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. Deep learning
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Deep learning
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stcOH dyd ffdgdemBsH § (6O Mif istc @206 ® dzd ©

vl J yqodz des M tets Y lecdfte @O dilizy PJ 3" 2 ¢ dzOMmmd W

Hand-crafted ASi mpleo T
Feature Extractor Classifier

{ Ofr]l]’ SL &z0o Odzd j tej ud

W cosie
Gaussians

fixed unsupervised supervised

t O sL dzOo Odzed ] dL BBWOY J dzd 2

fH

Wi

i

K-means Sparse

SIFT HoG : Pooling Classifier gud
Coding
fixed unsupervised supervised
Low-level Mid-level
Features Features DLI-Teaching Kit

TMPA School 2018 Kostroma 7 4



G\ o Deep learning=Learning representations/features

I End-to-end learning / Feature learning / Deep learning
MOOCIsjtedz J HtedL dzOSCd wWodzwe lsimMw tBERZYOJ d3f
sBkzyoOjtfiiicdL dzOSE gz yOj 3" 2 C &zOMMdW d¢< Olstste

J—

? = «-ﬂu Trainable Trainable
-~ ‘ Feature Extractor Classifier

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

(S8 | @ | e v
&t S S Y

DLI-Teaching Kit, Zeiler & Fergus 2013 g
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[ dsetssBteOL ] OtndlsjChkte (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/

TMPA School 2018 Kostroma 3 6



[ scscBtOLd] OtodljSlkie (2)

Stellow = Deep
- Neuralnetworks I
D-AE
@
@
SYM
Sparse
GMM coding Bayes\P -~
O @
- Probabilistic models
DecisionTree
Supervised 7

S Supervised



C¥WJCl cdzkzedde

%)

Test accuracy

rdevlsj stoj dgdzd o j OO fiARES id B@EY I slstcj B o o
| S sdaj dzyd Bdz tztsd M ditg 2 s dzts o !
) teddkj . s &OMMdWYdSOydw dLsetcOy j ded 2

96.5 . Effect O.f Depth

96.0

95.5

95.0F

94.5+

©
>
=

93.0

92.5F

92.0

3 4 5 6 7 8 9 10 11
Number of hidden layers
TMPA School 2018 Kostroma }

Test accuracy (%)

Effect of Number of Parameters

97 - r I ] [
o L +— 3, convolutional ||
+—+ 3, fully connected

BT V¥ 11, convolutional ]|
9 - i
93 b *\+__+ i
92 J
91 ' ! L I |

0.0 0.2 0.4 0.6 0.8 1.0

Number of parameters x10%

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



R dzMIstclz d3j dzls '

R dznis gz a3 dzls cL" ¢ f tesc tcOd3dsd
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
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{ Mdaetso dz" | | fipg gi31p KatsoRjd2st@ts dadzts ConviNgt)s d  (

4o Jlss O Pooling (max, avg,é )
Input
a b a b
c d c d a b c d
g h g h
e f g h
Kernel
b i j k |
a b
P d
c d m n o p
q h
g h
Output
f(a,b,e,f) f(c,d,g,h)
ap +cq bp + dq
i Wz
cp+4q dp +gh f(i,j,m,n) f(k,1,0,p)

Output (Feature Map) » Ketkar fi D e eearningwithPy t hon o
11



49 j tolsts yipErt?

ON® (D

Only 3 unique Weights
All Unique Weights ¢ ¢

Ketkar i D e egarningwithPy t hono
12



4o B @] St dMStejlsdL OydW

' 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 i D e egarningwith Py t h o n 0
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1 d Bdese s diflssted d

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

Ust Ugq Uso chss Ucs
Usa

ASi ncpd IeFCg,mgex

cellso

G

U

A
Uo [l
£

input /
layer

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;; }at (x,y))
Nx23x23 d1d

Input Image
1x500x500 1x500x500

Toeeset

C1: 204041404 C3: 20x117x117 e

>
-

~’ : }at (xx,y«)

C5: 200x23x23 DLI-Teaching-Kit
15



1 d Bdese s dMPlssted d

atcnstic ea lion

¢ Yslstsd §swedddm’ :
A ImageNet [Fei-Fei et al. 2012]
i 153 dzdzd sdzO dL sBtc Oy J dad 2
i 1000C Ol jetsted?2 ( C &zOMmMmto)
A 1 v fyls te NIDIA Graphical Processing Units
(GPU)

DLI-Teaching-Kit
___ TMPA School 2018 Kostioma____________



o Cmdstf’ “lsj todzts

\. \ © (Y - "\ I‘ ) I | L |
\NEHE I )
%Il\ \ & 197 192 1:3‘ %7}:—4‘1 / ?_43 dense
\ N _ \ e \:\i’_-,_ /NN
224 . 5 ; . [ : _}.l? \,‘i . vg 1.4 / e

N \ ; £ - [P A 13 dense| [gense,

f‘{“' \ - + [ e . qi _ ‘ 1680
\&i Stnk Max 126 Max - . . ::;mg 2098 048

Jof 4 \ pooling pooling

# of transistors GPUs # of pixels used in training

)00 10 |IMAGE

| dzzB tsC OW dzj 2 tetsdzdzOVY Mmjls', BBlzyy dzdzOwW m { s
tcOMYf osmistc ©dzj dzd "NVIBAGBW gifvithdalDthe tricks Yann came up with
int he | ast 20 years, plus deopouto (Hint

I Top-5 Error rate: 15%. 1 tcj H ' Hstafe gfxhe art: 25%

sk dpargles W dzo2018] f W o d dzbigle+ Photo Tagginge  d3@0jL3

17
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ImageNetizC Iz to )

100%

90%

80%

70%

60%

50%

40%

30%

20%

10%

0% -

IMAGENET
Accuracy Rate

#Traditional CV @ Deep Learning

s g
U -
3] s !

®
s s

?

H

2010 2011 2012 2013 2014 2015

30

22.5

15

7.5

ILSVRC top-5 error on ImageNet

TMPA School 2018 Kostroma > E

2010 2011

2012 2013 2014 Human

Blue: Traditional CV
Purple: Deep Learning

Red: Human

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

ArXiv 2015

18



image

Conv64

VGGNet (Oxford visual Geometry Group)

Conv64

Conv128
Conv128

224 x 224 x 3 224 x 224 x 64

@ Convolution + RelU
¢ lin
( j Fully connected + RelLU Conv256
56 X 56 X 256 (f) softmax Conv256
/ 28 x 28 x 512 7x7x512
14 x 14 x 512
y 1x1x4096 1x1x1000 Conv512
I I —

Conv512

Convbs12

Convb512
Conv512

Tvsd? Ct5 MoxBiels Uafp Wdese s W dz stetse
il jteswilsdshils! Inmgeda Tog-5)(8%
fc-4096

i 138Mf OtcOdBj Istc 5 0

fc-1000

TMPA School 2018 Kostroma il
Softmax




GoogLeNet. Inception v1-3.

Pointwise convolutions: 1/1
convolution to reduce the

Filter Concat 1 number of channels

Inception block

5x5 3x3 1x1
i i i
1x1 1x1 Pool 1x1 iy
-~ = - | 1| — C—
1 v
Base Cout
C;

Christian Szegedy, https://arxiv.org/pdf1512.00567 pdf

Il JtesvwIsdets s v3t{ImdgmNeTop-5): 5.6% (5 H dz0@ d39,H3 %
(O dzm O 3B dz
I 256Mff OtcOd3j Istcts o
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TV
3N
3§, o
{2/ \<
= =]

\
ln// Residual Network (ResNet)

! A A A
" 3 q Tl (D) T i L (R T LRGSR LN R
! aig’ bl bbbt el il bt ik gt ik bk il i Eigh ik b ik il g e
U gudogpfopopupuodooogodordiduuy o
Residual block
I 50/101/152 fn dzts jdgj ME sdz! € s X
fno j i@ Sdsdets ¢ 5 o33 lst
batch norm, max/average pooling weight layer
1] J etsw Is dasshndsB lrjagdNet
Top-5): 4.5% (&5 H 20 BB Bpd 7 (X) lre'“ <
(O dzin O A3 Az’ weight layer dont
i 60MY Otc O3] Is Reshet-152 ldentity

TMPA School 2018 Kostroma i 21



Inception-ResNet

I Inception-ResNet v2

Softmax Cuipmt: 00
i Inception-ResNet block Grid-reduction block
Dropout (keep 0.8) e Relu activation |
T - K Filter concat
Average Pooling e
) T 1x1 Conv 3x3 Conv
e T (384 Linear) (320 stride 2 V)
5 x Inception-resnet-C =~ : - . 3x3 Conv 3x3 Conv f '
3x3 Conv (384 stride 2V) (288 stride 2 V)
T 1 (64) x3 Maxpod : I . I 3x3 Conv
Reduction-B st Ent7S 1x1(3f;<)>nv f _ (stride 2 V) (288)

| 3x3Conv 3x3 Conv ~ 1x1 Conv 1x1 Conv |
f (32) (48) {256) (256) 1x1 Conv

o f i _ (256)
: B Output: 171 7B56 1x1 Conv 1x1 Conv _

(32) (32)
Previous
Layer

Reduct A Duiput: 17 TeB5E

Relu activation |

S i1tdzjj 550 Mds] e

Ouiiput 35435x258

5 x Inception-resnet-A

il Jtesvwisdesmis! Inmgetflet Tog-5)(4.5% (5 H dzO
. o B H j )}B.7% (O dzfn © 3B dz!
T I 556Mff OtcOd3j Istcts @
D iusesc https://arxiv.org/pdf/1602.07261.pdf
22




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

il jtesvisdasmls! Inmyeda Tog-5)(
6.7% (s H dz0 B4+ BU(O dzin O s dz
i 8OM{ Otc O d3j l¢DetseNet-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
128Mdztsj o

il jteswisdsls:
Top-5): 12.81%

i 42Mf OO &R S o

https://arxiv.org/abs/1704.04861

Inmbetla S

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
><medw}'sl 3 X 3X512dw 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

L4



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

T 7 1
{___ 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)

h

2 x ¥ xtk linear 1x1 conv2d
H

TMPA School 2018 Kostroma B

s w x k!
%

SOYHOWY MietsC O thd fig@d
mMdzsw , Colstste” 2 ntff @slo Ist
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 -

I ImageNet Is ts y dzts (dpLl): 74.7%
( Mtc70.6% H dzMobileNet v1)
1 6.IIMYJ OtcOd3j Istcts @

http://arxiv.org/abs/1801.04381
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o' DDl j Skt fMjlsd?

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
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BOdz' mosBEBYREN dn

l od d3J to:

o

—

x
o

Accuracy
0.8

0.7

0.6

0.5

[ OMYf sL dzOo Odzd JMNSHW tc ¢ O e

V]

= Top 10 (Leekasso)
- Deep Learning

20

I
40

I
60

Training Set Sample Size
Bias/variance tradeoff

Leek

TMPA School 2018 Kostroma T
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) tsBdzj BO RO & SBRYBS h - of BSEES

BkyOl! mil! dlkzyds {§tbo dd dzts

1.0 p = = . =z

0.9 Model

-e- CNN
08 Leekasso
0.7 - MLP

~o— MLP (Leek)

Accuracy on Heldout Sample ¢ |

0.6

0.5
20 40 60 80
Training Sample Size

tanh->relu

SGDHtsdzy j dz M2 M4 520 dzj HisMIs Ols sy dats)

RMY sdz2 L =esodsit

l Oy jdz fsHBBt  OtcOd3] stetso  ( dzs {f Oke@siZjoR)te " |

1.
2.
3.
4.

http://beamandrew.github.io/deeplearning/2017/06/04/deep_learning_works.html

TMPA School 2018 Kostroma 29



1 j o] dzts ) Orde®feptparning)

Learning Process of Transfer Learning r B B B IZ -Ll' ,jfr]@dS@I{n e't un | n g)

Learning Process of Traditional Machine Learning

Source Tasks Target Task
] I
L] L
L] L J
. L
Extract
I Pretrained [
CNN
T I
] ) (o
. . ; . T |
(a) Traditional Machine Learning (b) Transfer Learning iipal gt
Pretrained Model New Model

indice
OverFeat f eat ures Y Tr ai ned datd sats [Raz&viae, Azizpaur, o t

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

e image cassfication ImageNet LSVRC 2013 compelitive 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
TP School 2018 Koswroma 30



) Olsfdg j tols sfiyjdds j=2 (1)

[Han et al. 2016] Deep Compression: Compressing Deep Neural Networks with
Pruning, Trained Quantization and Huffman Coding 1 ICLR16 Best paper
A Pruning
'Han et al. 2016], [Molchanov et al. 2016]

A Distillation The Knowledge (FitNet)
Hinton et al. 2014], [Romero et al. 2014]
A Weights Hashing / Quantization
(Chen et al. 2015], [Han et al. 2016]
A Tensor Decompositions
Lebedev et al. 2015], [Kim et al. 2015], [Novikov et al. 2015], [Garipov et al.
2016]
A Binarization
[Courbariaux / Hubara et al. 2016], [Rastegari et al. 2016], [Merolla et al.
2016], [Hou et al. 2016]
A Architectural tricks

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

TMPA School 2018 Kostroma il 31




) Olsfdg J tols smydds 2R (
t O sL dzO adgsdg@RPRdboud 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]
32



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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LW L o d dsipanistdls By Ods 2

(2)

ImageNet

FGS (Fast 85/ 0. ¢ 0.56/00.88/0. 09. 01/

gradient sign) ' 3 3 2 7

Black-Box 0.85/0.¢0.56/00.88/0. 09. 19
CIFAR-10 CIFAR-100

Attack Attack
VGG-16 | ResNet-50 VGG-16 | ResNet-50

O. 79/ 0810. 05
HeiE O. 36 4 3
Black-Box 0. 79/ 0810. 51

TMPA School 2018 Kostroma = B

0.64/0.15/ 0.67/0.29/0 .
0. 36 43

Black-Box 0.64/0.41 0.67/0.38

[l tlzL HR(J13],
34



[JsjSdieso Odedj BB jCIsts

TMPA School 2018 Kostroma o 35




l sMisOdzsa € O L OH OYd

{fteyH]jddls! {§ sdzsy
(fewRBskzesdz dzd &) d
Ry IsCk HEZW COYHBGTE
sBl JCIO (dL

s tej HJ dzj dzdzts G 5
dzdztsy J Mlso © ¢ d&zOMMBso
dLsBtcOy j dad d

https://telecombcn-dl.github.io/2017-dlcv/slides/D3L4-objects.pdf
36
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t OMYf sL 209 Odzedy ( S dZ2OMMdV JES OYdw) d HJIsg &

http://tutorial.caffe.berkeleyvision.org/caffe-cvprl5-detection.pdf
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[ JIsd SIsdsaOdzdj Bl jJCIstssa CO¢C L OHOYO ¢ dzC

Knaccbl = [Kowka, CobakKa, YTKa]

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

YTKa(okHO(0,0,w,h))? Het
e

L.

) jtojBdtcOj d5 tcOL dzr j #
f sdzsy j dedV d tOL B ter

-

s zOMMdW d<¢ Olststc Htsdzy §
syj dz@ B'" Miste’ d3!

i
I TE

B
‘ .
- o —
.
& 3
B 5 el - §
- ‘
. ‘ :
v -
k]
L '
4 .
i
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Jeff JiesoC O o' AsHdy & W Bsketd! dzd € o

wdydj dzls MmatHMIS
{dacxard)
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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

aeroplane? no. 3iftedL dzO¢C
' AlexNet

person? yes. 41 SVM
: I S tsdzman-
- | tvmonitor? no. | Maximum
1. Input 2. Extract region 3. Compute 4. Classify SUPPression
. . w
1mage proposals (~2k) CNN features regions (H dz ¢ OYH
C zOf MO
Fast R-CNN Faster R-CNN with region proposal network
1 \ Outputs: bbox | 2k scores | | 4k coordinates | < k anchor boxes
' DeeF) ; cls layer reg laver .
&4 | ConvNet so[ftmellx fEEIEa0 ey \ ’ & lay
st Rol ' FC EC | 2564 l
pooling . )
layer | FCs ' intermediate layer
- ]
| Rol feature
feature map vector For each Rol sliding window

conv feature map

JGirshick et al, 2013], [Girshick et al, 2015], [Ren et al, 240116]
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One-shot detection (1).1 ©doe dzr 2 f SH - BH
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http://machinethink.net/blog/object-detection/
42
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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

416x416x3 convolutional layers

13x13x125

259 S fSH 50 VOCH0 ¢ dzO fiy Iy

A20 Oftsflsjtedstsds o
o oW Isdasflsj 2

A 4 bounding box

Aliobj-redsdo score

detector 1
for grid cell
(0,12)

13

http://machinethink.net/blog/object-detection/
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One-shot detection (3). Anchors (Priors)

| S tsdz S5 (5) HJls

i Clistese M dzw.

i jClstse tOL dzls? Btedgg.ssutGOL_d_ﬁtGr o' BqELO*
L Otc O dzj J

A YOLO: k-means clustering
(sBlkZYyojlsmw dzO L OHC

H Odzdz" ~ )

10

0.0 0.2 04 06 08 10
box width

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

YOLO v2 feature extractor

*
YOLO v3 feature extractor
SSD feature extractor

A | SSD dzj Gbject-n e s scbre:
HsSBOodzWw jIsipw C dzOMMm W sdz0
http://machinethink.net/blog/object-detection/
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BicOls! Hjlsj Clsste?

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_zo0o.md46
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SSDLite+ Faster RCNN+
MobileNet v2 InceptionResNet

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