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Part1 Review

OOD 데이터란학습에활용된입력데이터분포𝑷𝑿와다른분포𝑸𝑿에서샘플링된입력데이터

일반적으로이미지분류문제에서는학습데이터에존재하지않는클래스를가진이미지를의미

Out-of-Distribution: OOD

Covariate Shift Semantic Shift

𝑷𝑿 𝑸𝑿 𝑷𝑿

Distribution Shift

𝑸𝑿
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Part1 Review
Overconfidence Problem

고양이, 강아지, 토끼를
분류하는모델

In-distribution data
cat dog rabbit

I know this!!
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Part1 Review
Overconfidence Problem

고양이, 강아지, 토끼를
분류하는모델

cat dog rabbit

I’m confused…

Out-of-distribution data
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Part1 Review
Overconfidence Problem

고양이, 강아지, 토끼를
분류하는모델

I know this!!

Out-of-distribution data
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cat dog rabbit
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Part1 Review

2017 2018 2019 2020 2021 2022

Baseline

ODIN
Mahala
nobis

Energy 
Score

ReAct
Grad
Norm

MOOD

Vim

OOD 탐지필요성
제시

Temperature scaling과
adversarial noise injection
기법을최대확률값에
적용하여OOD 탐지성
능향상

특징공간에서클래스
prototype과샘플간
Mahalanobisdistance를
계산하여OOD 탐지에
활용

이미지분류모델이
에너지모델임을증명
하고에너지스코어를
통해OOD탐지에활용

Part1
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과제 진행 목표

ReAct: Out-Of-Distribution Detection with Rectified 

Activations

(2021, NeurIPS)
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Paper 1: ReAct
Introduction

⋯ ⋯
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Feature Vector

Logit Vector

Linear Classifier
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output
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output

Block n-1
output
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output

CNN Architecture

Feature Extractor(Encoder)
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Logit Vector
Feature Extractor(Encoder)
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𝝈(𝒙𝟏𝟏) 𝝈(𝒙𝟏𝟐)
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output
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output
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output
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output
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Paper 1: ReAct
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Paper 1: ReAct
Method
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Paper 1: ReAct
Method

0 0.5 1
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Paper 1: ReAct
Method

0 0.5 1

ID 데이터에대한활성화정보손실↑
분류성능감소
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Paper 1: ReAct
Method

0 0.5 1

ReAct적용전후차이↓
과활성화수정x
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Paper 1: ReAct
Method

0 0.5 1

분류성능유지
탐지성능향상
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Paper 1: ReAct
Method

0 0.5 1

90thpercentile of activations

90%
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Paper 1: ReAct
Experimental Results

OOD score

95%
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Paper 1: ReAct
Experimental Results
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Paper 1: ReAct
Further Analysis



과제 진행 목표

On the Importance of Gradients for Detecting 

Distributional Shifts in the Wild (GradNorm)

(2021, NeurIPS)



29

Paper 2: GradNorm
Introduction
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Paper 2: GradNorm
Introduction

OOD data
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Paper 2: GradNorm
Method

OOD data

GAP

⋯

Logit Vector

Linear Classifier

Feature Vector

Softmax

cat dog rabbit

CNN Encoder

cat

dog

rabbit

cat dog rabbit

Probability Distribution 𝒑 Uniform Distribution 𝒖

𝑫𝑲𝑳(𝑼||𝑷)

𝑺 𝒙 =
𝝏𝑫𝑲𝑳(𝒖||𝒑)

𝝏𝒘
𝒑

𝐷𝐾𝐿(𝑢| 𝑝 =−
1

𝐶


𝑐=1

𝐶

𝑙𝑜𝑔
𝑒
𝑓𝑐
𝑇

σ𝑗=1
𝐶 𝑒

𝑓𝑗
𝑇

−𝐻(𝑢)
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Paper 2: GradNorm
Method

OOD data

cat dog rabbit
ID data

cat dog rabbit

cat dog rabbit

cat dog rabbit

𝑺 𝒙𝑰𝑫 =
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𝑺 𝒙𝑶𝑶𝑫 =
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𝝏𝒘
𝒑
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Paper 2: GradNorm
Method

𝐷𝐾𝐿(𝑢| 𝑝 =−
1

𝐶


𝑐=1

𝐶

𝑙𝑜𝑔
𝑒
𝑓𝑐
𝑇

σ𝑗=1
𝐶 𝑒

𝑓𝑗
𝑇

−𝐻(𝑢)=−
1

𝐶

1

𝑇


𝑐=1

𝐶

𝑓𝑐−𝐶 ∙ 𝑙𝑜𝑔

𝑐=1

𝐶

𝑒
𝑓𝑗
𝑇 −𝐻(𝑢)

𝜕𝐷𝐾𝐿
𝜕𝑓𝑐

=−
1

𝐶𝑇
1−𝐶𝑇 ∙

𝜕 𝑙𝑜𝑔σ𝑐=1
𝐶 𝑒

𝑓𝑗
𝑇

𝜕𝑓𝑐
=−

1

𝐶𝑇
1−𝐶𝑇 ∙

𝑒
𝑓𝑐
𝑇

𝑙𝑜𝑔σ𝑐=1
𝐶 𝑒

𝑓𝑗
𝑇

𝜕𝐷𝐾𝐿
𝜕𝑊

=
𝜕𝐷𝐾𝐿
𝜕𝑓

∙
𝜕𝑓

𝜕𝑊
=𝑥 ∙

𝜕𝐷𝐾𝐿
𝜕𝑓

=−
1

𝐶𝑇
∙ 𝑥1,𝑥2,…,𝑥𝑚

𝑇[1−𝐶𝑇 ∙
𝑒
𝑓1
𝑇

𝑙𝑜𝑔σ𝑐=1
𝐶 𝑒

𝑓𝑗
𝑇

,1−𝐶𝑇 ∙
𝑒
𝑓2
𝑇

𝑙𝑜𝑔σ𝑐=1
𝐶 𝑒

𝑓𝑗
𝑇

,…,1−𝐶𝑇 ∙
𝑒
𝑓𝐶
𝑇

𝑙𝑜𝑔σ𝑐=1
𝐶 𝑒

𝑓𝑗
𝑇

]

𝑆 𝑥 =

𝑖=1

𝑚



𝑗=1

𝐶
𝜕𝐷𝐾𝐿
𝜕𝑊

𝑖𝑗

=
1

𝐶𝑇


𝑖=1

𝑚

𝑥𝑖 

𝑗=1

𝐶

1 − 𝐶 ∙
𝑒
𝑓𝑗
𝑇

𝑙𝑜𝑔σ𝑐=1
𝐶 𝑒

𝑓𝑐
𝑇

=
1

𝐶𝑇
𝑈∙𝑉

Feature space 정보 Output space 정보

∵
𝜕𝑙𝑛𝑓(𝑥)

𝜕𝑥
=
𝑓′(𝑥)

𝑓(𝑥)

𝑓 = 𝑊𝑥 + 𝑏



34

Paper 2: GradNorm
Method
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Paper 2: GradNorm
Experimental Results
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Paper 2: GradNorm
Experimental Results



과제 진행 목표ViM: Out-Of-Distribution with Virtual-Logit Matching

(2022, CVPR)
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Paper 3: Vim
Introduction
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Paper 3: Vim
Background: 행렬을 통한 선형 변환과 함수

𝑨 ∈ 𝑹𝒎×𝒏

𝒙 ∈ 𝑹𝒏 𝒚 = 𝑨𝒙 ∈ 𝑹𝒎

공돌이의 수학정리노트 – 4개 주요 부분 공간의 관계

𝒙 = 𝟐,−𝟐 𝑻

𝑨 =
𝟐 𝟏
𝟒 𝟐

𝒚 = 𝑨𝒙 =
𝟐 𝟏
𝟒 𝟐

𝟐
−𝟐

= 𝟐, 𝟒 𝑻

𝒚 = 𝟐, 𝟒 𝑻
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Paper 3: Vim
Background: 행렬을 통한 선형 변환과 함수

공돌이의 수학정리노트 – 4개 주요 부분 공간의 관계
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𝟐 𝟏
𝟒 𝟐

𝟒, 𝟐

𝟐, 𝟏

Row space : row vector로표현할수있는벡터공간

Column space : column vector로표현할수있는벡터공간

Null space : Ax=0을만족하는모든벡터 x들의집합

𝑥1

𝑥2
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Background: 행렬을 통한 선형 변환과 함수

공돌이의 수학정리노트 – 4개 주요 부분 공간의 관계

𝑨𝒙 = 𝟎 →
𝟐 𝟏
𝟒 𝟐

𝒙𝟏
𝒙𝟐

=
𝟎
𝟎
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Null space : 𝐴𝑥 =0을만족하는모든벡터 x들의집합

𝑁𝑢𝑙𝑙 𝑆𝑝𝑎𝑐𝑒
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Paper 3: Vim
Background: Linear Classifier와 벡터 공간

𝑦 = 𝑤𝑥 + 𝑏 𝑦 = 𝑤𝑥′, 𝑥′ = 𝑥 +
𝑏

𝑤Image

GAP

⋯

Linear Classifier

Feature Vector 
𝒙∈𝑹𝑴

CNN Encoder

cat

dog

rabbit

𝑾𝑴×𝑪

𝒃𝑪

Logit Vector
𝒍 ∈ 𝑹𝑪

𝒍 = 𝑾𝑻𝒙 + 𝒃

= 𝑾𝑻 𝒙 − 𝒐 = 𝑾𝑻𝒙′

𝒘𝒉𝒆𝒓𝒆 𝒐 = − 𝑾𝑻 +
𝒃
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Paper 3: Vim
Background: Linear Classifier와 벡터 공간

Feature Vector 𝒙= 𝒙𝟏 𝒙𝟐 𝒙𝟑
𝑻 ∈𝑹𝟑

𝑾𝟑×𝟐 =
| |
𝒘𝟏 𝒘𝟐
| |

Logit Vector 𝒍 = 𝒍𝟏 𝒍𝟐
𝑻 ∈𝑹𝟐

Image 𝒙 𝒍

𝑾

𝒘𝟏

𝒘𝟐

𝑪𝒐𝒍𝒖𝒎𝒏 𝑺𝒑𝒂𝒄𝒆 𝒐𝒇𝑾
= 𝑹𝒐𝒘 𝑺𝒑𝒂𝒄𝒆 𝒐𝒇𝑾𝑻

𝑵𝒖𝒍𝒍 𝑺𝒑𝒂𝒄𝒆 𝒐𝒇𝑾𝑻
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Paper 3: Vim
Background: NuSA(Outlier Detection through Null Space Analysis of Neural Networks) 
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1. 어떻게최적의 Exit를할당할것인가?= 어떻게데이터의복잡도를정량화할것인가?
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1. 어떻게최적의 Exit를할당할것인가? 2. 어떻게OOD를탐지할것인가?
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