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Architetture di rete



Elementi a confronto

* Nuove features
e Cosa distingue una rete dalle altre?
e Qual e il problema che cercano di risolvere?

e Architettura
* Le componenti che la strutturano

* Implementazione
* Pytorch code

* Setup
e C’e qualche aspetto particolare che caratterizza il learning?

* Performance
* Qual e il guadagno?
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CNN design patterns

e Pattern 2
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AlexNet

* Vincitore ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
del 2012

* ImageNet dataset
e 1.2M high-res images
* 1,000 classi.

* Alex Krizhevsky, Geoffrey Hinton and llya Sutskever
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e Convolutional layers: 11x11, 5x5, and 3x3
* Max pooling layers
* Dropout layers
e RelU activation functions

Quanti parametri?



AlexNet: features

* RelLU

* Dropout
* p=0.5nei due layers FC

* Data augmentation
* image rotation, flipping, scaling, ...

* Local response normalization
* Previene la crescita non limitata dovuta alle attivazioni ReLU

* Weight regularization
* L2 con peso 0.0005



AlexNet
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Alexnet in Pytorch

class AlexNet(nn.Module):
def __init__ (self, num_classes = 1000):
super().__init_ ()
self.layerl = nn.Sequential(
nn.Conv2d(in_channels=3, out_channels=96, kernel_size=11, stride=4),
nn.ReLU(inplace=True),
nn.MaxPool2d(kernel_size=3, stride=2),

CONV LRN(local_size=5, alpha=le-4, beta=0.75, ACROSS_CHANNELS=True)

Overlapping
11x11 Overlapping CONV h;;x Ppcglof )
B ;L,,s.:r;'.;s ) mfx pOOL_ 5x5 pad=2 3 x 3. stride = 2 self.layer2 = nn.Sequential(
7 eme 3% 3. stride = 2 256 kemels nn.Conv2d(in_channels=96, out_channels=256, kernel_size=5, groups=2, padding=2),

T nn.ReLU(inplace=True),
96 96 ‘/’ ,; 256 nn.MaxPool2d(kernel_size=3, stride=2),
/" 256 LRN(local_size=5, alpha=le-4, beta=0.75, ACROSS_CHANNELS=True)
227 —t — '--I-: ’/’ —_—— —_— )
IS -~
55 o 27 self.layer3 = nn.Sequential(

2% 13 nn.Conv2d(in_channels=256, out_channels=384, padding=1, kernel_size=3),
(55-3) 27 (27 +2'2-5) 27 (27 - 3) nn.ReLU(inplace=True)
(227-11) 55 2+1=27 M+1=27 2+1=13 13 )
227 14+ 1=55 self.layer4 = nn.Sequential(
nn.Conv2d(in_channels=384, out_channels=384, kernel_size=3, padding=1),
nn.ReLU(inplace=True)
)
CONV CONV CONV Overlapping
3x3, pad=1, 3x3, pad =1, 3x3 pad =1, Max POOL self.layer5 = nn.Sequential(
384 kernels 384 kernels 256 kernels 3x 3, stride = 2 nn.Conv2d(in_channels=384, out_channels=256, kernel_size=3, padding=1),
o ) o ®) nn.ReLU(inplace=True),
(13+271-3) (13+271-3) O nn.MaxPool2d(kernel_size=3, stride=2)
N+1=13 O )
256 256 rc |O] Fe O
- - - . : . self.layer6 = nn.Sequential(
. . nn.Linear(in_features=6%6%256, out_features=4096),
384 384 13 6 @) O nn.ReLU(inplace=True),
. ;:, . (13+2°1-3) 13 (13-3) 5 9216 O 1000 ) nn.Dropout ()
: B 1+1=13 2+41=8 8
; 4096 4096  Softmax self.layer7 = nn.Sequential(
3 13 nn.Linear(in_features=4096, out_features=4096),
nn.ReLU(inplace=True),
nn.Dropout()
)
self.layer8 = nn.Linear(in_features=4096, out_features=num_classes)
def forward(self, x):
h hub h blob h del | x = self.layer5(self.layer4(self.layer3(self.layer2(self.layerl(x)))))
ttps://github.com/pytorch/vision/blob/master/torchvision/models/alexnet. x = x.view(-1, 6+6%256)
P //g /py / / / / / / Py x = self.layer8(self.layer7(self.layer6(x)))

NOTA: Implementazione differente!

return x


https://github.com/pytorch/vision/blob/master/torchvision/models/alexnet.py
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Preprocessing and Data Augmentation
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VGG Network

e Visual Geometry Group at Oxford University, 2014
e Karen Simonyan, Andrew Zisserman

* VGG-16
* 16 weight layers
* 13 convolutional layers
* 3 fully-connected layers

* Semplifica il setup degli iperparametri (kernel size, padding, strides, etc.)
e Contiene componenti uniformi (CONV/POOL)

e Rimpiazza i filtri di grandi dimensioni con cascate di filtri
e Tutti i layer convoluzionali sono 3x3 con stride = 1 e padding same
* Tuttiilayer di pooling sono 2x2 pool-size con stride = 2



Perché cascate di filtri piccoli?

 Layer non lineari multipli apprendono features piu complesse con un
numero minimo di parametri

* 3 layer di 3x3 CONV con C channels -> 27C? pesi, un layer 7x7 ne richiede
49C*

 Uno stack di due 3x3 CONV ha lo stesso effetto di un 5x5
e tre 3x3 CONV hanno lo stesso effetto di un 7x7



VGG Network
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ConvNet Configuration

A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight B 16 weight B 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB imaghl)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 @ conv3-128 @ conv3-128
conv3-128 | conv3-128 B conv3-128 @ conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 @ conv3-256 @ conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 W conv3-256 @ conv3-256
convl-256 W conv3-256 1 conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 @ conv3-S12 @ conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 @ conv3-512 @ conv3-512
convl-512 B conv3-512 0 conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 |l conv3-512 8 conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 @ conv3-512 @ conv3-512
convl-512 B conv3-S12 0 conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

Pool/2

3x 3 CONV, 512
3x3 CONV, 512

FC 4096

FC 4096

def

cfg

Softmax 1000

nn.Module) :

def __init__(self, features, num_classes=1000):
super(VGG, self).__init_ ()

def

self.features = features

self.classifier = nn.Sequential(

nn.

nn

nn.
nn.
nn.
nn.

nn
)

.ReLU(True),

Dropout(),
Linear(4096, 4096),
ReLU(True),
Dropout(),

Linear(512 x 7 x 7, 4096),

.Linear(4096, num_classes),

forward(self, x):

X

= self.features(x)
X = X.view(x.size(0), -1)

x = self.classifier(x)

return

X

make_layers(cfg, batch_norm=False):
layers = [
in_channels = 3
for v in cfg:
= 'M':
layers += [nn.MaxPool2d(kernel_size=2, stride=2)]

return nn.Sequential(*layers)

'A':
'B':
D':
E's

if v =

else:

1

conv2d = nn.Conv2d(in_channels, v, kernel_size=3, padding=1)
if batch_norm:

el

layers +=

se:

layers +=

in_channels = v

[64,
[64,
[64,
[64,

'M', 128,

64,
64,
64,

'M', 128, 128,
'M', 128, 128,
'M', 128, 128,

[conv2d, nn.ReLU(inplace=True)]

[conv2d, nn.BatchNorm2d(v), nn.ReLU(inplace=True)]

'M', 256, 256, 'M', 512, 512, 'M', 512, 512, 'M'l,

'M', 256, 256, 'M', 512, 512, 'M', 512, 512, 'M'l,

'M', 256, 256, 256, 'M', 512, 512, 512,

'M', 256, 256, 256, 256,

'M*, 512, 512, 512, 512,

'M', 512, 512, 512, 'M'],

'M', 512, 512, 512, 512,

'M'],



GoogleNet

* Proposta da Google nel 2014
* |[LSVRC14
* Inception network
e 22 layers: piu grande di VGGNet con meno parametri (da ~138M a ~13M)
* Inception Module
* Che size per i filtri?
e Quando usare il pooling?
* |dea: combiniamoli!




Inception Network

e Stacking di moduli inception

e Per limitare il numero di calcoli adotta un approccio di dimensionality reduction prima di ogni kernel

Classical CNN architecture
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Inception Network - Module

* Quattro layer concatenati
* 1x1 CONV
* 3x3 CONV
* 5x5 CONV
* 3x3 MaxPOOL

* Quante operazioni?

Filter
concatenation

A

1x1 convolutions

3x3 convolutions

5x5 convolutions

A

Previous layer

3x3 max pooling



Inception Network — Module

Filter
concatenation

N

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

4

4

ﬂﬁons

1x1 convolutions

“

3x3 max pooling
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Previous layer

Ogni modulo contiene i filtri
1x1, 3x3, 5x5

Loutput € composto dalla
concatenazione dei risultati
dei kernel

Un blocco MaxPool 3x3 e
presente nel modulo

| blocchi in giallo (1x1) sono i
blocchi di dimensionality
reduction



Inception Network — Complessita

Bottleneck layer

/

CONV 1 x 1 CONV 5x5 ] o
16 filters 32 filters ~16M vs ~163M di operazioni
32x32x200 32x32x16 32x32x32
I | I |
I I
Computational cost: Computational cost:
(32*32*16) * (1*1*200) = 32 million (32*32*32) * (5*5*16) = 13.2 million

I |
I

Total computational cost:
16.3 million




Part A

Part B <

GooglLeNet in Pytorch

Part D

type "‘::;“’ °"£:" depth | #1x1 ﬁ::: #3x3 ﬁ:: #5x5 | P | params | ops

convolution Tx7/2 112x112x64 1 27K 34M
max pool 3x3/2 56 x 56 x 64 0

convolution 3x3/1 56x 56x 192 2 64 192 112K 360M
max pool 3x3/2 28x28x192 0

inception (3a) 28 x 28 x 256 2 64 96 128 16 32 32 159K | 128M
inception (3b) 28x 28 x480 2 128 128 192 32 96 64 380K 304M
max pool 3x3/2 14x 14x480 0

inception (4a) 14x14x512 2 192 96 208 16 48 64 364K 73M
inception (4b) 14x14x512 2 160 112 224 24 64 64 437K 88M
inception (4¢) 14x14x512 2 128 128 256 24 64 64 463K | 100M
inception (4d) 14x14x528 2 112 144 288 32 64 64 580K | 119M
inception (4¢) 14x 14x832 2 256 160 320 32 128 128 | 840K | 170M
max pool 3x3/2 TXTx832 0

inception (5a) TxTx832 2 256 160 320 32 128 128 | 1072K | 54M
inception (5b) TxTx1024 2 384 192 384 48 128 128 | 1388K | 7IM
avg pool Tx7/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x1000 1 1000K IM

softmax 1x1x1000 0

| Softmax
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> Part C: The classifier

Part B: Contains nine
> inception blocks and
separated by 3 x 3
max pooling layers

Part A: Identical to
AlexNet and LeNet
where it contains a
series of convolutional
and max pooling layers




GooglLeNet in Pytorch

class Inception(nn.Module):

def

def

__init_ (self, in_planes, nlx1, n3x3red, n3x3, n5x5red, n5x5, pool_planes):
super(Inception, self).__init_ ()
# 1x1 conv branch
self.bl = nn.Sequential(
nn.Conv2d(in_planes, nlx1l, kernel_size=1),
nn.ReLU(True),
)

# 1x1 conv —> 3x3 conv branch

self.b2 = nn.Sequential(
nn.Conv2d(in_planes, n3x3red, kernel_size=1),
nn.ReLU(True),
nn.Conv2d(n3x3red, n3x3, kernel_size=3, padding=1),
nn.ReLU(True),

)

# 1x1 conv —> 5x5 conv branch

self.b3 = nn.Sequential(
nn.Conv2d(in_planes, n5x5red, kernel_size=1),
nn.ReLU(True),
nn.Conv2d(n5x5red, n5x5, kernel_size=3, padding=1),
nn.ReLU(True),

)

# 3x3 pool —> 1x1 conv branch

self.b4 = nn.Sequential(
nn.MaxPool2d(3, stride=1, padding=1),
nn.Conv2d(in_planes, pool_planes, kernel_size=1),
nn.ReLU(True),

)

forward(self, x):

yl = self.bl(x)
y2 = self.b2(x)
y3 = self.b3(x)
y4 = self.bd(x)

return torch.cat([yl,y2,y3,y4], 1)

class GooglLeNet(nn.Module):
def __init__ (self):

super(GoogLeNet, self).__init_ ()

self.pre_layers = nn.Sequential(
nn.Conv2d(3, 64, kernel_size=7, stride=2, padding=3),
nn.ReLU(True),
nn.MaxPool2d(3, stride=2, padding=1),
nn.Conv2d(64, 192, kernel_size=1, stride=1),
nn.ReLU(True),
nn.Conv2d(192, 192, kernel_size=3, stride=1, padding=1),
nn.ReLU(True),
nn.MaxPool2d(3,stride=2, padding=1)

)

self.a3
self.b3

Inception(192, 64, 96, 128, 16, 32, 32)
Inception(256, 128, 128, 192, 32, 96, 64)

self.maxpool = nn.MaxPool2d(3, stride=2, padding=1)

self.a4 = Inception(480, 192, 96, 208, 16, 48, 64)
self.b4 = Inception(512, 160, 112, 224, 24, 64, 64)
self.c4 = Inception(512, 128, 128, 256, 24, 64, 64)
self.d4 = Inception(512, 112, 144, 288, 32, 64, 64)
self.e4 = Inception(528, 256, 160, 320, 32, 128, 128)

self.a5 = Inception(832, 256, 160, 320, 32, 128, 128)
self.b5 = Inception(832, 384, 192, 384, 48, 128, 128)

self.avgpool = nn.AvgPool2d(7, stride=1)
self.linear = nn.Linear(1024, 10)

self.dropout = nn.Dropout(0.4)

def forward(self, x):

out = self.pre_layers(x)
out = self.a3(out)

out = self.b3(out)

out = self.maxpool(out)
out = self.ad4(out)

out = self.b4(out)

out = self.c4(out)

out = self.d4(out)

out = self.ed4(out)

out = self.maxpool(out)
out = self.a5(out)

out = self.b5(out)

out = self.avgpool(out)
out = self.dropout(out)
out = out.view(out.size(0), -1)
out = self.linear(out)

return out
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Local Response Normalization, Batch
Normalization
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BatchNormalization Layer

* Ogni layer e un input per i layer successivi

* Problema

* Ogni passo di backprop cambia i pesi

e Risultato:

* la distribuzione dei layer puo cambiare durante la

fase di training
e Covariance-shift!

 Rimedio:
* Normalizzazione, scala e shift

Input: Values of x over a mini-batch: B = {z . };
Parameters to be learned: v, 5
Output: {y; = BN, g(x;)}

1 — .
B - Z Ti // mini-batch mean
i=1
1 « L .
O — - ;(% — 1s)? // mini-batch variance
Ly — UB

T — // normalize

Vo +e€

yi < vZ; + 5 = BN, g(z;) // scale and shift




Skip Connections

* Uno shortcut che permette al gradiente di propagarsi ai layers iniziali

* |dentity function
* Ogni layer include le performance del layer precedente

Without skip With skip

connection \ connection \

o
O?O
OCI)O
O?O*




Residual blocks

Residual blocks

Shortcut path = x

Add both
_ paths

5 potia

ReLu convzp | Bateh

Main path f(x)

Bottleneck residual block with reduce shortcut

Shortcut path =x+1x1conv+BN

Add both
- paths

Relu (—

Main path f(x)



ResNet in Pytorch

POOL

)

Residual block

4

Residual block
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Residual block

4

Residual block
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POOL

4

CONV

layer name | output size 18-layer ] 34-layer ] 50-layer 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
33 max pool, stride 2
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conv2.x: | < 56x36 g:gz %2 {;ng x3 3x3,64 |x3 3x3,64 |x3 3x3.64 | x3
L 2% 2 | 1x1,256 | | 1x1,256 | | 1x1,256 |
- ] - ] [ 1x1,128 | [ 1x1,128 | [ 1x1,128 ]
conv3x | 28x28 g:;:gg X2 g:g :gg x4 | | 3x3,128 | x4 3x3, 128 | x4 3x3,128 | x8
- ' : - ! J | Bl 512 | | 1x1,512 | | 1x1,512 |
r 1 - - [ 1x1,256 ] 1x1,256 1x1,256 ]
s | Wi g:; ggz X2 gi; igg x6 || 3x3.256 | x6 || 3x3.256 |x23 || 3x3.256 |x36
L . : - ' . | 1x1,1024 | 1x1,1024 | 1x1, 1024 |
. ] . ] il 512 1x1,512 1x1,512
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FLOPs 1.8x10° | 3.6x10° | 3.8x10° 7.6x10" 11.3x 10"
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ResNet in Pytorch

class ResNet(nn.Module):
def __init__(self, layers, bottleneck=False):
super(ResNet, self).__init_ ()

self.in_channels = 64
self.bottleneck = bottleneck

class ResidualBlock(nn.Module): self.convl = nn.Sequential(
def __init_ (self, in_channels, bn_channels, stride=1, bottleneck=False): nn.Conv2d(3, 64, kernel_size=7, stride=2, padding=3),
super(ResidualBlock, self).__init_ () nn.BatchNorm2d(64),
) nn.ReLU(True),
if bottleneck: nn.MaxPool2d(3, stride=2, padding=1)
self.expansion = 4 )
else:

self.expansion = 1 self._make_layer(64, layers[0])

self._make_layer(128, layers[1], stride=2)
self._make_layer(256, layers[2], stride=2)

self.conv2_x
self.conv3_x

out_channels = bn_channels * self.expansion
self.convd_x

if bottleneck: self.conv5_x = self._make_layer(512, layers[3], stride=2)
self.block = nn.Sequential(
nn.Conv2d(in_channels, bn_channels, kernel_size=1, padding=0, bias=False), self.avgpool = nn.AvgPool2d((1, 1))
nn.BatchNorm2d(bn_channels), self.fc = nn.Linear(self.in_channels*7x7, 10)
nn.ReLU(True),
nn.Conv2d(bn_channels, bn_channels, kernel_size=3, stride=stride, padding=1, bias=False), def _make_layer(self, out_channels, blocks, stride=1):
nn.BatchNorm2d(bn_channels), 1 = — -

layers = []

nn.RelLU(True),

nn.Conv2d(bn_channels, out_channels, kernel_size=1, padding=0, bias=False), for index in range(blocks):

if index == 0:
nn.BatchNorm2d(out_channels 22
) (out_ Iy block = ResidualBlock(self.in_channels, out_channels, stride, bottleneck=self.bottleneck)
else: else:
self.block = nn.Sequential( block = ResidualBlock(self.in_channels, out_channels, stride=1, bottleneck=self.bottleneck)
nn.Conv2d(in_channels, bn_channels, kernel_size=3, stride=stride, padding=1, bias=False), layers.append(block)
nn.BatchNorm2d(bn_channels), self.in_channels = out_channels*block.expansion
nn.ReLU(True),
nn.Conv2d(bn_channels, out_channels, kernel_size=3, padding=1, bias=False), return nn.Sequential(xlayers)
nn.BatchNorm2d(out_channels),
) def forward(self, x):
if in_channels != out_channels: x = self.convl(x)
self.shortcut = nn.Sequential(
nn.Conv2d(in_channels, out_channels, kernel_size=1, stride=stride, bias=False), x = self.conv2_x(x)
nn.BatchNorm2d(out_channels) x = self.conv3_x(x)
) x = self.convd_x(x)
else: x = self.conv5_x(x)
self.shortcut = nn.Sequential()
x = self.avgpool(x)
def fo:ward(icfelz,1 xL: ) x = torch.flatten(x, 1)
out = self.block(x B
out += self.shortcut(x) T O eEE
out = F.relu(out)
return x

return out



Quali sono le performance?
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Tecniche di data augmentation

* Position augmentation
e Scaling
* Cropping
* Flipping
’ Paddlong Pytorch
* Rotation ‘
* Translation

* Affine Transformation loader_transform = transforms.Compose([

e Color augmentation transforms.RandomRotation(30),
e Brichtness transforms.RandomResizedCrop(140),
8 transforms.RandomHorizontalFlip()
* Contrast 1)

e Saturation

e Hue datasets.ImageFolder(root=traindir, transform=Iloader_transform)



Transfer Learning

Motivazioni:
- Large dataset, tempo di computazione, risorse HW, fine tuning.

- ex. ImageNet e costituito da milioni di immagini
- CPU vs Single GPU vs Multiple GPU

Traditional ML VS Transfer Learning
= T ez ) W | AT
¥

4

Learning System ‘ Learning System



Transfer Learning (2)
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Transfer Learning (3)

* Generalizzazione dei modelli
* Complessita dei modelli
 Complessita computazionale

* Sorgenti dati (dati etichettati vs non etichettati)



