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e Linear classifier ({a] B 28 {4/ 25 28)

— One neuron (—/ M H22JT)
— Multiple neurons (2 M £2JT)

« Multi-layer perceptron (£,

= ACSIL)

— Model representation (B 3£ IR)
— Loss function: the goal for learning

— Training

* Gradient based optimization

* backpropagation



Multi-layer perceptron

* Training Algorithm =1 5O _
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outline

* Modeling of CNN

— Module-wise architecturef B4, 45 14
e Convolutional layer (module)

— Convolution in general

— Filters
— Convolution module

* Pooling layer (module)



Feature extraction

e Feature extraction

— Pixel-wise input

features

Convolutional Neural

Network(CNN), 1 FA 1 iR S
éjx'_i Im é% 3 What the computer sees




Convolution Neural Network

* Lenet-5
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* Modeling of CNN
— Module-wise architecturef& il 4t ¥

e Convolutional layer (module)
— Convolution in general
— Filters
— Convolution module

* Pooling layer (module)



Module-wise architecture

> Torch ‘&

* Model construction

[fanction create model ()
model = nn.Sequential ()

model:add(nn.Linear (3, <))
model:add(nn.Sigmoid())
model:add(nn.Linear(<, 3))

model:add(nn.Sigmoid())
criterion = nn.MSECriterion()
return model, criterion

end
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Module-wise architecture

» Torch -5 Xo=1 5O _

* Training per iteration:

-- forward \X
NAVY A
outputs = model:forward(X) X2 ‘ i‘v}&“)
loss = criterion:forward(outputs, Y) ’ /
-- backward X3 Q \‘/

dloss doutput = criterion:backward(outputs, Y)
model:backward(#, dloss doutput)
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Convolution Neural Network

* Lenet-5
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* Modeling of CNN

— Module-wise architecturef B4, 45 14
e Convolutional layer (module)

— Convolution in general

— Filters
— Convolution module

* Pooling layer (module)



Convolution
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Convolution
B (R B
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Convolution
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* Modeling of CNN

— Module-wise architecturef B4, 45 14
e Convolutional layer (module)

— Convolution in general

— Filters
— Convolution module

* Pooling layer (module)



Practice with linear filters(Z& {4 JE 7

O|0]|O0
O|1(0
0O|0]|O0
Original Filter Filtered

(no change)

Source: D. Lowe




Practice with linear filters

O|0]|O0
0|0 |1
0O|0]|O0
Original Filter Shifted left

By 1 pixel

Source: D. Lowe



Practice with linear filters

111
1
111
O
111
Original Filter Blur (with a
box filter)

Source: D. Lowe



Practice with linear filters
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Filter
Original Output Image

Edge detect (&)



Filters in practise

1 1 1
1
—1 1 1 1
O
1 1 1
Input image filter output image

e Size of output image
— How to move? stride
— How about the border? padding



filters: stride (ZZIE)

7x7 input

assume 3x3 connectivity, stride 1

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



filters: stride

7x7 input

assume 3x3 connectivity, stride 1

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



filters: stride
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filters: stride
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filters: stride

7x7 input

assume 3x3 connectivity, stride 1
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filters: stride

7x7 input

assume 3x3 connectivity, stride 1
=> 5x5 output

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



filters: stride

7x7 input

assume 3x3 connectivity, stride 1
=> 5x5 output

what about stride 27

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



filters: stride

7x7 input

assume 3x3 connectivity, stride 1
=> 5x5 output

what about stride 27

Source: Stanford CS231n,
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filters: stride

7x7 input

assume 3x3 connectivity, stride 1
=> 5x5 output

what about stride 27

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



filters: stride

7x7 input

assume 3x3 connectivity, stride 1
=> 5x5 output

what about stride 27?
=> 3x3 output

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



filters: stride

Output size:

(N-F)/stride+1

e.g.N=7,F=3:
stride1=>(7-3)/1+1=5
N stride2=>(7-3)/2+1=3

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



filters: padding

* |n practice: Common to zero pad the border

01010101010 e.g. input 7x7

0 neuron with receptive field 3x3, stride 1

0 pad with 1 pixel border => what is the
output?

0

0

7x7 => preserved size!

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li




Filters in practise

* “Same convolution”
(preserves size)

Input [9x9]

3x3 neurons, stride 1, pad 1 =>
[9x9]

- No headaches when sizing
architectures
- Works well

e “Valid convolution”
(shrinks size)

Input [9x9]

3x3 neurons, stride 1, pad 0 =>
[7x7]

- Headaches with sizing the full
architecture
- Works Worse!

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



outline

* Modeling of CNN

— Module-wise architecturef B4, 45 14
e Convolutional layer (module)

— Convolution in general

— Filters

— Convolution module

* Pooling layer (module)



Feature detection (43 fiE 445

e Learning filters (weights)

| to NI convolutions
or correlation
or template matching




Convolution Layer ((GfH =)
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Input: Xe
Rdinxhxw

weight: We

Forward (F] 7] 1 F£)

RdouthinXFhXFw

output: YE
Rdoutxhxw

/.

S~
E —=00000
_Az
3 5

X3

Feature maps

32

32



example
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Back-propagation
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* Modeling of CNN

— Module-wise architecturefi b 25 14
e Convolutional layer (module)

— Convolution in general

— Filters
— Convolution module

* Pooling layer (module)



POOLING Layer

* In ConvNet architectures, Conv layers are often followed
by Pooling layers
* makes the representations smaller and more
manageable without losing too much information.
* |nvariant in region.

downsampling ! e

32

16

32

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



MAX POOLING

Single depth slice

max pool with 2x2 filters
and stride 2

11124
56|78
312|110
1123 |4

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



Average POOLING

Single depth slice

1112 4
average pool with 2x2
5 6 7 8 filters and stride 2
> 4.25|5.25
31210
2 2
112 (3|4
y >

Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



Another Motivation of pooling

Sample patches
(regular grid)

[R|E™
' W
: T =
AT

— Red Fox

Classifier

N\
—_— | =

-

Pixels-> SIF Soft Quantization, SPM
descriptor Coding,



Intuitive example
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Source: Stanford CS231n,
Andrej Karpathy & Fei-Fei Li



Famous Net Architecture

Year 2012 Year 2014 Year 2015
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