deriving-and-
Implementing-backpropagation-e3clasale536

« (matrix form): https.//sudeepraja.github.io/Neural/
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https://sudeepraja.github.io/Neural/

Summary 7@\ ELTE
A
Resources

Books:

« Courville, Goodfellow, Bengio: Deep Learning
Freely available: https://www.deeplearningbook.org/

« [hang, Aston and Lipton, Zachary C. and Li, Mu and Smola, Alexander J.: Dive into Deep Learning
Freely available: https://d2l.ai/

Courses:
« Deep Learning specialization by Andrew NG
- https://www.coursera.org/specializations/deep-learning
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That's all for today!
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