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Recognizing Digite with Neural Nete.
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Complexity of the World:

hidden layer

i =10 neurons)

Images have much higher
resolutions and input
dimensions.

2 Number of the categories
3 and classes are usually
a much more than 10.
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Image cignalc - locality




Image cignalc - locality




Image cignalc - locality
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Image cignalc - locality




Image cignale - ctationarity

Image credits: Andy Warhol



Image cignals - ctationarity




Image cignals - compos'itioua/i(y
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Image cignals - compogitionality
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Image cignale properties
® |ocality - neighboring pixels are correlated

e Stationarity - similar features can occur multiple times 1in
different positions in the image plane

® Compositionality - natural images are composed of features
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One dimencional convolution

Image credits: Stanford CS 231n
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Ountpest Volume (343
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http://drive.google.com/file/d/1Ojt8Dlx9HSmCkXA-jeTece1TB-2Tejke/view

Kernele

Input image Convolution Feature map
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Activatione

Sigmoid

z,z20
0, otherwise 5|
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Activatione

PyTorch activation functions
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https://pytorch.org/docs/stable/nn.html#non-linear-activations-weighted-sum-nonlinearity

Convolution motivation

weighted thresholded
detectors sums outputs

Linear
classifier

input
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Slide credit: Yann Lecun



Convolution motivation

weighted
detectors sums

thresholded
outputs

Slide credit: Yann Lecun

input
image

weighted  thresholded
detectors sums outputs
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Convolutional features

Low-Level ™ Mid-Level High- Trainable
Feature Feature Classifier

Slide credit: Yann Lecun
Image credit: Visualizing and Understanding Convolutional Networks (Zeiler & Fergus, 2013) 20



[ featurec

Convolutiona
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Slide credit: Andrej Karpathy
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Convolutional kernele

one filter =>
one activation map

Image credits: Stanford CS 231n

example 5x5 filters
(32 total)
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Convolutional low-level features

Image credit: Stanford CS231n
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Convolution operation

N=7,F=3,5=1
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Convolution operation

N=7,F=3,5=2
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Convolution operation

N=7,F=3,5=2

Output = (N-F)/S+1
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Convolution o,bekatiau N=7, F=3, S=1, P=1




Convolution operation

N=7 F=3, S=2, P=1

Output = (N-F+2P)/S+1
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Number of parametere

32

32

CONYV,
RelLU
e.g.6
5x5x3
filters

CONYV,
RelLU
e.g. 10
5x5x6
filters

CONV,
RelLU
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Pooling layer

224x224x64
112x112x64

pool
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224

Advantages?
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Pooling layer

224x224x64
112x112x64

pool

_—

> . 112
224 downsampling

224

reduce the spatial size of the representation
control overfitting.
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Pooling layer (Maxpool)

224x224x64
112x112x64 Single depth slice
pool 1
— X 111|124
max pool with 2x2 filters
SRINGEl 7| 8 and stride 2
3 | 2 EiNED
l I 1| 2 |[B33F4
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> o 112
224 downsampling
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1x71 Convolutione

RelU

>
CONV1Xx1

28 % 28 X 192 1x1 X192 28428 %32

32 filters

A number of filters goes from 192 to 32.
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(eMet5

Fully
Convolution . Convolution _ Convolution connected Output
(5X5) Subsampling (5%5) Subsampling (5X5) layer

Input Feature Map Feature Map Feature Map  Feature Map

32X32X1 28 X 28 X 6 14X14X6 10X10X16 5X5x16 120 8 10
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Credit: Yann Lecun

RESEARCH
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class LeNet5(nn.Module):

L= g o def init (self):
mTE LeNel 5 | peseancw super(). init ()

DI RW . .3 self.convl = nn.Conv2d(1l, 20,
auswer i self.conv2 = nn.Conv2d(2€
self.fcl = nn.Linear(4*4*20

= self.fc2 ; nn.Linear(500,
58336115

4 | &
orward(self, x):
.relu(self.convl(
.max pool2d(x, 2,
.relu(self.conv2(x
)

X)

.max pool2d(x, 2
view(=1, 4*4%20
.relu(self.fcl)
self.fc2(x)
return F.logsoftmax(x, dim=1)

m o nnuwnn

f
X
X
X
X
X
X
X
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Alex\et

18.2% error in Imagenet
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https://paperswithcode.com/sota/image-classification-on-imagenet
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