Introduction to Deep learning

Youngpyo Ryu

3

SRThst 8tachEe SBAE MAYE

youngpyoryu@dongguk.edu

20184 6E 30

Youngpyo Ryu (Dongguk Univ) 2018 Daegu University Bigdata Camp 20184 62 30



Overview

© Neuron

e Computational Graphs

© BackPropargation

@ Upgrade Grdient Desecent method
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Activation function
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Activation function
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Activation function
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Activation function
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Activation function
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Activation function

exponential linear unitl(elu) function
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Activation function relation

In geneal, ELU > leaky RELU(and its variant) > RELU > tanh > logistic
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Inputs  Weights Net input Activation
function function
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Inigat Hickian Qurtpat
2 (2 sigmoid) {1 sigrmoidy

nature, Deep learning (Yann LeCun, Yoshua Bengio & Geoffrey Hinton)
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Backpropargation introduction
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Computational Graphs
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Partial Differention
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Partial Differention

o If one wants to understand derivatives in a computational graph, the
key is to understand derivatives on the edges.
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Derivatives on Computational Graphs

o If one wants to understand derivatives in a computational graph, the
key is to understand derivatives on the edges.
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Derivatives on Computational Graphs
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Factoring paths
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Factoring paths
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Factoring paths
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Factoring paths
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Computational Victories
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Computational Victories
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Computational Victories
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Computational Victories
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Conclusion

o AZUS 2 A0 22|= HHS(HEHII HEH =
St=AlE e s <A2] 242 M Loss(cost, 41 2L 0] O
ERIZ Uehs 2t2) 42

o BE O} 40t BAGH0] B8O THYOIE AAHS10] Gradient
Descent0f| AFE 5411 &

o 22|= £ Gradient Desecent Optimzation Algoritms0ff 355
JEEZ AL

@ Stochastic gradient descent, Momentum, Nesterov accelerated

graduent(NAG),Adagrad. Adadelta, RMSprop,Adaptive Moment
Estimation(ADAM)
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Backpropargation
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Backpropargation
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Backpropargation
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1S Y0 Est/|
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1S Y0 Est/|
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Youngpyo Ryu (Dongguk Univ) 2018 Daegu University Bigdata Camp 2018 62 30 54 / 66



1S Y0 Est/|
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Simple Neural Network

@ Input Layer
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o S0t F2E FH|E S Zots 1s EARHEE.
1. &=2 ZAF 6128 (Stochastic Gradient Desecent)

- 3| HIO[E{S Argdtes 0] Otz AEHstH 225 2T HO[ES

—

AH C0|E{2 AFRSIEZ O 2| J2|1 A4E YG|0|E at=20]

7 lagH].I
2o UL HI0|E|S AtESte T2 854 FAFotdE S 22t 219
2Z0] 310 S EU S,

W(t+1)= W(t) -2 g, xlien) e B4
x' : training data
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L HE (Momentum)

o DOIEID| 2 ChOj= A ERH 712 2= ”:DM
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o A oI HL DRIAIZ O 7157)5 ?ﬁill'ﬂ, 05 83 245

@EH | bz O A0 2E(+, )5 Aol 22 Waes
ot S0 2 Y5 ot B,

V(t)=w(t-1)-1
W(t+1)= ()H’[)

dermr
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HAHZZE 2HIE(Momentum)

o ZRE SCDEAIO] B 72| SHS 2713t A
S JHCAES 38 O, HAf (¢ - 1) 2t2 O3 LS Alde A
O[EHAS 27FR2ZM V(t)S Albt}7| Hoj ZHE oz Ol
Oz 483 0l2| 3ot o Bk 2 A0zt 0|2 0|56t &
TRHCAES Aot RS 22 U2
0] Y2 £5= 102 0|HA, 0j53 25ty A BHEAS 0|2
OEEozh TR 0ls 2L AU

V(t)=7v(t-1) -7 (
W(t+1)=W(t)+ V(1)
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OfCtZ12|=(Adagrad, Adaptive Gradient)

JH449] QE|O[E 3140| 13 $452 25t SHo| 2715 1Y
i,
ot 34 £2 O 147} 312 QG0 EEIEI, 0] HAL 23
20l I 7H5E 4 912, 0l % 4] it 6433
20| Z G MZ% YC{0|ES chFH, o2 HBTIt =012,

derror |
aW(t)

W(t+1)=W(t)+7n-
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Reference

CAA T2 AT OfslSHY| : https://brunch.co.kr/@chris-song /22
- Gradient Descent : https://brunch.co.kr/@chris-song /50
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