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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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Figure 2. Residual learning: a building block.
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Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain
networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.
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ResNet
18 layers 27.88
34 layers 25.03

Table 2. Top-1 error (%, 10-crop testing) on ImageNet validation.
Here the ResNets have no extra parameter compared to their plain
counterparts. Fig. 4 shows the training procedures.




CIFAR10_E IR IResnetiX 4%

method
e Maxout [9]
o MIERISEES: 12022 NIN [25]
N DSN [24]
o SLIGZER. MPAT T
v s FitNet [34] 8.39
- Zr: REGEE, SERANE TR, Highlwa.; [41, 42] 7.54 (7.7240.16)

MCIFAR-108/MUEHRSE R T B Rl A [ i s
ResNet 46 7.51
ResNet .66 7.17
ResNet 56 .85 6.97
ResNet . 6.43 (6.6140.16)
ResNet 202 9.4 7.93

Table 6. Classification error on the CIFAR-10 test set. All meth-
ods are with data augmentation. For ResNet-110, we run it 5 times
and show “best (mean-+std)” as in [42].







