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Lecture 2 - Part 2:
Convolutional neural networks
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Problem : What is the right way to combine all these components ?

Image Maps

FuIIy Connected

Input

Convolutions
Subsamplmg
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The ImageNet Large Scale Visual Recognition Challenge (ILSVRC) uses a subset of the ImageNet
dataset.
e ~1.2 million training images (from ~14 million total images in ImageNet)

e 1000 object classes (e.g., dog, airplane, keyboard)

© Mehyar Mlaweh, 2026. All rights reserved.
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Top-5 error [source : Application of Deep Learning in Dentistry and Implantology-2020]
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e Algorithms that won the ImageNet Challenge in 2010-2017.

e The top-5 error refers to the probability that all top-5 classifications proposed by the algorithm
for the image are wrong.

e The algorithms with blue graph are convolutional neural network

e After 2017 the ImageNet competition stopped because deep networks had already surpassed

human-level performance © Mehyar Mlaweh, 2026. All rights reserved.
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Top-5 error
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[source : Application of Deep Learning in Dentistry and Implantology-2020]
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e First CNN architecture
e Designed for handwritten digit recognition

e Dataset: MNIST (28x28 grayscale digits)
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LeNet-5 (Yann LeCun, 1998)
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1. Input Layer
e Input Size: 32x32 pixels.

e MNIST digits are about 20x20, centered in 28x28 images

e Padding to 32x32 ensures important features (corners, stroke ends)

Input

Cl
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LeNet-5 (Yann LeCun, 1998)
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2. Layer C1
e Feature Maps: 6 feature maps.
e Number of filters: 6
e Filter Size:5x5
e Padding:0
e Stride:1
e 5x5x1x6+6 =156 trainable parameters o
Input GropNs S1 C2
2ekde 6x1ax1a 101010 S2 g by oot
|
—
=l
: Full-Connection
| Subsampling

Convolutions
6 5%5

Convolutions  2%2

Subsampling 16 5%5 Convolutions

2%2

120 5%5
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LeNet-5 (Yann LeCun, 1998) Pauphine | PSL*

UNIVERSITE PARIS

3. Layer S1 (Pooling)

2x2 pooling
Reduces the spatial size of feature maps
Keeps the most important information

output : 6 feature maps of size 14x14

C1
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LeNet-5 (Yann LeCun, 1998) Pauphine | PSL*
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4. Layer C2

Input From S1: 6 feature maps of size 14 x 14

Number of filters : 16

Filter Size : 5x 5

Padding : O

Stride : 1

Output Size : W-K+1=14-5+1=10 ->16 feoéiJre maps of size 10 x 10

6%28%28
Input S1 C2
32%32 16%10%10
f%14%14 22* C3 F1 Output
- , 164645 454 54
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e
: Full-Connection
| Subsampling
: : Convolutions  2%2
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LeNet-5 (Yann LeCun, 1998)
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5.Layer S2:16 X5 X5

6. Layer C3:
e 120 filters
e kernelsize=5x5
e stride=1
e padding=0
°

14

Output : W-K+1=1->120 feature maps of s‘i:zle 1x1
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LeNet-5 (Yann LeCun, 1998) Paup

7. Flatten:
e 120x1x1->120
8. Layer F1:
e Fully connected layer
) 84 neurons
e Trainable parameters : 120 x 84 + 84 = 10,164
e Output: 84 ol
*28%
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9. Output Layer:
e Fully connected layer
e 10 neurons (digits 0-9)
e Trainable parameters : 84 x 10+ 10 = 850

e Output: 84

Cl
6%28%28
Input S1 C2
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f%14%14 22* C3 F1 Output
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e
: Full-Connection
| Subsampling
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1 6 5%5 2%2 120 5%5
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Complete Architecture

Layer #Filters Neurons Filter size Stride Size of feature map Activation function
Input - - 32x32x1

Conv1 6 5x5 1 28x28x6 tanh
Avg. - 2x2 2 14x14x6

pooling 1

Conv 2 16 5x5 1 10x10x16 tanh
Avg. - 2x2 2 5x5x16

pooling 2

Conv 3 120 5x5 1 120 tanh

FC1 - 84 tanh
FC2 - 10 softmax

© Mehyar Mlaweh, 2026. All rights reserved.
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LeNet-5 (Yann LeCun, 1998) Pauphine | PSL*
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Why wouldn’t LeNet work for ImageNet?

© Mehyar Mlaweh, 2026. All rights reserved.
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Why wouldn’t LeNet work for ImageNet?

It was designed for:
- 28x28 grayscale digits
- 10 classes
- small dataset (MNIST)

But ImageNet has:
- 224x224 RGB images
- 1000 classes

- 1.2 million images

GPUs were not available

19 © Mehyar Mlaweh, 2026. All rights reserved.
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e The architecture that popularized CNN
e Similar to LeNet but more deeper

e Winner of imageNet large-scale visual recognition challenge (ILSVRC) in 2012

; 3| oo
193 138 2048 pas \dense
13 \ 13
e B 13 dense dens:
0
192 128 Max
2 2048

Max 128 Max poaling
pooling pooling

L 2~
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- 227 %227 inputs

- 5 Convolutional layers

- Max pooling

- 3 fully-connected layers

- RelLU non-linearities

5ag \dense

dense

—‘Ellh
0
128 Max
2 048

Max 126 Max poaling
pooling pooling
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- 227 x 227 inputs

- 5 Convolutional layers

- Max pooling

- 3 fully-connected layers
- RelLU non-linearities

AlexNet Citations per year

(As of 9/30/2019)
16000 14951

14000
12000 10173 L1332 2 _
10000 \ /7 \ { . 1K Vi
6000 :
4000 2672 Y- i S AN
2000 5g4 942 - = - i pllge s s
0 — 2, e\ | y L

102 128 Max
2013 2014 2015 2016 2017 2018 2019

Max 128 Max poaling
pooling pooling

Total Citations: 46,510
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- 227 x 227 inputs

- 5 Convolutional layers

- Max pooling

- 3 fully-connected layers
- RelLU non-linearities

AlexNet Citations per year

(As of 9/30/2019)
16000 14951
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12000 10173 L1332 2 _
10000 \ /7 \ { . 1K Vi
6000 :
4000 2672 Y- i S AN
2000 5g4 942 - = - i pllge s s
0 — 2, e\ | y L

102 128 Max
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Max 128 Max poaling
pooling pooling

Total Citations: 46,510
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Input size Layer Output size
Layer C H / W filters kernel stride pad C H/ W
convl 3 227 64 11 4 2 7

5ag \dense

24 © Mehyar Mlaweh, 2026. All rights reserved.
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Input size Layer Output size
Layer C H / W filters kernel stride pad C H/ W
convl 3 227 64 11 4 2 7

Recall: Ovutput channels= number of filters

| | N
193 138 2048 pas \dense
13 \ 13
z e
e B 13 dense dens:
0
192 128 Max
2 2048
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Input size Layer Output size
Layer C H / W filters kernel stride pad C H/ W
convl 3 227 64 11 4 2 7

Recall: W = (W -K+2P) / S +1

: 2N
193 138 2048 pas \dense
13 \ 13
». ] e o
e 11 el S
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Input size Layer Output size
Layer C H / W filters kernel stride pad C H/ W
convl 3 227 64 11 4 2 7

Recall: W = (W -K+2P) /S +1
=227-1M+22)/4+1

= 220/4 +1

=56

193 138 2048 pas \dense
13 \ 13
z ] e
e 11 13 dense dens:
0
192 128 Max
2 2048

27 © Mehyar Mlaweh, 2026. All rights reserved.




28

AlexNet-5 (Krizhevsky, Sutskever, Hinton, 2012)
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Input size Layer

Layer C H / W filters kernel

convl 3 227 64 11

Output size

stride pad C H/ wW params (k)
4

2 64 56 ?

48

3™ [ 5as \dense
e ﬁ s 3 e g dense dens
e a{ = 0
192 192 128 Max
Max 128 Max pooling g s
pooling pooling
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Input size Layer Output size
Layer C H / W filters kernel stride pad C H/ W params (k)
convl 3 227 64 11 4. 2 64 56 ?

Weight shape = Cout X Cin X K X K

=64x3x11x1

Bias Shape = Cout = 64

Number of parameters =64 x 3 x 11 x 11 + 64 = 23,296

. ... 153 VE] 2048 oas \dense
13 \ 13
e 11 13 dense dens:
0
192 128 Max
poaling 2 2048
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Input size Layer Output size

Layer C H / W filters kernel stride pad C H/ W params (k)

convl 3 227 64 11 4 2 64 56 23

pooll 64 56 3 2 0 64 27 0

conv2 64 27 192 5 1 2 192 27 307

pool2 192 27 3 2 0 192 13 0

conv3 192 13 384 3 1 1 384 13 664

conv4 384 130256 3 1 1 256 ile 885

conv5 256 13 256 3 1 1 256 13 590

pool5 256 13 3 2 0 256 6 0

flatten 256 6 9216 0
Flatten output size = Cinx H x W NP )

193 138 2048 pas \dense
=256 x 6 x 6 — O\
L 3| R i
= 921 6 1\ 3.2 13 dense L ens
:;:hng e ::j:ling poy 2 o
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Input size Layer Output size

Layer C H / W filters kernel stride pad C H/ W params (k)

convl 3. 227 64 11 4 2 64 56 23
pooll 64 56 3 2 0 64 27 0
conv2 64 27 192 5 1 2 192 27 307
pool2 192 27 3 2 0 192 13 0
conv3 192 13 384 3 1 1 384 13 664
conv4 384 13 256 3 1 1 256 13 885
conv5 256 13 256 3 1 1 256 13 590
pool5 256 13 3 2 0 256 6 0
flatten 256 6 9216 0
fcé 9216 4096 4096 37,749

FC params = Cin X Cout + Cout
= 9216 x 4096 + 4096
= 37,748,832

© Mehyar Mlaweh, 2026. All rights reserved.
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AlexNet-5 (Krizhevsky, Sutskever, Hinton, 2012)
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Layer
convl
pooll
conv2
pool2
conv3
conv4
conv5
pool5
flatten
fcb
fc7
fc8

c

Input size Layer
H / W filters kernel stride pad C
3 227 64 11 4 2
64 56 3 2 0
64 27 192 5 1 2
192 27 3 2 0
192 13 384 3 1 il
384 13 256 3 1 il
256 13 256 3 1 il
256 13 3 2 0
256 6
9216 4096
4096 4096
4096 1000

Output size

H/ W params (k)

56 23
T 0
T 307
13 0
13 664
13 885
13 590
6 0
0

37,749

16,777

128 Max
pooling
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AlexNet-5 (Krizhevsky, Sutskever, Hinton, 2012)

Nearly all parameters are in the fully-connected layers

Params (K)
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ZFNet: A bigger AlexNet (2013) Pauphine | PSL%*
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image size 224

filter size 7

lstride 2

Input Image

\355

110 P - 13 o 108 13

3
3 | V1

,\3‘84 QG

stricie 2

R 3x3 max C
3x3 max pool] | contras pool 4096/ | 4096 class
nogm. stride 2

units units| | softmax

6

1115
l’Z \9.6 256

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output

Figure 3. Architecture of our 8 layer convnet model. A 224 by 224 crop of an image (with 3 color planes) is presented as
the input. This is convolved with 96 different 1st layer filters (red), each of size 7 by 7, using a stride of 2 in both x and y.
The resulting feature maps are then: (i) passed through a rectified linear function (not shown), (ii) pooled (max within
3x3 regions, using stride 2) and (iii) contrast normalized across feature maps to give 96 different 55 by 55 element feature
maps. Similar operations are repeated in layers 23.4,5. The last two layers are fully connected, taking features from

the top convolutional layer as input in vector form (6 - 6 - 256 = 9216 dimensions). The final layer is a C-way softmax
function, C' being the number of classes. All filters and feature maps are square in shape.

© Mehyar Mlaweh, 2026. All rights reserved.
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AlexNET but : T::j errer
- CONV 1: change from (11x11 stride 4) 250, -
to (7x7 stride 2) i =
16% -

- CONV 3,45 :instead of 384,384,256 .,
filters use 512, 1024, 512 5% -

0%

2010 2011 2012 2013
NEC-UIUC XRCE AlexNet ZFNet

image size 224 110 26 13 S48 13
filter size 7 ‘Lg ¢ 3
1 w384 | V1 384 256
L w256 N N N
stride 2 L 96 313 max N S c
b Heiln |t pool] |contrast pool 4096| | 409 class
e i - stide2 units| | units| | softmax
5
3 55|
. lz % @13 256 6 |e2se
Input Image \ =,
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer6 Layer7 Qutput

35 © Mehyar Mlaweh, 2026. All rights reserved.
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AlexNET but : Top-5 error
30% 2

- CONV 1: change from (11x11 stride 4) 59, -
to (7x7 stride 2) 20% -

15% -

- CONV 3,45 :instead of 384,384,256 .,
filters use 512, 1024, 512 5% -

0%

2010 2011 2012 2013
NEC-UIUC XRCE AlexNet ZFNet

Why do you think these changes improved ImageNet accuracy?

36 © Mehyar Mlaweh, 2026. All rights reserved.
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AlexNET but : 725/5 errer
- CONV 1: change from (11x11 stride 4) 259, -
to (7x7 stride 2) i =
- CONV 34,5 : instead of 384,384,256 ...
filters use 512, 1024, 512 5% -

0%

2010 2011 2012 2013
NEC-UIUC XRCE AlexNet ZFNet

Why do you think these changes improved ImageNet accuracy?

- Smaller stride (2 instead of 4) preserves more spatial information in early
layers.
- 7x7 kernels capture more visual details than 11x11.

- More filters — higher model capacity allows learning richer and more diverse

37 features. © Mehyar Mlaweh, 2026. All rights reserved.
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VGGNet (Karen Simonyan, Andrew Zisserman,2014)
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After AlexNet and ZFNet, researchers observed that deeper networks often

achieve better performance on complex datasets like ImageNet.

convl

conv2

conv3

56 x 56 x 256

11/x 112 x 128

224 % 224 x 64

28 x 28 x 512

conv4
fe6 fe7 fc8

() (E—

= I= : ]
1x1x4096 1x1x 1000

@ convolution+ReLU
max pooling
i, fully connected+ReLU
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VGGNet (Karen Simonyan, Andrew Zisserman,2014) DCIUphine | PSL %
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After AlexNet and ZFNet, researchers observed that deeper networks often
achieve better performance on complex datasets like ImageNet.

Can we significantly increase the _
depth of CNNs while keeping the
architecture simple and effective?

conv3

conv4
fe6 fe7 fc8

¢ —5¢ J—)
1x1x4096 1x1x 1000

28 x 28 x 512

56 x 56 x 256

11/% 112 x 128
@ convolution+ReLU

@ max pooling

i, fully connected+ReLU

224 % 224 x 64

© Mehyar Mlaweh, 2026. All rights reserved.
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VGGNet (Karen Simonyan, Andrew Zisserman,2014) DCIUphine | PSL %
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After AlexNet and ZFNet, researchers observed that deeper networks often
achieve better performance on complex datasets like ImageNet.

Can we significantly increase the _
depth of CNNs while keeping the
architecture simple and effective?

conv3

conv4
fe6 fe7 fc8

¢ —5¢ J—)
1x1x4096 1x1x 1000

28 x 28 x 512

56 x 56 x 256

11/% 112 x 128
@ convolution+ReLU

@ max pooling

i, fully connected+ReLU

224 % 224 x 64

© Mehyar Mlaweh, 2026. All rights reserved.
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VGGNet (Karen Simonyan, Andrew Zisserman,2014)

Bauphine | PSL*

UNIVERSITE PARIS

After AlexNet and ZFNet, researchers observed that deeper networks often

achieve better performance on complex datasets like ImageNet.

Can we significantly increase the
depth of CNNs while keeping the
architecture simple and effective?

VGGNet answered this question

by proposing a very deep
convolutional network built almost
entirely from small 3x3 convolution
filters.

convl

56 x 56 x 256

11/% 112 x 128

224 % 224 x 64

28 x 28 x 512

conv4
fcb fe7 fc8

[ [ e 3
1x1x4096 1x1x 1000

14 x 14 x 512

7x7x512

@ convolution+ReLU
@ max pooling

i, fully connected+ReLU

© Mehyar Mlaweh, 2026. All rights reserved.
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Design Rules:
- All convolution layers: 3x3 kernel, stride = 1, padding =1
- All Pooling Layers : MaxPool 2x2, stride = 2
- After pool : #channels doubles

convl

fc6 fe7 fe8
— — —
1x1x4096 1x1x 1000

@ convolution+ReLU

@ max pooling
»—Ij fully connected+ReLU

42 © Mehyar Mlaweh, 2026. All rights reserved.
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Design Rules:
- All convolution layers: 3x3 kernel, stride = 1, padding =1
- All Pooling Layers : MaxPool 2x2, stride = 2
- After pool : #channels doubles

Pooling reduces spatial information, which means Increasing channels lets the

1§

network learn more feature types.

Example :
- Input:224 x 224 x 3
@ 111111111 lution+ReLU

- After the first conv block: 224 x 224 x 64
- After first max pool : 112 x 112 x 64 B ol comeciedtReL
- After the first conv block: 112 x 112 x 128 .

fe6 fe7 fe8

€ 7 =]
1x1x4096 1x1x1000

43 © Mehyar Mlaweh, 2026. All rights reserved.
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[ Sofimax ] [_Fcaoe |

[ FC 1000 | | FC 4096 ]
MOdeI # Logers | FC 4096 | I Pool I
VGG-16 13 conv+ 3 FC
VGG-19 16 conv + 3 FC

i

—m—

| ] | ]

L Input | Input |

VGG1l6  VGG19

© Mehyar Mlaweh, 2026. All rights reserved.



45

Bauphine | PSL*

UNIVERSITE PARIS

VGGNet (Karen Simonyan, Andrew Zisserman,2014)

. . o]
why does FC6 in VGG have many more parameters than in AlexNet?
| Softmax l | FC 4096 |

[ FC 1000 | FC 4096 |

AlexNet vs VGG-16 ——
(Params, M) [ Pool ] | ]

120000 [ . | l
| I |

100000 [ o = 1 | | | Pool |
R— [ Pool - ]

P | FC 1000 | [ 1 ]
| FC 4056 | [ | ]

60000 I FC 4008 ] [ 5 I [ ]
— L Poal | [ Pool l | Pool |
| | [ i |

20000 [ ] [ ] | J
: | . — =
RUZISRC IR\ e B AT - — l i | |

S &S TR : —= ]] | Podl b 1 Pool ]

| 15 |

W AlexNet MGG 16 L | ] | ]

| Input J [ Tnout 1 Input ]

AlexNet VGG16 VGG19
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VGGNet (Karen Simonyan, Andrew Zisserman,2014)

Doubling channels in VGG increases the flattened feature vector, so FC6 ends up with
many more parameters ] o
[ FC 1000 || FC 4096 ]

| FC 4096 . Pool |

(Params, M) [ Pool ] [ ]

120000 I I l ]
[ | |

100000 [ o = 1 ( | | Pool |
— e l

80000 [ FC 1000 l [ I l ]
| FC 4056 | [ | ]

60000 I FC 4008 l I ] [ ]
40000 | Poal ] | Pool I Pool ]
[ | [ Ml |

20000 [ ] [ 1 |
0 E— . - { Poal ; : Foo : : Eool :

L > P ch (\é\ géb — [ g | ]

&Y ey N eP : - ]I | Podl (i ] Pool ]

[ = |

W AlexNet ®yGG 16 [ I ] ]

| Input | | Input ] Input ]

AlexNet VGG16 VGG19
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While VGG improved accuracy by increasing depth, it had a major drawback:
* Very large number of parameters (~138M) -
* High computational cost ==

* Risk of overfitting s =

. ]
Solution: i i i eIl
Going deeper with convolutions s

B sy — ]
GoogLeNet = Introduce the Inception wa Vangin St
Google Inc. University of North Carolina, Chapel Hill Google Inc. o~
x : x .
. Pierre Sermanet Scott Reed Dragomir Anguelov Dumitru Erhan \A_/;J—‘ -
m od U I e t o b U l I d d ee pe r b U t Google Inc. University of Michigan Google Inc. Google Inc. /Y\\
Vincent Vanhoucke Andrew Rabinovich \\ V"
Google Inc. Google Inc. i
. o e
e PSS
computationally efficient networks.
Abstract \%/
e
We propose a deep convolutional neural network architecture codenamed Incep- —_— x -
tion, which was rv.\pon\lblt. for setting the new state of the art for classification &
and detection in the I La Scale Visual R i (_}lJl](.l!LL ”()14 i
(ILSVRC14). The main hallmark of this architecture is the imp E’:]
o the computing resources inside the network. This was achieved by a carefully
I e 4 :
c
s were based on the Hebbian pnncnple and the intuition of multi-scale E::I
One particular incarnation used in our submission for ILSVRC14 is
called GoogLeNet, a 22 layers deep network, the quality of which is assessed in '
the context of classification and detection. )

© Mehyar Mlaweh, 2026. All rights reserved.



48

GooglLeNet- InceptionV1 (2014)
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* Winner of ImageNet 2014

» 22 layers deep

* Introduced the Inception module

» Uses 1x1 convolutions for dimensionality reduction
* No large fully connected layers

» Much fewer parameters (~5M) vs VGG (~138M)

==
=
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GoogLeNet- Inception Modules Pauphine | PSL*
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Small details — small filters
Large objects — large filters

=
=

Instead of deciding whether to use 1x1, 3x3, or 5x5 filters, the Inception T

module uses all of them in parallel. .

==
=
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Small details — small filters
Large objects — large filters

Structure of Inception module:

Instead of deciding whether to use 1x1, 3x3, or 5x5 filters, the
Inception uses all of them in parallel.

Filter
concatenation

e
P ol
f—
Previous Layer
)
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UNIVERSITE PARIS

Small details — small filters
Large objects — large filters

Structure of Inception module:

Instead of deciding whether to use 1x1, 3x3, or 5x5 filters, the
Inception uses all of them in parallel.

Uses 1x1 ‘Bottleneck’ layers to reduce channel dimensions before KSien ==
expensive conv

Filter .
concatenation

Previous Layer
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Exemple :

Suppose we apply a 5x5 convolution directly.
Cost formula : parameters = K x H x Cin x Cout T

Input channels = 192 B mm
Output filters = 32 B

=
5x5x192 x 32 = 153,600 parameters =l

Eilt, \A\AI_/;J_.L.‘
. rier Al
Very expensive. concatenation e

Previous Layer
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GoogLeNet- Inception Modules
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Exemple :

With 1x1 Bottleneck

Cost formula : parameters = K x H x Cin x Cout

Input channels =192
Output filters = 32

Step 1: Reduce channels : 1x1 conv: 192 — 32

Step 2 : Apply 5%5 conv
Cost:5x5x32x32=25600 params

~5x cheaper

Filter
concatenation

Previous Layer

i’

—ta
=
L)
]
=
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Instead of large FC layers:

Global Average Pooling : Each feature map becomes one number. —-
Example : 7x7x1024 — 1x1x1024 e
One Linear Layer : Final classification layer. \i/“ ?
Exemple 1024 — 1000 classes 5

ﬁ'

==
=
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Instead of large FC layers:

- Global Average Pooling : Each feature map becomes one number.
- One Linear Layer : Final classification layer.
- Recall VGG-16: Most parameters were in the FC layers!

Input size Layer Output size
Layer C H/W filters kernel stride pad C H/W params (k)
avg-pool 1024 7 7 1 0 1024 1 0
fc 1024 1000 1000 1025

Compare with VGG-16
Layer C H/W filters kernel stride pad C H/W params (K)

flatten 512 7 25088

fce 25088 4096 4096 102760
fc7 4096 4096 4096 16777
fc8 4096 1000 1000 4096
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To address the vanishing gradient problem during training,
GooglLeNet introduces auxiliary classifiers.

- Intermediate branches that act as smaller classifiers j\;‘;; —
- They are active only during training and help regularize /\:\' =
the network. D o
- GooglLeNet was before batch normalization! With \X\ ‘
BatchNorm no longer need to use this trick b wait-]

NElssl T
S SN
ST
<;\/]',J
=i

=a

==
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When networks become deeper, training becomes unstable.
Problems observed:

» Slow convergence

* Unstable gradients

* Activation distributions change during training

57 © Mehyar Mlaweh, 2026. All rights reserved.
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Batch Normalization (offe & szegedy, 2015)
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When networks become deeper, training becomes unstable.

Problems observed:
* Slow convergence

* Unstable gradients

* Activation distributions change during training

This phenomenon is called: Internal Covariate Shift

© Mehyar Mlaweh, 2026. All rights reserved.
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Batch Normalization (offe & szegedy, 2015)
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This phenomenon is called: Internal Covariate Shift

Solution : Batch Normalization

© Mehyar Mlaweh, 2026. All rights reserved.
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Batch Normalization (offe & szegedy, 2015)
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This phenomenon is called: Internal Covariate Shift
Solution : Batch Normalization
Idea:

Normalize activations during training:
T — [
Vo2 + €

T =
Then apply learnable parameters:

y=7%+p

© Mehyar Mlaweh, 2026. All rights reserved.
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Once Batch Normalization made deeper networks possible, researchers tried very deep
architectures.

However, they discovered, as depth increases:

- Training error increases
- Networks become harder to optimize
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- In traditional neural networks, each layer feeds into the next layer.
- However in a network with residual blocks, each layer feeds into the
next layer and directly into the layers about 2-3 hops away.

ié | :‘% ;§ § b : |

[‘ Ll D &| (& 18] Q; . £ E &l (8| |8

ERERE i flelaiaiel e—fleiaiaiel il

il o R .
R
1
0
°
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%
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g
L
§

N

62 © Mehyar Mlaweh, 2026. All rights reserved.




63

ResNet(He et al., 2015)
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- In traditional neural networks, each layer feeds into the next layer.
- However in a network with residual blocks, each layer feeds into the
next layer and directly into the layers about 2-3 hops away.

H(x)

I

I relu

!

X

“Plain” block

T relu
F(x) + x
“shortcut”
X

Residual Block

Q-D gl B & E 3 &l |8| (& g & |&
|5lezled H flatlatlaflef e lilaildt il lildilal
i L

N
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ResNet(He et al., 2015) Pauphine | PSL*
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Residual Networks

A residual network is a stack of many residual blocks

F(x) + x

F(x)

Residual block
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Residual Networks

The same stem as GooglLeNet to downsample the input 4x before applying
residual blocks

Input Output
size Layer size
params
Layer C H/W filters kernel stride padC H/W (k)
conv 3 224 64 74 2 364 112 9
max-pool 64 112 3 2 164 56 0
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Residual Networks

Like GoogLeNet, no big fully-connected-layers: instead use global average
pooling and a single linear layer at the end
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Comparing Complexity
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VGG: highest memory most
operations
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ResNet: moderate efficiency, high
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Comparing Complexity
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Top-1 accuracy [%]
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Inception-v4
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ResNet-34
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1 G-Op =1 billion operations
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GooglLeNet: very efficient
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GooglLeNet: very efficient
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Top-5 error
30%
25% -
20% -
15% -
10% -
5% -
0%

2010 2011 2012 2013 2014 Human 2015 2016 2017
NEC-UIUC XRCE AlexNet ZFNet GooglLeNet ResNet GooglLeNet

VGGNet -v4

Annual ImagNet Competition held after 2017, now
moved to Kaggle
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Next Time ?

IIIIIIIIIIIIIII

Transfer Learning
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