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 LeNet (1990s)

* AlexNet (2012)

* ZF Net (2013)

* VGGNet (2014)
 GoogleNet (2014)
* ResNets (2015)

 DenseNet (2017)

https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/

CovNet Architectures


https://ujjwalkarn.me/2016/08/11/intuitive-explanation-convnets/
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* ImageNet Database and competition

 http://image-net.org/challenges/L SVRC/2012/
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« similar architecture as LeNet but deeper (5 convolutional, 3 fully-connected)

* 1000 different classes (e.g. cats, dogs etc.)
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440-186,624—-64,896—-64,896-43,264—
4096-4096-1000.

Krizhevsky, Alex & Sutskever, Ilya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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e 5-6 days to train on two GTX 580 GPUs (90 epochs)
* Image augmentation (flip, color changes, ..)
* Dropout
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https://www.learnopencv.com/understanding-alexnet/
https://medium.com/@RaghavPrabhu/cnn-architectures-lenet-alexnet-vgg-googlenet-and-resnet-7c81c017b848
Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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AlexNet — 2012

FC (1000)
f
FC (4096)
FC (4096)
3 x 3 MaxPool, stride 2
FC (10) 3 x 3 Conv (384), pad 1
FC (84) 3 x 3 Conv (384), pad 1
FC (120) 3 x 3 Conv (384), pad 1
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
5x 5 Conv (16) 5x 5 Conv (256), pad 2
i {
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
| t
5x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4
Image (28 x 28) Image (3 x 224 x 224)

http://d2l.ai/chapter convolutional-modern/alexnet.html

Krizhevsky, Alex & Sutskever, Ilya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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FC (1000)
{
FC (4096)
FC (4096)
3 x 3 MaxPool, stride 2
FC (10) 3 % 3 Conv (384), pad 1
fc<1o, FC (84) 3x 3 Conv (384), pad 1
relu<fc<g4, FC (120) 3 x 3 Conv (384), pad 1
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input<matrix<unsigned char>> 1[ i f( )
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AlexNet — 2012 (Dlib/C++)

Krizhevsky, Alex & Sutskever, Ilya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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FC (1000)
t
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t
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t
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t
FC (10) 3% 3 Conv (384), pad 1
fc<10, t t
FC (84) 3 x 3 Conv (384), pad 1
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FC (120) 3 x 3 Conv (384), pad 1
t t
relu<fec<l2o, 2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
t t
max_pool<2,2,2,2,relu<con<16,5,5,1,1, 5x 5 Conv (16) 5x 5 Conv (256), pad 2
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http://d2l.ai/chapter convolutional-modern/alexnet.html
Krizhevsky, Alex & Sutskever, Ilya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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t
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t
FC (10) 3% 3 Conv (384), pad 1
fc<10, t t
FC (84) 3% 3 Conv (384), pad 1
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t t
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AlexNet — 2012 (PyTorch)

FC (1000)
f
FC (4096)
FC (4096)
3 x 3 MaxPool, stride 2
FC (10) 3 x 3 Conv (384), pad 1
FC (84) 3 x 3 Conv (384), pad 1
FC (120) 3 x 3 Conv (384), pad 1
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
5x 5 Conv (16) 5x 5 Conv (256), pad 2
i {
2 x 2 AvgPool, stride 2 3 x 3 MaxPool, stride 2
| t
5x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4
Image (28 x 28) Image (3 x 224 x 224)
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net =

nn.Conv2d(3, 6, kernel_size=5, padding=0, stride=1),

nn

nn.AvgPool2d(kernel_size=2, stride=2),

.Conv2d(6, 16, kernel size=5, padding=0, stride=1),
nn.
.AvgPool2d(kernel size=2, stride=2),
nn.
nn.
nn.
nn.

nn

nn

nn

nn.LazylLinear(2))

http://d2l.ai/chapter convolutional-modern/alexnet.html

nn.Sequential(

.ReLU(),

ReLU(),
Flatten(),
ReLU(),

.ReLU(),

AlexNet — 2012 (PyTorch)

LazylLinear(120),

LazyLinear(84),

FC (1000)
t
FC (4096)
FC (4096)
3 » 3 MaxPool, stride 2
FC (10) 3 x 3 Conv (384), pad 1
FC (84) 3 x 3 Conv (384), pad 1
FC (120) 3 x 3 Conv (384), pad 1
2 x 2 AvgPool, stride 2 3 % 3 MaxPool, stride 2
5x 5 Conv (16) 5x 5 Conv (256), pad 2
t t
2 x 2 AvgPooal, stride 2 3 x 3 MaxPool, stride 2
t t
5x 5 Conv (6), pad 2 11 x 11 Conv (96), stride 4

Image (28 x 28)

Image (3 x 224 x 224)

Krizhevsky, Alex & Sutskever, Ilya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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net = nn.Sequential(
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net = nn.Sequential(
nn.Conv2d(3, 96, kernel size=11, stride=4, padding=1),
nn.ReLU(),
nn.MaxPool2d(kernel _size=3, stride=2),

—
_ - w ) w w w o
3 * * % x x H K
b = o w w w (% w
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Rl L AlexNet — 2012 (PyTorc

net = nn.Sequential(
nn.Conv2d(3, 96, kernel size=11, stride=4, padding=1),
nn.ReLU(),
nn.MaxPool2d(kernel _size=3, stride=2),
nn.Conv2d(96, 256, kernel size=5, padding=2),
nn.RelLU(),
nn.MaxPool2d(kernel size=3, stride=2),

—
— = w w w w w w
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net = nn.Sequential(
nn.Conv2d(3, 96, kernel size=11, stride=4, padding=1),
nn.ReLU(),
nn.MaxPool2d(kernel _size=3, stride=2),
nn.Conv2d(96, 256, kernel size=5, padding=2),
nn.RelLU(),
nn.MaxPool2d(kernel _size=3, stride=2),
nn.Conv2d(256, 384, kernel size=3, padding=1),

= nn.RelLU(),
5 ” o o ? @ @ @ w nn.Conv2d(384, 384, kernel_size=3, padding=1),
8 = P o w w w (& ) nn.ReLU(),
21 1el 8] (€] [&] 18] [E] [E] |§] [=2] |=| |z Conv2d(384, 256, kernel size=3, padding=1
= S o g o g g S o 3 3 3 nn.Conv2d( , , kernel size=3, padding=1),
:J_,i_,g_,ﬁ_.;u—pa—pa—ha—hg—ug—hg—hg nn.ReLU(),
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S 121 (8] [B] [8] |&] 2] [E] [B
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net = nn.Sequential(

nn.
nn.
.MaxPool2d(kernel size=3, stride=2),

nn

Conv2d(3, 96, kernel size=11, stride=4, padding=1),
ReLU(),

nn.Conv2d(96, 256, kernel size=5, padding=2),
nn.RelLU(),
nn.MaxPool2d(kernel _size=3, stride=2),
nn.Conv2d(256, 384, kernel size=3, padding=1),
- nn.RelLU(),
E— ; g g z g E g g ;;:EEEE%?5384, 384, kernel_size=3, padding=1),
-% g g g ? g g g E 3 3 3 nn.Conv2d(384, 256, kernel size=3, padding=1),
xﬁ—h%—bg—hﬁ—hg—hg—hg—bg—h&—hg—bg—hé nn.ReLU(), . .
" £ ° & ',,, = B s - o o k=) nn.MaxPool2d(kernel size=3, stride=2),
E % % ] % 3 3 B % nn.Flatten(),
= @ %) N r —~ - - [
-
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e, AlexNet — 2012 (PyTorch)

net = nn.Sequential(

nn

nn
nn
nn
nn
nn

.Conv2d(3, 96, kernel size=11, stride=4, padding=1),
nn.
.MaxPool2d(kernel size=3, stride=2),
.Conv2d(96, 256, kernel size=5, padding=2),
.ReLU(),

.MaxPool2d(kernel size=3, stride=2),
.Conv2d(256, 384, kernel size=3, padding=1),

ReLU(),

n nn.RelLU(),
5 x - g ? g E g w nn.gozﬁzd(384, 384, kernel_size=3, padding=1),
E o ; % ; & 9 & ; T T T e (21, k 1 size= dding=
& % % g % S S S % S S S nn.Conv2d(384, 256, kernel size=3, padding=1),
M—ha—ra—hﬁ—ha—hg—hg—hg—h&—hg—hg—bé nn.ReLU(),
;?3 2 > o -,,, = = > " o o =) nn.MaxPool2d(kernel size=3, stride=2),
| 12| (&l (3] (2] |B] |B] [B] |2 nn.Flatten(),
E i ol ol [ v =1 |12 g I nn.Linear (6400, 4096),
nn.RelLU(),
nn.Dropout(p=0.5),
nn.Linear (4096, 4096),
nn.RelLU(),
nn.Dropout(p=0.5),

nn.

)
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Linear(4096, 2)

Krizhevsky, Alex & Sutskever, Ilya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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DROPOUT
* in some situations, the model is larger than we need — the model can be modified manually or using dropout technique
e drop out some neurons during training to avoid overfitting
* randomly dropping out neurons
* neuron is dropped from the network with a probability of 0.5

Before dropout After dropout

Geoffrey E. Hinton, Nitish Srivastava, Alex Krizhevsky, llya Sutskever, Ruslan Salakhutdinov: Improving neural networks by preventing co-adaptation of feature detectors. CoRR abs/1207.0580 (2012)

https://www.learnopencv.com/understanding-alexnet/
http://d2l.ai/chapter multilayer-perceptrons/dropout.html#sec-dropout
Krizhevsky, Alex & Sutskever, Ilya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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Data Augmentation
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ReLU (Rectified Linear Unit)

AlexNet - 2012

Tanh RelLU
1.00 1
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0,254
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https://www.learnopencv.com/understanding-alexnet/

http://d2l.ai/chapter multilayer-perceptrons/dropout.html#sec-dropout

0.5+ \

Training error rate
[

0.254 =

0 T T T T T T T
0 5 10 15 20 25 30 35 40

Epochs

Figure 1: A four-layer convolutional neural
network with ReLUs (solid line) reaches a 25%
training error rate on CIFAR-10 six times faster
than an equivalent network with tanh neurons
(dashed line). The learning rates for each net-
work were chosen independently to make train-
ing as fast as possible. No regularization of
any kind was employed. The magnitude of the
effect demonstrated here varies with network
architecture, but networks with RelLUs consis-
tently learn several times faster than equivalents
with saturating neurons.

Krizhevsky, Alex & Sutskever, llya & Hinton, Geoffrey. (2012). ImageNet Classification with Deep Convolutional Neural Networks. Neural Information Processing Systems. 25.
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LeNet (1990s)
AlexNet (2012)
ZF Net (2013)
VGGNet (2014)
GooglLeNet (2014)
ResNets (2015)

DenseNet (2017)

CovNet Architectures
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2013

* http://image-net.org/challenges/LSVRC/2013/

* http://www.image-net.org/challenges/LSVRC/2013/slides/ILSVRC2013 12 7 13 clsloc.pdf

ILSVRC over the years
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e Similar architecture to AlexNet

e 11x11 vs. 7x7 filters in the first layer

 Number of filters is increasing

* Visualization of features - Deconvolutional Network

image size 224 110 = 26 - 13 13 13
filter size 7 3
384 &1 w384
| = w256 .
lstride 2 96  3x3 max 3%3 max
3x3 max pool pool| |contrast pool
stride 2 norm stride 2| [norm. stride 2
3 ss|LJ°
N 2 | s 13 5 6
Input Image —\ b
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

256

Layer6 Layer7

4096
units

ZFNet

class
softmax

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 2,3,4,5. 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.
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First Layers - low level feature detector (edge detector, circular features)
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Deep Layers - higher level features such as dogs faces or flowers
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https://www.youtube.com/watch?reload=9&v=ghEmQSxT6tw
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2014

* ImageNet Challenge http://www.image-net.org/challenges/LSVRC/2014/

* http://www.image-net.org/challenges/LSVRC/2014/results

* |dea:

» stack the convolutional layers with increasing filter sizes

3 x 3 filter size stride of 1

MaxPooling 2 x 2 stride of 2

VGG Block

Dropout, MaxPooling, RelLu

* On asystem equipped with four NVIDIA Titan Black GPUs, training a single net took 2—3 weeks depending on the architecture

http://d2l.ai/chapter convolutional-modern/vgg.html https://arxiv.org/pdf/1409.1556v6.pdf
Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556. VeB TECHNICAL | FAC
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VGG - 2014

CONYV = 3 x 3 filter, s=1, same MAX-POOL =2 x 2, s=2

}

B 224%224%X64 — P 112X112X64 — p 112%x112x 128 — P 56X56X 128
[CONV 64] POOL [CONV 128] POOL
X 2 X 2

224 x 224 x 3

! !

—— P 56 X56 X256 ———Pp 28X 28X 256 —— P 28x 28X 512 ————Pp 14 x 14 x 512
[CONV 256] POOL [CONV 512] POOL
X3 X3

——P 14X14X512 ———Pp 7X7%x512 —p FC ——— p FC —— p Softmax
[CONV 512] POOL 4096 4096 1000
X 3

http://datahacker.rs/deep-learning-vgg-16-vs-vgg-19/

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556. 1] UNTVERSITY | ENGINEERING AND CONPUTER
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VGG - 2014

R

Operacni program Vyzkum, vyvoj a vzdélavani

Evropské strukturalni a investicni fondy

EVROPSKA UNIE

Number of

Top-5
Error Rate (%)

Parameters

6 VGGNet Architectures

(millions)

g B B B B B
L L
2 " = 2 @ 3
Cewngos | [ xewos | [ xewnyos | | wewaos | [ ewnjos | | sewyos |
| 000124 | | 0001-24 | | 000124 | | 000124 | | 000T-d4 | | 000104 |
| 9sovD4 | | 9sopdd | | gsovDd | | oeeopdd | | 9sordd | | 960rDd |
| 9s0vD4 | | 960pd4 | | gsovDd | | 9eopdd | | 9sopdd | | 960vDd |
jood xep
jood xejy jood xejy E
jood xep jood xepy jood xej _ Z15-TAUCD _ _ Z15-EAUOD _ _ ZT5-EAUOD _
| zigenued | [ zisenuod | | ziseauwod || ZisEaued || ZIgEAUeD || ZTSEMU0D |
| zigenuod | [ zisenuod | | ziseauod | | ziggaued || zigeaued || zTgegauod |
jood xep
ood xepy oodwen || zisenuos |
jood xepy jood xejy = jood xeln _ Z15-TAuUG) _.m. _ ZTS-gAUOD _ _ ZTG-EALOD _
| aseos | o iseruen | B[ aisewed [ @] zigenod | § [ ziseuod | 9 | zisenod |
Casenen | 8 agewen | o | zisemo |G [ zis o @ | z15-€m0 | @ [ zrsenon |
> % = o >
9 o lood xep
jood xe| jood xe|y E
jood xe|y joad xe|y jood xe|y _ 95Z-TAUG) _ _ 9GZ-EAUOD _ _ 95Z-EALOD _
| 9SZ-gAUOD | | 9SZ-EAUOD | | 9GZ-EAUOD | | 9SZEAUOD | | OSZ-EAUOD | | OGZ-EAUOD |
| 95Z-€MU0D || 95z-gAUCD | | 9gz-EAUOD | | 9§z-gAUOD | | 9gZ-gAuoD | | 95z-gAuoD |
jood xe| jood xe| ood xe | jood xelp
jood xe|y jood xe|p | BZI-EMIOD | | BZI-EMUOD | | BZIEAUOD | | BZI-EAUOD |
| szr-gnuod || gzr-gmuod | | szr-gnuod || szrgmued || szr-gaued || 8zI-gauod |
Jood xe|y jood xe| Jood xe|y Jood xe | jood xep
[ood xepy | n#1 | | voewod || pogauod || pogmuod || pg-gauod |
| po9-Eauod | | pogauod || pogauod || poEauod | | pg-gauod | | pogauod |
_ s8ew| _ _ agew| _ _ agew| _ _ agew| _ _ a8ew| _ _ aSew| _
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EVROPSKA UNIE
Evropské strukturalni a investicni fondy
Operaéni program Vyzkum, vyvoj a vzdélavani

fc8
fc7
fcb

conv5-3
conv5-2

conv5-1

conv4-3
conv4-2
conv4d-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

Softmax
FC 1000
Softmax FC 4096
FC 1000 FC 4096
FC 4096 Pool
FC 4096 3 X 3 conv, 512
Pool 3 %X 3 conv,512

3 x 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

Pool

Pool

3 X 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv, 512

3 X 3 conv, 512

Pool

Pool

3 X 3 conv, 256

3 X 3 conv, 256

3 X 3 conv, 256

3 X 3 conv, 256

Pool

Pool

3 X 3 conv,128

3 X 3 conv,128

3 X 3 conv,128

3 X 3 conv,128

Pool Pool
3 X 3 conv, 64 3 X 3 conv, 64
3 X 3 conv, 64 3 X 3 conv, 64
Input [ Tput 1]
VGG16 VGG19
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EVROPSKA UNIE
Evropské strukturalni a investicni fondy
Operaéni program Vyzkum, vyvoj a vzdélavani

fc8
fc7
fcb

conv5-3
conv5-2

conv5-1

conv4-3
conv4-2
conv4d-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

Wy

MINISTERSTVO SKOLSTV
MLADEZE A TELOVYCHOVY

Softmax
FC 1000
Softmax FC 4096
FC 1000 FC 4096
FC 4096 Pool
FC 4096 3 X 3 conv, 512
Pool 3 %X 3 conv,512

3 X 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

Pool

Pool

3 X 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv, 512

3 X 3 conv, 512

Pool

Pool

3 X 3 conv, 256

3 X 3 conv, 256

3 X 3 conv, 256

3 X 3 conv, 256

Pool

Pool

3 X 3 conv,128

3 X 3 conv,128

3 X 3 conv,128

3 X 3 conv,128

Pool [ Pool 1]

3 % 3 conv, 64 L_3 X% 3 conv, 64 ]

3 % 3 conv, 64 | 3 x3conv,64 |

Input [ _fnput ]
VGG16 VGG19
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max_pool<2,2,2,2,
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EVROPSKA UNIE
Evropské strukturalni a investicni fondy
Operaéni program Vyzkum, vyvoj a vzdélavani

fc8
fc7
fcb

conv5-3
conv5-2

conv5-1

conv4-3
conv4-2
conv4d-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

W

MINISTERSTVO SKOLSTVI
MLADEZE A TELOVYCHOVY

Softmax
FC 1000
Softmax FC 4096
FC 1000 FC 4096
FC 4096 Pool
FC 4096 3 X 3 conv, 512
Pool 3 X 3 conv,512

3 x 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

Pool

Pool

3 X 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv, 512

3 X 3 conv, 512

Pool

Pool

3 X 3 conv, 256

3 X 3 conv, 256

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3 conv,128

3 X 3 conv,128

Pool

3 X 3 conv, 64

3 X 3 conv, 64

Input

VGG16
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max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<64,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>
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EVROPSKA UNIE
Evropské strukturalni a investicni fondy
Operaéni program Vyzkum, vyvoj a vzdélavani

fc8
fc7
fcb

conv5-3
conv5-2

conv5-1

conv4-3
conv4-2
conv4d-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

W

MINISTERSTVO SKOLSTVI
MLADEZE A TELOVYCHOVY

Softmax
FC 1000
Softmax FC 4096
FC 1000 FC 4096
FC 4096 Pool
FC 4096 3 x 3 conv,512
Pool 3 X 3 conv,512

3 x 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

Pool

Pool

3 X 3 conv,512

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv,512

3 x 3 conv,512

3 X 3 conv, 512

3 X 3 conv,512

Pool

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3 conv,128

3 X 3 conv,128

Pool

3 X 3 conv, 64

3 X 3 conv, 64

Input

VGG16
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VGG19

max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<64,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>
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EVROPSKA UNIE
Evropské strukturalni a investicni fondy
Operaéni program Vyzkum, vyvoj a vzdélavani

fc8
fc7
fcb

conv5-3
conv5-2

conv5-1

conv4-3
conv4-2
conv4d-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

W

MINISTERSTVO SKOLSTVI
MLADEZE A TELOVYCHOVY

3 x 3 conv,512

3 x 3 conv,512

[ Softmax ]

[ FC 1000 ]

Softmax | FC 4096 |
FC 1000 | FC 4096 |
FC 4096 | Pool |
FC 4096 | 3 x3conv,512 |
Pool | 3 x3conv,512 |

| |

| |

3 X 3 conv,512

3 X 3 conv,512

3 x 3 conv,512

Pool

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv, 512

Pool

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3 conv,128

3 X 3 conv,128

Pool

3 X 3 conv, 64

3 X 3 conv, 64

Input

VGG16
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VGG19

max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<64,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>
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fc8
fc7
fcb

conv5-3
conv5-2

conv5-1

conv4-3
conv4-2
conv4-1

conv3-2
conv3-1

conv2-2
conv2-1

convl-2
convl-1

EVROPSKA UNIE
Evropské strukturalni a investicni fondy

Operaéni program Vyzkum, vyvoj a vzdélavani MINISTERSTVO SKOLSTVI
MLADEZE A TELOVYCHOVY

I Softmax ]
I FC 1000 ]
Softmax | FC 4096 |
FC 1000 | FC 4096 |
FC 4096
FC 4096
Pool

3 X 3 conv, 512

3 X 3 conv,512

3 x 3 conv,512

Pool

3 x 3 conv,512

3 X 3 conv,512

3 X 3 conv, 512

Pool

3 X 3 conv, 256

3 X 3 conv, 256

Pool

3 X 3 conv,128

3 X 3 conv,128

Pool

3 X 3 conv, 64

3 X 3 conv, 64

Input

VGG16
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VGG19

max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<64,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>
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EVROPSKA UNIE
Evropské strukturalni a investicni fondy

Crereias prooten Vsl RO MR AT
| Softmax
fcg | FC 1000
fc7 | FC 4096
fce | FC 4096
| Pool
conv5-3 [ 3 X 3 conv, 512
conv5-2 | 3 x 3 conw,512
convs-1 | 3 x3conv,512
| Pool
convd-3 | 3 x3conv,512
convd-2 | 3 x3conv,512
conva-1 [ 3 X 3 conv, 512
| Pool
conv3-2 | 3 x 3 conv, 256
conv3-1 | 3 x 3 conv, 256
| Pool
conv2-2 | 3 x 3 conp, 128
conv2-1 | 3 x 3 conv, 128
| Pool
convi-2 | 3 X 3 conv,64
convl-l | 3 X 3 conv, 64
| Input
VGG16
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VGG19

fc<1000,
dropout<relu<fc<4096,
dropout<relu<fc<4696,
max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
relu<con<512,3,3,1,1,
max_pool<2,2,2,2,
relu<con<256,3,3,1,1,
relu<con<256,3,3,1,1,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<64,3,3,1,1,
relu<con<64,3,3,1,1,
input<matrix<unsigned char>>
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ik EVROPSKA UNIE
* * Evropské strukturalni a investicni fondy r

by R Operaéni program Vyzkum, vyvoj a vzdélavani AINISTERST y V G G - 2 O I 4

using net_type vgg = loss multiclass log«
fc<2,
dropout<relu<fc<4696,
dropout<relu<fc<4696,
max_pool<2,2,2,2,
relu<con<128,3,3,1,1,
relu<con<128,3,3,1,1,
max_pool<2,2,2,2,
relu<con<64,3,3,1,1,
relu<con<64,3,3,1,1,
max_pool<2,2,2,2,
relu<con<32,3,3,1,1,
relu<con<32,3,3,1,1,
max_pool<2,2,2,2,
relu<con<16,3,3,1,1,
relu<con<16,3,3,1,1,
max_pool<2,2,2,2,
relu<con<g,3,3,1,1,
relu<con<8,3,3,1,1,
input<matrix<unsigned char>>
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ettt EVROPSKA UNIE
K * Evropskeé strukturalni a investicni fondy I
*

* % X Operacni program Vyzkum, vyvoj a vzdélavani

AlexNet

FC (1000)

t

FC (4096)

t

FC (4096)

f

3 x 3 MaxPool, stride 2

t

3 x 3 Conv (384), pad 1

f

3 x 3 Conv (384), pad 1

f

3 x 3 Conv (384), pad 1

t

3 x 3 MaxPool, stride 2

f

5 x 5 Conv (256), pad 2

VGG - 2014

t

3 x 3 MaxPool, stride 2

t

11 x 11 Conv (96), stride 4

VGG
FC (1000)
t
FC (4096)
t
FC (4096)
| |
)
VGG block L T J
| ’ |
2 x 2 MaxPool, stride 2 *
3 x 3 Conv, pad 1 1
t | |
4
| |
1 [}
3 x 3 Conv, pad 1 I 4 ]
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ik EVROPSKA UNIE
* * Evropskeé strukturalni a investicni fondy ]
*

S /5 Operacni program Vyzkum, vyvoj a vzdélavani 1 V G G - 2 O I 4

template <typename SUBNET> using block_1
template <typename SUBNET> using block 2
template <typename SUBNET> using block_3
template <typename SUBNET> using block 4
template <typename SUBNET> using block_ 5

max_pool<2,2,2,2, relu<con<8,3,3,1,1, relu<con<8,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<16,3,3,1,1, relu<con<16,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<32,3,3,1,1, relu<con<32,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<64,3,3,1,1, relu<con<64,3,3,1,1, SUBNET>>>>>;
max_pool<2,2,2,2, relu<con<128,3,3,1,1, relu<con<128,3,3,1,1, SUBNET>>>>>;

VGG
FC (1000)
using net type vgg 3 = loss multiclass log< 1
fc<2, FC (4096)
dropout<relu<fc<4096, )
dropout<relu<fc<4096, FC (4096)
block 5< }
block 4< [ .
block_3< VGG block L T
block 2< i
[
block_1< 2 x 2 MaxPool, stride 2
input<matrix<unsigned char>> 1 t
>333555>53555; 3% 3 Conv, pad 1 )
f |
. A
|
1 A
http://dlib.net/dnn introduction2 ex.cpp.html F i e :
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Paridt sl EVROPSKA UNIE
Evropské strukturalni a investicni fondy r
*

B e, N VGG = 2014 Pytorch

*
*

Number of
VGGNet = nn.Sequential( Parafn'-\eters Top-5
nn.Conv2d(3, 64, kernel size=3, padding=1), (millions)  ErrorRate (%)
nn.ReLU()’ -] & o A S| e S S| s wilwoll o|lx
nn.MaxPool2d(kernel_size=2, stride=2), ® w8 e IR 2% & IS IS SR 133
X ize- ing- el g5 (E|& |E|EE 2|2 & 22| 5 MIMIHIE —
nn.Conv2d(64, 128, kernel_size=3, padding=1), =|18ll2 §ll= 5§ = 5§18l = R 2228
nn.RelLU(), I L LI LI LI N B | B
nn.MaxPool2d(kernel_size=2, stride=2), o — e VGG-11 e e
nn.Conv2d(128, 256, kernel_size=3, padding=1), o s - wllell5 oo 5 o] ollol|lal|lx
nn.ReLU(), Bl (22| 2 8|2 |afa 2 3|4 & 2 @ & 188 133 10.5
. . £ = x > || % > = = > =] = > = % s .
nn.Conv2d(256, 256, kernel_size=3, padding=1), =18 > s = slal= gl = SISl 2 L2 2]e
nn.RelLU(), e L o [ L S|} S A
. . VGG-11 (LRN
nn.MaxPool2d(kernel size=2, stride=2), R I I -11(LRN) I I
nn.Conv2d(256, 512, kernel_size=3, padding=1), ol 12zl e 8|8 e B8 s i i wllo|lal x
- P42 8 |zllzle|g]g8 AR AR g g g g
nn.ReLU(), S EEREEEREEE I I |l2ll8||E 133 —
nn.Conv2d(512, 512, kernel_size=3, padding=1), | 16||8]|=| |8||8||=| [8]|§]| = silsl = sl&l= 2I2|E2|8
nn.ReLU(), _ ) o o VGG-13 o I
nn.MaxPool2d(kernel size=2, stride=2), ] ==l =l - I mninninminn
- . . — —_ w || w — N e NN
nn.Conv2d(512, 512, kernel_size=3, padding=1), o (BB 12|88 |allR|lQE o|lo|[@] 8 ol @S] 8 2 &8 &
- Flallal 2 [allalle|allal|la| = ollo|lal 2 ol al|al 2 ZNENENS 134
nn.ReLU() zZll 2|l = > =] = === = === = > =2 = T 9.4
’ = 18ll8l2 |5]152 |5||5||5]2 5| 5||5] 2 A IR
. . i i (e W
nn.Conv2d(512, 512, kernel size=3, padding=1), oo G| SHIAE SHIAE SHESAE
nn.RelLU(), VGG-16 (Conv1)
nn.MaxPool2d(kernel_size=2, stride=2), T i ninninn mminninm il mnieminninn
slislls] 1R8] 28]28]|2]|s SHESHESHES ST X
nn.Flatten(), sll2la 8 [Fl2]8 |98 AR SRR 25/ 8|8
nn.LazylLinear(4096), E||Z]| 2 8 2 2 3 2 2 2 8 2 2 2 8 2 2 2 8 SI3la|[& 138 8.8
nn.ReLU(), ullv gl|lo o||a||a ol|lg||a ollg||a | R | B N
nn.Dropout2d(@.5), - - VGG-16 - -
nn.LazylLinear(4096), I I mminninn I smieminm il
A R R R R R R X
nn.RelU(), gllelle g8 [FF] 2 |38 |22 2 8 2|2 2D 8 88|88
an.Dropout2d(e.5), HEE IR RS R R e 3 o s 9.0
. [ [ E o o E o o o o E o o o o E o o o o E [T [T w (73]
nn.LazyLmear‘(Z) || ul|a agllallal|lg [SRIRv RN RIN] [*RIRRINsRIR]
) VGG-19

http://d2l.ai/chapter convolutional-modern/vgg.html

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556. VSB TECHNICAL
Il o S | serence
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LeNet (1990s)
AlexNet (2012)
ZF Net (2013)
VGGNet (2014)
GooglLeNet (2014)
ResNets (2015)

DenseNet (2017)

CovNet Architectures

VSB TECHNICAL



EVROPSKA UNIE

Evropskeé strukturalni a investicni fondy ]

Operaéni program Vyzkum, vyvoj a vzdélavani A G O O g I e N et E O I 4
{; -

2014

* ImageNet Challenge http://www.image-net.org/challenges/LSVRC/2014/

* http://www.image-net.org/challenges/LSVRC/2014/results

* GoogleNet > Google/LeNet
e 1 x 1 convolution
e Network In Network

e Variously-sized kernels

* Inception Blocks

Szegedy, C., Liu, W,, Jia, Y., Sermanet, P, Reed, S., Anguelov, D., ... Rabinovich, A. (2015). Going deeper with convolutions.
Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1-9).
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Ll e Goo g | eNet - 2014

Poctek —
B= ] Inception _

(dalsi nazvy)

Thriller / Mysteriézni / Akéni / Sci-Fi / Dobrodruzny
USA / Velka Britanie, 2010, 148 min

Rezie: Christopher Nolan

Scénar: Christopher Nolan

Kamera: \Wally Pfister

vdechny plakaty (98) Hudba: Hans Zimmer

Hraji: Leonardo DiCaprio, Joseph Gordon-Levitt, Ellen Page, Tom Hardy, Ken Watanabe, Dileep
Rao, Cillian Murphy, Tom Berenger, Marion Cotillard, Pete Postlethwaite, Michael Caine, Lukas
Haas, Tai-Li Lee, Claire Geare, Taylor Geare, Johnathan Geare, Tohoru Masamune, Judzi Okumoto,
Earl Cameron, Ryan Hayward, Tim Kelleher, Talulah Riley, S... (vice)

(dalSi profese)

VSB TECHNICAL ACULTY OF ELECTRICAL

https://www.csfd.cz/film/254156-pocatek/prehled/ I S
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GO g|e inception we need to go deeper B 4 Q

Q vse [&) obr

() videa QO Nakupy &) Zpravy i Vice Nastaveni

gif meme leonardo dicaprio di caprio neural networks leo dicaprio deep inception meme generator deep learning machine learning

Py Iif‘ﬁ 1060 THAT'S NOT ENOUGH [PET NcEPTioN v: NEED

-" ’ -’
\ \
WE NEED TO GO; \
- _DEEPER DEEPER " WE HAVETO GO DEEPER | TO GO DEEPER
We Need To Go Deeper | Know Your Meme We Need To Go Deeper Inception GIFs | Tenor That's not enough We have to go deeper - Incep.. Beta inception we need to go deeper .. Create meme "We need to go deep... Inception - We need to ... we need to go deeper-|..
knowyourmeme.com tenor.com quickmeme.com memegenerator.net meme-arsenal.com 9gag.com memegenerator.net

_ml_ﬁl!"-",-
-

- A6 JHAT' NOT ENOUGH

! :
_ ‘ WE NELD T

{ " 6o n(rr‘tﬁ?
' WE NEED TO'GD DEEPER. ! i

>
WE NEED T0 60 _— : WE HAVE T0 GO DEEPER

- DEEPER

we-need-to-go-deeper-yoga-leonardo-di... We Need To Go Deeper | . This conversation is ge. Inception still slaps 10 .. A Simple Guide to the Versions of the Inception Netw._.. go deeper - Imaflip We need to go deeper... | Inception | Know Y.. We need to go dee

.com quickmeme.com vox.com towardsdatascience.com imgflip.com knowyourmeme.com theshiznit.co.uk

pinterest.com knowyourmeme
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 Deep Network > overfitting
 What kernel sizes is right?
* 3x3(VGGNet)
* 5x5(LeNet)
* 7x7(ZFNet)

e 11 x 11 (AlexNet)

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202



https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
http://d2l.ai/chapter_convolutional-modern/googlenet.html
http://datahacker.rs/building-inception-network/

ik EVROPSKA UNIE
* * Evropské strukturalni a investicni fondy ]”
*

R i R Goo g | eNet - 2014

* Multiple filter sizes in on the same level

* “Wider” rather than “Deeper”

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202 Iy Unzvemsary | xcaeeeanc awo conpures | or conpures
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http://d2l.ai/chapter_convolutional-modern/googlenet.html
http://datahacker.rs/building-inception-network/
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* Multiple filter sizes in on the same level

* “Wider” rather than “Deeper” - 3 different filters

Filter
concatenation
/i\
1x1 convolutions 23 convolutions Hx5 convolutions 33 max pooling

FPrevious layer

(a) Inception module, naive version

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202 1 NEveRstry | Encineening ano computer | oF compure

"I" OF OSTRAVA | SCTENCE



https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
http://d2l.ai/chapter_convolutional-modern/googlenet.html
http://datahacker.rs/building-inception-network/
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*
e " 5 Operacni program Vyzkum, vyvoj a vzdélavani

* 1 x 1 filters for dimension reduction

GooglLeNet - 2014

* “Wider” rather than “Deeper” - 3 different filters

Filter
concatenation

M

3x3 convolutions

5x5 convolutions

1x1 convolutions

1x1 convolutions 4

4

4

1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer

(b) Inception module with dimension reductions

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html

https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
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https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
http://d2l.ai/chapter_convolutional-modern/googlenet.html
http://datahacker.rs/building-inception-network/
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e 1x1filtersin 2D

ORI

Col~llUn|fk|= |0

njco|w W|f|co

W~ W W 0

Nl bMW
B~

oy (WO W Ca|n

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html

http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter convolutional-modern/googlenet.html

https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202 Iy vy | ncancesai wo conpuree |or conrure



https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
http://d2l.ai/chapter_convolutional-modern/googlenet.html
http://datahacker.rs/building-inception-network/
https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
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e 1x1filtersin 3D

¢
O
0:0:0’
0.0
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https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter convolutional-modern/googlenet.html

https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202 i} sy
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http://datahacker.rs/building-inception-network/
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
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* 1x 1 filters in large number of channels - 192

64
https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html

https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578

http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter_convolutional-modern/googlenet.html
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http://datahacker.rs/building-inception-network/
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
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e convolve 28 X 28 X 192 input feature maps with 5 X 5 X 32 filters.

* This will result in aprox. 120 Million operations

CONYV
5 x5,

same,

32 28 X 28 x 32

28 X 28 x 192

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter_convolutional-modern/googlenet.html
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202
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https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
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* Using 1 X 1 filters - aprox. 12 Million operations

* “Bottleneck layer”

_— _—
CONV CONV
1x1, H X b,
16, 28 x 28 x 16 32,
* *
1x1x192 hxhHhx16 28 % 28 x 39

28 x 28 x 192

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578

http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter_convolutional-modern/googlenet.html
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* Inception Block

1x1

0{0)\\"
28 X 28 X 64

1x1
CONV |

3 X3

CONV ““\RRE

28 X 28 X 128

5x5 [

28 X 28 X 256
CONV 28 X 28 X 32

Pevious

Activation

1Xx1

28 X 28 X 192 CONV P

MAXPOOL 1 %1

CONV 28 X 28 X 32

3x3,s=1

same
28 X 28 X 192

32 filters,1 X 1 X 192

https://upscfever.com/upsc-fever/en/data/deeplearning4/15.html
https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-look-at-1x1-convolution-in-deep-learning-f6b355825578
http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter_convolutional-modern/googlenet.html
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Inception Module
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https://towardsdatascience.com/review-inception-v4-evolved-from-googlenet-merged-with-resnet-idea-image-classification-5e8c339d18bc

http://datahacker.rs/building-inception-network/
http://d2l.ai/chapter convolutional-modern/googlenet.html
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GooglLeNet - 2014

// Inception layer has some different convolutions inside. Here we define
// blocks as convolutions with different kernel size that we will use in
// inception layer block.

template <typename SUBNET> using block_al = relu<con<10,1,1,1,1,SUBNET>>;

template <typename SUBNET> using block_a2 = relu<con<18,3,3,1,1,relu<con<16,1,1,1,1,SUBNET>>>>;
template <typename SUBNET> using block_a3 = relu<con<10,5,5,1,1,relu<con<16,1,1,1,1,SUBNET>>>>;
template <typename SUBNET> using block_ad4 = relu<con<10,1,1,1,1,max_pool<3,3,1,1,SUBNET>>>;

// Here is inception layer definition. It uses different blocks to process input

// and returns combined output. Dlib includes a number of these inceptionN

// layer types which are themselves created using concat layers.

template <typename SUBNET> using incept_a = inceptiond<block_al,block_a2,block_a3,block_ad4, SUBN

28 X 28 x 64

// Network can have inception layers of different structure. It will work Pevious \
// properly so long as all the sub-blocks inside a particular inception block | 28 X 28 X 128
// output tensors with the same number of rows and columns.

template <typename SUBNET> using block_bl = relu<con<4,1,1,1,1,SUBNET>>;
template <typename SUBNET> using block_b2 = relu<con<4,3,3,1,1,SUBNET>>;

Activation

\

28 x 28 x 192 28 X 28 X 256

28 x 28 x 32

template <typename SUBNET> using block_b3 = relu<con<4,1,1,1,1,max_pool<3,3,1,1,SUBNET>>>;
template <typename SUBNET> using incept_b = inception3<block_bl,block_b2,block_b3,SUBNET>; MAXPOOL /
// Now we can define a simple network for classifying MNIST digits. We will 3x3,s=1

CONV 28 x 28 x 32

// train and test this network in the code below.
using net_type = loss_multiclass_log<

fc<lo,

relu<fc<32, 32 filters,1 x 1 x 192

max_pool<2,2,2,2 incept_b<

max_pool<2,2,2,2,incept_a<

input<matrix<unsigned char>>

33335553

sdame
28 X 28 x 192

http://dlib.net/dnn_inception _ex.cpp.html

http://datahacker.rs/building-inception-network/

http://d2l.ai/chapter_convolutional-modern/googlenet.html
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LeNet (1990s)
AlexNet (2012)
ZF Net (2013)
VGGNet (2014)
GooglLeNet (2014)
ResNets (2015)

DenseNet (2017)

CovNet Architectures
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T WP\ ResNets - 2015
2015

* ImageNet Challenge http://www.image-net.org/challenges/LSVRC/2015/

e http://www.image-net.org/challenges/LSVRC/2015/results

* http://image-net.org/challenges/talks/ILSVRC2015 12 17 15 clsloc.pdf

* Deep networks are hard to train - Vanishing gradient issue
* Residual Blocks

* 1 x1 convolutions

http://datahacker.rs/deep-learning-residual-networks/
He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90. VSB TECHNICAL | PACULTY OF ELECTRICAL
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http://www.image-net.org/challenges/LSVRC/2015/
http://www.image-net.org/challenges/LSVRC/2015/results
http://image-net.org/challenges/talks/ILSVRC2015_12_17_15_clsloc.pdf
http://datahacker.rs/deep-learning-residual-networks/
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“Is learning better networks as easy as stacking more layers?”
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e
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iter;‘ ( 1e4)4 iter.} ( 1e4)4
Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena

on ImageNet is presented in Fig. 4.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.
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* in the classical way: the output of layer 1 is pass to layer 2 shortcut connections

* in ResNet: information can go much deeper into the neural network

X
h J

e information (gradient) from higher layer can directly pass to the weight layer

lower layer F(x) Il relu <

weight layer identit

* via shortcut or skip connection (identity connection, addition iaentity

operator) F(x) + x
 stacking a lot of residual blocks together, we can build much Figure 2. Residual learning: a building block.

deeper neural networks

VSB TECHNICAL
TY

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.
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“shortcut connections”

weight layer

F(x) | relu

weight layer

Figure 2. Residual learning: a building block.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.

X
identity

ResNets - 2015

“bottleneck”

64-d 256-d

A 4
| 1x1, 64
l relu

[ 3x3,64 |

vLrelu

[ 1x1,256

Figure 5. A deeper residual function F for ImageNet. Left: a
building block (on 56x56 feature maps) as in Fig. 3 for ResNet-
34. Right: a “bottleneck’ building block for ResNet-50/101/152.
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VGG-19 34-layer plain 34-layer residual
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ResNets - 2015

error (%)

~—plain-18 o ~—ResNet-18 A AN A A,
—plain-34 —ResNet-34 34-layer
20 10 20 30 40 50 20, 10 20 30 40 50
iter. (1ed) iter. (1ed)

Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain
networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90. ¥SB TECKNICAL | FACULTY OF ELECTRICAL | DEPARTHENT
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ResNets - 2015

Table 2. Classification error (%) on the CIFAR-10 test set using different activation

functions.
case | Fig. | ResNet-110 | ResNet-164
original Residual Unit [1] | Fig. 4(a) 6.61 5.93
BN after addition Fig. 4(b) 8.17 6.50
ReLU before addition Fig. 4(c) 7.84 6.14
ReLU-only pre-activation | Fig. 4(d) 6.71 5.91
full pre-activation Fig. 4(e) 6.37 5.46
Xy X; X Xy Xy
3 t ]
\ReLU - BN
BN BN BN RelLu
RelLU ReLLu RElLU BN
Rely B
BN addition BN Rel‘LU
add‘i;:ion BN REiLU BN
RelU RelLU addition @;ﬁ addition
xf-1 }U“-! Xrel Xi+ X1
(a) original (b;;];iziter (c) P;ilzgigsfore (Sgeif:l;ilj;ggg (e) full pre-activation

Figure 4. Various usages of activation in Table 2. All these units consist of the same

components — only the orders are different.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Identity Mappings in Deep Residual Networks. 9908. 630-645. 10.1007/978-3-319-46493-0_38.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90.
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e Variations of ResNets:

* Inception-ResNet V1
* Inception-ResNet-v2

* ResNeXt - 1st Runner Up of ILSVRC classification task
 http://image-net.org/challenges/LSVRC/2016/results

224 x 224 320x320/299x%299
L3I Serr 1 err S err
ifiorar of lEURE 2045 top-1 err [top-3 err [top-1 err| top-5 err
ResNet-101 [14] 22.0 6.0 - -
Pre-Activation ResNet ————1 ResNet-200 [15] 21.7 | 5.8 | 20.1 4.8
1t Runner-Up of ILSVRC 2015 ——{ Inception-v3 [39] - - 21.2 5.6
Better Than Inception-v3 — lnccp[io"‘:"‘l [37] - - 20.0 5.0
ncephiorva+ Reshiet Inception-ResNet-v2 [37] - - 19.9 4.9
ResNeXt-101 (64 x 4d) | 204 3.3 19.1 4.4

https://towardsdatascience.com/review-inception-v4-evolved-from-googlenet-merged-with-resnet-idea-image-classification-5e8c339d18bc

https://towardsdatascience.com/review-resnext-1st-runner-up-of-ilsvrc-2016-image-classification-15d7f17b42ac
S. Xie, R. Girshick, P. Dollar, Z. Tu and K. He, "Aggregated Residual Transformations for Deep Neural Networks," 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Honolulu, HI, 2017, pp. 5987-5995, doi: 10.1109/CVPR.2017.634.

He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Identity Mappings in Deep Residual Networks. 9908. 630-645. 10.1007/978-3-319-46493-0_38.
He, Kaiming & Zhang, Xiangyu & Ren, Shaoqing & Sun, Jian. (2016). Deep Residual Learning for Image Recognition. 770-778. 10.1109/CVPR.2016.90. VSB TECHNICAL | FACULTY OF ELECTRICAL | DEPARTHENT
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http://image-net.org/challenges/LSVRC/2016/results
https://towardsdatascience.com/review-resnext-1st-runner-up-of-ilsvrc-2016-image-classification-15d7f17b42ac
https://towardsdatascience.com/review-inception-v4-evolved-from-googlenet-merged-with-resnet-idea-image-classification-5e8c339d18bc

"
LeNet (1990s)
AlexNet (2012)
ZF Net (2013)
VGGNet (2014)
GooglLeNet (2014)
ResNets (2015)

DenseNet (2017)

CovNet Architectures
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e connects all layers directly with each other

* handle vanishing gradients problem

» addition vs. concatenation (ResNet vs. DenseNet)

 dense blocks

Input - - _
Prediction
Dense Block 1 o Dense Block 2 S Dense Block 3
2| |8 2| _|S J| |5
gl na g Siwl2 > ‘horse”
=l |3 =l |3 al |*
pe | =2

UONN|OAUOD)

SIS 1S

Figure 2: A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change

[
I

feature-map sizes via convolution and pooling.
Huang, G., Liu, Z., Van Der Maaten, L., & Weinberger, K. Q. (2017). Densely connected convolutional networks. Proceedings of the IEEE conference on computer vision and
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pattern recognition (pp. 4700-4708).
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* Classical way (how to localize/detect object) is based on sliding window technique
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NS ol Region-Based CNNs (R-CNNs

e Disadvantages of sliding window with the use off very deep CNNs for object detection

* many different image regions

e each region is used as an input for CNNs

e computational cost — overlapping regions (stride parameters)

* duplicated operations

:> CNNs @
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Region-Based CNNs (R-CNNSs)

R-CNN
* Girshick, R., Donahue, J., Darrell, T., & Malik, J. (2014). Rich feature hierarchies for accurate object detection
and semantic segmentation. Proceedings of the IEEE conference on computer vision and pattern
recognition (pp. 580-587).

Fast R-CNN

® Girshick, R. (2015). Fast r-cnn. Proceedings of the IEEE international conference on computer vision (pp. 1440—
1448).

Faster R-CNN

* Ren, S, He, K., Girshick, R., & Sun, J. (2015). Faster r-cnn: towards real-time object detection with region
proposal networks. Advances in neural information processing systems (pp. 91-99).

Mask R-CNN
* He, K., Gkioxari, G., Dollar, P., & Girshick, R. (2017). Mask r-cnn. Proceedings of the IEEE international conference
on computer vision (pp. 2961-2969).
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* R-CNN - 2014

* (1) takes an input image

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity
image proposals (~2k) CNN features regions
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* R-CNN - 2014

e (1) takes an input image
* (2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. 1JCV, 2013

aeroplane? no.

.....

person? yes.

tvmonitor? no.

i / L;\ )i |
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions
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* R-CNN - 2014

* (1) takes an input image
* (2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. IJCV, 2013

2. Extract region
proposals (~2k)

SCIENCE
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R-CNN - 2014

(1) takes an input image
(2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. 1JCV, 2013

(3) computes features for each region using a large convolutional neural network (CNN)
* AlexNet is used to compute the features

warped region aeroplane? no.

erson? ves.
y

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity
image proposals (~2k) CNN features regions
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R-CNN - 2014

(1) takes an input image
(2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. 1JCV, 2013

(3) computes features for each region using a large convolutional neural network (CNN)
* AlexNet is used to compute the features (227x227 pixels)

warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classity
1mage proposals (~2k) CNN features regions
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* R-CNN - 2014

e (1) takes an input image
* (2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. 1JCV, 2013

* (3) computes features for each region using a large convolutional neural network (CNN)
* AlexNet is used to compute the features (227x227 pixels)
* (4) classifies each region using class-specific linear SVMs

warped region aeroplane? no.

person? yes.

tvmonitor? no.

-—

1. Input 2. Extract region 3. Compute 4. Classity
1mage proposals (~2k) CNN features regions
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* R-CNN - 2014

e (1) takes an input image
* (2) extracts around 2000 bottom-up regions using selective search
* J. Uijlings, K. van de Sande, T. Gevers, and A. Smeulders. Selective search for object recognition. 1JCV, 2013

* (3) computes features for each region using a large convolutional neural network (CNN)
* AlexNet is used to compute the features (227x227 pixels)
* (4) classifies each region using class-specific linear SVMs

warped region aeroplane? no.

person? yes.

tvmonitor? no.

-—

1. Input 2. Extract region 3. Compute 4. Classity
1mage proposals (~2k) CNN features regions
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