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Simplified residual structure and fast deep residual networks
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Abstract: In order to address the problem of slow training of the current deep ResNets model, a novel
residual structure is designed. Compared with the typical residual structure, the structure only contains a
Batch Normalization and ReLU, which reduces training time and improves the training speed by reducing
the amount of calculation in the network training process. The comparative experiments are carried out on
the CIFAR10/100 image classification database. The classification error rate of 110 layers networks
constructed by this method on CIFAR10 and CIFARI00 is 5.29% and 24.80%, respectively. The
classification error rate of 110-ResNet is 5.75% and 26.02% , respectively. Training the network takes
133.47 (this method) and 208.26 (ResNet) seconds per epoch, increased by 35.91%. The results show
that the network structure greatly improves the training speed while ensuring the classification

performance, and has better practical value.
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Fig. 1 Basic and bottleneck residual structure
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Fig.3 Two kinds of simplified residual structure
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Fig.4 Degradation model of the second

simplified residual structure
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