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1A : MARCHE EN CROISSANCE
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IA : APPLICATIONS
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1A : FACTEURS DE CROISSANCE i st e

Image: 1000 K8 [ picture Transistor density doubles every Advances in neural netwoarks
leading to better accuracy in

DISPONIBILITE de DONNEES REELLES o 0D o Bment bk

Video: 5,000,000 KB / movie
Cost / GB In 2015: $0.03

Ex:Données des Réseaux Sociaux Source : INTEL
Données des applications WEARABLE

DISPONIBILITE de MACHINES DE TRAITEMENT HAUTE PERFORMANCES
ABORDABLES
Ex: Modules JETSON NVIDIA, FPGA Intel, Cortex A/M

NOUVEAUX DEVELOPPEMENTS ET OPTIMISATIONS des
RESEAUX DE NEURONE DANS LE DOMAINE DE L'APPRENTISSAGE

Indispensable pour le EDGE COMPUTING ( 1A EMBEDDED)
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1A : VUE TEMPORELLE
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IA : DEFINITIONS

INTELLIGENCE ARTIFICIELLE (1A)
Englobe I'ensemble MATERIEL et LOGITIEL servant a imiter
I'intelligence Humaine

Artificial Intelligence MACHINE LEARNING (ML)

Une des solutions de faire de I'l A

Basée sur des Techniques STATISTIQUES :
Auto-Apprentissage
Auto-amelioration

Deep
Learning DEEP LEARNING (DL)

Une maniéres de faire du Machine Learning

Utilise les Réseaux Neuronaux Artificiels Multi-Niveaux
Apprentissage Autonomes

Nécessite une Puissance de Traitement tres importante

IWN Michel VINEZ - 17 Oct. 2019 Source : Embedded_Machine_Learning_Design_FD_Arm_Special_Edition_.pdf 11
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~ MISE EN OEUVRE
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1A: PRINCIPE DE FONCTIONNEMENT
Deux grandes Phases :

ENTREES
DONNEES

ACQUISITIONS
DE DONNEE DE
REFERENCE

ENTRAINEMENT DEPLOIEMENT
DU MODELE DU MODELE DU MODELE

SORTIE
PREDICTION

DEEP LEARNING INFERENCE
(APPRENTISSAGE) (PREDICTION)
’\N\E\N Michel VINEZ - 17 Oct. 2019 13
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DEEP LEARNING :

CONSTRUCTION BASE DE DONNES DE REFERENCE.
DIFFRENTS TYPES D'APPRENTISSAGE :

SUPERVISE

ETIQUETAGE DES DONNEES (LABELLING)
DES EXPERTS FONT LE TRAVAIL

NON SUPERVISE
PAS DE DONNEES DE REFERENCE

CLASSIFICATION PAR LE SYSTEME LUI-MEME
REGROUPEMENTS PAR CARACTERISTIQUES

N\NOW

Five Years Out
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DEEP LEARNING

NECESSITE PUISSANCE DE TRAITEMENTS IMPORTANTES
HPC
SERVEURS MULTI1 PROCESSEURS
CLOUD COMPUTING
FARM DE GPU

UTILISE DES BASES DE DONNEES ENORMES
Alimentées par :
BIG DATA
RESEAUX SOCIAUX
DATA 10T

UTILISATION de FRAMEWORKS DEDIES
-TensorFlow — Google framework
—Keras — higher level API, usually built on top of TensorFlow
—Caffe2 / PyTorch — Facebook framework

N\NOW
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INFERENCE : Deux Modeles

CLOUD COMPUTING
NECESSITE UNE CONNECTION INTERNET HAUT Débits

EDGE COMPUTING
NE NECESSITE PAS DE CONNECTION INTERNET

CONTRAINTES COMMUNES

N\NOW ez - 17 0ce 2019
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INFERENCE on CLOUD COMPUTING

AVANTAGES

DONNEES de Référence de Grande Qualité
Puissance de Calcul sans limite

INCONVENIENTS

Connectivité Cloud Haut Débits

Temps de Réponse non maitrisable

Energie consommée

Couts Fixes et récurrents éleves

Sécurité des Données privées non garantie (RGPD)

N\NOW
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INFERENCE
EDGE COMPUTING




INFERENCE on EDGE COMPUTING

AVANTAGES

Données Privées et Sécurisées
Consommation Faible

Couts réduits

Taille Réduite

Temps de réponse court

Pas de Connexion Internet

INCONVENIENTS

Mémoire disponible réduite

Puissance de Calcul limitée
Nécessite un travail dOPTIMISATION des Modeles

N\NOW
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INFERENCE on EDGE COMPUTING :

Principe

ENTREES
DONNEES

DEPLOIEMENT

DU MODELE

4

SORTIE
PREDICTION

\l

CPU/MCU GPU

Arm CORTEX A Arm MALI Machine
Arm Cortex M Learning
X86 INTEL NVIDIA Processeur

,mmN Michel VINEZ - 17 Oct. 2019
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INFERENCE on EDGE COMPUTING

Consommation VS Performances

100.0
MPU GPU  HIGH-END FPGA -
ZONE ZONE ~  ZONE 'y
10.0
S
x MCU ZONE
w 1.0 :
S
(@)
o
0.1
0.001
0.1 1 10 100 1,000 10,000 100,000
Fivu‘fealr:}lﬂl Michel VINEZ - 17 Oct. 2|:1§RFORMANCE (Billions of Neural Ops per second) 21



INFERENCE on EDGE COMPUTING

Tendances du marché

Nm'-'-w Michel VINEZ - 17 Oct. 2019
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EDGE COMPUTING : Exemples

Nm-' u u Michel VINEZ - 17 Oct. 2019 Source : NVIDIA
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DEEP LEARNING

OFFRE ARROW




TRAINING : Offre GPU NVIDIA
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LOGITIELS : Offre GPU NVIDIA
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TRAINING : Offre INTEL
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LOGITIELS : Solutions INTEL

EXPERIENCES gp 50 1= "® oo ® 5

W om]
FRAMEWORKS 1™ o1 s 5 1%

Caffe sa f fr‘On

theano ! Toch
Intel® Deep Learning o -
TOOLS Deployment Toolkit RN ootk
@ Intel Python  Intel® FPGA DL Intel® Nervana™ Graph* -
lIBHAHIES mﬁhuﬂnistributinn ACCE[E‘rEtiGﬂ 2 AESOC'E“VE
; Intel® Math Kernel Library Memory Base
Intel® DAAL Suite (MKL, MKL-DNN)
D | |r];|'.?' = — Y
HAHDWARE L‘: Bq? i E ﬁ , @ MDUI?LEZPQM@REALEE.HS'L
Compute Memory & Storage Networking Visual Intelligence
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EMBEDDED EDGE COMPUTING

OFFRE ARROW




SOLUTIONS ARROW
INFERENCE on EDGE COMPUTING

N\NOW

Five Years Out

Gen. Purpose MCU
(e.g. Cortex® -Mx)

5-10x improvement

% High Compute MCU 6-8x improvement
8 (e.g. Cortex® -M7)
(@)} Iti
8 o _t"c?re 5x improvement
S Applications
e Processor
= (GHz +) ( '/
2. Cortex® -A GPU (Open CL .
§ (e.g. Cortex® -Ax) DSP complexes > 10x improvement
o
.
£
— ML Accelerators
(incl. Neural Nets)
Improving Performance, Increasing Systems Cost
Michel VINEZ - 17 Oct. 2019 30



INFERENCE OFFRE CPU / MCU

NA\NOW Michel VINEZ - 17 Oct. 2019 31
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INFERENCE : Offre GPU NVIDIA
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LOGITIELS : Offre GPU NVIDIA
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INFERENCE : Offre INTEL

ARRIA
inside”

INTEL® ARRIA® 10
DEVELOPMENT KIT

= Versatile FPGA development kit packaged for
optimal performance at 20 nm*

= Native abilities for variable precision INT4,
INTS, FP11, FP16, FP32

= Evaluation ready for taking your edge
applications from prototype to production

N\NOW

Michel VINEZ - 17 Oct. 2019
Five Years Out

Intel PROGRAMMABLE ACCELERATION
CARD WITH INTEL ARRIA 10

Simplifying FPGA use for servers

Supports Acceleration Stack for Intel Xeon CPU with
FPGAs for easy app deployment

Plug and play architecture for simple insertion and
configuration in minutes

FPGA Interface Manager pairs with Intel Xeon Processor
over a PCle Express bus



LOGITIELS : Solutions INTEL

EXPERIENCES gp 50 1= "® oo ® 5

W om]
FRAMEWORKS 1™ o1 s 5 1%

Caffe sa f fr‘On

theano ! Toch
Intel® Deep Learning o -
TOOLS Deployment Toolkit RN ootk
@ Intel Python  Intel® FPGA DL Intel® Nervana™ Graph* -
lIBHAHIES mﬁhuﬂnistributinn ACCE[E‘rEtiGﬂ 2 AESOC'E“VE
; Intel® Math Kernel Library Memory Base
Intel® DAAL Suite (MKL, MKL-DNN)
D | |r];|'.?' = — Y
HAHDWARE L‘: Bq? i E ﬁ , @ MDUI?LEZPQM@REALEE.HS'L
Compute Memory & Storage Networking Visual Intelligence
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INFERENCE : Offre NXP
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LOGITIEL : Solutions NXP
elQ-Core Machine Learning Software Development Environme

elQ Application Samples

Recognition

ML Platform Inference Engines
Direct

Interface Open Source Inference

NN Compiler Technology

OpenCV/DNN TensorFlow Arm NN
ONNX runtime TensorFlow Lite CMSIS-NN

GLOW

Hardware Abstraction Layer

Arm® Compute Library OpenCL Open VX

CMSIS-NN

Cortex®-M Cortex®-A DSP GPU ML accelerator

Kinetis and LPC MCUs i.MX RT Crossover Processors i.MX and Layerscape Applications Processors

MN Michel VINEZ - 17 Oct. 2019
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INFERENCE : Offre STMicro
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LOGITIEL : Offre STMicro

Process & analyze
input youriramework depend=nt. Train NN Model new data using frained NN

pre-trained Neural Network into the

STM32Cube.Al conversion tool s .

Automatic and fast generation of an &g‘:&‘fﬂftﬁm
STM32-optimized library
Cafe

<
sTmz2” NI

Cube Al

STM32Cube. Al offers interoperability

with state-of-the-art Deep Learning
design frameworks

Convert NN info
‘,I optimized code for MCU

llie.augmented

MN Michel VINEZ - 17 Oct. 2019
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OFFRE ARROW : CAPTEURS
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ANNEXES

: = EXEMP LES de REALISATIONS




Today’s ST Motion Sensor Offer

Consumer, Industrial, Automotive

@} MOTION
SENSORS —— FEATURES —————— APPLICATIONS PRODUCTS

‘e __ﬁ Accelerometer Movement detection

++ Consumer, Movement detection
LIS2DE12, LIS2DH12, LIS2DW12,
LIS2DTW12

Movement, Shock, Vibration, ¢ Industrial, Tilt, Vibration
d Wakeup, Tilt/Inclination Free IS2DH, IS2DLPC, IS2ICLX",
tall IS3DWB*
» Automotive, Alarm, shock
AISS328DQ, AISS3624DQ,
AIS2DW12"
TS . : <+ Consumer, Movement recognition
@ 6-axis IMU Rotation for high — : : . LSM6DSO, LSM6DSOX, LSMEDSR
- accuracy movement $ N2 - < Industrial, Robot
Combo gyroscopes and monitoring o (’/ J b ISM330DLC, ISM330DHCX
accoleromeater sensors - - = -4 < Automotive, Telematics

= ASM330LHH

*+Alarm, E-compass
LIS2MDL, LSM303AGR ,
LSM303AH

** Industrial, Anti-tamper
IS2MDC, ISM303DAC

o Magnetic field +
@ Spass acceleration
' Standalone magnetometer for
magnetic field measurement,

r l combo with accelerometer -

10 cugmerses BUT THERE’S MORE THAT CAN BE DONE WITH ST SENSOR fatepie soon

_%55'. ﬁennel@st com — EMEA — Sensors Presentation
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CMSIS-NN — Efficient NN Kernels for Cortex-M CPUs

COﬂVOlUtIOﬂ CNN Runtime improvement 4.6x
. . e . H Baseline M New kernel
. Boost compute density with GEMM based implementation _ i i higher
b
: : = perf.
- Reduce data movement overhead with depth-first data layout g5
w4
- Interleave data movement and compute to minimize memory £3
footprint g I
 ml mE ml =
oc
. Conv Pooling Activation Total
Pooling (ReLU)
+ Improve performance by splitting pooling into x-y directions | 4.9x
Energy efficiency improvement higher
« Improve memory access and footprint with in-situ updates 6 eff.
g4
Activation 2, l
. ReLU: Improve parallelism by branch-free implementation 1o W i I [
. . . % Conv Pooling Activation Total
- Sigmoid/Tanh: fast table-lookup instead of exponent = (ReLU)
ComDUtatlon *Baseline uses CMSIS 1D Conv and Caffe-like Pooling/RelLU a rm

,mmN Michel VINEZ - 17 Oct. 2019 45
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1A EDGE COMPUTING : Exemples

Secure, low-power smart home security: Uses
on-device, always-on, motion, person, and sound
detection to identify family members or intruders.
Starts recording only when it detects motion or sound,
sending a notification to the user’s smartphone.

Hospital staff/visitor tracking: Alerts receptionists
to unknown people or unauthorized access.

Edge recognition means images of visitors and
patients are never stored or transmitted.

Plant disease detection: Uses an image recognition
smartphone app to detect disease with near
100 percent accuracy — even off-network.

Faster produce selection: Classifies fruit and vegetables
by camera, automatically identifying different
categories and improving production-line efficiency.

N\NOW
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IA EDGE COMPUTING :

N\NOW

Five Years Out

Drone avionics: Recognizes and follows a target
while avoiding obstacles, via camera-based vision
and movement prediction.

No-latency driver assistance: Helps to reduce
collisions using cameras, motion sensors, and GPS to
understand and guide driver behavior in real time.

Improved human-machine interaction: Streamlines
interactions, boosts productivity, and creates a
smoother user experience across devices.

On-device translation: Makes communication
possible — however remote the location —
and avoids costly roaming charges.

Device optimization: Significantly extends battery
life by optimizing operating system scheduling
for individual applications.
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