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unknown target function
C f: X —>)Y D

(ideal credit approval formula)

|

training examples
D: (X1,}’1), BNy (xN)YN)

(historical records in bank)

hypothesis set
H

(set of candidate formula)

learning

algorithm final hypothesis

g=f

(‘learned’ formula to be used)
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« SGD
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« SGD
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« SGDM ( SGD with Momentum )
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« NAG ( SGD with

Nesterov Acceleration )
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“lookahead” gradient step

momentum step momentum step

actual step

actual step

» gradient step
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« AdaDelta
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« RMSprop
— Zp=0.507 , E|g®|; = p - E|g*| + (1 — p) - g¢ FIREENFT5
FORYSISZT
- BXIGHIR | RMS|gl, = VE|g?|: + €
~ Ao = = e
- fFR

RMSprop{ksA KIS F 2 FF I =R

* RMSpropE.Z2Adagradd—FA& fE , FAdadeltaBIZZK , SHERE
FEZIE

o EENIEYES

N
N )

FRBTR - SITRNNYERRLF

19



H &MNF IR LR E

+ FMUEEEREK E I'E’Ji'%f)u

N — s
| — Momentum £
—— NAG g
— Adagrad
. | Adadelta
= Rmsprop

20



H BN BRI LR
+ BRUTTETER SR A EROFRI

—— SGD
e Momentum
—— NAG

Wi, —— Adagrad
fff
i Adadelta
4 L
o, -  Rmspro
1_,{' 4:1‘@:4’ prop
2
0

1.0

-1.5

21



H E&MNFEIRR LR IE

« Adam ( Adaptive Moment Estimation )
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« Adam ( Adaptive Moment Estimation )
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