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. JeTekTupoBaHue 00HLEKTOB
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OCHOBHbIe 3aa4u KOMMbIOTEPHOro
3peHus
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Ounctka n3o00paxxeHui oT Lyma

e ‘%“v\*;;r

'f 14

https://www.mathworks.com/help/wavelet/examples/denoising-signals-and-
images.html
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Pacno3sHaBaHne nsodbpaxeHum

(a) Siberian husky (b) Eskimo dog

JleTHsis Wikona MawmHHoro obyyeHus LIPT, CaHkT-letepbypr, 2017 5



CemaHTn4yeckasi cermeHTaums

building tree
classes

bicycle = flower bird

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017
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\\\\\_// BoccTtaHoBnenne 3D mogenu no n3obpa)keHHUo

lNpeackasaHue OpwurunHanbHasa 3D

. » OwunobkKa
HeMpoceTeBOU Moaenu Mopenb

[PaccagouH, 2017]
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TekcToBOE onncaHne n3odbpaxeHum

A person riding a
motorcycle on a dirt road.
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Two hockey players are fighting

A group of young people
over the puck.

playing a game of frisbee.

A close up of a cat laying
on a couch.

A herd of elephants walking
across a dry grass field.

Somewhat related to the image

A little girl in a pink hat is
blowing bubbles.

A red motorcycle parked on the
side of the road.

A dog is jumping tc »
frisbee.

A refrigerator filled with lots of
food and drinks.

A yellow school bus parked in
a parking lot.

http://arxiv.org/abs/1411.4555 “Show and Tell: A Neural Image Caption Generator”

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017




[MepeHoc cTuns

https://arxiv.org/abs/1508.06576 “A Neural Algorithm of Artistic Style”

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017




Metoa Buonbi-[1)xoHca

(no maTtepunanam B. NnucapeBckoro, pykoBoauTtesia NpoekTa
OpenCV, Intel)

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 11
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\»\)\/\I.I) // [eTtekTnpoBaHne ob6bLEKTOB. [MocTaHOBKA 3agauu

Onpepenntb nonoxeHue
(npsiMmOyronbHUK) n
METKY AN KaXaoro
obbekTa (13
onpenesrieHHOro
MHOXeCTBa KJlacCcoB) Ha
n3obpaxeHnu

https://telecombcn-dl.github.io/2017-dlcv/slides/D3L4-objects.pdf
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http://tutorial.caffe.berkeleyvision.org/caffe-cvpr15-detection.pdf

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 i 13



Knacchbl = [Kowka, CobaKa, YTKa]

Kowka (okHO(0,0,w,h))? Her
CobakKa (okHO(0,0,w,h))? Het
YTKa(okHO(0,0,w,h))? Her
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Nepebupaem pasHble
NosioXKeHUs U pasMmepbl OKOH
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Knaccudukatop oomnxeH ObITb
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NMupamupa + huKcnpoBaHHbIU pa3mep

OKHa:

1. HyXHO HaTpeHMpoOBaTb TONMbKO
OAUH KnaccudukaTop Ha KaxabIu
Knacc.

2. Ha BepxHuUx cnosix nmpamugbl
MeHbLUe No3nLnUN OKHa —
3KOHOMUM BbIYUCTIEHUSA

Y e 3. ®PukcmpoBaHHOe COOTHOLUEHUe

: 3 ) e ,-,. , CTOpOH: ok Ans nuu, noutu ok ans

> ‘“\ X newiexonos, He ok — AnNA mMaLvH
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[etekTnposaHue nuy, (1)

MeTton Buonbi-[I>koHCa — 0OAUH N3 NepBbIX AEeTEKTOPOB Sl B peXume
peanbHoro BpemeHu — 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

3
INeTHas wkona matumHHoro oby4veHus LIPT, CaHkT-lletep 16



[etekTnposaHune nuy, (2). Punetpbl Xaapa

TpeHunpoBo4Has Bbibopka: 10000 nuy npuBeaeHHbIX K pasmepy 20x20,
NMPUMEpPHO CTOSNbLKO Xe He-nuny 20x20.
Onsa okHa 20x20 Bcero nopsigka 40000 npusHakoB Xaapa

|| )

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 17



HetektnposaHune nuy (3). AdaBoost

e Given example images (z1,¥41),..., (Zn,y,) Where y; = 0, 1 for negative and
positive examples respectively.

e Initialize weights w; ; = oY) )L, for y; = 0,1 respectively. where m and [/ are
the number of negatives and positives respectively.

e Fort=1,...,T:

1. Normalize the weights,

Wi i
zll

j=1 'lUf.j

Wt

_/

so that wy is a probability distribution.

2. For each feature, j. train a classifier ~; which is restricted to using
a single feature. The error is evaluated with respect to w;. €; =
>iwilhj(@i) — yil.

3. Choose the classifier. h;. with the lowest error €;.

4. Update the weights:

1_..
Wii1,i = wi i

where e; = 0 if example z; is classified correctly. ¢; = 1 otherwise, and
,."3f =

€t

1—eg”

e The final strong classifier is:

h(z) = {

T
1>, aphy(x)
0 otherwise

N=(10000 nuu, + 10000 He-nunL)

g n,,

\ K=40000 dpuy

LWar 2 sbinonHaetca 3a K*O(N) !!!

where a; = log %

JleTHsis Wikona MawmHHoro obyyeHus LIPT, CaHkT-letepbypr, 2017 i
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All Sub-windows

F

F
Reject Sub-window

Viola, Jones, 2001

« Kaxpgbin fi HatpeHupoBaH ¢ ~1 (0.999) hit-rate n 0.5 false positive rate.

« Onsa TpeHUpoBKU Kaxaoro fi otoupaem TonbKo caMnnbl (MO3UTUBHLIE U
HeraTUBHbIE), KOTOpble npownu Bce npeabiaywme 1...fi-1.

* Pesynbrupyrowmm knaccudukartop m3 20 cragum ovyeHb To4HbIU: hit-rate
0.99920 = 0.98 un false alarm rate 0.5%° = 10-6!

* OuyeHb ObICTpbIN: oTKMAbIBaeT ~90% KaHAMAATOB Ha NepBbIX 3 CTaauAX

* CnoXxHo HabpaTb AOCTAaTOYHO HEraTUBHbLIX MPUMEPOB AJ1A TPEHUPOBKU

KaXXgou ctagum Knaccudukartopa
19




KoachduumeHT cxoacrtBa

Xakkapa (Jaccard)

Area of Overlap
loU =

Area of Union

Y ”
\v‘;h ,

A u B cuntarorca onuskumm ecnu JD(A, B) < eps (eps = 0.6..0.9)

* MOXHO NOCTPOUTH KIlacCbl 3KBUBANEHTHOCTU (CBA3HbIE KOMMNOHEHTbI B
rpacde 6nmM3knx KkaHampartos). N3 kaxxaoro knacca ccpopmmpoBaTb OAUH
npsaMoyronbHuK (median, avg, ...)

 MoxHO ucnonb3oBaTb hon-maxima suppression: paccMoTpeTb BCe napbl
Onuskux npamoyrosribHUKOB (A,B), BbIOpaTb NPAMOYrofibHUK C 60NbLUINM
3Ha4yeHuem confidence

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 20



HetektnpoBaHne nuy (6). LBP npusHaku

LBP
«Cnabbin»
(Face Image) l knaccudumkaTop
‘ onpeaenseTrcs
M M npusHakom fi(x) —
; HOMEpPOM 3reMeHTa
1 (Feature Histogram) rmcTorpamMmmbli, MOPOrom
n onepaumeun (MeHbLue/
LBP | ©Oonble)
http://cs229.stanford edu/proj2008/Jo- hi(x) = { L if pifix) < p;®;
FaceDetectionUsingLBPfeatures.pdf J (0  otherwise

* Bce BbluuCneHns LUerio4YUCNeHHbIe

 Bcero gnsa okHa 20x20 umeetca = 4000 LBP douny Bmecto 40000 chuy Xaapa

 Ha iphone kackapg Ha LBP chunuyax pabotaet B 10 pa3 6bicTpee Xaapa, Ha
HOyTOyKe — B 2-3 pa3a ObicTpee, 3aHMMana B 20 pa3 MeHblLUe NaMATH

 TouyHocTb LBP no cpaBHeHMI0 ¢ npn3Hakamu Xaapa oObIYHO HUXe

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 21



HetektnpoBaHune nuuy (7). NMpumep nporpammHoro koga B OpenCV

YHADEPCHTET

H{I.HOBbILI.IeHVIFI TOYHOCTU MOXHO OeTeKTUpoBaTb obnacTtb rnas BHYTPU Jinla
at img_gray,

cvtColor( matimage, img_gray, CV_BGR2GRAY ); n
equalizeHist(img_gray, img_gray);

std::vector<Rect> faces; c u

face_cascade.detectMultiScale(img_gray, faces,1.3, 2, OpenCV
CASCADE_DO ROUGH_ SEARCH|CASCADE_SCALE_IMAGE, Size(30, 30)):

for(inti = 0; i < faces.size(); ++i ){
Rect& r = facesi];
std::vector<Rect> eyes;
cv::Mat faceROIl = img_gray (r);
eye cascade. detectMultiScale(faceROl, eyes,1.1, 2,
CASCADE_DO ROUGH_SEARCH|CASCADE_SCALE_IMAGE, Size(30, 30));

if(leyes.empty()){
//do something with face r
}

JleTHsis1 Wikona matumHHoro obyyeHus LIPT, CaHkT-letepbypr, 201 22



|El,eTeKTI/IpOBaHI/Ie ob6beKkToB APYyrnx KriaccoB

« Haar/LBP npun3Haku He noaxoaaT Ans pa3HOTEKCTYPHbIX OOBLEKTOB
 bonee TouyHble pe3ynbTraTthl Nony4arwTca ¢ nomouwbio HOG

deTtekTupoBaHue newexonoB

@

/P
T Score of F at position p is
HHHH F-¢(p, H)
- ¢(p, H) = concatenation of
= H HOG features from

HOG pyramid H subwindow specified by p

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017

(a) The average gradient image over
the training examples. (b) Each
“pixel” shows the maximum positive
SVM weight in the block centred on
the pixel. (c) Likewise for the negative
SVM weights. (d) A test image. (e) It’s
computed R-HOG descriptor. (f,g) The
R-HOG descriptor weighted by
respectively the positive and the
negative SVM weights.

Dalal, Triggs. Histograms of oriented
gradients for human detection (2005)

Ucnonb3ayloTca nupamuabl
CKonb3swee oKkHo. OKHO
pa3buBaeTcAa Ha 6NMOKK, war
cABUra oKkHa KpaTteH 6noky.

23



N BHOBb OETEKTUpoBaHune nny

HOG pab6oTatoT n ana nuu!
Hib C++ Library ot =
dets, scores, idx = detector.run(img, 1, -1) I A S T A A
for i, d in enumerate(dets):

print("Detection {}, score: {}, face type:{}".format(d,
scoresJi], idx]i]))

HOetekTop nuy B Dlib
HaMHOro To4yHee
OpenCV, HO B
HeCKOJIbKO pa3
MeaneHHee

https://www.youtube.com/watch?v=LsKOhzcEyHI
JleTHsis1 Wikona MatumHHoro obyyeHus LIPT, CaHkT-letepbypr;
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Mopenun coopmbl

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 i 25



I'IapameTpl/NeCKl/le KOHTYPHbIE MOAESN d)OprI

lNpeactaBneHune popmbl. To4kun 611]l<lr3KVI K Kpasam (edge)
Landmark points W=[w,,...,w,] Pr(x[W) H exp [~ (dist [x, Wy])?]
n=1
%
= argma.x [Pr(W|x)] = argmax [Pr(x|W)Pr(W)]
A%
N

Pr(W) « H exp [a space[w, n] 4+ B curve[w, n]

space|w,n| = (17.5) ~ oAHaKoBoOe
N T 2 pacCTosAHUe
B (Zn:l \/(Wn - w;LV_I) (Wn = Wn_l) o \/(W'n, — Wn—l)T(Wn — Wn—l)) 3 Me)l(ﬂy TOYKaMun

curve[w, n] = —(Wp_1 — 2Wy, + Wpt1)T (Wn_1 — 2W,, + Wpi1)— KOHTYP AOMMKEH ObITb rnagkum

Ponce «Computer vision: models, learning and inference»
26



I'IapameTpl/NeCKl/le KOHTYPHbIE MOAESN (bOprI

Problem 1

Cannot specify
shape

Problem 2
Cannot adapt

Problem 3

Does not model
articulation

JleTHsis1 Wikona MatumHHoro obyyeHus LIPT, CaHkT-letepbypr; 201

to shape variation

Template model

Statistical shape models

)
&\
B
N
./

Articulated models

Ponce «Computer vision: models, learning and inference»

Problem 4

2D model
only

Problem 5

Doesn't model
texture

Problem 6

Linear model

3D shape models

Active appearance models

-

Non-linear shape models

27



Active shape model

Subspace shape model
w, = p+®h;+e  Priw) = /Pr(wﬂh,;)Pr(hi)dhi = Normy, [, @7 + 021).

BbipaBHMBaHUe KOHTYPOB B oby4arLem MHoXecTBe (Procrustes analysis)

c) d)

A
}

N . 2
i argma {m‘lz}x {Z (_ (dist [x;, trans[u,, + ®,h, ¥]]) ) 4 log[Normh[O,I]]”

o2

F N A
h = argmax Zlog[Pr(ynlh),‘I’]+10g[P7‘(h)]]

h  n=1

N

= argmax — (yn — trans[p,, + ®,h, ®))? /o? — log[hTh]]

h

Tnitial 2 iterations 6 iterations

n=1
Ponce «Computer vision: models, learning and inference» & [Cootes, 1995]

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 28



Deep learning

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 i 29



Hand-crafted “Simple” Trainable
Feature Extractor Classifier

PacnosHaBaHue peuu

Classifier gmd

supervised

unsupervised
Pacno3HaBaHune n3oopaxeHuwu

K-means Sparse

SIFT HoG Classifier pmd

Coding
fixed unsupervised supervised
Low-level Mid-level
Features Features DLI-Teaching Kit

JleTHsis Wikona MawmHHoro obyyeHus LIPT, CaHkT-letepbypr, 2017 30



TR %
'\\I.I) //' Deep learning=Learning representations/features

— End-to-end learning / Feature learning / Deep learning
O6yyaemMble npu3HaKu + odby4yaembin Knaccudukartop

Trainable Trainable
Feature Extractor Classifier

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

‘/f:\j‘b = ‘ ﬁ}/l

DLI-Teaching Kit, Zeiler & Fergus 2013

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017




HA

N
\I.!) /jl VHCTPYMEHTb!

UHCTPYMEHT #F3bIK nporpaMmmMmumnpoBaHuns
Tensorflow Python, C++

Keras Python

Theano Python

Caffe C++, Python, Matlab

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

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

Misc (deeplearning.net/software _links/)

0 0byyeHus LIPT, CankT-Metepbypr, 2017
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MHoroobpasune apxutektyp (1)

A mostly complete chart of

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

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

Input Cell ©2016 Fjodor van Veen - asimovinstitute.org
&) Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) @) -8R

Hidden Cell NG NI NN
® Hccence ,,A‘,,A‘,,A‘,,A‘,,A},
© rrobablistic Hidden Cell
. Spiking Hidden Cell Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM) Gated Recurrent Unit (GRU) O

- - (- - )

Output Cell
@ watchinput Output cell {";‘\\";‘{ é\,.ié\,.i‘i ‘(\'.i‘(\"i‘i Deep Residual Network (DRN) Kohonen Network (KN)
. Recurrent Cell B 5565 8
. Memory Cell Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Different Memory Cell

W/ INZAN
Kernel K v
/

© Convolution or Pool Extreme Learning Machine (ELM) Echo State Network (ESN)

A i AN AATIEAA
W/ W/
Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)
- 2NN
Q A A A
S S NAWZa\W/Zaa\

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

Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN) ’
~ ~~ ~
vy i ~a N
O a0 O O ‘
X575 /O\o/ \O/O ~o
’ ~Nas S~ ~Na
o o

~ O\

[ X I XIXIX]
O

[ XXX X]

, http://www.asimovinstitute.org/neural-network-zoo/
____Jlerwss wKona wawmkHoro obysenus LIPT, Cankr-Tletepdypr 2017 33



MHoroobpasune apxmtekTyp (2)

Shallow

Boosting Neural networks Neural-net
® Ae D-AE ®
Perceptron ® PS Conv. Net

@
SVM
Sparse
GMM coding BayesNP
@ @
° Probabilistic models
DecisionTree

Supervised Supervised

Deep

34



O DEKT rmyOuHbl

Ana TeopemMbl yHMBepcanbHOW annpoKCUMauuum MOXeT noTpedboBaTbLCA
3KCMOHEeHUnanbHO 60sbLlOe YNCIIO HEMPOHOB!
NMpumep. Knaccudumkauma nsodpaxeHMn HomepoB AOMOB

Effect of Depth Effect of Number of Parameters
' ' l ' 97 | | | | |
+— 3 convolutional

+—+ 3, fully connected

96.5 T T

[N=J
(@)
T

96.0

&\
95.5 5 B V-V 11, convolutional ||
:;1: 94 - -
95.0 Q
S St — .
n
& 945 0
H
g 9 .
9
S 94.0 01 | | | | |
é 0.0 0.2 0.4 0.6 0.8 1.0
93.5 Number of parameters x10°

93.0f

92.5+

Goodfellow et al 2014,
| , | | , , Goodfellow I., Bengio Y., Courville A.,
4 5 6 7 8 9 10 11 Deep learning

Number of hidden layers

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 35
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PyHKUMN NoTepb (loss)

3apava PYyHKLUUA aKTUBaLUU PyHKLUA NOTEPb
nocnegHero crnos

Perpeccus IlnHenHaga KeagpatnyHaa (MSE)
BuHapHas Curmonga p(D|9)=ﬁf(x“9)y, (1= (x,0))"
Kraccungoumkaums i

§ = o(2) Negative log likelihood (NLL) —

BuHapHasi Kpocc-aHTpONUA
_Zyilogf(xi’9)+(1_yi)10g(1_f(xi’e))

MHoroknaccoBaga | Softmax KaTteropunarnbHaga Kpocc-
krnaccndounkaums exp(z;) | OHTpPOMUSA:
softmax(z); = . S loesof v loof(x. .0
Zj exp(zj) —E 0gs0 tmax(zj)yj =—Eyj ogf(x;,0)

j=1 j=1

NMpousBogHass yHKUMM MNOTepb MO Z NpPoONopLUMOHaNbHa pPa3HOCTU BbIXoAa
CeTn 1 ugeanbHOro oTBeTay.

MSE loss ans 3agayd knaccudukauum He noaxoauT — NnponsBoaHas 3artyxaert!
36



CDyHKLI,I/II/I adKTnBaUWUWN CKPbITbIX CI10€EB

TpaAUUMNOHHDbIE
JIlornctnyeckasa curmoupga tanh

1.0F 10}
08F osh
061 i

CdBpemeHHble RelLU-based
ReLU(Rectified Linear Unit) Parametrized ReLU Randomized RelLU

L
=10

Yi=1;

[ — .

Yi = aiZi

' y:,,= @;iT;i
LU Leaky ReI:U/PRcLU Randomized Leaky ReLU
http://lamda.nju.edu.cn/weixs/slide/CNNTricks slide.pdf

PRelLU - http://arxiv.org/abs/1502.01852
37




Pexxum obyyeHus: Batch vs Stochastic

 Batch — pyHKUMA noTepb cuuTaeTcs Afis BCcex NpMmMepos

— MenneHHo

— Hanbonee To4yHas oueHKa rpagmMeHTa (pyHKUMM noTepb

« Stochastic — pyHKUMA noTepb cuMTaeTca Ans BblIOpaHHOro Hayrag
npumepa

— OyeHb bbICTPO

— OueHka rpagueHTa yHKUMM NoTEPb HETOYHAS

« Mini-Batch - QyHKUMA noTepb cuyunTaeTca ANSA HECKONMbKUX
BblIOpaHHbIX Hayrag npMmepoB

— OTHOCKTESBHO DObICTPO

— OueHka rpagmeHTa yHKUUKM NoTepb AOCTATOYHO TOYHad, ocobeHHO ans HabopoBs

OaHHbIX C MOBbILWEHHON U30bITOYHOCTLIO (redundancy)

B Teopuu:

— TOYHOCTb OLEHKM rpagueHtTa yBeriM4mBaeTCA MNPONOPLMOHANIbHO
KBagpaTHOMY KOPHIO U3 Yucna npumMmepos

— BpeMS BbIYUCNEHUN pacTeT FIMHENHO

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 38



BE\ gradient of
O—m—mNM T(D objective function

DLI-Teaching-Kit [ k %
weight vector learning rate
E(m) E(w) 10
]| \/ [ :
(0] l )
T - —-10
n<n opt N =Nopt
—20
E(w) E(o)
\ \
—-30
* -30 —-20 -10 O 10 20
w ®
N > Nopt N>2Mam

Require: Learning rate €.
Require: Initial parameter 6
while stopping criterion not met do
Sample a minibatch of m examples from the training set {z(1, ...,z (™} with
corresponding targets y®.
Compute gradient estimate: g +7—1nV 0>, L(f (z(); 8),y®)
Apply update: 6 + 0 —€g
end while

Goodfellow I., Bengio Y., Courville A., Deep learning
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DAA

< \
2 o
oy 3 =
Zl
ENbCOA

AL /j Ob6yueHune cetun (2). Aoantaumst CKOpocTn obyyeHus

ni
WBEPCHTET

AdaGrad, AdaDelta, RMSProp, Adam, AdaMax, Nadam,...

NMpumep: RMSProp

Require: Global learning rate €, decay rate p.
Require: Initial parameter @
Require: Small constant 6, usually 107%, used to stabilize division by small
numbers.
Initialize accumulation variables » =0
while stopping criterion not met do
Sample a minibatch of m examples from the training set {m(l), R (m)} with
corresponding targets 'y(i).
Compute gradient: g + T—}L Ve > L( f(x®; ), y(i))
Accumulate squared gradient: r < pr+ (1 —p)g® g
Compute parameter update: AQ = —ﬁ‘ O®g. (ﬁ applied element-wise)
Apply update: 6@ < 6 + A8
end while

Goodfellow I., Bengio Y., Courville A., Deep learning
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dL L
dx

dL

dy

dLdz

dz dx

A

df =

dLdz
dz dy

MoxeT ObITb peanu3oBaH Ansa yHKUMNA, NpeacTaBnsieMbiX B BUAe KOMMNoO3nuum
NPOCTbIX OGa3nCHbIX (PYHKUMKU — aBTOMaTuyeckoe pauddepeHumpoBaHue

(AdaGrad, Theano, Tensorflow,...)

Goodfellow I., Bengio Y., Courville A., Deep learning

JleTHsis Wikona MawmHHoro obyyeHus LIPT, CaHkT-letepbypr, 2017 41



Mpumep: ceTb NpssMOro pacnpocTtpaHeHns (1)

NMpsamon npoxon

Require: Network depth, [
Require: W(i),i € {1,...,1l}, the weight matrices of the model
Require: b\, ¢ {1,...,1}, the bias parameters of the model
Require: x, the input to process
Require: vy, the target output
for k=1,...,ldo
a®) = pk) L wkp(k-1)
h(k) = f(a®)
end for
i = h()
J = L(g,y) + 2X(0)

Goodfellow I., Bengio Y., Courville A., Deep learning

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017
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MpuMep: ceTb NPSAMOro pacnpocTpaHeHns (2)

OGpaTHbIN npoxoa

After the forward computation, compute the gradient on the output layer:
g+ VyuJ =V L(7,y)
for k=10,1—1,...,1do
Convert the gradient on the layer’s output into a gradient into the pre-
nonlinearity activation (element-wise multiplication if f is element-wise):
g+ VawJ =g0o f'(a®)
Compute gradients on weights and biases (including the regularization term,
where needed):
Viwd =g+ AV Q(0)
Vwrd =g Rk—DT 4 AV ) 2(0)
Propagate the gradients w.r.t. the next lower-level hidden layer’s activations:
g < Vpw-1nJ = w k)T g
end for

Goodfellow I., Bengio Y., Courville A., Deep learning
43



(a) Standard network

(b) Dropout network

Figure 3: Comparison of the basic operations of a standard and dropout network.

(?)
T3
zz(l—{—l) — (l-l-l) l+b(l+1) S;(l)
(D)

I+1 I+1
y = f(z< ) e _

Srivastava et al.
JleTHsAA WKona MaluMHHOro 0byyeHust LI,PT CaHkT-etepbypr, 2017

~J

Bernoulli(p),
r) s y®.
(l+1)~l +b§l+1),

f(~ (l+1))

, Dropout: A Simple Way to Prevent Neural Networks from Overfitting, 2014
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Perynapusauma. Dropout (2)

%0
055

0 @é°
Y
o3o

9

o

HE)

9@
9
8

©

©

Base network

o
%2 ¢

0,6
@@ O

Ensemble of Sub-Networks
Goodfellow I., Bengio Y., Courville A., Deep learning
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CBepTOYHbIe HEUPOHHbIE CeTH

JleTHsis Wikona MawmHHoro obyyeHus LIPT, CaHkT-letepbypr, 2017 46



ut
a b a b
c d c d
g h ] h

Pooling (max, avg,...)

Kernel
a b
p
c d
q
a h

bp +dqg %

cp +4gq dp +gh

Output (Feature Map)

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017

Input

b c

f g

i k

n o]

Output

f(a,b,e,f) f(c,d,g,h)
f(i,j,m,n) f(k,l,0,p)

Ketkar “Deep Learning with Python”
4




CBepTOYHbIN cnon

Only 3 unique Weights
All Unique Weights c c

Ketkar “Deep Learning with Python”
48
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\\_ /j CBepTKa-AeTekTop-NynuHr

' Convolution-detector-pooling block

L] []

Feature Maps

Complete ConvNet

Output

|

Fully Connected NN

Pooling
Detector
Convolution (Multiple Kernels/Filters)

Pooling (Max)

A A

1 1

[ |

Detector (ReLU)
Sum across Channels
/ N / AN
V4 N\ ¥4 AN
/ N

Pooling
Detector
Convolution (Multiple Kernels/Filters)

X 7
\ /
\ / Convolution (6 2D Kernels)
\ ;|

TleTHsAa wkona mawmHHoro obyyerus LIPT, CankT-Tetepbypr, 2017

Input

Input

Ketkar “Deep Learning with Python”
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HemHoro ncrtopum (1)

[Hubel & Wiesel 1962], Cognitron & Neocognitron [Fukushima 1974-1982]
Ust Ugq Us2 s Uss Ucs

A A 5

“Simple cells” “Complex

cells”

C
)

X

input

W
NV S
Vo=

gt

Iayecr:ontrast @/ ﬁ A B Multiple pooling
extraction ~ & recogr}:;?enr convolutions subsampling
Unb e
’ [LeCun et al. 89], [LeCun et al. 98]
L Convolutions w/ Pooling: Convs: Pooling: Convs: : ;
oy 20000 2w 80T G G postons

Q }at (xi,y)

G [t (x,y1)

Input Image Normalized Image
1x500x500 1x500x500

C1:20x494x494

B[} at (e

ping =

C3: 20x117x117

C5: 200x23x23 DLI-Teaching-Kit

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 i 50



HemHoro ncropum (2)

A NoToM NOABUIIUCD:

' Matchstick _Seaion

 ImageNet [Fei-Fei et al. 2012]
— 1.5 MMnnuoHa nsoopaxeHuwu
— 1000 xaTeropumn (KnaccoB)

 bBbicTpble NVIDIA Graphical Processing Units
(GPU)

— 1 TPUNNUOH onepauunmn/cex.

A Snvipia [
»

[ llﬂllllllll[lllllllllllllluumlmmnmvmmrm:‘[

DLI-Teaching-Kit

TeTHAS WKona MaLIMHHOro obyyeHus LIPT, CaHkT-Fletepbyp



.

| E—
dense dense

;'Eis d Max 128 Max . ::::nng 203 e
,0;: E"\ pooling pooling
# of transistors GPUs # of pixels used in training

) 10° 10 |MAGENE

—InMybokasa HenpoHHaA ceTb, 0OyYeHHas C NOMOLbLI0 OO6paTHOro
pacnpoctpaHeHua owmnokm 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%. Npeabiaywmnnm state of the art: 25%

— KynneH Google B aHBape 2013, nosBunacb B Google+ Photo Tagging B mae 2013
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OBpPEeME bl€ dp C Db C1C : =

O ol
CnoXxHoCTb ceTeu pacTteTt VGGNet —— | G
GoogLeNet Conv-128

!

Conv-256
Conv-256

Conv-512
n Conv-512
aR el
C \/ Conv-512
http://cs.unc.edu/~wliu/papers/GooglLeNet.pdf
—VGGNet (16, 19) corcion Conv-512
x1, o
—GooglLeNet — S Conv-512
. I 3x3, 64 ] 3x3 lutions 5x5 luti 1x1 convolutions
— Inception (v1-3) e ; i + Conv-512
—_— ReSNet wﬁm 1x1 convolutions 3x3 max pooling
. P a—
—Wide ResNet . fc-4096
fc-4096
cofepxar cneumnanbHble 610KM crnoes fc-1000

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 B
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CoBpeMeHHbIe apXnTeKTypbl ceten (2)

IMAGENET
Accuracy Rate ILSVRC top-5 error on ImageNet
100% — -
#Traditional CV ® Deep Learning 30
90%
- 225
s |

70% : 15

© s !
60% s >

s ° 7.5
50% @

°® o
40% !

2010 2011 2012 2013 2014 Human ArXiv 2015

30%
20%
10%
0% i

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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Mpo6rnembl ConvNet

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 i 55
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%/5 [pobnema marnbix oby4atoLmx BbIoopok (1)

<\

2
2

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

S
|
@ ] /
o [—
> X _]
o o
g
-
S~
< o
= Top 10 (Leekasso)
© | - Deep Learning
o
Te}
2 -

[ [ | [
20 40 60 80

Training Set Sample Size
Bias/variance tradeoff

Leek “Don’t use deep learning your data isn’t that big’
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OOy4aTb ceTb HYXXHO NMpaBuUJiIbHO

~o~ MLP (Leek)

@

% 1.0 i —— T = ax

(73] T |

3 09 1 Model

©

% ~o— CNN
0.8

8 L Leekasso

>

s 07 - MLP

-}

(&)

(&)

<C

o
D
I

o
o,

20 40 60 80
Training Sample Size

1. tanh->relu

2. SGD pomnxeH coutucb (20-50 anox HeaOCTaTOYHO)

3. Ucnonb3oBaTtb dropout

4. BaxeH nonbop napameTpoB (HO napameTpbl No ymonyaHuto B Keras — ok)

http://beamandrew.github.io/deeplearning/2017/06/04/deep_learning_works.html
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[Mpobnema manbix oby4varowmx Belbopok (3). Leek MLP vs Beam MLP (Keras)

model = Sequential()
model.add(Dense(160,
activation="tanh',input_shape=(784,)))
model.add(Dense(160, activation="tanh"))
model.add(Dense(160, activation="tanh'))
model.add(Dense(160, activation="tanh'))
model.add(Dense(160, activation="tanh'))
model.add(Dense(n_classes,
activation="'softmax"))
opt = SGD(Ir=0.005, momentum=0.0,
decay=0.99, nesterov=True)
model.compile(optimizer=opt,
loss='categorical _crossentropy’,
metrics=[‘accuracy’])
return model

model = Sequential()
model.add(Dense(128,
activation="relu',input_shape=(784,)))
model.add(Dropout(0.5))
model.add(Dense(128, activation="relu'))
model.add(Dropout(0.5))
model.add(Dense(n_classes,
activation="'softmax'))
model.compile(optimizer='Adam’,
loss='categorical_crossentropy

metrics=['accuracy'])

return model

https://github.com/beamandrew/deep_learning works/blob/master/mnist.py

JleTHsis LWikona MalmHHoro obyyeHus LIPT, =




[Mpobnema manbix oby4varowmx Beloopok (4). CNN (Keras)

model = Sequential() model = get_cnn(n_classes)
model.add(Convolution2D(32, 3, 3, activation='"relu’,
input_shape=(28,28,1))) model.fit(X_train_fold,

model.add(Convolution2D(32, 3, 3, activation='"relu')) | one_hot fold, nb_epoch=200)
model.add(MaxPooling2D())
model.add(Convolution2D(64, 3, 3, activation='"relu')) @ score =model.evaluate
model.add(Convolution2D(64, 3, 3, activation='"relu')) | (X_final_test, one hot_final_test,
model.add(MaxPooling2D()) batch_size=128))
model.add(Flatten())
model.add(Dropout(0.2))
model.add(Dense(128, activation="relu'))
model.add(Dropout(0.5))
model.add(Dense(n_classes, activation='softmax'))
model.compile(optimizer='Adam’,
loss="categorical crossentropy’,
metrics=['accuracy'])
return model

https://github.com/beamandrew/deep_learning_works/blob/master/mnist.py
TIeTHAs Wkona MaluHHoro oby4eruns LIPT, |




Learning Process of Transfer Learning u (0] 0] 6y YeHune cetmn (fi ne 't un i n g )

Learning Process of Traditional Machine Learning

Source Tasks Target Task
@ I I
L] L]
L L]
L L]
Extract
T Pretrained [
CNN
I I
(| ) [ |
. : : : T T
(a) Traditional Machine Learning (b) Transfer Learning Input g
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 image cassfication ImageNet LSVRC 2013 competitive 13.6 % error
Dogs vs Cats Kaggle challenge 2014 state of the art 98.9%

object localization ImageNet LSVRC 2013 state of the art 29,9% error

pbject detection ImageNet LSVRC 2013 state of the art 24.3% mAP

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017
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Average number of instances per class
——k-NN ---=---Random Forest
soocheess MLP = SVM (linear)
--#--SVM (RBF) ——PNN
PNN, clustering =—8®— Proposed PNN

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017

Mean accuracy, %

~
o
|

(o2}
o

[
o

N
o

20

5 9 13 18 22 26
Average number of instances per class
—&—k-NN ---®---Random Forest
cooobeees MLP —#— SVM (linear)
—--#--SVM (RBF) —#—PNN
PNN, clustering —®— Proposed PNN
https://arxiv.org/abs/1708.02733
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CxxaTne 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]

0 0byyeHus LIPT, CankT-Metepbypr, 2017 62




C>xaTme cBepTOYHbIX ceTen (2).
PacnosHaBaHune amoumnin (Radboud Faces Database, RaFD)

Training time
per epoch, ms

VGG-S (baseline) 43.7
SqueezeNet-1.1

(baseline) A
SqueezeNet-1.1,
CP-Decomposition i
HashedNets 294.8
Binary-Weight-

Network (BWN) 598
XNOR-Net 84.3
XNOR-Net w/o 43 4

weights activation

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017

4.94

7.74

158.2

33.5

34.2

34.1

372.2

2.8

2.1

68.3

11.6

11.6

11.6

97.13

89.14

87.5

96.31
98.57
58.81

88.32

[Rassadin, Savchenko, 2017]
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&

“pandai’
57.7% confidence

o O [
5 5 o

N

O s

O

O =X

m -
esign(V,J(0,z,y))
“nematode” “gibbon”
8.2% confidence 09.3 % confidence

sign(V_.J(0,z,y))

Goodfellow I., Bengio Y., Courville A., Deep learning,
[Szegedy et al., 2014]
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YA3BMMOCTU CBEPTOYHBIX ceTen (2)

ImageNet
Attack Method VGG-16 m ResNet-50 Inception v3
FGS_(Fas@ 0.85/0.56/0.61 0.56/0.22/0. 0.88/0.53/0.62 0.92/0.01/0.0
gradient sign) 33 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
Method VGG-16 | ResNet-50 Method VGG-16 | ResNet-50
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

[Mpy3ges, 2017]
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Pacno3HaBaHMe 00ObLEKTOB Ha BUOEO

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 66



Attention block

ex = q’ fx
eXP(ek)

N 2_7' eXP(ej )

v

Arperauus
NPU3HaKoB KagpoB

CNN

v

— £ I | Attention
r zk:akk ""j‘p'-l]'li*'l'ljrr‘]."—l—

Output: 128-d feature

Heckonbko nocnegoBaTenbHbIX
onokoB attention

q' = tanh(Wr® + b)

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017

block

———————— -l
|
|
|
|

Yy |

q |

Attention — |
block |

|

https://arxiv.org/abs/1603.05474
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Groundtruth:Car - Vehicle - Sport Utility Vehicle - Dacia Duster - Renault - 4-Wheel Drive
Top 6 scores: Car - Vehicle - Sport Utility Vehicle - Dacia Duster - Fiat Automobiles
Volkswagen Beetles

"-. ol L%
A - JI; ! l\.».\:.
b N - N ——
1‘1.\“ . 31 3 > /“ﬁ\\‘
Y - —

=

R T

R o> 5] B < %
Groundtruth: Tree- Christmas Tree - Christmas Decoration - Christmas
Top 6 scores: Christmas - Christmas decoration - Origami - Paper - Tree

Christmas Tree
https://arxiv.org/abs/1706.06905
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PacnosHaBaHue Teros Ha Bugeo (2). Nobegutens

: Learnable E .
viceo |'|  pooling | | ! Context Gating
FEATURES | | (e.g NetVLAD, :
: i FC | | Context |' Context Y = o’(WX + b) oX.
! layer[| Gating [1| M°E [ Gating
. Learnable I
AUDIO [ 1| pooling || :
FEATURES | ! (e.g NetVLAD, |
: NetFV) I
: : Method GAP
INPUT ] FEATURES 1
FEATURES POOLING ) CASSTCATION Baseline 1 (Average pooling + Logistic Regression) 71.4%
AHCaM6nb mogene ' Baseline 2 (Average pooling + MoE + CG) 74.1%
85.5 LSTM (2 Layers) 81.7%
GRU (2 Layers) 82.0%
50 | Soft-DBoW (4096 Clusters) 81.6%
NetFV (128 Clusters) 82.2%
o2 o NetVLAD (256 Clusters) 82.4%
Gated Soft-DBoW (4096 Clusters) 82.0%
Gated NetFV (128 Clusters) 83.0%
Gated NetRVLAD (256 Clusters) 83.1%
Gated NetVLAD (256 Clusters) 83.2%
5 10 15 20 25 https://arxiv.org/abs/1706.06905
Number of models https://github.com/antoine77340/LOUPE

JleTHsas wkona mawumHHoro obydyerus LIPT, CankT-Metepbypr, 2017 69



IeTekTpoBaHMe 0OBLEKTOB
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R-CNN

warped region

aeroplane? no. | 3 — MPU3HAKN U3
: AlexNet
person? yes. 4 - SVM
: B KOHLUe — non-
tvmonitor? no. | maximum

1. Input 2. Extract region 3. Compute 4. Classify suppression
1mage proposals (~2k) CNN features regions (ana kaxporo
Kracca)
Fast R-CNN Faster R-CNN with region proposal network

= Outputs: bbox | 2k scores | | 4k coordinates I — k anchor boxes
cls layer reg layer

- Deep o softmax regressor Y \ t L -

‘| |ConvNet| | — .

Rol FC FC | 256-d ]

pooling e intermediate layer
Conv | Rol feature
feature ma p vector For each Rol sliding window

conv feature map

|Girshick et al, 2013], [Girshick et al, 2015], [Ren et al, 2016]
TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017 71



R-CNN (Region Convolutional Neural Network)

YOLO (You only look SSD: Single shot multibox
5903 s 1.279s, 200 object
héndbég: 29%, person: proposals 6.330s, 200 object proposals
75%, person: 84% cow: (COW' 0.99929786) cow: 1.00, person: 1.00,
87% ' 2 (‘person’, 0.99882239) person: 1.00
(‘person’, 0.98628533)

arxiv.org/abs/1612.08242 arxiv.og/abs/ 1611.08588
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JleTHan wkona malumHHoro oby4yerus LIPT, CankT-lerepbypr, 20




HelnpoceteBoe getektnpoBaHue nuu

-

. : response for A-type templates

I : response for B-type templates

input re-scaled input  shared CNNs response maps

per-resolution merged final
detection detection detection

Tiny Face Detector, CVPR 2017, https://
www.cs.cmu.edu/~peiyunh/tiny/

TNeTHsAs wkona mawwmHHoro obyyenus LIPT, CaxkT-Tetepbypr, 2017
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