
Convolutional Neural 
Network Architectures

Presenter: Wei Li

Advisor: I-Chen Wu



Outline

• Reference 

• LeNet-5

• AlexNet

• ZFNet

• Network in Network

• VGG Network

• GoogLeNet

• Residual Network

• Wide Residual Network

• ResNeXt

• DenseNet

• Dual Path Network

• Squeeze-and-Excitation Networks

• Summary of CNN architectures

2



Reference 

• LeNet-5

• Gradient-Based Learning Applied to Document Recognition

• The first successful applications of Convolutional Networks 

• Developed by Yann LeCun in 1998.

• AlexNet & ZFNet

• ImageNet Classification with Deep Convolutional Neural Networks

• The first work that popularized Convolutional Networks in Computer Vision.

• ImageNet ILSVRC challenge 2012 champion 

• Visualizing and Understanding Convolutional Networks

• An improvement on AlexNet by tweaking the architecture hyperparameters

• ImageNet ILSVRC challenge 2013 champion 
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http://yann.lecun.com/exdb/lenet/
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks
https://arxiv.org/abs/1311.2901


Reference(cont.)

• Network in Network [arXiv:1312.4400v3]

• Network In Network

• 1x1 convolution

• Global average pooling

• VGG Network [arXiv:1409.1556v6]

• Very Deep Convolutional Networks for Large-Scale Image Recognition

• University of Oxford -- Visual Geometry Group

• The first and the second places in ImageNet ILSVRC challenge 2014 localization and 
classification tasks
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https://arxiv.org/abs/1312.4400v3
https://arxiv.org/abs/1409.1556


Reference(cont.)

• GoogLeNet

• [v1] Going Deeper with Convolutions [arXiv:1409.4842]

• The first places in ImageNet ILSVRC challenge 2014 classification tasks 

• Efficient “Inception” module

• There are also several follow-up versions to the GoogLeNet:

• [v2] Batch Normalization: Accelerating Deep Network Training by Reducing 
Internal Covariate Shift [arXiv:1502.03167v3]

• [v3] Rethinking the Inception Architecture for Computer Vision [arXiv:1512.00567] 

• [v4] Inception-v4, Inception-ResNet and the Impact of Residual Connections on 
Learning [arXiv:1602.07261v2]
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https://arxiv.org/abs/1409.4842
Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift
https://arxiv.org/abs/1512.00567v3
https://arxiv.org/abs/1602.07261v2


Reference(cont.)

• Residual Network
• Deep Residual Learning for Image Recognition [arXiv:1512.03385]

• CVPR 2016 Best Paper Award

• MSRA:  Kaiming He 何恺明(FAIR now)

• Faster R-CNN

• Mask R-CNN

• 1st places in all five main tracks:

• ImageNet Classification:       “Ultra-deep”152-layer nets

• ImageNet Detection:              16% better than 2nd

• ImageNet Localization:          27% better than 2nd

• COCO Detection:              11% better than 2nd

• COCO Segmentation:        12% better than 2nd

• Identity Mappings in Deep Residual Networks [arXiv:1603.05027v3]

6

Deep Residual Learning for Image Recognition
http://kaiminghe.com/
https://arxiv.org/abs/1603.05027v3


Reference(cont.)

• Wide Residual Network
• Wide Residual Networks [arXiv:1605.07146v4]

• Sergey Zagoruyko

• ResNeXt
• Aggregated Residual Transformations for Deep Neural Networks [arXiv:1611.05431]

• Also from creators of ResNet

• Increases width of residual block through multiple parallel pathways (“cardinality”)

• Parallel pathways similar in spirit to Inception module 

• DenseNet
• Densely Connected Convolutional Networks [arXiv:1608.06993v4]

• CVPR 2017 Best Paper Award

• Dense blocks where each layer is connected to every other layer in feedforward fashion
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https://arxiv.org/abs/1605.07146v4
https://arxiv.org/abs/1611.05431v2
https://arxiv.org/abs/1608.06993v4


Reference(cont.)

• Dual Path Network

• Dual Path Networks [arXiv:1707.01629]

• The first places in ImageNet ILSVRC challenge 2017 object localization tasks 

• Qihoo 360 and National University of Singapore

• SENet

• Squeeze-and-Excitation Networks [arXiv:1709.01507]

• The first places in ImageNet ILSVRC challenge 2017 classification tasks 

• Momenta and University of Oxford.
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https://arxiv.org/abs/1707.01629v2
https://arxiv.org/abs/1709.01507
https://momenta.ai/
http://www.robots.ox.ac.uk/~vgg/


Basic Networks
• LeNet-5

• AlexNet & ZFNet

• Network in Network
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LeNet-5

• The first successful applications of Convolutional Networks (by LeCun in 1998)

• Handwritten and machine-printed character recognition.

• No GPU 

• NVIDIA STG-2000X(1994) 1MB memory

• RIVA 128ZX (1998) 8MB memory
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AlexNet
• First use of ReLU

• Used Norm layers(not common anymore)

• Data augmentation / Dropout / Weight Decay

• Used GPU to train

• Trained on GTX 580(3 GB memory)

• Networks spread across 2 GPUs, half the neurons(feature maps) on each GPU

• ImageNet ILSVRC challenge 2012 champion 
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AlexNet(cont.)
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Input

11x11 conv,96

5x5 conv,256

pool

3x3 conv,384

pool

3x3 conv,384

3x3 conv,256

pool

FC 4096

FC 4096

FC 1000

Softmax



Network in Network

• Used Mlpconv layers instead of traditional conv layers

• Removed all of the fully-connected layer, used global average pooling
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Mlpconv

Pooling  

Mlpconv

Pooling  

Mlpconv

Global avg pooling  



Network in Network(cont.)

• Mlpconv layer
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Network in Network(cont.)

• Global average pooling

Fully-connected 

256x1

flatten

4x1

Fully-connected layers Global average pooling

averaging
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8x8x48x8x4



VGG and GoogLeNet
• VGG Networks

• GoogLeNet
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VGG Network

deeper

8 layers (AlexNet) → 19 layers (VGGNet)

11x11(5x5,3x3) conv → 3x3 conv 

11.7% top 5 error in ILSVRC’13(ZFNet) 

→ 7.3% top 5 error in ILSVRC’14 

Why use smaller filters? (3x3 conv) 

1. Stack of three 3x3 conv (stride 1) layers has same 

effective receptive field as one 7x7 conv layer

2. But the network is deeper and more non-linearity

3. And fewer parameter:

𝟑 ∗ (𝑪 ∗ 𝟑 ∗ 𝟑 ∗ 𝑪 ) vs. 𝑪 ∗ 𝟕 ∗ 𝟕 ∗ 𝑪
𝟐𝟕𝑪𝟐 vs. 𝟒𝟗𝑪𝟐

17



VGG Network(cont.)
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GoogLeNet

• Efficient “Inception” module 

• No FC layers 

• 12x less params than AlexNet

• ILSVRC’14 classification winner (6.7% top 5 error)
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GoogLeNet(cont.)
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• Inception  module 
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Residual Network and Variants
• Residual Network (Identity Mapping)

• Wide Residual Network

• ResNeXt
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Residual Network

• MSRA - Kaiming He

• 152-layer model for ImageNet

• ILSVRC’15 classification winner (3.57% top 5 error) 

• Swept all classification and detection competitions 

in ILSVRC’15 and COCO’15

Full ResNet Architecture:

• Stack residual blocks

• Every residual block has two 3x3 conv layers

• Periodically, double # of filters and downsample

spatially using stride 2 (/2 in each dimension)

• Additional conv layer at the beginning

• No FC layers at the end (only FC 1000 to outputclasses)
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Residual Network(cont.)

• Simply stacking layers
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Residual Network(cont.)

• Simply stacking layers
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“We hypothesize that it is easier to optimize the residual mapping than to 

optimize the original, unreferenced mapping”——authors 

assume 𝒙 = 𝟐. 𝟗, 

after one “plain” layers(or Residual block). 𝑯𝟏 𝒙 = 𝟑. 𝟎, 𝑭𝟏 𝒙 = 𝟎. 𝟏
after another “plain” layers(or Residual block). 𝑯2 𝒙 = 𝟑. 𝟏, 𝑭𝟐 𝒙 = 𝟎. 𝟐

Plain layer:  

Residual block:

𝚫 =
𝟑. 𝟏 − 𝟑. 𝟎

𝟑. 𝟎
= 𝟑. 𝟑%

𝚫 =
𝟎.𝟐−𝟎.𝟏

𝟎.𝟏
= 𝟏𝟎𝟎%

𝐻 𝑥 = 𝐹 𝑥 + 𝑥

𝐻 𝑥 = 𝑔 𝑥

Need to learn 𝑭(.), but it’s easier to learn

Need to learn 𝒈(.)
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Residual Network(bottleneck)
Residual block:  2 layers (3-3)

Params:
𝟑 × 𝟑 × 𝟔𝟒 ∗ 𝟔𝟒
+ 𝟑 × 𝟑 × 𝟔𝟒 ∗ 𝟔𝟒
= 𝟕𝟑𝑲

Bottleneck:      3 layers (1-3-1)

Params:

𝟏 × 𝟏 × 𝟔𝟒 ∗ 𝟔𝟒
+ 𝟑 × 𝟑 × 𝟔𝟒 ∗ 𝟔𝟒
+ 𝟏 × 𝟏 × 𝟔𝟒 ∗ 𝟐𝟓𝟔
+ 𝟏 × 𝟏 × 𝟔𝟒 ∗ 𝟐𝟓𝟔
= 𝟕𝟑𝑲 both designs have similar time complexity
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Residual Network(Architectures for ImageNet)

29



Residual Network(Identity Mappings)

• Residual Network

• Deep Residual Learning for Image Recognition [arXiv:1512.03385]

• Identity Mappings in Deep Residual Networks [arXiv:1603.05027v3]

Convolution ReLUBN Convolution ReLUBN +

ReLUBN Convolution BN +ReLU Convolution

original

full pre-activation
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Deep Residual Learning for Image Recognition
https://arxiv.org/abs/1603.05027v3


Residual Network(Identity Mappings)
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Wide Residual Network
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ResNeXt

ResNet ResNeXt
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ResNeXt(cont.)

• Cardinality 

• Parallel pathways similar in spirit to Inception module 
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ResNeXt(cont.)
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Other advanced Networks
• Densely Connected Convolutional Networks(DenseNet)

• Dual Path Networks(DPN)

• Squeeze-and-Excitation Networks(SENet)
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DenseNet
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DenseNet(cont.)

• Denseblock

• Transition layer 
• BN-ReLU-1x1conv-ave pooling

• Bottleneck layers
• BN-ReLU-Conv(1x1)-BN-ReLU-Conv(3x3)

• Called DenseNet-B

• Compression
• If a dense block contains 𝒎 feature-maps, we let the following transition layer 

generate 𝜽 ∗ 𝒎 output feature maps. (0 < 𝜃 ≤ 1)
• Called DenseNet-C

• DenseNet-BC
• Used bottleneck layer and compression
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• DenseNet architectures for ImageNet.
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DenseNet(cont.)
• Depth=40, Growthrate=12,  Bottleneck=True, Compression =0.5

• CONV = BN-ReLU-conv

Input：(32,32,3)                      

conv(24,3,3)                                                                                                                     (32,32,24) 

(The first dense block)

CONV(48,1,1)-CONV(12,3,3)-merge(36)           % after merge, nb_filter=24+12=36

CONV(48,1,1)-CONV(12,3,3)-merge(48)           % after merge, nb_filter=36+12=48

CONV(48,1,1)-CONV(12,3,3)-merge(60)

CONV(48,1,1)-CONV(12,3,3)-merge(72)

CONV(48,1,1)-CONV(12,3,3)-merge(84)

CONV(48,1,1)-CONV(12,3,3)-merge(96)          % we have 6 layers in this block, so the output nb_filter=24+72=96  (32,32,96)

(The first Transition layer)

CONV(48,1,1)                                                      % nb_filter=nb_filter*compression=96*0.5=48

AveragePool(2,2,(2,2))                                         % pool_size=2,2  strides=(2,2)                                                             (16,16,48)
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• Error rates (%) on CIFAR and SVHN datasets.

41



Dual Path Network

• The first places in ImageNet ILSVRC challenge 2017 object localization tasks 

• ResNet + DenseNet
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• DPN architectures for ImageNet.
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Squeeze-and-Excitation Networks(SENet)

• The first places in ImageNet ILSVRC challenge 2017 classification tasks
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Squeeze-and-Excitation Networks(cont.)
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• SENet architectures for ImageNet.

47



• Error rates (%) on ImageNet datasets.
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Summary of CNN architectures
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Summary of CNN architectures(cont.)

LeNet - 1998

ReLU

Dropout

AlexNet - 2012 

ZFNet - 2013

VggNet

2014

NiN - 2014

Deeper

Global pooling

GoogLeNet

[v1-v4] 2014 - 2016

ResNet - 2015

WideResNet

ResNeXt

DenseNet 

Dual Path Networks 

Batch normalization 

Residual block

1x1 conv

Squeeze-and-Excitation Net

2016 

2017 

Deeper
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Thank you!
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Results of my implementation 

• About ResNeXt & DenseNet
• Because I don't have enough machines to train the larger networks.

So I only trained the smallest network described in the paper.

You can see the results in liuzhuang13/DenseNet and prlz77/ResNeXt.pytorch 52

https://github.com/liuzhuang13/DenseNet
https://github.com/prlz77/ResNeXt.pytorch


Training Tricks

• Pre-Processing

• Data Augmentation

• Regularizations

• Initializations

• Fine-tune
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Pre-Processing
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Data Augmentation
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Regularizations

• L1 regularization

• L2 regularization (Weight Decay)

• Dropout
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Initializations
• Random Normal/Uniform

• He’s Weight Initial (Kai-Ming He)

• Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet 
Classification  [arXiv:1502.01852]

Test accuracy of my Vgg19 on cifar-10 dataset
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Fine-tune
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Other materials 

• CS231n Lecture 5: Convolutional Neural Networks

• CS231n Lecture 9: CNN Architectures

• Deep Learning Gets Way Deeper

• ICML 2016 tutorial (Kai-Ming He)

• Learning Deep Features for Visual Recognition

• CVPR 2017 tutorial (Kai-Ming He) 

• Must Know Tips/Tricks in Deep Neural Networks

• LAMDA Group (Xiu-Shen Wei)
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http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture5.pdf
http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture9.pdf
http://icml.cc/2016/tutorials/icml2016_tutorial_deep_residual_networks_kaiminghe.pdf
http://kaiminghe.com/cvpr17tutorial/cvpr2017_tutorial_kaiminghe.pdf
http://lamda.nju.edu.cn/weixs/project/CNNTricks/CNNTricks.html
http://lamda.nju.edu.cn/weixs/

