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Gradient Decent Algorithm
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% Mini—-Batch Stochastic Gradient Decent
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% Nesterov Accelerated Gradient Descent (NAG)
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% Nesterov Accelerated Gradient Descent (NAG)
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% Adaptive Learning Rate Methods
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% Adaptive Gradient(AdaGrid)
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% Adaptive Gradient(AdaGrid)
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% Adaptive Delta(AdaDelta)
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% Adaptive Delta(AdaDelta)
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Gradient Decent Algorithm

% Adaptive Moment Estimation (Adam)
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Gradient Decent Algorithm

% Adaptive Moment Estimation (Adam)
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Gradient Decent Algorithm

% Adaptive Moment Estimation (Adam)
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Gradient Decent Algorithm

< Decoupled Weight Decay Regularization (AdamW)
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Gradient Decent Algorithm

< Decoupled Weight Decay Regularization (AdamW)
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Gradient Decent Algorithm

< Decoupled Weight Decay Regularization (AdamW)

SHA|Ot AdamOfl M= A’ = %OHH weight decay = |2-regularization0| & |Z| %S

44| weight decay rateE2 Lt I 212 decay rate 2 = weight decay”} Z2IlE

A A
Regularized Loss = f7¢9(0) = f(6) + > 16113, A = .

afe9(6;)
90,

Or41 = 0 — MM,
=0, —nM (g, — A0, =60, —M,g, — 77Mt/1’9t

Ory1 = (1 — MA)0; — nM, g,

only weight decay when M, = kl,and M;A < A
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Gradient Decent Algorithm

< Decoupled Weight Decay Regularization (AdamW)

»  AMAE2 regularization term2t weight decay term2 £2|5t0{ 0| 24|& siZ

Jir41 = g¢ + A8¢  L2-regularization term

Vey1 = P10 — (1 — B1)Gr+1

Weight decay term
Geyr = B2Ge + (1 — B2)gisa n
Orr1 =0 ——= Ve — A6¢
. Ve N
AL
6 . Gt+1
T 1 — (Bt
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Gradient Decent Algorithm

< Decoupled Weight Decay Regularization (AdamW)

9t

Vt+4

G

Pros

015} weight decay®t I2-regularizationS £2|510] tt

- Adam 0|A 12-regularization0| weight decay 21& ¥ = QICH= A=

ray term

B /181:
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7 gradient 2= HE
for wrgs Mey ra

2} gradient 3% 28
iiii for step size

Gradient Decent Algorithm o
{ RMSProp ] [ AdaDel }
< Rectified Adam (RAdam) =] ot
v | [ (Lo )
« Adaptive learning rate method0|A &t& 27(0| ME0| £Z310{ adaptive learning rate2| £40] {2
« Ofofl 2} =710 local minimaOf| BRA|A| = 4= U1 H T LR =250 oF50| 72| HOLER| b= &= U=
« O|& ‘Bad Local Optima Convergence Problem’ 0|2} 5tH 0| 2H|E 3 Z25t7| 2ol RAdam 7
J—
9.38x10° The distriby/ion is distorted W|th{n 10 updates.
) 4.08x10°
4
1 1
§ 55
E =
E 40K ES\G
70k, . -
- E-Zﬂ E-lﬁ 3-12 E-E 3'4 < E-zn E-lﬁ E-IE E-E
Adam without warmup
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Gradient Decent Algorithm

% Rectified Adam(RAdam)
() ) ()

AS 530 0| & LASHA RH=0 7| It rectification term= At

AAE2 adaptive learning rate2| &

1. t-stepOilA2] adaptive Ir 24 29|

Var[y(gy, g2, -, 901 = Var[Vx] = E[x] — E[Vx]*

2. Rectification term 42|

- Cvar : 10| X[ AZE
rt \/VClT[l-lj(gllQZI"vgt)] ’ Cvar Var[qj( )]—l | HA

Coar
—~  Var[rag (D] = rfVar[Y()] = var[v O] Var[Q ()] = Cyar

3. Rectification term &4

_ | (ee=H) ((pe—2) poo _ 2 _ _ _ t /(1 _ pt
rt_\/(Poo_‘l')((poo—Z)pt » Poo 1- 5, L pt = poo — 2tf; /(1 = 52)

Data Mining
KOREA g DeraMin s

UNIVERSITY Quality Analytics



Gradient Decent Algorithm

% Rectified Adam(RAdam)
(] ) ()

AAE-2 adaptive learning rate®| 24t

v = P1Ve-1 — (1 = 1) g Poo =15~ 1
Ge = B2Ge—q + (1 — B2 gt
9, = Ut pt = poo — 2tP3/(1 — B3)
1— (B}

. Ge _ | =) (Pe=2)peo ;[ g _ pt
Gom s J(pw_4)((poo_2)pt o= Ja—ph/m
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Gradient Decent Algorithm

% Rectified Adam(RAdam)
(] ) ()

AAE-2 adaptive learning rate®| 24t

v = P1Ve-1 — (1 = 1) g Poo =15~ 1
Ge = B2Ge—q + (1 — B2 gt
9, = Ut pt = poo — 2tP3/(1 — B3)
1— (B}

. Ge _ | =) (Pe=2)peo ;[ g _ pt
Gom s J(pw_4)((poo_2)pt o= Ja—ph/m
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V. Conclusions

Data Mining
KOREA ...\

UNIVERSITY Quality Analytics

72



Conclusions

% Toward Optimal Optimizer

Optimizer
Derivative-Free First-Order High-Order
Optimization Methods Methods

- ZZ&t4o|0|20| BILsSHAE ¢ 1202 EEQlIgradient &8 o 1 0|2 HH (HessianS) 2

OlM AFBSH= 2Kt YaelEs « 7R LEFQl HEY «  ZE&35t427} highly non-linear

and ill-conditioned & If A2

- Z4tH|EO| Z
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Conclusions

% Toward Optimal Optimizer

Optimizer
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Conclusions

% Toward Optimal Optimizer

7] gradient 3L =&

for gk M= for step size

Gradient
Descent

7 gradient AH 28 (
L

—

A

1 (s )
J

=) (=
[ " ] T~

[ Adam
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[ Momentum
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