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Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift (PMLR 2015)
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[ @ (mean) = 0, &4AKvariance) = 1]

. x—E[x]
X = R
JVar[x] 151
1.0 4 ° °
x1 = np.asarray([33, 72, 40, 104, 52, 56, 89, 24, 52, 73])
x2 = np.asarray([9, 8, 7, 10, 5, 8, 7, 9, 8, 7]) 051
[ N L ]
normalized x1 = (x1 - np.mean(x1)) / np.std(x1) 00
normalized x2 = (x2 -= np.mean(x2)) / np.std(x2) os
' [ ] L ] L ]
plt.axvline(x=0, color="gray") 10-
plt.axhline(y=0, color="gray")
plt.scatter(normalized x1, normalized x2, color='black') -1s-
plt.show()
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HiX| H2l(Batch Normalization)

« 2U&E(Input) 1 m
« A mini-batch: Batch = {x{, x5, ..., X} | HBatch < EE Xi fiis
i=1
« Parameters to be learned: y, S
« Z3H(Output 1 -
==(Output) O-}E%atch < EZ(xi — .uBatch)2 /] =1t
* {yi = BN, g(x)} i=1
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21 2|00 & TS| N(O, 1) 2 Fr2f5HH H|4MH (non-linear) &/d3} g2

« Sigmoid 2t o|A|
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How Does Batch Normalization Help Optimization? (NIPS 2018)
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HiX| 18K Batch Normalization): ?|27|(Gradient) AH|At5}7]




HYX| 4 2l(Batch Normalization): & (Training) ¥ £2(Inference)

K
Input: Network N with trainable parameters @; subset of activations {x(")}k=1

Output: Batch-normalized network for inference, Npn €
NES™ « N // Training BN network
fork=1..K do

Add transformation y) = BNy(k)’ﬂ(k) (x(®)) to NEE

Modify each layer in N with input x® to take y®) instead ot&(Training) T
end for

; K N
Train NA®™ to optimize the parameters 8 U {T(k),ﬂ(k)}k=1 ‘ B

NTeT = N /7 inference BN network with frozen parameters

fork=1..K do
Process multiple training mini-batches Batch, each of size m, and average over them:

E[X] < EBatch [ﬂBatch] -
FZ(Inference)= 2et

m
Var[x] < mEBatch[Uéatch] ZH| &t

In N replace the transformy = BN, p(x) withy = # —x+ (,8 — —V’;f[[;‘]]%)

end for —




Internal Covariate Shift (ICS)




SHZF Bl (Covariate Shift)

- ZHIF HF}(covariate shift): &t5 A|7|2H= CI2A| HIAE A|7|0] 93 H|O|E{Q] EX I AL | = SiAt

* Prgin(y|x) = Prese (¥|x) aNd Pipgin (X) # Prege(x)

sta Al7|

) ==




Internal Covariate Shift (ICS) 7}

+ 9] Q1T BEIY WisHcovariate shift)7t HIESIT LIROIA 2sts 31442 ofojgiLC

=
o HiX| MF3Hbatch normalization) XA =20 M s{ZSI X} SHEH 2x] ALsQIL|C}

Input Layer Hidden Layer 1 Hidden Layer 2
01 0,

rr

6,7t YHO|EE0| w2l FZo U

Hidden Layers2| ¢& 2xJf #HY
LT} 0,2 ¥F0lM= Ot ™ &
EOt HHl= A8 3€otH Of= (0]

07} 2242 MBte 4 UBLICE

/ k & Internal Covariate Shift

\

©
A
|>
I
10
i
H

rot
=
>
r
10
M
H




HH K| °g =it ICSete 2|

SE X Szl g

olr
09
0
rlo
)
wn
1o
oy
b~
u
mi)
m
N
ro
rot
Ry
no
=0)

~J)

2 A120] 2f5HH HiX| Y pete| 2ot ICSe| Has 2 JEt0] gltt= =T0| M2 | EL .

How Does Batch Normalization Help Optimization? (NIPS 2018)
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How Does Batch Normalization Help Optimization? (NIPS 2018)
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How Does Batch Normalization Help Optimization? (NIPS 2018)
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i X] 182 Smoothing &1}

« HiX| HH=2t= Optimization LandscapeE EE&| BtE=(Smoothing) 227t /S LICE.
« 29| 5= Loss Landscapes 2tsX| 201 [HE Loss af= Al2felet A4S o|0[RfL(C},

« Smoothing= O|Z0{{HCt D &eq %l 7= Batch Normalization, Residual Connection &

Smoothened

Visualizing the Loss Landscape of Neural Nets (NIPS 2018)
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Y X] H13t2] Smoothing &1}

« X7|7|87| ¥k 2 Optimization LandscapeE 2Q1e &= Q&LILCT
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Y X] H13t2] Smoothing &1}

« X7|7|87| ¥k 2 Optimization LandscapeE 2Q1e &= Q&LILCT
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. 7|27| 0|5 (Predictiveness): $iXH2| 7|27| WakA S HOtL S & Q=X

Variation in Loss (L(W)) Change in Gradient (Vy, L(W))
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Visualizing the Loss Landscape of Neural Nets (NIPS 2018)




