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B Définition
« L'Iintelligence artificielle (IA) est un processus d'imitation de lintelligence humaine qui repose
sur la création et l'application d'algorithmes exécutés dans un environnement informatique
dynamique
Son but est de permettre a des ordinateurs de penser et d'agir comme des étres humains . »
Pour y parvenir, trois composants sont nécessaires :
MDes systémes informatiques (Matériels)
Mes données avec des systéemes de gestion (Simulation/instrumentation)

Mes algorithmes d'lA avancés (code)

Pour se rapprocher le plus possible du comportement humain, lintelligence artificielle a besoin
d'une quantitéc de dannéess et d'une capacitée de traitement’ éleveess. »

\| Systeme: emblacgqué é

|2_ (https:/lwww.netapp.com/fr/artificial -intelligence/what -is-artificial -intelligence/)
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EXPERTS: } Traitement de cas particuliers:

: Logiciels spécialisés
Regles
VS
if (strncmp (cmd "ADS:SPI:REGLIST", 15) == 0) {
. if (Verbose >0){
Sym bOlISme xil_printf  ( \r\n");
Xil_printf( "* User R2D2 OWEN SPI LIST REGISTER * \r\n");
xil_printf  ( \r\n");
if (sscanf (cmd "ADS:SPI:REGLIST %s", str_array )!=1){
BOUCleS sprintf  (resp, " ERROR: ADS:SPI:REGLIST command failed !! \r\n");
. er= -6;
Tests |OglqueS return _XST FAILURE;
} else {

spiwordvalue = ( ul6_t*) realloc (spiwordvalue , 16* sizeof (ul6_t));
strcpy (cp_array , str_array );
nb_parameter = sscanTablInt (cp_array , spiwordvalue );
Xil_printf( spidata: nombre de parametres : %d \n", nb_parameter);
xil_printf (" spireg=[" );

for (int i=0;i< nb_parameter ; i++) {

xil_printf  ("%x," , spiwordvalue [i]);

}
xil_printf ("] \r\n");
sprintf  (resp, " spi data list: : %s \r\n", str_array);




l Historique

Artificial Intelligence

Early Artificial Machine Learning
Intelligence stirs excitement

Machine Leaming © Ewlotlomudt prognesseot deg’ldo gr e s

Deep Learning

begins to fiounish
@ Deep Leaming breakthroughs
@ drive Al boom
o. X
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l Les quatre cat®gori es doapifremes lgatngd-rghog-pngRe-codepsiakep pyigchrmgn
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Supervised
Learning

» Makes machine Learn
explicitly

« Data with clearly defined
output Is given

« Direct feedback Is given
» Predicts outcome/future

 Resolves classification
and regression problems

Training

Inputs +D + Outputs

Unsupervised
Learning

« Machines understands the
data (Identifies patterns/
structures)

« Evolution Is qualitative
or Indirect

« Does not predict/find
anything specific

Inputs —» D._' Outputs

Reinforcement
Learning

« An approach to Al
« Reward based learning

« Learning from +ve &
+ve reinforcement

« Machine Learns how
to act in a certain
environment

« To maximize rewards

Rewards .—‘

Inputs —» —» Outputs

Transfert
learning

Classical supervised
technics

Change part of the
model with new
inputs and outputs

Add features to the
preliminary model

Trainin
Inputs d Outputs

New
Inputs

Outputs
Training
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Apprentissage supervisé : Réseau de Neurones

particule

Big Data : grand nombre de données
Gros modeles de taille importante de neurones
gr and
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oentr

CPU/ GPU/ FPGAe.

Innovation dans les algorithmes (la descente du gradient)

c=wlr+b

y=a=o(z)

Loss function:

L(a,y) = —(y log(a) + (1 —y) log(1 — a))

Z=wiX1 +W2x2+b

ACTIVATION FUNCTIONS

Name Plot Equation
(5) = —
Sigmoid _/ z) =
1 g 1+e=
e* —e ~°
Hyperbolic tangent _/ g(z) = ——
e 4+ e >

Rectified linear unit
(ReLU)

g(z) = max(0, z)

Leaky RelLU

Using a linear activation function is useless un more than one layer networks.

It’s rarely used

g(z) = max(az, z)

X3 8 " g
X4 dentlfle la
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I
£L2
z3
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l Un exemple de calcul: réseau de neurone peu profond
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Un exemple de calcul: réseau de neurone peu profond

" Grid search
Challenge 1 : multinomial 1.04
0.8 | BTy
olg === e
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l Z00 des NNs
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l Z00 des NNs

Markov Chain (MC)

Hopfield Network (HN)

Deep Convolutional Network (DCN)
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l Les autres reseaux : Performances (avant 2020)
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l Modern Era of Statistics (R. Hasani, Vanguard ) Credit : LifeArchitect.ai/ models

Modern Era of Statistics
Language Models size — up to Dec, 2022

| Luminous | 4 GLM-130B
200B

OPT-175B

PaLM-Coder 1758

Minerva
5408B
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178B

¥ Parameters

GAL 120B

. Al lab/group PaLl
Available 17B

: v & Flamlngo
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B warm/bubble plot, sizes linear to scale. Selected highlights only, Alan hompson. Dece



N\
lL6IA en physigqgues des particul es, astre,g\@"hysique

wot
Boosted decision Tree : _ . _
Discrimination signals /bruit de fond Apprentissage non supervisé (k- -nn, SVM, U-Net):
applications: CMS Regroupement des données (clustering) pour la
reconstruction de trace
Autoencodeurs et classifieurs: Application: Dune
D®t ecti on dodanomalies dans | 6danalyse en physique _
Application: Atlas Graph -NN;, Point-cloud NN. _
Regroupement des données (clustering) pour la
Reduction de dimensions: reconstr_uctlt?n de trace )
simples paramétres de  representation pour | & atatistdiug slassique Applications: JUNO, LHC, BELLE-I | ¢
Discrimination signals/bruit de fond
applications: CMS Intelligence Atrtificielle appliquée a la
spectro -identification de radioéléements
CNN, ANN: en environnement radiologique
Moni torage de | a qualit® des donn®es (tcén‘eréxe.de trigger, | atenceé)
Applications: CMS Generation de données spectrales

Identification par CNN
GAN, Variational autoencoder

Si mul ation et mod®|l i sation doéinteract.

OD'%convolution robleme mal-posé:
Modeles génératifs ' P P

CNN, Autoencodeurs

) : , Melange des galaxies C de -blending
Implémentation de NN embarqués:

Triggers et r®duction des donn®es | ors de | dacquisition
LHC, Dune Accelerateurs : constructions

- Ai mants, monitorage doanoma
Image classification Contrdle & commande

Reconstruction des données des détecteurs
Ii Analyse des jets



Bl Notre objectif

Implémenter les differents types de RN (DNN, CNN, RNN)
dans des SE

B Conv+RelU  Dropout M Pooling Bl Upsampling | Conv + Sigmoid

15 . :
I— © Fredéric Magniette (LLR)



l My research : Dominant Design in Instruments for research in fundamental physics

__________________________

L1 Management:
— LO Triggers

Processin_g

)
L2 TRIGGER MANAGEMENT

N
Analog
Signal DIGITAL SIGNAL
processing PROCESSING P:SCR?SLSL,E,\L,G e
2
o DATA PROCESSING
an IN CALCULATOR ¢
ELECTRICAL POWER FARMS : L3 Trigger
MANAGEMENT CONTROL& L =] |
COMMAND :

ANALYSIS & GRAPH
VISUALIZATION

DATA MAINFRAME
L INFRASTRUCTURE

Intelligents algorithms

Cluster Level
111l 1111

Reduced Data and
Selection management:
" L1:. FPGA, ASIC, SNN
" L2: FPGA, GPU, SNN
" L3: GPU, MPPA,
Accelerated Card
" DSP post-ADC



l Challenges in the field

* LHCb 02032 ~2000 Exabytes/year
" ATLAS+CMS 2027 ~ 260Exabytes/year
* Square Kilometers Array 6 2030 ~ 30000 EB/year

* 2021 global Ethernet Dataflow ~2800 EB/year

DataStream before storage
* LHCb 6 2032 ~500TB/s
* ATLAS+CMS 2027 ~ 2040 TB/s

ChallengecReab/-time:déataa reductionn to
avaitt disk storage:= (veny expensives):

© Embeditedd algorittimss in decisiomn nodéss

© Optiimize= pracessingy (classificationss,
Predictiam, Selectiom)

© Use a mixeetGPU) MRRA, FPGA

Forecast cost of storing datato disk (Annual )
“ LHCbh62032 ~2,5 Billions f d

" ATLAS+CMS 2027 ~ 325 Milllions of @

|27

A Use pawerféllll handivanescampaonentnt
to camputee ML Maodgt!
A Andi depioyy them in ours insthiumentss




l WHAT WE COULD DO WITH ML
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Off-line

On-line

Signal generation

Design Optimisation

Instrument Optimization
" Signal recognition

Pile-Up recovery

Signal deconvolution

Selection / Classification/ Decision
" Data selection

Data parameters prediction
Denoizing

Data Compression
" Reduced data format

L1

L3



l Mon objectif

Ndewd ¢A Level O
Capteurl =
P / Conversion LTRSS Mise a
> Analogique |\ meriou |@chelle des
numeérique données

Entrées Neurones de sortie

NT ud NT ud NT ud NT ud T T T NT ud
IA LO IA LO IA LO IA LO IA LO IA LO IA LO

19



R2D2: Rare Decays with

l Remplacer le traitement classique du signal Radial Detector

C Avoir la meilleure précision sur la mesure -~ Energie
C Avoir la meilleure information sur la mesure — éliguettiécco nc@psos

4

CAvoir | dinformation | a pljJus-—fexrb@densdsi o/rec

175 A —— Raw signal * 5

‘w 400 F q 'o\_o‘ 60 |
Ma —-- Raw threshold * 5 :-:1 =
150 4 —— Deconv. signal o 350 : 1 o
_ ——- Deconv. threshold 50+
f 125 A 300
9]
iE- 100 =
5 ] 2501
[m]
<
g 75 N 200 = 30 I
=
g 507 150}
g 20t
217 100}
10+
0 ' B 50} =
1800 1900 2000 2100 2200 2300 2400 2500 ol ®
: , : Sample \ : , or , , , e ] 5000 10000 _ 15000 _ 20000 _ 25000
865.4 913.5 961.5 1009.6 1057.7 1105.8 1153.8 1201.9 5000 10000 15000 20000 25000 Qt [ADU]
(us) Qt [ADU]
‘ Analyse par déconvolution de la chaine électronique off -line
‘ Analyse par déconvolution de la chaine électronique on -line : Utilisation des methodes d 6 appr ereti ssag
R2D2 spherical TPC: first energy resolution results
|20 Journal of Instrumentation, Volume 16, March 2021 Citation R. Bouet et al 2021 JINST 16 P03012
DOI 10.1088/1748-0221/16/03/P03012


https://iopscience.iop.org/journal/1748-0221
https://iopscience.iop.org/journal/1748-0221
https://iopscience.iop.org/volume/1748-0221/16
https://iopscience.iop.org/issue/1748-0221/16/03

s 7 , ;- . R2D2: Rare Decays with
l Générer des données realistes rapidement Radial Detector

0.7

0.6

Issus des mesures : Modele H(p) Variational Auto Encoder

10000 Cas limitésddumodelele

8000 A

0.5

0.4
0.3

0.2 4

0.7 pr

G000 A 06 E

4000 A 05

04

w
A

2000 A

s Génération
de cas
génériques
avec ces
deux modéles

2

04

T T T T T T
0.0000 00002 0.0004 0.0006 0.0008 0.0010

1 I 1 13
400 600 800 1000

Import sympy as sp

A,b = sp.symbols ("A b", real= True)

G = A/(b*s+1)**3

h_t = inverse_laplace_transform (G, s, t) (\c,éeée
print (h_t) “;\\Q@ 2@
dh_t = sp.diff (h_t,t) A ((\oé S
print (dh_t) S N

A*t**2* exp (-t/b)*Heaviside(t)/(2*b**3 )

A*t**2* exp (-t/b)* DiracDelta (t)/(2*b**3) + A*t* exp (-t/b)*Heaviside(t)/b**3 - A*t**2* exp (-t/b)*Heaviside(t)/(2*b**4)

777777




l Débruitage et deconvolution (en cours)
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e " @7>>
GAN " (J’L) (¢
| )
Exemple avec 6 1
parametres
Remplacement du TNS classique (plus besoin de shaper)
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R2D2: Rare Decays with

Radial Detector

Déconvolution on line

Mi s e

0 Reégression pour
déterminer
I'énergie

o Reégression pour la

a_nnesute ¥ §IRMP S

Yo Y Y ¥ Yiet
o % % % % %
hidden LSTM layers 4
input layer . %
X4 X X3 X X,

[Resultat]

Classification:
Evenement rare

o Divers
© LVmultiEvt

Evenement connu

Régression
Erreur balistique
Erreur ddem

compressio n



Conversion LTRSS Mise a
Analogique |\umeriou |@chelle des
numérique données

Extraction des Apprentissage Formatage
D: oy profond: humain :
| CaraCte”SthueS bb s bb 3 = IHM
WD D s A/ecteur, matrice, Sl BNV

IMages humaine

|A pour SE
fiabilité

Mémoires

Compression & —
stockage

|23
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Conversion
Analogique
numérique
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FreeRTOS
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FILTRAGE
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Mise a
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Compression &
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SPNNTINE X/ecteur, matrice,

Formatage

humain : IHM

Ana

Images

EEEE—

lyses
humaine

Mémoires




l |A embarqué : 2 solutions

Calcul Architecture
PU de calcul
implémenté dans “

) annexe
une solution

matérielle dédiée

Edge computing

Spatial Accelerators -- Reste baseé sur de la programmation logicielle
-- basé sur des fonctions matérielles dédiées MMPA
aux calculs sans logiciel (calcul matriciel) GPU

FPGA
ASIC | PUredesigned pour | 81 A (TPU,
Circuit neuromorphique
FPGA

o Pilote les développements actuels

e En cours de développement

Spatial Accelerators 1ms 100 ms 10's
1ns 1upus 10 ps _ - >
|25 e > Al Edge computing




lL(”)approche embar gu®e Une question doopti mi satf

Aspects matériels:

Créer un modele synthétisable
Gestion des ressources

RNN : modéle avec un énorme

Entrées

nombre de parametres

N Transf ®rer | 0i mpl ®ment ati o sur <calcul a
= au niveau matériel
(&)
&)
" — . . Ve .
@) Optimiser le réseau pour trouver un compromis entre
O la performance (préecision) et ressources matériels
m -
) Elagage ( Pruning):
g Reduire la taille du réseau entrainé
L
fd , . . . A
N Trouver un réseau optimisé en taille en méme
Iﬁ 2 temps que | 0entrai neme




l Zyng XcZ7020 & DNN: TF, Keras, QKeras, HLS4ML

XeZ7020: 706150040 ONN 2x200x100x50x1
- Challenge 3 : Left/Right
A Dual-core ARM Cortex -9 }
A Maximum frequency 667MHz-867MHz —
A 2x AXI Master & 2 AXI Slave 32 bits Réseau_1 >
A 532k LUT :
- ! Y / 0.4
A 220 DSP
A 106,4 k Flip-flop
. . 0.0 : .
Raw implementation <32,11> G2 o o2 o4 do a8 1o 1
== Utilization Estimates
== Performance Estimates ;_;;&a;;;: _____________________________________________________
==-1=—?=?========================================================== + _________________ + _________ + _______ + ________ + _______ + _____ +
+ Timing:
* Summary: | Name | BRAM 18K| DSP4BE| FF | LUT | URAM|
e P P I + e T e e +o-mm---- e +----- +
| Clock | Target | Estimated| Uncertainty| | DSP | - | - - | - | - |
e Hommm e R e + |Expression | - - | 2858 | -
lap clk | 5.00 ns | 9.883 ns | 0.62 ns | | FIFO | 0| - 3515| 30732| -
oo oo FommTEmEes oo + | Instance | 229| 1006| 133648| 95258 -
+ Latency: |Memnry | - - - - | - |
* Summary: |[Multiplexer | - - - 6336 | -
ummary : Req]
e P P P P e P + |Register | - - 706 | - -
| Latency (cycles) | Latency (absolute) | Interval | Pipeline | Foommmm e Frommmmom toommoe S toommoe toooos +
| min |  max | min | max | min | max | Type | | Total | 229| lee6| 137869| 135184 0|
Frmmm - e e e +----- +----- dommmmma - + domm e e o - +--mm - - - +---m- - +-------- +---=---- +----- +
| 382| 386| 3.775 us [(3.815 us | 100| 100| dataflow | |Available | 280 | 220| 106400| 53200] 0]
e e e e +----- +----- e + e e m e m i m - e mmmm - e e e = m = = +
|Utilization (%) | 81| 457 | 129 254 0|



l Model 1 mm) Code HLS generé avec HLS4ML

== Performance Estimates

Model: k(f?ffifS, _ S — A ——
) + Timing: * Summary:
No Pruning: LA R S . bormme e IR, o b b N
. . | Clock | Target | Estimated| Uncertainty| | Name | BRAM_18K| DSP4SE| FF | LUT | URAMI
tf.keras.optimizers, .. e S . Fnnnnneeee b L .
. ) lap clk | 5.00 ns | 9.143 ns | ©.62 ns | IESP . I I I GI 235;3} ‘I
. R R R e + xpression - - -
Quantlflcatlon | FIFO | 0] - 3515| 18114| -|
H L S4M L + Latency: | Instance | 101 255 36726| 82229] -
it S S bommnmbe e . | Memory | | | | o
| Latency (cycles) | Latency (absolute) | Interval | Pipeline | |Mul'F1plexer | -1 | - | 6336| |
| min | max | min | max | min | max | Type | |Register | -1 -1 766 | - -
Homm s dommm s Hommm Fmmmm o Hmmmm- o Homm e + Fommmmmmmm s Fomommmee Fooommm Foommmm- Fommmmm- Fomm-- +
| 374| 378| 3.419 us | 3.456 us | 100| 100| dataflow | | Total | 101 255 40947 | 109537 | 0]
do--mm-oo- R R el + - - - +----- +----- R + Fomm e - e +------- e R +----- +
|Available | 280 | 220| 106400| 53200] 0]
e i R S e +-------- +- - +----- +
|[Utilization (%) | 36| 115] 38| 205 | 0]
e i R R R R +----- +
== Utilization Estimates
== Performance Estimates * summary :
. [ :::?:?:::::::::::::::::::::::::::::::::::======================= O Fommm - - R Fmm e - Fmmm - +-=-=--- +
MOd el- t+ Timing: | Name | BRAM 18K| DSP48E| FF | LUT | URAM|
- ) ' * Summary: R M ] R N N N
. | +-------- +--------- +---------- R T +
Qu antlfl Catlo n. } | Clock | Target | Estimated| Uncertainty| |DSP | - - - - -
K ! I — S o 4o + |Expression | -1 -1 0| 2850 -
(:? Earfifs, : lap_clk | 5.00 ns | 9.143 ns | 0.62 ns | |FIFO | 0| - 3505| 18054 - |
. . i oo oo oo oo + |Instance | 100 | 253 36030| 81756 - |
No Pruning: . : : : -
S r iV
( * summary: ;
tf.keras.optimizers, : sumary: e e o e . |Register | R 0 704 e
I | Latency (cycles) | Latency (absolute) | Interval | Pipeline | +-----mem e +--------- +------- +-------- +------- +----- +
. | min | max | min | max | min | max |  Type | |Total | 100 | 253 40239| 108978| 0]
B B R Fo e - +----- +----- R + e e e e e e e m +
Lo mp Ao e (G | 100] ool detaTiov 1 Javailable | 280|  220| 106400| 53200 O
R et === ===== 4= - - e--=-==-=== + - - o do= === = +

|28 ' |Utilization (%) | 35| 115| 37| 204 | 0



l Model 2

== Performance Estimates

Model: Keras,

+ Timing:

Pruning: ; Summary:
R e et e R et +

tf.keras.optimizers, | Clock | Tereet | Eetinated] Tneertainty]

Quantification: lap clk | 5.00 ns | 9.143 ns | ©0.62 ns |

HLS4ML T T T T '

. + Latency:

Optim for resources + Summary:
I e e e +------ +------ e +
| Latency (cycles) | Latency (absolute) | Interval | Pipeline |
| min | max | min | max | min | max | Type |
e e e e +------ +------ +----mma- - +
| 2476 2480| 22.638 us | 22.675 us | 1000| 1000| dataflow |
+----=-=-=--- +----=-=-=--- +----------- +-----m - +---=--- +------ + - ____

* summary:

e e e +------- +-------- +------- +----- +
| Name | BRAM 18K| DSP48E| FF | LUT | URAM|
e e +------- e e +----- +
|DSP | - - - - | -
|Expression | -1 - 0| 2858 -|
|FIFO | | - 3515| 18314] -
|Instance | 25| 27|  29254| 48722| -
|Memory | - - - - -
|[Multiplexer | -1 - - 6336 | -|
|Register | - -| 706 | -| -1
e e e +------- +-------- +------- +----- +
|Total | 25| 27| 33475 76230] 0]
e e +------- e e +----- +
|Available | 280 | 220| 106400| 53200] 0|
e e e +------- +-------- R - - - - +
|utilization (%) | 8| C
e e +------- e +---- - +----- +

s mm) Code HLS generé avec HLS4ML



l Model 3 - #PRAGMA ARRAY_PARTITIONIImM =3

== Performance Estimates == Utilization Estimates
+ Timing: * Summary:
* 5ummary: - e L EE - === +----- +
REEEEE R LEEEEEEEES L + | Name | BRAM 18K| DSP48E| FF | LUT | URAM|
| Clock | Target | Estimated| Uncertainty| R L ks L === +------=- +----- +
+- - +e-m - bR LA ELE Fommmmm e + |DSP | - - - - -
lap clk | 5.80 ns | 9.862 ns | .62 ns | |Expression | - - 0| 2858 | -
REEEEE R R LT + | FIFO | 0 -1 3515| 14157 -1
| | Instance | 171 10| 35019| 207910 -
+ Latency: [Memory | | | | A
* Summary : |[Multiplexer | - - - 6336 | -
oo oo +o------o- Lty +o--- - +o---- Lt + |Register | - - 706 | - | -
| Latency (cycles) | Latency (absolute) | Interval | Pipeline | R e - == e === +
| min | max | min | max | min | max | Type | | Total | 171 10 | 39248| 231261| 0|
e e e +--mm - - N +----- +--=--- LR EE R + Frm e - fommm e o +--mem-- R +-------- +----- +
| 199 | 203| 1.803 us |(1.848 us'| 50| 50| dataflow | |Available | 280 | 220| 106400| 53200] 0]
+----mm- - e R +- - - +==-=== R R + dommm e e e e s e oo - - +--------- +---=---- +--=------ +---- - +----- +
|Utilization (%) | 61| 4| 36| 434 0]
D fommm e o +--mem-- R +------== +----- +

Js0



l Model 4: REMOVE ALL #PRAGMA ARRAY_PARTITION in HLS code

== Utilization Estimates

== Performance Estimates

¥ summary:

+ Timing: e e S I I +
* Summary: ] Name | BRAM 18K| DSP48E| FF | LUT | URAM|
R R Foommmmmmos to-mmmmmmmm s + e T o - - - - +
| Clock | Target | Estimated| Uncertainty| . |DSP | - - - - -
Foommomm Foommmmme +o-mommome- Foommmmmmmee- + . |Expression | - - 0] 238| -
lap clk | 5.0 ns | 7.144 ns | .62 ns | . | FIFO | 0] - 255 1326 | -
Fooooooos Foooooooo Foomooooos Fooooomos + " |Instance | 25| 27|  33689| 36552 -

i |Memory | 5| - 0| 0| 0|

+ Latency: ' [Multiplexer | - | - | - | 486 | -
* Summary : | |Register | - - 56 | - -
e Frrmmm—- T e il - - - S Fommmm e Fommmm o Fomm e Fomm e T, +
| Latency (cycles) | Latency [absnlute} | Interval | Pipeline | ' |Total | 30| 27| 34000| 38602 | 0]
| min | max | min | min | max | Type T Hommmmmmen fommmm e $ommm - Fommmmm e I, +
Foommmmme Foommmmme Fommmmme ool - - Focmmmmde oo Foommmmmme + |Fwal]_able | 280 | 220| 106400| 53200 ] 0|
| 91251] 91255 0.652 ms -| 5amm| 30000| dataflow | iowwoooeoooeooo H P e . N
Fooooooos it A Rl s S | |U‘tlllzatlun (%) | 10 | 12| 31| ‘ 0]

B +o--mmm--- +------- e e et +

lo



l Discussion autour des FPGA: Spatial Accelerators

A zZyng + HLS4ML:io_parallel / io_stream /Reusefactor / Resource/ Latency

€stio
(hombye 4 ;e budge,
s D

ZCU102 CH ZCU102 CHARTY Z7 C}

ARTY Z7 Ct ZCU102 CH . . . A
ARTY-Z7 CHARTY Z7 CH3 . ., ZCUl102CH3 CH4 . ZCU102 CH5 Optim Optim Optim HLS Q)
Optimise Qbit<16,2>
Ressource Latence Stream
Nombre de cellules 16 25801 25801 25801 658951 658951 156951 156951 156951 156951
Horloge de referencet,166ns 9,408ns 9,408ns 4,396ns 4,369ns 4,369ns 4,369ns 4,028ns 9,410ns
Temps de latence |70ns 19,804us 19,804us 2,510us 5,510us 5,510us 10,010us 10,015us 141us
0 0 0 0 0 0 0 0 o [
BRAM 0% 419% 8% 6% 369 18% 9% 15% 72% depend on VITISHLS
DSP48E 21% 115% 11% 109% 59% 59% 129% 24% 6% H#oraama
FF 2% 85% 28% 109% 28% 229% 329% 53% 167% prag
» LUT 19 2809 68% 46% 103% 1139 81% 1049 a239<, Theway HLShandles
URAM 04 0% 0%4 094 0% 0% 0% 094 0o | Vvector /matrix before
(] < > DSP
- u \
A Intel Arria 10 + Intel HLS (expert HLS) : 0 (i
Unroll
ALUTs FEs RAMs MLABs DSPs ALUTs EEs RAMs MLABs DSPs
Chivanilla | 602 (0%) 547 (0%) 4(0%) 2 (0%) 1.5 (0%) Ch3yanilla | 1408(0%) | 1809(0%) | 30(1%) 12 (0%) 2.5 (0%) eraion H e u
Ch1 pipeline 610 (0%) 624 (0%) 4 (0%) 5 (0%) 1.5 (0%) Ch3 pipeline | 2093 (0%) 4 460 (0%) 32 (1%) 48 (0%) 2.5 (0%) _ — . ]
Chlumroll | 515 (0%) 245 (0%) 4(0%) 1(0%) 0 (0%) Ch3 umroll | 118 041 (14%) | 36 737 (2%) 5 (0%) 37 (0%) 0 (0%) terston? e I e
Chl u+p 515 (0%) 245 (0%) 4 (0%) 1(0%) 0 (0%) Ch3 ut+p. 27 524 (3%) 42 546 (2%) 1 855 (68%) 298 (1%) 75 (5%) Iteration 3 = e 3]
ALUTs FEs RAMs MLABs DSPs ALUTs EFEs RAMs MLABs DSPs Time >
Ch4 yvanilla 4 442 (0%) 6 415 (0%) 355 (1%) 20 (0%) 3.5 (0%) Ch5 yanilla. 1 669 (0%) 2193 (0%) 32 (1%) 16 (0%) 2.5(0%)
Ch4 pipeline | 5555(0%) | 10899 (0%) 362 (1%) 113 (0%) 3.5 (0%) Ch5 pipeline | 2617 (0%) 6074 (0%) 35 (1%) 76 (0%) 2.5 (0%) Pipeline
Ch4 unroll Ch5 unrpll | 569 259 (67%) | 196 051 (11%) 6 (0%) 40 (0%) 0 (0%)
Chd urp. Probléme d’implémentation ChSutp | 17560 (2%) | 23244 (1%) | 507 (19%) 237 (1%) 50.5 (3%)
- e
>

‘ QuestiamafHLS eptitnisatibon

|2

Time



l Exemples Technologiques

GPUs

nVidia

JETSON DEVELOPER KITS

Video Sources Output /Display .

RESULTS

INPUT DATA

* Camera * Classification
* Images * Segmentation
* Lidar

Caffe gl .il =4 B

Keras B 2 Windows
T ® - ©penVIN® @ —>Linux

TensorFlow J

e . macOS

@ O PyTorch
|33 onnx  OP

l

ZCU102,
ZCU104

Akida Exampi

Q)

v =

agthon

C, C++, SystemC,
OpenCLAPI C

= _:7=l)TH“.:T_*l |

puthon” s rodsia~,
Pgis (e o

V
[1] his 4 ml

[ VHDL or Verilog J

[ System IP Integration J
BASELINE HLS4ML BASELINE HSL4ML DESIGN OPTIMIZATION

ity
bility

H]
8
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l Features with others components

Microcontrollers
Al edge computing
RISCV Architecture

Type Company Components | Dev Boards Soft Tools
Al Edge AMD Xilinx Zynq ARTY Z7 VITIS-Al
computing PYNQ

zcu104 DNN, CNN 1D, RNN, GNN
Spatial SCu102 Tensorflow/ Ker
acceleration as + HLS4ML

PyTorch +
FiNN+Brevitas
Spatial Accelerators I ms 100 ms 10s

Al Edge AMD Xilinx VERSAL VK290 HLS+VITIS -Al 1 ns 1 s 10 us -
computing — > AI Edge CompUTlhg
Al Edge nVidia Jetson Nano Jetpack SDK +
computing TX2 DeepStream

Xavier NX SDK + Data storage Data storage

AGX Xavier TensorRT FiFo A N N | FiFo

Orin Cache Cache
Spatial Intel AGILEX DE10- Intel HLS
acceleration ARRIA AGILEX

DNN, CNN 1D, RNN, GNN Tools not stalilé>

Spatial Accelerators 1 ms 100 ms 10s
Al Edge FPGA Al Suite
computing OpenVino 1 ns 1 s 10 us _ ;
(— 5 Al Edge computing
Spatial Brainchip AKD1000 Akida PCle Akida MetaTF
acceleration ML framework
m 1 ms 100 ms 10s
Al Edge SIiPEED Kendryte21 | MAIXDUINO SIPEED SDK + —
computing 0 RISC-V 3 micropython .
9?' Al Edge computing
Al Edge ST STM32 Nucleo64F41 “a CubeMX +
computing Microelectroni 1 @t “ Cube.Al
c ‘. s
' Chaque composant a son

Al Edge Analog MAX78000 | MAX78000E Maxim Micros
computing Devices VKIT SDK

|3_4

0QgI



l R&T THINKR024-2027 (en attente de financement)

5 lathosatoess23 Taniribiltedesirs:

LLR

IPHC
IP2ILyon
CPPM
LP2IBordeaux

T> I> T T T

Themel : lesparticulesde hautesenergies

Theme2 : Lesondesgravitationnelles

Theme3 : PhysiquedesNeutrinos

Theme4 : Lesinstrumentsoptimisés(Analysespectrale)

Investissement dans des matériels avanceés
Démocratisation de | a@cés aux ressources
Tests de mod | es dol A
Application au dominant design de notre
Instrumentation

Gestion des risques par rapport aux ambitions du projet

Hwh e

Rasady DAC) = plarcwerasFirrnwelresSofwarss

o1

—



B R&T THINK 20242027

WBS THINK PHASE 2 IS

ls5

THINK

OBS THINK PHASE 2

F. Druillole

LP2I Bordeaux

PR s WP3.1 Reseaux de WP3.2 Oplimisation LirEL) WP4.0 Déploiement WPS.Q Veille
Librairies Neurones pour SE Baysienne Instruments. B. Mansoux Technologiques
S. Viret G. Galbit F. Magniette Optimisés LP2I bdx (Transverse)
IP2I Lyon 1P2I Lyon LLR F.Druillole
Atlas LAr - RWN INTEL Atlas LAr AND Versal
G. Aad G. Aad G. Aad F_ Druillole
( ) Ondes
DOndes | vaE PINN AMD itationnell SNN
S Viret | F Dniloke L S Viret
S Al Edge
R2D2 r R2D2 c 9
F. Druillole —{ Pg‘"&g;‘i'gn'i“ ‘{ Cau J ‘{ F. Dnillole J [ SERINg J
Spectro. de Spectro. de
masse masse
J. Domange J. Domange

CMS & HK
F. Magniette

CMS & HK
F. Magniette

‘ WORKSHOPsBi-annuels

Tests de matériels

Méthodes de déploiement

déopti mi sati on

e e1mentde 2 Données & 3 Algorithmes & 4 Deploiement 5 Veille
grojet Librairies Optimization d'applications Technologiques
- 2.1 Données pourla ) ‘:'.1 Mise en
1.1 Organisation - - 3.1 Reseau de 3.2 Techniques 3.3 Instrument réseau des " .
- physique des Hautes PR A 5.1 Outils
& planification Energies MNeurones d'optimisation optimise plateformes de
g developpement
2 Contrd 3 4.2 Archi e 52 c
1.2 C\,nt.role& 2.2 Applications & 311 3.2.1 Techniques 331 2 .fchllectur,s 5.2 Circuits
maitrise du projet Exemples Parralelisation bavsienne Desempilement de déploiement Neuro-
(R&O, Finances) xemp des reseaux o - piler (Solution) Morphiques
2.3 Architecture des 212 ) )
1.6 Coordination Segmentation 332 4.3 Essais des "
reseaux & base de . L 53 FPGA
projet . des données Deconvolution applications
données ) .
dentrée
3.1.3 Algorithmes 333
17 Assurance ANN: CNN/ RNN/ Segmentation/cla| |4.4 Intégration et 5 4 Al Edge
. dualitd : N-CDE /Liquid ssification Vérification des :;; X utjg
¢ NN, Graph NN/ Elément de solutions wempuing
Decision Tree Solution N
1.8
Développement 3.3.4 Prediction
de I'équipe
1.9 Project Out”s de 335
Closure . . Compression
centralisation
1.10 Work des solutions
Package ,
ntemational toruvees : Recherche de solutions
DRD7 ,
- Données
- Modeles Recherche
Tests des

technol ogi es

des solutions

dol A



ol A

embar qu®:

Un

e cul

tur e

av ol

To Po o o I I»

Data Physicist
System Engineering
team

ML Engineer
Software Engineer
Hardware Engineer
Infra & Security
teams

[o7

T>o

Dy o o To  To I» I»

ML Tools:
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HLS
Brevitas &
FINN(Xilinx)
CONIFER (LLR)
N2D2 (CEA)
VHDL

( Xi

accuracy [%]
o ~
S

o J>o T To Do I

CPU

FPGA SOM
SNN

MPPA
GPU

é

S

ou

rceé

o Po  Io  IoI»

GitLab /Git
Training Service
skew

Model
Monitoring
Responsible Al
é




l Stakesholders C Responsive Al on the Edge

MLOps

TRAIN THE MODEL

=

PACKAGE THE MODEL

CHECK THE MODEL

X
D Y

DEPLOY THE MODEL
AN

, ]
(=

MONITOR THE MODEL

=0
B

NEY

Paradigme

- Hungry in Electrical
power

Hungry in bandwidth

Hungry in data quality

STMicroelectronics 2022

Edge Al Market Forecast
ToDO
BO00
SO0 1834
1518
AD0D
2000 1040
861 4375
3ro8
2000
2666
2259
1000
o
20 2022 2023 2024 2025 2026
W Edge Al Hardware Market (Million USD) CAGR - 18%  Edge Al Software Market (Million USD) CAGR - 20.8%

K210 sTM32 cube Al

@ nVIDIA.




