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Recognizing Digits with Nevral Nete.

input layer

nidden layer
(rnn = 15 neurons)

For x representing digit 6:

y(z) = (0,0,0,0,0,0,1,0,0,0)7
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Complexity of the World:

hidden layer

(rnn = 15 neurons)

input layer

784 neurons)

dl
|

output layer

Images have much higher
resolutions and 1input
dimensions.

Number of the categories
and classes are usually
much more than 10.



Sound signal




Sound signal
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Sound signal
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-well, a bird, bird, bird, bird is the word
-well, a bird, bird, bird, well-a bird is the word
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Image signals - locality




Image signals - locality




Image signale - locality




Image signale - locality
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Image S'ign&t/c - S’taﬁonari]fy
Ay A

Image credits: Andy Warhol
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Image signalc - ctationarily
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Image signale - compocitionality
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Image signalc - compocitionality
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Image signalc properties
e Locality - neighboring pixels are correlated

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

e Compositionality - natural images are composed of features
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One dimensional convelvtion

Image credits: Stanford CS 231n
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Outpet Volume (313

ol:,:,8]

Filter W1 (3x3x3)

Filter WO (3x3x3)

wo[:,:,0]

Input Volume (+pad 1) (7x7x3)

x[:,:,0]
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https://docs.google.com/file/d/1Ojt8Dlx9HSmCkXA-jeTece1TB-2Tejke/preview

Kernele

Input image Convolution Feature map
Kemel
-1 -1 -1
-1 8 -1
S, [P, Q|
Input image Kernel Feature map
A, L oL n
16 8 16
1 1 1
8 4 8
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16 8 16




Activations

Sigmoid Tanh
1.0 1.0
1 =g
O-(z)z l+e % a(z) e +e’
g -10 -5 48 5 10
-0.
-10 5 9 5 10 0
(a) (b)
RelLU LeakyRﬁ)LU(a=0.2)
10
5 z,z>0
z,z>0 LcakyRcLU(:):{ :
RelLU (z) =7 az,otherwise
0,otherwise 5 = ) z =
-5
-10 = % 5 10 -10
(c) (d)
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Activations

Sigmoid Tanh Step Function Softplus
PvTorch activation functions @) ) ) !
1 % 5 O' nn
3 1.e” Y=t (x) L. mn 3= La1e€)
Softsign ELU Log of Sigmoid
/H/
/
. 0, x<0 . a1 %0
o g e e "‘(#)
Swish ginc Leaky ReLU Mish

‘~ .._r

Y 1. m= sn(x) 3= max(otx,x) 7 = %o soFDIS ()



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

Convolvtion motivation

weighted thresholded

detectors sums

input
image

C

Slide credit: Yann Lecun

Linear
classifier
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Convolvtion motivation

weighted thresholded weighted  thresholded
detectors sums outputs detectors sums outputs

input
image

input
image

Slide credit: Yann Lecun



Convelvtional featuvree

Low-Level| [Mid-Level High- Trainable
— —
Feature Feature Level Classifier

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



featurec

Conveolvtional

RELU RELU
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Slide credit: Andrej Karpathy
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C'on volvtional kernels

SINEESDNIITN
one filter =>
one activation map

Image credits: Stanford CS 231n

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

Image credit: Stanford CS231n
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C' onvelvtion o,bemtiou

N=7,F=3,5=1
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C' onvelvtion o,bemtiou

N=7,F=3,5=2
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C' onvelvtion o,bemtiou

N=7,F=3,5=2

Output = (N-F)/S+1
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C' onvelvtion o,bemtiou

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

30



C' onvelvtion o,bemtiou

N=7 F=3, S=2,

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

P

1
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Number of parametere

32

32

CONV,
RelLU
e.g.6
5x5x3
filters

28

28

CONV,

RelLU
e.g. 10
5x5x6
filters

10

24

RelLU
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CONYV,
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Pooling layer

224x224x64
112x112x64

pool

—_—

> o 112
224 downsampling
112

224

Advantages?
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Pooling layer

224x224x64
112x112x64

pool

—_—

> o 112
224 downsampling

224

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

224x224x64
112x112x64 Single depth slice
pool \
e % 111|124
max pool with 2x2 filters

SNmoN 7 | 8 and stride 2
3 | 2 NiEED
l T 1 | 2

~ M 112 y
224 downsampling
112

224




1x1 Convolvtions

RelU

>
CONV1 X1

28 X 28 X 192 1 X1 X192 78428 x32

32 filters

A number of filters goes from 192 to 32.

36



Posling layer (Maxpool)

224x224x64
112x112x64 Single depth slice
pool \
e % 111|124
max pool with 2x2 filters

SNmoN 7 | 8 and stride 2
3 | 2 NiEED
l T 1 | 2

~ M 112 y
224 downsampling
112

224




(elVets

Fully
Gonvolon Subsamplin: Convokition Subsamplin o R
(5X5) piing (5%5) pling (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
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= class LeNet5(nn.Module):

: _.m-,[ A of = def _ init (self):

- LeNet 5 | peseancw super(). init ()

ANSW . 3 self.convl = nn.Conv2d(1l, 20, 5, 1)
answer 1 self.conv2 = nn.Conv2d(20, 20, 5, 1)
self.fcl nn.Linear (4*4*20, 500)
self.fc2 nn.Linear (500, 10)
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W (self, x):
.relu(self.convl(x))
.max_pool2d(x, 2, 2)
.relu(self.conv2(x))
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)
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.max_pool2d(x, 2
view(=1, 4*%4%20
.relu(self.fcl)
self.fc2(x)
return F.logsoftmax(x, dim=1)
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ImageNet2021

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

