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“local gradient”
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“Upstream gradient”

Kak noBnmarT nameHeHuns
KOMIMOHEHTOB Z Ha L?



Cobepem Bce BMecTeE:
NMHenHbIN kKnaccudukaTop: f — Wax

[iByxcnonHasa HenpoceTb: f=Ws max(O, W1:13)
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[anee: ceepToyHble HC

FuIIy Connected

Image Maps
Input

/!

Convolutions
Subsamplmg

lllustration of LeCun et al. 1998 from CS231n 2017 Lecture 1

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



HemMHoro uctopum...

Mark | Perceptron nepBasi xapaBapHasi
peanu3auus.

"OOOO@

SEOUENCE INDICATORS

MoakntoveHa Kk kamepe 20x20 gatowen KapTuHky B 400
NUKCENOB.

1 fw-24+b6>0

pacrnosHaeT flz) =
6ykBbl andasuTa 0 otherwise
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/ cell body !-(  wzi | h) 73 :
> STEP BUTTONS
S wa+b|flo——— o NO. 3 ¥
; output axon = -
activation :
= function \ ) ) )
|

Thisimage by Rocky Acostais licensed under CC-BY 3.0

OOHOBEeHVe BECOB:

wy

wi(t+ 1) = wi(t) + ald; — y;(t))x).
Frank Rosenblatt, ~1957: Perceptron
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A bit of history...
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These figures are reproduced from Widrow 1960, Stanford Electronics Laboratories Technical

WI d rOW an d H Oﬁ, _~ 1 9 60 : Ad al i n e/ M ad al i n e Report with permission from Stanford University Special Collections.
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A bit of history...
8Ep o (9Ep 80pj

recognizable math

input output
pattern pattern p
error
E,

Rumelhart et al., 1986: First time back-propagation became popular
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A bit of history...

[Hinton and Salakhutdinov,
Reducing the Dimensionality of
Data with Neural Networks, 2006]

MawwuHa bonbumaHa
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lllustration of Hinton and Salakhutdinov 2006 by Lane
Mclintosh, copyright CS231n 2017



[epBble KpyThble pe3dynbTaThl v

pre-training
Acoustic Modeling using Deep Belief Networks -
Abdel-rahman Mohamed, George Dahl, Geoffrey Hinton, 2010

Context-Dependent Pre-trained Deep Neural Networks
for Large Vocabulary Speech Recognition
George Dahl, Dong Yu, Li Deng, Alex Acero, 2012

Deep Neural
Network

—

t 1
L ) . . Spectrogram
Imagenet classification with deep convolutional

neural networks

Alex Krizhevsky, llya Sutskever, Geoffrey E Hinton, 2012

——i L.

lllustration of Dahl et al. 2012 by Lane Mcintosh, copyright
CS231n 2017

Luw 1%

dense

Figures copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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A bit of history: .

y Electrical
signal from

Hubel & Wiesel, L —
1959

RECEPTIVE FIELDS OF SINGLE - {
NEURONES IN Stlmulus

THE CAT'S STRIATE CORTEX N\
1962 L N

RECEPTIVE FIELDS, BINOCULAR N\
INTERACTION
Stimulus ~ Response
AND FUNCTIONAL ARCHITECTUREIN
THE CAT'S VISUAL CORTEX
Catimage by CNXOpenStax s licensed

1 9 6 8 under GCBY4.0; changes made
L B B |

—
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A bit of history

CoxpaHeHue Tonosnornun B
BU3yaribHOM KOpPTeKcCe:
cocefiHMe y4acTKu KopTekca
COOTBETCTBYIOT COCEAHUM
y4yacTkam nonst 3peHus

http:IlcsZBln.stanford.edu/
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Human brain

Retinotopy images courtesy of Jesse Gomez in the
Stanford Vision & Perception Neuroscience Lab.



BusyanbHbIN KOpTEKC Simple cells:

Response to light

OpPraHN30BaH Mo CrioAaAmMm orientation
Hypercomplex cells:

Retinal ganglion cell LGN and V1 Complex cells:
@ / response to movement

receptive fields simple cells
O . with an end point
R\
A AN

Response to light
orientation and movement

O

lllustration of hierarchical organization in early visual
pathways by Lane Mclntosh, copyright CS231n2017 No response RespOﬂ se
(end point)
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A bit of history

@ /]

Decoding Imagined Letter Shapes from V1-V3~A-c.tVivity

Rainer Goebel

Professor of Cognitive Neuroscience, Maastricht University.
Verified email at maastrichtuniversity.nl - Homepage

-
0
o
O
E

Ultra-High Field fMRI  Human Brain Research  Cognitive Neuroscience

Neural Network Modelling  Brain-Computer Interfaces c
2
e
ARTICLES CITEDBY CO-AUTHORS %
O
o
All Since 2015 a
Citations 34458 1538
haindex 101 67 Decoded Images of the “mind'’s eye” (top row) when using
i10-index 274 241 auto-encoder neural network for “de-noising

Senden, Emmerling, van Hoof, Frost, Goebel (2019). Brain Str

Cospatenb Turbo BrainVoyajer
Hawa ansrepHaTtmBa anga TBV:
http://opennft.org/
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http://opennft.org/

A bit of history:

\

Neocognitron
[Fukushima 1980]

“sandwich” architecture (SCSCSC...)
simple cells: modifiable parameters
complex cells: perform pooling

LA Ui
N
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A bit of history:

Gradient-based learning applied to
document recognition

[LeCun, Bottou, Bengio, Haffner 1998]

Image Maps
Input
& E\ \ Nutput
Convolut|ons FuIIy Connected
Subsampllng
LeNet-5

[lepBas cBepTOoyHas ceTb!
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A bit of history:

ImageNet Classification with Deep
Convolutional Neural Networks

[Krizhevsky, Sutskever, Hinton, 2012]
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Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.

“AlexNet”

CsepTo4vHaga cetb + GPU!
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A bit of history

1989 G thggvlgg Approximation by superpositions of a sigmoidal function - Springer Li
https://link.springer.comv/article/10.1007/BF 02551274 - MNepeBecTH 3Ty CTpaHuLy
Teopema 06 55 A | = BB
aetop: G Cybenko - 1989 - Uutupyetca: 10688 - MNoxoxwue cTatbu
YHHBepca]IbHOH ieeexplore.ieee.org » document- MepesecTn 3Ty CTPaHULY
AIIIIPOKCHUMAaIIUH Gradient-based learning applied to document recognition ...
Gradient-based learning applied to document recognition. ... A new learning paradigm
1998 Yallll Lewcvuvll called graph transformer networks (GTN), allows such multimodule systems to be trained

globally using gradient-based methods so as to minimize an overall performance measure. Two
»»»»»»»»»»»»»»»»»»»»»»»»»»»»»» systems for online handwriting recognition are described

nk

asTop: Y Lecun - 1998 - Liutupyertca: 28105 - MNoxoxue cTarbn

2007 - Beixom NVIDIA CUDA,

<A NVIDIA.

CUDA.

2009 — Google oTKa3pIBaeTCst OT HEUPOHHBIX CeTel

(PP |ImageNet Classification with Deep Convolutional Neural Networks
https://papers.nips.cc/.../4824-imagenet-classification-with-de... v NepeBecTu 3Ty CTpaHuLy

aetop: A Krizhevsky - 2012 - Lutupyetca: 34232 - MNoxoxue cTaTbh

2012 — AlexNet

/ Delving Deep into Rectifiers: Surpassing Human-Level Performance .
o1-0 y https://arxiv.org » cs v MepeBecTun 3Ty CTpaHuUy
aetop: K He - 2015 - Uutupyetca: 3856 - Moxoxwe cTatsm

fO)=ay

Figure 1. ReLU vs. PRelU. For PReLU, the coeflicient of thy
negative part is ot coastant and is adaptively leamed.
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IEEE CVPR Cite Score: 3.23 (2012), 6.19 (2015), 18.18 (2018)




K Hawum aHam: CHC Be3ae!

Fast Detection Tracking

Detected windows All windows

BerumciaurenbHast dororpadus —
- Crexunr ¢oto

$x S grid on input Final detections

Class probability map

YOLO - You Only Look Once - Yes!

Openpose Light.co
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K Hawnm aHam: CHC Be3ae!

P : : o -

Figures copyright Shaogjing Ren, Kaiming He, Ross Girschick, Jian Sun, 2015. Reproduced with yright Clement Fet,201.

permission. Reproduced with permission. [Farabet et al., 2012]
[Faster R-CNN: Ren, He, Girshick, Sun 2015]
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K Hawunm gaHam: CHC Be3ael

Photo by Lane Mclntosh. Copyright CS231n2017.

self-driving cars
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This image by GBPublic_PRis
licensed under CCBY 2.0

NVIDIA Tesla line

(ansa obyyeHus)

[nsa nHdepeHca noBcemMecTHO
NCMonb3yT BCTpaMBaeMble
peweHns c ARM




K Hawnm aHam: CHC Be3ae!

convi

conv2

conv4

Score
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»=+ mixed3/conv --+ mixed10/conv -+ Softmax

Original image  RGB channels
[Taigman et a| 2014] Activations of inception-v3 architecture [Szegedy et al. 2015] to image of EmmaMcintosh,
used with permission. Figure and architecture not from Taigman et al. 2014.
Spatial stream ConvNet
convi || conv2 || conv3 (| conv4 || conv5 || fullé full7 |jsoftmax
7x7x96 || 5x5x256 | 3x3x512 || 3x3x512|[3x3x512 || 4096 || 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout [l
norm. norm. pool 2x2
pool 2x2 || pool 2x2
Temporal stream ConvNet .
conv1 || conv2 || conv3 || conv4 || conv5 | fullé full7 ||softmax|
7x7x96 ||5x5x256 || 3x3x512 || 3x3x512|[3x3x512 || 4096 || 2048 A E
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout video /
norm. || pool 2x2 pool 2x2 input convi softmax
pool 2x2 ‘
[ fet
lllustration by Lane Mclintosh, conv2
Figures copyright Simonyan et al., 2014. photos of Katie Cumnock

[Simonyan et al. 2014]

Reproduced with permission. used with permission. conv3
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K Hawnm aHam: CHC Be3ae!

Classification

black widow lifeboat go-kart
cockroach amphibian moped
tick fireboat bumper car
starfish drilling platform golfcart
\d
-
ritie mushroom cher!
vertible | agaric
grille | mushroom grape
pickup jelly fungus elderberry
beach wagon gill fungus shire buliterrier
fire engine | dead-man's-fingers currant

Egyptian cat

adagascar ca
quirrel monkey
spider monkey
titi
indri
howler monkey

Figures copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission.
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Retrieval




K Hawunm gaHam: CHC Be3ael

&N
j NE /

f«»w

AJ_

[Toshev, Szegedy 2014]

frame: t-3 t-2 t-1

“enemy+diver”

[G uo et a| 20 1 4] Figures copyright Xiaoxiao Guo, Satinder Singh, Honglak Lee, Richard Lewis,
and Xiaoshi Wang, 2014. Reproduced with permission.
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K Hawunm gaHam: CHC Be3ael

Benign Mahgnant Malignant Benign

[Levy et al 2016] Figure copyright Le.vyetal..2916.

Reproduced with permission.

NO
PARKING%

Photos by Lane Mclntosh.

[Sermanet et al. 2011] Copyright CS231n2017.

From left to right: public domain by NASA, usage permitted by [C
iresan et al.]

[D|e|eman et a_l_ 2014] ESA/Hubble, public domain by NASA, and public domain.
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This image by Christin Khan is in the public domain Photo and figure by Lane Mclntosh; not actual
and originally came from the U.S. NOAA. example from Mnih and Hinton, 2010 paper.

.

Whale recognition, Kaggle Challenge Mnih and Hinton, 2010
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No errors

Image
Captioning
[Vinyals et al., 2015]

[Karpathy and Fei-Fei,
2015]

A white teddy bear sittingin A man in a baseball A woman is holding a cat
the grass uniform throwing a ball in her hand

All images are CCO Public domain:
https://pixabay.com/en/luggage-antique-cat-1643010/
https://pixabay.com/en/teddy-plush-bears-cute-teddy-bear-1623436/
https://pixabay.com/en/surf-wave-summer-sport-litoral-1668716/
https://pixabay.com/en/woman-female-model-portrait-adult-983967/
https://pixabay.com/en/handstand-lake-meditation-496008/

A man riding a wave on A cat sitting on a A woman standing on a hips/pixabay.come/basebal-player-shoristop-infeld-1045263
top of a surfboard suitcase on the floor beach holding a surfboard Captions generated by Justin Johnson using Neuraltalk2
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Original image is CO0publicdomain
Starry Night and Tree Roots by Van Goghare in the public domain . )
Figures copyright Justin Johnson, 2015. Reproduced with permission. Generated using the Inceptionism approach Bokehimage isin the public domain Gatysetal, “Image SME Transfer using CorTvolutlonaI Neural Netwoyrks , OPR2016
from ablog post by GoogleR ch. Stylized images copyright Justin Johnson, 2017; Gatys et al, “Controlling Perceptual Factorsin Neural Style Transfer”, CVPR2017
reproduced with permission
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Convolutional Neural Networks

CBepTOYHblEe HEUPOHHbLIE CETHU
CHC



Fully Connected Layer 'NonHocBA3HbIV

CI10U

32X32X3 KapTUHKY -> K BekTopy 3072 x 1

input

1 E—
3072

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

Wax

10 x 3072
weights
Beca

activation

/4 10

Kaxabihn KOMNOHEHT:
MpownseeneHne W 1 BXogHOro
BekTopa (a 3072-dimensional dot
product)




Convolution Layer - CBepTO4YHbLIN CIou

32x32x3 image

32

32

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

Anpo punsTpa nMeeT Ty XKe rmyounny,
YTO N BXOOHOE MU3obpaxeHune

e

5x5x3 filter

[/
Il CBepTKa ¢ hnnbTpom
“CKkansipHble Npon3sBeaeHnst co

CKOJTIb34LMM OKHOM bunbTpa”



CBepTOYHbIN Criou

___— 32x32x3Image

5x5x3 filter w
2
Pe3ynbrart ckanapHoro nponsseneHns 5x5x3

dbparmeHTa nsobpaxenua (5*5*3 = 75-mepHoe

32 ckanspHoe npousseaeHne + cMeLleHre)

wiz+b

~~ OAOWH KOMMOHEHT:;
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CBepTOYHbIN Crow

32

0

32
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CBepTOYHbIN Criou

32

==

32

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



CBepTOYHbIN Criou

32
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CBepTOYHbIN Criou

32
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CBepTOYHbIN Criou

activation map

___— 32x32x3Image KapTa aKTMBaLMK

5x5x3 filter
2
@>@ ”

CsepTKa no
NPOCTPaHCTBY

32 28

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



CBepTOYHbIN Criou . y
[NobaBum BTOpON 3eneHbIn punbTp

— 32%x32x3 image activation maps

5x5x3 filter
=
@>@ N

CsepTKa no
NPOCTPaHCTBY

32 / 28

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[Mpumep: ona 6 punbTpos 5x5, NONy4YNUM 6 KapT akTUBaLWUN,

32

3

32

Convolution Layer

activation maps

28

28

OTU KapTbl hopMUPYIOT “HOBOE” n3obpaxeHne 28x28x6!

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



KoHuenTtyanbHo: CHC 310 nocrnenoBatenbHOCTb CBEPTOK U HENMUHENHbIX

akTuBaumm

32

32

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

CONYV,
RelLU
Hanp. 6
5x5x3
filters

28

28

CONV,
RelLU
Hanp. 10
5x5x6
filters

10

24

CONV,
RelLU

24



KoHuenuua CHC:

[Zeiler and Fergus 2013]

Low-level
features

Mid-level
features

Visualization of VGG-16 by Lane Mcintosh. VGG-16
architecture from [Simonyan and Zisserman 2014].

VGG-16 Conv1_1 VGG

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

High-level
features

Linearly

— separable —

classifier

.
=7

-16 Conv3_2




CpaBHum c Low-level | | Mig-evel | | High-evel [ | Lnearty

BuU3yalribHbIM features | features | features *| separable
y classifier

KOPTEKCOM <

< | ¢ | R4

VGG-16 Convi_1 VGG-16 Conv3

'\“, 2| o A Vs ;
g i | S

Retinal ganglion cell LGN and V1

receptive fields simple cells Complex cells:
Response to light

< Hypercomplex cells:
" response to movement
o : . with an end point
No response Response
(end point)
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VGG-16 Conv5_3

P

. orientation and movement




SRECINEEEMNCITAFRENCSESASETISEERE SRS

OavH dounbTp =>
OpHa kapTa akTuBa PUNBTPbI SX5

/ ~ (Bcero 32)

>
A

Activations: ,

CBepTKa KapTUHKN 1 unbsTpa:

fleyleglayl = Y, Y, fln,n] glx—n,y—n,]

ny=—00 iy =—o0 T

[MoanemeHTHOE npousBegeHue
CKONb3ALLEero okHa dpunsrpa u

Figure copyright Andrej Karpathy. Ka pTVI HKUA
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RELU RELU RELU RELU RELU RELU
CONV |CONV CONV [CONV CONV [CONV FC

T TR Lt

3 5 I A

AR

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



YT0 C pasmepHOCTAMMU:

activation map

__— 32x32x3 Image
5x5x3 filter

V
——0

CeepTKa no
NPOCTPaHCTBY

32 28
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Pa3mepHoCTN:

v

X/ BXon
3x3 puneTp
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Pa3mepHoCTN:

v

X/ BXon
3x3 puneTp
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Pa3mepHoCTN:

v

X/ BXon
3x3 puneTp
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A closer look at spatial dimensions:

v

X/ BXon
3x3 puneTp
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Pa3mepHoCTN:

v

X/ BXon
3x3 puneTp

=> 5x5 Bbixoa!

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Pa3mepHoCTN:

v

X/ BXon
3x3 puneTp
LLlar 2 (stride)
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Pa3mepHoCTN:

v

X/ BXon
3x3 puneTp
LLlar 2 (stride)
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Pa3mepHoCTN:

v

X/ BXon

3x3 puneTp

LLlar 2 (stride)
v Bbixon 3x3!
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Pa3mepHoCTN:

v

X/ BXxoa

3x3 puneTp
Lllar 37

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Pa3mepHoCTN:

v

X/ BXxoa

3x3 puneTp
Lllar 37

7 He cpaboTtaerT!
donnbTp 3X3 K BXOAY /X7 C
LLarom 3 He NMPUMEHUM.

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Pa3mepHOCTb BbIXoAaa:
(N -F)/stride +1

Hanpumep N =7, F = 3:
warl=>(7-3)/1+1=5
war2=>(7-3)/2+1=3

war 3 =>(7-3)/3+1=2.33ync

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Ha npaktuke ncnonb3yrot zero padding —
OOMNOJSTHEHUE HYIIAMMU

0|0

0

0

0

0

A.B. HukoHopoB, ocHoBa

HO Ha Kypce http://cs231n.stanford.edu/

BxoAa 7X/
3x3 punetp war 1
pad 1 => 410 Ha BbIXOAE?

(dpopmyna:)
(N-F)/stride +1



Ha npaktuke ncnonb3yrot zero padding —
OOMNOJSTHEHUE HYIIAMMU

0ojo|o0|0|O|O axon 7x7

0 3x3 unetp war 1

0 pad 1 => 410 Ha BbIXOAE?

g Bbixog 7x7!

0 Ha npaktuke CONV c warom 1, dunetp FxF,
aenaem padding (F-1)/2. — coxpaHum
pa3MepHOCTb!

Hanp. F = 3 => zero padl
F =5 =>zero pad 2
F=7=>2zeropad3

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



BepHemcs...
[Ona Bxoga 32x32 n cBepTok 5x5 pesynbsrar 6bICTPO «yCbIXaeT» No NPOCTpaHCTBY!

(32 -> 28 -> 24 ...). Takoe BbICTpOE yCbiXxaHne paboTaeT He OYEHD.

32 28 24
CONV, CONYV, CONYV,
RelLU RelLU RelLU
6 10
5x5x3 5x5x6
32 filters 28 filters 24

3 6 10

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[Tpumepsi:

Bxon: 32x32x3
10 5x5 c warom 1, naganHr 2

Pa3mepHOCTb Bbixoaa: ?

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

N

N



[Mpumep: /

Bxon: 32x32x3
10 5x5 dpuneTtpos war 1, pad 2 i

Pa3mepHOCTbL BbiXoaa:
(32+2*2-5)/1+1 = 32 no NpPOCTPaHCTRY,
Ntoro: 32x32x10

N

N



[Tpumepsi:

Bxon: 32x32x3
10 5x5 c warom 1, naganHr 2

KonnyecTtBo BECOB B crioe: ?

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

N
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[Mpumep: /

Bxon: 32x32x3

<

10 5x5 dpuneTtpos war 1, pad 2

KonunyecTtBo BecoB B cnoe? Kaxxabiv
douneTtp 5*5*3 + 1 = /6 BecoB (+1 3TO CMELLEHVE)
=> /6*10 = 760

N



A.B. HukoHo

CBEPTOYHbIN CIION: UTOTU

Ona Bxoga W, x H, x C

Conv cnou umeet 4 runepnapameTtpa:

- Yucno ceeptok K, rmybuHa

- Pasmep aapa (okHa) F

- LWar (stride) S

- zero padding P
MNony4ynm Bbixog W, x H, x K
roe:

=(W,-F+2P)/S+ 1

- H,=(H,-F+2P)/S+ 1

Yucno BecoB: F2CK n K cmeLleHun

poB, OCHOBaHO Ha Kypce http://cs231n.stanford.edu/

OB6bIYHO NCMONbL3YIOT:

K = (ctenenn 2 - 32, 64, 128, 512
3,S=1,

F
F
F
F

I e
= 01 01 ¢
nwounmom

P NP

P
P
P
P

O vN Pk’

? (noaroHsem)



Kctatu, cBepTkn 1X1 OTAUYHbLIM MHCTPYMEHT!

L

1x1 CONV
o6 32 punsTpa

duneTp pasmepom
1x1x64,

naet 64-mepHoe

56 ckanspHoe npousseneHue

64

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

32

56

56



[Mpumep: CONV
cnons TF
(tensorflow keras)

4 runepnapametpa Conv cros:
- Number of filters K
- The filter size F
- The stride S
- The zero padding P

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

TensorFlow > APl > TensorFlow Core v2.3.0 > Python

tf.keras.layers.Conv2D

1 TensorFlow 1 version 0 View source on GitHub

2D convolution layer (e.g. spatial convolution over images).

€ View aliases

tf.keras.layers.Conv2D(
filters, kernel_size, strides=(1, 1), padding='valid', data_format=None,
dilation_rate=(1, 1), groups=1, activation=None, use_bias=True,
kernel_initializer='glorot_uniform', bias_initializer='zeros',

kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,

kernel_constraint=None, bias_constraint=None, **kwargs

WHRWRWW

€ DO

Keras is licensed under the MIT license.




[Mpnmep: CONV
P P.
o F keras.layers.Conv2D(filters, kernel_size, strides=(1, 1), padding='valid', data_format=None, d:
2D convolution layer (e.g. spatial convolution over images).
(te n S O rfl OW ke raS) This layer creates a convolution kernel that is convolved with the layer input to produce a tensor of

outputs. If use_bias is True, a bias vector is created and added to the outputs. Finally, if

activation is not None , it is applied to the outputs as well.

When using this layer as the first layer in a model, provide the keyword argument input_shape
(tuple of integers, does not include the batch axis), e.g. input_shape=(128, 128, 3) for 128x128
RGB pictures in data_format="channels_last" .

Arguments

« filters: Integer, the dimensionality of the output space (i.e. the number of output filters in the
convolution).

« kernel_size: An integer or tuple/list of 2 integers, specifying the height and width of the 2D
convolution window. Can be a single integer to specify the same value for all spatial dimensions.

« strides: An integer or tuple/list of 2 integers, specifying the strides of the convolution along the
height and width. Can be a single integer to specify the same value for all spatial dimensions.

4 FI/I nepnapa MeTpa Conv CJ'IOFI Specifying any stride value != 1 is incompatible with specifying any dilation_rate value !=1.
. « padding: one of "valid" or "same" (case-insensitive). Note that "same" is slightly inconsistent
= N u mber Of fllte rS K across backends with strides != 1, as described here
- The fllter SIZG F « data_format: A string, one of "channels_last" or "channels_first" . The ordering of the
B dimensions in the inputs. “channels_last" corresponds to inputs with shape (batch, height,
= The Strlde S width, channels) while *“channels_first" corresponds to inputs with shape (batch, channels,
_ The ZerO paddlng P height, width) . It defaults to the image_data_format value found in your Keras config file at

~/.keras/keras. json . If you never set it, then it will be "channels_last".

Keras is licensed under the MIT license.

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[Mpumep: CONV
cnons TF
(tensorflow keras)

4 runepnapametpa Conv cros:
- Number of filters K
- The filter size F
- The stride S
- The zero padding P

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

Conv2d

CLASS torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0,
dilation=1, groups=1, bias=Tzrue)

[SOURCE]

Applies a 2D convolution over an input signal composed of several input planes.

In the simplest case, the output value of the layer with input size (N, Ciy, H, W) and output
(N, Couty Hout, Wyt ) can be precisely described as:

Cin—1
out(NV;, Cout;) = bias(Cout, ) + Z weight(Cout, , k) * input(NN;, k)
k=0
where * is the valid 2D cross-correlation operator, N is a batch size, C denotes a number of channels, H is a height of
input planes in pixels,and W is width in pixels.

« stride controls the stride for the cross-correlation, a single number or a tuple.
e padding controls the amount of implicit zero-paddings on both sides for padding number of points for each
dimension.
e dilation controls the spacing between the kernel points; also known as the a trous algorithm. It is harder to
describe, but this link has a nice visualization of what dilation does.
* groups controls the connections between inputs and outputs. in_channels and out_channels must both be
divisible by groups. For example,
o Atgroups=1, all inputs are convolved to all outputs.
o At groups=2, the operation becomes equivalent to having two conv
layers side by side, each seeing half the input channels, and producing
half the output channels, and both subsequently concatenated.

o Atgroups= in_channels, each input channel is convolved with its

own set of filters, of size: {%“LJ 5

The parameters kernel_size, stride, padding, dilation can either be:

« asingle int -in which case the same value is used for the height and
width dimension
« a tuple of two ints - in which case, the first int is used for the height

dimension, and the second int for the width dimension

Keras is licensed under the MIT license.




The brain/neuron view of CONV Layer

__— 32x32x3 Image
5x5x3 filter

y
=

32 the result of taking a dot product between
the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot product)

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



CONV crnou ¢ TOYKKN 3peHns Henpoburonornm

__— 32x32x3 Image -

WoTo

axon from a neuron

output axon

5x5x3 filter

V
w1
function

OTO NPOCTO NoKanbHbIE
CBSA3M HEUPOHA...

Kaxabin KOMNOHEHT:
32 CkangapHoe npoussegeHne punsrpa u
3 YacTU KapTUHKK
(Hanp. 5*5*3 = 75-mepHoOe ckansipHoe
npoun3segeHune)

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



HanoMHUM: MOJTHOCBA3HbLIN CITOU

32x32x3 -> B BekTOop 3072 X 1

input

1 E—
3072

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

Wax

10 x 3072
weights

Kaxxabl HENPOH
MMEET Ha BXoae
BCe OJaHHble

activation

/4 10

Kaxxabin KOMNOHEHT BbixoAaa:
CkansipHoe npoussegeHne
cTpoku matpuubl W n Bxoga
(3072-mepHoe ckanapHoe
npousBeneHmne)




[lobaBmum aBa HoBbIXx cnos: POOL/FC

RELU RELU RELU RELU RELU RELU
CONV |CONV CONV [CONV CONV [CONV FC

T TR Lt

3 5 I A

AR

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Pooling cnou

- CHwmXaeT pa3dMepHOCTb

- ObpabatblBaeT KaXayo KapTy akTMBaumMm He3aBUCUMO:

224x224x64

pool

—>

'

112x112x64

—

224

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/

—i 112
downsampling

112



A.B. HukoHo

poB, OocHOBa

MAX POOLING

KapTa aktnsauum

1112 | 4
5|6 | 7|8
312 (1|0
1 12| 3 | 4

y

HO Ha Kypce http://cs231n.stanford.edu/

>

max pool ¢ 2x2

dournerpamn 1 warom 2

>




Pooling layer: utoro

Ona Bxoga W, x H, x C

Pooling nmeet 2 runepnapametpa:
- Pa3wvep F
- War S

Bbixon nmeet pasmep W, x H, x C:
- W,=(W,-F)/IS+1
- H,=(H;-F)/S+1

Uncno napametpoB: 0 — Heoby4aemMebln criou!

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



Fully Connected Layer (FC layer)

- PaboTtaeT Kak 04HOCNOMHbLIW NePLENTPOH

ELU R
CONV lCONV

m

LU RELU RELU  RELU RELU
CONV CONVl CONVlCONVl

'

>
| <+—
-

RN RS LGV N

LR UR VRPN OR PRV «—

E
=
i
=l
g =
=
=

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



[ConvNetJS demo: training on CIFAR-10]

input (32x32x3 Activations:
ConvNetJ$ CIFAR-10 demo St -
e max gradient: 0.04754, min: -0.0368
Description
2 % : o 3 i conv (32x32x16) Activations:
This demo trains a Convolutional Neural Network on the CIFAR-10 dataset in your browser, with nothing but fiter size 5x5x3, stride 1
Javascript. The state of the art on this dataset is about 90% accuracy and human performance is at about 94% e e
(not perfect as the dataset can be a bit ambiguous). | used this python script to parse the original files (python parameters: 16x5x5x3+16 = 1216

~HoEn =

version) into batches of images that can be easily loaded into page DOM with img tags.

This dataset is more difficult and it takes longer to train a network. Data augmentation includes random flipping
and random image shifts by up to 2px horizontally and verically.

Activation Gradients:

By default, in this demo we're using Adadelta which is one of per-parameter adaptive step size methods, so we
don't have to worry about changing learning rates or momentum over time. However, | still included the text fields .-.--.-
for changing these if you'd like to play around with SGD+Momentum trainer.

Report questions/bugs/suggestions to @karpathy. ...-...

Weights:

LT TR BRT T
Weight Gradients:
CLLTbl Ll T ST g ]

http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/


http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

Toro
- ConvNets/CHC coctout n3 cnoes CONV,POOL,FC

- cnonb3yoT maneHbkne ceBepTkn (3*3) u rmyboKyto

aApXUTEKTYPY
- B TpeHpge otkasaTtbca ot POOL/FC cnoes, caenatb Bce

cBepTKamm
- lcToprnyeckn apxuTekTypbl UMEIOT BUA,
[(CONV-RELU)*N-POOL?]*M-(FC-RELU)*K,SOFTMAX
rne N ~5, M goctato4Ho b6onbLuoe, 0 <= K <= 2.
- Ho no3sxe Bo3HUKaOT bosiee xmtpble
apxuntektypbl ResNet/GooglLeNet

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



3agadva Ha OoMm:

BxogHoe nsobpaxernne: CONV punbTp:

[12345] [0-10]
[22111] [111]
[32111] [0-10]
[41111]
[51111]

MocuutaTh BbIxog ceTu: conv(depth=1, stride=2) -> RelLU ->MaxPool

A.B. HukoHopog, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/



