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• Conv filters 5x5, stride 1

• Pooling 2x2, stride 2

• [Conv – Pool – Conv – Pool – FC – FC]

History

LeNet-5 [LeCun et al., 1998]

Y.Lecun, L. Bottou, Y.Bengio, P.Haffner, “Gradient-based Learning Applied to Document Recognition”, IEEE, Volume 86 Issue 11 Nov, 1998
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ImageNet Large Scale Visual Recognition Challenge(ILSVRC) winners

ILSVRC Winners

ZFNet
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AlexNet [Krizhevsky et al., 2012]

Krizhevsky, Alex, Sutskever, Ilya, and Hinton, Geoffrey. ImageNet classification with deep convolutional neural networks. In NIPS. 2012.

[227x227x3] INPUT

[55x55x96] Conv1: 96 11x11 filters at stride 4, pad 0

[27x27x96] MAX POOL1: 3x3 filters at stride 2

[27x27x96] NORM1: Normalization Layer

[27x27x256] Conv2: 256 5x5 filters at stride 1, pad 2

[13x13x256] MAX POOL2: 3x3 filters at stride 2

[13x13x256] NORM2: Normalization Layer

[13x13x384] Conv3: 384 3x3 filters at stride 1, pad 1

[13x13x384] Conv4: 384 3x3 filters at stride 1, pad 1

[13x13x256] Conv5: 256 3x3 filters at stride 1, pad 1

[6 x 6 x256] MAX POOL3: 3x3 filters at stride 2

[4096] FC6: 4096 neurons

[4096] FC7: 4096 neurons

[1000] FC8: 1000 neurons (class scores)
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ZFNet [Zeiler and Fergus, 2013]

Zeiler, M.D., Fergus, R.: Visualizing and understanding convolutional networks. ECCV 2014. LNCS, vol. 8689, pp. 818–833. Springer, Cham (2014).

AlexNet but:

Conv1: change from (11x11 stride 4) to (7x7 stride 2)

Conv3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512

ImageNet top 5 error: 16.4%  11.7%
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Figure copyright Kaiming He, 2016, Reproduced

ImageNet Large Scale Visual Recognition Challenge(ILSVRC) winners

ILSVRC Winners

ZFNet



01 History

VGGNet [Simonyan and Zisserman, 2014]

Simonyan, K., Zisserman, A.: Very deep convolutional networks for large-scale image recognition. In: ICLR (2014)

AlexNet: 8 layers

VGGNet: 16-19 layers

Only 3x3 Conv stride 1, pad 1

2x2 MAX POOL stride 2

Small Filters, Deeper networks

ImageNet top 5 error: 11.7%  7.3%
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VGGNet [Simonyan and Zisserman, 2014]

Simonyan, K., Zisserman, A.: Very deep convolutional networks for large-scale image recognition. In: ICLR (2014)

AlexNet: 8 layers

VGGNet: 16-19 layers

Only 3x3 Conv stride 1, pad 1

2x2 MAX POOL stride 2

-Stack of three 3x3 conv

# of param: 3  ∗ (𝟑𝟐 ∗ 𝑪𝟐) = 29 ∗ 𝑪𝟐

-Stack of one 7x7 conv

# of param: 𝟕𝟐 ∗ 𝑪𝟐 = 49 ∗ 𝑪𝟐

C: # of channel

Small Filters, Deeper networks

ImageNet top 5 error: 11.7%  7.3%
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ImageNet Large Scale Visual Recognition Challenge(ILSVRC) winners
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01 History

GoogLeNet [Szegedy et al., 2014]

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V., and Rabinovich,A. Going deeper with convolutions. CoRR, 

abs/1409.4842, 2014

Deeper networks, with 

computational efficiency

VGGNet: 16-19 layers

GoogLeNet: 22 layers

Inception module
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GoogLeNet [Szegedy et al., 2014]

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V., and Rabinovich,A. Going deeper with convolutions. CoRR, 

abs/1409.4842, 2014

Deeper networks, with 

computational efficiency

Module input:

28x28x256

128 192 96

28x28x128 28x28x192 28x28x96 28x28x256

28x28x(128+192+96+256) = 28x28x672

Conv Ops:

[1x1 conv, 128] (28x28x128)x(1x1)x256

[3x3 conv, 192] (28x28x192)x(3x3)x256

[5x5 conv, 96]   (28x28x96)x(5x5)x256

Total: 854M ops

Very expensive compute !!!

Inception module



01 History

GoogLeNet [Szegedy et al., 2014]

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V., and Rabinovich,A. Going deeper with convolutions. CoRR, 

abs/1409.4842, 2014

1x1 conv “bottleneck” layers

1x1 Conv

With 32 filters

Preserves spatial dim

Reduces depth dim
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GoogLeNet [Szegedy et al., 2014]

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V., and Rabinovich,A. Going deeper with convolutions. CoRR, 

abs/1409.4842, 2014

Inception module Inception module with dimension reduction
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GoogLeNet [Szegedy et al., 2014]

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V., and Rabinovich,A. Going deeper with convolutions. CoRR, 

abs/1409.4842, 2014

Inception module with dimension reduction

64, 1x1 conv “bottleneck” layers

Module input:

28x28x256

128

192 96

28x28x128

28x28x192 28x28x96 28x28x64

28x28x(128+192+96+64) = 28x28x480

64 64

28x28x64 28x28x64 28x28x256

Conv Ops:

[1x1 conv, 64]   (28x28x64)x(1x1)x256

[1x1 conv, 64]   (28x28x64)x(1x1)x256

[1x1 conv, 128] (28x28x128)x(1x1)x256

[3x3 conv, 192] (28x28x192)x(3x3)x64

[5x5 conv, 96]   (28x28x96)x(5x5)x64

[1x1 conv, 64]   (28x28x64)x(5x5)x256

Total: 358M ops

854M  358M

ImageNet top 5 error: 7.3%  6.7%
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ResNet [He et al., 2015]

56-layer model performs worse on both training and test error

The deeper model performs worse, but it’s not caused by overfitting
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0.02625 = 0.25 x 0.6 x 0.25 x 0.7



01 History

ResNet [He et al., 2015]

56-layer model performs worse on both training and test error

The deeper model performs worse, but it’s not caused by overfitting

Caused by Gradient vanishing !!!

0.02625 = 0.25 x 0.6 x 0.25 x 0.7
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ResNet [He et al., 2015]

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2015. Deep residual learning for image recognition. arXiv preprint arXiv:1512.03385

Very deep networks using residual connections

GoogLeNet: 22 layers

ResNet: 152 layers
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ResNet [He et al., 2015]

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2015. Deep residual learning for image recognition. arXiv preprint arXiv:1512.03385

Very deep networks using residual connections

𝑎[𝑙−2]
𝑎[𝑙−1]

𝑎[𝑙]

GoogLeNet: 22 layers

ResNet: 152 layers

𝑎[𝑙−1]

𝑎[𝑙]x x𝑎[𝑙−2]
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ResNet [He et al., 2015]

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2015. Deep residual learning for image recognition. arXiv preprint arXiv:1512.03385

Very deep networks using residual connections

𝑎[𝑙−2] 𝑎[𝑙−1] 𝑎[𝑙]Linear LinearReLU

𝑧[𝑙−1] = 𝑊[𝑙−1]𝑎[𝑙−2] + 𝑏[𝑙−1]

𝑎[𝑙−1] = g(𝑧[𝑙−1])

𝑧[𝑙] = 𝑊[𝑙]𝑎[𝑙−1] + 𝑏[𝑙]

𝑎[𝑙] = g(𝑧[𝑙])

GoogLeNet: 22 layers

ResNet: 152 layers

ReLU

𝑎[𝑙−2]
𝑎[𝑙−1]

𝑎[𝑙]
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ResNet [He et al., 2015]

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2015. Deep residual learning for image recognition. arXiv preprint arXiv:1512.03385

Linear LinearReLU ReLUx x

x x

Very deep networks using residual connections

Short Cut

Skip connection

GoogLeNet: 22 layers

ResNet: 152 layers

𝑎[𝑙−2] 𝑎[𝑙−1] 𝑎[𝑙]

𝑎[𝑙−2]
𝑎[𝑙−1]

𝑎[𝑙]

𝑧[𝑙−1] = 𝑊[𝑙−1]𝑎[𝑙−2] + 𝑏[𝑙−1]

𝑎[𝑙−1] = g(𝑧[𝑙−1])

𝑧[𝑙] = 𝑊[𝑙]𝑎[𝑙−1] + 𝑏[𝑙]

𝑎[𝑙] = g(𝑧[𝑙]) + 𝑎[𝑙−2]
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ResNet [He et al., 2015]

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2015. Deep residual learning for image recognition. arXiv preprint arXiv:1512.03385

Linear LinearReLU ReLUx x

x x

Very deep networks using residual connections

Short Cut

Skip connection

GoogLeNet: 22 layers

ResNet: 152 layers

𝑎[𝑙−2] 𝑎[𝑙−1] 𝑎[𝑙]

𝑎[𝑙−2]
𝑎[𝑙−1]

𝑎[𝑙]

𝑧[𝑙−1] = 𝑊[𝑙−1]𝑎[𝑙−2] + 𝑏[𝑙−1]

𝑎[𝑙−1] = g(𝑧[𝑙−1])

𝑧[𝑙] = 𝑊[𝑙]𝑎[𝑙−1] + 𝑏[𝑙]

𝑎[𝑙] = g(𝑧[𝑙] + 𝑎[𝑙−2])

ImageNet top 5 error: 6.7%  3.57%



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

DenseNet Advantage

1. They alleviate the vanishing-gradient problem

2. Strengthen feature propagation

3. Encourage feature reuse

4. Substantially reduce the number of parameters

Skip-Connection

Dense Connectivity

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Skip-Connection

(ResNet)

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Dense Connectivity

(DenseNet)

𝒂[𝒍] = 𝑯𝒍 𝒂
[𝒍−𝟏] + 𝒂[𝒍−𝟐] 𝒂[𝒍] = 𝑯𝒍 [𝒂

[𝟎], 𝒂[𝟏], … , 𝒂[𝒍−𝟏]]

L + 1 L(L + 1) / 2

𝑎[𝑙−2]
𝑎[𝑙−1]

𝑎[𝑙]x x 𝑎[𝑙−2]
𝑎[𝑙−1]

𝑎[𝑙]x xx



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Initial Convolution Dense Block Transition Layer Global average pool

𝑯𝒍(-): 

BN  ReLU  3x3 Conv

Down-sampling layers 

that change the size of 

feature maps
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02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Dense Block
𝑯𝒍(-): 

BN  ReLU  3x3 conv

⋱

⋱

⋱

⋱

⋱

⋱

Not viable when size of feature maps changes
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DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Simple DenseNet

Convolution : 7 x 7 conv

Dense Block : 3 x 3 conv

(1)

Transition Layer : 1 x 1 conv

(1) 2 x 2 average pool

Dense Block : 3 x 3 conv

(2)

Classification

Layer

: global average pool

2D fully-connected, softmax

x 2

x 3

Input

7 x 7 conv

3 x 3 conv

3 x 3 conv

1 x 1 conv

2 x 2 avg pool

3 x 3 conv

3 x 3 conv

3 x 3 conv

GAP

Fully connected

x

x

x

Dense Block

(1)

x

x

x

x

Dense Block

(2)

Transition Layer

(1)



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Simple DenseNet

Convolution : 7 x 7 conv

Dense Block : 3 x 3 conv

(1)

Transition Layer : 1 x 1 conv

(1) 2 x 2 average pool

Dense Block : 3 x 3 conv

(2)

Classification

Layer

: global average pool

2D fully-connected, softmax

x 2

x 3

Input

7 x 7 conv

3 x 3 conv

3 x 3 conv

1 x 1 conv

2 x 2 avg pool

3 x 3 conv

3 x 3 conv

3 x 3 conv

GAP

Fully connected

x

x

x

Dense Block

(1)

x

x

x

x

Dense Block

(2)

x
Transition Layer

(1)



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Input

32, 7 x 7 conv

64, 3 x 3 conv

128, 3 x 3 conv

32, 1 x 1 conv

2 x 2 avg pool

64, 3 x 3 conv

128, 3 x 3 conv

256, 3 x 3 conv

GAP

Fully connected

x

x

x

Dense Block

(1)

x

x

x

x

Dense Block

(2)

Input    : (128x128x3)

Input    : (128x128x3)

Output : (128x128x32)

Input    : (128x128x32)

Output : (128x128x64)

Input    : (128x128x32), (128x128x64) = (128x128x96)

Output : (128x128x128)

Input    : (128x128x32), (128x128x64), (128x128x128) = (128x128x224)

Output : (128x128x32)

Input    : (128x128x32)

Output : (64x64x32)

Input    : (64x64x32)

Output : (64x64x64)

Input    : (64x64x32), (64x64x64)

Output : (64x64x128)

Input    : (64x64x32), (64x64x64), (64x64x128) = (64x64x224)

Output : (64x64x256)

Input    : (64x64x32), (64x64x64), (64x64x128), (64x64x256) = (64x64x480) 

Output : (480)

Input    : (480)

Output : (2)

Transition Layer

(1)
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DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Input

32, 7 x 7 conv

64, 3 x 3 conv

128, 3 x 3 conv

32, 1 x 1 conv

2 x 2 avg pool

64, 3 x 3 conv

128, 3 x 3 conv

256, 3 x 3 conv

GAP

Fully connected

x

x

x

Dense Block

(1)

x

x

x

x

Dense Block

(2)

Input    : (128x128x3)

Input    : (128x128x3)

Output : (128x128x32)

Input    : (128x128x32)

Output : (128x128x64)

Input    : (128x128x32), (128x128x64) = (128x128x96)

Output : (128x128x128)

Input    : (128x128x32), (128x128x64), (128x128x128) = (128x128x224)

Output : (128x128x32)

Input    : (128x128x32)

Output : (64x64x32)

Input    : (64x64x32)

Output : (64x64x64)

Input    : (64x64x32), (64x64x64) = (64x64x96)

Output : (64x64x128)

Input    : (64x64x32), (64x64x64), (64x64x128) = (64x64x224)

Output : (64x64x256)

Input    : (64x64x32), (64x64x64), (64x64x128), (64x64x256) = (64x64x480) 

Output : (480)

Input    : (480)

Output : (2)

Transition Layer

(1)



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Simple DenseNet

Convolution : 7 x 7 conv

Dense Block : 1 x 1 conv

(1) 3 x 3 conv

Transition Layer : 1 x 1 conv

(1) 2 x 2 average pool

Dense Block : 1 x 1 conv

(2) 3 x 3 conv

Classification

Layer

: global average pool

2D fully-connected, softmax

x 2

x 3

Bottleneck layer

Input

Initial conv

1 x 1 conv

3 x 3 conv

1 x 1 conv

3 x 3 conv

1 x 1 conv

2 x 2 avg pool

1 x 1 conv

3 x 3 conv

1 x 1 conv

3 x 3 conv

1 x 1 conv

3 x 3 conv

GAP

Fully connected

x

x

x

x

x

x

x

Dense Block

(1)

Dense Block

(2)

Transition Layer

(1)
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DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

K : Growth Rate

(Hyperparameter)

𝑯𝒍(-): 

BN  ReLU  3x3 conv

𝑯𝒍’(-):

BN  ReLU  1x1 conv  BN  ReLU  3x3 conv

DenseNet can have very narrow layers

Computational efficiency
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DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Simple DenseNet

Convolution : 7 x 7 conv

Dense Block : 1 x 1 conv

(1) 3 x 3 conv

Transition Layer : 1 x 1 conv

(1) 2 x 2 average pool

Dense Block : 1 x 1 conv

(2) 3 x 3 conv

Classification

Layer

: global average pool

2D fully-connected, softmax

x 2

x 3

Bottleneck layer

Input

A, Initial conv

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

1 x 1 conv

2 x 2 avg pool

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

GAP

Fully connected

x

x

x

x

x

x

x

Dense Block

(1)

Dense Block

(2)

Transition Layer

(1)
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DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Simple DenseNet

Convolution : 7 x 7 conv

Dense Block : 1 x 1 conv

(1) 3 x 3 conv

Transition Layer : 1 x 1 conv

(1) 2 x 2 average pool

Dense Block : 1 x 1 conv

(2) 3 x 3 conv

Classification

Layer

: global average pool

2D fully-connected, softmax

x 2

x 3

Input

A, Initial conv

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

(A+2K) x θ ,1 x 1 conv

2 x 2 avg pool

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

GAP

Fully connected

x

x

x

x

x

x

x

Dense Block

(1)

Dense Block

(2)

Bottleneck layer

Transition Layer

(1)
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DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Simple DenseNet

Convolution : 7 x 7 conv

Dense Block : 1 x 1 conv

(1) 3 x 3 conv

Transition Layer : 1 x 1 conv

(1) 2 x 2 average pool

Dense Block : 1 x 1 conv

(2) 3 x 3 conv

Classification

Layer

: global average pool

2D fully-connected, softmax

x 2

x 3

Input

A, Initial conv

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

(A+2K) x θ ,1 x 1 conv

2 x 2 avg pool

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

4K, 1 x 1 conv

K, 3 x 3 conv

GAP

Fully connected

x

x

x

x

x

x

x

Dense Block

(1)

Dense Block

(2)

Bottleneck layer

Transition Layer

(1)

Compression θ

(θ = 0.5)



02 Densely Connected Convolutional Networks

DenseNet [Huang et al, 2016]

Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

CIFAR-10  : Training : 50,000, Testing: 10,000, Class : 10

CIFAR-100 : Training : 50,000, Testing: 10,000, Class : 100

CIFAR-10+ : CIFAR-10 + Mirroring/Shifting (Data augmentation)

CIFAR-100+ : CIFAR-100 + Mirroring/Shifting (Data augmentation)

SVHN(Street View House Numbers) : Training : 73,257, Testing : 26,032
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Best Paper in CVPR 2017

Gao Huang*, Zhuang Liu*, Laurens van der Maaten and Kilian Weinberger. 2017. “Densely Connected Convolutional Network”. arXiv:1608.06993

Data augmentation

Random crops

이미지를 랜덤하게 잘라서 샘플링에 사용하는 방식
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* FLOPs(floating-point operations per second)

컴퓨터의연산속도를나타내는단위
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