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* Sigmoid function2 AI-2-3F DNNOj| C{St ofH
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Siém Rigici sigm
« Rigid sigm& ©0|£3}09] 0= DNN : piecewise linear function

v SigmE ©|&5}0] O0t= DNN : piecewise linear function? smoothing version,
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« Sigmoid function2 A-&3t DNN plot

« Example

o 2XtYQ| input, 5Xt/2| hidden layer ¥t £& ArL3t neural network

Rigid sigmoid
5005 K2
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* ReLU function2 A3t DNN plot

« Example




Contents

1. DNNOJl cH3t Zk2fst of s
» 2. ReLUOd| Chgt o3

3. Drop—outol Cli%t o|s}



|
ReLUof| CH3t ofsH

* Universal approximation theorem (G.Cybenko, 1989)

Theorem 2. Let o be any |conrinuaus sigmoidal func:ianl Then finite sums of the
form

N
G(x) = ,;1 wo(yjx + 6;)

are dense in C(l,). In other words, given any f € C(I,) and & > 0, there is a sum, G(x),
of the above form, for which

|G(x) = f(x)| <& forall xel,.

1.0

Definition. We say that o is|sigmoidallif

ot 1 as t— +oo,
—
0 as t— —ao.
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Diff ReLU is also continuous sigmoidal
function ;
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 ReLU as universal approximating activation function

 Universal approximation theorem®| 2|3}, diff ReLUS AT 2 ALLSI= NN Qo|o] o{ &%t
2E A £ 9l2 (G.Cybenko, 1989)

v' ReLU®t diff ReLU Atolo] A
diff ReLU(x) = ReLU(x) — ReLU(x — 1)

15

diff_relu(x)

o [I2}M, ReLUS YATLE AFLSH= NN 3 Ql2|9] HATIAE LAY £ 92




|
ReLUe| CHH of5H

* RelLU as universal approximating activation function (cont.)

w'® - diff ReLU (wm X + b(l)) = w® . ReLU (wm X + b(l})

+ (—w(g}) - ReLU (w(l) X + (b(l) — 1))

« Diff ReLU2 n,7H2] hidden node& At&3510] OtE T4+ E RelLU2l 2n,7012] hidden node& At{5t
of Qe Y42 RSl TAUY £ 9IS,
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 RelLU and diff ReLU plots

Example

diff ReLU

X1 X1

NN using diff ReLU NN using ReLU

10




|
RelLUd]| C{St o|sH

o IBBHE ARIE,

* Universal approximation©| 7t5 %t 2/d%+& ReLUED OtLEE Atz S ™ continuous
sigmoidal Z7{ & OIESt: Sha2tH RS JH
 Leaky RelLU, pRelLU, ELU &
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v Unbounded act. ftn°| bounded act. ftn HC} A =0] £2 0]
1. Bounded act. ftn. & AIY L2, F2 X713} x+7|7r sl=

2. Vanishing gradlent problem
3. Unbounded act, ftn.& A% 742 deep learning® LAT T2 o Moz OIS 4 9)
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 Notation

gj(il) ~id 2. BGT(0.5), l
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&= (eW, .. gDy

fe(x;0) 1 f(x;0)2l drop—out version.

P :{(xi,yi)}i=1 2l empirical distribution,
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 Drop—out with square loss

* Drop—out learning procedure :

meinEpEg[y - fg(xé 9)]2 9| SGD version, (S.Wager et al., 2013)

« Sigm function2 &A%t 2 A5 DNNQ| 732
E‘f[fﬁ(x3 0) ~ f(x;60) (P.Baldi and P.J.Sadowski, 2013)

Eg Y- fg(XQ 0)° = y°— QQEEfg(x; 0) + E[‘fﬁ(x’ 0)?]
y— f(x:0)]° + Vafré-fg(x; 0)

X2
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e Drop—out with square loss (cont.)

EpEely — fe(x:0)° ~ [Eply — f(x; )P +[EpVarg fe(x; 0)

Sq. loss Penalty term

* Penalty term :
@2 277 HX A
X

« 6o 27|71 xto}=l

=
=
A
= T

=7}
o -
E 7ZtA BEZ 09| EM penalty term E3F 09| &I,

v’ Linear regression¥ 7i& 2|2 Al.2 M2IS| ridge regression©| &,
v Logistic regression¥ 7129 = loss function2 negative likelihoodE & 73 2X} L A}SHH
ridge regression®| &l (S.Wager et al., 2013)

15




|
Drop-outei| Cl{$t O[3y

* Drop—out lossOll CHZt sHA

 Penalty term2| %t
« 02 37|E HIBHA|F|L AL (ridge penaltyNE )

v EX @9 QA0 377t 2 HQ,
+ EX node® %Yk{0| X|LIX|A| HH & 9J. (LIHX| nodeSel &t 0jO|, )

=1 O
[ ] —r o — —
FX UL 4522 olofl TtsA St

 Drop—out learning procedure= co—adaptation2 HISISICI7|HEl= EX weight 2= nodes
O| odBkaqo| X|LtX|A| XK= 742 HITISH= Sh& HiEiO| ot}
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. IBBIE ARIE,

* Drop—out2 ARZSHX| Q42 et AFEH2S MO weightE2l 37| Hl G Afh WA H|Q
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