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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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DEEP RESIDUAL LEARNING FOR IMAGE RECOGNITION
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SCALE IMAGE RECOGNITION (ICLR 2019)

VERY DEEP CONVOLUTIONAL NETWORKS FOR LARGE
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IMAGENET 2012 CLASSIFICATION DATASET
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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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- Resnet2 #2 E1|0|017f° S #olojR Tt EFoY o3| 1 AsSE ELt

plain ResNet
18 layers 27.94 27.88
34 layers 28.54 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.
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model top-1 err. top-5 err. . o o
VGG-16 [40] 28.07 9.33 Shorfcut COﬂhQCTIé)ﬂE _'Zl_OH A
GoogLeNet [43] : 9.15 identity mapping= ArEEX|
PReLU-net[12] | 2427 7.38 projeyi:ﬂon% ArE22HK| 4 SKH0| &
plain-34 28.54 10.02 2035,
2 s gosang etcus o
ResNet-34 C 24.19 7.40 used for increasing
dimensions, and all shortcuts
ResNet-50 22.85 6.71 are parameter free
ResNet-101 2175 6.05 (B) projection shortcuts are used
ResNet-152 21.43 5.71 for increasing dimensions,
Table 3. Error rates (%, 10-crop testing) on ImageNet validation. and other shortcuts are
VGG-16 i1s based on our test. ResNet-50/101/152 are of option B identity

that only uses projections for increasing dimensions. (C) all shortcuts are projections
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