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Residual Networks
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[He et al., 2015. Deep residual networks for image recognition]
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[He et al., 2015. Deep residual networks for image recognition]
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Why do residual networks work? %\7
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[He et al., 2015. Deep residual networks for image recognition]
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Why does a 1 x 1 convolution do? '
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[Lin et al., 2013. Network in network]
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Using 1x1 convolutions DAV
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The problem of computational cost %\7
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Using 1x1 convolution %\7
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Transfer Learning
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Common augmentation method %
d2ola

Mirroring

Rotation

Shearing ﬁ/ /

Local warping

Random Cropping
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Data vs. hand-engineering %V
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What are localization and detection 2\7
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Defining the target label y %\7
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