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= [E{REPE (CIFER-10/100, ImageNet) THREIE
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CNN 13.63 4474
KNN 10.85 37.12

Table 2. Validation error (%) of ResNets on CIFAR-10 and CIFAR-
100 without data augmentation.

Architect CIFAR-10+  CIFAR-100+
rehffectite NN KNN  CNN  KNN

GoogLeNet 13.37 5.16  26.65 20.84
ResNet 643 469 2722 2249
DenseNet 524 5.08 2442 24092

Table 3. Validation error (%) on CIFAR-10 and CIFAR-100 on
different architectures with data augmentation.
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