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Deep Residual Learning for Image Recognition
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Deeper and deeper
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Introduction

Deeper network always better?

|dentity mapping
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- K. He and J. Sun. Convolutional neural networks at constrained time cost. In CVPR, 2015.
- R. K. Srivastava, K. Greff, and J. Schmidhuber. Highway networks. arXiv:1505.00387, 2015.
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Deep Residual Learning

Residual?

» A Residual is generally a quantity left over at the end of process.
» Error.

- Residual function. - Residual learning framework.
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Deep Residual Learning

Residual learning framework

- Residual learning
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Deep Residual Learning

Residual learning framework

- Shortcut connections — - Inception module(v3) in GoogleNet
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Deep Residual Learning

Residual Network

- Residual Network(34-layer)
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Experiments

Training on ImageNet
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Exploring over 1000 Layers
« Training data set : CIFAR-10

- Error H| 1,
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