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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain™ networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.
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ResNet

Residual Learning
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ldentity Mapping
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ResNet Architecture
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oaraser CIFAR-10
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True True Positive False Positive
=% . TP+TN
il _ _ M= E (Accuracy):
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<Confusion Matrix>
Name # layers # params precision recall accuracy
ResNet-20 (N = 3)20 0.27M 91.69% 91.62% 91.63% \ S e
ResNet-32 (N =5)32 0.46M 92.21% 92.18% 92.19% Batch_2 91.22%
ResNet-44 (N = 7)44 0.66M 91.57% 91.52% 91.53% LS 20:19%
Batch_4 92.93%
ResNet-56 (N =9)56 0.85M 92.46% 92.48% 92.48% Batch 5 o
ResNet-110 (N =18)110 1.7M 93.19% 93.17% 93.17% Batch_6 92.17%
* ResNet-20&= K-fold Cross Validation A& ks 91.63%

<K-fold Cross Validation>
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Resnet
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Name Accuracy 40
ResNet-20 (N=3) 91.63% 0 - = N3 Accuracy
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ResNet-32 (N=5) 92.19% = N7 Accuracy
201 —
ResNet-44 (N=7) 91.53% :2;;2:;?;;
ResNet-56 (N=9) 92.48% 5 20 20 60 80 100
ResNet-110 (N=18) 93.17% Epoch
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