OCHOBbI NPaKTU4YeCcKoro
MCMNO/1Ib30BAaHNA HEUPOHHbIX CETEN.

Nekuuna 4. MeTtoabl noBbileHUA 3GPEeKTUBHOCTH
anropntmos obyyeHuna ana rnybokmx HC.



Batch normalization

1 Hopmanusaums + gekoppenauma BXOAHbIX AaHHbIX = NOBbILLIEHNE
3pPeKTUBHOCTM 0OyYeHUA.

1 HapyLlueHne nonyyeHHbIX CBOMCTB BXOAHbIX BEKTOPOB AN MPOMENKYTOUHbIX
[AHHbIX BO BHYTPEeHHMX cnosax (internal covariance shift).

U Npea: npoBoanTb NnpeaobpaboTKy BXOAHbIX AaHHbIX A8 KaXKA40ro BHYTPEHHero
cnos.

0 OnTumM3aumsa BbIMUCAUTENBHBIX 3aTPAT = HOPMaNM3aUUA BHYTPEHHUX AaHHbIX

(6e3 pekoppenaumn).

Sergey loffe, Christian Szegedy. Batch Normalization: Accelerating Deep Network Training by
Reducing Internal Covariate Shift, 2015



Batch normalization. Anropntm

Input: Network N with tramnable parameters 9; Input: Values of r over a mini-batch: B = {x1_m}:
subset of activations {_.r": k) }£\= | Parameters to be learned: v, 3
Output: Batch-normalized network for inference, Nij Output: {y; = BN, 5(z:)}
1: Ny + N/ Training BN network |
2:fork=1...K do B — — Y T // mini-batch mean
3:  Add transformation y'*) = BN_ g g (zF)) to m iz
N (Alg.[) U
4 Modify each layer in Nijy with input z*) to take 98 Z"‘E i~ HB) /' mini-batch variance
y'*) instead e
5. end for T ! ';ﬁ // normalize
6 Tramm Npy to optimize the parameters © U VOgt+E
[+, gy K | Yi + YT + 3 = BN, a(zi) I/ scale and shift
7. Nit « NI, // Inference BN network with frozen

/{ parameters

g fork=1...K do J
9. [/ Forclarity. z = (¥}, v = 4% ug = fijz . efc.
10:  Process multiple training mini-batches 13, each of
size mi, and average over them:
E;i‘] — EB;HB]
Tt

Var[z] + -2-Eg[cg]

m—1

11:  In N3 replace the transform y = BN, s(z) with
o +E[z]

V= Taee t B A

- end for

—
Pt




Batch normalization. Mpumepusi.

/-:_: e
d Knaccudumrauma MNIST 09l ¢
I
1 CeTb 784x100x100x100x10, I
50000 obyyatowmx npumepos - _,' = = = Without BN
, With BN

10K 20K 30K 40K 50K
O Knaccnoukauma ImageNet 08
1 CeTtb 13.6*10° napameTpos,

1000 Knaccos

Model Steps to 72.2%  Max accuracy = = =Inception
Inception 31.0. 106 72.2% e gﬁ:ﬂgse“”e
BN-Baseline 13.3-10° 72.7% BN_xa0
BN-x5 2.1-106 73.0% 14 ++ BN-x5-Sigmoid
BN-x30 2.7.108 74.8% $ Steps to match Incopfion
BN-x5-Sigmoid 69.8% 20m 25M 30M




Perynapusauuna L2

O Perynapusauusa - metog npeaoTtspalleHms nepeobyyeHusa HC.

U BeegeHune wtpada ana 6onblunX BECOB.

O A - KoadduumeHT perynapmsaumn.

aC  aC, A b b— o0
= + —w ob
3’w 8?.[? T a(‘f 7 }L
ac  8Cy u'*-w—nax']—?—w
= . w T
ab  ab ( m) 5C,
— 1— — | w — i
n dw

L MacwTtabupoBaHue Beca nepea KoppeKLumnen no rpaiIMeHTHOMY CMYCKY.



[lopmep npumeHeHuna perynapusaumm
L2

O Knaccnoukauma MNIST
O Cetb 784x30x10, 1000 obyuatoLuxX NpUMepoB

Accuracy (%) on the test data 873 ! Accuracy (%) o!n the test data

82.30

s g 87.0 1l
g220f : W R M WW |I'|'I*|I||"I‘l". ) .':Il'l‘ll'lhllll |
| NMWW \WW\M 6. ; Ty " a 1

B2L5 ko ‘P‘M L | DR ] 866 lihlwll'!ii,l"|_

§1.95 W’ MVV , R o ] 86.0 .T'L-'-;:Iiifll‘l" L.

819055 250 300 350 200 85800 250 300 350 300




Perynapusauma - CHU*xeHue
nepeobdbyvyeHunsn

1 HeTt ogHO3Ha4HoOro peleHus 6e3
AOMNO/IHUTE/IbHON MHPOOPMaL M.

U Bonblume 3HayeHUsA napameTpos -
yBeNnYyeHmne YyBCTBUTENIbHOCTYU K LLYMY.

yzaua‘.g—l—al:rg—l—...

y=a,X+q




Perynapusaumna L1

U BeegeHune wtpada gna 60nblLnX BECOB.

A
C =C — )
Co + - Ew |w|
O A - KoadpduumeHT perynspmsaumn.

aoC aCy A } nA aC’y
— 4 — Sg]‘l{ﬂa‘) w — 1w = 1w — —Sgﬂ(“w]l —n
ow Ow n n dw

U YmeHbleHWe Beca Ha GUKCUPOBAHHYIO BEIUUYNHY

O Ona perynapusaumum L2 3HayeHUe ymeHblLUeHMA Beca 3aBUCUT

OT ero BeJIn4nHbl. nA
-w—:--w’=-w(1——>
n

B aCy
" ow



Perynapunsauna Max-norm

U OrpaHunyeHna HopMbl BEKTOPa BECOB /151 KaXKA0ro HelpoHa.

-

9 < ¢

[|w

U ¢ - rmunepnapamerp.
U Peannsauns yepes HOPMMUPOBKY BEKTOPa BECOB MNpU
HeBbINONHEHUN HEepPaBEHCTBa.

U 3ddekTnBHA Npu coBMecTHOM Ucnosib3oBaHum ¢ Dropout



Dropout

O UHCcTpymeHT perynspusaunu.

O Moandukaumnsa apxuTeKkTypbl CETU B NpoLiecce obyyeHus.

O YnpouweHHas cxema Dropout
1. BpemeHHO yaanutb n3 HC noN0BUHY C/ly4anHO BbIOPaHHbIX
BHYTPEHHMX HEMPOHOB C COOTBETCTBYOLWMMM CBA3AMM.
2. [MposecTtn ntepaymto obyvyeHme Ha nakete: obHoBNEeHUE
CBA3EN OCTaBLUMXCA HEMPOHOB.
3. BocCCTaHOBUTb yAa/leHHbIE HEUPOHbI U UX CBA3MN.
4. Mostoputb n. 1-3.
O Nepep npumeHeHMEM CETU YMEHbBLLINTb BHYTPEHHUE Beca B 2
pasa.

N. Srivastava et al. Dropout: A simple way to prevent neural networks from
overfitting, 2014.




Dropout. [lpumep ncnosib3oBaHuA.

L MNIST.

BxoaHow BekTOp 784 anemeHTa.

10 knaccos.

10000 TecToBbIX N300paXKEHUIA.

rrrrrrr

ik Wm ’f“{:%;sw/

U Reuters. KnaccudpuKkauma 4OKYMEHTOB.
BxoaHow BekTop 2000 anemeHTOB.

50 Knaccos.

~200000 TecToBbIX AOKYMEHTOB.

Training Set Error Test Set Error

— 2000-1000-1000-50
— 2000-2000-1000-50

training without dropout

— 2000-1000-1000-50 |
— 2000-2000-1000-50 |

T A |
T m\ j-«“‘«" '
v
o B I
training with drop:
— N\
e,
e
ettt et
P A A A At e s
28
100 200 300 00 00 0 100 200 300 00 00
Epoch: Epoch:

G.E. Hinton et al, Improving neural networks by preventing co-adaptation of feature detectors, 2012
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BapuaHTtbl Dropout. DropConnect.

L YnaneHune ceasen.

Without Dropout

STOSSTOSS

Ve K ‘f
SO
%\‘“q( )‘s' 5
“Nee

Standard Dropout

Training Phase

v = [[Wx)om,

Testing Phase :

y=I(l

m; ~ Bernoulli fp}

p)f(Wx)

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-

visual-explanation-58cdc2112293

DropConnect

Training Phase :
¥y =f(WaoMjx), M~ Bernoulli{p)
Testing Phase .

¥y =[Wx)omiZ)

z
where mi;(2) = % Z fli) &~ N, o)

z=l)

and p=pWx, o =p(l —p)(WoeW)(xex), ZeH~



BapunaHTtbl Dropout. Standout.

1 BepoATHOCTb yaaneHums Training Phase :

HEMPOHA 3aBUCUT OT BE/INYUHDI y = f(Wx)jom, mj~ Bernoulli{g(Wgx])

Testing Phase :

BeCOB.
y=1(1—g(Wgx))o fiWx)
D where W, is the belief network’s weights
an’V\ep' and g s the belief network’s activation funetion

Standout method

A £
-:J”:"! = ||jj|' L) | Standard Dropout Method with sigmoid activation o,
a=o0.1,and f=0

W, =aW 3 - & wez g

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-

visual-explanation-58cdc2112293 13



BapunaHTbl Dropout. Gaussian Dropout.

| HEI‘;IpOHbl He yA4anArTCA, a «3aBewnBaroTCA» C NOMOLWbHO HOPMAJIbHOIO
pacnpeaeneHuma.
O Bbiwe CKOPOCTb CXOAMMOCTW. Bernoulli Gate Gaussian Gate

Training Phase : @ @
y=f(Wx)om, m;~AN(L p(l—p) .
Testing Phase : . @ . .
s o ¢ @ oo

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293 14



BapuaHTbl Dropout. Pooling Dropout.

1 CraHpapTHbIit dropout He  yithout Max-Pooling Dropout  With Max-Pooling Dropout
apdeKTnBEH ANA

n3obpakeHumn

QO Pooling Dropout
MPUMEHAIOT A/1A CBEPTOYHbIX
ceTeu

Training Phase :

Y = max{Pool; (Y)o Mg} M~ Bernoulli(p)

Testing Phase :

ey e Sy
Y = (1 — p) max{Pooly;..(Y)} Ea

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293 15




BapuaHTbl Dropout. Spatial Dropout.

U YnaneHne KapT npusHakos
[ Spatial Dropout npMmeHAIOT ANA CBEPTOUYHbIX CETEN

Standard Dropout Spatial Dropout

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293
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BapuaHTtbl Dropout. Cutout.

U YnaneHne ¢pparmeHTOB KapT
O Cutout npumeHsIoT A1A CBEPTOUYHbIX ceTel

Standard Dropout Cutout

https://towardsdatascience.com/12-main-dropout-methods-mathematical-and-
visual-explanation-58cdc2112293

17



Tunbl cBepTOK (1)

O 2D cBepTKa

BbinonHeHue 2D cBepPTKM, UNCNIO BXOAHbIX

2D cBepTKa: NoayyYyeHMe O4HOro BbIXOAHOIO .
KapT Din, BbIxoAHbIX - Dout

2/1eMeHTa

18
https://towardsdatascience.com/a-basic-introduction-to-separable-convolutions-b99ec3102728



Tunbl cBEPTOK (2)

U BxogHo# TeH30op: WxHXC,;
d Agpo: K, xK,;

U BoixogHow TeH3op: WxHxCy; z

D O6b|‘-l Han CBEpPTKa O6bluHan cBepTKa, 1228800 (;nepaumﬁ

" Yucno onepaumnin: K;xK,xCxWxHxC,;

 CsepTtKa Depthwise Separable

= Depthwise, uncno onepaunn: K, xK,xCxWxH;

= Pointwise, uncno onepaumit: CXWxHxC; i ‘
" O6uuiee uncno onepaLuii: KxK,xCxWxH+ CXWxHXCo; | ;

+: BoluncnumrenbHaa apPeKTMBHOCTb

= oTepsA TOYHOCTH Depthwise Separable, 52952 onepauui
19

https://towardsdatascience.com/a-basic-introduction-to-separable-convolutions-b99ec3102728



Tunbl cBepTOK (3)

(] Dilated convolution

I'Ipope>K|/|BaHV|e peuenTtuBHOrNo noaA
YBennyeHue peuenTtnBHOro NonA C
COXpaHEHNEM YNCNaA NAPaAMETPOB U

onepauun.

1 Shuffle convolution

[MoKaHaNbHble CBEPTKM C Aa/IbHENLIMM

nepemeLllnBaHMEM PE3Y/IbTUPYHOLLNX

KaprT.

1 Dilated Convolution

2 Dilated Convolution 4 Dilated Convolution

Input

GConvl

Feature

GConva

Qutput

(a)

(b)
Mpumepsi dilated convolution

- hannel
\

—

ia)

Channel
Shuffle

(] (]
a. NoKaHanbHan ceepTKa
b, c. Shuffle convolution

20

https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-669281e58215



Tunbl cBepTOK (4)

U 3D cBepTKa

U NpumenHsatoT ans 06pabotkm 3D AaHHbIX

BbinonHeHune 3D ceepTKMu

https://towardsdatascience.com/a-comprehensive-introduction-to-different-types-of-convolutions-in-deep-learning-669281e58215
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Bonpochl

U Nouyemy Batch Normalization nosbiwaeT appeKTMBHOCTL 0byYeHun?
O Kakne tunbl Dropout npyMeHsoT A1A CBEPTOUHbIX ceTen?
O MNouemy Depthwise Separable cBepTka ABNAeTCA BbluMCAUTENBHO BONee

3pPeKTUBHOM BO CpaBHEHUIO € 0ObIMHOM onepaumen ceepTku B HC?



