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Introduction
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깊은망의문제점
•   Vanishing / Exploding Gradient

층이깊어질수록너무큰값이나작은값으로포화되어학습효과가없어지거나,

학습속도가매우느려지는문제가발생

•  2015년 ImageNet Challenge (ILSVRC) 전분야에서우승

•  기존방법(VGG, GoogLeNet) 같은경우레이어수가

20개내외였지만, ResNet은최대 152개로소개

=>  깊은망의문제점을해결

기존 “plain” networks 에서 깊은망으로학습시켰을때, 

얕은망에비해에러율이더높게학습한것을알수있음



ResNet
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• Re s i d u a l   L e a r n i n g

네트워크의출력을학습하는것이아닌, 출력 ܪ) ݔ ) 과입력(ݔ	)의차를학습

즉,  Weighted Layer(ܨ ݔ ) 는 ܪ ݔ െ ,를학습해야하므로	ݔ

∴ 네트워크 출력인 ܪ ݔ 	는 ܪ ݔ ൌ ܨ ݔ ൅ ݔ 를 학습

<기존 C o n v o l u t i o n   L a y e r s >
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< R e s i d u a l   B l o c k >

I d e n t i t y   S h o r t c u t
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Identity Mapping
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•   Residual Unit Forward
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•   Residual Unit Backward

이값이 0 이되어야 Vanishing Gradient 문제가발생하는데, 

미니배치마다 ࣔ
ࣔ௫೗

∑ ࣠ ,௟ݔ ௟ܹ
૚ିࡸ
࢒ୀ࢏ 값이 ‐1이되는일은거의없기때문에 Vanishing이발생할확률은극히낮음

* Identity Mapping:입력값을그대로전달한다는의미
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ResNet Architecture
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Feature extraction classification
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DATAS E T CIFAR‐10

32x32사이즈의 RGB 이미지와

10가지의레이블로구성 32, 32, 3ሻ, ሺ10

INPUT DATA : 50000

TEST DATA : 10000

* ResNet‐20는 K‐fold Cross Validation사용
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실험결과
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Name # layers # params precision recall accuracy

ResNet‐20 ሺN ൌ 3ሻ20 0.27M 91.69% 91.62% 91.63%

ResNet‐32 ሺN ൌ 5ሻ32 0.46M 92.21% 92.18% 92.19%

ResNet‐44 ሺN ൌ 7ሻ44 0.66M 91.57% 91.52% 91.53%

ResNet‐56 ሺN ൌ 9ሻ56 0.85M 92.46% 92.48% 92.48%

ResNet‐110 ሺN ൌ 18ሻ110 1.7M 93.19% 93.17% 93.17%

정밀도 ( P r e c i s i o n ) :  
୘୔

୘୔ା୊୔ 재현율 ( R e c a l l ) :  
୘୔

୘୔ା୊୒

정확도 ( A c c u r a c y ) :  
୘୔ା୘୒

୘୔ା୊୔ା୊୒ା୘୒

< C o n f u s i o n  M a t r i x >

*   R e s N e t ‐ 2 0는 K ‐ f o l d   C r o s s   Va l i d a t i o n  사용

Batch_1 90.27%

Batch_2 91.22%

Batch_3 90.19%

Batch_4 92.93%

Batch_5 93.01%

Batch_6 92.17%

평균 91.63%

< K ‐ f o l d   C r o s s   V a l i d a t i o n >

CAU AutoML LAB



실험결과
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평가지표 :  정확도 (A c c u r a c y )

다중 분류 문제와

C I FA R ‐ 1 0  데이터셋에서 레이블당

입력데이터 개수가 같은 것을 고려하여

평가지표를 정확도 ( A c c u r a c y )로 선정

Name Accuracy

ResNet‐20 (N=3) 91.63%

ResNet‐32 (N=5) 92.19%

ResNet‐44 (N=7) 91.53%

ResNet‐56 (N=9) 92.48%

ResNet‐110 (N=18) 93.17%
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