Jlekunsa 7:
Oby4yeHune ceTtewn,
HacTb nepBas



BcnomuHaewm...

A.B. HukoH

Computational graphs

f:W

Li =), max(0,s; —

Sy, + 1)

@ s (scores)

R

0pOoB, OCHOBaHO Ha Kypce http://cs231n.stanford.edu/
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BcnomuHaewm...

Neural Networks
Linear score function: f =Wz

2-layer Neural Network f = Womax(0, Wix)

3072

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




BcnomuHaewm...

Convolutronal Neural Networks

Image Maps

FuIIy Connected

Input

Convolutions
Subsamplmg

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

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



BcnomunHaem...
Convolutional Layer

activation map

___— 32x32x3Image KapTa aKTMBaLuK

5x5x3 filter
2

CBepTKa CKONb3ALWnNM
OKHOM MO BCEM CIOsIM

32

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



BcnoMuHaeMm... Hanpumep, anga 6 gpunerpos 5x5, nonyyum
. 6 HE3aBUCUMbIX KapT akKTnBaLnn.
Convolutional Layer

activation maps

32

28

CBepPTOYHbLIN Crion

32 28

LN NN

3 6
CobepeMm 13 HUX “HOBOE n3obpaxeHne” paamepom 28x28x6

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



BcnomuHaewm...
OnTumunsauma gna nogdbopa napameTpoB CeTU

# Vanilla Gradient Descent

while True:
weights grad = evaluate gradient(loss_fun, data, weights)

Landscape image is CCO 1.0 public domain weights += - step size * weights grad # perform parameter update
Walking man image is CCO 1.0 publicdomain

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



BcnomuHaewm...

Mini-batch SGD

Linkn:
1. BbiOupaem cny4yamHbin batch nogHabop
NAHHbIX

2. Mpamoun (forward) npsmon npoxon no
rpady cetu, nosydaem loss

3. O6paTtHbIn npoxopn (backprop) ansa pacyeta
rpagueHToB

4. OOHOBMM napameTpbl Ha OCHOBE rpagneHTOB

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



BcnomuHaewm...

Hardware + Software

PyTorch

TensorFlow

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



[loexanwu:
00y4YeHne HEUPOHHbIX CETEN
Training Neural Networks



Oowmn nnaH

1. WHunumanusauus
OyHKUUU akmueauuu, nod2omoska 0aHHbIX,
UHUYuanu3ayusi eecos, peayrispusayus, rnpoeepka
epadueHmos

2. OvuHamuka oby4eHus
transfer learning, MoHUMopuHa rpoyecca oby4yeHus,

0b6HO8/1eHUe 8eco8, ormuMuU3ayus auneprnapamempos

3. TecTtunpoBaHue
AHcambrnu modereu, ayameHmauusi Ha amarie

mecmupoeaHUA

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



UacTtb 1

- ®yHKumMm aktuBauum / Activation Functions

- [MogrotoBka gaHHbIX / Data Preprocessing

- Nunumnanmsauyma secos / Weight Initialization

- [NakeTHasa Hopmanusauyms / Batch Normalization
- Transfer learning

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



OyHKUMN aKTUBaLIUW
Activation Functions



OyHKUMN aKTUBaLUUK

L0 ()

*@ synapse
axon from a neuron
. WoTo

cell body f (Z SR b)

w171

f

output axon

activation
function

waixi +b

W2 L2

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



OyHKUMN aKTUBaLUUK

S|gm0|d 1 Leaky RelLU )
O'(ZC) — 1+é_$ maX(O]_.fC, .CC)
= 0 T Br—ery 10

tanh

Maxout
tanh(x)

max(w{ z + by, wd x + by)

RelLU ELU

nex(0:) - 250

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



OyHKUMN aKTUBaLUUK

D

~-10 10

Sigmoid

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

o(z) =1/(1+e™")

OT1obpaxxaeT Bce B oTpesok [0,1]
NcTtopunyeckn nmeet
HEMpPOOUONOrMYEeCKyro TPaKTOBKY
HacCbILLEHNA, NPUBOOALLEIO K
akTuBauum 6monornyeckoro
HEenpoHa



OyHKUMN aKTUBaLUUK

Sigmoid

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

o(z)=1/(1+¢e7)

- OTobpaxaet Bce B 0oTpe30k [0,1]

- WcTtopuyeckmn nmeert
HEMpPOOUONOrMYEeCKyro TPaKTOBKY
HacCbILLEHNA, NPUBOOALLEIO K
akTuBauum 6monornyeckoro
HEenpoHa

Tpu Nnpobnemsl:

1. [lpwn HacbIWeHN HenpoHa rpagmueHThl
«ymupatot» (dead gradients)



X .| | 8o sigmoid
= B gate
0L 9o dL
dxr Oz 0o

Uto bypet npu x =-107?
Yto Oynet npn x = 07?
Uto bynet npu x =107

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

o(z) =1/(1+e7%)
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OYHKLMN aKTUBaLUW o(z) =1/(1+e™)

- OTobpaxaet Bce B 0oTpe30k [0,1]
4 - WcTtopuyeckmn nmeert
HEMpPOOUONOrMYEeCKyro TPaKTOBKY
HacCbILLEHNA, NPUBOOALLEIO K
akTuBauum 6monornyeckoro
HEenpoHa

D

~10 10
Tpu npobnembi:

Sigmoid 1. [Mpwv HacbIWEHUM HelnpoHa rpagueHThbl
«ymupatot» (dead gradients)
2. OTKNUK curmonapbl He LeHTpUpoBaH
OTHOCUTESTbHO HYNS

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



UTto OyneT npu Bceraga nonoXxuTteribHOM Bxoae
HEWpPOHa... =

axon from a neuron
f E w;x; + b
i

YTO MOXHO ckasaTb Npo rpagmneHTbl No wW?

g_i =o(D_; wiz; +b)(1 —o(D_, wiz; + b))z X upstream_gradient

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



UTto ByoeT npu Bceraa NnonoXXmMTenbHOM BXOAE

HEeWUpoHa...

f Z’wiﬂ?i +0b

YTO MOXHO ckasaTb Npo rpagmneHTbl No wW?

JlokanbHbIe rpagneHTbl — NoONOXNTeEsribHbIE
Bce X - nonoXxuTernbHble

oL

w

o3 wizs +b)(1 — o3, wiz; + b))x

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

X upstream_gradient



UTto OyneT npu Bceraga nonoXxuTteribHOM Bxoae
HEeWUpoHa... =

f Z’wiwi +0b

YTO MOXHO ckasaTb Npo rpagmneHTbl No wW?

JlokarnbHble rpagneHTbl — NONOXKUTENbHbIE

Bce X — nonoxurtenesHble

3Ha4uT 3HaK Ansa BcexX W, coBrnagaeT Co 3HaKoM
BOCXOASALLMX (upstream) rpagmMeTHoOB!

oL . o> wiz; +b)(1 — o (D], wiz; + b)jm X lupstream_gradient

Aw |

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



UTto ByoeT npu Bceraa NnonoXXmMTenbHOM BXOAE

HEeWpoHa...
allowed
gradient
update
directions
«3ur3ar»
f E wzxz "I_ b allowed snrsd
" gradient
[/ update
directions

OnTumanbHbIV

YTo MOXHO ckasdaTtb Npo rpagmneHTbl o W? BEKTOP W
Bce nnbo nonoxmntenbHble, MO0 oTpuLaTesibHbIE. ..

(OTO Anga ogHoro anemMeHTa BblIbopku!
MuHnbaTum cnacarT CUTyaumio)

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



OYHKLMN aKTUBaLUW o(z) =1/(1+e™)

- OTobpaxaet Bce B 0oTpe30k [0,1]
- WcTtopuyeckmn nmeert
HEMpPOOUONOrMYEeCKyro TPaKTOBKY
HacCbILLEHNA, NPUBOOALLEIO K
akTuBauum 6monornyeckoro
HEenpoHa
Tpun npobnemsi:
1. [lpwn HacbIWEeHNN HEUPOHA rpagmneHThbI
Sigmoid «ymmpatoT» (dead gradients)
2. OTKMMK curmonabl He LeHTpPMUpPOBaH
OTHOCUTENBLHO HYN4A
3. CuutaTb exp() HeEMHOro 3aTpaTHo...

N ocobeHHO HeyOoOHO B KBAHTOBAHHbIX
A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/ CeT KaX, H a ﬂ p VI M e p y B I ntl 6 '

D

~-10 10



OyHKUMN aKTUBaLUUK

tanh(x)

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

OTobpaxxaeT YMCroBYHO NPSIMYIO B
oTpes3okK [-1,1]

LleHTpnpoBaHa B Hyre (xopoLuo!)
HacbilweHune Bce elle yonBaet
rpaguetsbl :(

CuunTtaTb BCe €elle HEe OYeHb YOOobHO...

[LeCun et al., 1991]



OyHKUNM akTUBaLUK
Boiuncnsgem f(x) = max(0,x)

10

- bes HacblweHna B
NONOXXUTENbHON YacTun

- Oy4eHb npocTasa BbIMUCITUTENBHO

- Ha npakTtuke cxoanTca KpaTHo

5= ° B bbicTpee Yem sigmoid/tanh,

NpUMEpPHO B 6 pas

RelLU
(Rectified Linear Unit)

He ueHTpupoBaHa B Hyne...

[Krizhevsky et al., 2012]

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



OyHKUMN aKTUBaLUUK

X 55 ReLU o(x) = max(0, )
< 5, 9ate -
0L 80 0L\ oL
dxr Oz 0o 0o

Uto bynet npu x =-107?
Uto bynet npu x = 07
Uto bynet npu x =107

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




o RelLU

\

MepTBbin RelLU
Hwukorga He
aKTUBUPYETCHA

=> OBHOBNEHNSA HE

A.B. HukoHopoB, ocHoBaHo Ha Kypce http://cs231n.stanford.edu/ 6y .Dl eT

=> /lHorga 3agarT Ans
RelLU nonoxutenbHoe
cmewleHne ~0.01




[Mass et al., 2013]
OyHKUNM akTUBaLUK [He et al., 2015]
- bes HacbiweHus
- BbluncnurtenobHo adHEKTUBHO
- Cxoautcsa bbicTpee curmonabl! (B
~6 paa3)
- He «ymMupaeT»

Leaky RelLU
f(z) = max(0.01z, )

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



OyHKUMN aKTUBaLUUK

10,

_J; -1 10

Leaky RelLU
f(z) = max(0.01z, x)

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

[Mass et al., 2013]
[He et al., 2015]

- be3 HacbiweHund

- BbluncnurtenobHo adHEKTUBHO

- Cxoautcsa bbicTpee curmonabl! (B
~6 pa3)

- He «ymMupaeT»

Parametric Rectifier (PRelLU)
f(z) = max(az, )

Oby4yaemMbin /
napameTp anbda



cbyHKLI,I/II/I akTusauum [Clevert et al., 2015]

Exponential Linear Units (ELU)

- Bce nntockl RelLU

- CpegHee goctatovHO Brn3KOo K
HYI0

- OTpuuaTtenbHOe HacblLEeHNEe
OaeT YCTOMYMBOCTb K LLUYMY, B

-2 cpaBHeHun c Leaky RelLU

10

T ifz>0

fid) = {a(exp(x)_l) ifz<o - anocuntath exp()

(no ymornyaHnuio Alpha = 1)

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



OyHKUMN aKTUBaLUUK

[Klambauer et al. ICLR 2017]

Scaled Exponential Linear Units (SELU)

10

f(z) = AT ifz >0
Aa(e® —1) otherwise

a=1.6733, A =1.0507

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

Macltabupyemasi Bepcus
ELU nyywe gnga rnybokux
ceTeun
“CamoHopmManusayms’
SELU cetu moryT pabotartb

oe3 BatchNorm
- Koe-4yTo eLue nosxe



OyHKUMN aKTUBaLUUK

Maxout “HEVIPOH” [Goodfellow et al., 2013]

- PeannsyeTt HENMHENHOCTbL He ABNAACH
cKkandapHbIM Npou3BegeHneM

- Obobwaet ReLU and Leaky RelLU

- [Noytn nuHeeH! bes3 HackiweHna! He ymunpaer!

max(w! z + by, w] = + by)

[Tlpobrnema: yoBanBaeT KONM4eCcTBO BECOB :(

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



chH KUMW aKTuBauuu [Ramachandran et al. 2018]

Swish
=0.01 5
2:1 - OnTnmarnbHbIN BbIOOP 13
B =10 Kfnacca HellMHEeNHOCTEMN.

- Swish gaert ny4wyro TOYHOCTb
Ha CIFAR-10

-10

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



TLDR: Ha npaKTUukKe:

- MNonb3yntecb RelLU. Ecnn oby4yeHne noet
nnoxo, ymeHbLllanTte learning rate

- [NpobynTe

- [1pobymnte PRelLU c maneHbkum learning rate

- He ncnonbayunte sigmoid nnu tanh
Tanh MoXeT ObITb MHOrAa nosie3eH Ha curHanax

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



[loarotoBka OaHHbIX

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



[loaroToBKa OaHHbIX

original data zero-centered data normalized data

10 - 10 10 -

. 4
5| St 5
0 - 0 - 0 ,' I
-5 -5 -5

\/

BT 5 1q AT -5 0 5 19 ) -5 0 5 10

X -= np.mean(X, axis = 0) . X /= np.std(X, axis = 0)

[Monaraem X [NxD] matpuua gaHHbIX,
HabnaeHnsa No cTpokam

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



BcnomnHaemm: PaccmMmoTpum crnyyvyau
NONOXUTENbHbLIX BXOAO0B...

f Zwixi +b

Uto Bynet c rpagmeHTom no w?

Bcerga nnbo nonoxnteneH nmbo otpuuateneH :(

HyneBoe cpegHee AaHHbIX HaM NOMOXeT!

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

allowed

gradient

update

directions

zig zag path

allowed
gradient
update
directions

OnTrManbHbIN
BEKTOP W



[loaroToBKa OaHHbIX

original data zero-centered data normalized data

10 - 10 10 -

. 4
5| St 5
0 - 0 - 0 ,' I
-5 -5 -5

\/

BT 5 1q AT -5 0 5 19 ) -5 0 5 10

X -= np.mean(X, axis = 0) . X /= np.std(X, axis = 0)

(Assume X [NxD] is data matrix, each example in a row)

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



[loaroToBKa OaHHbIX

Ha npaktuke nonesHo: PCA n Whitening

original data decorrelated data whitened data

-10 = 0 5 1g =T = 0 5 1 10 =5 0 5 10

(koBapmaumoHHas (koBapunaumnoHHas
MaTpuvua AaHHbIX MaTpuvua gaHHbIX
AnaroHarbHas) eJuHUYHas)

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



[loaroToBKa OaHHbIX

Oo Hopmanu3aumm: pyHKLUS NoTepb NMocne HopmManusauuu: PyHKUMS NoTePb
YyBCTBUTENbHA K ManblM N3MEHEHMUAM He CTOMNb YyBCTBUTESbHA K U3MEHEHUAM
oby4yeHne HeyCToN4YnBO BeCoB, onTumMmsauna 6onee yctonymsea

A

]
A
e A
® o\A
A
A ° A
ol o\A
o

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



TLDR: Ha npakTuke Anga nsoopaxeHUu:

TOJNbKO LLEHTPUpyem
Hanpumep ans CIFAR-10 ¢ nsobpaxeHunamm [32,32,3]

- Bbluntaem cpegHee nsobpaxeHune
(ona AlexNet) (mean image = [32,32,3] array)

- BblimnTaem nokaHanbHoe cpegHee
(ona VGGNet) (nokaHanbHoe cpegHee = 3 ynicna)

- BblunTaem nokaHanbHoe cpeaHee Nns
[lennm Ha nokaHanbHoe std n3o0paxeHun

(nns ResNet) (nokaHanbHoe cpefHee = 3 yucna) PCAwM
whitening He

aenaot

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



MHnumanmnsaumnsa BecosB



- Kak nHuumnanmnavpoBaTb Beca?

output layer
input layer
hidden layer

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



- [lepBaga noes: manble criyd4aHble BeJFIMYUHDbI
rayccoB LuyM c HynesbiM cpegHum n 0.01 STD

W= 0.01 * np.random.randn(Din, Dout)

PaboTtaeT ana manbix ceTeun, He paboTaeT ans
rnyoOoKunx.

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



MHnumanmnsaynsa BecoB: cTaTUCTUKA

dims = [4096] * 7 [Mpsimon npoxopg ans 6-Tu
hs = [] crnovHomn cetu ¢ 4096
X = np.random.randn(16, dims[0]) CKPbITBIMW HENPOHaMMU

for Din, Dout in zip(dims[:-1], dims[1l:]):
W = 0.01 * np.random.randn(Din, Dout)
X = np.tanh(x.dot(W))
hs.append (x)

UTO cny4nTca ¢ akTuBaumaMmn Ha nocnegHem crnoe?

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



NHnumnanunsaumsa BecoB: CTaTUCTUKA

[Mpsimon npoxoa ans 6-tm
dims = [4096] * 7 crnownHou cetn ¢ 4096

hs = [] CKPbITEIMU HEMPOHAMY
X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]): Bce adKTnBalunn yxoadT B

W = 0.01 * np.random.randn(Din, Dout) HOMNb AOJA rny6OK|/|X CJ10€eB
X = np.tanh(x.dot(W))

hs.append (x) Q: Kak byoyT BbIrmsgeTb
roagneHTbl dL/dW?

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=0.00 mean=0.00 mean=-0.00 mean=-0.00 mean=0.00
std=0.49 std=0.29 std=0.18 std=0.11 std=0.07 std=0.05

-1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0

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



NHnumnanunsaumsa BecoB: CTaTUCTUKA

[Mpamon npoxoa ons 6-mm
dims = [4096] * 7 crnonHon cetu ¢ 4096
hs = [] CKPbITbIMU HENPOHaMM

X = np.random.randn(16, dims[0]) Bce aKTVBaLWM yXOasT B

for Din, Dout in zip(dims[:-1], dims[1l:]): 6
W = 0.01 * np.random.randn(Din, Dout) HOJ1b A11A MTTYOOKUX CIoEB

X = ObsLAnl(x.dot(W)) Q: Kak 6yayT BbIrmnsgeTb

hs.append (x)
rpagneHTtbl dL/dW?
A: bnunsko K Hynto...
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=0.00 mean=0.00 mean=-0.00 mean=-0.00 mean=0.00

std=0.49 std=0.29 std=0.18 std=0.11 std=0.07 std=0.05

-1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0

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



NHnunanusauusa secos: “Xavier’

dims = [4096] * 7 “Xavier” initialization:

hs = [] std = 1/sqrt(Din)

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-11, dims[1:]):

W = np.random.randn(Din, Dout) / np.sqgrt(Din)
X = np.tanh(x.dot(W))

hs.append (x)

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010

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



ObocHoBaHMe nHnumanusauum Kcasbepa

weights
inputs
)
activation
functon
X @ net input
- net;
J
> @ %

e @ activation
X3 00—
transfer
i . function
X 9
" threshold

5= ¢ WL

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

var(s) = E(s— E(s))®

var(s) = var(i XW,;) = ZN: var(x,w;) =

= ZN: E ((Xiwi) - E(Xiwi))2 =i E ((XiWi)2 - 2(XiWi)E(XiWi) + E(xiWi)z)

HyneBble cpennue: E(X;) =0, E(w,)=0

iE (X,W,)* = 2(x;w,)E(X, (E , I) =ZN:E (xw))

Z E((x w,)? ) Z(var(x )var(w,))

i
CUuTaeM X;, W; OIMHAKOBO PACHpPCACIICHHBIMMU:

i (var(w;) var(x;)) o nvar(w, )I\/ar(xi)

var(ax) = a* var(x) w = np.random.randn{n) / sgrt(n) .



NHnunanunsauunsa secosB: “Xavier”

dims = [4096] * 7 “Xavier” initialization: “MoYTn xopoLio”:

hs = [] std = 1/sqrt(Din) y

X = np.random.randn(16, dims[0]) CpaBHMMblM MacLiTab

for Din, Dout in zip(dimsf:-1]1, dims[1:]): adKTnBauum no scem CJriodam

W = np.random.randn(Din, Dout) / np.sqgrt(Din)
X = np.tanh(x.dot(W))

hs.append (x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=-0.00 mean=0.00 mean=0.00 mean=0.00 mean=-0.00
std=0.63 std=0.49 std=0.41 std=0.36 std=0.32 std=0.30

-1 0 1 =1 0 1 =k 0 1 =3 0 1 =5 0 1

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010

e 0 1

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




NHnunanunsauunsa secosB: “Xavier”

dims = [4096] * 7 “Xavier” initialization: “Just right”: Activations are

hs = [] std = 1/sqrt(Din) nicely scaled for all layers!

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1:]):
W = np.random.randn(Din, Dout) / np.sqgrt(Din) ,D,J'IFl CBEPTOK,
X = np.tanh(x.dot(W))

Din = filter_size2*input_channels

hs.append (x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=-0.00 mean=0.00 mean=0.00 mean=0.00 mean=-0.00
std=0.63 std=0.49 std=0.41 std=0.36 std=0.32 std=0.30

-1 0 1 =1 0 1 =k 0 1 =3 0 1 =5 0 1

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010

e 0 1

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



Nununannizauuns secos: RelLU

dims = [4096] * 7
hs = []
X = np.random.randn(1l6, dims[0])
for Din, Dout in zip(dims[:-1], dims[1l:]):
W = np.random.randn(Din, Dout) / np.sqrt(Din)
X = np.maximum(0, x.dot(W))

Change from tanh to ReLU

Xavier npeanonaraet
aKTUBaLMIO C HYNEBbLIM
cpegHum

Ona RelLU He paboTaeT!

hs.append(x)

Layer 1 Layer 2 Layer 3 Layer 4
mean=0.39 mean=0.28 mean=0.20 mean=0.14
std=0.58 std=0.41 std=0.30 std=0.21

mean=0.10
std=0.15

mean=0.07
std=0.10

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




MHnunanusaunsa secos: Kaiming / MSRA
MHLMarM3aumsd

dims = [4096] * 7

e [ ReLU correction: std = sqrt(2 / Din)  1104TK paboTaeT’:
X = np.random.randn(16, dims[0]) AKTMBaUWUK ONATbL cTanu
for _Din, D in zi ims[:-1 imsilz]):

COXpaHsATb MacLTao!
W = np.random.randn(Din, Dout) * np.sqrt(2/Din)

X = np.maximum(0, x.dot(W))

hs.append(x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.57 mean=0.57 mean=0.56 mean=0.55 mean=0.55 mean=0.55
std=0.83 std=0.83 std=0.83 std=0.81 std=0.81 std=0.81

=3 0 1 e | 0 1 -1 0 1 —1 0 1 -1 0 1 -1 0 1

He et al, “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification”, ICCV 2015

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



[TyGnukaymm no nHnumanmna3auum. ..

Understanding the difficulty of training deep feedforward neural networks
by Glorot and Bengio, 2010

Exact solutions to the nonlinear dynamics of learning in deep linear neural networks by Saxe et al, 2013
Random walk initialization for training very deep feedforward networks by Sussillo and Abbott, 2014

Delving deep into rectifiers: Surpassing human-level performance on ImageNet classification by He et
al., 2015

Data-dependent Initializations of Convolutional Neural Networks by Krahenbuhl et al., 2015
All you need is a good init, Mishkin and Matas, 2015
Fixup Initialization: Residual Learning Without Normalization, Zhang et al, 2019

The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks, Frankle and Carbin, 2019

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



Batch Normalization

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



Batch Normalization [loffe and Szegedy, 2015]

[laBanTe coenaem HyrneBoe cpeaHee U eaQUHUYHY0 OUCTEPCUIO Ans
akTmsauun!

UToObI 3TO caenaTtb Ha HEKOTOPOM CIlO€:

(k) _ E[x(k)
i) s [z**]

\/ Var[z(*)] 10
ongdoepeHunpyemad
dYHKUMS. ..

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



Batch Normalization [loffe and Szegedy, 2015]

N
Input- x: N xD - 1 MokaHanbHOoe
) n ¢ = — :B .
Hi N Zl “J cpenHee,
= asMepHocTu D
A A A P P

1 N
2 Z 2 [lokaHanbHas
7 N 4 (i.g — 15) aucnepecus,
=l pa3mepHocTun D

N X

:E F: § — . .
Big = g — Mg Hopmarnun3oBaHHbIi X,
’ 2 PasmepHoctn N x D
\AA 05 T ¢
D [Mpobnema: 4To ecnu Hynesoe

cpedHee U eguHNYHas ancnepcus
CJTMLLKOM cunbHoe TpeboBaHue?

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



Batch Normalization

Bxoa: »: N x D

OGy4yaemble
napamMeTpbl caBura
U MmacwiTtaba:

s -1 72

Ecnn y=o0,

£= p© nonyvmm
HyreBoe cpeaHee u
eQVNHUYHYI0 aucnepcuto!

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

1 N
ﬂfZﬁE:%J
=1

N

[loffe and Szegedy, 2015]

[lokaHanbHoOEe
cpegHee,
pasmepHocTn D

1
2 _E : .. \2 [llokananbHas
05 = N (IW ’uﬁ') aucnepcus,

=1
Tij — K

1/032-—|—€

Yij = Vitij + B

Lijg =

pasmepHocTn D
HopmannsoBaHHbIN X,
pasmepHocTn N x D

HoBbI BbIXon,
pasmepHocTn N x D



- - . OLI,eHKI/I onpeaeneHbl Ha M|/|H|/|6aT'-|e;
Batch Normalization: TecT 70 HENATD HE 60T
1 N
Bxoa: r: N x D _ MokaHanbHoe
. . e — Ti:
H N Z “J " cpennee,
OGy4yaemble = pa3mepHocTy D
N
napameTpbl cABUra gt = i Z(ZE : .)2 MokaHanbHas
U MmacLuTtaba: I N .5 — Mi) pucnepcus,
=1
) pa3mepHocTn D
r}/? 6 ! D Lg.5 — Hj

Lijg =

EC”M ’}/:U, 1/()'.3'2._|_€
B= 1 nonyynm -
HyneBoe cpeaHee u Yij = %ij + P

eQVNHUYHYI0 aucnepcuto!

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

HopmannsoBaHHbIN X,
pasmepHocTn N x D

HoBbI BbIXon,
pasmepHocTn N x D



Batch Normalization: Tect

Bxoa: »: N x D

OGy4yaemble
napamMeTpbl caBura
U MmacwiTtaba:

s:1°4F2

Ha atane Tecta 6at4yHOpM 3TO
nnHenHbln onepartop! MoxeTt
ObITb 06beauHeH ¢ conv/FC

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

Ckonba3siliee cpegHee
BENMYMH C 3Tana
o0y4yeHuns

Ckonb3silee cpeaHee
BENMYMH C 3Tana
o0y4yeHus

Tij — K

1/032-—|—€

Vi%ij tB;

[NMokaHanbHOE
cpegHee,
pasmepHocTn D

[MTokaHanbHasa
aucnepcus,
pasmepHocTn D

HopmannsoBaHHbIN X,
pasmepHocTn N x D

HoBbI BbIXon,
pasmepHocTn N x D



Batch Normalization [loffe and Szegedy, 2015]

|

FC OObI4YHO CTaBAT nocrne

BlN MONMHOCBA3HbLIX NN CBEPTOYHbIX

1 CI10eB 1 nepea HENMMHENHOCTIHO.
tanh

|

FC

l k k
BN f(k) - 33( ) — E[:B( )]

: v/ Var[z(¥)]

tanh

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



Batch Normalization

|

FC

!

BN

!

tanh

FC

BN

tanh

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

[loffe and Szegedy, 2015]

CunbHO ynpollaet obyyeHune rmyboknx ceetul!
CTabununampyert pacyeT rpagnueHToB

[enaet BO3MOXHbLIM 6onee BbICOKUM learning rates,
n boree ObICTPYH CXOAUMOCTb

CeTun bonee yCTon4nBbI K Ha4anbHbIM 3HAYEHUSIM
BECOB

Perynspusnpyet oby4yeHue

Hynesaa ctToMMOCTb Ha MH(PEepPEHCe,
obbeauHaeTcs co ceBepTkamu!

Benet cebs no pasHomMmy Ha 0OyyeHnn 1
NHd)EPEHCE, NPUYMHA MHOIMX OLLIMGOK!



Batch Normalization gnga CHC

Batch Normalization ans

Batch Normalization gnsa CBEPTOUHLIX CeTell

NOJTHOCBA3HbIX CETEN (Spatial Batchnorm, BatchNorm2D)
x: N x D X: NxCxHxW
Normalize i Normalize ¢ ¢ ¢
MU, 00 1 xD u,00: 1xCx1x1
Y,Bp: 1 x D Y,B: 1xCxlxl

Yy = Y (x—l,ll,l) /O'O'+[3 VYV = Y (X—I.ll-l) /O-O"I'ﬁ

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



Comparison of Normalization Layers

Batch Norm Layer Norm Instance Norm

VALV

AT X

VAR A

2T
Z N\
LA NN A

Wu and He, “Group Normalization”, ECCV 2018

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



Group Normalization

Batch Norm Layer Norm Instance Norm Group Norm

H, W
LT FETL T
@W. = AT

H, W

LT FF LT

VAR Al

YA A RN

AT

LT
LR

L

L fL LT

LS
Z N
L
Z\ A\ N\ N\ N\

Wu and He, “Group Normalization”, ECCV 2018

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



Transfer learning

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



“Bam Hago MHoro g %T06bl

0ByunTbL BaLLly CeT%

QQ

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



Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014

Transfer Learning gna CHC PN

2014

1. Yyum Ha Imagenet

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

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



Transfer Learning gnsa CHC

2. ManeHbkun gatacet Ha C

1. Train on Imagenet

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

KrnaccoB
FC-1000 FC-C
FC-4096 FC-4096
FC-4096 FC-4096
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool
Conv-256 Conv-256
Conv-256 Conv-256
MaxPool MaxPool
Conv-128 Conv-128
Conv-128 Conv-128
MaxPool MaxPool
Conv-64 Conv-64
Conv-64 Conv-64

‘\\

[Mepeobyvaem
C Hyns

oTn
3aMOPOXKEHDI

Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, “CNN Features Off-the-Shelf: An
Astounding Baseline for Recognition”, CVPR Workshops
2014



Transfer Learning gnsa CHC

2. ManeHbkun gatacet Ha C

1. Train on Imagenet

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

KrnaccoB
FC-1000 FC-C
FC-4096 FC-4096
FC-4096 FC-4096
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool
Conv-256 Conv-256
Conv-256 Conv-256
MaxPool MaxPool
Conv-128 Conv-128
Conv-128 Conv-128
MaxPool MaxPool
Conv-64 Conv-64
Conv-64 Conv-64

‘\\

[Mepeobyvaem
C Hyns

oTn
3aMOPOXKEHDI

70

65

60

Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, “CNN Features Off-the-Shelf: An
Astounding Baseline for Recognition”, CVPR Workshops
2014

danHTbOHUHT ¢ AlexNet

56.78

50.98

DPD (Zhang et POOF (Berg & AlexNet FC6 + AlexNet FC6 +
al,, 2013) Belhumer, logistic DPD
2013) regression

Donahue et al, “DeCAF: A Deep Convolutional Activation Feature for
Generic Visual Recognition”, ICML 2014



Transfer Learning gnsa CHC

2. ManeHbkun gatacet Ha C

1. Train on Imagenet KITaCCOB
FC-1000 FC-C
FC-4096 FC-4096
FC-4096 FC-4096
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool
Conv-512 Conv-512
Conv-512 Conv-512
MaxPool MaxPool
Conv-256 Conv-256
Conv-256 Conv-256
MaxPool MaxPool
Conv-128 Conv-128
Conv-128 Conv-128
MaxPool MaxPool
Conv-64 Conv-64
Conv-64 Conv-64

Image

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

Image

"\\

>

J

[Mepeobyvaem
C Hyns

oTn
3aMOPOXEHbI

Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, “CNN Features Off-the-Shelf: An
Astounding Baseline for Recognition”, CVPR Workshops

2014

FC-C

FC-4096

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

*— Yyum

\

[nsa 6onbLuoro
aaracerta yuymm
OonbLlue cnoes

> Moposnm

Ona panHTboHa
B6epem learning rate
nomeHblie; 1/10 ot
ncxogHoro LR

J xopolLluee Hayano




FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

CneundunyHble
NPU3HaKK

Oobwme
NPU3HaKN

/

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

Bnunskumn OTnUYHLIN
aartacer aartacer
Mano aaHHbIX | ? ?
MHoro ? ?
OaHHbIX




FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool

— CneunuyHble
comsi2 | MPUIHAKM

MaxPool
Conv-256

Conv-256 O6u_|,|/|e
MaxPool r|p|/13HaK|/|

Conv-128

Conv-128
MaxPool
Conv-64

Conv-64

Image

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

Bnnskun OTnUYHbLIN
aartaceTt aartacet
Mano JInHenHbIN [Mpobnema...
AaHHbIX KrnaccudukaTo MonpoboBaTb
p NOBEpPX CeTH NMUHEWHBbIN
Kraccudukatop
Ha paHHUX
Crosx
MHoro DanHTbIOH QanHTbIOH
AaHHbIX HECKOJTbKUX BonbLuoro
crioeB KOfinyecTBa CroeB




Transfer learning Besge...
(3T0 HOpMA, a HE UCKIOYEHNE)

ObjeCt Detection M peﬂo6yquHaﬂ
(FastR-CRN) “2] CHC (ImageNet)

Bounding box
regressors

Image Captioning: CNN + RNN

Proposal | Linear +
classifier

“straw” “hat” END

External proposal
algorithm
e.g. selective search

Vhi

ConvNet
(applied to entire

START “StraW" llhat"

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for
Generating Image Descriptions”, CVPR 2015

Girshick, “Fast R-CNN”, ICCV 2015
Figure copyright IEEE, 2015. Reproduced for educational purposes.

Figure copyright Ross Girshick, 2015. Reproduced with permission.

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



Transfer learning Besge...
(3T0 HOpMA, a HE UCKIOYEHNE)

ObjeCt Detection I_I peﬂo6yqu Has
(FastR-CRN) =l CHC (ImageNet)

Bounding box
1 regressors

Image Captioning: CNN + RNN

Proposal
classifier

“straw” “hat” END
Yt

Wha Won

wéé

External proposal
algorithm
e.g. selective search

ConvNet
(applied to entire
image)

START “straw” “hat”

ObpaboTka crnoB Ha OCHOBe

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for

Girshick, “Fast R-CNN”, ICCV 2015 rl peﬂo 6yL.| e H H O ro WO rd 2ve C Generating Image Descriptions”, CVPR 2015

Figure copyright Ross Girshick, 2015. Reproduced with permission.

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

Figure copyright IEEE, 2015. Reproduced for educational purposes.



Transfer learning -
ApPXUTEKTYpa UMeEeT 3HavyeHune

Object detection on MSCOCO Size matters not.

50

ApXUTEKTYPbI pasdepem nosxe

DPM (Pre DL) Fast R-CNN Fast R-CNN Faster R-CNN Faster R-CNN Faster R-CNN Mast_g-CNN

(AlexNet) (VGG-16) (VGG-16) (ResNet-50) (ResNet-101) N
(ResNet-101)

Girshick, “The Generalized R-CNN Framework for Object Detection”, ICCV 2017 Tutorial on Instance-Level Visual Recognition

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



Transfer learning Besge...
HO BO3MOXXHO 3TO HE CTOJSb BaXKHO!

bbox AP: R50-FPN, GN
O6y4yeHue ¢ Hyns (from scratch)

40 % ' S S aEm i paboTaeT NpakTMYeckn Takke, Kak
| )
- / (J\ A A J ncnonb3oBaHne NpegobyyYeHHOM Ha
P o) Rl ImageNet mogenu

30
25 Ho B 2-3 pasa gonbLie
typical
20 fine-tuning
schedule
15 CobpaTtb nobonblue AaHHbIX 1 00y4nTb
ib C Hyns nydywle, 4yem JoobyunTb
5 —random init
w/ pre-train
0 1 1 1 L ||
0 1 2 3 4 5

He et al, “Rethinking ImageNet Pre-training”, ICCV 2019
Figure copyright Kaiming He, 2019. Reproduced with permission.

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



Ha npakTuke:
Transfer learning be like

b4

i

P B \
""" "Custom?
g_flayers =

/c‘
=

{Pretrained
» layers

Source: Al & Deep Learning Memes For Back-propagated Poets

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



Ha npakTuke:
Uto ecnn y Bac ectb < ~1 MIH. KAPTUHOK?

1. Hantum 6onbLlIon NOXOXWUW gaTacer,
Hay4nTb Ha Hem bonbliyo Moaensb
2. Transfer learn Ha cBoeM gaTtaceTe

Ncnonb3ynte 3oonapkmn moaernen “Model Zoo” nuwmte HyxHytro
npenodyyeHHy0 Moaenb U NCNOMb3ynuTe

TensorFlow: https://github.com/tensorflow/models
PyTorch: https://aithub.com/pytorch/vision

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



NToro TLDRs

Mol pasobpanu:

- OyHKumm aktnBauymm (RelLU aTo XopoLuo)

- [logrotoBKy Aa@HHbIX (AN KAPTUHOK: BblYMTaEM
cpenHee)

- nnumanuzauuto Becos (Xavier/He)

- Batch Normalization (ncnonesayuTte!)

- Transfer learning (ncnonb3ymnTe npu
BO3MOXHOCTK!)

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



[lanee:
ObyyeHne HC, yacTb 2

- [MonuTnkn oOHOBIEHNS BECOB

- Learning rate nonuTnKu

- [lpoBepka rpagneHToB

- Perynapusaumna (Dropout n 1.4.)

- KoHTporsib 0by4yeHus

- TecTtmnposaHue (AHcambnu n 1.4.)

- [Mogbop rmnepnapameTpoB

- Transfer learning / fine-tuning — ewie pa3s

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



