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Introduction

What is Feature Scaling?
< Feature Scaling O|£t?
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Introduction

What is Feature Scaling?
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Introduction

Normalization vs Standardization

< Nommalization (812} - MinMax Scaling
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Introduction

Normalization vs Standardization
< Standardization (BE=3))
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Methods

Batch Normalization
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Batch Nommalization : Accelerating Deep Network Training by Reducing Intemal Covariate Shift
«  GoogleOj|A G118+ =F20|0 202214 052 132 7|= 364073 Q12
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«  Gradient Vanishing/Exploding =XIE &X|5}7| [t =17 | & @l B
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Batch Normalization: Accelerating Deep Network Training by Reducing
Internal Covariate Shift

Sergey loffe

SIOFFE @ GOOGLE.COM
Christian Szegedy

SZEGEDY @ GOOGLE.COM
Google, 1600 Amphitheatre Pkwy, Mountain View, CA 94043
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Methods

Batch Normalization

% Gradient Descent
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Methods

Batch Normalization

*» Stochastic Gradient Descent
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Methods

Batch Normalization

s Intemal Covanant Shift
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Methods

Batch Normalization

Batch Nomalization
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Methods

Batch Normalization
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Batch Nommalization - Training
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Methods

Batch Normalization

X/
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Batch Norm
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Methods

Batch Normalization

«»» Batch Nomalization

Convolution layer®|A{2| Batch Normalization?

Filter
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Feature map

m7i2| &= HfX|of| CH3H m7H2| feature map =&

Data Mining
..:.‘ Quality Analytics 16



Methods

Batch Normalization

«»» Batch Nomalization
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Methods

Batch Normalization
+ Batch Nomalization
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Methods

Batch Normalization
% Experiment - Mnist
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Methods

Layer Normalization

% Layer Normalization
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Layer Normalization

Jimmy Lei Ba Jamie Ryan Kiros Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
jimmy@psi.toronto.edu rkiros@cs. toronto.edu and Google Inc.

hinton@cs.toronto.edu
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Methods

Layer Normalization

X/

% Layer Nommalization
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Methods

Layer Normalization

X/

% Layer Normalization
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Feature map
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Methods

Layer Normalization

% Layer Normalization
m7i Q| filter7t UACHH m7H Q| feature mapO| 22 =&
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Methods

Layer Normalization
% Layer Normalization
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Methods

Layer Normalization

% Experiment
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Methods

Instance Normalization

< Instance Nomalization : The Missing Ingredient for Fast Stylization
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2{A[OF AF ATPAOAM AP 2022'H 058 132 7|F 23333 QI8
Image Style Transfer2| ‘d&= 22[7| Il Instance Normalization &%

batch normalization 2 C} instance normalizationS AFE3HS I M5 kAt

Instance Normalization:
The Missing Ingredient for Fast Stylization

Dmitry Ulvanov Andrea Vedaldi
Computer Vision Group Wisual Geometry Group
Skoltech & Yandex University of Oxford
Russia United Kingdom
dmitry.ulyanov@skoltech.ru vedaldi@robots.ox.ac.uk

Victor Lempitsky
Computer Vision Group
Skoltech
Russia
lampitsky@skoltech.ru
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Instance Normalization

% Style transfer
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Methods

Instance Normalization

X/

«» Instance Nomalization
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Methods

Instance Normalization

X/

«» Instance Nomalization

«  m7Zi2] ¥ BiX|O CHSH m7i 2| feature map ==

Feature map 1

Feature map 2

filter °

Feature map m

Q‘ Data Mining
b Quality Analytics



Methods

Instance Normalization

»» Instance Normalization
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Methods

Instance Normalization
% Bxperiment
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Methods

Group Normalization

% Group Nomalization

«  Facebook Al research(FAIR)O|A] M2 2022 05& 13Y 7|= 20042| Q18
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Group Normalization

Yuxin Wu Kaiming He
Facebook Al Research (FAIR)
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Methods

Group Normalization

X/

% Group Nomalization
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Group Normalization
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G
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roup Normalization
Group Nomalization
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Group Normalization

X/

% Group Nomalization
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Methods

Group Normalization

X/

% Group Nomalization
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batch size | 32 16 8 4
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Conclusion

Various Normalization Techniques for Deep Learning
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Summary
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