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Deep learning
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Hand-crafted “Simple” Trainable
Feature Extractor Classifier

PacnosHaBaHue peuu

Mix of
P~ ESS et

fixed unsupervised supervised
Pacno3HaBaHune U3oopaxeHuwu

"

K-means Sparse

SIFT HoG : Pooling Classifier gud
Coding
fixed unsupervised supervised
Low-level Mid-level
Features Features DLI-Teaching Kit
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Deep learning=Learning representations/features

— End-to-end learning / Feature learning / Deep learning
XapakTtepHble MPU3HaKn ABMAKOTCA 00y4YaeMbIMMU:
obyyaemMble NpuU3Haku + obyvyaemMbin Krnaccudgpukartop

Trainable Trainable
Feature Extractor Classifier

Low-level Mid-level High-level Trainable
feature feature feature classifier

o S f =
AN AERE Ot =
¥ YK 3 \iE

TMPA School 2018 Kostroma * DLI-Teaching Kit, Zeiler & Fergus 2013




MHoroobpasne apxutektyp (1)

A mostly complete chart of

O Backfed Input Cell N e u ra l N EtWO r ks Deep Feed Forward (DFF)

©2016 Fjodor van Veen - asimovinstitute.org

Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extre

£

Input Cell

4 Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

. Hidden Cell
© rrobablistic Hidden Cell

@ spiking Hidden Cell

@ outputcett

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM) Gated Recurrent Unit (GRU)
[~ - - ) - )

@© watch input Output cell AN IS IS SUNS Deep Residual Network (DRN) Kohonen Network (KN)
FRER GG GG
. Recurrent Cell
. Memory Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Different Memory Cell
<\ AN
Kernel \ .
NN %
Extreme Learning Machine (ELM) Echo State Network (ESN)

© Convolution or Pool

KR L
W/ W2
Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)
RS ’
KOy XLy ibihe o e\ /m s
) @ e s s
<SI2E S o NP NS

(KN) Support Vector Machine (SVYM)  Neural Turing Machine (NTM)

Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN) ’
T = 7
D> O o D ‘
SN N N
@ O

O

o)

ICEX I
O

http://www.asimovinstitute.org/neural-network-zoo/
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MHoroobpasne apxmtekTyp (2)

Shallgw____ . Deep

T N T

//’

Boosting Neural networks
O
Perceptron Ae D-AE o
® o Conv. Net

@
SVM
GMM coding BayesNP
O @
° Probabilistic models

DecisionTree

i Supervised Supervised



O PeKT rnyoOnHbI

Onsi TeopeMbl YHUBepcaribHOW annpoKcMMauum MOXeT noTpeboBaTbCA
3KCNOHEeHLUManbLHO 6onbLloe YNCIO HEMPOHOB!
Mpumep. Knaccudukaumsa nsodbpaxeHMm HOMepoB AOMOB

96.5 , | _Effect of Depth , ‘ Effect of Number of Parameters
97 | | I | I
96.0 %l +— 3, convolutional ||
X +—+ 3, fully connected
95.5 9 B V-V 11, convolutional ||
:::: 9 i
95.0}
S é 93 - *\+__+ )
5 945 0
: "ol |
8940 o | | 1 ] 1
E 0.0 0.2 04 0.6 0.8 1.0

Number of parameters x10%
93.0+

92.5F

Goodfellow et al 2014,
Goodfellow I., Bengio Y., Courville A.,

3 1 5 6 7 8 9 10 1 Deep learning
Number of hidden layers
TMPA School 2018 Kostroma B 8
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NHCTPYMEHTDI

UHCTpymMeHT #F3bIK nporpaMmmMupoBaHus
Tensorflow Python, C++

Keras Python

PyTorch Python

Torch Lua, C, Python (PyTorch)
Caffe2 Python, C++

Caffe C++, Python, Matlab

CNTK Python, C++, C#, Java
Deeplearning4j Java, Python

Misc (deeplearning.net/software _links/)

TMPA School 2018 Kostroma B




CBepTOYHbIE HEUPOHHbLIE CeTU
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CBepTKa oot Pooling (max, avg,...)

Input
a b a b
c d c d a b c d
’ " ? " f h
e g
Kernel
b | ] k |
a b
P d
c d m n o p
q h
g h
Output
|4
f(a,b,e.f) f(c,d,g,h)
ap +cq bp + dq
P Yz
cp+9q dp +gh f(i,j,m,n) f(k,l,0,p)
Output (Feature Map) , Ketkar “Deep Learning with Python”
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CBepToOUYHbLIN Crion

Only 3 unique Weights
All Unique Weights ¢ ¢

Ketkar “Deep Learning with Python”
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CBepTKka-aeTekTop-cybanckpeTmsaumns

' Convolution-detector-pooling block Complete ConvNet

I:] D Feature Maps Outiput

|

Fully Connected NN

Pooling (Max)

NN

— —

Pooling
Detector
Convolution (Multiple Kernels/Filters)

Detector (ReLU)

Sum across Channels

- b o S\ Pooling

7. 2 pA < Detector
‘ Convolution (Multiple Kernels/Filters)

X 7

\ /
\ \\ 1 / / Convolution (6 2D Kernels) Input
N /

Input

Ketkar “Deep Learning with Python”
1
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CoBpeMeHHbIe apXUTeKTypbl
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HemHoro ncropum (1)

[Hubel & Wiesel 1962], Cognitron & Neocognitron [Fukushima 1974-1982]

Ust Ugq Uso chss Ucs

| 4l Usa

Simple cells “Complex

cells”

G

U

A
Uo [l
£

input /
layer

N

I

L[ 2]

N

\

q - pooling
EONia=t ”” recognition Multlple' subsamplin
extraction e convolutions piing
UM / masker
layer
[LeCun et al. 89], [LeCun et al. 98]
L Convolutions w/ Pooling: Convs: Pooling: Convs: h ;
Local Divisive ; Linear Object
o filter bank: 20x4x4 100x7x7 20x4x4 800x7x7 i ies / Positi
Nomakzalion 20x7x7 kernels kernels kernels kernels kernels Classifier i 90ries / Post

>{ 0 }at (xiy1)

F6: Y "-; J'f }at (x,y))
Nx23x23

Input Image Normalized Image
1x500x500 1x500x500

Toeeset

C1: 204041404 C3: 20x117x117 e

'é,r_ }at (xcy)

>
-

C5: 200x23x23 DLI-Teaching-Kit
15



HemHoro ncropum (2)

atchstic ea lion
A NoTOM NOSABUSIUCD: —_ 8

 ImageNet [Fei-Fei et al. 2012]
— 1.5 MmunnuoHa nsobpaxeHnn
— 1000 kaTeropumn (knaccon)
 bbicTtpblie NVIDIA Graphical Processing Units
(GPU)
1 TpNNUoH onepauumn/cex.

............
.............

........

uuuuuu

111111

...............

DLI-Teaching-Kit
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|

\'x \ K] f : ”T 4 VFURT E R, ‘
N NE I — NN
:Il\ \ { " 1;3‘ %72, / m?a dense
I Q e Y VN q
A | 11~ 3 ~i i -n * Ve l dense’| [densd |
a3} L & l: . il | ‘ _ \ 1600
‘;\{‘ 5tn> Max 128 Max . N ::‘:““9 o e
Jof 4 \ pooling pooling
# of transistors GPUs # of pixels used in training

8

'\_.

gJ10° & 10 IMAGE

— Mybokasa HeMpoHHaA ceTb, OOy4YeHHasa C NOMOLLbLID OOpaTHOro
pacnpocTtpaHeHus owmndokm Ha NVIDIA GPU «with all the tricks Yann came up with

in the last 20 years, plus dropout” (Hinton, NIPS 2012)»
—Top-5 Error rate: 15%. NMpeabiaywum state of the art: 25%

— KynneH Google B sHBape 2013, nosBunacb B Google+ Photo Tagging B mae 2013

17
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Pesynbrathl B KOHKYpce ImageNet

IMAGENET
Accuracy Rate ILSVRC top-5 error on ImageNet
100% — -
#Traditional CV @ Deep Learning 30
90%
- 225
e 8
70% § $
° 15
s |
60% s -
s ° 7.5
50% °
°® ®
40% !
2010 2011 2012 2013 2014 Human  ArXiv 2015
30%
20%
10%
0% V - - .
2010 2011 2012 2013 2014 2015 e Blue: Traditional CV

e Purple: Deep Learning
e Red: Human

Sapunov
http://arxiv.org/abs/1502.01852
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image

VGGNet (Oxford visual Geometry Group) Conv-64

Conv-64

=

Conv-128

Conv-128

@ Convolution + RelLU
¢ lin
112 x 112 x 128 f) maxpooling
( j Fully connected + RelU Conv-256
%0630 %256 m wormax Conv-256
/ 28 x 28 x 512 7x7 %512
14 x 14 x 512

224 x 224 x 3 224 x 224 x 64

A 1x1x4096 1x1x1000 Conv-512
I | — 1
Conv-512

Conv-512

Conv-512
Conv-512

— TonbKo cBepTKU 3X3, HO MHOro dounNLTPOB

— BeposaTHoCTb owmnbkuM (ImageNet Top-5): 8%
—138M napameTpoB

fc-4096
fc-4096
fc-1000

TMPA School 2018 Kostroma il
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Pointwise convolutions: 1x1
convolution to reduce the

Filter Concat 1 number of channels

Inception block

5x5 3x3 1x1
T T T 1x1
1x1 1x1 Pool N
=T = £ Ul 1| —
Base Cout
o C;
ristian Szegedy, https://arxiv.org/pdf1512.00567 pdf
— BeposaTtHocTb owmnbku v3 (ImageNet Top-5): 5.6% (ogHa moaenb), 3.6%
(aHcambOnb)

—25M napameTpoB

TMPA School 2018 Kostroma . 20



Residual Network (ResNet)

q Tl [ela] [Nl (Tl bl Falel Ml G sl Fal bl [l Ll ] [
: alig] bl bbbt el il bt ik gt ik bk il i Eigh ik b ik il g e
U gudogpfopopupuodooogodordiduuy o
Residual block
—50/101/152 cnoeB, HECKOJILKO X
CBEPTOK /X7, MHOIO CBEPTOK 3X3,
batch norm, max/average pooling weight layer
— BepoaTHocTb owmnbkM (ImageNet
Top-5): 4.5% (omHa Mogens), 3.5% 7 (X) lre'” <
(aHcambnb) weight layer denti
—60M napameTpoB y ResNet-152 identity
F(x) + x

TMPA School 2018 Kostroma
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Inception-ResNet

I Inception-ResNet v2

Softmax et T

T

Dropout (keep 0.8) o

!

a2

Average Pooling e
| 5x |ncepﬂl1—r&anel.{: Cneput: Bulle{ 752
Redulm.ﬂ Chutpad: Bxi 1752
!
(e Oufput 171 TaB96
Inception-resnet-B
REduLm.A gt 17t 7uB5E
Sx Iri::e|:|1j|L-|.|-egl-nﬂ_ﬁl Ousput: 353555
T
Stem Output 350350258
T
Input (299x299x3) 2502553

Inception-ResNet block

Relu activation .

L

1x1 Conv
(384 Linear)

(32)

3x3 Conv 3x3 Conv
(32) (48)
f f
1x1 Conv 1x1 Conv
(32) (32)

Relu activation |

— bonee 550 cnoes

3x3 Conv
) (64)
1x1 Conv I

Grid-reduction block

3x3 MaxPool | *

(stride 2 V)

e

Filter concat

3x3 Conv

(320 stride 2 V)
3x3 Conv 3x3 Conv —1—
384 stride 2 288 stride 2 V)
(304 stride 2W) | [ ¢ 3x3 Conv
I T (288)
1x1 Conv 1x1 Conv |
(258) (256) 1x1 Conv

Previous

Layer

— BepoaTHocTb owmnbku (ImageNet Top-5): 4.5% (oaHa
Mozaenb), 3.7% (aHcamMbrb)

—55M napameTpoB

TMPA School 2018 Kostroma B

https://arxiv.org/pdf/1602.07261.pdf
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DenseNet

|
|
]
|
]

Prediction
Dense Block 3

="

Dense Block 2

="/

Dense Block 1

=0

‘horse”

Buyood
IEau
Y

Y
LN 0ALDD)
Y
LN 0ALICT
v
Buyood
LONoAUCD
v
Buyood
Y

Layers Output Size DenseNet-121 DenseNet-169 DenseNet-201 DenseNet-264
Convolution 112 x 112 7 % 7 conv, stride 2
Pooling 56 x 56 3 % 3 max pool, stride 2
Dense Block 56 x 56 [ 1% 1conv <6 ']x]cunv1x6 ]xlcunvﬁxé l)(lCOD\“xb
(1) | 3 % 3conv | 3% 3 conv | | 3 % 3conv | . 3 % 3 conv |
Transition Layer 56 x 56 1 x 1 conv
(n 28 x 28 2 x 2 average pool, stride 2
Dense Block 28 % 28 [ 1% 1conv ‘12 [ 1x1conv | v 12 1% 1conv | 12 1 % 1 conv | ‘12
(2) | 3 x 3 conv | 3 3 conv 3 x 3conv | . 3 % 3conv |
Transition Layer 28 x 28 1 x 1 conv
(2) 14 x 14 2 x 2 average pool, stride 2
Dense Block 14 x 14 [ 1% 1conv <24 [ 1x1conv | 32 1% 1conv | x 48 1 x 1 conv « 64
(3) | 3 x 3 conv | 3% 3conv | 3 % 3conv | 3 % 3conv |
Transition Layer 14 x 14 1 x 1 conv
(3) Tx7 2 x 2 average pool, stride 2
Dense Block 757 I % 1 conv < 16 1 x 1 conv ‘32 1 x 1 conv 32 1 x 1 conv « 48
(4) | 3 x 3 conv | 3 x 3 conv | 3 x 3conv | 3 x 3 conv |
Classification 1 %1 7 » 7 global average pool
Layer 1000D fully-connected, softmax

— BeposaTHOCTb ownMbKM (ImageNet Top-5):
6.7% (ogaHa mopenb), 5.3% (aHcamMb6nb)
- —80M napameTtpoB (DenseNet-200)

TMPA School 2018 Kostroma . 23
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MobileNet v1

Depthwise convolution

3x3 Conv 3x3 Depthwise Conv
BN BN
ReILU ReILU
1x1 éonv
BN
ReILU
— 28 cnoesB

— BeposTHOCTL ownbKKM (ImageNet
Top-5): 12.81%
—4.2M napameTpoB

https://arxiv.org/abs/1704.04861

Type / Stride Filter Shape Input Size
Conv / s2 3X3Ix3x32 224 x 224 x 3
Conv dw /sl 3 x3x32dw 112 x 112 x 32
Conv /sl 1x1x32x64 112 x 112 x 32
Conv dw / s2 3 X 3 X 64dw 112 x 112 x 64
Conv /sl 1x1x64x128 56 x b6 x 64
Conv dw / sl 3 x 3 x 128 dw o6 X 56 x 128
Conv / sl 1x1x128 x 128 96 x 56 x 128
Conv dw / s2 3 x 3 x 128 dw o6 x 56 x 128
Conv / sl 1x1x 128 x 256 28 x 28 x 128
Conv dw / sl 3 X 3 x 256 dw 28 x 28 x 256
Conv /sl 1 x1x 256 x 256 28 x 28 x 256
Conv dw / s2 3 X 3 % 256 dw 28 x 28 x 256
Conv /sl 1x1x256x 512 14 x 14 x 256
Ex Convdw /sl | 3 x 3 x512dw 14 x 14 x 512
Conv /sl 1x1x512x 512 14 x 14 x 512
Conv dw / s2 3 X3 x5l12dw 14 x 14 x 512
Conv / sl 1x1x512x1024 | 7x7x 512
Conv dw / s2 3 x 3 x 1024 dw 7TxT7x1024
Conv / sl 1x1x1024 x1024 | 7x 7 x 1024
Avg Pool / sl Pool 7 x 7 7xT7x 1024
FC/sl 1024 x 1000 1x1x1024
Softmax / sl Classifier 1 x 1 x 1000

4



MobileNet v2

Bottleneck residual block

| Add | carmv 1x1, Linear

| conv 1x1, Linear | T

T Dwise 3x3,
stride=2, Relub

Diwise 3x3, Reluf T

Conv 1x1, Relug

Corw 1x1, Relus

17 ot

{___ mput___:} ‘::___ IIE-IE____:-‘

EUid{E block Stride=2 block

Input | Operator | Output
hxwxk | 1xlconv2d, ReLU6 | h xw x (tk)
h x w x tk | 3x3 dwises=s, ReLU6 | 2 x % x (tk)
hxw xtk linear 1x1 conv2d b wxk
H %

TMPA School 2018 Kostroma B

Kaxxgasi ctpoka B Tabnuue — onnucaHue
CI10s1, KOTOPbIWM NOBTOPSIETCS N pas.

Input Operator t & ni|s
2242 x 3 conv2d - 32 1|2
1122 x 32 | bottleneck | 1| 16 |1 |1
1122 x 16 | bottleneck | 6 | 24 | 2 |2
562 x 24 | bottleneck | 6| 32 | 3 |2
282 x 32 | bottleneck | 6| 64 | 4 |2
282 x 64 | bottleneck |6 | 96 | 3 |1
142 x 96 | bottleneck |6 | 160 | 3 | 2
72 x 160 | bottleneck | 6 | 320 | 1 | 1
72 %320 | conv2d1x1 | - | 1280 | 1 |1
72 x 1280 | avgpool 7x7 | - | - 1] -
1x1xk | conv2d 1x1 | - k -

—ImageNet To4yHoCTb (Top-1): 74.7%
(cp. ¢ 70.6% pgna MobileNet v1)

—6..9M napameTpoB
http://arxiv.org/abs/1801.04381

25



Kak BbIOpaTb apXUTeKTypy cetn?

Model Size Top-1 Accuracy Top-5 Accuracy Parameters Depth
Xception 88 MB 0.790 0.945 22,910,480 126
VGG16 528 MB 0.715 0.901 138,357,544 23
VGG19 549 MB 0.727 0.910 143,667,240 26
ResNet50 99 MB 0.759 0.929 25,636,712 168
InceptionV3 92 MB 0.788 0.944 23,851,784 159
InceptionResNetV2 215MB 0.804 0.953 55,873,736 572
MobileNet 17MB 0.665 0.871 4,253,864 88
DenseNet121 33MB 0.745 0.918 8,062,504 121
DenseNet169 57MB 0.759 0.928 14,307,880 169
DenseNet201 80MB 0.770 0.933 20,242,984 201

https://keras.io/applications/
26



Mpobrnembl ConvNet

TMPA School 2018 Kostroma i 27



[Mpobnema marnbix obyyatowmx Bei6opok (1)

NMpumep: Pacno3HaBaHue undp «0» n «1» (MNIST)

<

— A —

|
o | /
o F———

0.8

Accuracy

0.7

= Top 10 (Leekasso)
- Deep Learning

0.6

0.5

I I I |
20 40 60 80

Training Set Sample Size
Bias/variance tradeoff

Leek “Don’t use deep learning your data isn’t that big”
28



O6yuyaTb CeTb HY>XHO NMpPaBUNbHO

@
S
=
©

w

—
S
<]

=
)

I
=
]
o)
©
=1
(&)
o

<

e

1.0 = - =z

0.9 Model

~e~ CNN
08

Leekasso
0.7 - MLP

- MLP (Leek)
06

0.5
20 40 60 80
Training Sample Size

tanh->relu

SGD gomxeH contuchb (20-50 anox HeaOCTAaTOYHO)

Ucnonb3oBaTb dropout

BaxeH nonb6op napameTpoB (HO napameTpbl No ymon4vaHuto B Keras — ok)

http://beamandrew.github.io/deeplearning/2017/06/04/deep_learning_works.html
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[MepeHoc 3HaHun (Transfer learning)

Learning Process of Transfer Learning HOOqu eéHune cetTm (fl n e't un | n g )

Learning Process of Traditional Machine Learning

Different Tasks Target Task

g
1 I
. .
Extract
1 I Pretrained [
CNN
|
T I
] ) (o
. . ; . T |
(a) Traditional Machine Learning (b) Transfer Learning iipal gt
Pretrained Model New Model

indice
OverFeat features — Trained classifier on other data sets [Razavian, Azizpour,

Sullivan, Carlsson "CNN features off-the-shelf: An astounding baseline for
recogniton”, CVPR 2014], http://www.csc.kth.se/cvap/cvg/DL/ots/

e mage classification ImageNet LSVRC 2013 competitive 13.6 % error
Dogs vs Cats Kaggle challenge 2014 state of the art 98.9%

obyect localization ImageNet LSVRC 2013 state of the art 29.9% error

e object detection ImageNet LSVRC 2013 state of the art 24.3% mAP

TMPA School 2018 Kostroma i
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Cxatune cBepToYHbIX ceTen (1)

[Han et al. 2016] Deep Compression: Compressing Deep Neural Networks with
Pruning, Trained Quantization and Huffman Coding — ICLR16 Best paper

* Pruning
'Han et al. 2016], [Molchanov et al. 2016]
* Distillation The Knowledge (FitNet)
Hinton et al. 2014], [Romero et al. 2014]
 Weights Hashing / Quantization
(Chen et al. 2015], [Han et al. 2016]
 Tensor Decompositions
Lebedev et al. 2015], [Kim et al. 2015], [Novikov et al. 2015], [Garipov et al.
2016]
* Binarization

[Courbariaux / Hubara et al. 2016], [Rastegari et al. 2016], [Merolla et al.

2016], [Hou et al. 2016]
« Architectural tricks

[Hong et al. 2016], [landola et al. 2016], [Teerapittayanon et al. 2016]
[Rassadin, Savchenko, 2017]

TMPA School 2018 Kostroma =8 31




CxxaTne cBepToYHbIX ceTen (2).
PacnosHaBaHune amouun (Radboud Faces Database, RaFD)

Training time
per epoch, ms

VGG-S (baseline) 43.7 372.2 97.13
SqueezeNet-1.1 ) o, 4.94 2.8 89.14
(baseline)

SqueezeNet-1.1,
CP-Decomposition

HashedNets 294.8 158.2 68.3 96.31

Binary-Weight-
Network (BWN)

XNOR-Net 84.3 34.2 11.6 58.81

XNOR-Net w/o
weights activation

22.94 7.74 2.1 87.5

83.8 33.5 11.6 98.57

34.1 11.6 88.32

[Rassadin, Savchenko, 2017]
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m-o—

L sign(V,J(0,z,y)) esign(V,J (6, z,y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence
x X:::;rml
o O I
O >< Original sample
O P Ny XX R Goodfellow I., Bengio Y., Courville A., Deep learning,
OV X - [Szegedy et al., 2014]
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fuf B \=\
RN LV YA3BMMOCTN CBEPTOYHbIX ceTen (2)

ImageNet

FGS_ (Fast 0.85/0.56/0.61 0.56/0.22/0. 0.88/0.53/0.6 0.92/0.01/0.0
gradient sign) 33 2 7
Black-Box 0.85/0.61 0.56/0.43 0.88/0.69 0.92/0.19
CIFAR-10 CIFAR-100
Attack Attack
0.79/0.03/ 0.81/0.05/0. 0.64/0.15/ 0.67/0.29/0.
0.36 43 0.36 43
Black-Box 0.79/0.44 0.81/0.51 Black-Box 0.64/0.41 0.67/0.38

[Mpy3oes, 2017]
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[leTekTnpoBaHne o0ObLEKTOB
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Onpepenutb nonoxeHue
(MpaAMoyronbHUK) K
METKY AN KaXaoro
obbekTa (13
onpenerieHHoOro
MHO>eCTBa KfiaccoB) Ha
n3oopaxeHuun

https://telecombcn-dl.github.io/2017-dlcv/slides/D3L4-objects.pdf

TMPA School 2018 Kostroma 36



http://tutorial.caffe.berkeleyvision.org/caffe-cvprl5-detection.pdf
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Nepebupaem pasHbie
NoJIoXKeHUs U pa3Mepbl OKOH

-

Knaccudukatop AomkeH ObITb
OYeHb ObICTPbIM!

TMPA School 2018 Kostroma

Knaccbl = [Kowka, CobakKa, YTKa]

Kowka (okHO(0,0,w,h))? Het
CobakKa (okHO(0,0,w,h))? Het
YTKa(okHO(0,0,w,h))? Her

]
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[pynnnpoBKa BbIXOAHbLIX MPSIMOYrONbHUKOB

KoadchdhmumeHT cxoncrtBa
Xakkapa (Jaccard)

Area of Overlap J

Area of Union

loU =

A wu B cuntarotca onuskumun ecnu JD(A, B) < eps (eps = 0.6..0.9)

* MOXHO NOCTPOUTb KNnaccCbl 3KBUBANEHTHOCTU (CBA3HbIe KOMMNOHEHTHLI B
rpache 6nmn3knx kaHauaartoB). U3 kaxxgoro knacca cpopmmpoBatb OAUH
npsaAMoyronbHUK (median, avg, ...)

* MoxHo ucnonb3oBaTb NON-Maximum Suppression: paccMoTpeTb BCe napbl

OnNn3Knx npsamMoyronbHUKOB (A,B), BbIOpaTb NPAMOYrofnibHUK ¢ 60SbLUMM
3Ha4vYeHuem confidence

TMPA School 2018 Kostroma
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MeTton Buonsbi-[>koHca

OAvH 13 nepBbIX AETEKTOPOB N1L B peXnume pearibHoOoro BpemMeHu — 15
FPS Ha Pentium Il

P. Viola, M. Jones. Rapid object detection using a
boosted cascade of simple features. CVPR 2001.

Multi-scale Sliding Window Detection Algorithm

Cascade Classifier

Adaboost Classifier

Haar Features
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Regions with Convolutional Neural Network features

R-CNN

warped region

3 — NPU3HaKu U3
: AlexNet
person? yes. 4 - SVM

: B KOHLe — non-
tvmonitor? no. | Maximum

1. Input 2. Extract region 3. Compute 4. Classify

aeroplane? no.

suppression
image  proposals (~2k) CNN features regions ~ (ANA Kaxporo
Krnacca)
Fast R-CNN Faster R-CNN with region proposal network
e \ Outputs: bbox | 2k scores | | 4k coordinates | . & anchor boxes
. DEEp . cls layer reg layer .
S conner solftmellx rt:zgressclar Y \ ’ & ay
R Rol . FC FC | 256.d l
prellin intermediate layer
layer [T FCs ' Y |:|
il Rol feature
feature map vector ... oo Shidkog wigdow

conv feature map

JGirshick et al, 2013], [Girshick et al, 2015], [Ren et al, 240116]
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One-shot detection (1). HanBHbIn nogxon,

100%

Classifier

10%

cat dog other

Layer 1
Layer 2
Layer 3
Layer 4
Layer 5
Layer 6

—> (100, 24, 243, 80)

Regressor

e
e =3

L ——

http://machinethink.net/blog/object-detection/
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One-shot detection (2). Fixed grid of detectors

Layer 1
Layer 2
Layer 3
Layer 4
Layer 5
Layer 6
Layer n

convolutional layers

13x13x125

25 BbixogoB ansa VOC (20 knaccoB):
20 anoCcTepuopHbIX

BEepPOATHOCTEN
4 bounding box

1 “object-ness” score

detector 1
for grid cell
(0,12)

e

aev

c©
2%
13 \

http://machinethink.net/blog/object-detection/
___ TMPASchool 2018Kostioma
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\J One-shot detection (3). Anchors (Priors)

Heckonbko (5) aeTektopoB AnA
06LeKTOB Pa3Hoii hopMbi! « SSD: pa3mepbl BbIOuparoTcs
3apaHee
* YOLO: k-means clustering
(obyyaeTcs Ha 3agaHHOM Habope
AaHHbIX)

"
£
o
v
&
>
o
a2

0.0 0.2 04 06 08 10
box width

http://machinethink.net/blog/object-detection/
a4
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One-shot detection (4). YOLO vs SSD

YOLO v2

YOLO v3

SSD

feature extractor

feature extractor

feature extractor

« B SSD HeT object-ness” score:
pobaBnsaeTca Knacc ¢poHa

TMPA School 2018 Kostroma
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Kak BblOpaTb getektop?

Model name Speed (ms) COCO mAP[*M] Outputs
ssd_mobilenet_v1_coco 30 21 Boxes
ssd_mobilenet_v2_coco 31 22 Boxes
ssdlite_mobilenet_v2_coco 27 22 Boxes
ssd_inception_v2_coco 42 24 Boxes
faster_rcnn_inception_v2_coco 58 28 Boxes
faster_rcnn_resnet50_coco 89 30 Boxes
faster_rcnn_resnet101_coco 106 32 Boxes
faster_rcnn_inception_resnet_v2_atrous_coco 620 37 Boxes
faster_rcnn_nas 1833 43 Boxes
mask_rcnn_inception_resnet_v2_atrous_coco 771 36 Masks
mask_rcnn_inception_v2_coco 79 25 Masks
mask_rcnn_resnet101_atrous_coco 470 33 Masks

- github.com/tensorflow/models/blob/master/research
Jobject detection/g3doc/detection_model_zoo.md46



o
>
>

: AN,

: s &

"_ &

o -
B
b ? :
; 2 ;’

] v

g Fownl

+

Pesyneratbl (1)

i

SSDLite+ Faster RCNN+ Faster RCNN+
MobileNet v2 Inception v2 InceptionResNet

400-500 mc 6000-7000 mc (6-7 c)
55 M6 250 M6 (nocne KBaHTOBaHUA: 68 MO)
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.

plant: 38%

¢ v?”i«'
fast food 74%

plZZG 00% et
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Pesynbratbl (2)

SSDLite+ Faster RCNN+
MobileNet v2 InceptionResNet

Faster RCNN+
Inception v2
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1 PesynbtaTthl (3)

>

O

e

SSDLite+ Faster RCNN+ Faster RCNN+
MobileNet v2 Inception v2 InceptionResNet

TMPA School 2018 Kostroma




?\A.
3,

P Y

=X Pesynbtatbl (4)

g > AR,
5 f -

SSDLite+ Faster RCNN+
MobileNet v2 Inception v2

Faster RCNN+
InceptionResNet
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