Deep Learning

HoBbIN B3rMsa4 Ha HEUPOHHbIE CeTU



CopepxaHune gokrnaaa

1. Jlnkbes
- HEPOHHbLIE CETHU
- MeTo obpaTHOro pacrnpocTpaHeHns onboK
. NNpegnockinku deep learning
. Convolution neural network
- HacTtpounka BecoB
4. Deep belief nets
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JInkbes - HEMPOHHbIE CETH

1

Outputs

DYHKUMA aKTUBALUN f(s) =

1 4 e2as




JInkbes - HEMPOHHbIE CETH
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Ho Kak »Xe nocuymTtaTb 3Ty NPOU3BOAHYHO?

C nomoLbo MeToga obpaTHOro
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Ilnkbes - Back Propagation
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Ilnkbes - Back Propagation
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HenpoHHble ceTu - HeyaadHbIU NpUMep

1. INycTtb y Hac ectb 10 000 nzobpakeHnn pasmepa 32 Ha 32,
XOTUM Hay4nTbCS pacno3HaBaTb LIMApPHbI.

2. BosabmeM HenpoHHyto ceTb, npumepHo 1000 sxogos, 10
BbIxoOoB. U elle Bo3bMeM ognH ckpbITbin crion, 200 y3nos.

3. Utoro y Hac 1000*200 + 200*10 = 200 000 Becos.
4. JlokanbHbIN MAaKCUMYM rapaHTUPOBaH.
5.0600waruas cnocobHOCTb HyreBas.

6. [lo cyTn HenpoHHagqa ceTb - OFPOMHbLIN MHOIOYNEH C Ky4veu
napameTpoB.



[Tpeanockbinkn deep learning

- Moa3r - He NpocTo Ky4a CBA3aHHbIX HEMPOHOB

- Cortex (kopa ronoBHOro Mo3ara) nponyckaeT nHopmaumio
yepes3 HECKONbKO MepapxXmnyecKkmnx crnoes rnpenobpaboTku,
KaXKObIW U3 KOTOPbIX BbIMOMHAET CBOK (DYHKLINIO, N Mbl XOTUM
CTPOUTb nepapxmyeckmne mogenm

- HenpoHsbI, BbINOMHAKOLWME CXOAHblE PYHKLUUN paboTatoT He
HEe3aBUCUMO, U Mbl XOTUM caenaTb, YTOObl 3N1IEMEHTbI HALLMX
ceTen ObINM B3anMOCBA3aHbI



Convolution neural network

- Pacno3HaBaHue nsobpaxeHun (BblgeneHme naTrepHoOB)
- byoem yduTtbiBaTh nokanbHy MHOpMaLUIO

- bynem ncnonb3oBaTtb nepapxmyeckyto CTPYKTYpYy

- bygem ncnonb3oBaTtb COBMECTHYIO HACTPOMUKY BECOB

- I nony4dum ...



Convolution neural network

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5
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bynem yepenoBatk criou "Convolutions” n "Subsampling”,
noka He Npuaem K BEKTOPY Marion pasMepHOCTM.

Convolution: BbIODMpaem HECKONbLKO S4ep, AerlaeM CBEPTKY

Subsampling: ymeHbLLaem pasmep n3odpaxxeHum



Convolution neural network

C3: f. maps 16@10x10
S4: f. maps 16@5x5

Ch: layer £
F&: | OUTPUT
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C1: feature maps
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a2 1. maps
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Convolutions Subsampling Convolutions  Subsampling Full connection

HemMHoOro doopmyn Ha gocke
- YTO TaKoe S4p0
- doopMyna ans CBepPTKU
- popmMmyna anga subsampling'a




Convolution neural network

CBoucTBa:

1. CBepTKa ogHa ansa n3obpaxexHus -> obuiye Beca ->
4YMCNO NAapaMeTPOB PE3KO YMEHbLLIAETCS

2. Ha kaxkgom atane ¢ ucnosib30BaHMEM pa3HbIX CBEPTOK
Mbl NOSTy4aemM n3obpaxeHusi, XxapakTepusyLine pasHble
0CODEHHOCTN NCXoaHOro nsobpaxeHusa -> feature extractor

3. Hann4yune subsampling'a obecneunBaeT pobacTHOCTbL NO
OTHOLLEHMIO K NOBOPOTaM, LLymMam, caBuram

4. [lpakTn4eckn HEBO3MOXHO NePeodyUnUTHLCS



Convolution neural network

Kak oby4yaTb obLine Beca?
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[Tpn donKCcMpoBaHHOM LUAre rnoslyyYynmM mMeToq obpaTHOro
pacrnpocTpaHeHus oWnbKN B YUCTOM BUIE.



Convolution neural network - 3agaun

1. Pacno3HaBaHne pyKOMUCHLIX LNdp
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Kaxxpas ntepauusa obyvyeHus BkroyaeTt B cedbsl o0ydeHue Ha
pa3HbIX MOAMHOXECTBaxX 00y4aroLEro MHOXECTBA, 3TUM
00 BACHAETCHA HU3KUN MPOLIEHT OLLMOKK NOCIie NepBON UTeEpaLun.



Convolution neural network - 3agaun

1. Pacno3HaBaHne pyKOMUCHLIX LNdp
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Convolution neural network - 3agauu

2. Pacno3HaBaHue cTtepeonap
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auhaamnlin convoiuion :
Hmplng 3x3 comvalution

convolation (046 kernels) .
(12 kernels) ' subsampling (2400 kernels)

AOCOMIOTHO aHanorM4yHo, 3a TeM NULLb UCKITIOYEHNEM, YTO HaA

BXO[ JaeTcs ABa M3o0paxeHus, KoTopble obpaTtbiBaloTCS
He3aBUCUMO.



Convolution neural network - 3agauu

2. Pacno3HaBaHue cTtepeonap
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Deep Belief Nets

RBM (Restricted Boltzman Machines) - ans y3nos
onpeneneHbl BEPOSATHOCTU
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Deep Belief Nets
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where Z;, = Eil exp (bi +> . h; wt. ) is the normal-
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Deep Belief Nets

3 nogobHbIX nocreaoBaTeribHbIX KOMMNOHEHT CTPOUM CETb.
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Kak BugHo, aHanornsa ¢ CNN npaktnyeckm nosiHas, ecnu
3aMmeHnUTb B CNN 00ObIvHbIe HENMPOHHBLIE ceTn Ha RBM.
PasymeeTcd, Npu 9TOM MeEHAETCS Takke anroputm

o0y4eHus.
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INntepatypa

CNN
- Gradient Based Learning Applied to Document

Recognition. Yann LeCun, Leon Buttou, Yoshua Bengio,
Patrick Haffner

- Large-scale Learning with SVM and Convolutional Nets for
Object Categorization Fy Jie Huang, Yann LeCun

DBN

- A Fast Learning Algorithm for Deep Belief Nets

- Convolutional Deep Belief Networks

for Scalable Unsupervised Learning of Hierarchical
Representations



