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Introduction

Shallow Neural Network Deep Neural Network
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Deep Learning : how does it work ?

x1

Pré-activation

Z(xy,x32) =wix; +waxa + b

Activation

X2 ’ v = A(z) = sigmoid(z)




Deep Learning : how does it work ?
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Deep Learning : global process

a. Initialization : Init weights (W) and bias (b) with random values

b. Forward Pass : get predictions using the proposed neural network

c. Error calculation : compare predicted values vs. real values
d. Backpropagation : update the weights using gradient descent

e. Iterate : Repeat the previous steps until get efficient model.

Adjust parameters

e, W,

Piriitiates —><> estimated ), o srxor.d
Labeled X,——  values b, error

Input —_— "
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Main challenges of Al and Deep Learning

Explainable & interpretability ?

Can we trust DL models ?
Why ? When ? Etc.
Explainability: justify each action
Interpretability: explain in

understandable terms

Multimodal Learning ?

Manage different modalities
Images, videos, text, signals, etc.

Multimodal Deep Learning

Ls™M

Oulput
Inpat

Slow training process?

Accelerate the training process ?
Exploit dist. res (CPUs/GPUs)

Distributed Deep Learning

| Parameter Server: W, =} 2 W, | |
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Why Edge Computing ?

* loT: network of connected and embedded objects with sensors, software, etc.

* loT: a high number of connected objects with smart objects, homes, cities, etc
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Why Edge Computing ?
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Edge Al challenges

" Different embedded devices for Al “Edge Al Devices” Edge Al Hardware
Jetson
Raspberry Pi Nanh Xavier Orin

* Edge Al devices : limited power, memory and storage and energy efficient
* Problem : High needs of DL models (computation power, RAM, storage, etc.)

mainly for real time applications using HD or Full HD cameras

* Challenge: Optimisation & compression of DL models in order to be

deployed on Edge Al resources with the maintain of a good accuracy

Université de Mons
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Related work

4 Questions about pruning :

How ?

Where ?

What ?

When ?




Related work : Pruning

e Howto prune?

Irregular » Regular
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Related work : Pruning

* Where to prune ?

50%

Local Pruning Global Pruning




Related work : Pruning

* What to prune ?

Magnitude based pruning

w; if |w;| > A

threshold(w;) = { 0 if Juw| < A

Node Pruning

Movement based pruning

oL 7(t)
i > (aw—) W

—




Related work : Pruning

* When to prune ?

Initial training ‘ ‘ Retraining ‘ ‘ Retraining
Input I l I l ‘ I
layer E % ﬁ? Prunms Y N\ Iterative
Hidden W
: Prunln
:H'EI' A : ’
Output W w
layer
One iteration Many iterations

» One Shot pruning <

» lterative pruning <

Université de Mons
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Related work : Quantization

index : [in bits] value
quantization > 1 [01] 0
2 | [10] 0.4
32 bit 32 bit
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Related work : Quantization
1l

Benefits:

* Faster arithmetic operations

* Reduction in model size

* Compatibility with more (and less) devices

When to apply ?

* Dynamic Quantization : quantization of weights only (both fp16 and int8)

* Static Post training quantization : quantization of weights/activations (8 bit)

* Quantization Aware Training



Quantization Aware Training

Layer parameters

Inputs . ,
(Previous layer outputs) Weights Bias
- - - { ;
if training: Update scale factor | Update scale factor
¥ ¥
Quantize Quantize

! !

Layer operation (Convolution, FC...)

;

if training: Update scale factor

;

Quantize

!

Outputs
(Next layer inputs)

*Quantized forward pass < Non-quantized backward pass Skipped during inference
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Knowledge Distillation : Process

Teacher Neural Network(pretrained)




Knowledge Distillation : Process

Training data

Teacher soft labels
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DNN compression : discussion

 Major methods generate sparse neural networks
 Reduction of Mem size but no reduction in comp time or RAM consumption

* Not suitable for Edge Al applications |

Block pruning Proposal
* Analyze the dependency of the neural network nodes - blocks
* Calculate the average magnitude of the blocks

* Remove the low magnitude blocks

* Generate a Dense and pruned neural network




DNN compression : discussion & illustration
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DNN compression : discussion
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DNN compression : discussion
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DNN compression : discussion

Flatten LinearT
(18)  (2,18)

Convolution 2 Résultats 0 1|2
(2,2,3,3) intermédiaires o 4|4
Sortie conv2 Relu
g I 213 19
norme 2 filtre 2 < norme 2 filtre 1 42|86 314|418 213 (3.3) (3,3)
9 8 7 474 |-333 345 474 7|3
. -314 418|213
. Sortie conv1 Relu 11 5 o 154\ s 0 418 213 o 2l
Convolution 1 (5,5) (5,5) + 474 333345 ™% 474 0 345
. (2,1,3,3) " 345 3 2 _
Image d'entrée 1. 7|4 0 0|0 525 77 154 525 77 154 525 e Sortie
(9,9 @ o Lio1 272125 [22 0 270 25] 0 5 7 8 0 0 0 @)
77 6 -5
5|-7 |4 . 4 — —» | -194 | 6688
21713 8l0l7!5 10 63 13 18 17| 110 0 0 18 17 4 2 9 0o 0|0
5l1/9/3|1/5 4 5 3 9 » 36 34 27 28 -2 —> 0 34,0 0 0 e 154 3|2
5025 6|76 1 1,2 -6 0 -60 27 -41 42 0 0|27 0 42 71 31
4417 1/5/3 4 74 -81 55|/ 0 8 74 0 55 0 | 8 1 713 71 76 58 76 91
411 7 2/7 7 3 0 ololao o 0 o0lololo S5 29 » 321 -170 663 58 31
g8lal1/9(3|1]2 0o 0 0 0 o ol ololala 4|29 786 -22 -221 71 76 | 58 . 71 76 58 321 1 -9
- ma0,x) L x
12|54 |27 |1 *o 0lo o0 o >0 0l 0 0 0 + /321 -170/663 —>321 0 663 —» 12
0 00 29 |
o olololo 0 0 0 0 0 pall LA 3| 2 | w0 663 3|2
\_ Fie2 0o olofoo 0 0|0 0|0 5/12|9 il Il e 786 26
4 -9 |1 0 00
Filtre 2 0 =301
0 4|1




DNN compression : discussion
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Pretrained Model ‘

‘ Input Data

Structured Block Pruning

Iterative pruning
Global Pruning

Reduce Model Size
Accelerate computation
Reduce RAM consumption

Teacher
No Pruned/quantized Network
Student

Pruned/quantized Network

“

Improve accuracy
Increase the pruning rate
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Edge Al use case applications

Sensors q 2D Camera 2D Camera 3D Camera Zed2
Jetson Xavier Jetson Xavier Jetson Xavier &
Edge Al Orin
resources ‘ ‘ .
CNN CNN

Deployed Sl
models Yolo ---> suspect detection

ResNet, VGG16, etc. i - Yolo 2D/3D

Slowfast ---> action recognition
CAUSES eI T

f' #f“

Université de Mons



Edge Al use case applications

Edge Al
Hardware

CAUSES

Fire detection

Jetson
Xavier

Object detection Dangerous action detection

Université de Mons



Conclusion : Edge Al use case applications

] Compressed Learning Model
Deel Learning Model ] o

(Pruning + Quantization + KD)
Precison Model Size FPS Precison Model Size FPS
Face Recognition 95.50% 91 MB 8 94.13% 14 MB 26
Fire Classification 98.22% 61 MB 10 98.72% 08 VB 24
Object Detection 94.36% 14 MB 25 92.11% 07 MB 42
Actions Recognition 83.01% 50 MB 17 81.72% 14 MB 20

Université de Mons



Introduction
|. Deep Learning: how does it work ?
[l.  Main challenges of Deep Learning

[Il. Edge Al in Deep Learning : models compression

Pruning
Quantization

Knowledge Distillation

o O T O

Discussion

lIl. Proposed approach of DNN compression
V. Experimental results : Edge Al use cases

Conclusion



Conclusion

= Edge Al : several use case applications in video surveillance & Smart Cities

=  Edge Al : Hardware reflexion if terms of collection and processing

=  Magnitude pruning: good only for reducing the model size

=  Movement pruning : recommended when using transfer learning

= Block Pruning : recommended for accelerating computation and reducing
RAM consumption

= Combine pruning and quantization during the training process

= Knowledge distillation: improve the accuracy of pruned networks.

Densely connected Sparsely connected

Fivs sive




Conclusion

If you need to learn more about Al and Edge Al, welcome to Hands on Al and Hackia:

e Certificate Hands on Al at UMONS : Link

* Workshop HackIA of the certificate : https://hackia.eu/

H a C k I A (' B Télécharger le Programme ,“

UMENS> N\ 1T ) on . 2D € v NN 78 TN e

Certificat IA : HacklA'23
UMONS

Translator

Développer un systéeme d'intelligence artificielle embarqué
sur ressources Edge Al. Le systéme d'appuiera sur différents
modeles Deep Learning (détection de feu, détection d'objets
suspects, reconnaissance d'actions, etc.). Les modéles |A
seront combinés et optimisés (compressés et interprétés)
pour fournir un module "Edge Al" embarquée, explicabile et
appliqué aux vidéos caturées en temps réel.

Vidéo Workshop : Edition 2022 »



https://web.umons.ac.be/numediart/fr/enseignement/certificat-en-intelligence-artificielle/
https://hackia.eu/

Pr. Sidi Ahmed Mahmoudi (ILIA-FPMS, UMONS) Edge Al : DNN Compression



-3 ?5}-
Problem : Predict the color of each point Boa s F
* e " -w 3 e
= . ) o -; .. s
* Input: X, Y coordinates (2 values) R
-’ s .a % .--.

e Qutput: the color (1 value : O for blue and 1 for red)

0w .
ate ¢

Trivial problem : Linear algorithms will fail since colors are not linearly separable

No single line that can perfectly separates red dots from blue dots.

‘ Neural network : with one hidden layer




Deep Learning : how does it work ?

Training a neural net at iteration 0




