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1. Padding (control output size in addition to stride)

2. Spatial Dropout and BatchNorm

3. Common architectures

3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections

4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers

6. Transfer learning

Lecture Overview



Sebastian Raschka           STAT 453: Intro to Deep Learning          3

1. Padding 
2. Spatial Dropout and BatchNorm

3. Common architectures

3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections

4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers

6. Transfer learning

Controlling output size in addition to stride
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<latexit sha1_base64="1+3PcismmoemfcI0obtP4BHnYWc=">AAACGHicbVBNS8NAEN3Ur1q/qh69LBZBKNakCnoRil48VrAf0JSy2W7apZts2J0IJeRnePGvePGgiNfe/Ddu2xy09cHA470ZZuZ5keAabPvbyq2srq1v5DcLW9s7u3vF/YOmlrGirEGlkKrtEc0ED1kDOAjWjhQjgSdYyxvdTf3WE1Oay/ARxhHrBmQQcp9TAkbqFc/ljSuYD67whZTK9RWhCS9XcXQ2ShOduooPhuCqmVvGTq9Ysiv2DHiZOBkpoQz1XnHi9iWNAxYCFUTrjmNH0E2IAk4FSwturFlE6IgMWMfQkARMd5PZYyk+MUof+1KZCgHP1N8TCQm0Hgee6QwIDPWiNxX/8zox+NfdhIdRDCyk80V+LDBIPE0J97liFMTYEEIVN7diOiQmGzBZFkwIzuLLy6RZrTgXlerDZal2m8WRR0foGJ0iB12hGrpHddRAFD2jV/SOPqwX6836tL7mrTkrmzlEf2BNfgDz2aBR</latexit>

"floor" function

output size input size padding pixels per side

kernel size

stride
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No padding, stride=1

output

input

padding=2, stride=1

No padding, stride=2

(4 - 3 + 2*0)/1 + 1 = 2

(5 - 4 + 2*2)/1 + 1 = 6

(5 - 3 + 2*0)/2 + 1 = 2

Dumoulin, Vincent, and Francesco Visin. "A guide to 
convolution arithmetic for deep learning." arXiv preprint 
arXiv:1603.07285 (2016).

Highly recommended:

https://arxiv.org/abs/1603.07285
https://arxiv.org/abs/1603.07285
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Padding Jargon

"valid" convolution: no padding (feature map may shrink)

"same" convolution: padding such that the output size  
is equal to the input size

Common kernel size conventions: 
3x3, 5x5, 7x7 (sometimes 1x1 in later layers to reduce channels)
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Assume you want to use a convolutional operation with  
stride 1 and maintain the input dimensions in the output feature map:

o = i+ 2p� k + 1
<latexit sha1_base64="KScMiOYK5Huk0js+ek4SjQbMhXY=">AAAB+nicbVDLSgMxFL3js9bXVJdugkUQxDJTBd0IRTcuK9gHtEPJpJk2NJMMSUYptZ/ixoUibv0Sd/6NaTsLbT1wuYdz7iU3J0w408bzvp2l5ZXVtfXcRn5za3tn1y3s1bVMFaE1IrlUzRBrypmgNcMMp81EURyHnDbCwc3EbzxQpZkU92aY0CDGPcEiRrCxUsctSHSFGDpB5QSdDmz3O27RK3lToEXiZ6QIGaod96vdlSSNqTCEY61bvpeYYISVYYTTcb6dappgMsA92rJU4JjqYDQ9fYyOrNJFkVS2hEFT9ffGCMdaD+PQTsbY9PW8NxH/81qpiS6DERNJaqggs4eilCMj0SQH1GWKEsOHlmCimL0VkT5WmBibVt6G4M9/eZHUyyX/rFS+Oy9WrrM4cnAAh3AMPlxABW6hCjUg8AjP8ApvzpPz4rw7H7PRJSfb2Yc/cD5/ALi9kQ8=</latexit>

, p = (o� i+ k � 1)/2
<latexit sha1_base64="626xz0vjLoBFOjFRhY1RQUsbPLE=">AAACCHicbVA9SwNBEN2LXzF+nVpauBiEiCTeRUEbIWhjYRHBfEASwt5mL1myd3vszikhpLTxr9hYKGLrT7Dz37hJrtDog4HHezPMzPMiwTU4zpeVmptfWFxKL2dWVtfWN+zNraqWsaKsQqWQqu4RzQQPWQU4CFaPFCOBJ1jN61+O/dodU5rL8BYGEWsFpBtyn1MCRmrbu81r5oPi3R4QpeQ9jvA5zsk8P+zn3YOjYtvOOgVnAvyXuAnJogTltv3Z7EgaBywEKojWDdeJoDUkCjgVbJRpxppFhPZJlzUMDUnAdGs4eWSE943Swb5UpkLAE/XnxJAEWg8Cz3QGBHp61huL/3mNGPyz1pCHUQwspNNFfiwwSDxOBXe4YhTEwBBCFTe3YtojilAw2WVMCO7sy39JtVhwjwvFm5Ns6SKJI4120B7KIRedohK6QmVUQRQ9oCf0gl6tR+vZerPep60pK5nZRr9gfXwDrzeXzQ==</latexit>

, p = (k � 1)/2
<latexit sha1_base64="d58aLPAYf749hHhkSP5OGRKTYVc=">AAACBHicbVA9SwNBEN2LXzF+nVqmWQxCLIx3UdBGCNpYWEQwH5AcYW+zlyzZuz1255QQUtj4V2wsFLH1R9j5b9wkV2j0wcDjvRlm5vmx4Boc58vKLCwuLa9kV3Nr6xubW/b2Tl3LRFFWo1JI1fSJZoJHrAYcBGvGipHQF6zhDy4nfuOOKc1ldAvDmHkh6UU84JSAkTp2vn3NAlC81weilLzHMT7HxcGhe3BU7tgFp+RMgf8SNyUFlKLasT/bXUmTkEVABdG65ToxeCOigFPBxrl2ollM6ID0WMvQiIRMe6PpE2O8b5QuDqQyFQGeqj8nRiTUehj6pjMk0Nfz3kT8z2slEJx5Ix7FCbCIzhYFicAg8SQR3OWKURBDQwhV3NyKaZ8oQsHkljMhuPMv/yX1csk9LpVvTgqVizSOLMqjPVRELjpFFXSFqqiGKHpAT+gFvVqP1rP1Zr3PWjNWOrOLfsH6+AYmrZZ1</latexit>

How much padding do you need for "same" convolution?
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, p = (k � 1)/2
<latexit sha1_base64="d58aLPAYf749hHhkSP5OGRKTYVc=">AAACBHicbVA9SwNBEN2LXzF+nVqmWQxCLIx3UdBGCNpYWEQwH5AcYW+zlyzZuz1255QQUtj4V2wsFLH1R9j5b9wkV2j0wcDjvRlm5vmx4Boc58vKLCwuLa9kV3Nr6xubW/b2Tl3LRFFWo1JI1fSJZoJHrAYcBGvGipHQF6zhDy4nfuOOKc1ldAvDmHkh6UU84JSAkTp2vn3NAlC81weilLzHMT7HxcGhe3BU7tgFp+RMgf8SNyUFlKLasT/bXUmTkEVABdG65ToxeCOigFPBxrl2ollM6ID0WMvQiIRMe6PpE2O8b5QuDqQyFQGeqj8nRiTUehj6pjMk0Nfz3kT8z2slEJx5Ix7FCbCIzhYFicAg8SQR3OWKURBDQwhV3NyKaZ8oQsHkljMhuPMv/yX1csk9LpVvTgqVizSOLMqjPVRELjpFFXSFqqiGKHpAT+gFvVqP1rP1Zr3PWjNWOrOLfsH6+AYmrZZ1</latexit>

Probably explains why common kernel size conventions are  
3x3, 5x5, 7x7 (sometimes 1x1 in later layers to reduce channels)
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1. Padding 

2. Spatial Dropout and BatchNorm
3. Common architectures

3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections

4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers

6. Transfer learning

Familiar Concepts Now in 2D
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Spatial Dropout -- Dropout2D

• Problem with regular dropout and CNNs: 
Adjacent pixels are likely highly correlated  
(thus, may not help with reducing the  
"dependency" much as originally intended by  
dropout) 

• Hence, it may be better to drop entire feature maps

Idea comes from
Tompson, Jonathan, Ross Goroshin, Arjun Jain, Yann LeCun, and Christoph Bregler.  
"Efficient object localization using convolutional networks." In Proceedings of the IEEE Conference on Computer Vision 
and Pattern Recognition, pp. 648-656. 2015.

https://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Tompson_Efficient_Object_Localization_2015_CVPR_paper.html
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Spatial Dropout -- Dropout2D
• Dropout2d will drop full feature maps (channels)
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BatchNorm 2D

Source: https://pytorch.org/docs/stable/nn.html

https://pytorch.org/docs/stable/nn.html
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BatchNorm 2D

Source: https://pytorch.org/docs/stable/nn.html

Inputs are rank-2 tensors: [N, num_features)

Inputs are rank-4 tensors: [N, C, H, W]

In BatchNorm2d, the mean and standard deviation are computed 
for N*H*W, i.e., over the channel dimension

https://pytorch.org/docs/stable/nn.html
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BatchNorm 2D
In BatchNorm2d, the mean and standard deviation are computed for N*H*W, i.e., over the channel 
dimension
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1. Padding 

2. Spatial Dropout and BatchNorm

3. Common architectures
3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections

4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers

6. Transfer learning

Common Architectures Revisited
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Canziani, A., Paszke, A., & Culurciello, E. (2016). An analysis of deep neural network models for practical 
applications. arXiv preprint arXiv:1605.07678.Figure 1: Top1 vs. network. Single-crop top-1 vali-

dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
networks of the same group share the same hue, for
example ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size / parameters.

Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network pa-
rameters; a legend is reported in the bottom right cor-
ner, spanning from 5⇥10

6 to 155⇥10
6 params. Both

these figures share the same y-axis, and the grey dots
highlight the centre of the blobs.

single run of VGG-161 (Simonyan & Zisserman, 2014) and GoogLeNet (Szegedy et al., 2014) are
8.70% and 10.07% respectively, revealing that VGG-16 performs better than GoogLeNet. When
models are run with 10-crop sampling,2 then the errors become 9.33% and 9.15% respectively, and
therefore VGG-16 will perform worse than GoogLeNet, using a single central-crop. For this reason,
we decided to base our analysis on re-evaluations of top-1 accuracies3 for all networks with a single
central-crop sampling technique (Zagoruyko, 2016).

For inference time and memory usage measurements we have used Torch7 (Collobert et al., 2011)
with cuDNN-v5 (Chetlur et al., 2014) and CUDA-v8 back-end. All experiments were conducted on
a JetPack-2.3 NVIDIA Jetson TX1 board (nVIDIA): an embedded visual computing system with
a 64-bit ARM R� A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4 GB LPDDR4
of shared RAM. We use this resource-limited device to better underline the differences between
network architecture, but similar results can be obtained on most recent GPUs, such as the NVIDIA
K40 or Titan X, to name a few. Operation counts were obtained using an open-source tool that we
developed (Paszke, 2016). For measuring the power consumption, a Keysight 1146B Hall effect
current probe has been used with a Keysight MSO-X 2024A 200MHz digital oscilloscope with a
sampling period of 2 s and 50 kSa/s sample rate. The system was powered by a Keysight E3645A
GPIB controlled DC power supply.

3 RESULTS

In this section we report our results and comparisons. We analysed the following DDNs: AlexNet
(Krizhevsky et al., 2012), batch normalised AlexNet (Zagoruyko, 2016), batch normalised Network
In Network (NIN) (Lin et al., 2013), ENet (Paszke et al., 2016) for ImageNet (Culurciello, 2016),
GoogLeNet (Szegedy et al., 2014), VGG-16 and -19 (Simonyan & Zisserman, 2014), ResNet-18,
-34, -50, -101 and -152 (He et al., 2015), Inception-v3 (Szegedy et al., 2015) and Inception-v4
(Szegedy et al., 2016) since they obtained the highest performance, in these four years, on the
ImageNet (Russakovsky et al., 2015) challenge.

1 In the original paper this network is called VGG-D, which is the best performing network. Here we prefer
to highlight the number of layer utilised, so we will call it VGG-16 in this publication.

2 From a given image multiple patches are extracted: four corners plus central crop and their horizontal
mirrored twins.

3 Accuracy and error rate always sum to 100, therefore in this paper they are used interchangeably.

2

Common Architectures Revisited

We will discuss some additional common CNN architectures since  
the field evolved quite a bit since 2012 ...
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Canziani, A., Paszke, A., & Culurciello, E. (2016). An analysis of deep neural network models for practical 
applications. arXiv preprint arXiv:1605.07678.

Figure 1: Top1 vs. network. Single-crop top-1 vali-
dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
networks of the same group share the same hue, for
example ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size / parameters.

Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network pa-
rameters; a legend is reported in the bottom right cor-
ner, spanning from 5⇥10

6 to 155⇥10
6 params. Both

these figures share the same y-axis, and the grey dots
highlight the centre of the blobs.

single run of VGG-161 (Simonyan & Zisserman, 2014) and GoogLeNet (Szegedy et al., 2014) are
8.70% and 10.07% respectively, revealing that VGG-16 performs better than GoogLeNet. When
models are run with 10-crop sampling,2 then the errors become 9.33% and 9.15% respectively, and
therefore VGG-16 will perform worse than GoogLeNet, using a single central-crop. For this reason,
we decided to base our analysis on re-evaluations of top-1 accuracies3 for all networks with a single
central-crop sampling technique (Zagoruyko, 2016).

For inference time and memory usage measurements we have used Torch7 (Collobert et al., 2011)
with cuDNN-v5 (Chetlur et al., 2014) and CUDA-v8 back-end. All experiments were conducted on
a JetPack-2.3 NVIDIA Jetson TX1 board (nVIDIA): an embedded visual computing system with
a 64-bit ARM R� A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4 GB LPDDR4
of shared RAM. We use this resource-limited device to better underline the differences between
network architecture, but similar results can be obtained on most recent GPUs, such as the NVIDIA
K40 or Titan X, to name a few. Operation counts were obtained using an open-source tool that we
developed (Paszke, 2016). For measuring the power consumption, a Keysight 1146B Hall effect
current probe has been used with a Keysight MSO-X 2024A 200MHz digital oscilloscope with a
sampling period of 2 s and 50 kSa/s sample rate. The system was powered by a Keysight E3645A
GPIB controlled DC power supply.

3 RESULTS

In this section we report our results and comparisons. We analysed the following DDNs: AlexNet
(Krizhevsky et al., 2012), batch normalised AlexNet (Zagoruyko, 2016), batch normalised Network
In Network (NIN) (Lin et al., 2013), ENet (Paszke et al., 2016) for ImageNet (Culurciello, 2016),
GoogLeNet (Szegedy et al., 2014), VGG-16 and -19 (Simonyan & Zisserman, 2014), ResNet-18,
-34, -50, -101 and -152 (He et al., 2015), Inception-v3 (Szegedy et al., 2015) and Inception-v4
(Szegedy et al., 2016) since they obtained the highest performance, in these four years, on the
ImageNet (Russakovsky et al., 2015) challenge.

1 In the original paper this network is called VGG-D, which is the best performing network. Here we prefer
to highlight the number of layer utilised, so we will call it VGG-16 in this publication.

2 From a given image multiple patches are extracted: four corners plus central crop and their horizontal
mirrored twins.

3 Accuracy and error rate always sum to 100, therefore in this paper they are used interchangeably.

2

Common Architectures Revisited

number of 
model parameters
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1. Padding 

2. Spatial Dropout and BatchNorm

3. Common architectures

3.1   VGG16 (simple, deep CNN)
3.2   ResNet and skip connections

4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers

6. Transfer learning

Adding More Layers
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Common Architectures Revisited

Canziani, A., Paszke, A., & Culurciello, E. (2016). An analysis of deep neural network models for practical 
applications. arXiv preprint arXiv:1605.07678.

Figure 1: Top1 vs. network. Single-crop top-1 vali-
dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
networks of the same group share the same hue, for
example ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size / parameters.

Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network pa-
rameters; a legend is reported in the bottom right cor-
ner, spanning from 5⇥10

6 to 155⇥10
6 params. Both

these figures share the same y-axis, and the grey dots
highlight the centre of the blobs.

single run of VGG-161 (Simonyan & Zisserman, 2014) and GoogLeNet (Szegedy et al., 2014) are
8.70% and 10.07% respectively, revealing that VGG-16 performs better than GoogLeNet. When
models are run with 10-crop sampling,2 then the errors become 9.33% and 9.15% respectively, and
therefore VGG-16 will perform worse than GoogLeNet, using a single central-crop. For this reason,
we decided to base our analysis on re-evaluations of top-1 accuracies3 for all networks with a single
central-crop sampling technique (Zagoruyko, 2016).

For inference time and memory usage measurements we have used Torch7 (Collobert et al., 2011)
with cuDNN-v5 (Chetlur et al., 2014) and CUDA-v8 back-end. All experiments were conducted on
a JetPack-2.3 NVIDIA Jetson TX1 board (nVIDIA): an embedded visual computing system with
a 64-bit ARM R� A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4 GB LPDDR4
of shared RAM. We use this resource-limited device to better underline the differences between
network architecture, but similar results can be obtained on most recent GPUs, such as the NVIDIA
K40 or Titan X, to name a few. Operation counts were obtained using an open-source tool that we
developed (Paszke, 2016). For measuring the power consumption, a Keysight 1146B Hall effect
current probe has been used with a Keysight MSO-X 2024A 200MHz digital oscilloscope with a
sampling period of 2 s and 50 kSa/s sample rate. The system was powered by a Keysight E3645A
GPIB controlled DC power supply.

3 RESULTS

In this section we report our results and comparisons. We analysed the following DDNs: AlexNet
(Krizhevsky et al., 2012), batch normalised AlexNet (Zagoruyko, 2016), batch normalised Network
In Network (NIN) (Lin et al., 2013), ENet (Paszke et al., 2016) for ImageNet (Culurciello, 2016),
GoogLeNet (Szegedy et al., 2014), VGG-16 and -19 (Simonyan & Zisserman, 2014), ResNet-18,
-34, -50, -101 and -152 (He et al., 2015), Inception-v3 (Szegedy et al., 2015) and Inception-v4
(Szegedy et al., 2016) since they obtained the highest performance, in these four years, on the
ImageNet (Russakovsky et al., 2015) challenge.

1 In the original paper this network is called VGG-D, which is the best performing network. Here we prefer
to highlight the number of layer utilised, so we will call it VGG-16 in this publication.

2 From a given image multiple patches are extracted: four corners plus central crop and their horizontal
mirrored twins.

3 Accuracy and error rate always sum to 100, therefore in this paper they are used interchangeably.

2
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VGG-16

Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for 
large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).

Published as a conference paper at ICLR 2015

Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv〈receptive field size〉-〈number of channels〉”.
The ReLU activation function is not shown for brevity.

ConvNet Configuration
A A-LRN B C D E

11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers

input (224× 224 RGB image)
conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64

LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128 conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
conv3-128 conv3-128 conv3-128 conv3-128

maxpool
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256

conv1-256 conv3-256 conv3-256
conv3-256

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512

conv1-512 conv3-512 conv3-512
conv3-512

maxpool
FC-4096
FC-4096
FC-1000
soft-max

Table 2: Number of parameters (in millions).
Network A,A-LRN B C D E
Number of parameters 133 133 134 138 144

such layers have a 7 × 7 effective receptive field. So what have we gained by using, for instance, a
stack of three 3×3 conv. layers instead of a single 7×7 layer? First, we incorporate three non-linear
rectification layers instead of a single one, which makes the decision function more discriminative.
Second, we decrease the number of parameters: assuming that both the input and the output of a
three-layer 3× 3 convolution stack has C channels, the stack is parametrised by 3

(

32C2
)

= 27C2

weights; at the same time, a single 7 × 7 conv. layer would require 72C2 = 49C2 parameters, i.e.
81% more. This can be seen as imposing a regularisation on the 7× 7 conv. filters, forcing them to
have a decomposition through the 3× 3 filters (with non-linearity injected in between).

The incorporation of 1 × 1 conv. layers (configuration C, Table 1) is a way to increase the non-
linearity of the decision function without affecting the receptive fields of the conv. layers. Even
though in our case the 1× 1 convolution is essentially a linear projection onto the space of the same
dimensionality (the number of input and output channels is the same), an additional non-linearity is
introduced by the rectification function. It should be noted that 1×1 conv. layers have recently been
utilised in the “Network in Network” architecture of Lin et al. (2014).

Small-size convolution filters have been previously used by Ciresan et al. (2011), but their nets
are significantly less deep than ours, and they did not evaluate on the large-scale ILSVRC
dataset. Goodfellow et al. (2014) applied deep ConvNets (11 weight layers) to the task of
street number recognition, and showed that the increased depth led to better performance.
GoogLeNet (Szegedy et al., 2014), a top-performing entry of the ILSVRC-2014 classification task,
was developed independently of our work, but is similar in that it is based on very deep ConvNets

3

Advantages: 
very simple architecture,
3x3 convs, stride=1,  
"same" padding, 2x2 max pooling

Disadvantage: 
very large number of parameters 
and slow  
(see previous slide)

https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
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VGG-16

Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for 
large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).

Visualization from 
https://www.cs.toronto.edu/~frossard/post/vgg16/

https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
https://www.cs.toronto.edu/~frossard/post/vgg16/
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1. Padding 

2. Spatial Dropout and BatchNorm

3. Common architectures

3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections
4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers

6. Transfer learning

Can We Add More Layers? CNNs with a Simple Trick
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Common Architectures Revisited

Canziani, A., Paszke, A., & Culurciello, E. (2016). An analysis of deep neural network models for practical 
applications. arXiv preprint arXiv:1605.07678.

Figure 1: Top1 vs. network. Single-crop top-1 vali-
dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
networks of the same group share the same hue, for
example ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size / parameters.

Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network pa-
rameters; a legend is reported in the bottom right cor-
ner, spanning from 5⇥10

6 to 155⇥10
6 params. Both

these figures share the same y-axis, and the grey dots
highlight the centre of the blobs.

single run of VGG-161 (Simonyan & Zisserman, 2014) and GoogLeNet (Szegedy et al., 2014) are
8.70% and 10.07% respectively, revealing that VGG-16 performs better than GoogLeNet. When
models are run with 10-crop sampling,2 then the errors become 9.33% and 9.15% respectively, and
therefore VGG-16 will perform worse than GoogLeNet, using a single central-crop. For this reason,
we decided to base our analysis on re-evaluations of top-1 accuracies3 for all networks with a single
central-crop sampling technique (Zagoruyko, 2016).

For inference time and memory usage measurements we have used Torch7 (Collobert et al., 2011)
with cuDNN-v5 (Chetlur et al., 2014) and CUDA-v8 back-end. All experiments were conducted on
a JetPack-2.3 NVIDIA Jetson TX1 board (nVIDIA): an embedded visual computing system with
a 64-bit ARM R� A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4 GB LPDDR4
of shared RAM. We use this resource-limited device to better underline the differences between
network architecture, but similar results can be obtained on most recent GPUs, such as the NVIDIA
K40 or Titan X, to name a few. Operation counts were obtained using an open-source tool that we
developed (Paszke, 2016). For measuring the power consumption, a Keysight 1146B Hall effect
current probe has been used with a Keysight MSO-X 2024A 200MHz digital oscilloscope with a
sampling period of 2 s and 50 kSa/s sample rate. The system was powered by a Keysight E3645A
GPIB controlled DC power supply.

3 RESULTS

In this section we report our results and comparisons. We analysed the following DDNs: AlexNet
(Krizhevsky et al., 2012), batch normalised AlexNet (Zagoruyko, 2016), batch normalised Network
In Network (NIN) (Lin et al., 2013), ENet (Paszke et al., 2016) for ImageNet (Culurciello, 2016),
GoogLeNet (Szegedy et al., 2014), VGG-16 and -19 (Simonyan & Zisserman, 2014), ResNet-18,
-34, -50, -101 and -152 (He et al., 2015), Inception-v3 (Szegedy et al., 2015) and Inception-v4
(Szegedy et al., 2016) since they obtained the highest performance, in these four years, on the
ImageNet (Russakovsky et al., 2015) challenge.

1 In the original paper this network is called VGG-D, which is the best performing network. Here we prefer
to highlight the number of layer utilised, so we will call it VGG-16 in this publication.

2 From a given image multiple patches are extracted: four corners plus central crop and their horizontal
mirrored twins.

3 Accuracy and error rate always sum to 100, therefore in this paper they are used interchangeably.
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ResNets
He, Kaiming, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. "Deep residual learning for image recognition." 
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 770-778. 2016.

identity

weight layer

weight layer

relu

relu

F(x)�+�x

x

F(x)
x

Figure 2. Residual learning: a building block.

are comparably good or better than the constructed solution
(or unable to do so in feasible time).

In this paper, we address the degradation problem by
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
underlying mapping as H(x), we let the stacked nonlinear
layers fit another mapping of F(x) := H(x)−x. The orig-
inal mapping is recast into F(x)+x. We hypothesize that it
is easier to optimize the residual mapping than to optimize
the original, unreferenced mapping. To the extreme, if an
identity mapping were optimal, it would be easier to push
the residual to zero than to fit an identity mapping by a stack
of nonlinear layers.

The formulation of F(x)+x can be realized by feedfor-
ward neural networks with “shortcut connections” (Fig. 2).
Shortcut connections [2, 33, 48] are those skipping one or
more layers. In our case, the shortcut connections simply
perform identity mapping, and their outputs are added to
the outputs of the stacked layers (Fig. 2). Identity short-
cut connections add neither extra parameter nor computa-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[35] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
sults substantially better than previous networks.

Similar phenomena are also shown on the CIFAR-10 set
[20], suggesting that the optimization difficulties and the
effects of our method are not just akin to a particular dataset.
We present successfully trained models on this dataset with
over 100 layers, and explore models with over 1000 layers.

On the ImageNet classification dataset [35], we obtain
excellent results by extremely deep residual nets. Our 152-
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG
nets [40]. Our ensemble has 3.57% top-5 error on the

ImageNet test set, and won the 1st place in the ILSVRC

2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the

1st places on: ImageNet detection, ImageNet localization,

COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 47]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than encoding original vectors.

In low-level vision and computer graphics, for solv-
ing Partial Differential Equations (PDEs), the widely used
Multigrid method [3] reformulates the system as subprob-
lems at multiple scales, where each subproblem is respon-
sible for the residual solution between a coarser and a finer
scale. An alternative to Multigrid is hierarchical basis pre-
conditioning [44, 45], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 44, 45] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 33, 48] have been studied for a long
time. An early practice of training multi-layer perceptrons
(MLPs) is to add a linear layer connected from the network
input to the output [33, 48]. In [43, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [38, 37, 31, 46] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [43], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [41, 42]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-

2771

With their simple trick of allowing 
skip connections 
(the possibility to learn identity 
functions and skip layers that are  
not useful), ResNets allow us to 
to implement very, very deep  
architectures

http://openaccess.thecvf.com/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
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He, Kaiming, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. "Deep residual learning for image recognition." 
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 770-778. 2016.
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http://openaccess.thecvf.com/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
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ResNets

Convolution Batch Norm ReLU Convolution Batch Norm ReLUx +

shortcut

a(l+2) = �
�
z(l+2) + a(l)

�
<latexit sha1_base64="xaVAckoILm+t/okPmgZyRE9Yq78=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VoKdSkCroRim5cVrAPaGKZTCd16OTBzESoIZ/hxl9x40IRt935N07SINp6YOBwzrncuccJGRXSML60wtLyyupacb20sbm1vaPv7nVEEHFM2jhgAe85SBBGfdKWVDLSCzlBnsNI1xlfpX73gXBBA/9WTkJie2jkU5diJJU00I/RXVxhtUY1gRfQEnTkIcuho8rjj1yDWaSapHp1oJeNupEBLhIzJ2WQozXQp9YwwJFHfIkZEqJvGqG0Y8QlxYwkJSsSJER4jEakr6iPPCLsODssgUdKGUI34Or5Embq74kYeUJMPEclPSTvxbyXiv95/Ui653ZM/TCSxMezRW7EoAxg2hIcUk6wZBNFEOZU/RXie8QRlqrLkirBnD95kXQadfOk3rg5LTcv8zqK4AAcggowwRlogmvQAm2AwRN4AW/gXXvWXrUP7XMWLWj5zD74A236DVTEnXY=</latexit>

In general: 
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ResNets

Convolution Batch Norm ReLU Convolution Batch Norm ReLUx +

shortcut

a(l+2) = �
�
z(l+2) + a(l)

�
<latexit sha1_base64="xaVAckoILm+t/okPmgZyRE9Yq78=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VoKdSkCroRim5cVrAPaGKZTCd16OTBzESoIZ/hxl9x40IRt935N07SINp6YOBwzrncuccJGRXSML60wtLyyupacb20sbm1vaPv7nVEEHFM2jhgAe85SBBGfdKWVDLSCzlBnsNI1xlfpX73gXBBA/9WTkJie2jkU5diJJU00I/RXVxhtUY1gRfQEnTkIcuho8rjj1yDWaSapHp1oJeNupEBLhIzJ2WQozXQp9YwwJFHfIkZEqJvGqG0Y8QlxYwkJSsSJER4jEakr6iPPCLsODssgUdKGUI34Or5Embq74kYeUJMPEclPSTvxbyXiv95/Ui653ZM/TCSxMezRW7EoAxg2hIcUk6wZBNFEOZU/RXie8QRlqrLkirBnD95kXQadfOk3rg5LTcv8zqK4AAcggowwRlogmvQAm2AwRN4AW/gXXvWXrUP7XMWLWj5zD74A236DVTEnXY=</latexit>

= �
�
a(l+1)W (l+2) + b(l+2) + a(l)

�
<latexit sha1_base64="yxHJNH8tDff77iNrrorUMvyNV/U=">AAACJXicbZDLSsNAFIYn9VbrLerSzWARWgolqYIuFIpuXFawF2himUwn7dDJhZmJUEJexo2v4saFRQRXvoqTNIi2Hhj45j//Yeb8TsiokIbxqRVWVtfWN4qbpa3tnd09ff+gI4KIY9LGAQt4z0GCMOqTtqSSkV7ICfIcRrrO5Cbtdx8JFzTw7+U0JLaHRj51KUZSSQP98gpago48ZDl0VEEPcYXVzGoCuxk1FNWg88PqklmqSWqvDvSyUTeygstg5lAGebUG+swaBjjyiC8xQ0L0TSOUdoy4pJiRpGRFgoQIT9CI9BX6yCPCjrMtE3iilCF0A66OL2Gm/p6IkSfE1HOU00NyLBZ7qfhfrx9J98KOqR9Gkvh4/pAbMSgDmEYGh5QTLNlUAcKcqr9CPEYcYamCLakQzMWVl6HTqJun9cbdWbl5ncdRBEfgGFSACc5BE9yCFmgDDJ7AC3gDM+1Ze9XetY+5taDlM4fgT2lf3+w2oTE=</latexit>

If all weights and the bias are zero, then
= �

�
a(l)

�
= a(l)

<latexit sha1_base64="HMO9tsawTohd5TWLlhXwB7nPjt8=">AAACDXicbVDLSsNAFJ34rPUVdelmsArtpiRV0E2h6MZlBfuAJpbJdJIOnUnCzEQooT/gxl9x40IRt+7d+TdO2gjaemDg3HPu5c49XsyoVJb1ZSwtr6yurRc2iptb2zu75t5+W0aJwKSFIxaJrockYTQkLUUVI91YEMQ9Rjre6CrzO/dESBqFt2ocE5ejIKQ+xUhpqW8e16EjacCR49GgDNFdWmaVSVZUYP2n7Jslq2pNAReJnZMSyNHsm5/OIMIJJ6HCDEnZs61YuSkSimJGJkUnkSRGeIQC0tM0RJxIN51eM4EnWhlAPxL6hQpO1d8TKeJSjrmnOzlSQznvZeJ/Xi9R/oWb0jBOFAnxbJGfMKgimEUDB1QQrNhYE4QF1X+FeIgEwkoHWNQh2PMnL5J2rWqfVms3Z6XGZR5HARyCI1AGNjgHDXANmqAFMHgAT+AFvBqPxrPxZrzPWpeMfOYA/IHx8Q1XNpnT</latexit>

due to ReLU
(identity function)
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ResNets

Convolution Batch Norm ReLU Convolution Batch Norm ReLUx +

shortcut

a(l+2) = �
�
z(l+2) + a(l)

�
<latexit sha1_base64="xaVAckoILm+t/okPmgZyRE9Yq78=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VoKdSkCroRim5cVrAPaGKZTCd16OTBzESoIZ/hxl9x40IRt935N07SINp6YOBwzrncuccJGRXSML60wtLyyupacb20sbm1vaPv7nVEEHFM2jhgAe85SBBGfdKWVDLSCzlBnsNI1xlfpX73gXBBA/9WTkJie2jkU5diJJU00I/RXVxhtUY1gRfQEnTkIcuho8rjj1yDWaSapHp1oJeNupEBLhIzJ2WQozXQp9YwwJFHfIkZEqJvGqG0Y8QlxYwkJSsSJER4jEakr6iPPCLsODssgUdKGUI34Or5Embq74kYeUJMPEclPSTvxbyXiv95/Ui653ZM/TCSxMezRW7EoAxg2hIcUk6wZBNFEOZU/RXie8QRlqrLkirBnD95kXQadfOk3rg5LTcv8zqK4AAcggowwRlogmvQAm2AwRN4AW/gXXvWXrUP7XMWLWj5zD74A236DVTEnXY=</latexit>

We assume these have the same dimension  
(e.g., via "same" convolution)
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ResNets

Convolution Batch Norm ReLU Convolution Batch Norm ReLUx +

Convolution Batch Norm ReLU Convolution Batch Norm ReLUx +

Convolution Batch Norm

shortcut

shortcut

alternative residual blocks with skip connections such that the input passed 
via the shortcut is resized to dimensions of the main path's output
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1. Padding 

2. Spatial Dropout and BatchNorm

3. Common architectures

3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections

4. Replacing max-pooling with convolutional layers
5. Convolutional instead of fully connected layers

6. Transfer learning

Simplifying CNNs
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"All-Convolutional Network"
Springenberg, Jost Tobias, Alexey Dosovitskiy, Thomas Brox, and Martin Riedmiller. "Striving for simplicity: The all 
convolutional net." arXiv preprint arXiv:1412.6806 (2014).

Key Idea: Replace Maxpooling by strided convolutions  
(i.e., conv layers with stride=2)

We can think of "strided convolutions" as learnable pooling

https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1412.6806


Sebastian Raschka           STAT 453: Intro to Deep Learning          32

 

24 
 

Keeping the max activations in overlapping pools may have this effect: The strongest feature 

inside a broader neighborhood will be the only one kept it in the pooled output. This is 

typically desired for the CNN functionality, but it can also have a negative side effect because 

fine details in lower resolutions or entire rows or columns of lower activations could be 

discarded. The latest type of pooling that has been successfully used in the CNN context is 

global average pooling (GLAVP). Proposed as part of the NiN baseline architecture, it is used 

after the last convolutional layer [33]. The GLAVP layer calculates the average of each 

feature activation map and these values are fed directly into the classification output layer. 

This can remove the need for fully connected layers in a CNN based classifier. It is 

considered by the authors as a structural regularizer of the CNN, transforming feature 

activations into confidence maps, by creating correspondences between features and classes. 

 

 

Figure 16: Global average pooling layer replacing the fully connected layers. The output layer 
implements a Softmax operation with 𝑝1, 𝑝2, … , 𝑝𝑛 the predicted probabilities for each class. 

 Seeking an analogy in nature for pooling layers, it has been already studied by 

Neuroscience a property of biological neurons called lateral inhibition. The transmitted 

activations of feed-forward cells are pooled and an inhibitory signal is sent back to them, thus 

modifying the amount of input that reaches the receiver cells [45]. Neurons that have stronger 

responses tend to inhibit the response of neighboring neurons. We can think of max pooling 

as an implementation of lateral inhibition, where the max response fully inhibits its non-max 

neighborhood. 

  Properties of human visual perception like brightness induction have been linked in a 

recent study to lateral inhibition in the retina [45]. Various optical illusions that appear from 

differences in brightness levels were assumed to be caused by lateral inhibition. 

Global Average Pooling in Last Layer

Figure Source: Singh, Anshuman Vikram. "Content-based image retrieval using deep learning." (2015).

http://scholarworks.rit.edu/theses/8828/
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Code Example
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1. Padding 

2. Spatial Dropout and BatchNorm

3. Common architectures

3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections

4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers
6. Transfer learning

Simplifying CNNs Part 2
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It is Possible to Replace Fully Connected Layers 
by Convolutional Layers

Fully connected layer

wT
1 x+ b1

<latexit sha1_base64="En8xjNMtAnoObRZ7W5LhpkbtT0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEpSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSRtDWAwNnzrmXe+/xIkalsqwvo7CwuLS8Ulwtra1vbG6Z2zstGcYCkyYOWSg6HpKEUU6aiipGOpEgKPAYaXujy8xv3xIhacgbahwRJ0ADTn2KkdKSa+73AqSGnp/cpa5904A/3/sUHkPPtV2zbFWsCeA8sXNSBjnqrvnZ64c4DghXmCEpu7YVKSdBQlHMSFrqxZJECI/QgHQ15Sgg0kkmh6TwUCt96IdCP67gRP3dkaBAynHg6cpsTznrZeJ/XjdW/rmTUB7FinA8HeTHDKoQZqnAPhUEKzbWBGFB9a4QD5FAWOnsSjoEe/bkedKqVuyTSvX6tFy7yOMogj1wAI6ADc5ADVyBOmgCDB7AE3gBr8aj8Wy8Ge/T0oKR9+yCPzA+vgG5hJkf</latexit>

where

wT
2 x+ b2

<latexit sha1_base64="w9jYR3nTs25JhVUBGj0bJu/2Obc=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEoSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSVtDWAwNnzrmXe+/xY0alsqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafnDy9xv3RIhacTrahQTN0R9TgOKkdKSZ+53Q6QGfpDeZZ5zU4c/3/sMHkPfczyzbFWsMeA8saekDKaoeeZntxfhJCRcYYak7NhWrNwUCUUxI1mpm0gSIzxEfdLRlKOQSDcdH5LBQ630YBAJ/biCY/V3R4pCKUehryvzPeWsl4v/eZ1EBeduSnmcKMLxZFCQMKgimKcCe1QQrNhIE4QF1btCPEACYaWzK+kQ7NmT50nTqdgnFef6tFy9mMZRBHvgABwBG5yBKrgCNdAAGDyAJ/ACXo1H49l4M94npQVj2rML/sD4+Aa8n5kh</latexit>

W1 =


w1,1 w1,2

w1,3 w1,4

�

<latexit sha1_base64="P25N0fbBpEZMogqD0d32xbYxFGU="></latexit>

W2 =


w2,1 w2,2

w2,3 w2,4

�

<latexit sha1_base64="chChSTZ4lsrXuTisM5DYCe9F9dk="></latexit>

remember, these also involve dot 
products between the receptive  
fields and kernels

W1 ⇤ x+ b1
<latexit sha1_base64="HbNSBTIzLtBjs59pl8QpsXEsj+U=">AAACCHicbVDLSsNAFL2pr1pfUZcuHCyCKJSkCrosunFZwT6gDWEynbRDJw9mJmIJWbrxV9y4UMStn+DOv3HaRtDWAwNnzrmXe+/xYs6ksqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSWC0AaJeCTaHpaUs5A2FFOctmNBceBx2vKGV2O/dUeFZFF4q0YxdQLcD5nPCFZacs39boDVwPPTVuba6Bj9fO8zdII813bNslWxJkDzxM5JGXLUXfOz24tIEtBQEY6l7NhWrJwUC8UIp1mpm0gaYzLEfdrRNMQBlU46OSRDh1rpIT8S+oUKTdTfHSkOpBwFnq4c7ylnvbH4n9dJlH/hpCyME0VDMh3kJxypCI1TQT0mKFF8pAkmguldERlggYnS2ZV0CPbsyfOkWa3Yp5XqzVm5dpnHUYQ9OIAjsOEcanANdWgAgQd4ghd4NR6NZ+PNeJ+WFoy8Zxf+wPj4BuFvmJc=</latexit>

W2 ⇤ x+ b2
<latexit sha1_base64="soFNKwGHy3fCNMYUbtb5wnrOR0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBFEoSBV0W3bisYB/QhjCZTtqhk0mYmYglZOnGX3HjQhG3foI7/8ZJG0FbDwycOede7r3HjxmVyrK+jNLC4tLySnm1sra+sbllbu+0ZJQITJo4YpHo+EgSRjlpKqoY6cSCoNBnpO2PrnK/fUeEpBG/VeOYuCEacBpQjJSWPHO/FyI19IO0nXkOPIY/3/sMnkDfczyzatWsCeA8sQtSBQUanvnZ60c4CQlXmCEpu7YVKzdFQlHMSFbpJZLECI/QgHQ15Sgk0k0nh2TwUCt9GERCP67gRP3dkaJQynHo68p8Tznr5eJ/XjdRwYWbUh4ninA8HRQkDKoI5qnAPhUEKzbWBGFB9a4QD5FAWOnsKjoEe/bkedJyavZpzbk5q9YvizjKYA8cgCNgg3NQB9egAZoAgwfwBF7Aq/FoPBtvxvu0tGQUPbvgD4yPb+SKmJk=</latexit>
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NCHW

wT
1 x+ b1

<latexit sha1_base64="En8xjNMtAnoObRZ7W5LhpkbtT0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEpSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSRtDWAwNnzrmXe+/xIkalsqwvo7CwuLS8Ulwtra1vbG6Z2zstGcYCkyYOWSg6HpKEUU6aiipGOpEgKPAYaXujy8xv3xIhacgbahwRJ0ADTn2KkdKSa+73AqSGnp/cpa5904A/3/sUHkPPtV2zbFWsCeA8sXNSBjnqrvnZ64c4DghXmCEpu7YVKSdBQlHMSFrqxZJECI/QgHQ15Sgg0kkmh6TwUCt96IdCP67gRP3dkaBAynHg6cpsTznrZeJ/XjdW/rmTUB7FinA8HeTHDKoQZqnAPhUEKzbWBGFB9a4QD5FAWOnsSjoEe/bkedKqVuyTSvX6tFy7yOMogj1wAI6ADc5ADVyBOmgCDB7AE3gBr8aj8Wy8Ge/T0oKR9+yCPzA+vgG5hJkf</latexit>

wT
2 x+ b2

<latexit sha1_base64="w9jYR3nTs25JhVUBGj0bJu/2Obc=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEoSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSVtDWAwNnzrmXe+/xY0alsqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafnDy9xv3RIhacTrahQTN0R9TgOKkdKSZ+53Q6QGfpDeZZ5zU4c/3/sMHkPfczyzbFWsMeA8saekDKaoeeZntxfhJCRcYYak7NhWrNwUCUUxI1mpm0gSIzxEfdLRlKOQSDcdH5LBQ630YBAJ/biCY/V3R4pCKUehryvzPeWsl4v/eZ1EBeduSnmcKMLxZFCQMKgimKcCe1QQrNhIE4QF1btCPEACYaWzK+kQ7NmT50nTqdgnFef6tFy9mMZRBHvgABwBG5yBKrgCNdAAGDyAJ/ACXo1H49l4M94npQVj2rML/sD4+Aa8n5kh</latexit>
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wT
1 x+ b1

<latexit sha1_base64="En8xjNMtAnoObRZ7W5LhpkbtT0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEpSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSRtDWAwNnzrmXe+/xIkalsqwvo7CwuLS8Ulwtra1vbG6Z2zstGcYCkyYOWSg6HpKEUU6aiipGOpEgKPAYaXujy8xv3xIhacgbahwRJ0ADTn2KkdKSa+73AqSGnp/cpa5904A/3/sUHkPPtV2zbFWsCeA8sXNSBjnqrvnZ64c4DghXmCEpu7YVKSdBQlHMSFrqxZJECI/QgHQ15Sgg0kkmh6TwUCt96IdCP67gRP3dkaBAynHg6cpsTznrZeJ/XjdW/rmTUB7FinA8HeTHDKoQZqnAPhUEKzbWBGFB9a4QD5FAWOnsSjoEe/bkedKqVuyTSvX6tFy7yOMogj1wAI6ADc5ADVyBOmgCDB7AE3gBr8aj8Wy8Ge/T0oKR9+yCPzA+vgG5hJkf</latexit>

wT
2 x+ b2

<latexit sha1_base64="w9jYR3nTs25JhVUBGj0bJu/2Obc=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEoSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSVtDWAwNnzrmXe+/xY0alsqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafnDy9xv3RIhacTrahQTN0R9TgOKkdKSZ+53Q6QGfpDeZZ5zU4c/3/sMHkPfczyzbFWsMeA8saekDKaoeeZntxfhJCRcYYak7NhWrNwUCUUxI1mpm0gSIzxEfdLRlKOQSDcdH5LBQ630YBAJ/biCY/V3R4pCKUehryvzPeWsl4v/eZ1EBeduSnmcKMLxZFCQMKgimKcCe1QQrNhIE4QF1btCPEACYaWzK+kQ7NmT50nTqdgnFef6tFy9mMZRBHvgABwBG5yBKrgCNdAAGDyAJ/ACXo1H49l4M94npQVj2rML/sD4+Aa8n5kh</latexit>

W1 ⇤ x+ b1
<latexit sha1_base64="HbNSBTIzLtBjs59pl8QpsXEsj+U=">AAACCHicbVDLSsNAFL2pr1pfUZcuHCyCKJSkCrosunFZwT6gDWEynbRDJw9mJmIJWbrxV9y4UMStn+DOv3HaRtDWAwNnzrmXe+/xYs6ksqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSWC0AaJeCTaHpaUs5A2FFOctmNBceBx2vKGV2O/dUeFZFF4q0YxdQLcD5nPCFZacs39boDVwPPTVuba6Bj9fO8zdII813bNslWxJkDzxM5JGXLUXfOz24tIEtBQEY6l7NhWrJwUC8UIp1mpm0gaYzLEfdrRNMQBlU46OSRDh1rpIT8S+oUKTdTfHSkOpBwFnq4c7ylnvbH4n9dJlH/hpCyME0VDMh3kJxypCI1TQT0mKFF8pAkmguldERlggYnS2ZV0CPbsyfOkWa3Yp5XqzVm5dpnHUYQ9OIAjsOEcanANdWgAgQd4ghd4NR6NZ+PNeJ+WFoy8Zxf+wPj4BuFvmJc=</latexit>

W2 ⇤ x+ b2
<latexit sha1_base64="soFNKwGHy3fCNMYUbtb5wnrOR0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBFEoSBV0W3bisYB/QhjCZTtqhk0mYmYglZOnGX3HjQhG3foI7/8ZJG0FbDwycOede7r3HjxmVyrK+jNLC4tLySnm1sra+sbllbu+0ZJQITJo4YpHo+EgSRjlpKqoY6cSCoNBnpO2PrnK/fUeEpBG/VeOYuCEacBpQjJSWPHO/FyI19IO0nXkOPIY/3/sMnkDfczyzatWsCeA8sQtSBQUanvnZ60c4CQlXmCEpu7YVKzdFQlHMSFbpJZLECI/QgHQ15Sgk0k0nh2TwUCt9GERCP67gRP3dkaJQynHo68p8Tznr5eJ/XjdRwYWbUh4ninA8HRQkDKoI5qnAPhUEKzbWBGFB9a4QD5FAWOnsKjoEe/bkedJyavZpzbk5q9YvizjKYA8cgCNgg3NQB9egAZoAgwfwBF7Aq/FoPBtvxvu0tGQUPbvgD4yPb+SKmJk=</latexit>
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It is Possible to Replace Fully Connected Layers 
by Convolutional Layers

Fully connected layer

wT
1 x+ b1

<latexit sha1_base64="En8xjNMtAnoObRZ7W5LhpkbtT0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEpSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSRtDWAwNnzrmXe+/xIkalsqwvo7CwuLS8Ulwtra1vbG6Z2zstGcYCkyYOWSg6HpKEUU6aiipGOpEgKPAYaXujy8xv3xIhacgbahwRJ0ADTn2KkdKSa+73AqSGnp/cpa5904A/3/sUHkPPtV2zbFWsCeA8sXNSBjnqrvnZ64c4DghXmCEpu7YVKSdBQlHMSFrqxZJECI/QgHQ15Sgg0kkmh6TwUCt96IdCP67gRP3dkaBAynHg6cpsTznrZeJ/XjdW/rmTUB7FinA8HeTHDKoQZqnAPhUEKzbWBGFB9a4QD5FAWOnsSjoEe/bkedKqVuyTSvX6tFy7yOMogj1wAI6ADc5ADVyBOmgCDB7AE3gBr8aj8Wy8Ge/T0oKR9+yCPzA+vgG5hJkf</latexit>

wT
2 x+ b2

<latexit sha1_base64="w9jYR3nTs25JhVUBGj0bJu/2Obc=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEoSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSVtDWAwNnzrmXe+/xY0alsqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafnDy9xv3RIhacTrahQTN0R9TgOKkdKSZ+53Q6QGfpDeZZ5zU4c/3/sMHkPfczyzbFWsMeA8saekDKaoeeZntxfhJCRcYYak7NhWrNwUCUUxI1mpm0gSIzxEfdLRlKOQSDcdH5LBQ630YBAJ/biCY/V3R4pCKUehryvzPeWsl4v/eZ1EBeduSnmcKMLxZFCQMKgimKcCe1QQrNhIE4QF1btCPEACYaWzK+kQ7NmT50nTqdgnFef6tFy9mMZRBHvgABwBG5yBKrgCNdAAGDyAJ/ACXo1H49l4M94npQVj2rML/sD4+Aa8n5kh</latexit> Or, we can concatenate the inputs 
into 1x1 images with 4 channels and  
then use 2 kernels  
(remember, each kernel then also  
has 4 channels)
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wT
1 x+ b1

<latexit sha1_base64="En8xjNMtAnoObRZ7W5LhpkbtT0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEpSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSRtDWAwNnzrmXe+/xIkalsqwvo7CwuLS8Ulwtra1vbG6Z2zstGcYCkyYOWSg6HpKEUU6aiipGOpEgKPAYaXujy8xv3xIhacgbahwRJ0ADTn2KkdKSa+73AqSGnp/cpa5904A/3/sUHkPPtV2zbFWsCeA8sXNSBjnqrvnZ64c4DghXmCEpu7YVKSdBQlHMSFrqxZJECI/QgHQ15Sgg0kkmh6TwUCt96IdCP67gRP3dkaBAynHg6cpsTznrZeJ/XjdW/rmTUB7FinA8HeTHDKoQZqnAPhUEKzbWBGFB9a4QD5FAWOnsSjoEe/bkedKqVuyTSvX6tFy7yOMogj1wAI6ADc5ADVyBOmgCDB7AE3gBr8aj8Wy8Ge/T0oKR9+yCPzA+vgG5hJkf</latexit>

wT
2 x+ b2

<latexit sha1_base64="w9jYR3nTs25JhVUBGj0bJu/2Obc=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEoSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSVtDWAwNnzrmXe+/xY0alsqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafnDy9xv3RIhacTrahQTN0R9TgOKkdKSZ+53Q6QGfpDeZZ5zU4c/3/sMHkPfczyzbFWsMeA8saekDKaoeeZntxfhJCRcYYak7NhWrNwUCUUxI1mpm0gSIzxEfdLRlKOQSDcdH5LBQ630YBAJ/biCY/V3R4pCKUehryvzPeWsl4v/eZ1EBeduSnmcKMLxZFCQMKgimKcCe1QQrNhIE4QF1btCPEACYaWzK+kQ7NmT50nTqdgnFef6tFy9mMZRBHvgABwBG5yBKrgCNdAAGDyAJ/ACXo1H49l4M94npQVj2rML/sD4+Aa8n5kh</latexit>
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W1 ⇤ x+ b1
<latexit sha1_base64="HbNSBTIzLtBjs59pl8QpsXEsj+U=">AAACCHicbVDLSsNAFL2pr1pfUZcuHCyCKJSkCrosunFZwT6gDWEynbRDJw9mJmIJWbrxV9y4UMStn+DOv3HaRtDWAwNnzrmXe+/xYs6ksqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSWC0AaJeCTaHpaUs5A2FFOctmNBceBx2vKGV2O/dUeFZFF4q0YxdQLcD5nPCFZacs39boDVwPPTVuba6Bj9fO8zdII813bNslWxJkDzxM5JGXLUXfOz24tIEtBQEY6l7NhWrJwUC8UIp1mpm0gaYzLEfdrRNMQBlU46OSRDh1rpIT8S+oUKTdTfHSkOpBwFnq4c7ylnvbH4n9dJlH/hpCyME0VDMh3kJxypCI1TQT0mKFF8pAkmguldERlggYnS2ZV0CPbsyfOkWa3Yp5XqzVm5dpnHUYQ9OIAjsOEcanANdWgAgQd4ghd4NR6NZ+PNeJ+WFoy8Zxf+wPj4BuFvmJc=</latexit>

W2 ⇤ x+ b2
<latexit sha1_base64="soFNKwGHy3fCNMYUbtb5wnrOR0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBFEoSBV0W3bisYB/QhjCZTtqhk0mYmYglZOnGX3HjQhG3foI7/8ZJG0FbDwycOede7r3HjxmVyrK+jNLC4tLySnm1sra+sbllbu+0ZJQITJo4YpHo+EgSRjlpKqoY6cSCoNBnpO2PrnK/fUeEpBG/VeOYuCEacBpQjJSWPHO/FyI19IO0nXkOPIY/3/sMnkDfczyzatWsCeA8sQtSBQUanvnZ60c4CQlXmCEpu7YVKzdFQlHMSFbpJZLECI/QgHQ15Sgk0k0nh2TwUCt9GERCP67gRP3dkaJQynHo68p8Tznr5eJ/XjdRwYWbUh4ninA8HRQkDKoI5qnAPhUEKzbWBGFB9a4QD5FAWOnsKjoEe/bkedJyavZpzbk5q9YvizjKYA8cgCNgg3NQB9egAZoAgwfwBF7Aq/FoPBtvxvu0tGQUPbvgD4yPb+SKmJk=</latexit>
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<=>

W1 ⇤ x+ b1
<latexit sha1_base64="HbNSBTIzLtBjs59pl8QpsXEsj+U=">AAACCHicbVDLSsNAFL2pr1pfUZcuHCyCKJSkCrosunFZwT6gDWEynbRDJw9mJmIJWbrxV9y4UMStn+DOv3HaRtDWAwNnzrmXe+/xYs6ksqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSWC0AaJeCTaHpaUs5A2FFOctmNBceBx2vKGV2O/dUeFZFF4q0YxdQLcD5nPCFZacs39boDVwPPTVuba6Bj9fO8zdII813bNslWxJkDzxM5JGXLUXfOz24tIEtBQEY6l7NhWrJwUC8UIp1mpm0gaYzLEfdrRNMQBlU46OSRDh1rpIT8S+oUKTdTfHSkOpBwFnq4c7ylnvbH4n9dJlH/hpCyME0VDMh3kJxypCI1TQT0mKFF8pAkmguldERlggYnS2ZV0CPbsyfOkWa3Yp5XqzVm5dpnHUYQ9OIAjsOEcanANdWgAgQd4ghd4NR6NZ+PNeJ+WFoy8Zxf+wPj4BuFvmJc=</latexit>

W2 ⇤ x+ b2
<latexit sha1_base64="soFNKwGHy3fCNMYUbtb5wnrOR0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBFEoSBV0W3bisYB/QhjCZTtqhk0mYmYglZOnGX3HjQhG3foI7/8ZJG0FbDwycOede7r3HjxmVyrK+jNLC4tLySnm1sra+sbllbu+0ZJQITJo4YpHo+EgSRjlpKqoY6cSCoNBnpO2PrnK/fUeEpBG/VeOYuCEacBpQjJSWPHO/FyI19IO0nXkOPIY/3/sMnkDfczyzatWsCeA8sQtSBQUanvnZ60c4CQlXmCEpu7YVKzdFQlHMSFbpJZLECI/QgHQ15Sgk0k0nh2TwUCt9GERCP67gRP3dkaJQynHo68p8Tznr5eJ/XjdRwYWbUh4ninA8HRQkDKoI5qnAPhUEKzbWBGFB9a4QD5FAWOnsKjoEe/bkedJyavZpzbk5q9YvizjKYA8cgCNgg3NQB9egAZoAgwfwBF7Aq/FoPBtvxvu0tGQUPbvgD4yPb+SKmJk=</latexit>

wT
1 x+ b1

<latexit sha1_base64="En8xjNMtAnoObRZ7W5LhpkbtT0E=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEpSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSRtDWAwNnzrmXe+/xIkalsqwvo7CwuLS8Ulwtra1vbG6Z2zstGcYCkyYOWSg6HpKEUU6aiipGOpEgKPAYaXujy8xv3xIhacgbahwRJ0ADTn2KkdKSa+73AqSGnp/cpa5904A/3/sUHkPPtV2zbFWsCeA8sXNSBjnqrvnZ64c4DghXmCEpu7YVKSdBQlHMSFrqxZJECI/QgHQ15Sgg0kkmh6TwUCt96IdCP67gRP3dkaBAynHg6cpsTznrZeJ/XjdW/rmTUB7FinA8HeTHDKoQZqnAPhUEKzbWBGFB9a4QD5FAWOnsSjoEe/bkedKqVuyTSvX6tFy7yOMogj1wAI6ADc5ADVyBOmgCDB7AE3gBr8aj8Wy8Ge/T0oKR9+yCPzA+vgG5hJkf</latexit>

wT
2 x+ b2

<latexit sha1_base64="w9jYR3nTs25JhVUBGj0bJu/2Obc=">AAACCHicbVDLSsNAFJ3UV62vqEsXDhZBEEoSBV0W3bis0Be0MUymk3boZBJmJmoJWbrxV9y4UMStn+DOv3HSVtDWAwNnzrmXe+/xY0alsqwvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafnDy9xv3RIhacTrahQTN0R9TgOKkdKSZ+53Q6QGfpDeZZ5zU4c/3/sMHkPfczyzbFWsMeA8saekDKaoeeZntxfhJCRcYYak7NhWrNwUCUUxI1mpm0gSIzxEfdLRlKOQSDcdH5LBQ630YBAJ/biCY/V3R4pCKUehryvzPeWsl4v/eZ1EBeduSnmcKMLxZFCQMKgimKcCe1QQrNhIE4QF1btCPEACYaWzK+kQ7NmT50nTqdgnFef6tFy9mMZRBHvgABwBG5yBKrgCNdAAGDyAJ/ACXo1H49l4M94npQVj2rML/sD4+Aa8n5kh</latexit>
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1. Padding 

2. Spatial Dropout and BatchNorm

3. Common architectures

3.1   VGG16 (simple, deep CNN)

3.2   ResNet and skip connections

4. Replacing Max-Pooling with convolutional layers

5. Convolutional instead of fully connected layers

6. Transfer learning

Can You Teach an Old Dog New Tricks?
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Transfer Learning

• A technique that may be useful for your class projects
• Key idea: 

✦ Feature extraction layers may be generally useful
✦ Use a pre-trained model (e.g., pre-trained on ImageNet)
✦ Freeze the weights: Only train last layer (or last few layers)

• Related approach: Fine-tuning, train a pre-trained network on your 
smaller dataset
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Karpathy, A., Toderici, G., Shetty, S., Leung, T., Sukthankar, R., & Fei-Fei, L. (2014). Large-scale video 
classification with convolutional neural networks. In Proceedings of the IEEE conference on Computer 
Vision and Pattern Recognition (pp. 1725-1732).

Which Layers to Replace & Train?

Model 3-fold Accuracy
Soomro et al [22] 43.9%
Feature Histograms + Neural Net 59.0%
Train from scratch 41.3%
Fine-tune top layer 64.1%
Fine-tune top 3 layers 65.4%
Fine-tune all layers 62.2%

Table 3: Results on UCF-101 for various Transfer Learning
approaches using the Slow Fusion network.

4.2. Transfer Learning Experiments on UCF-101
The results of our analysis on the Sports-1M dataset in-

dicate that the networks learn powerful motion features. A
natural question that arises is whether these features also
generalize to other datasets and class categories. We ex-
amine this question in detail by performing transfer learn-
ing experiments on the UCF-101 [22] Activity Recognition
dataset. The dataset consists of 13,320 videos belonging
to 101 categories that are separated into 5 broad groups:
Human-Object interaction (Applying eye makeup, brush-
ing teeth, hammering, etc.), Body-Motion (Baby crawling,
push ups, blowing candles, etc.), Human-Human interac-
tion (Head massage, salsa spin, haircut, etc.), Playing In-
struments (flute, guitar, piano, etc.) and Sports. This group-
ing allows us to separately study the performance improve-
ments on Sports classes relative to classes from unrelated
videos that are less numerous in our training data.

Transfer learning. Since we expect that CNNs learn
more generic features on the bottom of the network (such
as edges, local shapes) and more intricate, dataset-specific
features near the top of the network, we consider the fol-
lowing scenarios for our transfer learning experiments:

Fine-tune top layer. We treat the CNN as a fixed feature
extractor and train a classifier on the last 4096-dimensional
layer, with dropout regularization. We found that as little as
10% chance of keeping each unit active to be effective.

Fine-tune top 3 layers. Instead of only retraining the fi-
nal classifier layer, we consider also retraining both fully
connected layers. We initialize with a fully trained Sports
CNN and then begin training the top 3 layers. We intro-
duce dropout before all trained layers, with as little as 10%
chance of keeping units active.

Fine-tune all layers. In this scenario we retrain all net-
work parameters, including all convolutional layers on the
bottom of the network.

Train from scratch. As a baseline we train the full net-
work from scratch on UCF-101 alone.

Results. To prepare UCF-101 data for classification we
sampled 50 clips from every video and followed the same
evaluation protocol as for Sports across the 3 suggested
folds. We reached out to the authors of [22] to obtain the
YouTube video IDs of UCF-101 videos, but unfortunately

Group mAP
from

scratch

mAP
fine-tune

top 3

mAP
fine-tune

top
Human-Object Interaction 0.26 0.55 0.52
Body-Motion Only 0.32 0.57 0.52
Human-Human Interaction 0.40 0.68 0.65
Playing Musical Instruments 0.42 0.65 0.46
Sports 0.57 0.79 0.80
All groups 0.44 0.68 0.66

Table 4: Mean Average Precision of the Slow Fusion net-
work on UCF-101 classes broken down by category groups.

these were not available and hence we cannot guarantee that
the Sports-1M dataset has no overlap with UCF-101. How-
ever, these concerns are somewhat mitigated as we only use
a few sampled clips from every video.

We use the Slow Fusion network in our UCF-101 exper-
iments as it provides the best performance on Sports-1M.
The results of the experiments can be seen on Table 3. In-
terestingly, retraining the softmax layer alone does not per-
form best (possibly because the high-level features are too
specific to sports) and the other extreme of fine-tuning all
layers is also not adequate (likely due to overfitting). In-
stead, the best performance is obtained by taking a balanced
approach and retraining the top few layers of the network.
Lastly, training the entire network from scratch consistently
leads to massive overfitting and dismal performance.

Performance by group. We further break down our per-
formance by 5 broad groups of classes present in the UCF-
101 dataset. We compute the average precision of every
class and then compute the mean average precision over
classes in each group. As can be seen from Table 4, large
fractions of our performance can be attributed to the Sports
categories in UCF-101, but the other groups still display im-
pressive performance considering that the only way to ob-
serve these types of frames in the training data is due to label
noise. Moreover, the gain in performance when retraining
only the top to retraining the top 3 layers is almost entirely
due to improvements on non-Sports categories: Sports per-
formance only decreases from 0.80 to 0.79, while mAP im-
proves on all other categories.

5. Conclusions
We studied the performance of convolutional neural net-

works in large-scale video classification. We found that
CNN architectures are capable of learning powerful fea-
tures from weakly-labeled data that far surpass feature-
based methods in performance and that these benefits are
surprisingly robust to details of the connectivity of the ar-
chitectures in time. Qualitative examination of network out-
puts and confusion matrices reveals interpretable errors.

Our results indicate that while the performance is not
particularly sensitive to the architectural details of the con-
nectivity in time, a Slow Fusion model consistently per-
forms better than the early and late fusion alternatives. Sur-

https://cs.stanford.edu/people/karpathy/deepvideo/
https://cs.stanford.edu/people/karpathy/deepvideo/
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Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for 
large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).

Visualization from 
https://www.cs.toronto.edu/~frossard/post/vgg16/

VGG-16

https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
https://www.cs.toronto.edu/~frossard/post/vgg16/


Sebastian Raschka           STAT 453: Intro to Deep Learning          46

Transfer Learning

Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for 
large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).

Visualization from 
https://www.cs.toronto.edu/~frossard/post/vgg16/

VGG-16

Freeze

Replace

https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
https://www.cs.toronto.edu/~frossard/post/vgg16/
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https://pytorch.org/vision/stable/models.html
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