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[Krizhevsky et al., 2012]
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?%ﬁ]% @4;& [Clevert et al., 2015]

Exponential Linear Units (ELU)
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TE R [Klambauer et al. ICLR 2017]

Scaled Exponential Linear Units (SELU)

- B RYEIELY, TS AR N
- BIH— b4
- A HHLE— AL AT LU 2R S
SELU 2%
— : - (REEHTEZS )
AT ifz >0
flz) = { Aa(e® — 1) otherwise

a=1.6733, A =1.0507



Maxout “Neuron” [Goodfellow et al., 2013]
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\2)93&]% @i& [Ramachandran et al. 2018]
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(%X [NxD] &2 — PN R ERE) X -= np.mean(X, axis = 0). X /= np.std(X, axis = 0)
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original data decorrelated data whitened data
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(CLON#E, LO.O1NARHEZERY & H 59 77)

W= 0.01 * np.random.randn(Din, Dout)
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dims = [4096] * 7 S = /N 409616 )=

HE - (] 3 24 1 i ) 4

X = np.random.randn(1l6, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]):
W = 0.01 * np.random.randn(Din, Dout)
X = np.tanh(x.dot(W))
hs.append(x)

7 i — JZ B = KA 62
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dims = [4096] * 7 &R K/NJN4096(16)=
hs = [] P9 265 BA) T [F0) 4 4

X = np.random.randn(1l6, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]):

WFF RN 2, A S
el EkE
A B dL/dW R T2 FERG 2

W = 0.01 * np.random.randn(Din, Dout)

X = np.tanh(x.dot(W))

hs.append (x)

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=0.00 mean=0.00 mean=-0.00 mean=-0.00 mean=0.00

std=0.49 std=0.29 std=0.18 std=0.11 std=0.07 std=0.05
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dims = [4096] * 7 &R K/NJN4096(16)=

hs = [] 4 4 T 1 1 4 X T SEERIIINES =, T A D
X = np.random.randn(16, dims[0]) Em TR

for Din, Dout in zip(dims[:-1], dims[1:]): |of . ff & dL/dVVﬁ%Tfés*?Fﬁ]?

W = 0.01 * np.random.randn(Din, Dout) gz g . TR I
VO Hl . -H-‘/\ =] ~J L P~ S
X = np.tanh(x.dot(W)) = *%}_XL‘_:EAT\EO) {Xﬁj&TT%ZI
hs.append (x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=0.00 mean=0.00 mean=-0.00 mean=-0.00 mean=0.00

std=0.49 std=0.29 std=0.18 std=0.11 std=0.07 std=0.05
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dims = [4096] * 7 HWIIGAERIArEZE
hs = [] M 0.01 38 )1£]0.05
X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]):

W 0.05 * np.random.randn(Din, Dout)

X np.tanh(x.dot (W))
hs.append(x)

i i — SR BTS2 R AEAT 9
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dims = [4096] * 7  HHITERLEMIARAEE AT A BRI AR AN T

hs = [] M 0.01 #%11£10.05

X = np.random.randn(16, dims[0]) ﬁﬂ%ﬁ;ﬁﬁ IET%QAF?%FEﬁcp

for Din, Dout in zip(dims[:-1], dims[1l:]):
W 0.05 * np.random. randn(Din, Dout)
np. tanh(x dot (W))

hs append(x)

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.00 mean=-0.00 mean=0.00 mean=-0.00 mean=0.00 mean=-0.00
std=0.87 std=0.85 std=0.85 std=0.85 std=0.85 std=0.85

-1 0 1 -1 0 1 =X 0 1 =1 0 1 -1 0 1 -1 0 1

54
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dims = [4096] * 7  HHITERLEMIARAEE AT A BRI AR AN T

hs = [] M 0.01 #%11£10.05

X = np.random.randn(1l6, dims[0]) Iﬂﬁ 1% T\E’H“{L.ﬁé%ﬁﬁo

for Din, Dout in zip(dims[:-1], dims[1l:]):
W 0.05 * np.random. randn(Din, Dout) %$ )%HEE% %KEO thie

np.tanh(x.dot (W) ) HiHIT52]
hs append(x)

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.00 mean=-0.00 mean=0.00 mean=-0.00 mean=0.00 mean=-0.00
std=0.87 std=0.85 std=0.85 std=0.85 std=0.85 std=0.85

-1 0 1 -1 0 1 =X 0 1 =1 0 1 -1 0 1 -1 0 1



W EAAIEIE: “Xavier” #]aRAE,

dims = [4096] * 7 “Xavier” ¥]4a1k: “WIKF”: FIEERT A B E
hs = [] std = 1/sqrt(Din) A T ARG

X = np.random.randn(1l6, dims[0])

for Din, Dout in zip(dims[:-1], dims[1:]): . N )
W = np.random.randn(Din, Dout) / np.sqgrt(Din) XTJ‘%:%@:\I 2?5'5156, Din =
x = np.tanh(x.dot(W)) filter_size? * input_channels
hs.append (x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=-0.00 mean=-0.00 mean=0.00 mean=0.00 mean=0.00 mean=-0.00
std=0.63 std=0.49 std=0.41 std=0.36 std=0.32 std=0.30

-1 0 1 -1 0 1 -1 0 1 =3 0 1 =1 0 1

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010

-1 0 1




M EAAEAE: “Xavier” Initialization

dims = [4096] * 7 “Xavier” initialization: “WINI 4" WIETEPT A B
s =[] std = 1/sqrt(Din) FAEE] T AR GBI 4 i !

X = np.random.randn(16, dims[0])
for Din, Dout in zip(dims[:-1]1, dims[1:]):

np.random.randn(Din, Dout) / np.sqrt(Din) Xﬂ”?%%ﬁiﬁiééﬁéﬁ%,

W =
X = np.tanh(x.dot(W)) Din =filter_size? *input_channels
hs.append (x)
y = Wx e
h =f(y) Var(y,) = Din * Var(x.w.) M5 x, w A7 [F] 93 A1 ]
= Din * (E[x2]E[wi?] - E[x]? E[wi]?) [E2 15 x, wAH BT
= Din * Var(x) * Var(w,) [1E 5%z x, wLAONIAE]

I var(w,) = 1/Din - J8Z. Var(y,) = Var(x)

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010



W EAIEIL: ReLU/E L FE 2

e Htanhe el Xavier {11801 LI AL

X = np.random.randn(16, dims[0])

for Din, Dout in zip(dims[:-1], dims[1l:]): {%ﬁ{%ﬁﬁﬁ%@%ﬁ%@ /Qﬁ‘:—%ﬁ»j‘l
W = np.random.randn(Din, Dout) / np.sqgrt(Din) X ’
X = np.maximum(0, x.dot(W))
hs.append(x)

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.39 mean=0.28 mean=0.20 mean=0.14 mean=0.10 mean=0.07
std=0.58 std=0.41 std=0.30 std=0.21 std=0.15 std=0.10
-1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1

72



W EH)1E{: Kaiming / MSRA #J15{t

dims = [4096] * 7

boom L] ReLU correction: std = sqrt(2 / Din) “WINHI 2 {%ﬁ/ﬁﬁ@fﬁﬂﬁ%
X = nl?.random.Fandn(IG, dims[0]) %B?%‘?UT?E;Z}E/J%%%& '

for i ims[:-11, dims{1l:1):
W = np.random.randn(Din, Dout) * np.sqrt(2/Din)

X = np.maximum(0, x.dot(W))

hs.append(x)
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6
mean=0.57 mean=0.57 mean=0.56 mean=0.55 mean=0.55 mean=0.55
std=0.83 std=0.83 std=0.83 std=0.81 std=0.81 std=0.81

=1 0 1 =3 0 1 =1 0 1 =X 0 1 =3 0 1 -1 0 1

He et al, “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification”, ICCV 2015
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Understanding the difficulty of training deep feedforward neural networks
by Glorot and Bengio, 2010

Exact solutions to the nonlinear dynamics of learning in deep linear neural networks by Saxe et al, 2013
Random walk initialization for training very deep feedforward networks by Sussillo and Abbott, 2014

Delving deep into rectifiers: Surpassing human-level performance on ImageNet classification by He et al., 2015
Data-dependent Initializations of Convolutional Neural Networks by Krahenbhl et al., 2015

All you need is a good init, Mishkin and Matas, 2015

Fixup Initialization: Residual Learning Without Normalization, Zhang et al, 2019

The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks, Frankle and Carbin, 2019
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ﬁkl A,ﬂj [loffe and Szegedy, 2015]
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[loffe and Szegedy, 2015]
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[loffe and Szegedy, 2015]
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,ﬂ: [loffe and Szegedy, 2015]
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FC

BN

tanh

FC

BN

tanh

[loffe and Szegedy, 2015]
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SRR ERHLA—1k

EIERE N 2 B —1b

X: N x D
H—1t {

H,0: 1 x D
v,p: 1 x D

y = v(x-H)/o+p

BRI HEIH—A1b
(Spatial Batchnorm, BatchNorm2D)

X: NXCxHxXW

H—{ { l
H,0: 1xCx1lxl
Y,Pp: 1IxCx1lxl

y = v(x-u)/o+p



E%Efaft

EEBEMLHIHIS—AL EEEMEHZEIH—Ib
P ZERINR 4T MR R
AL LU 30 A P 4%

x: N x D x: N x D

A ! - v

M,0: 1 x D F’G:N x 1

v,p: 1 x D vy,p: 1 x D
y = v(x-u)/o+p y = v(x-H)/o+p

Ba, Kiros, and Hinton, “Layer Normalization”, arXiv 2016
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BRMZHIHEH—(b BRWELFIH—1b
R/ MAIAT R ]!

X: NXCxHxW X: NxXCxHxXW

el He 'y

H,0: 1xCxlxl H,0: NxCx1lxl

Y,BP: 1IxCx1lxl v,B: 1xCx1lxl
y = Y(x-H)/o+p y = Y(x-H)/0+p

Ulyanov et al, Improved Texture Networks: Maximizing Quality and Diversity in Feed-forward Stylization and Texture Synthesis, CVPR 2017
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Batch Norm LLayer Norm Instance Norm

H. W

Y {5 VAT T
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Wu and He, “Group Normalization”, ECCV 2018
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Batch Norm [Layer Norm Instance Norm Group Norm

H, W
H,W

VA7 55 A T S
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Wu and He, “Group Normalization”, ECCV 2018
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C \\:: )&L} N Donahue et al, “DeCAF: A Deep Convolutional
N N S A / Activation Feature for Generic Visual
:L_ Recognition”, ICML 2014 Razavian et al, “CNN

Features Off-the-Shelf: An Akstr?unding Baseline
N or Recognition”, CVPR Workshops 2014
1. fFlmagenet Il Z: & P

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image



CNNsHJ3T

1. 7EImagenet )1l %%

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

2. /NEHRFR(CH I

FC-C

FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

‘\\\

J

HHT AR
XA HIR

R4l X

Donahue et al, “DeCAF: A Deep Convolutional
Activation Feature for Generic Visual
Recognition”, ICML 2014 Razavian et al, “CNN
Features Off-the-Shelf: An Astounding Baseline
for Recognition”, CVPR Workshops 2014



CNNsHJ

1. fEImagenet_F)I| 25

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

2. /NEHRFR(CH I

FC-C
FC-4096 \\\

FC-4096

HHT AR
XA HIR

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool ‘{/i‘E Qlﬂjiiz.ﬂrb
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64

Conv-64 j

70

45

Donahue et al, “DeCAF: A Deep Convolutional
Activation Feature for Generic Visual
Recognition”, ICML 2014 Razavian et al, “CNN
Features Off-the-Shelf: An Astounding Baseline
for Recognition”, CVPR Workshops 2014

MAlexNeti 4T

DPD (Zhang et POOF (Berg & AlexNet FC6 + AlexNet FCG +
al, Behumer logistic
2013) regression




Donahue et al, “DeCAF: A Deep Convolutional

N N L Activation Feature for Generic Visual
N 1 D Recognition”, ICML 2014 Razavian et al, “CNN
S | & %‘ -~ Features Off-the-Shelf: An Astounding Baseline

for Recognition”, CVPR Workshops 2014

1. fEImagenet_F)| 2% 2. /INEHRER(C/ ) 3. REHaLE

FC-1000 FC-C ‘\ FC-C

FC-4096 FC-4096 RSN FC-4096 - v v

FC-4096 FC-4096 \ E ;fﬁ %]J ﬁé /H: FC-4096 1}] I éﬁ\ ﬁ%

XA IEUIZR

MaxPool MaxPool MaxPool \ {ﬁﬁﬁ j(i&ﬁ%‘%ﬁj‘
Conv-512 Conv-512 Conv-512 UH é@ E % E/J)El ’
Conv-512 Conv-512 Conv-512 7 =
MaxPool MaxPool MaxPool
Conv-512 Conv-512 Conv-512
Conv-512 Conv-512 Conv-512

MaxPool MaxPool > ‘;E/:nbjz:b MaxPool
Conv-256 Conv-256 Conv-256 > ‘{/iﬁ élﬂj: iz%
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| FCs ‘
Rol pooling

IR
&= s &~
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algorithm
e.g. selective search t

ConvNet
|lapplied to entire

Girshick, “Fast R-CNN”, ICCV 2015
Figure copyright Ross Girshick, 2015. Reproduced with permission.

E{g #5173 CNN + RNN

“straw” “hat” END

START “straw” “hat”

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for
Generating Image Descriptions”, CVPR 2015
Figure copyright IEEE, 2015. Reproduced for educational purposes.
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algorithm
e.g. selective search
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|lapplied to entire

START “straw” “hat”

Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for
Generating Image Descriptions”, CVPR 2015
Girshick, “Fast R-CNN”, ICCV 2015 Figure copyright IEEE, 2015. Reproduced for educational purposes.
Figure copyright Ross Girshick, 2015. Reproduced with permission.
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Girshick, “Fast R-CNN”, ICCV 2015 Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for
Figure copyright Ross Girshick, 2015. Reproduced with permission. Generating Image Descriptions”, CVPR 2015
Fig. re. uopyright IEEE, 2,15, Reprod ice ir e ducational purp.ses.
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n-Language Pre-training saq2seq bidirectional
. objective objective
- J—
Unified Encoder-Decoder

Zhou et al, “Unified Vision-Language Pre-Training for Image Captioning and VQA” CVPR 2020
Figure copyright Luowei Zhou, 2020. Reproduced with permission.

fFlmageNet_E1JIIZRCNN

P (1) T R 2H B B A il
TERE SR FillZk BERT 15 S 1Y
Z55(2) Fn (3), LEIZREIG: /18 = 1Y
P (4) T BIMG bR, A ) @R B2, %

Krishna et al, “Visual genome: Connecting language and vision using crowdsourced dense image annotations” [JCV 2017
Devlin et al. “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding” ArXiv 2018
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Object detection on MSCOCO

DPM (Pre DL) FastR-CNN  Fast R-CNN Faster R-CNN Faster R-CNN Faster R-CNN Mask R-CNN
(AlexNet) (VGG-16) (VGG-16)  (ResNet-50) (ResNet-101) 0 ”?101)

Girshick, “The Generalized R-CNN Framework for Object Detection”, ICCV 2017 Tutorial on Instance-Level Visual Recognition
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L. 8B —DAMEEPEARRIEE RPBHELE, o
Eﬁiﬁwléﬁ*/[\élzﬁjiﬁ/j%@:{ Img% Transfer learning be like
2. TRF ) BURIIE RS '

TR B 5 STHE SRS B I 2R R i) “ B B 4 el
KR AR B E R IZ5,

TensorFlow:https://github.com/tensorflow/models
PyTorch: https://github.com/pytorch/vision

Source: Al & Deep Learning Memes For Back-propagated Poets
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fitfk

# Vanilla Gradient Descent

while True:
weights grad = evaluate gradient(loss fun, data, weights)
weights += - step size * weights grad # perform parameter update
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loss

R R R ECH
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0 TR 420 ] B DI

Dauphin et al, “Identifying and attacking the saddle point problem in high—
dimensional non—convex optimization” , NIPS 2014
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SGD + Momentum

SGD SGD+Momentum

Vir1 = puy + Vf(xy)

L1 = Xy — V1

Tir1 = x4 — oV f(24)

vx = 0
while True:

while True:
dx = compute_gradient(x)

x —= learning_rate * dx dx = compute_gradient(x)
vX = rho * vx + dx
X —= learning_rate * vx

— S HEE” VR B a0 A A ME
- rho 5N “FEE#ELT)7; B A)rhoH0.98:740.99

Sutskever et al, “On the importance of initialization and momentum in deep learning”, ICML 2013
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SGD + Momentum

SGD+Momentum
Vi1 = pur — aV f(z)
Ty41 = T + Vp41

vx = 0
while True:
dx = compute_gradient(x)

vx = rho * vx - learning_rate * dx

X += VX

SGD+Momentum
Ver1 = pue + Vf(xy)
Li41 = Ly — OVp41

vx = 0
while True:
dx = compute_gradient(x)

vX = rho * vx + dx
-= learning_rate * vx

YR A HE=FE2SGD+Momentum A R EIFYTE I,

(AT ES AR RIBIXFAfE E ,

Sutskever et al, “On the importance of initialization and momentum in deep learning”, ICML 2013



SGD + Momentum

Momentum update:

Velocity

actual step

Gradient

RF AR RORS B B R 5 5, SRR T B ERI S K

Nesterov, “A method of solving a convex programming problem with convergence rate O(1/k"2)”, 1983
Nesterov, “Introductory lectures on convex optimization: a basic course”, 2004
Sutskever et al, “On the importance of initialization and momentum in deep learning”, ICML 2013



Nesterov Momentum

Momentum update: Nesterov Momentum

Gradient

Velocity Velocity

actual step actual step

Y

Gradient

524 T AR T R 45 “IAVRITE” R 2 3 B 3 T W B RSA A
PR3 F o R A K, TE I B 0 I & R B VR A A5 S B ) 5838 5 1)

Nesterov, “A method of solving a convex programming problem with convergence rate O(1/k*2)”, 1983
Nesterov, “Introductory lectures on convex optimization: a basic course”, 2004
Sutskever et al, “On the importance of initialization and momentum in deep learning”, ICML 2013



Nesterov Momentum

Vir1 = pvy — aV f(xy + pvg)

Ti4+1 = Tg + Vg1

Gradient
Velocity

actual step

“TAI AR HCBI 8RS AT BRI SRR B AT
FE IR EL T S0 38 I s BE R B A58 S BB B8 J5 1) o



Nesterov Momentum

A NG e, FRAl T % 7
gpixy, V()
AT .

N —

vir1 = pvy — aV fxy + puy

Ti4+1 = Tg + Vg1

Gradient
Velocity

actual step

“TAI AR HCBI 8RS AT BRI SRR B AT
FE IR EL T S0 38 I s BE R B A58 S BB B8 J5 1) o



Nesterov Momentum

Vt+1

] by S |

— PU¢ — OﬁVf(iUt + PU

N —

— It -+ Ut41

TN, BAT@ A
gapix, V(x) mw
AT BT,

AT B Ty = Ty 4+ pUy

Ut+1

Lt4+1

pvy — aV f(Ty)
Ty — pur + (L + p)vis

Tt + Vi1 + p(Vi41 — V)

Gradient
Velocity

actual step

“TAV AT HCI s 8RS A T 5T BB R AR
FER L TSR0 BE HRF & R BE TR 5 4581 SE B i ST 75 17 o



Nesterov Momentum

e SGD+Momentum

e NESterov




AdaGrad

grad_squared =

while True:
dx = compute_gradient(x)
[grad_squared += dx * dx
X -= learning_rate * dx / (np.sqrt(grad_squared) + 1le-7)

BRI R S0P, R E SRR BT 4
e E SRR SN CF I SEY

Duchi et al, “Adaptive subgradient methods for online learning and stochastic optimization”, JMLR 2011



AdaGrad

grad_squared = 0
while True:
dx = compute_gradient(x)
grad_squared += dx * dx
X -= learning_rate * dx / knp.sqrt(grad_squared) + le-7)

] 7 - f5i7 FH AdaGrad iEA T4 BE BT A& M4 i -1 2




AdaGrad

grad_squared = 0
while True:
dx = compute_gradient(x)
grad_squared += dx * dx
X -= learning_rate * dx / knp.sqrt(grad_squared) + le-7)

] 7 - f5i7 FH AdaGrad iEA T4 BE BT A& M4 i -1 2

TR BENR” 5 TR BT BELRS, YR8 A 5 1A i BT e,




AdaGrad

grad_squared = 0
while True:
dx = compute_gradient(x)
grad_squared += dx * dx
X -= learning_rate * dx / knp.sqrt(grad_squared) + le-7)

] FR2: A K AE B I TR AR 2 AR A T2 B 2




AdaGrad

grad_squared = 0
while True:
dx = compute_gradient(x)
grad_squared += dx * dx
X -= learning_rate * dx / knp.sqrt(grad_squared) + le-7)

o] 2 A KA A5 B[] AR b S AR RRA T 2 62
FHE0




RMSProp: “Leaky AdaGrad”

AdaGrad

RMSProp

Tieleman and Hinton, 2012

grad_squared = 0

while True:

dx = compute_gradient(x)

grad_squared += dx * dx
X -= learning_rate * dx / (np.sqrt(grad_squared) + 1le-7)

grad_squared = 0

while True:

dx = compute _gradient(x)
grad_squared = decay_rate * grad_squared + (1 - decay_rate) * dx * dx
X -= learning_rate * dx / (np.sqrt(grad_squared) + 1le-7)




RMSProp

s SGD+Momentum
| |

RMSProp

s AdaGrad

(FR T 38 5 > R M A FH2E)



Adam (ZEATE =)

first_moment = 0
second_moment = 0@
while True:
dx = compute_gradient(x)
first_moment = betal * first_moment + (1 - betal) * dx
second_moment = beta2 * second_moment + (1 - beta2) * dx * dx
x -= learning_rate * first_moment / (np.sqrt(second_moment) + 1le-7))

Kingma and Ba, “Adam: Amethod for stochastic optimization”, ICLR 2015



Adam (ZEATEZ)

first_moment = 0

second_moment = 0

while True:

dx = compute_gradient(x)

first_moment = betal * first_moment + (1 - betal) * dx Momentum
second_moment = beta second_moment + - beta X dx
x -= learning_rate * first_moment / (np.sqrt(second_moment) + le-7)) AdaGrad/RI\/ISPrOp

A 454 T MomentumPJRMSProp

o R o — AR KA

Kingma and Ba, “Adam: Amethod for stochastic optimization”, ICLR 2015



Adam (FEIETZ )

first _moment
second _moment

(C)
(0]

for t in range(1, num_iterations):

dx. =

compute qradient(x)

first _momen

t

betal * first_moment + (1 - betal) * dx

second_moment

beta2 * second_moment + (1 - beta2) * dx * dx

first_unbias

first_moment / (1 -

betal ** t)

second_unbias =

second_moment / (1 - beta2 ** t)

x -= learning_rate * first_unbias / (np.sqgrt(second_unbias) + 1le-7))

RZEEIE, B Tfirst moment Fi1 second moment 45710,

Kingma and Ba, “Adam: Amethod for stochastic optimization”, ICLR 2015

Momentum

Bias correction

AdaGrad / RMSProp



Adam (FEEETEZ)

first_moment = 0

second_moment = 0

for t in range(1, num_iterations):
dx = compute gradient(x) Momentum
first_moment = betal * first_moment + (1 - betal) * dx
second_moment = beta2 * second_moment + (1 - beta2) * dx * dx
first_unbias = first_moment / (1 - betal ** t) . .
second_unbias = second_moment / (1 - beta2 ** t) Bias correction
x -= learning_rate * first_unbias / (np.sqrt(second_unbias) + 1le-7))

AdaGrad / RMSProp
Adam ¥ Ebetal = 0.9,

e .
{ﬁ%ﬂ%fl:, . beta2 = 0.999, learning_rate = le—-3 834 Se—4
FH T-first moment 1 second moment 4510, S AR S5 R Sk i3 L AR R4

Kingma and Ba, “Adam: Amethod for stochastic optimization”, ICLR 2015



Adam

SGD

SGD+Momentum

RMSProp

Adam
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SGD, SGD+Momentum, Adagrad, RMSProp, Adam
A FARX BB,

! ] L s PR — 2 ) SR A

low learning rate

high learning rate

good learning rate




SGD, SGD+Momentum, Adagrad, RMSProp, Adam

HAHFEARX S,

low learning rate

high learning rate

good learning rate
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Training Loss

Reduce learning rate

|

20 40 60 80 100

B AE LA B E B SR R 2] 3R
5]+ : %} FResNets, 47 5I7E 30, 60 F1 907> JE
2 TRt 2] 3R LL0. 1,
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Learning rate o
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BilF: % TResNets, 43 #I7E 30, 60 Fi1 907
W2 JaR s 2 =89k L. 1,
0.6 1 1

| £ o = 50 (1 + cos(tw/T))

0.2 1

0.8 1

O : MR SR
0.0 1 vy c AL o)
0 > s pA s - T IR
Epoch

Loshchilov and Hutter, “SGDR: Stochastic Gradient Descent with Warm Restarts”, ICLR 2017
Radford et al, “Improving Language Understanding by Generative Pre-Training”, 2018
Feichtenhofer et al, “SlowFast Networks for Video Recognition”, arXiv 2018

Child at al, “Generating Long Sequences with Sparse Transformers”, arXiv 2019
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Training Loss

Loss

0 50 100 150 200 250 300
Epoch

B AR LA B E B R T ] 2R
i+ : %F TResNets, 43 #1E 30, 60 F1 90 JE

Wi TR 2 L0, 1,

K% oy = 1Ozo (14 cos(tm/T))

2
Q) : WIHE ] #
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T RS

Loshchilov and Hutter, “SGDR: Stochastic Gradient Descent with Warm Restarts”, ICLR 2017
Radford et al, “Improving Language Understanding by Generative Pre-Training”, 2018

Feichtenhofer et al, “SlowFast Networks for Video Recognition”, arXiv 2018
Child at al, “Generating Long Sequences with Sparse Transformers”, arXiv 2019



) ERIR

Learning rate

10 ﬁ%ﬁﬂ&ﬁéﬁ;ﬁﬁfﬁigﬁo
il : XF FResNets, 43 H|7E 30, 60 F1 90 J&]

] 2 Fa R 21 3R . LL0. 1,
0.6 1 1
0 By = 5(}'0 (1 4 cos(tw/T))
02 &M o =ap(l —t/T)
0.0 1

0 20 40 60 80 100 (}10 : %}J é[n_—?‘,@gz

Epoch W
g vy 1 R 5 %
T AR

Devlin et al, “BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding”, 2018
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Learning rate

10 -

0.8 1

0.6 1

0.4 1

0.2 1

Epoch

Vaswani et al, “Attention is all you need”, NIPS 2017

100
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Goyal et al, “Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour”, arXiv2017
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- Quasi-Newton /7 1£(BGFSH: 52 Xk H):

0" =0, — H 'VgJ(6,)

ANE BRI HEZERIY (2 4/£0(n"3)), Tiise FIEE T

Pl 28/ fT (2 444£0(n"2)).

- L-BFGS (A [R17i % EBFGS):
AT A%/ T 25 B 2 v ZE R




L-BFGS

- BEEESHAE, AEEENXT TIEEBEEF
A0 an BARA — B — B ff 8 PEf(x) BR 2. L-BFGS Pl RE= R 1
Tk

T BETR AT T B BIR IR AL AL E,
25 REGE, fF B FIERN T ORI, BEVLIA B & — N E IR
HORFSEATLIS,

optimiza t n methods for dee pI g ICML 2011”
t ibuted second-order optimizatio ing Kronecker-factored approximations”, ICLR 2017
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1ENAE: Dropout

FEfEWRIEAE S, BEALVLE —Shh s T N B
PSR — MRS, # 0.5

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JIMLR 2014



EN{E: Dropout

def train_step(X):
""" X contains the data """

H1 = np.maximum(0O, np.dbt(Wl, X) + bl)

Ul = np.random.rand(*Hl.shape) < p

H1 *= Ul # droy

H2 = np.maximum(©, np.dot(W2, Hl1l) + b2)
U2 = np.random.rand(*H2.shape) < p # =
H2 *= U2 # drop!

out = np.dot(W3, H2) + b3

fif FHdropoutJ3 /2 M 2%
EIIERER N



1EN{k.: Dropout
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1EN{k: Dropout
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Dropout : M Hf

Dropoutfdi iy HiFEALE !
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Dropout : M Hf
BELTRUAEIRS  y=f@) = B.[f(z,2)] = / p(2)f (x, 2)dz

Z BB AT,
ENRNFATE:  Elal = wiz 4+ way

=
=



Dropout : M Hf

ARELT A IR Sy

% B8 B NMRETT,
FEI FeA A
FEYIZRNS T 1A

=
=

y = f(z) = B, [f(z, 2)] = / p(2)f (@, 2)dz

E [a] = w1 T + way
1 1
E(H 1+ woy) + —1(‘11’].17 + 0y)
e B e e )
L+ UY) + - (Ux + wa;
1 Y 1 2Y

E [a] =

1
—5(11]1 + way)

FEMRT, 3 Lhdropout HER



Dropout : M Hf
def predict(X):
H1.= np.maximum(é,‘np;dot(WI, X) + bl) *p

H2 = np.maximum(©®, np.dot(W2, Hl) + b2) * p #
out = np.dot(W3, H2) + b3

M, BT A R4 TT B 15 ERHY
=> BATTL B A b E R, X REfE M A T
NS P = D 2 B F) o S0 A




""" Vanilla Dropout: Not recommended implementation (see notes below)

p = 0.5 # probability of keeping a unit active. higher = less dropout
def train_step(X):

"X contains the data """

# forward pass for ample 3-layer neural network

H1 = np. max1mum(0 np. dot(Wl X) + bl)

new

Dropout &l 25

dropout mask

Ul = np.random.rand(*Hl.shape) < p # 7irst
H1 *= Ul # drop!

H2 = np.maximum(©, np.dot(w2, HI) + b2)

TR 57

U2 = np.random.rand(*H2.shape) < p # second dropout mask
H2 *= U2 # drop!

out = np.dot(W3, H2) + b3

4 —rf M ey v e e —h
# backward pass. ._O"Jf[_",/l:‘ gradients. .. 0T SN0 )
! ’ = 2 > ad St e B e

¥ pertarm parameter upaate... (not shown)

def predlct(X)

# ensembled forward pass
H1
H2

np.maximum(®, np.dot(Wl, X) + bl)|* p # NOTE: scale the activation
np.maximum(®, np.dot(W2, H1) + b2) * p # NOTE: scale fthe activatiol

......

FEMA I A

out = np.dot(W3, H2) + b3



5 E ARG “Inrldropout”

p=0.5 # probability of keeping & unit active, higher = 1

def train_step(X):

Hl1 = np.maximum(©, np.dot(Wl, X) + bl)

Ul = (np.random.rand(*Hl.shape) < p)|/ p #|first dropout mask. Notice /p
Hl1 *= Ul # drop!
H2 = np.maximum(0, np.dot(W2, H1) + B2)
U2 = (np.random.rand(*H2.shape) < p)|/ p #|second dropout mask. Notice

H2 *= U2 ¢ ]
out = np.dot(W3, H2) + b3

rrl nac + nt y
ICKWa Tl ad | . ompl e Jdradle > [ /i

e MR

H1 = np.maximum(©, np.dot(Wl, X) + bl) #
H2 = np.maximum(®, np.dot(W2, H1l) + b2)
out = np.dot(W3, H2) + b3
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NSk Tn—LERENL:
| e fW (337 Z)
WK S VE bR BENLE (— L i) s 2 I {EL)
y = f(@) = B [f(z, 2)] = / o(2)f (@, 2)d2
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Ygk: FIN—LeFEHLE B+ PLII—1k
y = fw(z,2) YIIZ5 o FE LS
HEAO S8 SR T

DR P RTEERBEDLE(—LE e T2 JA—1k

y=1@) = E.[f(0.2)] = [ p0)f@2)ds gyt gy
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Keintg) : FENLEBI MZa

WIgR: MREHLEDT / 46 e IoRe

ResNet:

1. M[256, 480] 4 FEHLZE L
2. AENGREMGRN, mil=L
3. BEYLZEE224 x 224 A9H)




Keintg) : FENLEBI MZa

WIgR:RENLERE ST / 4

ResNet:

1. )\)\[256 480] P REH L% BuL
2. PEEYIZREG, mil=L
3. B”ﬁmﬁmzzlxzzzl oLy

W ¥ —EE ERE Y]
ResNet:

1. 5P RSFREEG RN {224, 256, 384, 480, 640}
2. XtTENRSFR/AN, 1040224 x 2249) 2 4 corners + center, + flips
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(As seenin

[Krizhevsky et al. 2012], ResNet, etc)
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SEIP- e

Original Sub-policy | Sub-policy 2 Sub-policy 3 Sub-policy4  Sub-policy §

Batch |

Batch 2

Batch 3

ShearX, 0.9, 7 Sheary, 0.7, 6 ShearX, 0.9, 4 Invert, 0.9, 3 ShearY, 0.8, §
Invert, 0.2, 3 Solarize, 04,8 AutoContrast, 0.8, 3  Equalize, 0.6, 3 AutoContrast, 0.7, 3

Cubuk et al., “AutoAugment: Learning Augmentation Strategies from Data”, CVPR 2019
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Wk ARG L
P R A 2 AL

Bil-F
Dropout
JrH—A1k
Bmig



1EJ{k: DropConnect
Ygx: EHAPLE 02 (A IEE R
W {5 P A R 12

Bil-F
Dropout
ftH—A1b
pigiTi

DropConnect

Wan et al, “Regularization of Neural Networks using DropConnect”, ICML 2013




ENAE: 2Bt

YNZx: {# HBEHLAO AL X I8k
TR 5 TL/S HB X T 1 TS24

5
Dropout
JrH—A1k
Bmig
DropConnect

I3 E T e AR AL

Graham, “Fractional Max Pooling”, arXiv 2014
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WZx: Bkid g i) — Loz
WR: AT A RZ

Bil+:

Dropout

grH—1 bk
G
DropConnect

53 B e RAB AL
PR BE

Huang et al, “Deep Networks with Stochastic Depth”, ECCV 2016



1E4E: Cutout

WIZE  SEREHLIE 8 K I8 %l 5
WA - 1 H i R

B+
Dropout
tH—1k
AR
DropConnect

T3 E e RAE AL

??uﬁﬁmmﬁﬁﬁ i T CIFAR —RE /I KR4 2 R R AT,
utou IEDLE S B ImageNet —FE ) REARLER D H

DeVries and Taylor, “Improved Regularization of
Convolutional Neural Networks with Cutout”, arXiv 2017
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WGk XFREHLIR GBI BIG 3T I 25
M (5 s R

B+

Dropout

JrH—1k

K AEE

o3 B e RAE AL
PEALER BE

Cutout / FEHLETY

EgEy

Target label:

CNN cat: 0.4
dog: 0.6

Randomly blend the pixels
' of pairs of training images,
e.g. 40% cat, 60% dog

Zhang et al, “mixup: Beyond Empirical Risk

Minimization”, ICLR 2018
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#5171 log(C) X} A C ZERJsoftmax
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Training Loss Train / Val Accuracy
010 :
g8 {1 —®— ftrain
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- EN{k (L2/Dropout strength)
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Random Search for

Igﬁ* )_L*EE ?—?VS Im *%j: EE f’——? Hyper-Parameter Optimization

Bergstra and Bengio, 2012
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lllustration of Bergstra et al., 2012 by Shayne
Longpre, copyright CS231n 2017
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