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Edge Al innovates many industries!
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What is “Edge” (Embedded) Al?
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The chip has only
500 KB memory —
make that smaller

How can | make
my Al smaller?

Data Scientist Embedded Software Engineer 4
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Why is Edge Al (Model Compression) difficult?

Al is often big Knowledge Gap
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Model Compression Workflow
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Compressing Machine Learning
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Small Large

Step @ Size aware model selection
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Step @ Simplify the structure of your model

Small Large

1. Fewer features
2. Tune size-relevant hyperparameters
3. Maximize accuracy given size constraint

Feature Ranking Algorithm
[ None ([ MRMR ][ cniz ][ Relief ][ aAnOovA |[Kruskal

Feature importance scores sorted using MRMR algorithm
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antize your model

Convert in Fixed-Point Designer

2o | Wame b &5
224 Sone Toaansas
ST e o W
o ComyRaT Sath YRR na

o o Eemtacied
o Erbadied
.o Enbassed
O Donominate  Embacind
O Dacoinat  Embadied
O DownCast  Embecded
O et T £
O Nomerator Tot Embadded w1 3228 re— Maremem
O Numerwist Toc Evbedded a1 3228) ST 5 QUTERT
© e Embadded  4u2(1 1612
Vesuatization i Sivalation Data using
UK ERoIER o 14 o o 3220)
TSR e~ R 5 B D

Small

Large

MATLAB BEXlPO

10



Demo: Embedding Al in an intelligent Hearing Aid

Directional

All Around

MATLAB BEXIPPO

0.5 to 256 kB
on-chip memory
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Functionality for Compressing Machine Learning in MATLAB

@ In-App Feature@ Bayesopt @

Classification / Selection Fixed Point Designer /

Regression Learner —— ;; Native Simulink Block
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Demo: Fit Machine Learning for Intelligent Hearing Aid

4

MATLAB R2022a
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Pol &  Bernhard v

INSERT Search Documentation

LIVE EDITOR

6868 W & 8 8 = w 2 2 88

Design Get More Install Package Curve Fitter Optimization PID Tuner System Wireless Signal Analyzer  Instrument SimBiology SimBiology MATLAB Coder  Application

App Apps App App Identification ~ Waveform Gen... Control Model Builder ~ Model Analyzer Compiler

FILE APPS a
L1 - Eﬁﬁ » C: » Users » bsuhm » OneDrive - MathWorks » Projects » Al with MBD » ModelCompression-HearingAid » v R
Current Folder ® E_] Live Editor - C:\Users\bsuhm\OneDrive - MathWorks\Projects\Al with MBD\ModelCompression-HearingAid\HearingAid_EXPO.mlx ® x
Name ~ | HearingAid EXPO.mix | + |

& resources A a
& slprj

jg AcousticSceneClassifier.sl... C

*& AcousticSceneClassifier.slx

@ AcousticSceneClassifier.slx..

u
C

4 AcousticSceneClassifier.sixc C

EE AcousticScenes-SmallTrain.

Bl B NaWaWNaWaWNa

Fitting Machine Learning onto Memory-limited Hardware

In the context of building an intelligent hearing aid, this script demonstrates the various methods available to fit machine learning onto memory-

atl mm

limited hardware.

Chips on hearing aids range between a few hundred down to below one kB. We'll take 50 kB as target for our example.

\*& AirCompressorHealthMod.
EE ClassificationLearnerSessio.
EE ClassificationLearnerSessio.
EB ClassificationLearnerSessio.
% HearingAid_EXPO.mlx
Ej MachinelLearning_Hearing...
E'j MachineLearningModelCo..
narame mat
Details
Workspace
Name ~ Value
ans '‘C:\Users\bsu...
€] c 1x1 cvpartition
1 centroids2  2x286 double
clusterindi... 7200x1 double
|5 testlabels  300x7 catego..
[H testSmall ~ 300x286 dou...
o5 trainLabels  7200x1 categ...
trainSmall  7200x286 do...
H xTrain 1500x286 do...

Load Data
As starting point, we train an initial machine learning model to classify acoustic scenes, using a subset of the data used in the original example
https://www.mathworks.com/help/audio/ug/acoustic-scene-recognition-using-late-fusion.html

We are just using the first 100 examples from the training set, with 15 scenes resulting in 1500 data points.

il % load the subset of acoustic scene data we're using here
2 load("AcousticScenes-SmallTrain.mat");
3
4 c = cvpartition(trainLabels, 'HoldOut',0.2);
5 trainSmall = xTrain(c.training,:);
6 testSmall = xTrain(c.test,:);
7 v
4 »
Command Window ®
Ce\USELS\PDSUll\viIeUL 1 ve — IMdUIIWULKS \I'LUJUUL:) \AL wirIll J.'lDU\l'J.Uu.UJ.\.rUlllPLU:fb'J.Ull‘nt:‘d.LJ.U.gﬂ.LLl .
>> load SelectedFeatures.mat
v

Jx>>

Zoom: 100% |UTF-8 iLF fscript
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Machine Learning Demo Size Reduction by factor 20

MATLAB EXPC
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Compressing Deep Learning

MATLAB BEXIPPO
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Step @ Size aware model selection

' \

Small Large
80— —
- Inception-ResMet-v2 NASNet-Large
Inception-v3

ResMNet-101 .
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O

ResMNet-50

©
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i ' i
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]
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.
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Step @ Smart pruning

Remove unimportant parts of the network

7

Trained Network

N\

/ Pruning process \
Evaluate importance
of weights

¥

Remove the least
important weights

¥

Fine Tuning
(training)

\%

\_

[ Retrain ]

Small

Pruned +
Retrained Network

MATLAB EXF

Large
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Step @ Quantize your model

4 Deep Network Quantizer R
DEEP NETWORK QUANTIZER
EE:I Calibration Data: Validation Data:
New [calDS - augmentedimageData. ¥ | Calibrate [vaLDS - augmentedimageData.. ¥ J r Quantization Options  Quantize and Validate
FILE CALIBRATE VALIDATE Y
TrainedNet - Layer Graph ] Getting Started Calibration Statistics o
= Dynamic Range of Calibrated Layers (5] Legend | |§| =
] Layer Name Min Value | Max Value | Quantize Lay 78 912 216 220 g2
v : : - . : : il
® batchnorm_1 - Weapjnyns !
T Activations -14.3116 6.0000 !
# conv_1 . . " |
e - imageinput_normaliz... :
# batchnorm_2 Activations -6.8599 7.4810 . H H
1 ~ batchnorm_1 '
erelu_1 = H
1 Activations -2.4147 2.7871
: e - conv_1_rtelu_1
« batchnor Weights -0.6423 0.6650 ; 4 :
1 Bias -0.2158 0.2835 :
e el 2 . . . . .
¥ Activations 0.8000 8.0034 : I I : :
® maxpool_1 = conv_2 relu_2
T f 1
3 o Weights -9.2968|  ©.3306 | : :
T Bias -8.7436 B.6780 H
# batchnorm_4 . i H " .
v ' Activations 0.0000 16.1955 o £ H 3 E
®relu_3 ~ maxpool_1 I
) Activations 0.0000) 10.1955
7 - conv_3 relu_3
| Weights -08.2724|  0.2500 . : :
» relu_d4 Bias -0.8020 1.8233 E :
1 Activations 8.0008)  9.4024 : : ] ] ]
® maxpool_2 H 3 H = )
v ~ conv_4_relu_4
3o Weights -9.1753|  0.1482
Mg Bias -0.7461 9.9698 ] :

MATLAB EXPC

Small Large
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Deep Learning Demo: Scene classification

Classify 10 classes
More difficult problem - more complex model

MATLAB EX
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Functionality for Compressing Deep Neural Nets

@

Deep Network Designer

@

Taylor Pruning

NNNNNNN

Determine
Hardware
Constraints

[me— Swnetss

taylorPrunableNetwork(net)

4 Simplify Model )

Select Prune Deep
Model Neural
Network

©

MATLAB E

Deep Network Quantizer

Quantize Model
Parameters

Deploy &
Integrate
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HOME

= y =]l (il Compare
&F 3 @ o

MNew Open Save e

hd hd g ==} Export - -

LIVE EDITOR INSERT VIEW

u Bookmark ¥ pY %
FILE MNAVIGATE

Csx EI w B30V e @ @ ® ISea’c‘1 Documentation

= Normal ¥ ===] y r,“f&l Refactor v [)L = | Section Break -3 (C
= == = = P
% K %d Run PZ Run and Advance
El #f = Section P2 Run to End

TEXT CODE SECTION RUMN

Text Code Control Task Run Step Stop

EP Oald

Current Folder 9]

Name Emelie_ASC_Compression10ClassesDNN.mlx *

= PruneQuantizeDemo ~
=] Helper Functions
accuracyVisualization.mlx
analyzeMetworkMetrics.mix
assemblePrunelayerGraph.mix
buildDatasetforCNN.m
initializeTrainingPlots.mix
modelAccuracy.mix
modelLossPruning.mix
numConvLayerFilters.mlx
preprocessMiniBatchTraining...

|J L3 |.| s |.i Ly |J Ly [.nt |_;":_"|.i L3 |.| Ly [Lnt

*

= pruneAmountVisualization.mlx
E PruningLoop.mix it
"k_' guantizationAccuracyVisualiz... 2
Trained Networks
[ dlguantizePruned.mat
[j} prunableNetmat
h— retrainedPrunedDAGNet.mat
. t_L_ trained10classNetwork.mat
1] data.mat
“-"_- Emelie_ASC_Compression10Cla...
"-i trainingOptionsRetrain.mlix
= Scene identification demo

o

H Helper Functions
& videos "y

e i N B S S T =

accuracyVisualization.mlx (Live Script) Vv

No details available

» Scene identification demo *
AR Variables - prunedNet

. Workspace

LIVEAcousticSceneRecognitionUsingLateFusionExample.mlix accuracyVisualization.mlx

Step 1: Select Model
@

Select
Model

Load original trained CNN model and dataset

load( ' trainedi@classhetwork');
load('data’) I

Note: Sounds have been converted to spectograms

Segment 1
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Deep Learning Demo Size Reduction by factor 5
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Zyngq is a registered trademark of Xilinx Corporation
Intel logo is a registered trademark of Intel Corporation

MATLAB BEXP
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One Codebase — Many Embedded Deployment targets

p
(intel)
inside’
XEON®
Code
Generation ZYNQ (v XI LI NX [:‘I D ﬁ%:ﬁ}
now part of Intel
controller <
~ MICF!DCHIP ARDUINO

SIEMENS o' MBS
@ Rerimaton Schneider

Zyngq is a registered trademark of Xilinx Corporation
Intel logo is a registered trademark of Intel Corporation
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MATLAB

Conclusions
You can fit Al for many applications onto
limited hardware

MathWorks tools make fitting Al models on
constrained hardware a lot easier

Same high-level Workflow for any type of Al

? . . .
oL: Which constraints are most challenging

(\% for your application?
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Learn More

Behind-the-ear Custom in-the-ear
(BTE) hearing aid  (ITE) heading aid

FM systems . e T ! 3 GRIFOLS : 7 g  MDmulticard®
' implants 2 i o
/;\ . : B
"’F for patients
Hearing Y ,,"" & W g 4
protection \ 210500 1033 2018-01%
Wireless (LR CTEROREL VR L U
communication Lyric extend- 1050010331801027259
systems (FM) ed-wear
Hearing sonovd Autonomous N Card to Classify IDNEO
Implant using MBD Tractor MONARGH Blood Type
To get your started:
| earn about Embedded Dep|ovment Generate C/C++ Code from Simulink (VldEO)
Quantization of classification SVM (Doc) Quantizing a Deep Neural Network (Video)

Deploy Hand-Gesture Classifier onto Arduino (Doc) (Doc)
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https://www.mathworks.com/solutions/embedded-systems.html
https://www.mathworks.com/help/stats/fixed-point-code-generation-for-prediction-of-svm.html
https://www.mathworks.com/help/supportpkg/arduino/ref/identify-punch-flex-using-machine-learning-algorithm-on-arduino-hardware.html?searchHighlight=arduino%20gesture%20hand%20flex&s_tid=srchtitle_arduino%20gesture%20hand%20flex_1
https://www.mathworks.com/videos/generate-generic-c-c-code-for-deep-learning-networks-in-simulink-1622706081351.html
https://www.mathworks.com/videos/quantizing-a-deep-learning-network-in-matlab-1587620221222.html
https://www.mathworks.com/company/user_stories/idneo-develops-embedded-computer-vision-and-machine-learning-algorithms-for-interpreting-blood-type-results.html
https://www.mathworks.com/company/mathworks-stories/smart-electric-tractor-uses-ai-for-autonomous-operation.html
https://www.mathworks.com/company/user_stories/sonova-shortens-product-development-time-for-hearing-aids-and-implants-with-model-based-design.html

Smaller Models are often Better!

® www.linkedin.com/in/emelie-andersson-ai
In www.linkedin.com/in/bernhard-suhm-ai
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