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Jll Optimizer
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. Optimizer
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. Optimizer
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* find argmin Loss
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. Gradient
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L(W) + VLT (W = W) +
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||W—WC||2
dw
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7 IW = Wl|” + PLT(W — W) + L(W)

. Gradient
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Learning rate
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ll Gradient

Gradient Descent
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% Consider minimizing an average of functions
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Jll Stochastic
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Mini-batch gradient descent
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V. = UV_q —.VL(WC)

,., Global stepsize
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n: # parameters

Ve = UHVc—1 _IVL(WC)

‘ To have its own dynamic stepsize
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V14 = Total distance traveled by W, } W, stepsize 4

V3 = Total distance traveled by W, W, stepsize ©
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Jl Adaptive

IZML(qu)} « l
tkc

 Letlarge gradients|have small step size

 Let small gradientghave large step size

Adaptive stepsize
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. ADAM: AMETHOD FOR STOCHASTIC OPTIMIZATION

< ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

« 2015 International Conference on Learning Representations(ICLR)

* OpenAl, University of Toronto
« September 22, 2020 : 53545 citation

Published as a conference paper at ICLR 2015

Algorithm 1: Adam, our proposed algorithm for stochastic optimization. See section 2 for details,
and for a slightly more efficient (but less clear) order of computation. g indicates the elementwise
square g 4 gz Good default settings for the tested machine learning problems are o = 0.001,

ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION B =09, 8 =0.999 and e = 10~%, All operations on vectors are element-wise. With 5} and 5
we denote 3 and 3y to the power £.

Diederik P. Kingma® Jimmy Lei Ba* Require: o Stepsize . .
University of Amsterdam, OpenAl University of Toronto Require: ;. 32 € [0,1): Exponential decay rates for the moment estimates
dpkingma@openai.com jimmy@psi.utoronto.ca Require: f(f): Stochastic objective function with parameters #

Require: f: Initial parameter vector
i my + 0 (Initialize 1* moment vector)
ABSTRACT vp + 0 (Initialize 2 moment vector)

We introduce Adam, an algorithm for first-order gradient-based optimization of ¢ <_ 0 (Initialize llmestep)

stochastic objective functions, based on adaptive estimates of lower-order mo- while ¢; not converged do

ments. The method is straightforward to implement, is computationally efficient, tet+1

has little memory requirements, is invariant to diagonal rescaling of the gradients, g Vafi(ﬁt—l} (Get gradienls w.rl. stochastic ubjeclive at limeslep f)

and is well suited for problems that are large in terms of data and/or parameters. 4 1-3 Undate biased firs o
The method is also appropriate for non-stationary objectives and problems with my &y -myy + ( = A1) - g (Update biased first moment estimate)

very noisy and/or sparse gradients. The hyper-parameters have intuitive interpre- v = ﬁ_, oyt (1= ﬁg) . qf (Updale biased second raw moment estimate)
tations and typically require little tuning. Some connections to related ulgonlhms. g + mi/’(l - d‘i) (Compule bias-corrected first moment estimate)

on which Adam was inspired, are discussed. We also analyze the theoretical con- ~ . ot . o] oo . .
vergence properties of the algorithm and provide a regret bound on the conver- Ut & 1’11"(1 - dz) (Compute bias-corrected second raw moment estimate)
gence rate that is comparable to the best known results under the online convex ﬁt - t9f_1 - ﬁ'ﬂi/(\/ﬁ + (] (Updule parumelers)

optimization framework. Empirical results demonstrate that Adam works well in end while

practice and compares favorably to other stochastic optimization methods. Finally,
we discuss AdaMax, a variant of Adam based on the infinity norm.

return f; (Resulting p s)

Data Mining -
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

—

Require : a: Stepsize
Require : 4,5, € [0,1)
Require : f(8): Loss function
Require : 6 Initial parameter vector

Mo, Vo, to < [0,0,0] « High-dimensional parameter
while 8, not converge do

tet+1 « Little memory requirement

gr < Voft(6c-1) —
m, « Bym_, + (1= B g, « Naturally step size annealing

Ve & Beveog + (1 = Br) gf . . .
. my * |nvariant to re-scaling of gradient

m; « ——
t
1-p;
~ Ut
Uy & ——

1- B¢
0, « 0;_y — Mya/(/T; + €)

end while

return 6,
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

—

Require : a: Stepsize X
Require : 4,5, € [0,1) gradlent

Require : f(8): Loss function gt < veft(et_l)
Require : 6 Initial parameter vector

Gradient with momentum
my, vy, tyg < [0,0,0]

my « Bime—1 + (1 — f1)9;

while 8, not converge do
t—t+1

9 < Vofe(6i-1) -

my < Byme_q + (1 = 1) g:

Ve « Bovp_q + (1 — B2) gt
m

"t
1- Bt
V¢
(_—
1-pL
0, « 0;_y — Mya/(/T; + €)

end while

——~

my

2

return 6,
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

—

Require : a: Stepsize X
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Require : f(8): Loss function gt < veft(et_l)
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Gradient with momentum
my, vy, tyg < [0,0,0]

my « Bime—1 + (1 — f1)9;

while 8, not converge do
t—t+1

9 < Vofe(6i-1) -

my < Byme_q + (1 = 1) g:

Ve « Bovp_q + (1 — B2) gt
m

"t
1- Bt
V¢
(_—
1-pL
0, « 0;_y — Mya/(/T; + €)

end while

——~

my

2

return 6,
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

—

Require : a: Stepsize
Require : 4,5, € [0,1)

mg < 0O
Require : f(8): Loss function
e s A me
Require : 6 Initial parameter vector 1, « , ,81 c [0’1)
my, Vo, to — [0,0,0] 1 - 1

while 8, not converge do
t—t+1

9e < Voft(0:-1) >

my < Byme_q + (1 = 1) g:

Ve « Bovp_q + (1 — B2) gt

— my
my « ———
1-p;
~ Ut
Uy & ———
1-p5;
O « 0y —mya/(Vr + €)
end while
return 6;
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

—

Require : a: Stepsize
Require : 4,5, € [0,1)
Require : f(8): Loss function

_ - « Accumulated sum(g?) continues to grow.
Require : 6 Initial parameter vector

my, vy, tyg < [0,0,0] « stepsize will become infinitesimally small.

while 6 not converge do « Decaying the squared gradients

t<t+1
ge < Voft(0c-1) I

my < Byme_q + (1 = 1) g: vy — BoV_q + (1-— 5o

Ve « Bovp_q + (1 — B2) gt
m

.
1— Bt
v, 1
(_—
1- B¢
0, « 0;_y — Mya/(/T; + €)

end while

——~

my

2

D Tl (Wieg))

stepsize
q=1

return 6,
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

—

Require : a: Stepsize

Require : 4,5, € [0,1)
Require : f(8): Loss function

Require : 6 Initial parameter vector
my, Vo, to < [0,0,0]

while 8, not converge do
tet+1 Ve & ,B2 €10,1)
9e < Voft(0:-1) '

me « pymeg + (1= B1)g: Ht — Ht—l — TI/’L\tOZ/(\/UTt + (:')

Ve « Bovp_q + (1 — B2) gt
my

1- Bt
V¢
1-pL
0, « 0;_y — Mya/(/T; + €)

end while

mg <

1’7\t<—

return 6,
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—

Require : a: Stepsize
Require : 4,5, € [0,1)
Require : f(8): Loss function
Require : 6 Initial parameter vector
my, Vo, to < [0,0,0]
while 8, not converge do
t—t+1
9e < Voft(0:-1)
my < fime_1 + (1 = B1)g;

Ve « Bovp_q + (1 — B2) gt
m

"t
1- Bt
V¢
(_—
1-pL
0, « 0,_, — Mya/(JT; + €)

end while

—

my

2

return 6,

cal
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

MNIST Logistic Regression

IMDB BoW feature Logistic Regression
—  AdaGrad 1 [ Adac out

0.50

0.7

— Adagrad+dropout

0.45F -

l'v -
— SGDNesterov lﬂM' RMSProp+dropout
1 ﬁ — SGDNesterov+dropout ]
L|~ Adam-+dropout

: ; ; : : — Adam
OB ook N

0.408-

o
in

...........................................................................................

0.35

training cost
training cost

=
B
T

0.3F 0 ......... FIT ........... .......... .......... ........... ........... ' v"'f"‘-x-'.,-'. f. A -
: : ; : : : : 025_1 LA '-"r"-:"k'«‘- ST
| D

i i i i i i i i 0.20 i i ; i i i i i
0 5 10 . 15. 20 2.5 30 35 40 45 0 20 40 60 80 100 120 140 160
iterations over entire dataset iterations over entire dataset
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. ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION

10 | CIFARlQ CunvNe:t FirstBIIEpochesl . | ICIFARllo Co‘nvNet_ |
! : — AdaGrad , — AdaGrad
— AdaGrad+dropout 10 — AdaGrad+dropout
, , — SGDNesterov : : — SGDNesterov
25 """""""" """"" — SGDNesterov+dropout [ 10! — SGDNesterov+dropout| |
' ' — Adam ; g : — Adam
Adam-+dropout : : : Adam+dropout

2.0

training cost
training cost

; i i . : | i i L i .
030 0.5 1.0 15 2.0 25 3.0 0 5 10 15 20 25 30 35 40 45
iterations over entire dataset iterations over entire dataset
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. Lookahead Optimizer: k steps forward, 1 step back

% Lookahead Optimizer: k steps forward, 1 step back
« 2019 Neural Information Processing Systems(NeurlPS)

« Michael R. Zhang, James Lucas, Geoffrey E Hinton, Jimmy Ba
« September 22, 2020 : 83 citation

CIFAR-100 accuracy surface with Looka%grangvir'\oterpolation

—&— Slow weights ¢
-=~- Fast weights 6

Lookahead Optimizer: £ steps forward, 1 step back

Michael R. Zhang, James Lucas, Geoffrey Hinton, Jimmy Ba
Department of Computer Science, University of Toronto, Vector Institute
{michael, jlucas, hinton, jba}@cs.toronto.edu

Abstract P Lockahead continued

The vast majority of successful deep neural networks are trained using variants of
stochastic gradient descent (SGD) algorithms. Recent attempts to improve SGD
can be broadly categorized into two approaches: (1) adaptive learning rate schemes,
such as AdaGrad and Adam, and (2) accelerated schemes, such as heavy-ball and
Nesterov momentum. In this paper, we propose a new optimization algorithm,
Lookahead, that is orthogonal to these previous approaches and iteratively updates
two sets of weights. Intuitively, the algorithm chooses a search direction by looking
ahead at the sequence of “fast weights" generated by another optimizer. We
show that Lookahead improves the learning stability and lowers the variance of
its inner optimizer with negligible computation and memory cost. We empirically
demonstrate Lookahead can significantly improve the performance of SGD and
Adam, even with their default hyperparameter settings on ImageNet, CIFAR-
10/100, neural machine translation, and Penn Treebank.
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. Lookahead Optimizer: k steps forward, 1 step back

k steps forward, 1 step back
(ex.k = 5)
Adam or SGD

Data Mining H
..:.. Quolity Analbytics h:a



. Lookahead Optimizer: k steps forward, 1 step back

k steps forward, 1 step back

(ex.k =5) interpolation
Adam or SGD
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. Lookahead Optimizer: k steps forward, 1 step back

k steps forward, 1 step back

(ex.k =5) interpolation
Adam or SGD
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. Lookahead Optimizer: k steps forward, 1 step back

k steps forward, 1 step back

(ex.k =5) interpolation
Adam or SGD
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. Lookahead Optimizer: k steps forward, 1 step back

* SGD or Adam

- Itis difficult to escape local minima in high curvature directions.

Local minimum
in high curvature
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. Lookahead Optimizer: k steps forward, 1 step back

k steps forward, 1 step back

 SGD or Adam
» Large stepsize

Local minimum
in high curvature
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. Lookahead Optimizer: k steps forward, 1 step back

k steps forward, 1 step back

SGD or Adam « Smooth out the oscillations
Large stepsize ¢ Variance reduction

Local minimum
in high curvature
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. Lookahead Optimizer: k steps forward, 1 step back

Require : Initial parameter ¢, Loss function L

Require : Synchronization period Kk,
slow eights step size a, optimizer A

fort— 1,2,...do

return paramtersg
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. Lookahead Optimizer: k steps forward, 1 step back

Require : Initial parameter ¢, Loss function L

Require : Synchronization period Kk,

slow eights step size a, optimizer A
fort =12,...do Slow weight

:Synchronlze parameters 6, g < ¢
1

Ifori =1,2,..,kdo Fast weight

1

1

1

:

1 1
i I9 ti < Orica AL, 01, d)
I e o o o o e e e e e e e e e e e
l

1

return paramtersg
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. Lookahead Optimizer: k steps forward, 1 step back

N

Data Mining
Quality Analytics

ResNet-18
(CIFAR-10)
CIFAR=10 Train Loss
— | ookahead
56D
— Adam
— Polyak
prch |
a=0.8k=
cal

Transformer
(English to German)

350

— Adam + warmup
3554 — AdaFactor
Lookahead + Adam + warmup

3.00 — Lookahead + Adam
0 2751
!
22501
£
[
F 2251

2004

1754

150 T r 1 i

0 10000 20000 30000 40000 50000
Inner Loap (Fast Weights) Steps
a=05k=10




. Lookahead Optimizer: k steps forward, 1 step back

ResNet-50 LSTM
(ImageNet) (Penn Treebank)
., Training oss during training for ResNet-30 {ImageNet) Training Perplexity during training of LSTH
2! \\7 e <+ Adam
— S
20! --- Lookghead ! A — LA(Adam)
— Lookahead \ M, -+ 56D
" 2o * — LA(S6D)
] ¥
'IBK) i
. g
144 rELJ:EI
121
1 S
o8 - 1 : :
0 il L] i L 10 ] m Ly o
Epoch Epoch
a=05k= a=05k=5
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. Lookahead Optimizer: k steps forward, 1 step back

ResNet-18
(CIFAR-10)

Train Loss on CIFAR-100

— 5GD Baseline o}
0. 0.8
0=0.5, k=5 k )

TS S TEAUL 02 T804
S e 10 78.19+.22 77.94+.22
£ 0=08, k=10
ruI].-i [
LW
» Test Accuracy

ol * a,K Robust

0 5 5 7 0 15 15 Y

Epoch
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