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ZFNet to VGG
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Insights in VGG

e Why use smaller filters? Conv3x3 @
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Conv 5x5

e Factorization
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VGG

e Generalizes well to other tasks

e Detection

e Segmentation

e Style-transfer (graphics)

Fully Convolutional Networks for Semantic Segmentation, Shelhamer et al., CVPR,

2015
Image style transfer using convolutional neural networks, Gatys et al.,, CVPR, 2016

Rich feature hierarchies for accurate object detection and semantic segmentation,
Girshick et al., CVPR, 2014



