Al Workflow with MATLAB:

From Feature Extraction to Deployment
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<} MathWorks’

Accelerating the pace of engineering and science

The leading developer of mathematical computing software
for engineers and scientists.
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Our software is used to design the products we rely on every day




And breakthroughs that transform the way we live, learn, and work

@ W W

Autonomous Vehicles N . Unlimited Clean Energy

Zr===_ Advanced Robotic Prosthetics $ e * "\ Space Exploration




We at MathWorks believe in the importance of engineers and scientists.
They increase human knowledge and profoundly improve our standard of living.

We created MATLAB and Simulink to help them do their best work.



1LAB

IMULINK

Radar Toolbox

« MATLAB - Programming environment for
algorithm development, data analysis,
visualization, and numeric computation.

« Simulink — Block diagram environment for
simulation and Model-Based Design of
multidomain and embedded engineering
systems.
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Campus Wide License

Anytime, Anywhere Access for Faculty, Staff, Students, and Visitors

MATLAB for Desktops MATLAB Online MATLAB Mobile
Access MATLAB on personal and Access MATLAB with a Access MATLAB on
university-owned machines web browser iIOS/Android devices

#_  Download on the

GET IT ON
Visit your university Visit matlab.mathworks.com » Google Pla ' App Store
gle Play pp



https://ww2.mathworks.cn/academia/tah-portal/lingnan-university-31715373.html

Agenda

Al adoption stories using MATLAB
|. Complete Al workflow with MATLAB
ll. Online resources to fuel your Al journey
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Agenda

|. Complete Al workflow with MATLAB
ll. Online resources to fuel your Al journey
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Engmeered systems are des:gned to sense
and interact with their environment to t
perform within operatlonal requ:rements P" Op de\S




Success Stories

Health Monitoring & Predictive Maintenance
Mondi

Fall Risk Assessment in Older Adults
12 Kinesis Health Technologies

|

| » |
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Accelerate Research on Next-Generation Al for Wireless

Qoherent

Machine Learning Aids Neurosurgeon During Brain Surgery
National Research Institute in Poland (NASK)



https://www.mathworks.com/company/newsletters/articles/assessing-the-risk-of-falls-in-older-adults-with-inertial-sensors-and-machine-learning.html
https://www.mathworks.com/company/user_stories/mondi-implements-statistics-based-health-monitoring-and-predictive-maintenance-for-manufacturing-processes-with-machine-learning.html
https://www.mathworks.com/company/user_stories/mondi-implements-statistics-based-health-monitoring-and-predictive-maintenance-for-manufacturing-processes-with-machine-learning.html
https://www.mathworks.com/company/user_stories/mondi-implements-statistics-based-health-monitoring-and-predictive-maintenance-for-manufacturing-processes-with-machine-learning.html
https://www.mathworks.com/company/user_stories/qoherent-uses-matlab-to-accelerate-research-on-next-generation-ai-for-wireless.html
https://www.mathworks.com/company/user_stories/qoherent-uses-matlab-to-accelerate-research-on-next-generation-ai-for-wireless.html
https://www.mathworks.com/company/user_stories/qoherent-uses-matlab-to-accelerate-research-on-next-generation-ai-for-wireless.html
https://www.mathworks.com/company/mathworks-stories/machine-learning-improves-parkinsons-brain-surgery.html
https://www.mathworks.com/company/mathworks-stories/machine-learning-improves-parkinsons-brain-surgery.html

Al models for engineered systems

ARTIFICIAL INTELLIGENCE
Any technique that enables

MACHINE LEARNING

_ e Statistical methods that enable machines to “learn” tasks from data without explicitly
machines to mimic human .
: : programming
intelligence
UNSUPERVISED LEARNING SUPERVISED LEARNING

(No Labeled Data ) (Labeled Data )

DEEP LEARNING
(Neural networks with
many layers)

P AT,

REINFORCEMENT LEARNING
(Interaction Data)

4\ MathWorks


https://www.mathworks.com/discovery/unsupervised-learning.html
https://www.mathworks.com/discovery/reinforcement-learning.html

Example: Classifying Sounds

Build, test, and deploy a deep learning solution that can classify sequences in signal data.

» Goal: Detect faults in an air o

CcoOmpressors based on their noise Air Compressor Monitoring Dashboard

Compressor Audio Signal

e

Audio Sensor

0.5+

Disconnect( | ) Connect
0

Audio Level

0.5

-06100:01 E‘JO:I}I{]:DZ
Healthy Time

. Prediction Scores

0.8
Bearing
| | Flywheel
e ED.G F | \ Healthy
Volume R E i | Lg’v
U mg g Gy e AT S oal / i
o e Piston
f Riderbelt
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: | SN ‘
-00:00:01 00:00:02
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Agenda

Al adoption stories using MATLAB
.
ll. Online resources to fuel your Al journey
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Al workflow for engineered systems

-~

Data Preparation Al Modeling Simulation & Test Deployment

- Embedded devices

||||.|||. Data pre- Model design and Integration with

processing tuning complex systems

&] Enterprise systems

@ Feature Python System simulation
engineering interoperability with Al models

¢ Edge, cloud,

-[>Ij—_' Simulation- Explain models and — x System verification
desktop

generated data \ predictions —+V and validation

4\ MathWorks
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Example: Classifying Air Compressor Sounds

Build, test, and deploy a deep learning solution that can classify sequences in signal data.

« Goal: Detect faults in an air
compressors based on their noise

= Have dataset with labeled sound
recordings

= One “healthy” class
= 7 different classes of faults
= 1800.wav files, 225 per class

Sound of healthy compressor

Sound of compressor with anomalies

4\ MathWorks



Enhance the quality of your training signal data

Define accurate Record and label new data via
data labels Apps and Hardware
signallLabeler App Designer
Synthesize data via simulation Augment data via signal processing

st s moaOT
1

Pedestrian Trajectory ' “

N s "

" g

S —— ’
= Y " . ° 4

o -

T

M Data Preparation

TTTTTT

audioDataAugmenter

4\ MathWorks



Spend less time preprocessing and labeling data

Synchronize disparate time series, filter noisy signals, automate labeling of signals, and more.

ANALYZER

TIME

SPECTRUM

w+ Od &y g DP"‘ E @ <3 Undo Preprocessing © E g mﬂ: \ahie Fast Channel m m o
New Open Save | Display Grid orkspace BOWSCT]| 1ime Values uplicate: Smooth  lewpass  Highesss 7 Edit [ Generate Function | Preferences o SELECTED All Channel *
- - Delete + - rue Q annels 1
_ m i iem - Sigral - New Import Add m DEFINITION - | AUTOMATEVALUE | Byiract Dashboard | Export
FiLe LavouT SIGNAL TABLE PREPROCESSING OPTIONS = S P :
Fiter Signals - - - - Zoo (_) Selected Channels = - Features -
NAME 3 i ART TIMEZ mSx W whale_moan_1 M whale_moan_2 M whale_mecan_3 M whale_trill FILE LABEL DEFINITION SET LABEL VALUE OPTIONS MEMBEER NAVIGATION DATASET EXPORT a
~igs I T R T R LR ~ Label Definitions B :
sx —_— FslkHz 05 WhaleType ——whalel ——whale2
- B wale g W MoanRegions ; ; , , . ,
whale.w Fs:4kHz 0s T B . 5 03
H = TrillRegions
ot | =10 17 0 s [ -
i Aipess
s — g
B[zt FEIEB |33 e = Labeled Signal Set Members
Name Plot |Value Location(... |Location(... |Time 03
g
g ~ whalel | ] Fs: 4 kHz =
';:: WhaleType blue
H ~ MoanRegions -
Workspace Browser H
true 6.1256 7.8272
NAME o szE cuass
1 11.334 131793
[ batsignal 400 double e
i I true 16,3659 18,1603
timetable ¥ TrillRegions
neble ’ true 13612 32175
t double
gma‘ o ~ whale2 ] Fs: 4 kHz
Hw double Time (mirwies) Jime ) ‘WhaleType blue
whale timetale -
E" » — Name Line ROI-Min (s) |ROI-Max(s) |Min-Value |Min-Time(s) |Max-Value |Max-Time(s) |Mean Peak to Peak_|RMS MoanRegians
whale_moan_1 || 3.5425e-01] 1.3085e+00| -2.1863e-01| 6.2450e-01| 2.2684e-01]  3.3500=-01 7.524 AUTOMOTIVE true 23819 40482
whale_moan_2 : 3.54250-01| 1.3085e+@0| -2.4207¢-01| 8.75092-01| 2.4207e-01|  7.6925e-@1| -1.884 true 6.7884 8.3366 WhaleType
whale_moan_3 || 3.5¢25e-01) 1.3085e+00| -2.8503-01| 6.7600e-01| 2.8503e-01|  5.8875e-01]-5.75 % true 15.3037 167328 - | | - -
whale_till || 23250=-01] 1.4795e-00| -2.6941e-01[ 3.5650e-01| 2.6941c-01|  5.0450e-01] 9.02 ™ -
Ground Truth

LABELER

DIO

TIME

Data Preparation

Labeler

SIGNAL PROCESSING AND COMMUNICATIONS

Signal Labeler

IMAGE PROCESSING AND COMPUTER VISION

Image Labeler Lidar Labeler ~ Medical Image
Labeler

=

Video Labeler

4\ MathWorks



Data Preparation Demo

Open Script
Part 1

Long Short Term Memory (LSTM) Networks

mele e
o

Feature Engineering

¥ Data Preparation

4 MathWorks



Transform raw data for useful modeling and analysis

Amplitude
)

signalTimeFeatureExtractor signalFrequencyFeatureExtractor diagnosticFeatureDesigner
Th Power S Density
: N S e
8 ‘ (TTIT — f* ®
% ” LLILLL) —  [fwixd
"g’ ;O — |w;|*¢
2 [IIIIT] — [rep) IFRE] e [FREL PR
E- okl
1l LW W% {‘/“’V \,M‘ @M N AN N
’ : S (e A N AT
signalTimeFrequencyFeatureExtractor Wavelet based features

W Data Preparation 4\ MathWorks




Leverage application specific reference examples

. ) & ~‘ i o) 3 el
Predictive Maintenance ‘ Geospatial Analysis Lidar Radar
Anomaly Detection and Condition | Hyperspectral Image 3-D Point Cloud Object Waveform Classification
Monitoring | Classification Detection

WOl

Wireless Comms | Controls Systems Computational Finance Automated Driving
Data Synthesis for 5G Channel PID Tuning & System Scheduling Trading & Risk Management Pedestrian & Vehicle Detection
Estimation

‘ s 4 ,A .
Robotics Visual Inspection Audio Medical Imaging
Path Planning & Process Defect Detection Speech Recognition Tumor Detection

| Optimization

- Al Modeling

4\ MathWorks
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4

_ _ _ Open Script
= Feature extraction with simpler IC)Part 2 P

and smaller Al models
— Audio Specific Features

Modeling Demo

Long Short Term Memory (LSTM) Networks

o - ————

B~ —pmpf |

Feature Engineering

Al Modeling
23


https://www.mathworks.com/help/deeplearning/ug/acoustics-based-machine-fault-recognition.html
https://www.mathworks.com/help/deeplearning/ug/acoustics-based-machine-fault-recognition.html

Modeling Demo

4

8K

Open Share

HOME PLOTS

FILE TOOLS

S
Dependency  Compiler Task
Analyzer Manager

PROJECT VE EDITOR INSERT VIEW
7) OpenCodegenReport ) Part 1: Prepare Data
& @ Project lssues  ~ 28 g Pp ;M j P E S G =
D. v N = rt 2: el f t3: lati e
Package Settings T3 References Run Build i g L Pers 3 5matar Initialize
Toolbox e S Part 4a: Code Generation =) Part 4b: App Deployment Git Repository
ENVIRONMENT SHORTCUTS SOURCE CONTROL

%
Close

Project
CLOSE

Search (Ctri+Shift+Space)

<& & 3@ @ > OneDrive > TAHAccount > CPCE_PolyU » AirCompressorClassificationDemo >

Project - aircompressorclassification

Name

» [ AirCompressorData

» [Tl codegen
» [0 HelperFiles
» [l resources
» [ Results

» [ SavedData
» Cslprj

ts
15 Aircompressorclassification.prj
= AirCompressorDataset.rights
18 Experimentl.mat

15) Experiment1_setupT.mix

15) Experiment_setup2.mix

15) Experiment_setup3.mix

18 Experiment2.mat

15) Experiment2_setupT.mix

12 Experiment3FunctionT.mlx
18 Experiment3.mat

12 Experiment3_setup.mix

it

.gitignore

LICENSE

18l Part01_DataPreparation.asv
2] Part01_DataPreparation.mix
Part02_Modeling.mix

[a) Part03_Simulation.six

BB Part03_Simulation.sixc

18 Part03_Simulation.six.r2024a
&) Part04a_CodeGeneration.mlix

18| Part04b_AppDeploymentmlapp
M: README.md

- (#-)

importNetwork_DND.mix x | Part01_DataPreparation.mix X | exiractFeatures.m x | Part02_Modeling.mix X
C:\Userslyueybxu\OneDrive - MathWorks\TAH Accounf\CPCE_PolyU\AirCompressorClassificationDemo\Part02_Modeling.mix

Status

:, aca Hardware

v 353 accelerated training

=)

Y. * Interoperabilit

S P Yy

: N
Y Configuration

v
® Click on the checkboxes below to choose options for how to run this script
® e
® 1 doTraining = [/ ;
(:) Make sure we run this as a project. We then reset the random number generator (for consistent results)
d 2 try

v 3 prj = currentProject;
® 4 catch

o 5 open("Aircompressorclassification.prj”);

v 6 OpenPart2;

7 7 prj = currentProject;

8 end
9

¥ 1@ rng(3);

i 8(3);

v

f Load Data

=

Checking for dataset...
Dataset found.

>> clear

Checking for dataset...

Dataset found.
>> clear
>>

Editor: 100% UTF-8 LF Script

4\ MathWorks
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Modeling Demo

= Feature extraction with simpler

and smaller Al models
— Audio Specific Features
— Wavelet Scattering

o - ————

= Reduce training time or have ,
Sma” amou nt Of data Feature Engineering

— Adapt a pretrained network to
classify new audio signals

Al Modeling

&\ MathWorks

Long Short Term Memory (LSTM) Networks

25


https://www.mathworks.com/help/deeplearning/ug/acoustics-based-machine-fault-recognition.html
https://www.mathworks.com/help/deeplearning/ug/acoustics-based-machine-fault-recognition.html
https://www.mathworks.com/help/wavelet/ug/air-compressor-fault-detection-using-wavelet-scattering.html
https://www.mathworks.com/help/wavelet/ug/air-compressor-fault-detection-using-wavelet-scattering.html
https://www.mathworks.com/help/audio/ug/transfer-learning-with-pretrained-audio-networks-in-deep-network-designer.html
https://www.mathworks.com/help/audio/ug/transfer-learning-with-pretrained-audio-networks-in-deep-network-designer.html
https://www.mathworks.com/help/audio/ug/transfer-learning-with-pretrained-audio-networks-in-deep-network-designer.html

Increase productivity using apps for design and analysis

Use MATLAB Apps to design deep learning networks, explore a wide range of classifiers,
train regression models, train an optical character recognition model, and more.

.-mv : 5! ﬁ

e 5 : e - e — 2

g =} :m’y . Predictions: model 1.5 (&) & Y gﬂm

i El=c=> [N (= . s ® st prcictons

0 = * Coredt =

4 - 5 L% b B

D - Predicto

D ‘& E. 53 nnnnnnnn

B v 1 16 % il

2= S 2 e

8- S = -

L 722 Model 1,5 Trai £ W o

0 e B B [ o & vegiica

s

0 - (= b B (= Q== || ereacionspees 5800 oneiec 5 o i e

m Tral 32228 SepalLength

o n — Data set: fishertable Observations: 150 Size: 25 kB Predictors: 4 Response: Species Response Classes: 3 Validation: 5-fold Cross-Validation
Deep Network Designer app to build, Learner apps to try different algorithms Experiment Manager app to run Al
visualize, and edit deep learning and find the best fit for data sets. experiments to train models and
networks. compare results.

26 AlM Ode lin g A MathWorks:



Access pretrained models

Take advantage of the knowledge provided by pretrained networks to learn new patterns in new data

27

Find one directly in MATLAB

https://github.com/matlab-deep-learning/ MATLAB-Deep-Learning-Model-Hub

& matlab-deep-learning /
MATLAB-Deep-Learning-Model-Hub ' Public

<> Code ® Issues i Pull requests (® Actions

¥ master ~

3 davidwillingham Mincr update to READMEmd ...

‘= README.md

Q. Notifications

B Projects M Wiki

Y Fork 23 Y7 Star 133

@) Security |~ Insights

Sdaysago 14

MATLAB Deep Learning Model Hub

Discover pretrained models for deep learning in MATLAB.

0 Images initial commit 3 months ago

LICENSE Initial Commit 3 months ago
[ MATLABDeeplearnin... updating YOLOv4 and CRAFT to link the new... 9 days ago
[ README.md Minor update to README.md 8 days ago
3 SECURITY.md Initial Commit 3 months ago
[y viewDeeplLearningM...  Script for launching the Deep Learning Mode... 2 months ago

Discover pretrained models for
deep learning in MATLAB

& www.mathworks.com/solutions/de...

deep-learning matlab
pretrained-models

matlab-deep-learning

[ Readme
&5 View license
7 133 stars
@& 14 watching
¥ 23 forks

Releases 2

© Ra02za (o)
8 days ago

Import it from other platforms

Converter for
TensorFlow Models

~
MATLAB

Converter for

Converter for
PyTorch Models

TensorFlow

ONNX Model Format

Other
Frameworks

.

Al Modeling

PyTorch

4\ MathWorks


https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub
https://github.com/matlab-deep-learning/MATLAB-Deep-Learning-Model-Hub

28

Import models from PyTorch

HOME Pl

'f:y: ﬁ L%[Ll %Prim

APPS INSERT VIEW

= g & Ref - | — =1
[I'D:E % Lol i ED Codelssues ';|:_IB |_:é-)

Section Break [> @D

Search (Cirl+Shift=Space)

- %] e 2L ¥ Run and Ad
Mew Open Save rgr' Export ~ Compare  GoTo Q Find Contral  Task |_£u| ‘?@‘ “a (E Debugger Generate  Find Run Ll o vanee Run Step
- - - - v [ Bookmark ~ - - EEE Test = Tests | Section M Run to End -
FILE MAVIGATE TEXT CODE ANALYZE TEST SECTION RUN ry
o ﬁ & [0 » C » Users » yueylxu » OneDrive - MathWorks » TAH Account » CPCE_PolyU s webcam_demo -
~ Files i | = importMNetwork_DND mlx x
Meiine C\Usersiyueybu\OneDrive - MathWorks\TAH Accounf\GPCE_PalyUswebcam_demolimportNetwork_DND.mb:

Gareeel Import Network from PyTorch and Classify Image

mnasnet]_O.pt Import a pretrained and traced PyTorch model as an uninitialized dlnetwork object to classify an image.

DeepNetworkDesigner, which can be found in the Apps tab, or using the command

1 deepletworkDesigner

This example imports the MNASNet (Copyright® Soumith Chintala 2016) PyTorch model. MNASNet is an image classification model that is trained with images from the ImageNet database. We will import the network using the

The DespNetworkDesigner automatically added an imageInputLayer with an arbitrary Input Size. The next step is go into the Designer and modify the imageInputLayer's Input Size in the Properties to [224,224 3]

The export the network to the MATLAB Workspace, and re-name the network

2 net = net_1

Read the image you want to classify

~ Workspace

w

Im = imread("peppers.png");
Name Value Size

Resize the image to the input size of the network. Show the image

4 InputSize = [224 224 3];
K Im = imresize(Im,InputSize(1:2));
[ imshow(Im)

The inputs to MNASNet require further preprocessing. Rescale the image. Then, normalize the image by subtracting the training images mean and dividing by the training images standard deviation. For more information, see

Input Data Preprocessing

=

Command Window

>

Editor: 100% UTF-8 LF Script Ln 1 Col 20

4\ MathWorks
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Al models drive advancements in engineered systems

Adding data-driven components using Al can allow new capabilities, reduce costs,
increase predictive accuracy, and allow earlier, more robust system testing

In Battery Management System:

Virtual sensor for battery state of charge (SOC) estimation

StateRequest

StateRequest

]

Eest Sequence Varian]

BMS_TestSequence '

r~

VOUTAGE ey
CURRENT
BMS_StateRequest TEMPERATURE e

Al

BMS ECU

soc)

I

StateRequest

P{ BMS_Cmd

Battery_Model \

In Highway Lane Following System:
Computer vision model detects lanes for controller

3D
Scenario

e e

Sensor Fusion

Forward vwtam Serace f o

Lane Following
Controller

Lo F oo Owomeon Lo and Contoer

Vehicle
+ Dynamics J

Verucie Opamcs.

Metrics

ey weveremery

In Jet Engine Closed-Loop Control:

Reduced-order model (ROM) of blade structural behavior (FEA model)

Ambient Conditions

Controller

Nonlinear MPC

Outputs

@.

Al model

High-fidelity - Jet Engine Turbine Blade

Max Displacement

Simulation & Test

In Vehicle Drive-Cycle Virtual Test Bench:
ROM replaces the vehicle for rapid design and testing of control systems

4\ MathWorks



Simulation & Test Demo

30

MODELING

Stop Time (n) (m) [ )
L \2) | =< W)
P Stop Data Logic Bird's-Eye  Simulation b
s Inspector Analyzer Scope Manager
SIMULATE REVIEW RESULTS
Parto3_Simulation 4| Time Scope = ] X m=
® |l Partd3_Simulation b File Tools View Simulation Help P
. @ % |H-(F@- I
@ Constant:Value —
2
v Lov
= *
Healthy MRV
= . .
155 Flywheel ® 77— _——'® Piston
. .
Bearing Riderbelt
: ’—’—1
Bearing_Reading.wav _|1s12x] 0
| A: 16000 Hz, 16 bit, mono U1 i
Flywheel_Reading.wav Audmllﬂbﬂl o1
A 16000 Hz, 16 bit, mono | [512x1) Running Sample based | T=0.000
Healty Readingway - listzct 2
A: 16000 Hz, 16 bit, mong” %" | il L]
[512x1] 3 [512x1] [8x1]
[ . ! . 4 e . ! e
i h 4 I (2] 51 featureExtractor £0 ] postProcess
LOV_Reading.wav AIJd!oll512x1] 4 —
A: 16000 Hz, 16 bit, mono | 51zd]
featureExtractor Famitooees
NRV_Reading.wav o do|I512>t1] 5
A: 16000 Hz, 16 bit, mano™“™" | B12]|
Piston_Reading.wav . ||512x1] s
) A: 16000 Hz, 16 bit, mono [
= 4B Ga 8]
5 Riderbelt_Reading.wav Aud:ollsuﬂ] *, 7
A: 16000 Hz, 16 bit, mono’ | [512:1],
»
Running 125% T=0.000 FixedStepDiscrete

Simulation & Test

Open Script
Part 3

4\ MathWorks



Model compression bridges the gap between design & deployment

Data Preparation
Al Madelinn

||||||‘|| Simulation & Test Deployment

complex systems

% @ Integration with : . Embedded devices

* .(>&’ System simulation i ati &l Enterprise systems

with Al models

¢ Edge, cloud,

{ _ x System verification @ N
Projection P
—+v and validation ) - desktop

31 Compression &\ Mathworks




Model Compression

32

Structural Compression Datatype Compression
\ \

:R3 - R? o
before pruning after pruning ! 1
fi:R® > R? . 8 | »‘
. S
N A7 T 22— N
RRIEK ning __ ; n"(x) ~_ .
SR synapses Pi-y P; s PN
x 2) . ‘\\‘ —
(%) { . -
2=
ning __
neurons
> «(

mmmmmmm

L --i..> . 0 —

fE) = ] )W) (vl )x

Pruning Projection of deep Quantization of network
convolutional neural neural networks weights to lower precision
networks datatypes (bfloat16, int8)

Quantization, Projection, and Pruning

Compression &\ MathWorks


https://www.mathworks.com/help/deeplearning/quantization.html

Access models anywhere

Provide access to trained models for inference

Package and deploy your trained models to enterprise IT infrastructure

‘MATLAB Compiler / Compiler SDK —
(" )

MATLAB — | marLas
App <> | et

Server
Web App

4 )

Inference 2. Deploy on-premises, on AWS/Azure/GCP,
Function in containers, or in Kubernetes
MATLAB
I 4 Production

Server
\Trained Model)

De P I Oym ent ‘ MathWorks

Trained Model hoo -
\ ) ooo L [ 1 1]
aoa @ Jdocker
Deploy

1. Package into deployable archive

33




Deployment Demo

34

Open Script
Part 4

De P I oyme nt 4\ MathWorks



Automatically generate code for embedded Devices

Test trained models on low-cost prototyping boards or take models to production

without hand-recoding

/

\

35

NVIDIA.

@ I

De P I LS nt 4\ MathWorks



Deployment Demo

REPORT

<¢‘:] EWGOTO' E ‘ E

=e 0

Back 4, Find Trace | EditIn Export Report
Code | MATLAB Information
NAVIGATE TRACE EDIT SHARE A
MATLAB Source | Function: streamingClassifier
Function List Call Tree 1 % Copyright 2820 The MathWorks, Inc. -

= ﬁf_‘| streamingClassifier.m
fx streamingClassifier
= ) extractFeatures.m
fx extractFeatures
fx getConfig
fx getProps

~ Generated Code
_l rrnnpienneriduonv "

] SoftmaxLayer.c

] SoftmaxLayer.h

() callPredict.c

(] callPredicth

] elementwiseOperatic
] elementwiseOperatic
] extractFeatures.c
] extractFeatures.h
] internal_softmax.c

(M intarnal _anftmax h
4 »

36

2

3 function [scores,features] = streamingClassifier(audiolIn)

4 % This is a streaming classifier function
persistent airCompNet;

if isempty(airCompNet)

9 airCompNet = coder.loadDeeplLearningNetwork('TrainedModel.mat');

1@ end

12 % Extract features using function
13 features = extractFeatures(audioln);

15 % Classify

16 [scores, state] = predict(airCompNet,dlarray(features, 'CTB"'));

17 airCompNet.State = state;
18 end

20

Summary All Messages (0) Build Logs

© Code generation successful

Generated on:  12-Mar-2024 14:36:48
Build type:  Static Library
Toolchain:  MinGW64 | gmake (64-bit Windows)

Code Insights (4)

Variables

Deployment

Open Part 4b

4\ MathWorks



PLO

Design App  Get More Apps  Install App

FILE

APPS

%]

Deployment Demo

PROJECT

INSERT VIEW

¥ a8 ] M ]

£ 2

Curve Fitter Optimization PID Tuner System Wireless Signal Instrument SimBiclogy SimBiclogy ~ MATLAB Coder Wireless

Identification Waveforn ... Analyzer Control Model Builder Model .. Channel ..

APPS

& & £5 A @ s OneDrive » TAHAccount » CPCE_Polyl » AirCompressorClassificationDemo »

@

Standalone
Applicatio ..

Search (Ctri+Shift+Space)

]

Project - aircompressorclassification
Name

» [J AirfCompressorData

] codegen

» O HelperFiles

L4 resources

1) Results

» [ SavedData
B Sy

1J Tests

= Aircompressorclassification.prj
= AirCompressorDataset.rights
@ Experimentl.mat

@ Experiment]_setup1.mlx

@ Experiment]_setupZ.mlx

@ Experiment]_setup3.mix

@ ExperimentZmat

@ Experiment2_setup1.mlx

Q Experiment3Function1.mlx
@ Experiment3.mat

@ Experiment3_setup1.mix

it

gitignore

LICENSE

@ Part01_DataPreparation.asv
@ Part01_DataPreparation.mlx
&l Part02_Modeling.mix

@ Part03_Simulation.slx

@ Part03_Simulation.slxc

@l Part03_Simulation.slx.r2024a
Part(da_CodeGeneration.mlx
@ Part04b_AppDeployment.mlapp
ML READMEmd

+ |Status

o

'

o=

'
'
®
®
®
o
®
'
'
®
o
o
o
a
o
o
o
a
o
s
o
o

importNetwork_DND.mix x | Part01_DataPreparation.mix x | exiractFeatures.m x | Part02_Modeling.mlx x | Part04a_CodeGeneration. mix x
C:\Users'yueyixulOneDrive - MathWorks\TAH AccounflCPCE_PolylNAirCompressorClassificationDemo\Part04a_CodeGeneration.mix

Air Compressor Data Classification

Part 3: Deployment

Copyright 2020 The Mathworks, Inc

Deploym

Embedded devices

% Enterprise systems

eQJ Edge, cloud,

desktop

Configuration
Click on the checkboxes below to choose options for how to run this script.

i} doCodeGeneration =

IMake sure we run this as a project

Command Window

Checking for dataset...
Dataset found.

»> clear

Checking for dataset...
Dataset found.

>> clear

>

-

Editor 100% UTF-8 LF Script Ln 89 Col 1
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Things we didn’t talk about today...
Follow Up Topics

Model Tuning
Explainable Al
Model Compression (Pruning, Projection, Quantization)
Model Verification and Validation
= Al on the cloud workflows

= and more!

&\ MathWorks
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Al-driven system design

Data Preparation Al Modeling Simulation & Test Deployment

||||||||| Data pre- Model design and Integration with - Embedded devices
processing tuning complex systems

@ Feature Python System simulation &] Enterprise svstems
engineering interoperability with Al models P y

Simulation- Explain models and — x System verification "O, Edge, cloud,
generated data \ predictions —+ and validation desktop

4\ MathWorks



Key Take-aways

- Empower domain experts, including ones with limited Al experience

Build better data sets with domain-specific tools

Access models available in open-source repositories

Use modeling and simulation to tackle integration challenges and reduce risk
Deploy Al models to wherever you need them

Data Preparation Al Modeling Simulation & Test Deployment

,|||,|‘|, Data pre- @ Model design and Integration with

processing tuning complex systems . Embedded devices

@ Feature Python System simulation
engineering interoperability with Al models

% Enterprise systems

¢ Edge, cloud,

Simulation- @ Explain models and — x System verification
_Dﬁl g desktop

generated data \ predictions —+V and validation

4\ MathWorks
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&\ MathWorks

Demo materials

= https://mathworks-

my.sharepoint.com/:f:/p/yueyixu/lgCVb7yfYSvhSJnHmMFng u4GASXtVwuvF
orz09-vusZUydU?e=H656Mb

Link is valid through July 12th, 2026

41


https://mathworks-my.sharepoint.com/:f:/p/yueyixu/IgCVb7yfYSvhSJnHmFnq_u4GASXtVwuvForz09-vusZUydU?e=H656Mb
https://mathworks-my.sharepoint.com/:f:/p/yueyixu/IgCVb7yfYSvhSJnHmFnq_u4GASXtVwuvForz09-vusZUydU?e=H656Mb
https://mathworks-my.sharepoint.com/:f:/p/yueyixu/IgCVb7yfYSvhSJnHmFnq_u4GASXtVwuvForz09-vusZUydU?e=H656Mb
https://mathworks-my.sharepoint.com/:f:/p/yueyixu/IgCVb7yfYSvhSJnHmFnq_u4GASXtVwuvForz09-vusZUydU?e=H656Mb
https://mathworks-my.sharepoint.com/:f:/p/yueyixu/IgCVb7yfYSvhSJnHmFnq_u4GASXtVwuvForz09-vusZUydU?e=H656Mb
https://mathworks-my.sharepoint.com/:f:/p/yueyixu/IgCVb7yfYSvhSJnHmFnq_u4GASXtVwuvForz09-vusZUydU?e=H656Mb
https://mathworks-my.sharepoint.com/:f:/p/yueyixu/IgCVb7yfYSvhSJnHmFnq_u4GASXtVwuvForz09-vusZUydU?e=H656Mb

Agenda

Al adoption stories using MATLAB
|. Complete Al workflow with MATLAB
1.

'l MathWorkse



Get Started with Al in MATLAB and Simulink at your desk

No download, no installation, just your browser and you...

Machine Learning Onramp

Image Processing for Engineering and Science

- Practical Data Science with MATLAB

coursera

Specializations — multiple-course series https://matlabacademy.mathworks.com/#ai
43 4\ MathWorks



https://matlabacademy.mathworks.com/#ai
https://www.coursera.org/specializations/computer-vision
https://www.coursera.org/specializations/deep-learning-computer-vision
https://www.coursera.org/specializations/image-processing
https://www.coursera.org/specializations/practical-data-science-matlab
https://matlabacademy.mathworks.com/details/machine-learning-onramp/machinelearning
https://matlabacademy.mathworks.com/details/deep-learning-onramp/deeplearning
https://matlabacademy.mathworks.com/details/deep-learning-with-matlab/mldl
https://matlabacademy.mathworks.com/details/reinforcement-learning-onramp/reinforcementlearning
https://matlabacademy.mathworks.com/details/computer-vision-onramp/orcv
https://matlabacademy.mathworks.com/details/machine-learning-with-matlab/mlml

4\ MathWorks

Call to Action — Try out focused learning paths

Machine Learning Techniques in
MATLAB

e Classification Methods with Machine Learning
2 hours

o/ Regression Methods with Machine Learning
¢ 1.5 hours

e, Cluster Analysis with Machine Learning
. 1.5 hours

sl Dimensionality Reduction Techniques

1 hour

I

Deep Learning Techniques in
MATLAB for Image Applications

Explore Convolutional Neural Networks
1 hour

& Tune Deep Learning Training Options
1 hour

=

%>l

Regression with Deep Learning
0.5 hours

Object Detection with Deep Learning
1.5 hours

This is just a sample — see complete list at: http://matlabacademy.mathworks.com 44



http://matlabacademy.mathworks.com/

Learn more about MathWorks, our products, and our services at
mathworks.com and on social media:

/

< 3 MathWorkse

f X in ©


https://www.zhihu.com/org/matlabzhong-guo

Please fill out the survey to get access to today’s
presentation slides

Lingnan University MATLAB Event

‘ MathWorks
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