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More details on the Convolution layers: Striding & Zero Padding



Convolution Layer
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Convolve the image, X, with the filter F .

• Slide filter over all spatial locations in image.

• At each location output 1 number:

compute dot product between F and a 5× 5× 3 chunk of X



A closer look at the spatial dimensions

• 7× 7×D input (just display one

plane).

• Have 3× 3×D filter.
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A closer look at the spatial dimensions

· · ·



A closer look at the spatial dimensions

• 7× 7×D input (just display one

plane).

• Have 3× 3×D filter.

• =⇒ 5× 5 output.
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A closer look at the spatial dimensions

• 7× 7×D input (just display one

plane).

• Have 3× 3×D filter.

• Apply with stride 2.

• =⇒ 3× 3 output.



A closer look at the spatial dimensions

• 7× 7×D input (just display one

plane).

• Have 3× 3×D filter.

• Apply with stride 3.



A closer look at the spatial dimensions

• 7× 7×D input (just display one

plane).

• Have 3× 3×D filter.

• Apply with stride 3.

• Doesn’t fit nicely! Don’t
include last column and row.



Output volume dimension

• w × h×D input.

• Have f × f ×D filter.

• Apply with stride S.

• Output dimension: w′ × h′

w′ = (w − f) /S + 1

h′ = (h− f) /S + 1



Output volume dimension

• w × h×D input.

• Have f × f ×D filter.

• Apply with stride S.

• Output dimension: w′ × h′

w′ = (w − f) /S + 1

h′ = (h− f) /S + 1

• Our example:
w = h = 7, f = 3

S=1 =⇒ w′ = (7− 3) /1 + 1 = 5

S=2 =⇒ w′ = (7− 3) /2 + 1 = 3

S=3 =⇒ w′ = (7− 3) /3 + 1 = 2.33



In practice: Common to zero pad the border
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• 7× 7×D input.

• Have 3× 3×D filter.

• Apply with stride S.

• Pad input with 1 pixel
border.

• Output dimension: ?

• Remember

w′ = (w − f) /S + 1

h′ = (h− f) /S + 1



In practice: Common to zero pad the border
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• 7× 7×D input.

• Have 3× 3×D filter.

• Apply with stride S.

• Pad input with 1 pixel
border.

• Output dimension: ?

• Remember

w′ = (w − f) /S + 1

h′ = (h− f) /S + 1



In practice: Common to zero pad the border
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• 7× 7×D input.

• Have 3× 3×D filter.

• Apply with stride S.

• Pad input with 1 pixel
border.

• Output dimension: 7× 7



In practice: Common to zero pad the border
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• 7× 7×D input.

• Have 3× 3×D filter.

• Apply with stride S.

• Pad input with 1 pixel
border. (P = 1)

• Output dimension: 7× 7

• In general

w′ = (w + 2P − f) /S + 1

h′ = (h+ 2P − f) /S + 1



In practice: Common to zero pad the border
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• 7× 7×D input.

• Have 3× 3×D filter.

• Apply with stride S.

• Pad input with 1 pixel
border. (P = 1)

• Output dimension: 7× 7
• In general, common to have

convolutional layers with
- stride S = 1,

- filters of size f × f ×D,

- zero-padding P = (f − 1)/2

=⇒ w′ = w, h′ = h



Example

• Input volume dimension: 32× 32× 3

• Hyper-parameters of Conv layer:
- 10 filters of size 5× 5× 3

- Stride: S = 1

- Pad: P = 2

• Output volume dimension: ?



Example of Dimension Counting

• Input volume dimension: 32× 32× 3

• Hyper-parameters of Conv layer:
- 10 filters of size 5× 5× 3

- Stride: S = 1

- Pad: P = 2

• Output volume dimension: w′ × h′ × 10
where

w′ = (w − 2P − f)/S + 1 = (32− 2 ∗ 2− 5)/1 + 1 = 32

h′ = (h− 2P − f)/S + 1 = (32− 2 ∗ 2− 5)/1 + 1 = 32



Example of Dimension Counting

• Input volume dimension: 32× 32× 3

• Hyper-parameters of Conv layer:
- 10 filters of size 5× 5× 3

- Stride S = 1

- Pad P = 2

• # of parameters in this layer: ?



Example of Dimension Counting

• Input volume dimension: 32× 32× 3

• Hyper-parameters of Conv layer:
- 10 filters of size 5× 5× 3

- Stride: S = 1

- Pad: P = 2

• # of parameters in this layer: 760

- Each filter has 5× 5× 3 + 1 = 76 parameters.

- There are 10 filters =⇒ 76 ∗ 10 total parameters.



Summary of dimensions in Convolutional Layer

• Input:
Volume, X(i) = {X(i)

1 , . . . , X
(i)
D }, of size w × h×D

• Requires 4 hyper-parameters:
- Number of filters: nF

- Spatial size of filters: f

- Stride: S

- Amount of zero padding: P

• Output:
Volume S(i+1) = {S(i+1)

1 , . . . , S
(i+1)
nf } size w′ × h′ × nF where

- w′ = (w − f + 2P )/S + 1

- h′ = (h− f + 2P )/S + 1

where

S
(i+1)
j = X(i) ∗ Fj + bj



Common Settings

• nF = powers of 2 (e.g. 32, 64, 128, 512)

- f = 3, S = 1, P = 1

- f = 5, S = 1, P = 2

- f = 5, S = 2, P =? (whatever fits)

- f = 1, S = 1, P = 1



Pooling layer

• Make the representation smaller and more manageable

• Operates over each response/activation map independently

/HFWXUH���� ���-DQ�����)HL�)HL�/L�	�$QGUHM�.DUSDWK\�	�-XVWLQ�-RKQVRQ)HL�)HL�/L�	�$QGUHM�.DUSDWK\�	�-XVWLQ�-RKQVRQ /HFWXUH���� ���-DQ�������

3RROLQJ�OD\HU
� PDNHV�WKH�UHSUHVHQWDWLRQV�VPDOOHU�DQG�PRUH�PDQDJHDEOH�
� RSHUDWHV�RYHU�HDFK�DFWLYDWLRQ�PDS�LQGHSHQGHQWO\�



Simple Example: Max Pooling one response map

1 1 2 4

5 6 7 8

3 2 1 0

1 2 3 4

max pool with
2× 2 regions & stride 2
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6 8
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Max Pooling

• Denote the max pooling operation with regions of size r × r
and stride s with

H̃ = MaxPool(H, r, s)

• If H has size w × h×D
=⇒ H̃ has size (w − r)/s+ 1× (h− r)/s+ 1×D

• Mathematical expression for each entry in H̃:

H̃ijk = max
i′≤l≤i′+r−1
j′≤m≤j′+r−1

Hlmk where i
′
= (i− 1)s + 1, j

′
= (j − 1)s + 1

• Common settings r = 2, s = 2 or r = 3, s = 2.



Max Pooling
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Jacobian Computations for a Max Pooling layer

• Let

H̃ = MaxPool(H, r, r)

• For backprop need to calculate:

∂vec(H̃)

∂vec(H)
=?

• Can write MaxPool operation as a matrix operation

vec(H̃) = AMaxPoolvec(H)

=⇒
∂vec(H̃)

∂vec(H)
= AMaxPool

• What are the entries of AMaxPool?
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Simple Example: Max Pooling as a matrix multiplication
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Simple Example: Max Pooling as a matrix multiplication
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Simple Example: Max Pooling as a matrix multiplication
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 vec(H)



Simple Example: Max Pooling as a matrix multiplication
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Simple Example: Max Pooling as a matrix multiplication
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AMaxPool and has size 4× 16



What is AAvgPool?

• Say in each region we pool by averaging the responses
instead of choosing the max.

• What is AAvgPool for our simple example?
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Architecture of Modern ConvNets



LeNet-5 [LeCun et al., 1998]

INPUT 
32x32

Convolutions SubsamplingConvolutions

C1: feature maps 
6@28x28

Subsampling

S2: f. maps
6@14x14

S4: f. maps 16@5x5
C5: layer
120

C3: f. maps 16@10x10

F6: layer
 84

Full connection
Full connection

Gaussian connections

OUTPUT
 10

• Conv filters are 5× 5, applied at stride 1

• Pooling layers are 2× 2, applied at stride 2

• Architecture is
[CONV-POOL-TANH-CONV-POOL-TANH-FC-TANH-FC-TANH-FC]



AlexNet [Krizhevsky et al. 2012]

• Input: 227× 227× 3 image

• First layer:
- Convolutional layer

- 96 filters of size 11× 11× 3 applied at stride 4

• What is the output volume size?



AlexNet [Krizhevsky et al. 2012]

• Input: 227× 227× 3 image

• First layer:
- Convolutional layer

- 96 filters of size 11× 11× 3 applied at stride 4

• What is the output volume size? 55× 55× 96
as (227 -11)/4 + 1 = 55.



AlexNet [Krizhevsky et al. 2012]

• Input: 227× 227× 3 image

• First layer:
- Convolutional layer

- 96 filters of size 11× 11× 3 applied at stride 4

• What is the output volume size? 55× 55× 96

• # of parameters: 11 ∗ 11 ∗ 3 ∗ 96 = 35k



AlexNet [Krizhevsky et al. 2012]

• Input size: 227× 227× 3 image

• Size after 1st layer: 55× 55× 96 image

• Second layer:
- Pooling layer

- 3× 3 regions applied at stride 2

• What is the output volume size?



AlexNet [Krizhevsky et al. 2012]

• Input size: 227× 227× 3 image

• Size after 1st layer: 55× 55× 96 image

• Second layer:
- Pooling layer

- 3× 3 regions applied at stride 2

• What is the output volume size? 27× 27× 96
as (55 - 3)/2 + 1 = 27.



AlexNet [Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:

Output size Layer type Details

227× 227× 3 Input

55× 55× 96 Conv 96 filters, size 11× 11 at stride 4, pad 0

27× 27× 96 Max Pool 3× 3 regions at stride 2

27× 27× 96 Norm Normalization layer

27× 27× 256 Conv 256 filters, size 5× 5 at stride 1, pad 2

13× 13× 256 Max Pool 3× 3 regions at stride 2

13× 13× 256 Norm Normalization layer

13× 13× 384 Conv 384 filters, size 3× 3 at stride 1, pad 1

13× 13× 384 Conv 384 filters, size 3× 3 at stride 1, pad 1

13× 13× 256 Conv 256 filters, size 3× 3 at stride 1, pad 1

6× 6× 256 Max Pool 3× 3 regions at stride 2

4096 Fully connected 4096 neurons

4096 Fully connected 4096 neurons

1000 Fully connected 1000 neurons (class scores)



AlexNet [Krizhevsky et al. 2012]

Details/Retrospectives:

• First use of ReLU

• Used Normalization layers (not common anymore).

• Heavy data augmentation

• Dropout training with p = 0.5

• Batch size: 128

• SGD + Momentum with α = 0.9

• Learning rate initialized: 1e-2; divided by 10 when validation
accuracy plateaus.

• L2 weight decay 5e-4

• 18.2% (1 CNN) → 15.4% (7 CNN ensemble)



VGGNet [Simonyan and Zisserman, 2014]

Best model marked by the yellow box.



VGGNet [Simonyan and Zisserman, 2014]

• Only filters of size 3× 3 in the
convolutional layers, stride 1
and pad 1.

• Relatively sparse use of Max
Pooling with region size 2× 2
and stride 2.

• Improved ILSVRC
Performance top 5 error:

2013 best 11.2% → 7.3%
(VGGNet ensemble)



VGGNet architecture [Simonyan and Zisserman, 2014]

Output size Layer type Memory # parameters

224× 224× 3 Input 224*224*3 = 150K 0

224× 224× 64 Conv 224*224*64 = 3.2M 1,728 = (3*3*3)*64

224× 224× 64 Conv 224*224*64 = 3.2M 36,864 = (3*3*64)*64

112× 112× 64 Max Pool 112*112*64 = 800K 0

112× 112× 128 Conv 112*112*128 = 1.6M 73,728 = (3*3*64)*128

112× 112× 128 Conv 112*112*128 = 1.6M 147,456 = (3*3*128)*128

56× 56× 128 Max Pool 56*56*128 = 400K 0

56× 56× 256 Conv 56*56*256 = 800K 294,912 = (3*3*128)*256

56× 56× 256 Conv 56*56*256 = 800K 589,824 = (3*3*256)*256

56× 56× 256 Conv 56*56*256 = 800K 589,824 = (3*3*256)*256

28× 28× 256 Max Pool 28*28*256 = 200K 0

28× 28× 512 Conv 28*28*512 = 400K 1,179,648 = (3*3*256)*512

28× 28× 512 Conv 28*28*512 = 400K 2,359,296 = (3*3*512)*512

28× 28× 512 Conv 28*28*512 = 400K 2,359,296 = (3*3*512)*512

14× 14× 512 Max Pool 14*14*512 = 100K 0

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

7× 7× 512 Max Pool 7*7*512 = 25K 0

1 × 1 × 4096 Fully connected 4096 102,760,448 = 7*7*512*4096

1 × 1 × 4096 Fully connected 4096 16,777,216 = 4096*4096

1 × 1 × 1000 Fully connected 1000 4,096,000 = 4096*1000



VGGNet architecture [Simonyan and Zisserman, 2014]

Output size Layer type Memory # parameters

224× 224× 3 Input 224*224*3 = 150K 0

224× 224× 64 Conv 224*224*64 = 3.2M 1,728 = (3*3*3)*64

224× 224× 64 Conv 224*224*64 = 3.2M 36,864 = (3*3*64)*64

112× 112× 64 Max Pool 112*112*64 = 800K 0

112× 112× 128 Conv 112*112*128 = 1.6M 73,728 = (3*3*64)*128

112× 112× 128 Conv 112*112*128 = 1.6M 147,456 = (3*3*128)*128

56× 56× 128 Max Pool 56*56*128 = 400K 0

56× 56× 256 Conv 56*56*256 = 800K 294,912 = (3*3*128)*256

56× 56× 256 Conv 56*56*256 = 800K 589,824 = (3*3*256)*256

56× 56× 256 Conv 56*56*256 = 800K 589,824 = (3*3*256)*256

28× 28× 256 Max Pool 28*28*256 = 200K 0

28× 28× 512 Conv 28*28*512 = 400K 1,179,648 = (3*3*256)*512

28× 28× 512 Conv 28*28*512 = 400K 2,359,296 = (3*3*512)*512

28× 28× 512 Conv 28*28*512 = 400K 2,359,296 = (3*3*512)*512

14× 14× 512 Max Pool 14*14*512 = 100K 0

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

7× 7× 512 Max Pool 7*7*512 = 25K 0

1 × 1 × 4096 Fully connected 4096 102,760,448 = 7*7*512*4096

1 × 1 × 4096 Fully connected 4096 16,777,216 = 4096*4096

1 × 1 × 1000 Fully connected 1000 4,096,000 = 4096*1000

• Total memory: 24M * 4 bytes ≈ 93MB per image (only for fwd pass, ≈*2 for bwd pass)
• Total parameters: 128 Million parameters



VGGNet architecture [Simonyan and Zisserman, 2014]

Output size Layer type Memory # parameters

224× 224× 3 Input 224*224*3 = 150K 0

224× 224× 64 Conv 224*224*64 = 3.2M 1,728 = (3*3*3)*64

224× 224× 64 Conv 224*224*64 = 3.2M 36,864 = (3*3*64)*64

112× 112× 64 Max Pool 112*112*64 = 800K 0

112× 112× 128 Conv 112*112*128 = 1.6M 73,728 = (3*3*64)*128

112× 112× 128 Conv 112*112*128 = 1.6M 147,456 = (3*3*128)*128

56× 56× 128 Max Pool 56*56*128 = 400K 0

56× 56× 256 Conv 56*56*256 = 800K 294,912 = (3*3*128)*256

56× 56× 256 Conv 56*56*256 = 800K 589,824 = (3*3*256)*256

56× 56× 256 Conv 56*56*256 = 800K 589,824 = (3*3*256)*256

28× 28× 256 Max Pool 28*28*256 = 200K 0

28× 28× 512 Conv 28*28*512 = 400K 1,179,648 = (3*3*256)*512

28× 28× 512 Conv 28*28*512 = 400K 2,359,296 = (3*3*512)*512

28× 28× 512 Conv 28*28*512 = 400K 2,359,296 = (3*3*512)*512

14× 14× 512 Max Pool 14*14*512 = 100K 0

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

14× 14× 512 Conv 14*14*512 = 100K 2,359,296 = (3*3*512)*512

7× 7× 512 Max Pool 7*7*512 = 25K 0

1 × 1 × 4096 Fully connected 4096 102,760,448 = 7*7*512*4096

1 × 1 × 4096 Fully connected 4096 16,777,216 = 4096*4096

1 × 1 × 1000 Fully connected 1000 4,096,000 = 4096*1000

• Most memory is in early convolutional layers.
• Most parameters in the early fully connected layers.



GoogLeNet [Szegedy et al., 2014]

• Convolution layer

• Pooling layer

• SoftMax layer

ILSVRC 2014 winner (6.7% top 5 error)



GoogLeNet: Inception Module

/HFWXUH���� ���-DQ�����)HL�)HL�/L�	�$QGUHM�.DUSDWK\�	�-XVWLQ�-RKQVRQ)HL�)HL�/L�	�$QGUHM�.DUSDWK\�	�-XVWLQ�-RKQVRQ /HFWXUH���� ���-DQ�������

&DVH�6WXG\��*RRJ/H1HW >6]HJHG\�HW�DO�������@

,QFHSWLRQ�PRGXOH

,/695&������ZLQQHU�������WRS���HUURU�

Use 1× 1×D filters to reduce the depth of the response volume
before applying the larger more computationally expensive filters.



GoogLeNet: architecture

type patch size/
stride

output
size depth #1⇥1

#3⇥3
reduce #3⇥3

#5⇥5
reduce #5⇥5

pool
proj params ops

convolution 7⇥7/2 112⇥112⇥64 1 2.7K 34M

max pool 3⇥3/2 56⇥56⇥64 0

convolution 3⇥3/1 56⇥56⇥192 2 64 192 112K 360M

max pool 3⇥3/2 28⇥28⇥192 0

inception (3a) 28⇥28⇥256 2 64 96 128 16 32 32 159K 128M

inception (3b) 28⇥28⇥480 2 128 128 192 32 96 64 380K 304M

max pool 3⇥3/2 14⇥14⇥480 0

inception (4a) 14⇥14⇥512 2 192 96 208 16 48 64 364K 73M

inception (4b) 14⇥14⇥512 2 160 112 224 24 64 64 437K 88M

inception (4c) 14⇥14⇥512 2 128 128 256 24 64 64 463K 100M

inception (4d) 14⇥14⇥528 2 112 144 288 32 64 64 580K 119M

inception (4e) 14⇥14⇥832 2 256 160 320 32 128 128 840K 170M

max pool 3⇥3/2 7⇥7⇥832 0

inception (5a) 7⇥7⇥832 2 256 160 320 32 128 128 1072K 54M

inception (5b) 7⇥7⇥1024 2 384 192 384 48 128 128 1388K 71M

avg pool 7⇥7/1 1⇥1⇥1024 0

dropout (40%) 1⇥1⇥1024 0

linear 1⇥1⇥1000 1 1000K 1M

softmax 1⇥1⇥1000 0

Table 1: GoogLeNet incarnation of the Inception architecture.

The network is 22 layers deep when counting only layers
with parameters (or 27 layers if we also count pooling). The
overall number of layers (independent building blocks) used
for the construction of the network is about 100. The exact
number depends on how layers are counted by the machine
learning infrastructure. The use of average pooling before
the classifier is based on [12], although our implementation
has an additional linear layer. The linear layer enables us to
easily adapt our networks to other label sets, however it is
used mostly for convenience and we do not expect it to have
a major effect. We found that a move from fully connected
layers to average pooling improved the top-1 accuracy by
about 0.6%, however the use of dropout remained essential
even after removing the fully connected layers.

Given relatively large depth of the network, the ability
to propagate gradients back through all the layers in an
effective manner was a concern. The strong performance
of shallower networks on this task suggests that the fea-
tures produced by the layers in the middle of the network
should be very discriminative. By adding auxiliary classi-
fiers connected to these intermediate layers, discrimination
in the lower stages in the classifier was expected. This was
thought to combat the vanishing gradient problem while

providing regularization. These classifiers take the form
of smaller convolutional networks put on top of the out-
put of the Inception (4a) and (4d) modules. During train-
ing, their loss gets added to the total loss of the network
with a discount weight (the losses of the auxiliary classi-
fiers were weighted by 0.3). At inference time, these auxil-
iary networks are discarded. Later control experiments have
shown that the effect of the auxiliary networks is relatively
minor (around 0.5%) and that it required only one of them
to achieve the same effect.

The exact structure of the extra network on the side, in-
cluding the auxiliary classifier, is as follows:

• An average pooling layer with 5⇥5 filter size and
stride 3, resulting in an 4⇥4⇥512 output for the (4a),
and 4⇥4⇥528 for the (4d) stage.

• A 1⇥1 convolution with 128 filters for dimension re-
duction and rectified linear activation.

• A fully connected layer with 1024 units and rectified
linear activation.

• A dropout layer with 70% ratio of dropped outputs.

• Only 5 million params! (Only one FC layer for convenience)

• Compared to AlexNet:

- 12× less params
- 2× more compute
- Performance on ILSVRC: 6.67% (vs. 16.4%)



ResNet [He et al., 2015]
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Network	“Design”

• Keep	it	simple

• Our	basic	design (VGG-style)
• all	3x3	conv	(almost)

• spatial	size	/2		=>	#	filters	x2	(~same	complexity	per	layer)

• Simple	design;	just	deep!

• Other	remarks:
• no	hidden	fc
• no	dropout

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.

plain	net ResNet
• ILSVRC 2015 winner (3.6% top 5 error)

• 2-3 weeks of training on 8 GPU machine

• At runtime: faster than a VGGNet! (even
though it has 8× more layers)

← “shallow” version of winning entry.

Next slides from:

Deep Residual Networks, Deep Learning Gets Way Deeper by Kaiming He,

ICML 2016 tutorial.



ResNets	@	ILSVRC	&	COCO	2015	Competitions

• 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

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.

*improvements	are	relative	numbers



Revolution	of	Depth
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Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.



ResNet Motivation [He et al., 2015]

Going Deeper requires

• Care with initialization X

• Batch Normalization X

Is learning better networks as simple as stacking more layers?



Simply	stacking	layers?

0 1 2 3 4 5 60 

10

20

iter. (1e4)

train	error	(%)

0 1 2 3 4 5 60

10

20

iter. (1e4)

test	error	(%)
CIFAR-10

56-layer

20-layer

56-layer

20-layer

• Plain nets:	stacking	3x3	conv	layers…
• 56-layer	net	has	higher	training	error and	test	error	than	20-layer	net

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.



Simply	stacking	layers?
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• “Overly	deep”	plain	nets	have	higher	training	error
• A	general	phenomenon,	observed	in	many	datasets

solid:	test/val
dashed:	train

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.
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“extra”	
layers

• Richer	solution	space

• A	deeper	model	should	not	have	higher	
training	error

• A	solution	by	construction:
• original	layers:	copied	from	a	

learned	shallower	model
• extra	layers:	set	as	identity
• at	least	the	same	training	error

• Optimization	difficulties:	solvers	cannot	
find	the	solution	when	going	deeper…

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.



Deep	Residual	Learning

• Plaint	net

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.

any	two
stacked	layers

𝑥

𝐻(𝑥)

weight	layer

weight	layer

relu

relu

𝐻 𝑥 is	any	desired	mapping,

hope	the	2	weight	layers	fit	𝐻(𝑥)



Deep	Residual	Learning

• Residual net

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.

𝐻 𝑥 is	any	desired	mapping,

hope	the	2	weight	layers	fit	𝐻(𝑥)

hope the	2	weight	layers	fit	𝐹(𝑥)

let	𝐻 𝑥 = 𝐹 𝑥 + 𝑥
weight	layer

weight	layer

relu

relu

𝑥

𝐻 𝑥 = 𝐹 𝑥 + 𝑥

identity
𝑥

𝐹(𝑥)



Deep	Residual	Learning

• 𝐹 𝑥 is	a	residual mapping	w.r.t.	identity

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.

• If	identity	were	optimal,
easy	to	set	weights	as	0

• If	optimal	mapping	is	closer	to	identity,
easier	to	find	small	fluctuations

weight	layer

weight	layer

relu

relu

𝑥

𝐻 𝑥 = 𝐹 𝑥 + 𝑥

identity
𝑥

𝐹(𝑥)
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Network	“Design”

• Keep	it	simple

• Our	basic	design (VGG-style)
• all	3x3	conv	(almost)

• spatial	size	/2		=>	#	filters	x2	(~same	complexity	per	layer)

• Simple	design;	just	deep!

• Other	remarks:
• no	hidden	fc
• no	dropout

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.

plain	net ResNet



CIFAR-10	experiments
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• Deep	ResNets	can	be	trained	without	difficulties
• Deeper	ResNets	have	lower	training	error,	and	also	lower	test	error

solid:	test
dashed:	train

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.



Revolution	of	Depth
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(ILSVRC	2014)
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GoogleNet,	22	layers
(ILSVRC	2014)

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.
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Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.



ResNet

• Batch Normalization after every CONV layer.

• Xavier/2 initialization from He et al.

• SGD + Momentum (0.9).

• Learning rate: 0.1, divided by 10 when validation error
plateaus.

• Mini-batch size 256.

• Weight decay of 1e-5.

• No dropout used.



ImageNet	experiments

• A	practical	design	of	going	deeper
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Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.
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Same trick as used in GoogLeNetImageNet	experiments

• A	practical	design	of	going	deeper
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Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.
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Accuracy on ImageNet Vs network size

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⇥106 to 155⇥106 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 200 MHz 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

• Top-1 one-crop accuracy Vs amount of operations required for a single
forward pass.

• The size of the blobs is proportional to the number of network parameters.

Fig: An Analysis of Deep Neural Network Models for Practical Applications by Canziani, Culurciello & Paszke.
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Inception-v4
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Szegedy et al, Inception-v4, Inception-ResNet and the Impact of Residual Connections on Learning, arXiv 2016
 

V = Valid convolutions
(no padding)

1x7, 7x1 filters

9 layers

Strided convolution 
AND max pooling
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Inception-v4
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Szegedy et al, Inception-v4, Inception-ResNet and the Impact of Residual Connections on Learning, arXiv 2016
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Inception-v4
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Szegedy et al, Inception-v4, Inception-ResNet and the Impact of Residual Connections on Learning, arXiv 2016
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Inception-v4
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Szegedy et al, Inception-v4, Inception-ResNet and the Impact of Residual Connections on Learning, arXiv 2016
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Inception-ResNet-v2
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9 layers
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Inception-ResNet-v2
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9 layers

x7
5 x 4 layers

3 layers
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Inception-ResNet-v2
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9 layers

x10

5 x 4 layers

3 layers

3 layers

10 x 4 layers
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Inception-ResNet-v2
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9 layers

x 5

5 x 3 layers

3 layers

3 layers

10 x 4 layers

5 x 4 layers

75 
layers
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Inception-ResNet-v2

15

Residual and non-residual converge to 
similar value, but residual learns faster



Summary

• ConvNets stack CONV,ReLu,POOL layers and then FC layers.

• Trend towards smaller filters and deeper architectures.

• Trend towards fewer POOL & FC layers (just CONV)

• How can you implement a FC connected layer with a CONV
layer?

• Typical architectures look like

[(CONV-RELU)*N -POOL?]*M -(FC-RELU)*K-SOFTMAX

where N is usually up to ∼ 5, M is large, 0 ≤ K ≤ 2.
But recent advances (ResNet, GoogLeNet) challenge this architecture.


