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reconstruction
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wold], A e Bolshe) o=y A W DBNs & 2174 @oh 22 UESA 7220 3
lo] =0 5 5

A et e wel A7) (ranspose) HAY 01 o REM FES R ALK undirected

G SOl AR WE AGA, ol shpe BN L oP ATEE ST op-down )
3L 2= O

woiolale] olAge] Suhai Aol Aoy TE HZE A DBNse] skl WA,
A fo1 =N RO & Q] z__O_

(rstricted) AEs 7} AR¥slo] hafai} Gelz A} IR RS £ 963, 42 A5

] o2 T3 vHAE FF 2@ E(directed
graph)= 3L up-down &35S A3l 1|
AzA sk e w2t 8% F DBNs &
Shsgoll AHEE dHoleket 22 FFe] HolgE

Held A Adake] A2 At 7 A 5= e, T e EslA A
AR AR 2 Y U2 ASol A, FE gt FAE Al AASelA mol=E AT

SOl N (/e 200000000

pwzad125n7 313701810

3479970659 SICleS5 5y

coranivaay GhalilLit)

vesi1s49as LILIINILILC
(22 10) MNIST Gll0JEte} (21%) A Hlolet (225,



+, RBM el #HE2Q1 AE9S S3f of
7Wde] s ol = e o= W,

Ir
flo
N

i
@)
7
fo M
i
[y¥)

ASe wstonyE Ue sldsolth

AIEAN A9 72483

s
A oAl A (convolution) dFo] A

d

o

=
A AL obdlel] A7 dlolets W (Fe w0l & 3
25 i) A 45744 Sk ke ol e AWl QA3EE Bhshe oE we )
o WHlo] Itk 3 AU Aol dolele] | £F thE Farh CNNs o] AR flol®
dg HHULh (1 1002 MNIST dofekzi sk 7P ol oleld Aoy ddat B
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Hubel-Wiesel 9] ©~55 Alxzebarl, X194 7+ E o]g3t I=ES QoFslFAt) Science2006
Z+=8-7(local receptive fields), %7 |(pooling) 7+ ¥} Cuda-Convnet < FH*eh= A2 on]7}
(= 2) goid Ymalzsel 3=
Name Codes Algorithms Language
Science2006 http://www. cs. toronto,edu/~hinton/MatlabForSciencePaper. htm DBNs, DAEs Matlab
Cuda—Convnet | hitps://code.google.com/p/cuda—convnet/ CNNs C++
Caffe http://caftte_berkeleyvision.org/ CNNs C++
Pylearn2 https://github,.com/lisa—lab/pylearn2 DBMs, CNNs, GSNs, etc | Python
RNNLIB http://sourceforge.net/projects/rnnl/ RNNs CH+H+
CURRENNT http://sourceforge. net/projects/currennt/ RNNs CH+H+
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