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이름 키(ft) 몸무게(lbs) 상의 사이즈

박진혁 4.7 120 S

정진용 7.1 145 ?

김창현 5.9 180 L

정재윤 6.0 185 L

직관적으로 창현, 재윤에 비해 몸무게는 작지만 키가 더 크기 때문에 “L”
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컴퓨터는 어떻게 예측할까? 

이름 키(ft) 몸무게(lbs) 상의사이즈 키+몸무게

박진혁 5.2 115 S 124.7

정진용 6.1 140 ? 152.1

김창현 5.9 175 L 185.9

정재윤 6.0 174 L 191.0

s

정확한 분석을 위해 Feature를서로 정규화 시켜 주는 작업 필요 Feature Scaling
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𝜔1

𝜔2

J(𝜔)

Scaling하지않은경사하강법 Scaling을 사용한경사하강법

𝜔1

𝜔2

J(𝜔)

https://medium.com/analytics-vidhya/feature-scaling-normalization-standardization-and-scaling-c920ed3637e7
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𝑋𝑛𝑒𝑤 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

이름 키(ft) 몸무게(lbs)

김정인 5.2 115

정진용 6.1 140

김창현 5.9 175

정재윤 6.0 174

이름 키(ft) 몸무게(lbs)

김정인 0 0

정진용 1 0.42

김창현 0.78 1

정재윤 0.89 0.98
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기존데이터 표준화된데이터
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Batch Normalization
https://gaussian37.github.io/dl-concept-batchnorm/
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1. 𝝁𝑩 =
𝟏

𝒎
 𝒊=𝟏
𝒎 𝒙𝒊

2. 𝝈𝑩
𝟐 =

𝟏

𝒎
 𝒊=𝟏
𝒎 (𝒙𝒊−𝝁𝑩)

𝟐

3. 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 ∶  𝑥𝑖 =
𝑥𝑖−𝜇𝐵

𝜎𝐵
2+𝜖

4. 𝑦𝑖 = 𝛾 𝑥𝑖 + 𝛽, 𝛾, 𝛽 → 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟
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1. 𝝁𝑩 = 𝑬[𝝁𝑩]

2. 𝝈𝑩
𝟐 = 𝑬[𝝈𝑩

𝟐 ] ×
𝒎

𝒎−𝟏

3. 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 ∶  𝑥𝑖 =
𝑥𝑖−𝜇𝐵

𝜎𝐵
2+𝜖

4. 𝑦𝑖 = 𝛾 𝑥𝑖 + 𝛽, 𝛾, 𝛽 → 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟
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Input
(7x7x7)

Filter
(3x3x7)

* =

Feature map

m개의 입력 배치에 대해 m개의 feature map 도출

Convolution layer에서의 Batch Normalization? 
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• m개의 입력 배치에 대해 m개의 feature map 도출

Feature map 1Batch 1

* =
Feature map 2

Feature map m

filter

Batch 2

Batch m
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Filter 1 Filter 2 Filter 3 Filter m

Feature map 1

Feature map 2

Feature map b
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Input
(7x7x7)

Filter
(3x3x7)

* =

Feature map

m개의 filter가 있다면 m개의 feature map이 결과로 도출

Convolution layer에서의 Layer Normalization? 
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• m개의 filter가 있다면 m개의 feature map이 결과로 도출

filter m

Input
(7x7x7)

*

=

=

=

Feature map 

filter 2

filter 1
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Filter 1 Filter 2 Filter 3 Filter m

Feature map 1

Feature map 2

Feature map b
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Input
(7x7x7)

Filter
(3x3x7)

* =

Feature map

m개의 입력 배치에 대해 m개의 feature map 도출

Convolution layer에서의 Instance Normalization? 
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• m개의 입력 배치에 대해 m개의 feature map 도출

Feature map 1Batch 1

* =
Feature map 2

Feature map m

filter

Batch 2

Batch m
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Filter 1 Filter 2 Filter 3 Filter m

Feature map 1

Feature map 2

Feature map b
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BN 사용

IN 사용
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Input
(7x7x7)

Filter
(3x3x7)

* =

Feature map

Convolution layer에서의 Group Normalization? 
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Filter 1 Filter 2 Filter 3 Filter m

Feature map 1

Feature map 2

Feature map b
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M=96

Filter 1 Filter 2 Filter 3 Filter m

Feature map 1

그룹 당 채널 수 = 3
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Filter 1 Filter 2 Filter 3 Filter m

Feature map 1
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Filter 1 Filter 2 Filter 3 Filter m

Feature map 1
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