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Admin

 Pas de laboratoire cette semaine
* Examen la semaine prochaine



Résume CNN 1

Plus grande profondeur

Disparition graduelle des tetes fully-
connected

— remplacé par Global Average Pooling + 1 layer
de fully-connected

conv 3x3 est la taille dominante

Parfois conv plus grande que 3x3 a la base
— 5x5 ou 7x7



Reésumé des architectures CNN I
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Résume CNN 1

* conv 1x1 sont des réseaux fully-connected
* Servent a reduire la dimensionnalite des feature

maps
/ / H

conyv +

ReL U,
N filtres
1x1x256

>

C1=256 C2=N



Large Scale Visual Recognition Challenge

50-1000 couches
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Perronnin 2012 2013 Zisserman 2014
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Réseaux profonds °



ResNet

* Vise I'entrainement de réseaux tres profonds (30+
couches)

* Probleme du vanishing gradient en partie reglé par la
Batch Norm

* Constat : degradation CIFAR-10
VA
14 /4 AY\
des resultats passe une At i
. | 44-layer
certaine profondeur . \ 32-layer
2" N 20-layer
> pla?n—z - Lt SOIld. teSt/Va|
ICML tutorial 2016, He. | —beit dashed: train

00 1 2 3 4 5 6

 Intuition : un réseau devrait simplement apprendre
la fonction identite

— mais 'optimisation n’y arrive pas



ResNet

e Dilution de l'information de correction
(gradient)

» Ditficile pour une couche de reutiliser des
features des couches precedentes
— perte de l'information flow [1]
» Difficulte d’apprendre la fonction
identitaire

[1] Srivastava, R.K., Greff, K., Schmidhuber, J.: Highway networks. arXiv
preprint arXiv:1505.00387 (2015)



ResNet : idée de base

F(X) + X H(x) = F(x) + X
standard :
F(X) e
F(x) F(X)
[ couche ] [ couche " E [ couche ]
T ReLU T ReLU g ; T ReLU
Coufche ] [ couche ] E [ couche ]
R N e

F(X) est le résiduel entre la fonction H(x) désirée et
la fonction identitaire : | F(x) = H(x) - x

* N’ajoute aucun parametre au réseau, tres peu de calcul

 Doit avoir au moins deux couches internes .



Highway network

H(x)

» Competiteur contemporain
des ResNet

* Va utiliser du gating pour
choisir le melange résiduel FO)Y

vs. identité [ couche |
RelLU

H(x)=F)T +x(1-T) ( uy

T(x) = o(Wrplx + br) t

* ResNet a fait le pari qu’il est
toujours mieux de faire la
somme des deux :
architecture plus simple

Srivastava, R. etal., Training Very Deep Networks, NIPS 2015 1



ResNet
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adapté de : ¢s231n, Université Stanford



* Apprentissage du residuel :
— plus facile (car cela peut etre que des petits

ajustements)

— F(x) initialise avec des petites valeurs
— pourra facilement apprendre des mapping

identitaires

Notes :

architecture simple de conv 3x3, style VGG
convolution 7x7 avec stride 2 a la base
double le # filtre apres chaque réduction de

ResNet

taille du feature map

position des ReLU : sera différente pour

version « identity mapping »

pas de dropout

CSofmac 1

| S o T I
| Global ave pool |

L_3x3conv, 512

3x3 cony. 128 |

L_3x3cony 128 1}
| T
|

I 3x3conv. 128 /2

{ Inout J
adapté de : ¢s231n, Université Stanford




ResNet —

| Global ave pool |

Global Average Pooling

3X3 Conv. 512

Downsampling se fait par des conv avec pas=2

Si besoin d’ajuster les dimensions : y =F(x)+ W {

(1x1 conv)

— Dans certains cas, besoin de warm up

“...we find that the initial learning rate of 0.1 is slightly too
large to start converging. So we use 0.01 to warm up the
training until the training error is below 80% (about 400 a7z

iterations), and then go back to 0.1 and continue training.” i loout l
adapté de : ¢s231n, Université Stanford




ResNet

64-d

Bottleneck

(pour efficacité, pas pour régularisation)

256-d

A 4

1x1, 64 |

¢rdu

3x3, 64 |

lr@u

1x1, 256

A
layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
3x3 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 | [ 1x1,64 |
2_ k] 2 2
comvix | 56x56 [ gig gj ]xz l gii’gj ]xs 3x3,64 | x3 3x3,64 | x3 3x3,64 | x3
’ ’ | 1x1,256 | | 1x1,256 | | 1x1,256 |
- - - . [ 1x1,128 | [ 1x1, 128 | [ 11,128 |
conv3.x | 28x28 gzg }gz x2 gi; 32 x4 | | 3x3,128 | x4 3x3, 128 | x4 3x3,128 | x8
- ’ E L ’ - | 1x1,512 | 1x1,512 | 1x1,512
a - - - [ 1x1,256 ] 1x1,256 ] 1x1,256 ]
convd x| 14x14 gxg’ggg 2 gxg ;gg x6 || 3x3,256 |x6 || 3x3,256 |x23 || 3x3,256 |x36
L 9% E [ 2% - | 1x1,1024 | Ix1,1024 | 1x1,1024
- . - . [ 1x1,512 ] 1x1,512 1x1,512
convS.x | Tx7 giggi; X2 giggg x3 || 3x3,512 |x3 3x3,512 | x3 3%3,512 |3
L ’ - - ’ - | 1x1,2048 | 1x1,2048 1x1, 2048
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10° 3.8x10” | 7.6x10° 11.3%10”




ResNet : ensemble implicite
* Ensemble exponentiel 2" de réseaux

(similairea Dropout)

Building block

Skip
nnection

COl

ReéL;L;al —
modue - O-J—[.f; f> A S

(a) Conventional 3-block residual network (b) Unraveled view of (a)

 Gradient est atténué dans le résiduel :

— profondeur effective du gradient est de 10-34
couches (sur 110)

A. Veit, M. Wilber and S. Belongie. Residual Networks Behave Like Ensembles of Relatively Shallow
Networks. arXiv:1605.06431v2,2016.



ResNet : ensemble implicite

* Sil’on retire un bloc résiduel ResNet, on
elimine un nombre de sous-réseaux

e ]l reste encore 21 sous-réseaux

Onretire f,: [ 7 f

o N 1O F

A. Veit, M. Wilber and S. Belongie. Residual Networks Behave Like Ensembles of Relatively Shallow 17
Networks. arXiv:1605.06431v2,2016.



ResNet : ensemble implicite

* Retirer des couches en testing pour ResNet

00— ITOr When deleting layers

0.8

0.7 |

0.6 |-

0.5F

Error

E;ii%§é$é$ﬁggg

0.0

| 1 1 1 | | | | | | 1 1 1 1 | | | | | 1
1 2 3 45 6 7 8 91011121314151617 1819 20
Number of layers deleted

* Catastrophique pour VGG!

A. Veit, M. Wilber and S. Belongie. Residual Networks Behave Like Ensembles of Relatively Shallow
Networks. arXiv:1605.06431v2,2016.



Stochastic Depth

o Aléatoirement retirer des blocs résiduels
lors du training

— dropout empiriquement inutile selon eux

* Conserver plus souvent les blocs résiduels
de bas niveau

Huang et al. Deep Network with Stochastic Depth, 2016.

19



Stochastic Depth

Mini-batch 1 _

Mini-batch 2 _

Mini-batch 3
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i A subset of layers are dropped at each mini-batch ]
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Stochastic Depth

* Ameliore le flot du gradient, en reduisant
le nombre de couches

1'2 Xl{]_s

Gradient de la premiere couche convolutive

| _'
| : — Constant Depth
o | —  Stochastic Depth |.
© -
S .
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. : |
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O'O | 1 | | l
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epoch

Huang et al. Deep Network with Stochastic Depth, 2016.



Stochastic Depth

e Accélere l’entrainement:

— réseaux moins profonds sont plus rapides a
entrainer

— 25% moins de calcul (si decroissance lineaire
1->0.5 pour probabilité p,droper le bloc /)

* Forme de regularisation
» Utilise le plein réseau en test

— calibrer les forces des features en fonction de p,

— comme avec dropout

Huang et al. Deep Network with Stochastic Depth, 2016.
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ResNet version preactivation

«pre-activation»
X
X7

BN
|

BN RelLU

S

il
BN
| ad d‘i'tion |

ReLU
‘

X/+1

RelLU dans le
chemin du
gradient

He et al.,, Identity Mappings in Deep Residual Networks, ECCV 2016.

' ResNTet—1 001, c])riginal (erlror: 7.61%I) ?
'\ ResNet—1001, proposed (error: 4.92%)
LN N ] s
02} s |
g 1 ﬁ“|‘M[[J’{r"""""';"li'.ll"ﬁ’\{
é .................................................................... ’IO
E solid: test
0,02 1 dashed: train
--------------------------------- e ——— 5
"y
M = RelU
f =identityws, . |
0.002 : : ‘ L b 0
0 1 2 3 4 5 6
Iterations x10*
tiré : ICML workshop 2016, He.
Bloc résiduel améliorée
Meilleur flot du gradient
Ameéliore les résultats
- 6.7% > 4.8% top-5
23
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Variations de ResNet



Inception v4

Softmax

T

Dropout (keep 0.8)

T

Avarage Pooling

T

3 x Inception-C

T

Reduction-B

T

7 x Inception-B

!

Reduction-A

!

4 x Inception-A

Stem

Input (299x299x3)

Output: 1000

Output: 1536

QOutput: 1536

Output: BxBx1536

Output: BxBx1536

Output: 17x17x1024

Output: 17x17x1024

Output: 35x35x384

Output: 35x35x3584

250 289%3



Filter concat

Inceptl rus | =

35x36x384

MaxPool
(192 V) 0] e (stride=2 V)
e convolutions = -
1x7 et 7x1 /\ngﬁcg;w
(intrOdUitS _ 1x7 Conv
x3 Conv {64)
dans v2 et v3) | “esv
] 7x1 C-onv
| 1x1 Conv {64)
Champ récepteur de 7x7, (64) 1x1 Conv

mais avec 14/49¢m¢ param. \/{,64)

Filter concat | 7axraxieo

r“‘r_'_——"‘_\\\"

e Base a YT

3x3 Conv

(stride 2 V) (96 stride 2 V)

seulement un —

3x3 Conv
(64)

convolution Y

3x3 Conv

3x3 p stride 2 @2V)

14Tx14Tx64

14Tx147Tx32

3x3 Conv
(32 stride 2 V)
[

149x149x32

Input

209x299x3

(299x299x3)

Softmax

!

Dropout (keep 0.8)

T

Avarage Pooling

T

3 x Inception-C

=)

T

Reduction-B

I

7 x Inception-B

!

Reduction-A

!

4 x Inception-A

!

Stem

T

Input (299x299x3)

Output: 1000

Output: 1536

QOutput: 1536

Qutput: BxBx1536

Qutput: BxBx1536

Cutput: 17x217x1024

Output: 17x17x1024

Output: 35x35x384

QOutput: 35x35x384

250 289%3



Inception v4

* Les 5x5 ont disparus
* Avg Pooling au lieu de max

Filter concat

\

3x3 Conv
(96)
f
1x1 Conv 3x3 Conv 3x3 Conv
L, (96) (96)
Avg Pooling 1"19%‘)’”" 1X163<)Jnv 1x1 eat)mv

Filter concat

Softmax

!

Dropout (keep 0.8)

T

Avarage Pooling

T

‘ 3 x Inception-C

T

Reduction-B

I

‘ 7 x Inception-B

!

Reduction-A

!

‘ 4 x Inception-A

I

Stem

T

Input (299x299x3)

Output: 1000

Output: 1536

QOutput: 1536

Output: BxBx1536

Qutput: BxBx1536

Cutput: 17x217x1024

Output: 17x17x1024

Output: 35x35x384

QOutput: 35x35x384

250 289%3



Inception v4
* Max Pool

3x3 MaxPool
(stride 2 V)

Filter concat

3x3 Conv
(n stride 2 V)

3x3 Conv
(m stride 2 V)

T

3x3 Conv
(1)

Softmax

T

Dropout (keep 0.8)

T

Avarage Pooling

T

3 x Inception-C

Filter concat

I

1x1 Conv
(k)

-

T

Reduction-B

I

7 x Inception-B ‘

!

Reduction-A

!

4 x Inception-A ‘

T

Stem

Input (299x299x3)

Output: 1000

Output: 1536

QOutput: 1536

Output: BxBx1536

Output: BxBx1536

Output: 17x17x1024

Output: 17x17x1024

Output: 35x35x384

Output: 35x35x3584

250 289%3



Inception v4

e /x1 etl1x7 conv

Filter concat

Softmax

!

Dropout (keep 0.8)

T

Avarage Pooling

T

3 x Inception-C

7x1 Conv
(256)
f
1x7 Conv
1x1 Conv e (224)
(128) T ¥
' ' 7x1
1x1 Conv 1x7 Conv x(zgdgnv
(384) (224) T
T 1x7 Conv
1x1 Conv (192)
Avg Pooling ‘ (192) f
— 1x1 Conv
(192)

Filter concat

T

Reduction-B

I

7 x Inception-B

!

Reduction-A

!

4 x Inception-A

I

Stem

T

Input (299x299x3)

Output: 1000

Output: 1536

QOutput: 1536

Qutput: BxBx1536

Qutput: BxBx1536

Cutput: 17x217x1024

Output: 17x17x1024

Output: 35x35x384

QOutput: 35x35x384

250 289%3



Inception v4

Filter concat

3x3 Conv
(192 stride 2 V)
3x3 MaxPool
(stride 2 V)
1x1 Conv

(192)

Filter concat

\

Softmax

!

Dropout (keep 0.8)

T

Avarage Pooling

T

3 x Inception-C

3x3 Conv
(320 stride 2 V)

f

7x1 Conv
(320)

t
1x7 Conv
(256)

T

1x1 Conv
(256)

T

Reduction-B

I

7 x Inception-B ‘

!

Reduction-A

!

4 x Inception-A ‘

I

Stem

T

Input (299x299x3)

Output: 1000

Output: 1536

QOutput: 1536

Qutput: BxBx1536

Output: BxBx1536

Output: 17x17x1024

Output: 17x17x1024

Output: 35x35x384

QOutput: 35x35x384

250 289%3



Inception v4

* 3x1 et 1x3 en parallele

Filter concat

Softmax

!

Dropout (keep 0.8)

T

Avarage Pooling

T

3 x Inception-C

3x1 Conv
(256)

1x3 Conv

(256)

"--..\_\ /

1x1 Conv
(256) / - Y .
1x3 Conv 3x1 Conv
(256) (256)
1x1 Conv N d
(256)
1x1 Conv
Avg Pooling (354)

‘hmEHﬁhﬁﬁhﬁ“‘“‘-mhhhhmhhhhh - —

Filter concat

3x1 Conv
(512)
f

1x3 Conv
(448)

!

1x1 Conv
(384)

T

Reduction-B

I

7 x Inception-B ‘

!

Reduction-A

!

4 x Inception-A ‘

I

Stem

Input (299x299x3)

Output: 1000

Output: 1536

QOutput: 1536

Qutput: BxBx1536

Output: BxBx1536

Output: 17x17x1024

Output: 17x17x1024

Output: 35x35x384

QOutput: 35x35x384

250 289%3



Inception v4 -

Dropout (keep 0.8) = output 1538

!

Avarage Pooling | output 153

Différences avec GoogLeNet :
* Couches de réduction plus  Average pool | 3xincepionC | omsases
complexes |
e Convolutions avec stride#1 Max pool D
* Aucun 5x5 Average pool |
7 x Inception-B Output: 17x17x1024
e« Ix7et7x1 |
’ 1X3 et 3>,(]: : Ma.X p001 Reduction-A Output: 17x17x1024
* en série |
* en parallele Average pool | 4xinceptionA | o soson
* eftc... !
Stem

Output: 35x35x384

!

Input (299x299x3) | 200x200:3



Softmax Output: 1000

Inception-ResNet v1 I

Dropout (keep 0.8) Output: 1792
3XS (I:Oﬂ\f 35x35x256 T
(256 stride 2 V) .
| Average Pooling Output: 1752
3x3 Conv . _ T
(1 912 V) 5 x Inception-resnet-C Output: BxBx1792
1x1 Conv I
8 0 73x73x80 s Output: Bx8x1792
(80) Reduction-B :
! r
Bz(s:inhg:)zp\?;)l 73x73x64 10 x Output: 17x17x896
Inception-resnet-B
f
3x3 Conv 14T 14T x84 . Output: 17%17%896
(6 4) Reduction-A
1
3);2203;“! 14Tx14732 5 x Inception-resnet-A Output: 35x35x256
T | |
3x3 Conv 149x149x32 Stem
(32 stride 2 V) X149 e Output: 35x35x256
1 | I
(292}:2;;)(3) 299X2993 Input (299x299x3) 2002993




Output: 1000

Inception-ResNet v1 o

Dropout (keep 0.8) ‘

Output: 1782

Each Inception block is followed by | ]
filter-expansion  layer (1 = x 1 N
convolution without activation) Wthh Average Pooling
is wused for scaling up the | I
dimensionality of the filter bank | |
- before the addition to match the depth 5 x Inception-resnet-C ‘ St BT
e e of the input. This is needed to | ]
compensate for the dimensionality
+ reduction induced by the Inception Reduction-B Output: BxEx1792
block. ]
10 _
1x1 Conv Inoeption-r):as net-B Output: 17x17x896
(256 Linear)
| 3)(?3’2?“\! Reduction-A Output: 17x17x896
1x1 Conv i
2 33Conv | 3x3 Conv
: Output: 35x35x256
(32) (32) 5 x Inception-resnet-A
T . T | ]
1x1 Conv 1x1 Conv
(32) (32) Stem Output: 35x35x256
/// ' R

' Relu activation Input (299x299x3)



Inception-ResNet v1

3x3 MaxPool
(stride 2 V)

Filter concat

Softmax

I

Dropout (keep 0.8)

T

Average Pooling

T

5 x Inception-resnet-C

I

Reduction-B

I

3x3 Conv
(m stride 2 V)

10 x
Inception-resnet-B

T

3x3 Conv ‘ 3x3 Conv

Reduction-A

(n stride 2 V) )
T
1x1 Conv
(k)

Filter concat

5 x Inception-resnet-A

|

Stem

I

Input (299x299x3)

Output: 1000

Output: 1782

Output: 1792

Output: BxBx1752

Output: Bx8x1792

Output: 17x17x896

Output: 17x17%x856

Output: 35x35x256

Output: 35x35x256

299x299%3



Inception-ResNet v1

Relu activation

+

1x1 Conv

(896 Linear)

Softmax

I

Dropout (keep 0.8)

l

Average Pooling

T

5 x Inception-resnet-C

I

Reduction-B

I

10 x
Inception-resnet-B

7x1 Conv
(128)

T

Reduction-A

1x1 Conv
(128)

1x7 Conv
(128)

5 x Inception-resnet-A

Relu activation

!

1x1 Conv
(128)

|

Stem

I

Input (299x299x3)

Output: 1000

Output: 1782

Output: 1792

Output: BxBx1752

Output: Bx8x1792

Output: 17x17x896

Output: 17x17%x856

Output: 35x35x256

Output: 35x35x256

299x299%3



Inception-ResNet v1 : o

Dropout (keep 0.8)

I

Average Pooling

T

5 x Inception-resnet-C

I

Reduction-B

I

Filter concat 10 x
Inception-resnet-B

3x3 Conv
(256 stride 2 V) Reduction-A
/ 3x3 Conv 3x3 Conv ' I '
(384 stride 2 V) (256 stride 2 V) | |
3x3 MaxPool 3x3 Conv _
(stride 2 V) T [ (256) 5 x Inception-resnet-A
\ 1x1 Conv 1x1 Conv [ | | I
(256) (256) 1x1 Conv
Ww) Stem

‘ Previous Input (299x299x3)

Layer

Output: 1000

Output: 1782

Output: 1792

Output: BxBx 1792

Output: Bx8x1792

Output: 17x17x896

Output: 17x17%x856

Output: 35x35x256

Output: 35x35x256

299x299%3



Inception-ResNet v1 et v2

Relu activation

Softmax

|

Dropout (keep 0.8)

l

Average Pooling

T

5 x Inception-resnet-C

I

Reduction-B

I

10 x
Inception-resnet-B

Reduction-A

5 x Inception-resnet-A

+
augmente
avec la ™~ [T 4 com
pI‘O fOIl deur (1792 Linear)
3x1 Conv
(192)
!
1x1 Conv 1x3 Conv
(192) (192)
1
1x1 Conv
(192)

Relu activation

|

Stem

I

Input (299x299x3)

Output: 1000

Output: 1782

Output: 1792

Output: BxBx1752

Output: Bx8x1792

Output: 17x17x896

Output: 17x17%x856

Output: 35x35x256

Output: 35x35x256

299x299%3



Resultats

e Connection residuelle accélere 'entrainement

e Ameliore les scores

Network Crops | Top-1 Error | Top-5 Error
ResNet-151 [5] dense 19.4% 4.5%
Inception-v3 [15] 144 18.9% 4.3%
Inception-ResNet-v1 144 18.8% 4.3%
Inception-v4 144 17.7% 3.8%
Inception-ResNet-v2 144 17.8% 3.7%

Table 4. 144 crops evaluations - single model experimental results.
Reported on the all 50000 images of the validation set of ILSVRC

2012.
Ensembles
Network Models | Top-1 Error | Top-5 Error
ResNet-151 [5] 6 — 3.6%
Inception-v3 [15] 4 17.3% 3.6%
Inception-v4 +
3x Inception-ResNet-v2 4 16.5% 3. 1%
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ResNeXt

* Architecture multi-branche (comme
[nception), mais répete la méme topologie
(contrairement a Inception)

* Le nombre de branche == cardinality

» Prétend qu’il est mieux d’augmenter la
cardinality que la profondeur/largeur

* Cherche a ameliorer la performance sous
un budget fixe de FLOPS et de parametres

S. Xie, R. Girshick, P. Dollar, Z. Tu and K. He. Aggregated Residual Transformations

42
for Deep Neural Networks. arXiv preprint arXiv:1611.05431v1,2016.



ResNeXt

Inception etfectue split-transform-merge

On peut voir Inception comme étant un
sous-espace d"une couche ne contenant
que des 5x5

Le nombre de filtres 1x1, 3x3, 5x5 varie
d’une couche a l'autre, difficile a tuner ®

ResNeXt va empruter d'inception la
philosophie split-transform-merge

43



r——=1

1 embedding plusieurs embedding de taille d, ici 4
de 64 e
256-din -din
4 T o
256, 1x1, 64/ bottlenecks{ 256, 1x1,4 256, 1x1, 4 totalg; 256, 1x1, 4
k. ety e EEEE LTS A L g S
|
64,3x3,64 | | 4,3x3,4 4,3x3, 4 4,3x3,4 |
I
———-—— | —==== T ———--————g-—-—-—-—----==== ¥ -
64, 1x1, 256 4,1x1, 256 4,1x1, 256 4,1x1, 256
+
256-d out aggrégation _—
________________ par somme q
. 256-d out
embedding de

basse dimension

T T I |

cardinality C 1 2 4 8 32
width of bottleneck d | 64 40 24 14 4
width of groupconv. | 64 80 96 112 128

Table 2. Relations between cardinality and width (for the template
of conv2), with roughly preserved complexity on a residual block.
The number of parameters is ~70k for the template of conv2. The

number of FLOPs is ~0.22 billion (# params x 56 x 56 for conv2). .
4



ResNeXt

stage | output ResNet-50 ResNeXt-50 (32x4d)
convl| 112x112 7x7, 64, stride 2 Tx7, 64, stride 2
3 %3 max pool, stride 2 3% 3 max pool, stride 2
diminution/ , &
augmentation auconv2 > x3 % X3
mémerythme ‘ i ] 2| | |
conv3 28 x4 3x3,256,C=32 | x4
i ] | 1x1,512 |
[ | [ 1x1,512 |
convd| 14x14 X6 3x3,512,C=32 | x6
I ] | Ix1,1024 |
I | 1x1, 1024
convS| 7x7 %3 3x3,1024, C=32 | %3
I ] 1x1,2048
1 global average pool global average pool
1000-d fc, softmax 1000-d fc, softmax
# params. 25.5%x10° 25.0x10°
FLOPs 4.1x10” 4.2x 10’
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ResNeXt : Résultats

>~

[

S 5

-~ Y—

3 s Si on double la capacite

setting top-1 error (%) setting | top-1 err (%) | top-5 err (%)
W Y ECSEC;SOSO ; X ggj 333 I x complexity references:
* .= ResNeXit- X )
% .LU ResNeXt-50 4 % 24d 6 ResNet-101 1 x 64d 22.0 6.0
%E ResNeXt-50 8 % 14d 223 ResNeXt-101 32 x 4d 21.2 5.6
O ‘» ResNeXt-50 32 x 4d 22.2 2x complexity models follow:
ResNet-101 1 x 64d 22.0 ResNet-200 [15] 1 x 64d 21.7 5.8

\q) q)
“5 % ResNeXt-101 2 x 40d 21.7 ResNet-101, wider | 1 x 100d 21.3 5
= ResNeXi-101 4 x24d 214 ResNeXt-101 2 x 64d 20.7 5.5
< g ResNeXt-101 [} 8 x 14d 213 ResNeXt-101 64 x4d | 204 5.3
O » ResNeXt-101 32 x 4d 21.2

Table 3. Ablation experiments on ImageNet-1K. (Top): ResNet- Table 4 .Comparlsons on ImageNet-1K when the nur.nber of
50 with preserved complexity (~4.1 billion FLOPs); (Bottom): FLOPsisincreased to2x of ResNet-101’s. The error rate is evalu-

ResNet-101 with preserved complexity (~7.8 billion FLOPs). The ated on the single crop of 224 x224 pixels. The highlighted factors
error rate is evaluated on the single crop of 224 x 224 pixels. are the factors that increase complexity.
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IrlF’ut Xo

H,

DenseNet

o Couches peu larges : 12 filtres

H,

\U
“con
_Rek

L(L +1) | m
connexions Zon i
(par bloc de L couches) et

* Ajoute encore plus de

skip connections

* N’additionne pas : fait une concaténation des

features des couches precedentes concaténation

ReSNet . Xy — HE (Xf—l) =+ Xi—1- DenSQNet Xy = Hfdx(hxln s e 7X3—1]\)

52
Huang et al., Densely Connected Convolutional Networks, 2016.



DenseNet

Diminue vanishing gradient

Augmente la propagation et reutilisation
de features

Semble regulariser
Reduit le nombre de parametres:

— Conv standard : doit apprendre implicitement
quels features laisser passer

— ResNet : explicite, mais certaines couches
contribuent peu (voir Stoch. Depth), donc des
poids inutiles
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DenseNet

Connection vers toutes les couches subsequentes qui
ont la meme taille de feature map (Dense Block)

[ Transition layer: ]
&

(compression via bottleneci )
BN + 1x1 conv + 2x2 avg poolin

32x32 L 16x16 88

Dense Block 3

="

Prediction
Dense Block 2

Dense Block 1
‘horse”

m_]

uonN|oAUDD)

]
Q
=)
5
=
=
=

-

BN
BN f RelLU
Deux. types de — 1 IxI Conv__] |- bottleneck
fonction H(e): 3 Cone ? BN
N4 ReLU
3x3 Conv 54




DenseNet (ImageNet)

Layers Output Size DenseNet-121 DenseNet-169 DenseNet-201 DenseNet-264
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 X 56 3 X 3 max pool, stride 2
Dense Block 1 x 1 conv 1 x 1 conv 1 x 1 conv 1 x 1 conv
56 x 56 6 6 6 6
(1) 8 l3><3conv]>< [3><3(:0nv]>< [?ax?aconv]>< l?;x?:conv]><
Transition Layer 56 x 56 1 x 1 conv
(1) 28 x 28 2 x 2 average pool, stride 2
Dense Block 1 x 1 conv I x 1 conv 1 x 1 conv 1 x 1 conv
28 x 28 12 12 12 12
(2) 8 l3><3c:01w]>< [3X3COI’N]X [3><3conv]>< le?:conv]x
Transition Layer 28 x 28 1 x 1 conv
(2) 14 x 14 2 x 2 average pool, stride 2
Dense Block 1 x 1 conv I x 1 conv 1 x 1 conv 1 x 1 conv
(3) 14> 14 l3><3conv]><24 [3><3c0nv]><32 l3x3conv]><48 l3><3c0nv]><64
Transition Layer 14 x 14 1 x 1 conv
3) 7 x7 2 x 2 average pool, stride 2
Dense Block 1 x 1 conv 1 x 1 conv 1 x 1 conv 1 x 1 conv
7 x7 16 32 32 48
(4) . l3><3c:01w]>< [3><3(:01w]>< l3><3con‘v]>< l?,><3(:v:)mf]><
Classification I x1 7 x 7 global average pool
Layer 1000D fully-connected, softmax
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DenseNet

Sans

data (effet régularisateur)

augm.
Method Depth Params C10 C10+ C100 C100+ SVHN
Network in Network [22 - - 10.41 8.81 35.68 - 2.35
All-CNN [37] - - 9.08 7.25 - 33.71 -
Deeply Supervised Net [20] - - 9.69 7.97 - 34.57 1.92
Highway Network [34] - - - 7.72 - 32.39 -
FractalNet [17] 21 38.6M 10.18 522 35.34 23.30 2.01
with Dropout/Drop-path 21 38.6M 7.33 4.60 28.20 23.73 1.87
ResNet [ 1] 110 1.7M - 6.61 - - -
ResNet (reported by [ 3]) 110 _ALIM 13.63 6.41 44.74 27.22 | 2.01
ResNet with Stochastic Depth [ ! 3] /LPB/ 1.7M 11.66 523 37.80 24.58 1.75
taille similaire J202 _ 1o2M | - 491 : : -
Wide ResNet [4] 6 11.0M - 4.81 - 22.07 -
2 [36.5M - 4.17 - 20.50}\ -
with Dropout 16 2.TM - - - - \1 .64
ResNet (pre-activation) [ 17] 1 NL7M 11.26" 5.46 35.58" 24.33 ] NG . v e .
1 102M | 10.56° 462 | [33.47* | 2271 - ’Eallle similaire
DenseNet (k = 12) 40 1.0M 7.00 524 27.55 2442 1.7
DenseNet (k = 12) 100 7.0M 5.77 4.10 23.79 20.20 Lo7
DenseNet (k = 24) 100 27.2M 5.83 3.74 23.42 19.25 59
DenseNet-BC (k = 12) 100  Y0.8M 5.92 4.51 24.15 22.27] / 1.76
DenseNet-BC (k = 24) 250 15.3M 5.19 3.62 19.64 17.60 1.74
DenseNet-BC (k = 40) 190 R5.6M - 3.46 - 17.18 -

Table 2: Error rates (%) on CIFAR and SVHN datasets. k denotes network’s growth rate. Results that surpass all competing methods are
bold and the overall best results are blue. “+” indicates standard data augmentation (translation and/or mirroring). * indicates results run
by ourselves. All the results of DenseNets without data augmentation (C10, C100, SVHN) are obtained using Dropout. DenseNets achieve
lower error rates while using fewer parameters than ResNet. Without data augmentation, DenseNet performs better by a large margin.
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Large Scale Visual Recognition Challenge

Shao et al. : ensemble, peu intéressant

u Fus'on (TeSt)

Err. (%) 4.20 4.01 32 4.2 4.6 2.92(-0.6) 2.99
yAe)
%
o 20
o ] 22 couches
;5 15 19 couches
<)
—
5 10
O - - AlexNet ZFNet VGG GoogLeNet ResNet - SENets Human
Lin et al. Sanchez  Krizhevsky  Zeiler and Simonyan  Szegedy et Heetal. Shaoetal. Huetal.  Russakovsky
2010 and et al. Fergus and al. 2015 2016 2017 etal. 2014
Perronnin 2012 2013 Zisserman 2014
2011 \ 2014 }
Y 58

Réseaux profonds



Large Scale Visual Recognition Challenge

50-1000 couches
LY
Q. O
o 20 22 couches
= O o
;5 15 19 couches
<)
5
m 10
O - AlexNet ZFNet VGG GoogLeNet ResNet - SENets Human
Lin et al. Sanchez  Krizhevsky  Zeiler and Simonyan  Szegedy et  He etal. Shaoetal. Huetal.  Russakovsky
2010 and et al. Fergus and al. 2015 2016 2017 etal. 2014
Perronnin 2012 2013 Zisserman 2014
2011 \ 2014 }
Y 59

Réseaux profonds



Squeeze and Excite Net : SENet

Exemple de microarchitecture

convnet standard entreméle 'information
spatiale et du domaine des features

Dans une region spatiale donnee { >
(localite) g I

SENet: ponderer les feature maps
globalement avec un micro-reéseau

Ajoute tres peu de parametres et de calcul
— architectures sont déja larges

Idee du bottleneck qui revient
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SENet

* Ajout tel-que-tel (drop-in)

4 \/ \/ ) 4 ) 4 ) 4 )
Up] 0p)]

Conv + || Conv + || Conv + Conv + ||| Conv + ||| Conv +
ReLU || ReLU || ReLu ReLU |(|£{| ReLu ||&|| ReLu
\_ VAN VAN J \_ J \__ J \_ J

... T:ratio de compression
oA R
*Hlw |z sl | facteurs de
=g V128 | W2 <8 [ pondération
Global average —E 5
pooling
X U
H' Frr H
Wl

C' C



SENet

* Modeliser les interdependances entre
feature maps avec un micro-réseau

* Appelle ce mecanisme feature recalibration

* Forme d’attention, mais selon les feature
map

» Utilise information globale pour rehausser
des features utiles et reprimer les moins
utiles
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SENet

e Testés sur différentes architectures
— ResNet

— Inception et Inception-ResNet

_ ResNeXt ajoute 4-10% +

de parametres
t

X X N
X X /- 1' \
/ ~=

) . Residual Residual Wxhxe T~
Inception Inception WxHxC = \\
~ \
, : 1
. /| Global pooling | 1x1xC i

: 1
Global pooling - X ' I
| tion Modul e . ' |
nception Module ) ! s e |
2l l ‘ I
FC 1x1xE ResNet Module ] ReLU :
h - i . Ix1X— H
ReLU c i |
1X1X—
- - l‘ FC 1x1xC :
FC 1x1xC ! : :
X1XC i ‘ |
‘ \ Sigmoid 1X1xC ]
Sigmoid Ix1xC =1 d
Scale WxXHXC
Scale y
W xHxC WxHxC
< X

SE-Inception Module

SE-ResNet Module
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SENet : Resultats ImageNet

Différence négligeable en calcul

/

AN

original re-implementation SENet \l
top-1 top-5 top-1 top-5 GFLOPs top-1 top-5 GFLOPs
err. err. err. err. err. err.
ResNet-50 [V] 247 7.8 24.80 7.48 3.86 23.29(1.51) | 6.62(9.86) 3.87
ResNet-152 [9] 23.0 6.7 22.42 6.34 11.30 | 21.579.85) | 9-73(0.61) 11.32
ResNeXt-50 [43] 222 - 22.11 5.90 4.24 21.10¢1.01) | 549(0.41) 4.25
ResNeXt-101 [43] 21.2 5.6 21.18 5.57 7.99 20.70(0.48) | 5-01(0.56) 8.00
BN-Inception [ 4] 25.2 7.82 25.38 7.89 2.03 24.23(1.15) | 7-14(0.75) 2.04
Inception-ResNet-v2 [38] | 19.97 4.91 20.37 5.21 11.75 0 19.800057) | 4.790.42) | 11.76
Gains partout
Ratio r | top-1err. | top-5 err. | model size (MB)
y 4 23.21 6.63 137 Facteur de
—
N 8 23.19 6.64 117 / .
=3
D=y 16 23.29 6.62 108 r?duCtl(.)n de o
© ;g 1 23.40 6.77 103 dimensionnalite
original 24.80 7.48 98 64




SENet

* Role joué semble varier en fonction de la
profondeur

— en bas, les excitations des features sont peu
correlées avec la classe

— en haut, les excitations des features sont plus
specialises (en fonction de la classe)
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Efficacite des reseaux

; - Inception-v4
E ResNet-152 :
| ' : VGG-16 &= VGG-19
ResNet 101 """"
ResNet 34 | : :
§7o- ----- ﬂ'ResNet 18--------§ ----------
@ o GoogLeNet | | '
S ENet l
T deeeeeeas onennnnes e SERREREE T T
— ; :
2 ° BN-NIN | | : :
604 5M - -35M - 65M - 95M - 125M - 155M -
BN-AlexNet | | : . .
55 “AlexNet 4 v v v SRR
50 + y Y Y " ; ; i "
0 5 10 15 20 25 30 35 40

Operations [G-Ops]
A. Canziani et al. An Analysis of Deep Neural Network Models for Practical Applications, 2017.
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Dual Path network

¢ A chaquebloc, devrait-on: || |, . &L |
— additionner, ou ¥y
— concaténer tl,J'
* ResNet: additionne | | v N
* Inception : concaténe 11 NN
 DenseNet: concatene [ '_;3"?'_[ ]
* Dual Path : fait les deux! b )
A
@ @-ofEn
concaténation addition

https://arxiv.org/abs/1707.01629 69



FractalNet

FractalNet: Ultra-Deep Neural Networks without Residuals

[Larssonetal. 2017]

- Argues that key is transitioning
effectively from shallow to deep
and residual representations are
not necessary

- Fractal architecture with both
shallow and deep paths to output

- Trained with dropping out
sub-paths

- Full network at test time

tiré de : ¢s231n, Université Stanford

Fractal Expansion Rule

fc(z) fe+1(2)

Layer Key

— N

|

fa(2)

Figures copyright Larsson et al., 2017. Reproduced w ith permission.
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CresendoNet

Convolution

Batch Norm

Prediction

Averaging

[E===
-_—
— Max Pooling
——)

H(z), S=4, I=1

CRESCENDONET: ASIMPLEDEEP CONVOLUTIONALNEURALNETWORKWITH ENSEMBLE
BEHAVIOR, https://arxiv.org/pdf/1710.11176.pdf
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CresendoNet

;

Training phase #1 Training phase #2 Training phase #3 Training phase #4

Figure 2: Path-wise training procedure.
Drop-path

CRESCENDONET: ASIMPLEDEEP CONVOLUTIONALNEURALNETWORKWITH ENSEMBLE
BEHAVIOR, https://arxiv.org/pdf/1710.11176.pdf
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SqueezeNet

SqueezeNet: AlexNet-level Accuracy With 50x Fewer

Parameters and <0.5Mb Model Size
[landola etal. 2017]

Fire modules consisting of a
‘'squeeze’ layer with 1x1 filters
feeding an ‘expand’ layer with 1x1
and 3x3 filters

AlexNet level accuracy on
ImageNet with 50x fewer
parameters

Can compress to 510x smaller
than AlexNet (0.5Mb)

tiré de : ¢s231n, Université Stanford

sques——uo
/ 1x1 convolution ﬁ!ters

899

e%pand 1x1 and 3x3 convolution filters

,”’))) 1D > 1o 1o | YOO
b4 > bl b YD )OO )OO 16 25 |
)Y )y p A6 15 )

RLU

Figure copyright landola, Han, Moskew icz, Ashraf, Dally, Keutzer, 2017. Reproduced w ith permission.
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