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JIuHeNnbIe KnaccuhHKEaTopbl



HeHNOH (MepcenTnoN)

* I; - BXOOHbIE NAapaMeTpbl
w; - 0by4aeMble napameTpbl
@ - PyHKUMSA aKTUBALMU

* Y- npegckasaHue
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NepCcenTpoH - NIMHeNHasa moaenb(Hanpumep ecnu y Hac pyHKUMSt akTUBaLUUK -
NorncTnYeckasl To UMeeM Norperpeccuio)
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NONHOCBA3HAA HEMPOHHAA CeTb (fully-connected neural
network)

® BXOOHOW Crioun
® BbIXOOHOW Crou
* 0oaWH Unn 6onee ckpbiTbix cnoes(hidden layers)

Deep learning



BbluncnurernbHble BO3MOXHOCTU MCKYCTBEHHbIX HeﬁpOHHbIX ceTen.

1. JTtobaga bynesa PyHKLMA MOXET BbITb BblpaXkeHHa 2XCITONMHON HEMPOHHOW CETbIO.
(OV3bIOHKTMBHAst HOpMarbHas opMa, KOHbIOHKTMBHAsS HopManbHasa hopma)

2. 13 npoCTbIX reOMEeTPUYECKNX COODPpaXKeHUn crneayeT, YTo ABYXCITONHAA CETb C
dyHKUMAMKM akTnBaumm binary step nossongaeT npeacTtaBUTb NPOU3BOSIbHbIN
BbINYKIbI MHOrOrpaHHMK B N-MEPHOM MPOCTPAHCTBE XapaKTEPUCTUK.

3. TpexcnonHasi ceTb NO3BOSMIAET BbIYUCIINTD NTHOOYHO0 KOHEYHYIO JIMHEWHYIO
KOMOWHALNIO XapakTEPUCTUYECKNX (DYHKLNIA BbINYKITbIX MHOMOrPaHHUKOB,
NO3TOMY annpoKCMMMPOBATL Ntobblie 0brnacTn ¢ HENPEPLIBHOM rPaHULIEN.

CyLiecTBytoT Boree cTporne maremaTnyeckme gokasaTenbCcTBa TOro, YTO HEMPOHHbIE
CETU ABNAKTCA YHUBEPCaAsibHbIMU annpokcnMaumsamm oyHKumin. OqHako HUYero He
CKka3aHoO 0 He06X0AUMOM KONnM4ecTBE HEMPOHOB AJ1A annpoKCUMaLmu
NPON3BOSIbHOU (PYHKLINMU .

Bo3amoxkHOCTU ceTen YyBEINMN4YNBAKOTCA C KOJTIMHECTBOM CJ10€B 1N KOJTIMHECTBOM HeVIpOHOB B
HUX.

OObI4yHO Ucnonb3aytoT 2 unu 3 nonHocBA3HbIX cnos fully-connected layers (or dense
layer) Ans pelueHns 3agaym Kknaccmudmkaumm unm perpeccun.

Bonpoc: KakoBbl BbIYUCITMMbIE BO3MOXHOCTU MHOTOCITOMHOM NOMHOCBSI3HOM CETU C
dyHKuMen aktnsauun ¢(v) = v?



MeroA o6parTHoro pacnpocTpaHeHua ownbkn(oGyuenue
HeMpoceTeN) backpropagation method (fitting NN)

Backpropagation 0606L1eHHOE Ucnonb3oBaHWe anropTMa ONnTUMU3aLnmy rpaaneHTHbIN
CNYCK ANs KOPPEKTUPOBKN BECA HENPOHOB NMYTEM BbIYUCINEHUS FpaaneHTa dyHKLUK
noTepsb.

Mpsimon npoxoa(Forward pass) c coxpaHeHNEM BCEX 3HAYEHUI NapaMeTPOB, 3aTeM
o6paTHbIN npoxoa backward pass c HacTponkon Becos.

YacTo npet obyvenmne no batch. 3anyckaercsa Heckornbko 0ObLEKTOB OHOBPEMEHHO N Ha
BCceM batch Bbluncnserca S/ w.

Anoxa (Epoch) - 310 oanH 13 atanoe(ogHa utepaums) obyueHms Bcemy Habopy y4ebHbIX
MaTepuarnos, anoxa NPoxXoauT 3a HECKOSTbKO UTepaumni.

LLar o6y4eHusi(Learning rate) - Luar ons rpaAMeHTHOrO CnyckKa.

DYHKLMSA NOTEPU, IMMUPUYECKNIN PUCK.
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e initiate weights
e devide to train and validate sample
e [teration by epoch
= devide train on batch
= for each batch:
o forward pass
o count loss count, emperical risk
o backward pass with adjust weight
0(emperic risk) )

O(w;)

w; = w; — lerning rate * (

= test on train and val (overfitting)



Batch - 3aBMCUT OT MOLLIHOCTW BbIYUCITUTENBHbBIX PECYPCOB
Epoch - noka He nepeoby4nmcs, Hanpumep, COXpaHATb BECA NOCNE 3MOXM.
LR HacTponTb ncxoast n3 CKopocTn obyveHus.
B mawmnHHOM 0byyeHnn ecTb 2 Wara:
* BeKTOpM3auus
* Knaccudukaums (perpeccus, npeackasaHme)

DL moxeT peanusoBaTtb 0b6a wara. NN KOHCTpynpyeT BTOPUYHbIE MPU3HAKM.






e=(a+b)x(b+1)

c=a+b
d=b+1
e=cx*xd






MNyctba = 2nb =1






=)



o forward(X,W) return result
o backward(gradient) return dX, dW



ELLe pa3 cxema TpeHNPOBKU

1. B39Tb MMHMOATY (Cny4yanHoe pa3breHne AaHHbIX)
2. forward pass nocuyntaTtb 3Ha4YEHUA

3. backward pass nocuntatb rpagmMeHThl

4. 06HOBUTb NAapaMeTpsbl

(Wi) := (Wi) —Ir* Vi, Q




HOPMaliiM3oBaThb AaHHbIE



3artyxaive rpaAucHTa

Ecnurage To rpagmeHT ctaHet O, To AanbLie He 6yaet obyyeHna!!!

tanh

e relu

Leaky relu
exponential relu



W = a x random_normal(input, output)

e a - 6onbLUoe Beca byayT CUIbHO YBENUYMBATLCS
* @ - ManeHbKoe Beca byayT CUITbHO YMEHbLIATbLCS

Xavier initialization

1
Q@ = ——
v input
He initialization
1
|G = ——

Relu



Batch-normalization

With diffrent measure of data, gradient descent does not work very well.

Batch-normalization - normalize the input data ( expected value = O, variance = 1).
Normalization is performed before entering layer.

® YCKOPSIET N CTAOUNU3NPYET TPEHMPOBKY
* perynspusupyet
® He TaK BaXkHa MHULManM3aums



regularisation in NN

motivation: there is no possibility to runa CV

¢ Weight penalty L1 and L2
e Early stopping
e Dataset augmentation



dropout layer
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o0HoBNEHME NapameTnoB

w = w — lr x gradient



momentum
MarneHbKasi CKOPOCTb CXOAMMOCTM.
velocity = momentum * velocity — lr x gradient

w = w + velocity



adagrad
Mobnema nokanbHOro MMHMMyMa. Yacto nonagarTca CeanoBble TOUKN.

accumulated = accumulated + gradient?

lr

adaptive_lr =

Vaccumulated

w = w — adaptive_lr x gradient



RMSProp

D,BVI)KeHVIe BCe MeaJieHHee, XOTb Mbl U BbIXOOUM N3 CEAJ10BbIX TOYEK.

accum = p * accum + (1 — p) * grad?

lr

adaptive_lr =

Vaccumulated

w = w — adaptive_lr x gradient



adam
velocity = B * velocity + (1 — B) * gradient

accum = p * accum + (1 — p) * grad?

lr

adaptive_lr =

Vaccumulated

w = w — adaptive_lr x velocity



learning rate

A

loss

low learning rate

high learning rate

good learning rate




Annealing

* Kaxable 1 3MoX yMHOXaTb Ha A < 1
o Ir =lrgxe
* YMEHbLLIATb NPU BbIXOAE Ha NnaTo



early stoping

>

Training Set Accuracy

Accuracy

Qverfitting

|

Test Set Accuracy Early Stopping

Epoch




A -
dCcuracy training accuracy

validation accuracy:
little overfitting

validation accuracy: strong overfitting
o

epoch



floaGop runepnapameTnoB

e |Ir

® KO3MUMEHT annealing
e pasmep batya?

e nonsidropout

CV c ogHumM chongom. train and val.

Grid Layout Random L ayout

Unimportant par.

Unimpaortant par




HToro

* HOManu3yem gaHHble

e aktmBauma RELU

e HE initialization

e Batch normalization

e onTMMmsatop adam nnu rmsprop

* ymeHbllaem LR

* nepebupaem runepnapamMmeTpsbl (HacTpansaem no val)
e cnegum 3a rpadukamm (undpamm)



