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Transition form ‘Feature engineering’ to ‘Network engineering’

» Hand-designed(made) feature.

- SIFT(Scale Invariant Feature Transform)

Image gradients Keypoint descriptor

- HOG(Histogram of Oriented Gradient)

gradient gradient
orientation magnitude
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histogram of
gradient orientation

Introduction

Features learning by neural networks
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VGG-nets/ResNets & Inception model(GooglLeNets)

» Stacking building blocks

Revolution of Depth
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Introduction

VGG-nets/ResNets & Inception model(GooglLeNets)
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Introduction

VGG-nets/ResNets & Inception model(GooglLeNets)

e Split - transform - merge

- Inception model 1. HE/ZI M HOX|=(Wide) 21}
2. HEYA XRE &5
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ResNeXt

Simple Neurons

Hidden
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Split — Transform — Merge

- Inception model(Network in Network)

Filter
concatenation
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- Network in 'Neuron'
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ResNeXt
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Transform

- Aggregated transformations

C
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— Cardinality : The size of set of transformation

- Aggregated transformations with residual
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ResNeXt

- ResNeXt model
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ResNeXt

- Equivalent model I.(Similar to the Inception-ResNet)
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- Equivalent model II.(Similar to the ResNet)
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Experiments

ResNetlt ResNeXt A& H|u. ResNeXt2| Cardinality0] (HE ds H|il.

T O e setting top-1 error (%)
L PeNet%0 (32 x 4 ain N L ReaNoxt a0t (32 x 48 wain ResNet-50 1 x 64d 23.9
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ResNeXt-50 32 x 4d 222
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Figure 5. Training curves on ImageNet-1K. (Left): ResNet/ResNeXt-50 with preserved complexity (~4.1 billion FLOPs, ~25 million
parameters): (Right): ResNet/ResNeXt-101 with preserved complexity (~7.8 billion FLOPs, ~44 million parameters).
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Experiments

Wider VS Cardinality I. Wider VS Cardinality .

setting top-1 err (%) | top-5 err (%) 4.5

. A —2—ResNet-29 (increase width)
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ResNet-101 1 x 64d 220 6.0
ResNeXit-101 32 x 4d 21.2 5.6
2x complexity models follow:
ResNet-200 [15] 1 x 64d 21.7 5.8
ResNet-101, wider | 1 x 100d 21.3 5.7
ResNeXit-101 2 x 64d 20.7 5.5
ResNeXt-101 64 x 4d 204 53
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L Figure 7. Test error vs. model size on CIFAR-10. The results are

128, 3x3,128 computed with 10 runs, shown with standard error bars. The labels
group = 32 show the settings of the templates.
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