CNN Architectures

Neural Networks Design And Application
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Fig. 1. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recog-
nition. Each plane is a feature map, i.e. a set of units whose weights are constrained
to be identical.



Difference between ConvNet and MLP

* Sparse connectivity
* Parameter sharing

* Equivariant representations
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Sparse connectivity of convolution

x and w are vectors; s is a scalar number

x'w—os

x,W1 = xl'Wl,i

5
i=1

Feedforward network (fully connected layer)

Q: how many arrows we have?

For each x;: from s; to s5=25 arrows
X1, .-, X525 arrows



Sparse connectivity of convolution

=1
5
x,W3 = z xiW3’i
=1
5
!/
X Wy = Z XiWy i Feedforward network (fully connected layer)
i=1
5 Q: how many arrows we have?
! f— .
X Ws = z XiWs,i For each x;: from s; to s5=25 arrows

=1 X1, .., X525 arrows
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Sparse connectivity of convolution

=1
5
x'wsg = z X;W3 i
=1
5
!/
X Wy = Z XiWy i Feedforward network (fully connected layer)
i=1
5 Q: how many arrows we have?
! f— .
X Ws = z XiWs,i For each x;: from s; to s5=25 arrows

=1 X1, .., X525 arrows
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Sparse connectivity of convolution

XiWa i Feedforward network (fully connected layer)

Q: how many arrows we have?

i=1

5
Z [Wy, Wy, W3, Wy, Wi |
i=1

5

XiWs,i For each x;: from s; to s5=25 arrows
1=1 X1, .-, X525 arrows




Sparse connectivity of convolution

XiWa i Feedforward network (fully connected layer)

(5x5 weight matrix)
Q: how many arrows we have?

i=1

5
z [W17W2'W3'W4r WS]
i=1

5

XiWs,i For each x;: from s; to s5=25 arrows
1=1 X1, .-, X525 arrows
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Sparse connectivity of convolution

)

Convolutional layers

Q: how many arrows we have?

For each x;: connect to 3 s outputs
X1, -, X523%5-2=13 arrows
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Sparse connectivity of convolution

OX X X NO
@@ O

Convolutional layers

Q: how many arrows we have?

For each x;: connect to 3 s outputs
X1, -, X523%x5-2=13 arrows



Sparse connectivity of convolution

G’vﬁ () ‘9
oIk e

Convolutional layer
Q: how many arrows we have?

For each x;: connect to 3 s outputs
X1, -, X523%x5-2=13 arrows
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Sparse connectivity of convolution

The view of convolutional kernel/filter

OO NONONO,
OGGG

Q: filter size and stride?

Filter size = 3 + stride = 1 with 0-pading



Sparse connectivity of convolution

The v volutional kernel/filter

0@0

Sloa e

Q: filter size and stride?

Filter size = 3 + stride = 1 with 0-pading



Sparse connectivity of convolution
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Sparse connection Weights—>13 scalar numbers

T ) z3 T4 Ts

Dense connection Weights—> 25 scalar numbers
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Sparse connectivity of convolution
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Sparse connection Weights—>13 scalar numbers

Dense connection Weights—> 25 scalar numbers
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Sparse connectivity of convolution
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Sparse connectivity of convolution
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Sparse connectivity of convolution
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Sparse connectivity of convolution
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Sparse connectivity of convolution

@0@

Receptive field of g3
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Sparse connectivity of convolution
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Deep layers has larger receptive field than shallow layers

Receptive field of g3
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Sparse connectivity of convolution

3 layers =

Q@Q@
000@0

ORONORONO
\ J

Deep layers has larger receptive field than shallow layers

Receptive field of g3

Units in deep layer
indirectly connect to
all/most input image
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Sparse connectivity of convolution

3 layers

Q@Q@
000@0

ORONORONO
\ J

Deep layers has larger receptive field than shallow layers
Q: larger stride of convolution filter = increase receptive field?

Receptive field of g3

Units in deep layer
indirectly connect to
all/most input image
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Parameter sharing
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In MLP (FC layer): wTx
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Parameter sharing

O

Consider the same filter
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Parameter sharing

Consider the same filter

oYoYoYo¥o
oliololo
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Parameter sharing

ONO.

Consider the same filter
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Parameter sharing

Consider the same filter (but different part of input feat. map)

In convlayer:

wT (x5 %55 x3)
WT(Xzi X35 X4)
w (x3; %45 x5)

42
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Pooling: invariance to small translation
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Pooling: invariance to small translation

POOLING STAGE

@ @ @ @ Q: what is type of pooling?
Max or average pooling?

DETECTOR STAGE

POOLING STAGE
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Pooling: invariance to small translation

POOLING STAGE
@ @ @ @ Q: what is type of pooling?
» Max or average pooling?

Max pooling

DETECTOR STAGE

POOLING STAGE
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Pooling: invariance to small translation

POOLING STAGE

DETECTOR STAGE

POOLING STAGE

DETECTOR STAGE
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Pooling: invariance to small translation

POOLING STAGE

DETECTOR STAGE _ _ _
Translate: change the input value a little bit

+ change their positions
POOLING STAGE
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Pooling: invariance to small translation

POOLING STAGE

“ “ ,A, 'A‘
D )

DETECTOR STAGE

Translate: change the input value a little bit
+ change their positions
POOLING STAGE

57

DETECTOR STAGE



Seagull =17
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Seagull =17

Seagull isin the center
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Seagull =17

“CHARTER
FISHING BoaT
- SUSAN HUDSON 4

| BLUES-FLUKE-WRECK FisHiy

60



Seagull =17

_CHARTER
FISHING BoaT \§
. SUSAN HUDSIN 0

Seagulls are present, but not in the center
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Seagull =17

== time
CHARTER
FISHING Boar \§

BLUES-FLUKE-WRECK FISHiN

Seagulls are present, but not in the center
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Seagull =17
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CNNs can tell:

whether seagulls are present
Not tell:

their positions in the image

Seagulls are present, but not in the center .



Seagull =17

CI-IARTER
FISHING BOAT

CNNs can tell:

whether seagulls are present
Not tell:

their positions in the image

Invariant to small translations

7 il

Seagulls are present, but not in the center .



A typical convolutional layer

Next layer

Pooling layer

\

Detector layer: Nonlinearity

e.g., rectified linear

A

Convolution layer:

Affine transform

f

Input to layers
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A typical convolutional layer

Next layer

Pooling layer

3

Detector layer: Nonlinearity

e.g., rectified linear

A

Convolution layer:

Affine transform

*

Input to layers

66



A typical convolutional layer

Next layer

Pooling layer

A

Detector layer: Nonlinearity

e.g., rectified linear

A

Convolution layer:

Affine transform
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Input to layers
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A typical convolutional layer

Next layer

A

Pooling layer

A

Detector layer: Nonlinearity

e.g., rectified linear

A

Convolution layer:

Affine transform

T

Input to layers
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Next layer

A

Pooling layer

A

Detector layer: Nonlinearity
e.g., rectified linear

A

Convolution layer:
Affine transform

T

Input to layers

Merge

A typical convolutional layer

Next layer

LR

Convolutional Layer

Pooling stage

\

Detector stage:

Nonlinearity
e.g., rectified linear

A

Convolution stage:
Affine transform

EEe Tre e

Input to layer
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Output ol soitmax:
1,000 class
probabilities

Output of soitmax:
1,000 class
probabilities

Output of soitmax:

1,000 class
probabilities

*

*

*

Output of matrix
multiply: 1,000 units

Output of matrix
multiply: 1,000 units

Output of average
pooling: 1x1x1,000

Output of reshape to

vector:
16,384 units

Output ol reshape to
vector:
576 units

Output ot
convolution:

16x16x1,000

t

Output of pooling
with stride 4:
16x16x64

Output of pooling to
3x3 grid: 3x3x64

Output of pooling
with stride 4:
16x16x64

Output of
convolution +
ReLU: 64x64x64

Output of
convolution +

ReLU: 64x64x64

Output of
convolution +
ReLU: 64x64x64

Output of pooling
with stride 4:
64x64x64

Output of pooling
with stride 4:
64x64x64

Output of pooling
with stride 4:
64x64x64

Output ot
convolution +
ReLU: 256x256x64

Output ot
convolution +
ReLU: 256x256x64

t

t

Output of
convolution -+

ReLU: 256x256x64

Input image:
256x256x3

Input image:

256x256x3

t

Input image:
256x256x3
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Output ol soitmax:
1,000 class
probabilities

*

Output of matrix
multiply: 1,000 units

Output of reshape to

vector:
16,384 units

Output of soitmax:
1,000 class
probabilities

*

Output of matrix

multiply: 1,000 units

Output ol reshape to
vector:
576 units

* 1

Output of soitmax:

1,000 class
probabilities

*

Output of average
pooling: 1x1x1,000

Output ot
convolution:

16x16x1,000

Output of pooling
with stride 4:
16x16x64

Output of
convolution +
ReLU: 64x64x64

Read: Figure 9.11 in deep learning book
Try to understand how we can design architecture
and build these three networks

Output of pooling
with stride 4:
16x16x64

Output of pooling
with stride 4:
64x64x64

Output ot
convolution +
ReLU: 256x256x64

t

Input image:
256x256x3

x

convolution +

ReLU: 64x64x64

Output of pooling
with stride 4:
64x64x64

Output ol
convolution +
ReLU: 256x256x64
Input image:

256x256x3

Output of
convolution +
ReLU: 64x64x64

Output of pooling
with stride 4:
64x64x64

Output of
convolution -+

ReLU: 256x256x64

t

Input image:
256x256x3
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AlexNet

dense dense
dense

1000

Max Max 4096 4096
Max pooling pooling
pooling

3 of 4
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VGG-16

224 x 224 x3 224 x 224 x 64

|12 x 128

56(x 56 x 256

28 x 28 x 512

14 x 14 x

X 7x512
512

)

(1) convolution+RelLU
—{ max pooling
| fully nected+RelLU
' softmax

[VGG]

1x1x4096 1x1x1000

Convolution2D

Convolution2D

MaxPooling2D

Convolution2D

Convolution2D

MaxPooling2D

Convolution2D

Convolution2D

Convolution2D

MaxPooling2D

Q000D

Convolution2D

Convolution2D

Convolution2D

MaxPooling2D

Convolution2D

Convolution2D

Convolution2D

MaxPooling2D

Flatten

000l
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ImageNet competition

19 hyers l I I I

8 Iayers 8 Iayers shallow

S R W

ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
VGG AlexNet
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ImageNet competition

More layers

19 'ayers I I I I

shallow

8 layers \ 8 Iayers

S |

ILSVRC'14  ILSVRC'13  ILSVRC'12
VGG AlexNet

ILSVRC'11

ILSVRC'10
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ImageNet competition

More layers
19 'ayers ‘ I I I I
8 layers ] 8 Iayers shallow |

-l l—l

ILSVRC'14  ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
VGG AlexNet

P
<«

Better performance
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Inception (GoogleNet

DeathConcat

La+165)

DeatnCancat

Maxpoot
3341

DepthConcat

DeatnCancat

Depthceneat

[Er—
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Inception (GoogleNet

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions [} [} [}
1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer

DeatnCancat

[Er—
3134115)

11w
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Inception (GoogleNet

Filter
concatenation

1x1 convolutions

—

3x3 convolutions

5x5 convolutions

1x1 convolutions

)

1x1 convolutions

Previous layer

1x1 convolutions

)

3x3 max pooling

S

cony Cony
pasis) | | zasas)

[Er—

xi+215)
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Inception (GoogleNet

Filter
concatenation

N

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

)

1x1 convolutions

1x1 convolutions

)

3x3 max pooling

Previous layer

=

Filter
concatenation

1x1 convolutions

3x3 convolutions

5x5 convolutions

Previous layer

o

3x3 max pooling

1:1+165)

DeatnCancat

[Er—

11w

[E—

xi+215)

80



Inception (GoogleNet

Filter
concatenation

N

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

)

1x1 convolutions

1x1 convolutions

)

3x3 max pooling

Previous layer

Q: difference between those two variants?

=

Filter
concatenation

1x1 convolutions

3x3 convolutions

5x5 convolutions

Previous layer

o

3x3 max pooling

Cony
21+1(5)




Inception (GoogleNet

Filter (tensor)
3%X3

Input tensor
1Xd, X3

~

Output matrix
(dy —2)x(d, —2)

DeathConcat

Cony
14205

Cany
1es1(5)

214105

Maxpool
3u3+1(5)

MaPeal
31301(5)
o
DeathConcat e
Conv comu Cony
LaasLis) pasis) | | zasas)

xi+1i5) 11 +41(5)

DeatnCancat

Con

e W
1a1+105) 11:105)

La1+1(5) 1:1+4165)

[Er—

3134115)

11w

x7+215)
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Inception (GoogleNet

Filter (tensor)
3%3 i

Cany Conv Conv
1es1(5) 1x1e1(5)

MaPeal
31301(5)

DeatnCancat @

Conv
111+1(5)

Aweragepool
5150300

1:1+42(5)

xi+1i5)

Mazpool
31341(5)

DeatnCancat

Conv
11:105)

~

Input tensor Output matrix
d,Xd,X%3 (di — 2)x(d, —

Pl
+1(5)

[Er—

3134115)

a tensor = a matrix (channel)

a filter/kernel
G



Inception (GoogleNet

Filter (tensor)
3%3 i

Cany Conv Conv
1es1(5) 1x1e1(5)

MaPeal
31301(5)

DeatnCancat @

Conv
111+1(5)

Aweragepool
5150300

1:1+42(5)

xi+1i5)

Mazpool
31341(5)

DeatnCancat

Conv
11:105)

~

Input tensor Output matrix
d,Xd,X%3 (di — 2)x(d, —

Pl
+1(5)

[Er—

3134115)

a tensor > m matrices (channels)

m filter/kernel
G



Inception (GoogleNet

Computationally heavy

1x1 convolutions

Filter

concatenation

3x3 convolutions

5x5 convolutions

1x1 convolutions

Ty
.

Ty
..

1x1 convolutions

1x1 convolutions

)

3x3 max pooling

Previous layer

=

Filter
concatenation

1x1 convolutions

3x3 convolutions

5x5 convolutions

=

Previous layer

Computationally heavy

—

3x3 max pooling

[Er—

3134115)
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Inception (GoogleNet

Computationally heavy

Filter
concatenation

3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions [}
1x1 convolutions 1x1 convolutions 3x3 max pooling

S e e

Dimension reduction

Previous layer

Filter
concatenation
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling

= —

[Er—

3134115)

Computationally heavy

Previous layer




Inception (GoogleNet

Computationally heavy

Filter
concatenation

3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions [}
1x1 convolutions 1x1 convolutions 3x3 max pooling

S e e

Dimension reduction

A
\

Less channels

Previous layer

Filter
concatenation
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling

= —

[Er—

3134115)

Computationally heavy

Previous layer




Inception (GoogleNet

AveragePool
IX7+1(V

a linear model

14205

DeathConcat

DepthConcat

5+15)

DeatnCancat

Depthceneat

[Er—
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Inception (GoogleNet

MaxPool
3x3+2(S)

LocalRespNorm

Conv
3x3+1(S)

Conv
Ix1+1(V)

LocalRespNorm

MaxPool
3x3+2(S)

Conv
7x7+2(S)




Inception (GooglLeNet)

SoftmaxActivation

Conv
1x1+1(S)

AveragePool
5x5+3(V)

SoftmaxActivation

Conv
1x1+1(S)

AveragePool
5x5+3(V)
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Inception (GooglLeNet)

Conv
1x1+1(S)

AveragePool
5x5+3(V)

Conv
1x1+1(S)

AveragePool
5x5+3(V)

AveragePool
Ix7+1(V)

Q: why output prediction
from lower layers?




Inception (GooglLeNet)

Conv
1x1+1(S)

AveragePool
5x5+3(V)

Conv
1x1+1(S)

AveragePool
5x5+3(V)

AveragePool
Ix7+1(V)

Q: why output prediction
from lower layers?

Hint: remember gradient vanishing?

1e1+15) il 33

14105 [l 3.

1+15)

‘‘‘‘‘

.....

111111111

1:1+165) [l 3

11165

111111




of layers

e LeNet-5: 3 conv + 2 fc
e AlexNet: 5 conv + 2 fc More conv layers
e VGG-16: 13 conv + 2 fc
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Q: why they did not develop some architecture with more layers?



of layers

e LeNet-5: 3 conv + 2 fc
e AlexNet: 5 conv + 2 fc More conv layers
e VGG-16: 13 conv+2fc ¢

Q: why they did not develop some architecture with more layers?

Hint (again): remember gradient vanishing?



Gradient vanish

0 20 40 60 80 100

Sigmoid function



Gradient vanish

1.0

fn(-..(fz(fl(x)))) —? 0.8

fi = xi 0.6
<
—
0.4
dxn dxn dxz dx1
dxl B dxn—l dx1 dx

0.2

—
gradients->0 0,6/\

40 60 80 100

Sigmoid function

gradients->0
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Gradient vanish

1.0

fn(-..(fz(fl(x)))) —? 0.8

fi = xi 0.6
<
—
0.4
dxn dxn dxz dx1
dxl B dxn—l dx1 dx

0.2

gradients-> 0.0b.6 =//i\

40 60 80 100

Sigmoid function

gradients-> 0.01
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fu (- (R(AG))) -7

dx,

Gradient vanish

dx1

fi = xi
X
P
dx, dxy | dxq
Axn—1 dxq | dx

_—
gradients-> 0.01.6 C——— | | |
40 60 80 100

1.0

0.8

0.6

0.4

0.2

Sigmoid function

gradients-> 0.01
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Gradient vanish

1.0 ! .
fu (- (R(A())) 7 0.8+ -voovrer R s
fi = x; 0.6F e --------------------------------
> 5
= s i
0.4F it L ... .
dx, dxy | dxq | |
Xy dx, | dx . 5
Id nl 1 02k ... 4
— 0.01"
gradients-> 0.01.6 C— ! | |
40 60 80 100
X

Sigmoid function

gradients-> 0.01
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of layers

e LeNet-5: 3 conv + 2 fc
e AlexNet: 5 conv + 2 fc
e VGG-16: 13 conv + 2 fc

Q: why they did not develop some architecture with more layers?

Optimization may be difficult.

56-layer

Training error
Test error

. L .
lterations lterations 01



of layers

e LeNet-5: 3 conv + 2 fc
e AlexNet: 5 conv + 2 fc
e VGG-16: 13 conv + 2 fc

Q: why they did not develop some architecture with more layers?
Optimization may be difficult. We do not have a good solution as our model.

56-layer

56-layer

Training error

Test error

: | .
lterations lterations 10



DeathConcat

14205

Inception

- ((100)))) -7

sx5+115)

La+1s)

DepthConcat

Xn dx, dx, | dxq

X1 [dxp—1 dxq | dx

DeatnCancat

— 0.01"

Depthceneat

[Er—
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Inception

fo (- (R G)) 4 (- vz (0))

dx; Jdxp_q dx, | dx




Inception

fo (- (R G)) 4 (- vz (0))

dxn|_ | dxn dx, dxq N dxm dXpni+2 dXp41
dxq a dxXnp—1 dx; dx | |dx;-1 adx,+1 dx
— 0.01" >>0

Will not be very small




Residual neural networks (ResNet)

20r 20
E’?« @ 56-layer
=} M
E 100 E 10k 20—layer
%ﬁ 56-layer >
k= g
E 20-layer
: 0

5 6

=

1 2 5 6 0 1 2

=

iter.3 (le«il}l4 iter.3 (le4)4
Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.
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Residual neural networks (ResNet)

207 20

56-layer

20-layer

=
T

56-layer

training error (%)
test error (%)

20-layer

0

5 6 GD 1 2

0 1 2 5 6
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer [‘plain” networks| The deeper network
has higher training error, and thus fest error. Similar phenomena
on ImageNet is presented in Fig. 4.

Without special structure other than conv/fc layers
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ResNet: shortcut connection
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Figure 2. Residual learning: a building block.
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Figure 2. Residual learning: a building block.
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Figure 2. Residual learning: a building block.
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ResNet: shortcut connection

X
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Addition operation ——{ F(x) + x
l Figure 2. Residual learning: a building block.

implication: same dimension

111



ResNet

34-layer residual
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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34-layer residual
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ResNet
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architecfures for ImageNet. Left: the
IV_GG—19 model [41] (19.6 billion FLOPs) Jas a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architecfures for ImageNet. Left: the
IV_GG—19 model [41] (19.6 billion FLOPs) Jas a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.
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Figure 3. Example network architecjures for ImageNet. Left: the

IV_GG—19 model [41] (19.6 billion FLOPs) Jas a reference. Mid-

dle: a plain network with 34 parameter layers| (3.6 billion FLOPs).

Right: a residual network with 34 parameter layers m
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more details and other variants.

Q: VGG-19 has much more FLOPS than 34-layer plain
network and 34-layer ResNet?
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Figure 3. Example network architecjures for ImageNet. Left: the

IV_GG—19 model [41] (19.6 billion FLOPs) Jas a reference. Mid-

dle: a plain network with 34 parameter layers| (3.6 billion FLOPs).

Right: a residual network with 34 parameter layers m
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more details and other variants.

Q: VGG-19 has much more FLOPS than 34-layer plain
network and 34-layer ResNet?

Reading material
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