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MOVTEAO VEUPWIVA, EVEPYOTIOINGCN
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NevpwVIKG diKTL
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NELPWVIKO OIKTUO VO GTPWUATWV

Input Hidden Output
2 (2 sigmoid) (1 sigmoid)

‘Evag veupwvac : YPOUMIKOC dIaXWPIOUOC
‘Eva evdldpeco (Kpueo) oTpwua VELPWVWY
Mapaywyr] XOPOKTNPIOTIKWY YPAPUIKA SIOXWPICIHWY

‘Eva evdldueco (Kpu@o) oTpwHa VELPWVWY
[MPoCEyylon OTIOINGANTIOTE JIAXWPIOTIKNC ETUPAVEINC

Y. LeCun, Y. Bengio and G. Hinton, Deep Learning, Nature, 2015



NELVPWVIKO BIKTUO : EVa KPLPO CTPWUO
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NELPWVIKO OIKTUO TTOAAWY GTPWUATWV
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NELPWVIKO OIKTUO TTOAAWY GTPWUATWV
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NeLPWVIKO OIKTUO TTOAAWY CTPWHATLV
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R. Gonzalez, Deep Convolutional Neural Networks,
IEEE Signal Processing Magazine, 2018
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NELPWVIKO OIKTUO TTOAAWY CTPLWHATLWV
AAyOpIBoC 0TIc00010000TC GPAAUOTOC

EAQXIOTOTIOINGT O@AAPATOC KATATOENC
>TOXOOTIKA KAIOT (MIKPOC apIBUOC TIOPADEIYUATWVY)
Kavovag HEPIKNC TIOPAYWYIONC

h'(z(1)), D(L)=(A(L)-R)of'(Z(L))
A10d00T OPAAUOTOC

D(l)=(W'(l1+1)D(I+1))of'(Z(1)), 1=L—-1,L-2,...,2

Evnuépwaon Bapwv
w(l)e(W(1)—nD(I)A"(1-1)), b(l)eb()-nY." &(1), [=2,...,L

11



NEVPWVIKO BIKTUO : UTIEPTIUPUPETPOL
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NeLPWVIKO OIKTUO TTOAAWY CTPWHATLV
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+ Spectral band 4

Spectral band 3

Opadorttoinon / Tunuatoroinon

APXITEKTOVIKN [4, 3, 3]
Kpu@o oTpwua : 3 VEUPWVEC

EkTtaidogevon : 50 000 eTTOXEC

Emtidoon : 97%
Oupola pe ta&ivountr) Bayes
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2 UVEAIKTIKO VELPWVIKG SiKTL
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2 UVEAIKTIKO VELPWVIKG SiKTL
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ZUVEAIKTIKO VELPWVIKG SiKTL

Samoyed (16); Papillon (5.7); Pomeranian (2.7); Arctic fox (1.0);
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Y. LeCun, Y. Bengio and G. Hinton, Deep Learning, Nature, 2015 16



2 UVEAIKTIKO VELPWVIKG SiKTL

Al Pocded Mags

R. Gonzalez, Deep Convolutional Neural Networks,

IEEE Signal Processing Magazine, 2018
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2 UVEAIKTIKO VELPWVIKG SiKTL
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R. Gonzalez, Deep Convolutional Neural Networks,
IEEE Signal Processing Magazine, 2018
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Katnyopieg : 10

> UVOAO EKTTAIOELONC
60 000

> OVOAO OOKIMNAC
10 000

Maptida : 50
Ettoxéc : 200

Emtidoon : 99%
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2 UVEAIKTIKO VELPWVIKG SiKTL
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ImageNet

Katnyopieg ikovwy : 1000

Taglvopunon €IKOvVwv

AOTO KOTNYOPIWV OVTIKEIUEVWV OTNV EIKOVO
AViXVELON OVTIKEIMEVWV
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Shape Distinctiveness
Real-world Size -r

Number of Instances

O. Russakovsky et al., ImageNet Large Scale Visual Recognition Challenge,
Intern. J. of Computer Vision, 2015
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ImageNet

Taglvopnon €IKOVWV

Katnyopieg eikovwy : 1000
> 0VOAO ekTtaidevon : 1 281 167 (732-1300)
> 0voAo ertaAnBsvong : 50 000 (50)

>0uvoAo dokiuncg : 100 000 (100)

ImageNet Classification Error (Top 5)

1 (XRCE) 2012 (AlexNet) 2m 2014 (VGG) 014 2015 (Resl N-il
Go-ogl.eNe - |GoogLeNet-

26,0
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