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Features: 28x 28 matrix
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https://en.wikipedia.org/wiki/National_Institute_of_Standards_and_Technology

Convolution Layer

activation map

__— 32x32x3 image
5x5x3 filter

=

32
3 1

convolve (slide) over all
spatial locations

| f we have 6 5x5 filters, v
We stack these up to get a new image of size 28x28x6




COﬂVOIUUOﬂ These are the network
- parameters to be learned.
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Each filter detects a

small pattern (3 x 3).
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Convolution
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stride=1

Two 4 x 4 images
Forming 2 x4 x 4
matrix




Convolution

1

-1 |Filter 2

-1

H[ 1] 1

-1 1

a lnlalAalaAal.

1 lnlalalAlal

— 0110|0110

-1 |Filter1[H -1 | 1

111

Color imaqe: ‘R(}B 3 channels




Preview: ConvNet is a sequence of Convolutional Layers, interspersed with
activation functions
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32 filters filters
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Low level Mid level High level
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A closer look at convolution operation:

Stride=1

N=input image size
/X7 input Image

F=filter size
3x3 filter

Output will be 5x5




Stride=2

N=input image size
/X7 input Image

F=Filter Size
3x3 filter

Output will be 3x3




Output Size of convolution operation?

e.g. N=7 and F=3

(7-3)

For Stride=1, Output = — t 1=5
For Stride=2, Output = U3 1 1=3
cq (7-3)
For Stride=3 , Output — 3 +1= 2,33(Does not fit)
 N-F
Output Image Size = Stride +1

N: Input Image Size, _F:Filter Size




In practice: Common to zero pad the border

P=1 (Zero padding with one)

N=input image size
/X7 input Image

After zero padding with one
Input image will be 9x9x

F=Filter size
3x3 filter

Output will be 7x7

(Same size with input image)




Filters of size F x F and zero padding1(H 2 will
preserve the output image size

e.g.

F=3, Zero padding with 1

F=5, Zero padding with 2




Exercise
Inputimagevolume= 32x32x3

10 Filterswith thesize of 5x5x3with stridel, pad2

Outputvolumesize=7??




Exercise
Inputimagevolume= 32x32x3

10 Filterswith thesize of 5x5x3with stridel, pad2

Outputvolumesize= 32x32x10




Exercise
Inputimagevolume= 32x32x3

10 Filterswith thesize of 5x5x3with stridel, pad2

Numberof parametere this layer=7??




Exercise
Inputimagevolume= 32x32x3
10 Filterswith thesize of 5x5x3with stridel, pad2

Eachfilter has 5x5x3=75 +1 (+1 biasparameter

Numberof parameters thislayer= 10x76=76(arameters




Summary. To summarize, the Conv Layer:

» Accepts a volume of size W; x H; x D,
» Requires four hyperparameters:
Number of filters K,
their spatial extent F,
the stride S,
o the amount of zero padding P.
 Produces a volume of size Wy x Hy x D5 where;
o Wo=(W; —F+2P)/S+1
o Hy = (Hy; — F +2P)/S + 1 (i.e. width and height are computed equally by symmetry)
o D2 =
« With parameter sharing, it introduces F - F' - Dy weights per filter, for a total of (F' - F' - D) - K weights
and K biases.
« In the output volume, the d-th depth slice (of size W5 x H>) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of S, and then offset by d-th bias.
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(btw, 1x1 convolution layers make perfect sense)

o6

o6

1x1 CONV
with 32 filters

(each filter has size

1x1x64, and performs a

64-dimensional dot

product)

32

o6

56




Visualization of VGG-16 by Lane Mcintosh. VGG-16

P reView [zeiler and F er gUS 2013] architecture from [Simonyan and Zisserman 2014].
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Max Pooling

A Makesthe representatiorsmallerandmore manageble
A Operatesvereachactivationmapindependently
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Why Pooling

Subsampling pixels will not change the object

bird
bird

We can subsample the pixels to make image smaller

‘ fewer parameters to characterize the image




Max Pooling

New image
1/0/0/0|0]|1 but smaller
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2 X 2 Image

6 X 6 Image .
J Each filter

IS a channel




Max Pooling

A Makesthe representatiorsmallerandmore manageble
A Operatesvereachactivationmapindependently
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Activation Functions

Sigmoid Leaky ReLU ‘”
_ 1 max(0.1z, x)
U(iB) T 1l4e T |

tanh Maxout

tanh($) 0 0 max(w?m + by, ’w;a: + bo)
RelLU ELU

max(0, ) { w20 _

ae®—1) <0 -a—rrAd




Activation Function: Sigmoid

Takes a real -valued number and
osquashesod6 it into ra
0 and 1.

-6 -4 -2 0 2 4 6

+ Nice interpretation as the  firing rate of a neuron
A 0 = not firing at all
A 1 = fully firing

- Sigmoid neurons saturate and kill gradients , thus NN will barely learn
Awhen the neuronds activation are O
‘b gradient at these regions almost zero
‘b almost no signal will flow to its weights
b if initial weights are too large then most neurons would saturate



Activation Function: tanh

1.5

1.0 Takes a real -valued number and

osquashesod6 it i nto reze
-1 and 1.

- Like sigmoid, tanh neurons saturate
- Unlike sigmoid, outputis zero-centered
- Tanhis a scaled sigmoid: tanh(x) = 2sigm(2x) — 1



Activation Function :Relu
Rectifled Linear Unit

10

f(z) = {“ — Takes a real -valued number and
z for >0

8

6 thresholds it at zero
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Most Deep Networks use RelLUnowadays

KO Trains much faster
A accelerates the convergence of SGD
A due to linear, non -saturating form
KO Less expensive operations
A compared to sigmoid/ tanh (exponentials etc.)
A implemented by simply thresholding a matrix at zero
KO More expressive
KO Prevents the gradient vanishing problem
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1 Fully Connected
Feedforward network



