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Where it all began: Computer Vision
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Computer Vision: How to endow computers with the ability to understand digital images and videos ?

Image (or video) Sexnsing device Interp:eting device Interpretations
L \ '

»
b
garden, spring,

\ bridge, water,

rees, flower,
reen, eftc.
| Most of materials from CS231n: Convolutional Neural Networks for Visual Recognition
2024-2025 DL Course - Convolutional Neural Networks (http://cs231n.stanford.edu) and Fidle - Deep Learning Introduction (https://www.fidle.cnrs.fr/w3/)
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http://cs231n.stanford.edu
https://www.fidle.cnrs.fr/w3/

Some tasks in Computer Vision
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e ' ' Instance
Classification S——— Object .
Segmentation Detection Segmentation

CAT GRASS, CAT, TREE, DOG, DOG, CAT
_ VAN SKY g A J
Y Y Y
No spatial extent No objects, just pixels Multiple Object Thi mage s CO ublic domain
2024-2025 DL Course - Convolutional Neural Networks '




Computer Vision
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A core task in Computer Vision: Image classification

(assume given set of discrete labels)
{dog, cat, truck, plane, ...}

EEE— cat

2024-2025 DL Course - Convolutional Neural Networks




Image Classification
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[(105 112 108 111 104 99 106 99 96 103 112 119 184 97 93 87]
[ 91 98 102 106 104 79 98 103 99 105 123 136 110 105 94 B85]
[ 76 B85 90 1@5 128 105 87 96 95 99 115 112 106 13 99 8S]
[ 99 81 81 93 120 131 127 100 95 98 102 99 96 93 101 94)
(106 91 61 64 69 91 88 85 101 107 109 98 75 B84 96 95)
(114 168 85 55 55 69 64 54 64 B7 112 129 98 74 84 91)
(133 137 147 103 65 B1 8@ 65 52 54 74 B4 102 93 85 82]
[128 137 144 140 109 95 B6 70 62 65 63 63 60 73 86 101)
(125 133 148 137 119 121 117 94 65 79 80 65 54 64 72 98]
(127 125 131 147 133 127 126 131 111 96 89 75 61 64 72 84)
(115 114 109 123 150 148 131 118 113 109 100 92 74 65 72 78)
[ 89 93 9@ 97 108 147 131 118 113 114 113 109 106 95 77 80)
[ 63 77 86 B1 77 79 102 123 117 115 117 125 125 130 115 87]
[ 62 65 B2 89 78 71 86 101 124 126 119 101 107 114 131 119]
[63 65 75 88 B89 71 62 81 120 138 135 105 81 98 110 118]
[ 87 65 71 87 106 95 69 45 76 130 126 107 92 94 105 112)
(118 97 82 86 117 123 116 66 41 51 95 93 B89 95 102 107]
(164 146 112 80 82 120 124 104 76 48 45 66 88 101 102 109)
(157 170 157 120 93 86 114 132 112 97 69 55 70 82 99 094)
(130 128 134 161 139 100 109 118 121 134 114 87 65 53 69 86]
(128 112 96 117 150 144 120 115 104 107 102 93 87 81 72 79]
(123 107 96 86 83 112 153 149 122 109 104 75 86 107 112 99]
(122 121 102 80 82 86 94 117 145 148 153 102 58 78 92 107)
(122 164 148 103 71 56 78 83 93 103 119 139 102 61 69 84]]

The Problem: Semantic Gap

What the computer sees

An image is just a big grid of
numbers between [0, 255]:

e.g. 800 x 600 x 3
This image by Niia i (3 channels RGB)

llcensed under CC-BY 2.0
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Challenges: Viewpoint variation

164 148 103 119 139 102 61 69 o04])

All pixels change when
the camera moves!

2024-2025 DL Course - Convolutional Neural Networks




Image Classification
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Challenges: lllumination

2024-2025 DL Course - Convolutional Neural Networks




Image Classification
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Challenges: Deformation

2024-2025 DL Course - Convolutional Neural Networks
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Image Classification
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Challenges
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Image Classification

Eaxad CENTRALE

LYON

Challenges: Background Clutter

This image is CCO 1.0 public domain This image is CCO 1.0 public domain

2024-2025 DL Course - Convolutional Neural Networks




Image Classification
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Challenges: Intraclass variation

2024-2025 DL Course - Convolutional Neural Networks




Image Classification
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An image classifier

def classify_image(image):
return class_label
Unlike e.g. sorting a list of numbers,

no obvious way to hard-code the algorithm for
recognizing a cat, or other classes.

2024-2025 DL Course - Convolutional Neural Networks




Image Classification
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Data-Driven Approach

1. Collect a dataset of images and labels
2. Use Machine Learning to train a classifier
3. Evaluate the classifier on new images

Example training set

def train(images, labels):
# Machine learning!
return model

def predict(model, test_images):
# Use model to predict labels
return test_labels

] |
ke "R
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Image classification

CENTRALE
LYON

One possible solution (non optimal)

o - 0.0 0
: :«/ /\: / f\\l 0.0 1
- \\‘_- / ": "n\ \% / ' 0.0 2
v 155 | I
| WL ke = | | — 0.0 3
| — :'/l J |\, l More Hidden Layers ‘ :‘/ v d \\l 0.8 4
50 - / | ' \ -

L/( - \-/ .l 'l \--/ 0.0 5

. _ \' [ S
/ N ". ."' ' ___\ 0.0 6
28x28X1 o = N\ ) N\ - 8
0 \ / - °

784 X 1 —
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Image classification

How do humans classify images ?

Strategy 1 Strategy 2

T ———
f‘ugf‘,’ ears

muzzie with whiskers
pixel-1, pixel-2, pixel- +
3..77? paws
CAT!

|dea : use features detectors

2024-2025 DL Course - Convolutional Neural Networks




Convolutions
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Image input

DL Course - Convolutional Neural Networks

Kernel

Output

4

NH W
N
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Convolutions
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0 2 1
Image input
10 ? ?
2 2 2
Output

DL Course - Convolutional Neural Networks

Kernel

5x1 + 2x0 +1x1 + 4x0 + 3x1 + 2x0 + Ox1 + 2x0 + 1x1

4

10
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Convolutions
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2 . 3 1 0 1
® 21+ 10 +3x1 + 3x0 + 2x1 + 3X0 + 2x1 + 1x0 + 2x1 === | 44
3 2 3 0 1 0
2 1 3 1 0 1
Image input Kernel
0 | 1| 2
2 2 2
2 2 2
Output

2024-2025 DL Course - Convolutional Neural Networks




Convolutions
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3 2 3 4 : 3 5 . 0 .
® m— 4y1 +3x0 +5x1 + 2X0 + 3x1 + 4X0 + 1x1 + 2x0 + 2x1 ‘== | 12
0 2 1 2 2 2 3 4 0 . 0
D 2 3 2 : 2 2 . 0 .

Image input Kernel
10 1" 12
Output

2024-2025 DL Course - Convolutional Neural Networks



Convolutions
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1 0 1 10 1" 12

0 1 0 — 13 | 13 | 12

1 0 1 9 9 11
Image input Kernel Output

2024-2025 DL Course - Convolutional Neural Networks




Convolutions
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Lot of known kernels :

« edge detectors

e shapes : curves, squares...
e textures

2024-2025 DL Course - Convolutional Neural Networks



Convolutions
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/ \ .
] {/ /i.\\ f | .| f/ —/\\.l 0.0
2.1 |\_/ //‘ ',."’ \'... (_ ~/ / 0.0
| /_\ | | {/_-___\ 0.0
® ‘:> %L i / ':: { More Hidden Layers } :. I / | | 0.8
\__/ d | | \& / _
| |
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\ : 0.0
/ »

Image input kernels features \\_-/
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Convolutions
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Idea behind CNN : Instead of using predefined kernels designed empirically by humans — make the model learn the kernel parameters

X
|

2024-2025 DL Course - Convolutional Neural Networks




Convolutional Neural Networks
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Image Maps

Input

Output

U
/ ‘\ ¢

Convolutions Fully Connected

Subsampling

lllustration of LeCun et al. 1998 from CS231n 2017 Lecture 1

2024-2025 DL Course - Convolutional Neural Networks




Convolutional Layer
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32x32x3 Image -> preserve spatial structure

32 height

32 width
3 depth

2024-2025 ‘ DL Course - Convolutional Neural Networks



Convolutional Layer
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Filters always extend the full

_———— depthofthe input volume
32x32x3 Image /

/ 5x5x3 filter

32 s

Convolve the filter with the image
l.e. “slide over the image spatially,

computing dot products”
|

3

2024-2025 ‘ DL Course - Convolutional Neural Networks
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Convolutional Layer

__— 32x32x3 image

5x5x3 filter w
=

™~ 1 number:
the result of taking a dot product between the

filter and a small 5x5x3 chunk of the image
52 (i.e. 5*5*3 = 75-dimensional dot product + bias)

. wiz +b

2024-2025 ‘ DL Course - Convolutional Neural Networks



Convolutional Layer
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activation map

__— 32x32x3 Image

/ 5x5x3 filter
32

convolve (slide) over all
spatial locations

32 28
5 1

28

>

2024-2025 ‘ DL Course - Convolutional Neural Networks
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consider a second, green filter

__ et 32x32x3 image activation maps

/ 5x5x3 filter
e

&~

|| =ge i
convolve (slide) over all
spatial locations
ﬁ 28

3 1

2024-2025 ‘ DL Course - Convolutional Neural Networks



Convolutional Layer

For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

A

Convolution Layer

|

3

activation maps

y

28

28

6

We stack these up to get a "new image” of size 28x28x6!

2024-2025 ‘ DL Course - Convolutional Neural Networks
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Convolutional Layer
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mmm) (ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions

/ 32 28 / 24

L = =

CONYV, CONYV, CONYV,
RelLU RelLU RelLU

e.g.o6 e.g. 10
5} 40?6 5x5x6
32 filters 28 filters 24

3 6 10

2024-2025 DL Course - Convolutional Neural Networks



Convolutional Layer
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; i . s
[Zoiler and Fergus 2013]  Veuazuen of veG-16by Lane Mainosh. vG&-16

architecture from [Simonyan and Zisserman 2014).

Linearly
separable
classifier

Low-level Mid-level High-level
features features features

veoe
FRS

L+

il i

i} 1) Iy - p :)":. = | l‘,"'

VGG-16 Convi1 1 VGG-16 Conv3 G-16 Cnv 3 ]

2024-2025 ‘ DL Course - Convolutional Neural Networks
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RELU RELU RELU RELU RELU RELU
CONV CONV | CONV

aifplane
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Convolutional Layer
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A closer look at spatial dimensions:

activation map

__— 32x32x3 image

/ 5x5x3 filter
L

Ve

28

-
-

convolve (slide) over all

spatial locations
ﬁ 28

3 1

2024-2025 ‘ DL Course - Convolutional Neural Networks



Convolutional Layer
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A closer look at spatial dimensions:

/

/X7 input (spatially)
assume 3x3 filter

2024-2025 DL Course - Convolutional Neural Networks



Convolutional Layer
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A closer look at spatial dimensions:

7

/X7 input (spatially)
assume 3x3 filter

2024-2025 DL Course - Convolutional Neural Networks



Convolutional Layer
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A closer look at spatial dimensions:

v

/X7 input (spatially)
assume 3x3 filter

2024-2025 DL Course - Convolutional Neural Networks



Convolutional Layer
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A closer look at spatial dimensions:

v

/X7 input (spatially)
assume 3x3 filter

2024-2025 DL Course - Convolutional Neural Networks



Convolutional Layer
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A closer look at spatial dimensions:

7

/X7 input (spatially)
assume 3x3 filter

=> 5x95 output

2024-2025 DL Course - Convolutional Neural Networks
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A closer look at spatial dimensions:

-
/X7 input (spatially)

assume 3x3 filter
applied with stride 2

2024-2025 DL Course - Convolutional Neural Networks
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A closer look at spatial dimensions:

v

/X7 input (spatially)
assume 3x3 filter
applied with stride 2

2024-2025 DL Course - Convolutional Neural Networks
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A closer look at spatial dimensions:

-
/x7 input (spatially)

assume 3x3 filter
applied with stride 2
=> 3x3 output!

2024-2025 DL Course - Convolutional Neural Networks
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A closer look at spatial dimensions:

-
/X7 input (spatially)

assume 3x3 filter
applied with stride 37

14 doesn’t fit!
cannot apply 3x3 filter on
/X7 Input with stride 3.

2024-2025 DL Course - Convolutional Neural Networks
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Convolutional Layer
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N
Output size:
= (N - F) / stride + 1
N eg.N=7,F=3:
F stride 1=>(7-3)/1+1=5

stride2=>(7-3)2+1=3
stride 3=>(7-3)/[3+1=2.33:\

2024-2025 DL Course - Convolutional Neural Networks



Convolutional Layer

In practice: Common to zero pad the border

0

0

0

0

0

SOOI O | O | ©

2024-2025

e.g. input 7x7
3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

(recall:)
(N - F) / stride + 1

DL Course - Convolutional Neural Networks
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Convolutional Layer
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In practice: Common to zero pad the border

°[01919)° e.g. input 7x7

3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

7x7 output!

CONIEEON O | @ | O

2024-2025 DL Course - Convolutional Neural Networks
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Convolutional Layer
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In practice: Common to zero pad the border

abd | e.g. input 7x7

3x3 filter, applied with stride 1
pad with 1 pixel border => what is the output?

7x7 output!
In general, common to see CONYV layers with
stride 1, filters of size FxF, and zero-padding with
(F-1)/2. (will preserve size spatially)
e.g. F = 3 => zero pad with 1

F =5 => zero pad with 2

F =7 =>zero pad with 3

OO O© | O | O

2024-2025 DL Course - Convolutional Neural Networks
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Remember back to...
E.g. 32x32 input convolved repeatedly with 5x5 filters shrinks volumes spatially!
(32 -> 28 -> 24 ...). Shrinking too fast is not good, doesn’t work well.

A A A

CONV, CONV, CONV,
RelLU RelLU RelLU
e.g. 6 e.g. 10
5x5x3 5x5x6

ﬁ filters ‘ ﬁ filters ﬁ

3 6 10

2024-2025 ‘ DL Course - Convolutional Neural Networks



Convolutional Layer
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AN

Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2 _/

Output volume size: ?

2024-2025 DL Course - Convolutional Neural Networks



Convolutional Layer
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AN

Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2 /

Output volume size:
(32+2*2-5)/1+1 = 32 spatially, so
32x32x10

2024-2025 ‘ DL Course - Convolutional Neural Networks




Convolutional Layer

Examples time:

Input volume: 32x32Xx
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?

each filter has 5*5*2 + 1 = 76 params

=> /610 = 760

2024-2025 | DL Course - Convolutional Neural Networks
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(+1 for bias)
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Convolutional Layer
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Summary. To summarize, the Conv Layer:

e Accepts a volume of size Wy x Hy x Dy
e Requires four hyperparameters:
o Number of filters K,
o their spatial extent F',
o the stride .S,
o the amount of zero padding P.
e Produces a volume of size W5 x Hy x Dy where:
o Wo=(W, —F+2P)/S+1
o Hy =(H; — F +2P)/S + 1 (i.e. width and height are computed equally by symmetry)
0 D2 —F ¢

2024-2025 DL Course - Convolutional Neural Networks




Convolutional Layer
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The brain/neuron view of CONV Layer ——
28 An activation map is a 28x28 sheet of neuron
outputs:

/ 32 /
1. Each is connected to a small region in the input

2. All of them share parameters
‘A _AS “5x5 filter” -> “5x5 receptive field for each neuron”
3

2024-2025 ‘ DL Course - Convolutional Neural Networks
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Convolutional Neural Network

two more layers to go: POOL/FC

RELU RELU

RELU RELU

RELU RELU

—

lCONV

CONV

|v

S

CONV

e

>
<
O
O

l

—

—

CONV CONV

EVE- AR T S

III.I—-IIII
HEANEOANNER
B [0 00 N LY NN
NEENNCEARE
—> L A EARREERAE Wy
IIIIIIIIII

;7, - JOWRTIRAN R AN
—=[OMVE' ] AR
YR LY RAEALGR
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Pooling layer
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- makes the representations smaller and more manageable
- operates over each activation map independently:

224x224x64

112x112x64

a

> o 112
- SR downsampling
112

224

2024-2025 DL Course - Convolutional Neural Networks




Pooling layer
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MAX POOLING

Single depth slice
11112 4
5|6 |7 |8
3 | 2
1123 ]| 4

y

max pool with 2x2 filters
and stride 2

>

DL Course - Convolutional Neural Networks
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Convolutional Neural Network
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Fully Connected Layer (FC layer)

- Contains neurons that connect to the entire input volume, as in ordinary Neural
Networks

RELU RELU ELU RELU RELU RELU
CONV lCONVl CO CONV lCONVl

:

- 4
-
BB -
‘ -
‘ -
‘ -
- o
'_@ .
= -
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Summary
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- ConvNets stack CONV,POOL,FC layers

- Trend towards smaller filters and deeper architectures

- Trend towards getting rid of POOL/FC layers (just CONV)

- Typical architectures look like
[(CONV-RELU)*N-POOL?T*M-(FC-RELU)*K,SOFTMAX
where N is usually up to ~5, M is large, 0 <= K <= 2.
- but recent advances such as ResNet/GooglLeNet

challenge this paradigm

2024-2025 DL Course - Convolutional Neural Networks



CNN architectures
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Review: LeNet-5

[LeCun et al., 1998]

Image Maps

Input

” \ Fully Connected

Convolutions

Subsampling

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
I.e. architecture is [CONV-POOL-CONV-POOL-FC-FC]

2024-2025 ‘ DL Course - Convolutional Neural Networks




ImageNet
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

First CNN-based winner

152 layers
A \
\
\
\
\ 16.4
\
\
\
\
22 Iayers 19 Iayers
3 37 I o l 8 layers [ 8 layers shallow

ILSVRC'1S ILSVRC'14 ILSVRC'14 ILSVRC'13 | ILSVRC'12 | ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

2024-2025 DL Course - Convolutional Neural Networks




CNN architectures
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Case Study: AlexNet

[Krizhevsky et al. 2012]

N o] 7 3 |X sy, SO
8 -/, 192 192 128 2048 2048 dense
o7 128 e o ] ]
AN\, 13 \ 13
[ e, ] e, 0 | Q - -“

o - -1\ n| AT 13 dense’| [|dense|
Full (simplified) AlexNet architecture: Y 2N - ., Y oing % 3538
227x227x3] INPUT i i I L oo _ _
55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 Details/Retrospectives:
27x27x96] MAX POOL1: 3x3 filters at stride 2 - first use of ReLU
27x27x96] NORM1: Normalization layer - used LRN layers (not common anymore)
27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 - heavy data augmentation
13x13x256] MAX POOL2: 3x3 filters at stride 2 - dropout 0.5
13x13x256] NORMZ2: Normalization layer - batch size 128
13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1 - SGD Momentum 0.9
13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1 _ : ¥
13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1 m'jirgl'lngvvrs; Lzlzéggjr”a?d tl’aytggus
'6x6x256] MAX POOL3: 3x3 filters at stride 2 Y yPp
4096] FC6° 4096 neurons ~ =< Welght gecay sess: i
4096] FC7: 4096 neurons - 7 CNN ensemble: 18.2% -> 15.4%
1 OOO] = & ::‘ 1000 neurons (CIaSS SCOI’eS) Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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ImageNet £ cean

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

ZFNet: Improved 28.2
, hyperparameters over
152 layers AlexNet l

\ 11.7
22 Iayers 19 Iayers

ILSVRC'15 ILSVRC'14  ILSVRC'14 | ILSVRC'13 | ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

2024-2025 DL Course - Convolutional Neural Networks
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ImageNet o cen

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

, g Deeper Networks
152 layers
A l
\
\
\
\
\
\
\
1
22 Iayers 19 Iayers
3.57 I o I Iayers 8 layers shallow

ILSVRC'15 | ILSVRC'14 ILSVRC'14 | ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

2024-2025 DL Course - Convolutional Neural Networks




CNN architectures
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Case Study: VGGNet —

[Simonyan and Zisserman, 2014] fgf:n;; : 223’2
FC 4096 | - !
Small filters, Deeper networks —— }
l | | ]

[ ] Pool
8 layers (AlexNet) p— —F ;
-> 16 - 19 layers (VGG16Net) oo [ | 1
FC 4096 | | | ]

FC 4096 Pool Poaol
Only 3x3 CONV stride 1, pad 1 R — g }
and 2X2 MAX POOL Strlde 2 [ ] [ Pool o Pool l
| l | | | ]
11.7% top 5 error in ILSVRC’13 —— ———
(Z F N et) [ | Input ] [ Input I [ ‘ Input ]
— 0 I ; | | | | | |

>7.3% top 5 error in ILSVRC'14 AlexNet VGG16 VGG19
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VGGNet
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INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728

| Softmax [
FC 1000

CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 [ cam ]
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 [_rcaom_ ]
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3%*64)*128 = 73,728 | Pool ]

CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0 5 |
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648 | Pool I
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

| Pool |

POOL2: [14x14x512] memory: 14*14*512=100K params: 0 . TR
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 ——
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 [ — ,

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448 ' e
FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 VGG16
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 96MB / image (for a forward pass)
TOTAL params: 138M parameters
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CNN architectures

Case Study: GooglLeNet

[Szegedy et al., 2014]

Deeper networks, with computational
efficiency

- ILSVRC’14 classification winner
(6.7% top 5 error)

- 22 layers

- Only 5 million parameters!
12X less than AlexNet
27x less than VGG-16

- Efficient “Inception” module

- No FC layers

2024-2025 DL Course - Convolutional Neural Networks

Filter
concatenation

Previous Layer

Inception module

4
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CNN architectures
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Case Study: GooglLeNet E

[Szegedy et al., 2014] :i’?'?\.“‘.
T RIS |
“Inception module”: design a s
good local network topology ' e
(network within a network) and s e ==
then stack these modules on TEEEmS
S Z——=
top of each other e
Previous Layer \\)///’
Inception module (‘z:.“;
e
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ImageNet
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ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners

/ “Revolution of Depth”

152 layers “

[ R2 layers [ 19 Iayers

ILSVRC'15 LSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet oogleNet VGG AlexNet
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Training ResNet in practice:

C N N a rc h ite Ct u res - Batch Normalization after every CONV layer

- Xavier initialization from He et al.
SGD + Momentum (0.9)
Learning rate: 0.1, divided by 10 when validation error plateaus
Mini-batch size 256

-  Weight decay of 1e-5 "
L——Sofimax_J

Ca Se Stu d y : Res N et - No dropout used | oo |

[He et al., 2015]

CENTRALE
LYON
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&

Very deep networks using residual
connections

- 152-layer model for ImageNet

- ILSVRC'15 classification winner d ide)r:tity | )

(3.57% top 5 error) —

-  Swept all classification and ‘ = ‘
detection competitions in Cianw

ILSVRC’15 and COCO’15! Residual block e
C_SCGcony. o4
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Summary
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AlexNet showed that you can use CNNs to train Computer Vision models.
VGG shows that bigger networks work better
ResNet showed us how to train extremely deep networks

- Limited only by GPU & memory!

- Showed diminishing returns as networks got bigger
After ResNet: CNNs were better than the human metric and focus shifted to
other topics:

- Efficient Networks: MobileNet, ShuffleNet

- Neural Architecture Search can now automate architecture design
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Inception-v4
80 - 80 - . :
Inception-v3 ’ ResNet-152
ResNet-SO‘ : VGG-16 VGG-19
7371 B : 75+ ' ResNet-101 ~ '
. ResNet-34
9 9
= 70 - » = 70 - ResNet-18
9 o oa
© © GooglLeNet
0 3 ENet
O 65 1 O 65 -
i —
& & © BN-NIN
2 60 = 60 - , 5M 35M 65M 95M 125M  155M
BN-AlexNet
55 55 AlexNet
207 66 @t o8 aeh et AB A6 A0 ok <O .ch el B b >0 5 0 15 20 25 30 35 40
St Al O et et AD A0 A9 2k <O g N2 N 1
N \;\G"‘\\\g\\\» ?f$g\,e\\:)\«6‘366:’\66 ;{@‘2\@‘: v\’\@v\’?\o(‘ O Operations [G-Ops]
QWY o QL7 Qe e \(\&20&9
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Aggregated Residual Transformations for Deep
Neural Networks (ResNeXt)

[Xie et al. 2016]

256-d out

- Also from creators of

ResN et 256-d out
- Increases width of

residual block through f

multiple parallel

pathways f

(“cardinality”)

- Parallel pathways
similar in spirit to
Inception module 256-d in

256-d in
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Improving ResNets...
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Densely Connected Convolutional Networks (DenseNet)

Softmax
[Huang et al. 2017] * FC
Pool
- Dense blocks where each layer is -+ Donse Block3 ]
connected to every other layer in §
feedforward fashion hee
- Alleviates vanishing gradient, Cofcat —

strengthens feature propagation,

encourages feature reuse —
- Showed that shallow 50-layer Goncat
network can outperform deeper — Dense Blook 1_]
152 layer ResNet s—
Input | Input |
Dense Block
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Efficient networks

Eaxad CENTRALE

LYON

MobileNets: Efficient Convolutional Neural Networks for
Mobile Applications [Howard etal. 2017]

- Depthwise separable

. BatchNorm
convolutions replace
standard convolutions by Pool
o : BatchNorm g
factorizing them into a C2HW Pointwise
depthwise convolution and a Pool convolutions
1x1 convolution —— EUey bl
- Much more efficient, with Pool
little loss in accuracy Standard network ——
: epthwise
- !:Ogg\;véUPSM(;tl)lleth\llz work  Total compute:9czHW ~ 9CHW convolutions
it S Vobllefiets
; urieiNet. Zhang €t al, Total compute:9CHW + C2HW

CVPR 2018
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Efficient networks

EfficientNet: Smart Compound Scaling

[Tan and Le. 2019]

- Increase network capacity by scaling width,
depth, and resolution, while balancing
accuracy and efficiency.

- Search for optimal set of compound scaling
factors given a compute budget (target
memory & flops).

- Scale up using smart heuristic rules

Imagenet Top-1 Accuracy (%)

wider

CENTRALE
LYON

.4
&

’/

I

' &

b DenseNet-201
-

I

I

,.

EfficientNet-B7

__——

ot
-7 ResNeXt-101

-, L A
,7 .. Inception-ResNet-v2

’
4
X

ception
eResNet-152

Topl Acc. #Params

AmoebaNet-C|

depth: d = o
width: w = ¢

resolution: 7 = ~? | [~y
*} resolution HxW

st.a- %72~ 2
@210 1521

(a) baseline
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)

(b) width scaling

=1+ higher

. resolution

(c) depth scaling (d) resolution scaling

ResNet-152 (He et al, 2016) 77.8% 60M
EfficientNet-B1 | 792% 7.8M
s ° ResNeXt-101 (Xie et al,, 2017)| 80.9% 84M
76 1 . .R EfficientNet-B3 81.7% 12M
: esNet-50 SENet (Hu et al,, 2018) 87%  146M
x NASNet-A (Zoph et al,, 2018) | 82.7% 89M
1 g EfficientNet-B4 | 83.0% 19M
" Inception-v2 GPipe (Huang ctal, 2018)' | 843%  556M
: NASNet-A EfficientNet-B7 84.4% 66M
. "Not plotted
ResNet-34 . . . § |
0 20 40 60 80 100 120 140 160 180
Number of Parameters (Millions)
_
)
- ----wider
e
deeper
deeper

==
|—..,--higher

. .+..resolution

(e) compound scaling
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Transfer Learning R

Should we train from scratch such big networks for each new Computer Vision problem ?
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Transfer Learning
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Should we train from scratch such big networks for each new Computer Vision problem ?

— No: use transfer learning (fine tuning)

; e e
[Zoilerand Fergus-20713] YEriienctice toby Lane Melnioah Voo

architecture from [Simonyan and Zisserman 2014].

Linearly
separable
classifier

Low-level Mid-level High-level
features features features

sl 5\

»75 »'T .

"’Vo‘ N ﬁ
y "

- o~ - 'd .
» = "
g | €75 | Tl

VGG-16 Convi 1 VGG-16 Conv3 2 VGG-16 Convs 3
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Transfer Learning

1. Train on Imagenet

FC-1000

FC-C

FC-4096

FC-4096

FC-4096

FC-4096

MaxPool

MaxPool

Conv-512

Conv-512

Conv-512

Conv-512

MaxPool

MaxPool

Conv-512

Conv-512

Conv-512

Conv-512

MaxPool

MaxPool

Conv-256

Conv-256

Conv-256

Conv-256

MaxPool

MaxPool

Conv-128

Conv-128

Conv-128

Conv-128

MaxPool

MaxPool

Conv-64

Conv-64

Conv-64

Conv-64

2024-2025

‘ DL Course - Convolutional Neural Networks

\

2. Small Dataset (C classes)

Reinitialize
this and train

> Freeze these

Faxad CENTRALE
RS

LYON

3. Bigger dataset

FC-C

FC-4096

FC-4096

“— Train these

MaxPool

Conv-512

Conv-512

MaxPool

Conv-512

Conv-512

MaxPool

Conv-256

Conv-256

MaxPool

Conv-128

Conv-128

MaxPool

Conv-64

Conv-64

\

With bigger
dataset, train
more layers

> Freeze these

Lower learning rate
when finetuning;
1/10 of original LR

IS good starting
point




Transfer Learning
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— very similar very different
FC-4096 dataset dataset

MaxPool
Conv-512
— 3 very little data | Use Linear You're in
— More specific Classifier on trouble... Try
i top layer linear classifier
— from different
Conv-256 More generic stages
=0
e / quite a lot of Finetune a Finetune a

— data few layers larger number
Conv-64 of layers or start
Image from scratch!
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Transfer Learning CENT

Have some dataset of interest but it has < ~1M images?

1. Find a very large dataset that has
similar data, train a big model there
2. Transfer learn to your dataset

Deep learning frameworks provide a “Model Zoo” of pretrained
models so you don’t need to train your own

PyTorch models: https://pytorch.org/vision/0.9/models.htmi

—)

PyTorch datasets: https://pytorch.org/vision/main/datasets.htmi

2024-2025 ‘ DL Course - Convolutional Neural Networks


https://pytorch.org/vision/0.9/models.html
https://pytorch.org/vision/main/datasets.html

Some useful references
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CS231n: Convolutional Neural Networks for Visual Recognition (http://cs231n.stanford.edu)
Fidle - Deep Learning Introduction (https://www.fidle.cnrs.fr/w3/)

Neural Networks and Deep Learning (http://neuralnetworksanddeeplearning.com)

Deep Learning (http://www.deeplearningbook.org)

PyTorch (http://pytorch.org)
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http://neuralnetworksanddeeplearning.com
http://www.deeplearningbook.org
http://pytorch.org
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