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Convolutional neural networks

= Data in vectors, matrices, tensors
= Neigbourhood, spatial arrangement
= 2D: Images,time-fequency representations
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= 1D: sequential signals, text, audio, speech, time series,...
= 3D: volumetric images, video, 3D grids
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Convolutional neural networks

= From feedforward fully-connected neural networks ...
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= ... to convolutional neural networks
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Convolution operation:

s(t) = /:1:((1,)-11;(t — a)da s(t) = (x*xw)(t)
Discrete convolution:

s(t) = (rxw)(t) = Z r(a)w(t —a) A |
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= Two-dimensional convolution:
S(i.j) = (I = K)( E E I(m,n)K(i—m,j—n)
ew + fr + fw + gxr + gw + hr +

m 1y o+ jz jy + kz ky + Iz

= Convolution is commutatlve.

S(i,7) = (K = 1)( ZZI i—m.j—n)K(m.n)

T

= Cross-correlation: // flipped kernel
S(i,j) = (I *x K) ZZ I(i +m.j+n)K(m,n)

m
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Convolution layer
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Convolution layer
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Sparse connectivity

= Local connectivity — neurons are only
locally connected (receptive field)

= Reduces memory requirements
= Improves statistical efficiency
= Requires fewer operations
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The receptive field of the

units in the deeper layers
is large

=> Indirect connections!

from below from above
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Parameter sharing

= Neurons share weights!
= Tied weights

= Every element of the kernel is used
at every position of the input

= All the neurons at the same level detect
the same feature (everywhere in the input)

= Greatly reduces the number of parameters!

= Equivariance to translation
= Shift, convolution = convolution, shift
= Object moves => representation moves
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CNN as FC networks
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CNN as FC networks

= Fully connected network with an infinitively strong prior over its weights
= Weights are zero outside the kernel region
= Tied weights
=> |earns only local interactions and is equivariant to translations

9000050000000 FC )7 L L1 ] CNN

K K I 7
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Convolutional neural network

Low-Level
Feature

Mid-Level High-
Feature Level

Trainable
Classifier

Hubel & Weisel
topographical mapping

cells

complex cells
Feature visualization of convolutional net train simple cells
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Convolutional neural network
PRCINSEERDONEITN

one filter =>
one activation map
Activa

example 5x5 filters
(32 total)

Slide credit: Fei-Fei Li, Andrej Karpathy, Justin Johnson



Stride

= Step for convolution filter

Convolution with stride>1

is equivalent to @ @ @
convolution + downsampling
Downsampling

Stride=1
St I"I d e = 2 (.0::::1(‘15;‘10” Convolution
n Output sjize: ° a Q °

N-F
5t

= Example:
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Padding

= Extend the image to facilitate processing of border pixels

« Ussualy pad with O

« To preserve size

pad on every side
F-1

— pixels

= Zero padding prevents shrinking network size
= Valid: no zero-padding — output is smaller than input
= Same: keeps the size of the input
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Convolution layer parameters

= Hyperparameters:

= K- Number of filters

= F - Filter size

= § - Stride

= P - Padding
= Input: volume of the size wW,xH,xD,
= Qutput volume size:

= Number of parameters
= Number of weights: K-F-F-D,
= Number of biases: K




Executing convolution

= V - input
= K - kernel Zﬁ,j,k — E V.-T,,;i—l—m—l,k—l—n—lKi:E,-m;n
n 7 - Output [,m,n

= | - output channel

. V Ki

* |,k: input/output row, column
= |: input channel
= m,n: offset rows, columns

. _/ o« 1M

J

| | N
P Kk
| |

= S: stride Zel:j,k: = c(K,V, S)e',:j:k: = Z [Vi:(j—l)><s—l—m,(kz—l}><s+nKi,I,-m,'rJ

[.m.n
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Pooling layer

= Downsampling - reduces the volume size (width and height)
= Process each activation map independently — keeps the volume depth unchanged

« Example with

.F=2
e S=2
Max -
1/o[3]6 pooling
51678
98| 7|6
al3|2]s Avg R
pooling 2 :
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Pooling

= Max pooling introduces translation = Pooling with downsampling
invariance = Reduces the representation size
= Reduces computational cost
FOOLING STAGE = Increases statistical efficiency

DETECTOR STAGE vu:”

POOLING STAGE

DETECTOR STAGE
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Pooling layer parameters

Hyperparameters:
= F - Filter size
= S - Stride (ussualy >1)
Input: volume of the size w,xH,xD,

Output volume size:
W, —F

= w, =" 41
= Hy="" 41
" D,=D,

Number of parameters: O
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Fully connected layer

Every neuron at the layer |-1 is connected to every neuron at the layer |

4

.
b

p—

= Usually added at the end of the network to perform classification
» Hyperparameters:
= N - Number of neurons
= Input: N, neurons
= Qutput size: N, neurons
= Number of parameters:
= Number of weights: ¥,_,-N,
= Number of biases: ¥,
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CNN layers

Layers used to build ConvNets:

INPUT:
raw pixel values

CONV:
convolutional layer

(BN: batch normalisation

(ReLU:)

introducing nonlinearity

POOL.:
downsampling

FC:

Complex layer terminology

Simple layer terminology

Next layver

Next layer

i

Convolutional Layer

Pooling stage

Pooling layer

A

A

Detector stage:
Nonlinearity
e.g., rectified linear

Detector layer: Nonlinearity
e.g., rectified linear

Y

A

Convolution stage:
Affine transform

Convolution layer:

Affine transform

y

*

Input to laver

Input to lavers

for computing class scores \
= SoftMax =
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CNN architecture

= Stack the layers in an appropriate order

Ln.‘r 6 Laver 7

Layer 1
i)

Output

Laver 2
N

Layer 5
A

Lonn

Babenko et. al.

1x1x4096 1x1x4096

Conv Conv Conv Conv  Conv  Conv FC FC FC
BN BN BN BN BN BN BN BN
RelU RelU  Relu  RetU Retu RelU  Rely  RelU Hu et. al.

pool pool pool




CNN architecture

RELU RELU RELU RELU RELU RELU
CONV |CONV CONV [ CONV CONV [CONV
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CNN architectures

Aggregate
(average)

() (64) | mosoben
pheric
ey (256,25 " ana [y

-imited grid-based receptive field
! rom elassic ConvNats (V)
Tide o' Ve o 1%
& 3 s y V4
Residual /\/,\/\ ¢

Segmentation

sub-network

Vhodna slika
512x512x1

1

v

256x256x32

onvPlast 11x11, pomik 2

256x256x32

onvPlast 11x11, pomik 1

AruDlact 11011 Aamil 1

Classification sub-network

Tidal
Temporal Encoder Sea level tensors e ')
m— Conv, BatchNorm ReLu Skip, Concatenation ¢ ‘ l_. state-value Gotovost
1 T Y
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Case studies

C1: feature maps o st 104 204 x 224 x3 224 =224 =G4
1: featur 5401 1 5x5 " = »
NP maps 16@!

3232 521 maps
B@14x14

112 %112 x 128

I
o

TxTxdl2
1x 1 =4096 1x1 = 1000
£ : 1 =l e |

Full cmAecﬁon ‘ Gaussian connections
Subsampling Corvolutions  Subsampling Full connection

Convolutions

34-layer residual

ﬂ @ convolution+ RelLT mage
max pooling
— - o2 \dense — fully connected+HRel1T
M (7] softmax
Softmax Outpt 1000
e e A A
1000
92 7 e max | Dropout (keep 0.8) O 7
Max 158 Max pooling 204 2048 Y
pooling pooling : [ 7x7 conv, 64, /2 I
Average Pooling Oupt 1752
pool, /2
image size 224 26 13 A3 13 T
filter size 7 m3 ‘ 13 L 5 x Inception-resnet-C Output: &xdx1762 I 3x3 conv, 64
1 w384 1 w384 256 v
w256 N Y N !
stride 2 33 i Y 3x3 max| ; C I 3x3 conv, 64
pool| | contrast pool 4096 4096 class . Output: 8x8x1782
stride 2| [norm. stride 2 unitsl | unitsl | softmax Reduction-B
f | 3x3 conv, 64
3
13 @I Ars 6 IRA 10 X *
Inception-resnet-B Output: 1717836 [ 3x3 conv, 64
I 3x3 conv, 64
Reduction-A gt T v
I I 3x3 conv, 64
5 x Inception-resnet-A | 0PI [3x3conv, 128,72 | 3
x X Y
| 3x3conv,128 | .-
Stem ouprasasess  Wpaasssssctoot %
—1[7 I 3x3 conv, 128
Input (209x299x3) s 3x3 conv, 128




Increasing perfomance

ILSVRC results

IMAGENET 30 28,2
1k categories 25,8

25
1,3M images
Top5 classification

20

Deep learning era
15

16,4
11,7
B e 10
’ e 6,7
= ity 5 I 3,6 3,1 2.2
now isapard|ordahie bultrrer . . [ ]
RS NN - 0

2010 2011 2012 2013 2014 2015 2016 2017

-\ > ¢ 5 9 2 2
e : = Z S = &
TS X L >9 v © Ll
llf:ll:::nt spider monkey i) N q) G) W U)
f:'ebont ln::: < U m C
drilling platform j howler monkey - LLl
—
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Architectures overview

paperswithcode.com

[paperswithcode.com, 2022]

= Top 20 architectures in Convolutional Neural Networks

Method

ResNet

[ Deep Residual Learning for Image Recognition

[ VGG

[ Very Deep Convolutional Networks for Large-Scale Image Recognition

l DenseNet

B Densely Connected Convolutional Networks

AlexNet

D Imagelet Classification with Deep Convolutional Neural Networks

VGG-16

[ Very Deep Convolutional MNetwaorks for Large-Scale Image Recognition

% MobhileNetV2

0 MobileMNetV2: Inverted Residuals and Lingar Bottlanecks

EfficientNet

O EfficientMet: Rethinking Madel Scaling for Convolutional Neural Networks

Darknet-53

0B YOLOV3: An Incremental Improvernent

ResNeXt

[ Aggregated Residual Transformations for Deep MNeural Networks

GoogleNet
[ Going Deeper with Convolutions

Deep Learning — Convolutional Neural Networks

Year

2015

2014

2016

2012

2014

2018

2019

2018

2016

2014

Papers

1461

369

300

280

258

201

154

142

120

Xception

D Xception: Deep Learning With Depthwise Separable Convolutions

SqueezeNet
D Squeezelet: AlexNet-level accuracy with 50x fewer parameters and
<0.5MB model size

Inception-v3

O Rethinking the Inception Architecture for Computer Vision

CSPDarknet53
0B YOLOv4: Optimal Speed and Accuracy of Object Detection

MobhileNetV1

[ MobileMets: Efficient Convolutional Neural Networks for Mobile Vision
Applications

i LeNet

Darknet-19
[ YOLOS000: Better, Faster, Stronger

= WideResNet

[ Wide Residual MNetworks

ShuffleNet

[ ShuffleMet: An Extremely Efficient Canvolutional Neural Network for

Mobile Devices

" MobileNetVv3
B Searching for MobileNetV3

2017

2016

2015

2020

2017

1998

2016

2016

2017

2019

94

71

67

46

44

44

44

42

36

34




LeNet-5

C3: 1. maps 16@10x10
C1: feature maps 24 f. maps 16@5x5

INPUT
GE2828 .
S2. 1. maps I_ CS: layer F6:layer QUTPUT

A2
G@14x14

| FuII EII'_‘H"IIIIEEHIEIH GEUE-E-IEH connections
Convolutions Subsampling Comvolutions  Su hcsamplmg Full mnnecnﬂn
CONV POOL CONV POOL FC FC
5x5 F=2,5=2 5x5  F=2,S=2

LeCun et al., 1998



http://www.cs.utoronto.ca/~hinton/absps/naturebp.pdf
http://www.cs.utoronto.ca/~hinton/absps/naturebp.pdf

AlexNet

Krizhevsky, 2012

55
Image credit: http://fromdata.org/2015/10/01/imagenet-cnn-architecture-image/
27 ]
13 13 \ 13
7 55
57 - 13 V1 13 B 13 dense| [dense
R - o o 3
R 3 o\ .
192 192 128 2048 2048 \dense
27 128 o ~amesoy -
. } 1}""-‘3'-":':"-?-;:.__ AW
,Q 31 e, il ; 1.1 — h \ h
57 " 3| \ 13~ T\ |3 dense| [dense i
h 33) | 1000
192 192 128 Max |
Max 128 Max pooling 2948 2048
pooling pooling
3 48
CONV2 POOL CONV3 CONV4 CONV5 POOL FC6 FC7 FC8
CONV1
Fe11 PFO=%L F=5  F=3  F=3 F=3 F=3 F=3 40964096 1000
S=4 gS-» S=1 S=2 sS=1 S=1  S=1 S=2
P=2 P=1 P=1 P=1

= RelU, data augmentation, Dropout, Momentum, L2 regularisation
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https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf

ConvNet Configuration
VG G A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
_ . mnput (224 x 224 RGB imagg¢)

T2 x24T T LI X O 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
112 %112 % 128 conv3-128 | conv3-128 | conv3-128 | conv3-128

b, maxpool
£ | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
S B0 X300 o conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
W xuWuchly, T HDLS conv1-256 | conv3-256 | conv3-256
£ i 2 | C1x1x4096  1x1x1000 conv3-256
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
E] convalution4HRel.LT convl-512 conv3-512 conv3-512
1 max pooling conv3-512

= fully connected+4HRel.l] maxpool
1 softmax conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
: conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
CONV: F=3, S=1, P=1 s 312

maxpool

POOL: F=2, S=2 FC-4096

FC-4096

FC-1000

. soft-max

= (Classical CNN backbone shape
Table 2: Number of parameters (in millions).
= VGG16, VGG19 Network A,A'-)LRN B |G | D | E

Simonyan & Zisserman, 2014 Number of parameters 133 133 | 134 | 138 | 144
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https://arxiv.org/abs/1409.1556

GooglLeNet / Inception

INdIno Jaiyjise|d

SoftmaxActivation
FC

m —
AveragePool o mw..
7x7+1(V) m; st}
3 +
(]
DepthConcat H o
= [=

<

Conv
1x1+1(S)

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
1x1+1(S)

MaxPool
3x3+1(S)

Conv
Ix1+1(S)

Conv
1x1+1(S)

DepthConcat

Conv
1x1+1(S)

Conv
3x3+1(S)

Conv
Ix1+1(S)

Conv Conv MaxPool

1x1+1(S) 1x1+1(S) 3x3+1(S)
MaxPool
3x3+2(5) =
DepthConcat FC
Conv Conv Conv Conv Conv
1x1+1(S) 3x3+1(S) 5x5+1(S) 1x1+1(S) 1x1+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

MaxPool AveragePool
3x3+1(S) 5x5+3(V)

tput

DepthConcat

Conv
1x1+1(S)

Conv
3x3+1(S)

Conv
5x5+1(S)

Conv
Ix1+1(S)

Conv Conv MaxPool

iary ou

Ix1+1(S) 1x1+1(S) 3x3+1(S) L]
—
= Conv
DepthConcat X H“Hn—lu._”mu
Conv Conv Conv Conv
1x1+1(S) 3x3+1(S) 5x5+1(S) 1x1+1(S)

AveragePool
5x5+3(V)

MaxPool
3x3+1(S)

Conv
Ix1+1(S)

DepthConcat

Conv
1x1+1(S)

Conv
3x3+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Conv
Lx1+1(S)

MaxPool [l AveragePool
3x3+1(5) 5x5+3(V)

DepthConcat

Conv
1x1+1(S)

Conv
3x3+1(S)

Conv
1x1+1(S)

Conv
5x5+1(S)

3x3+1(S)

Conv Conv MaxPool

1x1+1(S) 1x1+1(S) 3x3+1(S)
— —
%) L
MaxPool e e
3x3+2(5) =~ ~
+ +
g e e
DepthConcat = A —
=]
%]
Conv Conv Conv Conv
1x1+1(S) 3x3+1(S) 5x5+1(S) 1x1+1(S)

Depth

MaxPool
3x3+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

Ix3+1(5)
1x1+1(5)

DepthConcat

Conv
1x1+1(S)

Conv
5x5+1(S)

Conv
3x3+1(S)

Conv
1x1+1(S)

Inception module

MaxPool
3x3+1(S)

Conv
1x1+1(S)

Conv
1x1+1(S)

1x1+1(5)

MaxPool
3x3+2(S)

LocalRespNorm

Conv
3x3+1(S)

Conv
1x1+1(V)

Conv
3x3+1(5)
1x1+1(Vv)

LocalRespNorm

LocalRespNorm
7x7+2(5)

E
2
=%
d
-4
g

MaxPool
3x3+2(S)

Szegedy et al., 2014

3JOMIBU WS

Conv
7x7+2(S)



https://arxiv.org/abs/1409.4842

R N 7x7 conv, 64, /2
e S e t pool, /2

3x3 conv, 64

error (Vo)

3x3 conv, 64

3x3 conv, 64

= Going deeper!
= Plain deep networks do not work

i

3x3 conv, 64

3x3 conv, 64

error (%)

3x3 conv, 128

iid

= Shortcut connections! RoNes TR,
= Figth vanishing gradient problem fr 12 T T =

256_d 3x3 conv, 128

3x3 conv, 128

= Learn residual functions \

weight layer

y — I(X: {I"Vi}) +X F(x) Jrelu
= Bottleneck building blocks weight layer

= Very deep networks: F(x) + x
= 152, 101, 50, 34, 18

20— v 20— — = = - = = = = = N 3x3 conv, 256
ResNet-20 = residual-110 plam ResNet
ResNet-32 —residual-1202 3x3 conv, 256

— RoeNota4 18 layers 27.94 27.88

— ResNet-36 34 layers 28.54 25.03
= TResNet-110

1x1, 64
l relu

3x3, 64 |
) relu

1x1, 256

"

3x3 conv, 256

3x3 conv, 256

X

identity

3x3 conv, 256

Ll

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

M 3x3 conv, 512
e s
3x3 conv, 512

T He et al., 2015 | ==

3x3 conv, 512

plain-20
plain-32
— plain-44
= plain-56

:

avg pool

fc 1000

I

iter. (1e4) ’ iter. (1ed)


https://arxiv.org/abs/1512.03385

Wide ResNet

Wide Residual Networks
= Width instead of depth
= Adding more feature planes
= Parallelisable

X7

I+1

Zaqgoruyko et al. 2016

conv3x3

r
conv3x3

i1

-~

convlxl

convlxl

ResNet

Deep Learning — Convolutional Neural Networks

group name | output size | block type = B(3,3)
convl 32 x32 - [3x3,16]
3x3, 16 xk
conv2 32x32 | 3x3, 16xK | xN
[ 3x3,32xk |
conv3 16x16 | 3x3,32xk xN
[ 3x3,64xk |
conv4 8% 8 | 33, 64xk _><N
avg-pool I x1 [8 x 8]
X7 X
RHR\KRMH\\H* | conv3x3
\ conv3x3 | |
| dropout
\ conv3x3 | }
| conv3x3
I+1 I+1 .
Wide ResNet



https://arxiv.org/pdf/1605.07146.pdf

ResNeXt

= Aggregated Residual Transformations for Deep Neural Networks
= ResNet blocks widened with multiple pathways
= That are summed together (in contrast to Inception)

k{/’%ﬂi},

256-d in

256, 1x1,64 256, 1x1,4 256, 1x1, 4 total 32 256, 1x1,4
- - . 2 paths -

64, 3x3, 64 4, 3x3,4 4,3x3, 4 T 4, 3x3, 4
- - - -

64, 1x1, 256 4, 1x1, 256 4, 1x1, 256 4, 1x1, 256

256-d out

256-d out

Deep Learning — Convolutional Neural Networks

Xie et al. 2016



https://arxiv.org/abs/1611.05431

Inception-v4 and Inception-ResNet

Filter concat

Filter concat

Filter concat
*——\
3x3 Conv
(m stride 2 V)
1 Filter concat
3x3 MaxPool 3x3 Conv 3x3 Conv
(stride 2 V) (nstride 2) o
!
1x1 Conv 3x3 Conv
® 320 stride 2V
— 3x3 Conv ¢ )
(192 stride 2 V) t
Filter concat 7x1 Conv
3x3 MaxPool (320)
(stride 2 V) t
Filter concat 1x7 Conv
1x1 Conv (256)
Tx1 Conv (192) '
(256)
| i 1x1 Conv
1x7 Conv
1x7 Conv (256)
1 z(11§:5nv 255) :2341
¥ 1
_ 7x1 Conv
1x1 Conv 1x7 Conv q
(a84) (224} (234) Filter concat
[ 1x7 Conv
1x1 Conv (192)
Avg Poaling (182) 1
- 1x1 Conv
— (182)
— et

Filter concat

Inception-v4
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3x3 Conv
(QTB) Softmax
1x1 Conv 3x3 Conv 3x3 Conv T
(96) (96) (96)
f f f Dropout (keep 0.8)
T 1x1 Conv 1x1 Conv 1x1 Conv T
9 g (96) (64) (64)

Avarage Pooling

T

3 X Inception-C

I

Reduction-B

T

Relu activation

Residual Inception blocks

Softmax

T

Dropout (keep 0.8)

T

Average Pooling

T

5 x Inception-resnet-C

7 X Inception-B

T

Reduction-A

T

4 X Inception-A

T

Stem

T

Input (299x299x3)

Qutput: 1000
1x1 Conv
(256 Linear)
Qutput: 1536 3)(3 Conv
(32)
1x1 Conv 1‘
Output: 1536 (32)
i 3x3 Conv 3x3 Conv
(32) (32)
! !
Output: 8x8x1536 1x1 Conv 1x1 Conv
(32) (32)
Qutput: 8x8x1536
Filter concat

Relu activation

Output: 17x17x1024

Relu activation
OQutput: 17x17x1024
1x1 Conv
{1792 Linear)
3x1 Conv
(192)
I
Output: 35x35x384 1x1 Conv 1x3 Conv
(192) (192)
t
1x1 Conv
(192)
—
N
Relu activation

Output: 35x35x384

299x299x3

Inception

T
3x3 Conv
(258 stride 2 V)

/ 3x3 Conv 3x3 Conv i
(384stride 2V) | (256 stride 2V)

3x3 MaxPool 3x3 Cony
(stride 2 V) l T

(256)

\ 1%1 Conv 1x1 Conv i
(256) (256)

1x1 Conv

(256)
S

Previous

Layer
Relu activation
+
T
\\
1x1 Cony
(896 Linear)
7x1 Conv
(128)
| !
1x1 Conv 1x7 Cony
(128) (128)
t
1x1 Conv
(128)

ResNet-v2

I

Reduction-B

T

10 x
Inception-resnet-B

I

Reduction-A

I

5 x Inception-resnet-A

I

Stem

T

Input (299x299x3)

Qutput: 1000

Qutput: 1792

Quiput 1792

Quiput: 8x8x1792

Qutput: 8x8x1792

Output: 17x17x896

Output: 17x17x896

Qutput: 35x35x256

Qutput: 35x35x256

209x299x3
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Ensemble methods

= Merge the results of different models

Cls Errors for Top-10 Difficult Categories

||||I “I“ mll mll ||||I I‘Ill |lll| |l|l| ||||| |n|| Trimps-Soushen@ILSVRC2016

hook letter_opener loupe restaurant spotight
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w
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e

o

Binoeptionv3  HInOUoNS Winception-resnet-v2  Wresnet-200 B wrn-68-2

] t -1 t -1 tion- | R t-

Err. (%) 4.20 4.0 3.52 4.2 4.6 2.92(-0.6) 2.99




SENet

= Squeeze-and-Excitation Networks Ix . x

] EXplore Chanel relationShipS | Inception | | Inception | .. o . Residual |Esidua1 R
[ ] SE bIOCkS X Global pooling Ixixe 1x1x¢

Inception Module
= adaptively recalibrate T Jaxs Resilet Module
channel-wise feature responses REU | 1xaxE
= Can be stacked together in SENet architectures T axe
. . Sigmoid 1x1xcC 1x1xC
= Can improve CNN architectures
X

H u et a I y 20 1 7 SE-Inception Module N

SE-ResNet Module

<’ . ‘)\"\ \ ResNet-152 train
U =vex X =Y viex® s=Feo(2, W) =0(g(z,W)) =0(W20(W12)) "I, = | —hsis.
VAN esNet-152 vz
s=1 Fo, (W) ~ ) 0r A
S et
) , = 0]
Hoo:
H' Fy H Fscate () . W
_— _— > _—
w' |4 )ﬁéc = Fscale(uc‘ysc) = 5. U, W 20}

C' C C 0 20
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Benchmarking architectures

= Accuracy, number of parameters, number of operations and inference time

Inception-v4
80 H R N D GRS N . S 00 N
Inception-v3 ‘ ResNet-152
ResNet-50 VGG-16
751 ~ResNet-101
° ResNet-34
= 70 A ResNet-18
g | O
© GooglLeNet
3 ENet
I I e I A e
~
2 © BN-NIN
= 60 5M 35M 65M 95M 125M - -155M
BN-AlexNet
55 AlexNet
50 + T T T T T T T '
0 5 10 15 20 25 30 35 40

Operations [G-Ops]
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Operations [G-Ops]

40 -

35 -
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25 -

P 3

Batch of 1 image

20 40 60 80 100 120 140

Foward time per image [ms]

160

Canziani et al., 2017
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DenseNet

japot

= Densely Connected
Convolutional Networks

= Every layer connected to
every other layerin a
feed-forward fashion

» Dense connectivity

= Model compactness

= Strong gradient flow

= Implicit deep supervision
» Feature reuse

Huang et al. 2017

Input L
Prediction
Dense Block 1 Dense Block 2 Dense Block 3

ol |-
e | e (- e

LUOGN|oALD D
Y
UOQN|oALO
Emtnd
Y
v
UOQN|oALD D)
EUILCI
Y
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MobileNets

= Efficient Convolutional Neural Networks for Mobile Applications
= Efficient models for mobile and embedded vision applications |Howard et al. 2017

= Depthwise separable convolution:
= Depthwise convolution
= Pointwise (1x1) convolution

Object Detection

Regular Convolution Separable Convolution Block

inegrain Classification
voane
o ¢
Photo by Juanedc (CC BY 2.0) f f Photo by HarshLight (CCBY 2.0)
000
Face Attributes Landmark Recognition
b MobileNets
s o
v " p,
AL ’
oogle Doodle by Sarah Hamison hoto by Sharon VanderKzay (CC BY 2.0}

= MobileNetV2: Inverted Re5|duals and Llnear Bottlenecks

‘ ' o 7 Sandler et al. 2018

* MobileNetV3: NAS+ NetAdapt Howard et al. 2019
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Xception

= Extreme Inception — mapping of cross-channels correlations and spatial correlations
in the feature maps of convolutional neural networks can be entirely decoupled

= Inception modules replaced by depthwise separable convolutions with residual conn.
= Continuum between regular and depthwise separable convolution

19x19x728 feature maps

Cor Concat

ReLU
_f,,,,,_,,,,,::::== SeparableConv 728, 3x3 ,,,,»f’:::::::ffjji;?F$S§S§i§::::::j-xhﬁﬁ‘
|

ReLU
3x3 conv 3x3 SeparableConv 728, 3x3 3x3 3x3 3x3 3x3 3x3 3x3 3x3
|
SeparableConv 728, 3x3 utput
1x1 conv 1x1 P | | I channels
+
\ ¢ 1X1 conv
19x19x728 feature maps
In |
Input
R ted 8 ti
epeate tmes Chollet 2017
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ShuffleNet

= An Extremely Efficient
Convolutional Neural
Network for MobileDevices

= Group convolutions
= Bottleneck units
= Channel shuffle

= Allows using wider
feature maps

= 13x faster than AlexNet
at the same accuracy

= Typicaly outperforms other
architectures at the same
MFLOPS

Zhang et al. 2018

Deep Learning — Convolutional Neural Networks

[<——Channels: > < Channels—————= < Channels =
input | | | | | | |
GConv1
Feature EEEEEREEEEREE | | |
T T T T T T T T Channel |
LR ET TR snite |
Output | | | |
/}‘Conv 1x1 GConv 1x1 GConv
BN FoLU ,L BN RelLU ,L BN ReLU
y Channel Shuffle \ 4 Channel Shuffle
3x3 DWConv v 3’;;:;{:123"' v
DWC
BN RelU el 3E(satride =%?V
v v BN v BN
1x1 Conv 1x1 GConv 1x1 GConv
BN \ / BN \ / BN
Add Add Concat
ReLU 4, ReLU J, ReLU


https://arxiv.org/abs/1707.01083

Neural Architecture Search

= Neural architecture search with sample arhitecture
reinforcement learning [ l
= Recurrent network to generate
model descriptions of neural The controller (RNN] et
netWO rks A to get accuracy R
= Maximising the expected ‘[ }
accuracy of the generated ,
. . . Compute gradient of p and
architectures on a validation set scale it by R to update

the controller

Numher. Filter . Filter ‘ Stride _ Stride _ Number Filter .
 |of Filters|, | Height [+ | Width [ | Height || Width [ |of Filters|, | Height [\

"-,A"-.T"-.A"-.A"-.A"-.T"-.T

AET‘-.A':A' ‘
i I‘

f T 1

e R R Y B R B
Ty < - : : =y < Zoph & Le 2016
Layer N-1 Layer N Layer N+1
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https://arxiv.org/abs/1611.01578

NASNet

Zoph et al. 2017

= Neural Architecure Search
= Search the space of architetures to find the optimal one given available resources t

= 500 GPUs across 4 days resulting in 2,000 GPU-hours on NVidia P100 Normal Cell
A
Available operations to select from:
e identity e 1x3 then 3x1 convolution Softmax Reduction Cell
Train a chid network e 1x7 then 7x1 convolution e 3x3 dilated convolution T A
The controller (ANK) conergence o gat e 3x3 average pooling ¢ 3x3 max pooling
) e e 5x5 max pooling e 7x7 max pooling Normal cell | xn Normal Cell
e 1x1 convolution e 3x3 convolution 7y
e 3x3 depthwise-separable conv e 5x5 depthwise-seperable conv T
e 7x7 depthwise-separable conv Reduction Cell Reduction Cell
3 - /'y /'y
m D ]
NASNet-A (6 @ 4032)
A . P g Normal Cell | xn Normal Cell | »
5 - o & DPN-131
= 80 - nasNeta 5 @ 153g) O ception-Reshier-v2 R 1 A
% " © .Xceprron i ResNet-152
S eme Reduction Cell Reduction Cell | »
g 75 4 ..'hwuome T A
Normal Cell Reduction Cell a NASNet-A (4 @ 1056) vGa-16
_ 8 - e Normal Cell 313 conv, stride 2
Best convolutional cells (NASNet-A) for CIFAR-10 3 70 ooseniet * m:i B mr :
p T @ nceptionvi
= QOther architecture search methods:
] 65 “— T . T r
AmoebaNet, Real et al., 2018 : T S e e

CIFARLD
Architecture

ImageNet
Architecture

= MoreMNAS, Chu et. al, 2019, ...
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EfficientNet

. EfficientNet-B7
844 AmoebaNet-C
83 AmoebaNet-A _ = == —_——
. . L e - )
—_ - .
= Scaling the network in < 8- 5] oo Nasnet o B
= < .-"'.-
& 3 g1 - >
depth: d = o g . .-==""" "ResNeXt-101
puL — 5 3 801 I
8 80 - § .7 ..++"" Inception-ResNet-v2
o
. - < — i A
Wldth: w = fﬁgﬁ — '8_ e Xception
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o = é :
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‘t . T64 : L] 7 i v ol " (-‘(
5 2 {%3) 77 A ;/'-/ scale by width = |' ¢ ResNet-50 ;g:e'??moe'tgf 07%) BTN
QL : —axrn I NASNet-A (Zophetal., 2018) | 82.7% 80M
S.t. cv - }3 TR 2 © 3 xt+ scale by depth ) I $ncentionv2 EfficientNet-B4 §29%  19M
/ g 76 - === scale by resolution 7l d P GPipe (Huang ct al., 2018) T 843%  556M
. . EfficientNe(-B7 84.3% 66M
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Tan & Le 2019 4__
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oo
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5 EeEe— ; EID" DenseNet-201 ResNet 152 (Xie et al., 2017) T7.8% 1B
3 : EfficientNet-B1 79.1%  0.7B
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R ! i = ResNet-50 EfficientNet-B3 81.6% 1.8B
- - layer_i | i : : SENet (Hu et al., 2018) 827% 1B
l | | Je NASNet-A (Zoph et al., 2018) 80.7%  24B
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Architectures overview

= Date of publication, main type

o =
o b
— . ResNet Family . MAS Family b
2 3 -
. Inception Family MobileMet Family W 2
n _ o o -~
> Vintage Architectures <
intag I— -~
-
— *
X o
°L o T . .
LN » @ = ag g 368 o it im
C) z c 5 TiE 8 BT S ST =
U o _ 3 2 212 17 293 ® Jisiil = =
% 0 = g 3z § b g i < < o
500M - B 8 = - z: 2z =
150Mm - 2 a 010! i g
o 15M g = v g =
0 10M - Z = =
5M < 2
= x
Number of Parameters b=
E — M = Million
[ I I I I I I |
2012 2013 2014 2015 2016 2017 2018 2019

date [first version on arXiv]

Hoeser & Kuenzer, 2020
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Architectures overview

= Main charasteristics

Architecture Year Bottleneck Factorisation Residual NAS M Parameters acc@5 [%]
AlexNet [3] 2012 62 81.8
ZFNet [38] 2013 62 83.5
VGG-19 [39] 2014 144 91.9
Inception-V1 + BN [41] 2015 v 11 92.2
ResNet-152 [43] 2015 v v 60 95.5
Inception-V3 [42] 2015 v v 24 94 .4
DenseNet-264 [46] 2016 v v 34 93.9
Xception [45] 2016 v v 23 94.5
ResNeXt-101 [44] 2016 v v 84 95.6
MobileNet-224 [50] 2017 v v v 4.2 89.9
NasNet [49] 2017 v v v v 89 96.2
MobileNet V2 [108] 2018 v v v 6.1 92.5
MnasNet [51] 2018 v v v v 5.2 93.3
EfficientNet-B7 [52] 2019 v v v v 66 97.1

Hoeser & Kuenzer, 2020
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Architectures overview

Other(19)
ResNet-34(5)

Denscietis Other(3) (remote sensing domain)
MobileNet(6)
esNet- nception(11)
Reshiet:50(26) e Hoeser et. al 2020

ResNet(28)

Usage Over Time

Convolutional

Backbones
n=426

ResMet-101
0.004

0.003
= EfficientMNet
== ResNet
0.002 w— AlexMNet
= VGG
DenseNet

0.001 == MobileNetV2

JH.-J

Proportion of Papers (Quarterly)

<7

Jul'14 lan'15 Jul'1b Jan'16 Jul'le lan'17 Jul'17 Jan'18 Jul'18 Jan'19 Jul"19 Jan 20 Jul'20 Jan'21

[paperswithcode.com, 2021]

& This feature is experimental; we are continuously improving our matching algorithm.
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ConvNext rieshielobiznh L &y
\
. L}
Macro stage ratio 794 )'1»4.5
i I
Design | “patchify” stem 79.5 44
-
= A ConvNet for the 2020s -
— depth conv ! *-..%_-.4
= Transformer-inspired modifications of ResNet ResNext | S .o
- width T 80.5 53
/
Inverted : -
96-d /
1x1, 384—+96 1x1, 96—+384 d3x3, 96—96 \ Bottleneck Inverting dims 806 ,’*4'6
d7x7. 96 — move T d. conv 79.9 154.1
! )
d3x3, 96—96 d3x3, 384—384 1x1, 96—384 1
LN kernel sz. - 5 80.4 % 4.1
Y Large ‘
Bl e
k .o 30,6 '
)
90 L kernel sz. — 11 80 43
SEEEE s~
88 — RelLU—GELU 80.6 »-4.2
|
o5 CenUNEN P o /D _ fewer activations 1:>4_2
Swin Transformer [ L MICIT'O 1
(2021) oy ConvNeXt Design fewer norms »42
84 Swin Transformer A\ I
DeiT ViT (2021) |/
F({ggrg (2020) (2020) BN — LN 4.2
82 . ® . sep. d.s. conv 600 \*4 :
Diameter ConVNeXt-T/B : .
80 FRCRRET 256 GFLOPs ) "
o Liu et al. 2022
8 ImageNet-1K Trained ImageNet-22K Pre-trained SWI Nn-1/B 81.3 * 45

: : I N
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https://arxiv.org/abs/2201.03545v2

Architectures overview

paperswithcode.com

[paperswithcode.com, 2022]

= Top 20 methods in Convolutional Neural Networks

Method

ResNet

[ Deep Residual Learning for Image Recognition

[ VGG

[ Very Deep Convolutional Networks for Large-Scale Image Recognition

l DenseNet

B Densely Connected Convolutional Networks

AlexNet

D Imagelet Classification with Deep Convolutional Neural Networks

VGG-16

[ Very Deep Convolutional MNetwaorks for Large-Scale Image Recognition

% MobhileNetV2

0 MobileMNetV2: Inverted Residuals and Lingar Bottlanecks

EfficientNet

O EfficientMet: Rethinking Madel Scaling for Convolutional Neural Networks

Darknet-53

0B YOLOV3: An Incremental Improvernent

ResNeXt

[ Aggregated Residual Transformations for Deep MNeural Networks

GoogleNet
[ Going Deeper with Convolutions

Deep Learning — Convolutional Neural Networks

Year

2015

2014

2016

2012

2014

2018

2019

2018

2016

2014

Papers

1461

369

300

280

258

201

154

142

120

Xception

D Xception: Deep Learning With Depthwise Separable Convolutions

SqueezeNet
D Squeezelet: AlexNet-level accuracy with 50x fewer parameters and
<0.5MB model size

Inception-v3

O Rethinking the Inception Architecture for Computer Vision

CSPDarknet53
0B YOLOv4: Optimal Speed and Accuracy of Object Detection

MobhileNetV1

[ MobileMets: Efficient Convolutional Neural Networks for Mobile Vision
Applications

i LeNet

Darknet-19
[ YOLOS000: Better, Faster, Stronger

= WideResNet

[ Wide Residual MNetworks

ShuffleNet

[ ShuffleMet: An Extremely Efficient Canvolutional Neural Network for

Mobile Devices

" MobileNetVv3
B Searching for MobileNetV3

2017

2016

2015

2020

2017

1998

2016

2016

2017

2019

94

71

67

46

44

44

44

42

36

34




Architectures overview

Image Models [paperswithcode.com, 2021 ]

ResNet 0 AlexNet [ VGG «0 DenseNet ~ . MobileNetv2

1092 papers with code 287 papers with code 274 papers with code 235 papers with code 137 papers with code
» See all 102 methods

Image Model Blocks

Squeeze-and-

: . ==~ Bottleneck L . o Inception
l=.  Residual Block e . Uy Dense Block i “# Excitation e P
g Residual Block Module
i’ i s Block
1386 papers with code 1096 papers with code 258 papers with code 147 papers with code 136 papers with code
Convolutions » See all 79 methods
4
M= H= W= . 1x1 ... Grouped ~. . Pointwise - Depthwise
W= N= W ) TR . R . B=N -
Hs Es s Convolution [ Convolution ~ = Convolution [ Convolution : Convolution
8346 papers with code 2562 papers with code 451 papers with code 414 papers with code 406 papers with code

» See all 35 methods
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Pretrained models

import torchvision.models as models

resnetl8 = models.resnetl8(pretrained=True)
alexnet = models.alexnet(pretrained=Tzrue)
squeezenet = models.squeezenetl O(pretrained=Txue)
vggl6 = models.vggl6(pretrained=True)

densenet = models.densenetl6l(pretrained=Txue)

inception = models.inception_v3(pretrained=True)
googlenet = models.googlenet(pretrained=True)
shufflenet = models.shufflenet v2 x1 O(pretrained=True)
mobilenet v2 = models.mobilenet v2(pretrained=True)

mobilenet v3 large = models.mobilenet v3 large(pretrained=True)
mobilenet v3 small = models.mobilenet v3 small(pretrained=True)
resnexthbh0 32x4d = models.resnextbh0 32x4d(pretrained=Tzue)

wide resnet50 2 = models.wide resnetbh0 2(pretrained=Txue)
mnasnet = models.mnasnetl O(pretrained=True)

Deep Learning — Convolutional Neural Networks



Transfer learning

= Train on a large related dataset
= Fine-tune on the target dataset

= Heavily used

Feature space X

Dataset 1 (source)

P(Xs)

Dataset 2 (target)
P(Xr)

Learning Task 7s (source)

Model
fs(2)

Labels

Vs

\ 4

Knowledge

U

Learning Task 77 (target)

Model
fr(+)

Labels
Vr

Ribani & Marengoni 2019
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Vanilla VGG-16 Model VGG Model as Justa Feature Extractor VGG Model with Flne'lmmq
Conv Layer 1 (64, 3x3) Conv Layer 1(64, 3x3) Conv Layer 1 (64, 3x3)
o = @
f (e | B [ ] o | | |F o] s
. v v
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N ) N
e
. v v
[oomtmmresesa o 5099
1] | Conv Layer 2(256, 3x3) I w | Conv Layer 2(256, 3x3) =}
g 3; FROZEN g FROZEN
® [mmmema]| | |5 :
]
v 12 v
[oomamionsa] [eomtamronsa]
E I Conv Layer 2(512, 3x3) ] =] m I Conv Layer 2(512,3x3) I
2 3; FROZEN FINE-TUNE
 [ovimensa]| | |5 2 [mvimmsorzon |
[Ceruen ] [Comreo |
v v 12
I Conv Layer 1 (512, 3x3) I Conv Layer 1 (512, 3x3) I Conv Layer 1 (512, 3x3) |
1] [ Conv Layer 2 (512, 3x3) ] [+:] I Conv Layer 2 (512, 3x3) | l Conv Layer 2 (512, 3x3) I
g g FROZEN FINE-TUNE
& | Conv Layer (512,33 | o | Conv Layer3(512,3x3) & | Conv Layer3(512,59) |
[z ] [Comreo ]
v 1 v
Flatten Flatten Flatten
¥ A 4
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Jayisse) o4

Use two FC layers
(512 units) and
final Output layer

I
|8

saiysse) 04

Use two FC layers
(512 units) and
final Output layer



https://www.researchgate.net/publication/337794654_A_Survey_of_Transfer_Learning_for_Convolutional_Neural_Networks

Data augmentation

Deep
Learning

Traditional

GAN

Style Transfer

;\

Photometric
—

Rotation Colour Space
Shifting

Flipping

Geometric Kernel/Filter

Noise
Injection

Random
Erasing

Brightness

Cropping

Shifting

Zooming

Random Local
Rotation

5
X
o

S AT
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https://www.mdpi.com/2313-433X/9/2/46

Data augmentation

= Any meaningful transformations
= Random mix/combinations of :

translation

rotation

stretching

shearing,

lens distortions, ...
Distribution of augmented images
(features, parameters) should
correspond to the distribution of
original training images!
The augmented images could be
generated in advance or on the fly
during training
Simple to implement, use it!
Especially useful for small
datasets
Kind of regularisation

Deep Learning — Convolutional Neural Networks
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https://prints.vicos.si/publications/369/deep-learning-for-large-scale-traffic-sign-detection-and-recognition

Automatic Data Augmentation - AutoAugment

= Trained like Neural architecture search Cubuk et. al 2018
= Search for optimal augmentation parameters (operations; probability, magnitude)
= Proximal Policy Optimization Algorithms

Original Sub-policy 1 Sub-policy 2 Sub-policy 3 Sub-policy 4 Sub-policy 5 Dataset GPU Best published  Our results
hours results
CIFAR-10 5000 2.1 1.5
Bisich 1 CIFAR-100 0 12.2 10.7
SVHN 1000 1.3 1.0
Stanford Cars 0 5.9 5.2
ImageNet 15000 3.9 3.5

Batch 2

Sub-policy 2

Sub-policy 3 Sub-policy 4

gub policy 5

Batch 3

ShearX, 0.9, 7 ShearY, 0.7, 6 ShearX, 0.9, 4 Invert, 0.9, 3 ShearY, 0.8, 5
Invert, 0.2, 3 Solarize, 04,8 AutoContrast, 0.8, 3 Equalize, 0.6, 3 AutoContrast, 0.7, 3

Strategies from Data - -

= Transfer learning -> BT
. . Equalize. 0.4, 4  Solarize, 0.6, 3  Posterize, 0.8. 5 Rotate, 0. 2 3 Equalize, 0.6, 8
tl"a N Sfe I au g me ntat| on pOI |Cy Rotate, 0.8, 8 Equalize, 0.6, 7  Equalize, 1.0,2  Solarize, 0.6, 8  Posterize, 0.4, 6

= Learning Augmentation

Batch 3
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https://arxiv.org/abs/1805.09501

Regularisation

= Data Augmentation

= L2 regularisation

= Dropout

= Batch Normalization

= DropConnect

= Fractional Max Pooling
= Stochastic Depth

= Cutout / Random Crop
= Mixup

Graham et. al 2014

Deep Learning — Convolutional Neural Networks

Wan et. al 2013

Huang et. al 2016



http://proceedings.mlr.press/v28/wan13.pdf
https://arxiv.org/abs/1603.09382
https://arxiv.org/abs/1412.6071

Regularisation: Cutout

= Radomly mask image regions

DeVries & Taylor, 2017

Method C10 C10+ C100 C100+ SVHN
ResNetl8 10.63£0.26 4.724+0.21 | 36.68+0.57  22464+0.31 -
ResNetl8 + cutout 9.31+£0.18  3.99+0.13 | 34.98+0.29 21.96+0.24 -
WideResNet 6.97+0.22 3.87+0.08 | 26.06+ 0.22 18.8 £0.08 1.60 £ 0.05
WideResNet + cutout 5.54+008 3.084£0.16 | 23.94+£0.15 1841+£0.27 | 1.30+£0.03
Shake-shake regularization - 2.86 - 15.85 -
Shake-shake regularization + cutout - 2.56 £0.07 - 15.20+0.21 -

Deep Learning — Convolutional Neural Networks



https://arxiv.org/abs/1708.04552

Regularisation: Mixup

= Blend two images and labels

Zhang et. al 2018

/

Target label:

CNN | cat: 04
dog: 0.6

\

CIFAR-10 Test Error

) ———  DenseNet-190 baseline
Randomly blend the pixels & DenseNet-190 mixup

' of pairs of training images, )
e.g. 40% cat, 60% dog 210
. 57
&= Az; + (1 — N)z;
A ~ Beta(a = 0.2) 0L : . , .
g =Ayi+ (1 — Ay, 0 50 e;g((:)h 150 200


https://arxiv.org/abs/1710.09412

Explainability of CNNs

= Visualising filters and semantically similar images
= Dimensionality reduction

= Maximally activating patches
= Visualising activations

= Deconvolution

= Guided backpropagation

= Qcclusion sensitivity, LIME
Class activation maps and Grad-CAM

True Label: Pomeranian|

Deep Learning — Convolutional Neural Networks



Visualising filters and images

= Visualising filters on the first
layer

= Images with similar
embedding (last layer
features)

Krizhevsky, 2012

Deep Learning — Convolutional Neural Networks


https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf

t-SNE visualization of CNN codes
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https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://cs.stanford.edu/people/karpathy/cnnembed/
https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/abs/1301.3342

t-SIMCNE

= Unsupervised visualisation using contrastive learning

Bright horses Horse heads
® airplane ® dog
v o R SR
® bird ® horse
® cat ® ship Dark horses
Mounted horses o
\:'}7_ \" »
Red cars “I* *»'é :

Firetrucks Sailboats

i gt -L_._N

=ik

Metallic cars

G e

Duplicate cars

S e e —
56 6 N6

Colorful cars
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Ratltes
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Airborne planes Deer heads

:j' : " e il - V4
.‘ b ; ’ f
Boats (aerial V|ew) 7 3
‘ - . 9o Boats (side view) Grounded planes

 Hie =S

Bohm et al., 2023

White dogs

Brown dogs

Black-and- whlte pets

ﬂﬂ?’l

Black pets

Croaking frogs

Frogs, white background

100


https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/pdf/2210.09879.pdf

Maximally Activating Patches

= Patches in the images that activate a paricular neuron at a particular layer most

B0 QNOOM| e s
Jnmul 0 A N g
RN Y oS arees e

Al

5

A"‘f
L

i
ESECHRES) rm«Ac'
BT s

fm{qr

e =

m{]

Springenberg et al., 2015
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https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/abs/1412.6806v3

Visualising activations

convl pl nl conv2 p2 n2 conv3 conv4 convd ph fe8 fc7 fe8 prob

717\,0(] school bus

fwd convl_0 | Back: off | Boost: 0/1

Yosinsky et al., 2015
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https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/abs/1506.06579

Deconvolution Zeiler & Fergus, 2013
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https://arxiv.org/abs/1311.2901v3

Guided backpropagation

Springenberg et al., 2015

= Backpropagate to the image

a) Forward pass 1 l
Input image " — ' =" P> ; ft |
|
Feature map |
Backward pass

Reconstructed . = 0 . |

: 0 -1 R R R
Image R 0 |
|
____________________ |
<) activation: ff“ = relu(f!) = max(f!,0) :
out
backpropagation: Rﬁ — (fj > 0) REH, where RM! ale |
backward ! _ (p pl+l |
‘deconvnet": R; = [ U) - R, |
: |

guided I _ (¢l (Rl+] . pl+l

backpropagation: 7 (fi >0)- (7 0) - Ry |
|

Deep Learning — Convolutional Neural Networks

b)

Forward pass

Backward pass:
backpropagation

Backward pass:
“deconvnet”

Backward pass:
guided
backpropagation

1]1-11]5 11015
2157 —> |2]0]0
3|12\ 4 012)4
210]-1 213 |1
6]1]0]O0| «<— |6]|-3]|1
0|-1}3 2|-1]3
013]0 213 1-1
6|]0|]1| «<— |6]|-3]1
210])3 21-11]3
0j0j]0 2131
6]0]J]0| «<— |6]|-3]1
0j0]|3 21-1})3



https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/abs/1412.6806v3

Guided backpropagation Springenberg et al., 2015

guided backpropagation corresponding image crops
- AP0 JNAoH
}/ J 4 )Ji § W ’l /

guided backpropagation



https://proceedings.neurips.cc/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf
https://arxiv.org/abs/1412.6806v3

Occlusion Sensitivity Zeiler & Fergus, 2013

(c) Layer 5, strongest (d) Classifier, probability (e) Classifier, most

(a) Input Image (b) Layer 5, strongest feature map feature map projections of correct class probable class

B Pomeranian
[ Tennis ball
[ Keeshond
B Pekinese

L Car wheel
' Racer ‘
-
' »
. -

Afghan hound
Gordon setter
Irish setter
Mortarboard
Fur coat
Academic gown
Australian terrier
Ice lolly
Vizsla
Neck brace

True Label: Afghan Hound
W e
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https://arxiv.org/abs/1311.2901v3

Reglons for SIBERIAN HUSKY

LIME

= Local
Interpretable
Model agnostic
Explanations

.

[T

Ribeiro et al., 2016

(a) Original Image (b) Explaining Electric guitar  (c) Explaining A coustic guitar (d) Explaining Labrador

=[1.1.0,0. ., 0f
me[11.40...0 3 mal
y~t!>5|o.u.zan.!).m. .. 0.057} * il e et e

M .

'110.1.1.0 .1 |/ 0.312,0.431,0.023 ... 0.057
1.1,00...0 0.812,0.031,0.123 ... 0.017
11,10..0 | | 0.516,0.233,0.123 ... 0.057 Jonke, 2020 . :
£ ' = , (a) Husky classified as wolf (b) Explanation
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https://arxiv.org/abs/1602.04938
https://repozitorij.uni-lj.si/IzpisGradiva.php?id=116763&lang=eng&prip=rul:11381743:r2

Class activation maps

7l O [0
7/ R i 2
7 | | ~__ Australian
( ( C C ’ [GAR O’ W, o terrier
O O E\J’) (\; N | ‘ 1 //‘
N N G 5 |/ £
N
V \ ! / O i
) O &
N ==
Class Activation Mapping
Class
+ W5 + T+ e T+ Wpe Activation 7
i Map e ; 3 o||
(Australian terrier) . . 4 .9 . 8(80(50

Zhoe et al., 2016

French horn
0.775

Backpro AlexNet Backpro GooglLeNet

GoogLeNet-GAP  VGG-GAP AlexNet-GAP GooglLeNet
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https://arxiv.org/abs/1512.04150

Grad-CAM

= Visual Explanations from Deep Networks via Gradient-based Localization
Grad-CAM

(a) Original Image (b) Guided Backprop *Cat’

(g) Original Image  (h) Guided Backprop ‘Dog” (i) Grad-CAM ‘Dog’  (j)Guided Grad-CAM ‘Dog’

c-MWP CAM Grad-CAM

train train

P femd Selvaraju et al., 2017



https://arxiv.org/abs/1610.02391

Grad-CAM

= Visual Explanations from Deep Networks via Gradient-based Localization

(C) Grad-CAM *Cat’”  (d)Guided Grad-CAM ‘Cat’

(b) Guided Backprop ‘Cat’

(e) Occlusion map ‘Cat’ (f) ResNet Grad-CAM “Cat’

) Original Image (h) Guided Backprop ‘Dog’ (1) Grad-CAM ‘Dog’  (j)Guided Grad-CAM ‘Dog" (k) Occ]usmn map Dog (l)ResNet Grad-CAM ‘Dog’

Selvaraju et al., 2017



https://arxiv.org/abs/1610.02391

Adversarial images

Ostrich! | | Ostrich!

Szegedy et al., 2013



https://arxiv.org/abs/1312.6199
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https://arxiv.org/abs/1412.1897

Adversarial example

= Find minimal perturbation that misleads the classifier

= targeted
= untargeted

Minimize

subject to

Minimize

subject to

Predicted: 7
Confidence: 99.9%

Predicted: 3
Confidence: 49.9%

Inll
Clx+mn) =1

where

| £ C*(x)
{a) MNIST example

T
L _I_ n E [0' ]'] Predicted: truck
Confidence: 100.0%

Predicted: horse
Confidence: 49.1%

cllnllz + J(x +n.1)

x+mnel01]"

(b) CIFAR10 example

Deep Learning — Convolutional Neural Networks




FGSM and BIM

= Fast Gradient Sign Method
= Basic Iterative Method

n==¢c Slgﬂ(vmj(e, €, y))

Goodfellow et al., 2015

ﬂ]{?mJ(ﬁ', L, y))

. x + +1;}
* sign(VJ (0, z,y)) esign(VgJ (0, z,y) 1
“panda” “nematode” “gibbon™
57.7% confidence 8.2% confidence 99.3 % confidence 0

Clean image (c) Adv. image, € = 4 (d) Adv. image, € = 8

Kurakin et al., 2017
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https://arxiv.org/abs/1412.6572
https://arxiv.org/abs/1607.02533

DeepFool

' : Alz:C)
A(z;C) = min ||n||2 subject to C(x +n) # C(x) Padv(C) = Emw
n 2
Algorithm 3 The DeepFool algorithm for a multiclass general classifier Moosavi-Dezfooli et al., 2016

mput: Image x, classifier C, output of the classifier’s final laver F', maximum number of
iterations max_iter, parameter overshoot
output: Perturbation 7

1: Imtialize ®g + x&, 7 + 0

2: while C(x;) = C(xp) and 7 < max_iter do Turtle
3:  for 1 #C(xp) do ’I,:)eepFooI
4 wi, < Vali(xi) — VaFe () (i)
5 FI;: <_-F‘.Ie'(‘:-:"j‘i)_"F‘C{:;l::{))(::‘Ci)
6: end for
7 [ + arg MIN£¢ () %
g VS ﬂw{ “
T~ w2 i STurtle
9 @it FGSM

10: je—14+1
11: end while

12: return 7 = (1 + overshoot)) .7,

Deep Learning — Convolutional Neural Networks


https://arxiv.org/abs/1511.04599

Accuracy-perturbation curves

1071
v

Sircelj, 2020
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https://repozitorij.uni-lj.si/IzpisGradiva.php?id=111417&lang=eng

Evaluating adversarial attacks

MNIST CIFAR10
o o
O O
o o

1.0 ———

0.5

DeepFool
Acc

0.0
1.0

= LR (40.97%)

- MLP (52.41%)
= CNN1 (76.65%)
- CNN2 (76.17%)
= RBFN (41.43%)

= LR (92.69%)
- MLP (97.53%)
0.5 = CNNI1(99.44%)
= CNN2 (99.24%)
= RBFN (94.67%)
- RBFNvar (92.33%) - RBFNvar (44.25%)
0.0 = Human (97.73%) Human (95.91%)

1073 1072 107t 10° 1073 1072 107t 10°
Padv Padv Sircelj, 2019

AutoPGD
Acc



https://repozitorij.uni-lj.si/IzpisGradiva.php?id=111417&lang=eng

Universal perturbations : SIPURA. N

NO vdas507 ‘\

| |
Joystick 0 Chihuahua

= Universal perturbations

. | .
= wrt. images M giiin
. . il N
= wrt. architectures » . B |
I: input: Data points X, classifier k, desired ¢, norm of | ‘
the perturbation &, desired accuracy on perturbed sam- - Thresher e Labrador

ples 4.
output: Universal perturbation vector v.
Initialize v < 0.
while Err(X,) <1 — 4 do

for each datapoint z; € X do

if k(x; + v) = k(x;) then
Compute the minimal perturbation that

sends x; + v to the decision boundary:

Flagpole Labrador

Al

Tibetan mastiff 0 Tibetan mastiff

Av; + argmin ||7||a s.t. k(z; +v+r) # k().

. l L id Brab iffon -
8 Update the perturbation: s e

v Ppe(v+ Av;).

i Balloon o Labrador

9: end if
10: end for
11: end while

Whiptail lizard 0 Border terrier

‘u .44
|

Moosavi-Dezfooli et al., 2017
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https://arxiv.org/abs/1610.08401

Universal perturbations

VGG-F | CaffeNet | GoogleNet | VGG-16 | VGG-19 | ResNet-152

= Universal perturbations VGG-F 93.7% | 71.8% 48.4% 42.1% 42.1% 47.4 %
= wrt. images CaffeNet 74.0% | 93.3% 47.7% 39.9% 39.9% 48.0%

. wrt. architectures GoogleNet | 46.2% | 43.8% 78.9% 39.2% 39.8% 45.5%

' VGG-16 63.4% | 55.8% 56.5% 78.3% 73.1% 63.4%

VGG-19 64.0% | 57.2% 53.6% 73.5% 77.8% 58.0%

ResNet-152 | 46.3% | 46.3% 50.5% 47.0% 45.5% 84.0%

(a) CaffeNet
TR

Afrizan groy

hclan obphant

(d VGG-19 (e) GoogLeNet () ResNet-152 commen 1 carcusel G 'J'W’ : TR threc-toad sioth TRz
CaffeNet [2] | VGG-F[2] | VGG-16[!7] | VGG-19 [17] | GoogLeNet [15] | ResNet-152 [0]
/ X 85.4% 85.9% 90.7% 86.9% 82.9% 89.7%
2] val 85.6 87.0% 90.3% 84.5% 82.0% 88.5%
/ X 93.1% 93.8% 78.5% 77.8% 80.8% 85.4%
9| Val 93.3% 93.7% 78.3% 77.8% 78.9% 84.0%

Moosavi-Dezfooli et al., 2017 |
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https://arxiv.org/abs/1610.08401

SparseFool

= Sparse perturbations Modas et al., 2019

IIWHJ E:’Z:ﬁﬂ&d;ﬂ T w4 HD

“ car (1)  frog (1) do"(l) bird (1) bird (1) cat(6)  cat(6) deer(6) cat (6) holse 6) deer(Q) plane (9) bird (9) frog (9) bird (9)
pldne (1) p]dne ( l) no" (1) shlp (1) cat( l) ship (6)  frog (6) car(6) plane (6) cat(6) frog (9) ship(9) dog(9) bird (9) deer (9)

i g oy i .
¢ A vr‘f‘ ‘ - L) : g ll. .

5 1 e Zan. =4 =
bird (1) bud (1) deer(l) car(l) car(2) bird (6) cat(6) horse (7) cat(6) plane (6) deer (9) cat(9) horse(9) car(9) car(9)

’ & & | . <

d% ARwEHEk HE=T

cat (1)  deer(l) bird (1) plane (1) plane (3) car (6) plane (6) frog(8) plane (6) ship (6) plane (9) dog (9) truck (9) honse(Q) plane (9)

3() 7 &(1) 6(2) 2(6) 2(6) 3(6) 4(9) 9(9) 2(9) 1(9)

S

'R

J-'~+

A<

9(1) 8(2) 3(2) 5(2)

2 aE 3
A § 30 0@ 2@ 3 3D 86) 26  2(6)
toucan / spider (5) :

8 (1) 8(3) 1(3) 0(2) 7(7} 5(7) 9 (6) 3(0) 3(9) 9(9) 2(9) 5(9)
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https://arxiv.org/abs/1811.02248

Adversarial examples in real world

= Synthesizing Robust Adversarial Examples — adversarial objects 45
= Adversarial Generative Nets — adversarial glasses
= Robust Physical Perturbations (RP2) — adversarial stickers

5
o
-~ /;
0
'u"‘
. 4
7
=
£ -
- .

B classified as turtle . classified as rifle
B classified as other

Athalye et al., 2018 Sharif et al., 2019 Evkholt et al., 2018
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https://arxiv.org/pdf/1707.07397.pdf
https://arxiv.org/abs/1801.00349
https://arxiv.org/abs/1707.08945

Adversarial training

1.0

o
S 05
=5
= Training on adversarial examples
= Works also as a reqgulizer 0.0
Sircelj, 2019 0.95
3 0.90
s I CNN1
100 & 1 °  —— CNNI1BIM
g i — Train=Clean, Test=Clean |[] 1072 1071 10°
g — Train=Clean, Test=Adv Pady
g Wwilvll call AUuuLUCLIIUUUCL
2 —— Train=Adv, Test=Clean Adding noise
v —1 . :
= 10 3 Train=Adv, Test=Adv q at test tume Ensembles
= ] educing Error correcting
Z test time codes
s \ ] Multiple glimpses
ERU iyl Y
E AR 0 A ‘
IR A AR IR A RN IR0 Double backprop Adding noise
] ] ] ] ] . .
0 50 100 150 200 250 300 pits Dropout ot train time

Training time (epochs)
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