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High-level introduction to Al
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*PCA: Principal Component Analysis
*SVM: Support Vector Machines
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What are neurons?
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... and what are neural networks?
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Universal Approximation Theorem

A one-hidden-layer neural network with enough neurons can approximate any continuous
function within the given input range.
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Loss and gradient descent algorithm
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https://medium.com/nerd-for-tech/deep-learning-activation-functions-their-mathematical-implementation-b620d536d39b

Image as an input data
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How computer sees an edge
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Convolutional layer

e Capture local patterns and spatial
relationships between pixels

e Parameter efficiency: shared weights

e Better generalization: translation invariance
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Introduction to CNNs

0 0 0 0 ) 0 0 0 0 o 0 0 0 0 0
0 156 | 155 | 156 | 158 | 158 0 167 | 166 | 167 | 169 | 169 163 | 165 | 165
0 153 | 154 | 157 | 159 | 159 0 164 | 165 | 168 | 170 | 170 164 | 166 | 166
0 149 | 151 | 155 | 158 | 159 0 160 | 162 | 166 | 169 | 170 0 156 | 158 | 162 | 165 | 166
0 146 | 146 | 149 | 153 | 158 0 156 | 156 | 159 | 163 | 168 0 155 | 155 | 158 | 162 | 167
0 | 145|143 | 143 | 148 | 158 | .. o | 155 | 153 | 153 | 158 | 168 o | 154 [ 152 | 152 | 157 | 167
Input Channel #1 (Red) Input Channel #2 (Green Input Channel #3 (Blue)
1111 i 0 0
0 2 KO e 1(-1]-1
QIR NN 1])10|-1
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
308 %+ —498 6 3 164 +1=-25
Bias=1

embedded ‘

SUMMIT

Output

-25

12



embedded
Building blocks of CNNs VISI'N

SUMMIT

Input Filter Result

4 lo| 2|58 | 30 - 2 | 6

mp| 6 | 2 | 4|0 |3

5 (6|5 | 4|78/ -

i
[

Parameters:
ST ] 2] Size: f=3 [g) =0*1+20+2°(1)+
Stride: s=1 61 + 8*0 + 2*(-1) +

G} 8 5 3 8 4

Padding: p=o0 2'1 + 80 +8%(-1)

https://indoml.com

n,xn,=6x6
Size (kernel size): The dimensions of the convolutional filter/kernel

Stride: The number of pixels the convolutional filter/kernel moves across the input image or
feature map during each convolution operation.

~ Padding: Additional pixels added around the borders of the input image or feature map to
eb control the output size after convolution and preserve spatial information.
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Stride
Input Filter Result
: 4 9 2 : 5 8 5.
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Dimension: 6 x 6 https://indoml.com
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Padding: same vs. valid
Input Filter
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Building blocks of CNNs
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A Convolution Layer
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Number of
parameters for a
KXK kernel:

(KXKXN+1) XM

N: input depth
M: output depth

ebay Y
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Pooling layer

Max Pooling Avg Pooling
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A multi-layer CNN
fc_3 fc_4
Fully-Connected Fully-Connected

Neural Network
Conv_1 Conv_2 ReLU activation
Convolution Convolution 1 f—&
(S;de) k:;rjel Max-Pooling (51>fd5) k:;{‘e' Max-Pooling (with
valid padding 2x2) valid padding (2x2) ) N

Neural Network

INPUT nl channels nl channels n2 channels n2 channels E : \‘ 9
(28 x 28 x 1) (24 x 24 x n1) (12x12 xn1) (8 x8xn2) (4x4xn2) ’ " ouTPUT
n3 units
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Deep learning is representation learning embedded
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(a.k.a. feature learning) k)
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Applications of CNNs

Image Classification
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Pdog = 0.9
P =0.1
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Object Detection

DOG, DOG, CAT
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Applications of CNNs

Instance Segmentation
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AlexNet (2012) — Top-5 Error 15.3% on ImageNet

224
55 dense dense
27 dense
13 13 13
54- 3. 3 3
N ﬁ = 6 ﬁ:}l‘ B B B
SLu 27 3 113 3 13 3V 13
384 384 256 1000
256 Max Max 4096 4096
% Max pooling pooling
Stride pooiing
3 0f4

“The neural network, which has 60 million parameters and 500,000 neurons, consists of five
convolutional layers, some of which are followed by max-pooling layers, and two globally connected
layers with a final 1000-way softmax.”
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VGG16 (2014) — Top-5 Error 7.32% on ImageNet

224 x 224 x3 224 x 224 x 64

112 x 112 x 128

%'—"56’(256 7x7x512
s 28 x 28 x 512

114 x 1A X512  1x1x4096 1x1 x 1000

=7 convolution+RelLU
—{ max pooling
fully nected+RelLU
softmax
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Popular CNN architectures

Inception (2014)

Motivation: let the network decide what filter size to put in a layer

Filter
Filter concatenation
concatenation

ﬂ\

e | e

3x3 convolutions

5x5 convolutions

1x1 convolutions

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

1x1 convolutions A

4

1x1 convolutions

Previous layer Previous layer

(a) Inception module, naive version
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ﬂtions
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1

3x3 max pooling

(b) Inception module with dimension reductions

embedded ‘

VISITN

SUMMIT

26



embedded ‘
Popular CNN architectures VISIN

SUMMIT

GoogleNet (2014) - Top-5 Error 6.67% on ImageNet




Popular CNN architectures

Residual block with a skip connection

“

weight layer

lrelu

weight layer

J’relu
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Popular CNN architectures
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ResNet (2015) — Top-5 Error 3.57% on ImageNet for ResNet-152
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Trend of CNN-based classifiers

100

90

80

70

TOP | ACCURACY

60
SIFT +.FVs
s &

40
2011

2012

AlexNet

2013

Inception V3

VGG-19

Five Base + Five HiRes

2014

2015

Other models

ResNeXt-101 64x4 g g
e

2016 2017 2018

-8 State—-of-the-art models
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Meta Pseudo Labels (EfficientNet-12)

FixResNeXt-101 32x48d

PNASNet_5 g——8—— ¥

2019

2020 2021 2022

https://paperswithcode.com
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Top-1 accuracy [%)]

SUMMIT"
Inception-v4
80 - :
Inception-v3 . : " ResNet-152
s |ResNet-50 ‘ : ' VGG-16 VGG-19
31 ResNet-101
. ResNet-34
70 - ’ ResNet-18
GcmgLeNet
ENet
65
© BN-NIN

o . . 5 . Comparison of popular CNN

] M 35M 65M 95M 125M - 155M architectures. The vertical axis

BN-AlexNet shows top 1 accuracy on
55 AlexNet ImageNet classification. The
horizontal axis shows the

50 number of operations needed to

0 5 10 15 20 25 30 35 40 classify an image. Circle size is

Operations [G-Ops] proportional to the number of

eb y parameters in the network. 3



CNNs for edge devices

What do we want on edge?
* Low computational complexity
* Small model size for small memory
* Low energy usage

* Good enough accuracy (depends on
application)

 Deployable on embedded
processors

* Easily updatable (over-the-air)

ebay

Top-1 accuracy [%)]
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Input Depthwise separable convolution
224 %224 x 3
Cl: DW2: PW2: F15: layer
32@112x 112 32@112x 112 64@112 x 112 1024

Output

PW3: PW13: PW14:
\ 128@56 X 56 1024@7 x 7 1024@7 x 7 classes
ﬁ[, il b T e

:::‘.:-‘__:, 1 32 1024 Pie
|2 \ 3128
3 7] L]

1

\

3 L ||

) Global average
Depthwise separable pooling

convolution Full
connections

. Depthwise Pointwise Depthwise separable
Convolution convolution  convolution convolution
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Regular convolution

Number of parameters
for a KXK kernel:

KXKXNXM

N: input depth
M: output depth

ebay’ | g
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Depthwise separable

convolution
»:7\?‘
Number of parameters: 3;
5
Depthwise: .‘3;:
e KXKXN
Pointwise:
e 1X1XM
Total:

e KXKXN+M

N: input depth
M: output depth

ebay’ H .
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Model shrinking hyperparameter
Depth Multiplier :: Width Multiplier :: alpha :: a Imagenet Accuracy vs Mult-Adds
80
To thin a network uniformly at each layer R o
®
Number of channels: M - aM g B
%] ®
F @
<
Width Multiplier  ImageNet  Million Million z % ¢
L ]
Accuracy Mult-Adds Parameters %
1.0 MobileNet-224  70.6% 569 4.2 £ 50 "
0.75 MobileNet-224  68.4% 325 2.6 . *
0.5 MobileNet-224  63.7% 149 1.3 40
0.25 MobileNet-224  50.6% 41 0.5 10 100 1000
Million Mult-Adds

Log linear dependence between accuracy and computation
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Let’s uniformly scale network width, depth, and resolution with a set of fixed scaling coefficients

#channels . . | ;
m ke . — wider 1 | — z
! 7 ;

, | , deéper

---layer_i

1~ higher —,-higher
7} resolution HxW ; _resolution ,,:,,reiolulion
(a) baseline (b) width scaling (c) depth scaling (d) resolution scaling (e) compound scaling

Figure 2. Model Scaling. (a) is a baseline network example; (b)-(d) are conventional scaling that only increases one dimension of network
width, depth, or resolution. (e) is our proposed compound scaling method that uniformly scales all three dimensions with a fixed ratio.
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EfficientNets

341

oo
]

Imagenet Top-1 Accuracy (%)

781

761

Note: the baseline BO architecture is 741
designed using neural architecture

search (NAS).

eb

embedded.

VISIN

SUMMIT’
EfficientNet-B7
AmoebaNet-C
AmoebaNet-A _ o= ===" -
L .o
»” NASNet-A .+ SENet
- Leettt
L.t B
_.-=*"" ResNeXt-101
N
Inception-ResNet-v2
‘e ‘
¢~ :Xception

] 4 .
! s oResNet-152 Topl Acc. #Params
. : ResNet-152 (He et al., 2016) 77 8% 60M
Bb : DenseNet-201 EfficientNet-B1 79.1% 7.8M
! ResNeXt-101 (Xie etal., 2017)| 80.9% 84M
P - EfficientNet-B3 81.6% 12M
I ResNet-50 SENGt (Hu et al., 2018) §27%  146M
I NASNet-A (Zoph etal., 2018) | 82.7% 80M
I - EfficientNet-B4 82.9% 19M
Incep’non v2 GPipe (Huang et al., 2018) T 84.3% 556M
NASNet-A EfficientNet-B7 84.3% 66M

] fNot plotted
[ResNet-34 . . . ‘ ‘ .
0 20 40 60 &0 100 120 140 160 180

Number of Parameters (Millions)
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We talked about:

* Deep neural networks and CNNs as the network of choice for computer vision

* The building blocks of CNNs: Convolution layer, pooling layer, padding, stride, etc.

* Application of CNNs in computer vision: image classification, object detection, segmentation, etc.
* CNN architectures: AlexNet, VGG, GoogleNet, ResNet

* Edge-optimized CNNs architectures: MobileNets & EfficientNets

Choosing the right model for an application and hardware is crucial for accuracy and efficiency.
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e EfficientNet: https://arxiv.org/abs/1905.11946

e Papers With Code: https://paperswithcode.com

e Understanding of MobileNet: https://wikidocs.net/165429

e New mobile neural network architectures https://machinethink.net/blog/mobile-architectures/

e An Analysis of Deep Neural Network Models for Practical Applications: https://arxiv.org/abs/1605.07678

e Deep Learning Equivariance and Invariance: https://www.doc.ic.ac.uk/~bkainz/teaching/DL/notes/equivariance.pdf

¢ IndoML Student Notes: Convolutional Neural Networks (CNN) Introduction:
https://indoml.com/2018/03/07/student-notes-convolutional-neural-networks-cnn-introduction/

e Beginners Guide to Convolutional Neural Networks: https://towardsdatascience.com/beginners-guide-to-
understanding-convolutional-neural-networks-ae9ed58bb17d

e A Comprehensive Guide to Convolutional Neural Networks: https://towardsdatascience.com/a-comprehensive-
guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
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