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Activation Function




Non—-Linear Function
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Linear activation functions produce linear Non-linearities allow us to approximate
decisions no matter the network size arbitrarily complex functions
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® # oflayers

3 hidden neurons

6 hiddenneurons

20 hidden neurons
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A3t (Batch Normalization)
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(Convariate shift)

= ﬁﬁl-cwariate shift 5§ Ab- = 2 [—”0| E-lﬂﬁ‘;l"ﬂf )&lﬁél E‘”OI E-l |5to | —E—Ejf f%

— Training
- Test

K
TS ST S ROl BT KAO|A 2 £ ElojEq 1 VRPN
%2, %3, 22 Ho{H0| T2t O A2 3 =

(-

gD

iiiiiiiiii

t O
PRL

19



20

HHZ| A2t (Batch Normalization)
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scaling E[R7| W=

Gradient of larger parameter
dominates the update
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Both parameters can be
updated in equal proportions
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