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TinyML en bref

> Techniques de machine learning sur microcontréleurs

[ﬁ Fully-connected

Convolution Pooling layer

> Théme qui a émergé dans le courant 2019 (existe depuis 2018)
> Etend les possibilités des applications loT

> Permet de limiter les co(ts de natures diverses:
-> Reéduire la consommation
-=> Réduire l'utilisation des canaux de communication
-=> Réduire la latence

> Autres bénéfices:
=> Améliorer la sécurité et le respect de la vie privée
=> Améliorer le passage a I'échelle
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Sérgio Branco et al., Machine Learning in Resource-Scarce Embedded Systems, FPGAs, and End-Devices: A Survey, Electronics 2019, 8, 1289



Domaines d’application

> Natural Language Processing
-> Reconnaissance vocale
-> Keyword spotting

> Vision et image
-> Reconnaissance d’'image
=> Détection d’objets dans des vidéos

> Reconnaissance de gestes il
> Santé | O Yy
> Industrie 4.0 At
> Securité " §

>

Protocoles réseaux




Domaines d’application

| INPUT TYPE | USE CASES MODEL TYPES DATASETS
CA(‘)IIJ\I]’)I‘II?XYQI}Zi(\)Z(I\)III{’I]‘)IZN ggg SPEECH COMMANDS (WARDEN, 2018A)
AUDIO AUDIOSET (GEMMEKE ET AL., 2017)
CONIROL: WORDE RINN EXTRASENSORY (VAIZMAN ET AL., 2017)
KEYWORD DETECTION LSTM e
VISUAL WAKE WORDS DNN VISUAL WAKE WORDS (CHOWDHERY ET AL., 2019)
OBIJECT DETECTION CNN CIFAR10 (KRIZHEVSKY ET AL., 2009B)
IREAGE IMAGE CLASSIFICATION SVM MNIST (LECUN & CORTES, 2010)

GESTURE RECOGNITION
OBJECT COUNTING

DECISION TREES
KNN

IMAGENET (DENG ET AL., 2009)
DVS128 GESTURE (AMIR ET AL., 2017)

PREDICTIVE MAINTENANCE

NAIVE BAYES

TEXT RECOGNITION LINEAR
DNN PHYSIONET (GOLDBERGER ET AL., 2000)
PHYSIOLOGICAL / SEGMENTATION HAR (CrRAMARIUC, 2019)
DECISION TREE
BEHAVIORAL FORECASTING DSA (ALTUN ET AL., 2010)
SVM
METRICS ACTIVITY DETECTION L INEAR OPPORTUNITY (ROGGEN ET AL., 2010)
UCI EMG (LOBOV ET AL., 2018)
SENSING (LIGHT, TEMP, ETC) 1IN
INDUSTRY ANOMALY DE"l,“ECTIO’N DECISION TREE UCI AIR QUALITY (DE VITO ET AL., 2008)
T A— Y A — SVM UCI GAS (VERGARA ET AL., 2012)
LINEAR NASA’S PCOE (SAXENA & GOEBEL, 2008)

Colby R. Banbury et al., Benchmarking TinyML Systems




Workflow TinyML
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Les microcontroleurs

Les avantages ==

10° MLPerf

- Talille
-> Consommation d’énergie
- Cout

NDP100 Cortex-M7 RasPi 4 6049GP-TRT

Les contraintes
MCU Platform Processor Frequency ‘ SRAM Flash
Arduino Nano 33 BLE Sense | ARM Cortex M4
[6] 64 MHz 256 KB 1 MB
-> Espace mémoire réduit —
. . ., ESP32 [7] Tensilica Xtensa LX6 160 MHz 512 KB 2 MB
=> Puissance de calcul limitee
[Sgp]arkfun Edge Appolo3 Blue | ARM Cortex M4F 48 MHz 384 KB | MB
ST Nucleo Boards [9] ARM Cortex M7 216 MHZ 320 KB 1 MB
Adafruit EdgeBadge [10] ATSAMDS51 120 MHz 192 KB 512KB

Stanislava Soro, TinyML for Ubiquitous Edge Al, MITRE Technical report



Il faut adapter les modéles

=> Machine learning classique: millions de paramétres, architectures complexes
=> Relation en taille/complexité du modéle et précision
=> Utilisation de techniques de compression de modéeles:

€ Suppression des connexions non pertinentes (“pruning”)

€ “Quantization” des parameétres: représentation sur 8/16bit

€ Compression lossless des poids

Quantization: less bits per weight

Pruning: less number of weights T T T T T T S Huffman Encoding
/7 '
T e e ~ \ s TmTEEEEEE= ~
rd % || Cluster the Weights ] 1 ’ %
L A ! P\ o | : I
! | Train Connectivity 1 1 1 . !
1
original | L J i same ! ! same | E0cods Weiphte | same
network 1 <> ) ! accuracy Generate Code Book ,accuracy jaccuracy
! 1 U 1 1 !
! | Prune Connections : ] 7 I I I
g ¢ 1 ( 1 1 }
or;_gzlzal i & g :re?i)::t:?:nl Quantize the Weigh 1 27x-31x | | Encode Index ! 35x-49x
I L - ; 1 : dﬂith Code Book :reductlon : Ireductlon
1
: Train Weights ! o <z ! Yo P
1L J
Yo o : Retrain Code Book :
T e e - '\ !
Task Network Type Network Architecture Number of Parameters NN model S(80KB, 6MOps) M(200KB, 20MOps) L(500KB, 80MOps)
3 5. : Acc. Mem. Ops Acc. Mem. Ops Acc. Mem. Ops
2 o - Loy 3
Voice activity detection [23] MLP 60-24-11-2-FC K| 'baN 84.6% | S0.0KB | 158.8K | 86.4% | 199.4KB | 397.0K | 86.7% | 496.6KB | 990.2K
Keyword spotting [26] CNN* 1CL3-FCL-3-FCNLS 54K CNN 91.6% | 79.0KB | 50M | 922% | 199.4KB | 17.3M | 92.7% | 497.8KB | 25.3M
Smealrrecogition [27] NN {CL A FCNL 234k | | BasicLSTM | 92.0% | 633KB | 59M | 93.0% | 196.5KB | 189M | 934% | 494.5KB | 47.9M
- - ; N LSTM 92.9% | 79.5KB 3.9M 93.9% 198.6KB 19.2M 94.8% | 498.8KB 48.4M
Speaker verifigation [24] RN 22220 GRUS 2 GRU 935% | 78.8KB | 3.8M | 94.2% | 200.0KB | 192M | 94.7% | 499.7KB | 48.4M
Speech enhancement [24] RNN 500-1024-1024 FC 500 K CRNN 94.0% | 79.7KB 3.0M 94.4% 199.8KB 7.6M 95.0% | 499.5KB 19.3M
l G 0 [
Sneeerresognition [95] RNN 5x465 GRU 10M DS-CNN 94.4% | 38.6KB 5.4M 94.9% 189.2KB 19.8M 95.4% | 497.6KB 56.9M

Stanislava Soro, TinyML for Ubiquitous Edge Al, MITRE Technical report Yundong Zhang et al. Hello Edge: Keyword Spotting on Microcontroliers



Les challenges
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Sérgio Branco et al., Machine Learning in Resource-Scarce Embedded Systems, FPGAs, and End-Devices: A Survey, Electronics 2019, 8, 1289

Solutions — hardware et software



Plateformes matérielles



Ecosysteme

=> Guidé par les fabricants

-> Besoins et contraintes de I'application (|

=> Acteurs de plus en plus nombreux

fen
)

Vibration

detection

r—1
Speech
recognition

% | T, N o P

Keyword
detection

Biometric
awareness

Gesture
detection

Object
detection

Sensor
fusion

Anomaly
detection

Data throughput

https://www.eetasia.com/arm-tackles-tinyml-with-new-cores
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https://github.com/basicmi/Al-Chip



ARM Cortex-M4/M7

Arduino Nano 33 BLE Sense

=> Nordic nRF52840 (ARM Cortex-M4)
> 256KB SRAM - 1MB Flash

- 64MHz

Adafruit EdgeBadge

=> Microchip SAMD51 (ARM Cortex-M4)
= 192KB of SRAM / 512KB of FLASH
- 120MHz

Applications: détection de mots clé, reconnaissance de geste
Arduino Portenta:

=> Dual core STM32 H7: M4 (200MHz) + M7 (480MHZz)

- 8MB SRAM/ 128MB Flash

=> Principe: microcontrdleur + co-processeur spécialise

Applications: Détection d’objets, vision par ordinateur, etc




ARM Cortex-M55 + Ethos US55

Ethos-U55

=> Microcontréleur + co-processeur microNPU
=> Ethos U55: amélioration des performances

-> Temps de calcul plus faible — consommation réduite AX“ntTonnect

Non-Volatile
Memory Shared SRAM
(e.g. flash)

Peripheral
interconnect

Other Peripherals

Speed to interface Energy efficiency

50x

Voice ‘Wakeup word
detected detected

ot . !
Sound input —— |||!||||||||-|||||||||||I|II e
:

Noise cancellation Noise cancellation 4
Voice

response

Cortex-M55 VAD (Voice Activities
KWS (Key word Audio
6x sp(oth}:\g
Wakeup
. Reduced clock speed High clock speed £
—— —— < >4 17 >
ASR (Automatic Speech
Cortex-M7 CortexMs5 Cortex-MSsS Cortex-M7  Cortex-Ms5  Cortex-Ms5 0000 Bl

+ Ethos-U55 + Ethos-U55
(Higher is better) Time Ethos-USS5 activated

>

https://armkeil.blob.core.windows.net/developer/Files/pdf/white-paper/introduction-to-arm-cortex-m55-processor.pdf



Syntiant NDP100

- ARM Cortex-M0 (112kB RAM) + Syntiant NPU
-=> Performance ML améliorée d’un facteur 100x
=> Ultra low-power
=> Applications:
> Détection de mots clés
> |dentification de voix D w 0
MOBILE PHONES oA (1 s il SHART WATCHES
2a) N N
== s
I0T ENDPOINTS REMOTE CONTROLS SMART SPEAKERS
+— CLKGen SPI Syntiant Core 1™ NDP100
100 Controller
10! cortex )
D MO
! . Neural ™ Output
- +— Audio Feature DaTa Network Processing
10 *1 Front 1™ Eyiraction R Parameters
-~ = End
o NDP100 asPi 6049GP-TRT HOIding : +
Tank | | SPITarget -
il

https.://aac7932a-14cd-4db8-a195-7d329044d81a.filesusr.com/ugd/799fc8_ 1c152b8ec97e4abfb038f4bbe41c60ab.pdf




Kendrytes K210

DMA CPU GPIO
Dual core 64bit RISC-V DVP UART
+ KPU: Knowledege Processing Unit i FIC REC -
+ APU: Audio Processing Unit e - — -
>  400MHz
-> 8MB SRAM: peut faire fonctionner Linux oton N -
- Support MicroPython [l Timer
PWM
Applications: S T o Accstormor | T
=> Détection d’Objet (YOIOVZ) SHA256
-> Classification d’'image Kendryte K210
—> Reconnaissance de visages
-> Reconnaissance vocales
=> Détection de mots clés

se r.set_pixformat(sensor.RGB565)
sensor.set_framesize(sensor.QVGA)
sensor.run(1)

@01 Studio task = kpu.load(0x300000)
anchor
pyAI-K210 Development Kit J 245

kpu.init_yolo2(task, 0.5, 0.3, 5, anchor)
while(True):
img = sensor.snapshot()
code = kpu.run_yolo2(task, img)
if code:
for i in code:
print(1i)
a = img.draw_rectangle(i.rect())
a = kpu.deinit(task)




Greenwaves Gap8 (et maintenant Gap9)

-> Développés par une société Grenobloise
-> Multi-coeurs RISC-V
> 22.65 GOPS /4.24 mW/GOP / 512KB RAM / 250MHz
=> Support FreeRTOS
Low-Power MCU Compute Engine
- UDMA s y Cluster Interconnect
O (512KiB)
U PMU/ = Hardware
D RTC < Sync olld|la|m|s]|lwv|o]| ~]| W
=, S olollellelolelo|e| |
© =2 (o) (e} (o] (e} (o) (e} (e} el =
= Debug Core8/ s >Debug R Il I e Il el Rl |
2 Sys Ctrl
o | PWM -
< @ L1 Shared L1I$ Shared L1D$
ROM | Bl (16 KiB) (64 KiB)
Applications:

=> Vision par ordinateur
=> Reconnaissance vocale
=> Détection de geste




Plateformes logicielles



ARM CMSIS-NN

EXiSte depu iS 201 8 Layer type | Baseline runtime | New kernel runtime — Irtrlpr(l):j/ementlgfﬁ :
e roughpu nergy Efficiency
COde Optlmlse pOur ARM COI'teX-M4+ 443 .4 ms 96.4 ms 4.6X 4.9X

Vi b

Convolution
API| avec opérateurs pour NN Pooling 11.83 ms 2.2 ms 54X 52X
Per’fOrmanCGS X4 ReLLU 1.06 ms 0.4 ms 2.6X 2.6X
Total 456.4ms 99.1 ms 4.6X 49X
inA
‘ Al ‘ A2 ‘ A3 ‘ A4 ‘
0 78 15 16 23 24 31
pB1 sz " SXTB _SXTB16(__ROR
\ / buf / o \ :l:fz ? inA = *_ SIMD32 (source)++
pA1 ; - - bufl = _ SXTB16(_ ROR(inA, 8))
\ 16'blt | Al |sngn ext. A3 |sngn ext. ‘ A2 ‘swgne:l.s - Ad4 ‘swgn ext. buf2 = 7SXTBl6(inA)
«—> o 5; 28 a0 st tl = _ PKHTB(bufl, buf2, 16)
o oo o ™ B11|B21 Sumi1 | Sumi2 ><E:§ i = :PKHBT(bEfZ, bifl, 16)
* — outt out2
A21 A22 A23 A24
/ B12|B22 sum2t | Sumez |D A1 slgnex't5|‘6 A2 slgnexta‘ L A3 swgne):t.s 16A4 ‘s\gnex;
pA2
Sumll = Biasl
oy sl B13|B23|| 16-bit
Sum2l = Bias2
Sum22 = Bias2
For i from 0 to column_count/2 B14|B24 inA
Al = *_ SIMD32 (pAl)++
A2 i % STMD32(pR2)+ At I A2 I A3 A4 | inA = * STMD32 (source)++
B2 = X:SIMDM(;Q)H 0 78 15 16 23 24 31 outl = _ SXTB16(__ ROR(inA, 8))
Sumll = _ SMLAD(A1l, B1, Sumll) / SXTB16 _SXTB16(__ROR(8)) out2 = _ SXTB16(inA)
Sunl2 = __SMLAD(Al, B2, Suml2) outd / \ out2
TSt
Sum22 = _ SMLAD(A2, B2, Sum22) | Al |sign ext. A3 |sign ext. ’ A2 ’sign ext. A4 |sign ext.
75 16 30 5 16 3
Nouvelle instruction “*__ SMLAD” pour les opérations MAC Nouvelle instruction “__ SXTB16” pour les conversions vers 16bit

= Implémentation “a la main” des parametres (poids) et de I'architecture du modéle

L. Lai, N. Suda, and V. Chandra, “CMSIS-NN: Efficient neural network kernels for Arm Cortex-M CPUS,”, arXiv, 2018 - Jan 2018



ARM CMSIS-NN: exemple de classification d’image avec CNN

> Dataset CIFAR10: B i e
€ 60k images couleur, 32x32 Pml VES FEEW
¢ 10classes Pl b AR o
N EMA~E S VR
= Structure du modéle: = o =]

: — : R Y e [ GFAP T
€ 3 couches de convolution avec activation ReLU et max pooling SEESEDSasE
€ 1 couche fully-connected dEREEOREEER

=T P P
AR REESES

tableaux de paramétres

Compilation
+

Flash

Runtime

Yo

Predicted class: cat

ip1_wt, IP1_DIM, IP1_OUT,

https://github.com/ARM-software/ML-examples/tree/master/cmsisnn-cifar10



https://github.com/ARM-software/ML-examples/tree/master/cmsisnn-cifar10

uTensor

Moteur d’inférence pour models TensorFlow
Géneérateur de classes C++ en ligne de commande (utensor_cli)
Modele compilé en dur dans le firmware
https://utensor.ai

Vb el

e,
1 H 0
Github: https://github.com/uTensor/uTensor o  UuTensor
AN
O E——
t_x__port__©_reduction_dims_0), Model ot
S S model
VV(;M att > o 2 ‘ ‘ \d’tMul’E‘lqhtﬁlt’- port__0/reduction_dims:0" 3}, s
| Input .
fTM“Le'ightnlt,:«,pm’r,,u,,mahapegums,@ TAT=0 =0 0 ;
inline rmm, eightbit_x__port__0_reduction dims @ [ 1 ] ={ 0, }; COmpI|atI0n
" + Runtime

o Flash

I, Sy ’ 'Rr 1 o ’ 1 ’ ’ 141, ’
’ 12 ;, 9, 0, 10 5
8 02 , , 9, , 4
8 66, 114, 104, 160, 6, 9 - : , 160, 3, : @
, input_x);

val0); o Predicted label: 7
main.C S_TENSOR pred_tensor = .get("y_pred:0"); Inference

uint8_t pred_label = *(pred r ->read<int>(0, 0));

printf("Predicted label: %d\r\n", pred_label);

- Intégration dans RIOT: https://github.com/RIOT-OS/RIOT/tree/master/tests/pkg_utensor


https://utensor.ai
https://github.com/uTensor/uTensor
https://github.com/RIOT-OS/RIOT/tree/master/tests/pkg_utensor

TensorFlow Lite

=> TensorFlow adapté au microcontréleurs 1 < TmyML
=> Langage C++ TensorFlow Lite | b maniton LT
. . . [3] Quantization g
=> Optimisation CMSIS-NN pour MCUs ARM et A
=> Intégration Arduino, RIOT, ARM mbed, etc il
TinyML

=> Modéle sérialisé au format FlatBuffer (tableau d’octets)

‘ ‘ A spannn

&
B
|

TensorFlow TensorFlow Lite C Array Edge Device

=> Utilisation d'un interpréteur au runtime:

Input .

ey

https://www.tensorflow.org/lite/microcontrollers



https://www.tensorflow.org/lite/microcontrollers

Autres plateformes logicielles

-> emlearn: https://github.com/emlearn/emlearn
e Langage C
e Support modéles Scikit-Learn (Decision Tree, MLP)
e Intégration dans RIOT:
https://qithub.com/RIOT-OS/RIOT/tree/master/tests/pkg _emlearn

=> deepC: https://cainvas.ai-tech.systems
e Langage C++

e Intégration Arduino: https://www.arduino.cc/reference/en/libraries/deepc
e (allerie d'exemples: https://cainvas.ai-tech.systems/use-cases/tags/tinyml

=> micromlgen: https://github.com/eloguentarduino/micromigen
e Langage C
e Support modéles Scikit-Learn : DecisionTree, SVM, RandomForest, etc
e Simple d'utilisation:

#include "model.h"

yid classify() {
Serial.print( )es

Serial.println(classIdxToName(predict(features)));

}



https://github.com/emlearn/emlearn
https://github.com/RIOT-OS/RIOT/tree/master/tests/pkg_emlearn
https://cainvas.ai-tech.systems
https://www.arduino.cc/reference/en/libraries/deepc/
https://cainvas.ai-tech.systems/use-cases/tags/tinyml
https://github.com/eloquentarduino/micromlgen

Conclusion

N Z0 JNN N 2

Ecosystémes mateériels et logiciels hétérogenes

Les grands acteurs sont présents (Google, ARM, etc)

Accés aux bases de données d’entrainement ?

Comment généraliser un modéle avec des données différentes ?

Nouveaux modeles ? Nouvelles architectures ?

Merci !



Démo: Keyword Spotting and TensorflowLite

Objectif: détecter les mots “yes” et “no”

Arduino Nano BLE Sense

e ‘“yes”: led verte allumée ARM Cortex-M4

e “no”: led rouge allumée
e motinconnu: led bleue allumée

Input speech signal

600 7 Speech features Neural network
" n 12

T Yes T o] . O o “Yes” 0.91
b = 8 }i, “No” 0.02
2 oy O\“&‘
2 ~—+I— - ‘:'> § 6 :> O;)*;O |::>”On” 0.01
c 9%
& —s000 {4 o4 1/ O “Off” 0.01
s "lsn & 2 O .

L o T Iy =

00 1 20
Time —»

Time (s)—»

https://github.com/tensorflow/tensorflow/tree/master/tensorflow/lite/micro/examples/micro_speech



https://github.com/tensorflow/tensorflow/tree/master/tensorflow/lite/micro/examples/micro_speech

Questions ?



