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Nesterov Momentum
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Batch Normalization /'] 5 1%

Input: Values of z over a mini-batch: B = {z1..m}; [
Parameters to be learned: -, (3
Output: {y; = BN, s(z;)}

1 «— "
ug +— — Z s // mini-batch mean
T =

1 « " :
0p - ;(mi — pg)° // mini-batch variancel
T; L // normalize
Vo5 +e
y; + 7Z; + B = BN, s(z;) // scale and shift

N

A IRSGDI, iH
¥ mini-batch3&X] #H
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R s 55
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GRAMZ R 2% (CNN)

c3 s4
o - sp 6@10410 16@5'5 .
g 6@2828  6@14*14 F6  Ouput

utions pooling Sonnections  q, connections
connections

convolutions pooling convol

CNNHFAA
- HBHZE (Convolutional layer)
o JUEREL (Sigmoid, RelU, ...)
e Jtk)/E (Pooling layer)
o “F¥uft (Average pooling)
o HORMIAL (Max pooling)
e  4i%E¥:E (Fully-Connected layer)
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LRI N 2% (CNN)
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tensor H
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w channels
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GRAMZ R 2% (CNN)
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LA R 2% (CNN)

CNN%%/\/E oy

B
- DIERBARES Y '
NEP /AR & (output number)

o ZJN~F (kernel size) / '
« K (stride) -

e ZEHIHF (zero padding) @E}DOOOO
- RN (W H,D) e

c W= (W-size +2* padiling) / stride + 1

e H= (H-size+2 * padding) / stride + 1

* D = output number
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LRI N 2% (CNN)

CNNEHZE
o ARZ MBS PR L
*  Sigmoid
e ReLU (Rectified Linear Unit)

oz = — f(z) = max(0, z).

Z 7

R BT 72 2 S 34/48 I Ft 5 PR

ChinaHadoop.cn



GRAMZ R 2% (CNN)

CNNEGH =
e ReLUME R %
N2t A AT b
o TCURFOIRR, HF SRRk Y 2k ) R
o VREEWLEBE AT AL (1 e

F H-_u + b

. _:l.T'l_.
T
e, 0 T
EoAdes " 1
Eﬂ‘ﬁ:“h- %,
paa-t ~

IR B RS R U 35/48 | QE;—T-FFE'



GRAMZ R 2% (CNN)

CNNEFH Z
- HETRIH
o EBRUBK AT, A4

A 7
() I/

ERUZ SR AL ReLU¥E LAY ReLU¥iH

R
() (=)

R BT 72 2 S 36/48 I Ft 5 PR

ChinaHadoop.cn



LRI N 2% (CNN)

Single depth slice

CNNiBL)Z 1 sy [EIE
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. EBHTEE o
e 224x224x64 F
o R (size) 112x112x64

pool
¢ BEK Cstep) — @
T a3

o AL (Max pooling)
« Ptk (Average pooling)
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=% %%: Deep Learning Tutorial

https://blog.csdn.net/u014595019/article/details
/52989301

https://blog.csdn.net/u010089444/article/details
/76725843

L] https://www.cnblogs.com/tornadomeet/p/34684
50.html

L1 http://jermmy.xyz/2017/12/16/2017-12-16-cnn-
back-propagation/
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