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DSCIN: Digital System & Integrated Circuit division

200 Staff members 

2 500 m2 of facilities

30Industrial partners

10 IC designs per year

25Patents granted per year

100Publications per year

Grenoble
IC platform

Saclay
Embedded System 

platformCEA-List
DSCIN
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CEA Digital system design

Computing 

optimization

HW Accelerator

HW 

dependent SW

2.5D, 3D 

Integration

CO-OPTIMIZATION
TECHNOLOGY & ARCHITECTURE

Semiconductor technologies

ü Automated design

ü Full custom design

ü Accelerator design

CO-DESIGN 
ARCHITECTURE & SYSTEM

Smart computing 
systems

ü Algorithm

ü Software stack

ü Data coding

A 360° APPLICATION DESIGN 
OPTIMIZATION 

DESIGN EXPLORE MODEL &SIMULATECHARACTERIZATION

Eco-innovation

4
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10+ years of experience in Chip design 

Cyber-VT
Test Vehicle for IoT

security enhancement

SAMURAI
IoTIC with NN accelerator

WARRIOR
RISC-V IoTIC with 

wake-up

INTACT 
6 chiplets& 96 processors

RETINE
Ultra-fast smart imager

SPIRIT
Spiking NN with eNVM

In-Memory-Computing
Compute-SRAM

Processtechnology 22nm FD-SOI

Metal scheme 8ML @ macro level

Die size 2 x 0.6mm

4kB macro size 0.130 x 0.135mm

Bitcell
Type Two-Port (8T)

Area 0.185µm²

Memory
Capacity 4kB (2 x2kB)

Density 1.87Mb/mm²

Sub-arrayefficiency 72%

Data type boolean/ integer

Vectorsize 128-bit

Instruction flow
1 instr./cycle

(3-cycles latency)

Computingarea <5% overhead
Operating frequency 1GHz

Leakagepower 212µW

@0.85V
(nom. 
VDD)

Read power 15.1mW

Write power 15.6mW

Computingpower 25.5mW*

Computing energy 202fJ/bit*
TOPS/W/mm² 35.6* 1.48**

Measured chip # 10 (0.3Mb)
*8-bit addition **8-bit multiplication

128-ROWS x 128-BITS
(DATA)

128-ROWS x 128-BITS
(DATA)

LCTRL

WL
DRIVERS

WL
DRIVERS

LIO

GIO / NMC UNIT

EXTRA
MEMORY PAGE128-ROWS x 128-BITS

(DATA)

128-ROWS x 128-BITS
(DATA)

LCTRL

WL
DRIVERS

WL
DRIVERS

LIO

0.
6m

m

2mm

4kBC-SRAM

4kBC-SRAM

SRAM

SRAM 

SRAM 

SRAM

RETENTION

TPSRAM

Wake-Up

Plateform
Wake-Up

Radio

Always-on

Platform

On-Demand

Plateform

ESPERANTO
RNN with 50k synapses

Non-Volatile-Memory
NVM subsystem for 

Microcontrolers

EPAC

EPAC 
HPC Variable Precision Accelerator

CRYOCMOS
Control for quantum 

computing

HUBEO
Photonic NoCinterposer

MAG-3D
3D Network-on-Chip

FRISBEE
ULP FDSOI 

LOCOMOTIV
Adaptive Voltage & 
Frequency Scaling 

REPTILE
Analogue neuron

SPIDER
Neuromorphic DSP

HIGH 
EFFICIENCY

TRUST-
WORTHY

AI 
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10+ years of experience in Systems co -design

HIGH 
EFFICIENCY

TRUST-
WORTHY

AI 

DreamNet- Incremental
Learning

SIGMAFUSION ςULP sensorfusion

AIDGE embedded AI

VPSIMςHW Digital Twin
Polygraph- Edge2Cloud 

Cogito ςSWCyber
Leafςreal time

reliability

ULP GNN

MoCCςCommunication
& computingQoS XANTHOS µKernel

Cingulataς
cryptocomputing
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Les origines du LIAE

DTSI/SARC/LCEI DACLE/LCE DACLE/SCSN/L3A DSCIN/LIAE

Mission : Concevoir des solutions 
HW/SW pour des systèmes 
embarqués complexes basés sur 
l'image.

Les solutions sont principalement 
"classiques" avec un peu de 
recherche sur les réseaux 
neuronaux profonds.

Mission : Concevoir des solutions 
HW/SW pour des systèmes 
embarqués complexes.

Séparation de l'équipe de 
traitement d'images de haut 
niveau avec la création du 
DIASI/LVIC.

Mission : Concevoir des solutions 
HW/SW pour des systèmes 
embarqués spécifiques à une 
application complexe.

Séparation de la conception de 
l'architecture HW "générique" qui 
a créé le nouveau LCE.

Mission : Concevoir des solutions 
HW/SW pour des systèmes 
embarqués d'IA complexes.

Intégration de l'activité des 
réseaux neuronaux profonds à la 
mi-2019.

Laboratoire Calcul 
Embarqué et Image

WǳǎǉǳΩŜƴ нллф

Laboratoire Calcul 
Embarqué

2010 - 2014

Laboratoire Adéquation 
Algorithme Architecture

2015 - 2019

Laboratoire Intelligence 
Artificielle Embarquée

Depuis 2020

NanoDesignThesis
STDP with memristors
XnetSNN simulator

2012

2023

Aidge launch

2017

N2D2 launchH2020 NeuRAM3

2013

2014

IEDM Stochastic
OxRAM

2015

Patent: unsuppervised
learningwith PCM

2016

Patent: real time 
radionucleide
detection

2018

SDK PNeuro

2019

ICLR SpikeGrad

2020

2021

2022

IJCNN Ova-INN

Patent: NeuroCorgi

>20 patents
>50 publications
with N2D2
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LIAE est un joueur dõ®quipe cl®

Systèmes
intégrés

Intégration 
technologique

Portage et 
optimisation 
(CPU, DSP, 
GPU, FPGA, 

ASIC)

Conception de 
bibliothèques 

embarquées, d'IP 
et d'architectures 

avancées

Plateforme pour 
l'exploration 
ŘΩŀǊŎƘƛǘŜŎǘǳǊŜǎ 

HW/SW

Analyse de code 
avec outils et 

méthodes
Application

LIAE : Combler le fossé entre le développement 
d'applications et l'intégration technologique

Autres unités LIST Unités LETI
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LôIA est largement domin® par le deep learning

Lõessor du deep learning et de lõIA

Année de publication
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Lõessor de lõIA
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Lõessor de lõIA

2023 ï2026 : la tendance se 

poursuit au même rythme !

DeepSeek R1

(LLM chinois)
OpenClaw

(IA agentique)

Modèles de 

raisonnement

Multimodalité

Démocratisation 

des LLMs

Mistral AI
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Croissance globale du march® de lôIA : de 200Md en 2023 ¨ 2 000Md1

ƴ de lôedgeIA : de   10Md               à    100Md2 en 2030 Č x10

Explosion des investissements
ƴ Microsoft / OpenAI : 10Md en 2023, supercalculateurs à 10k-100k GPUs, entre 100k-1M GPUs déployés4

ƴ Google : des douzaines de supercalculateurs à 4k TPUs v45

ƴ Twitter : 10k GPUs

ƴ France/GENCI : Jean Zay (3k GPUs), CEA-List/Factory-IA (1k GPUs)é

LôIA pourrait contribuer ¨ 20% de croissance du PIB de lôEurope en 2030, soit 3 000Md3

Un d®veloppement aujourdõhui exponentiel

Bank of America: "It took ChatGPTjust 5 days to reach 1 million users, 1 billion cumulative 
visits in 3 months and an adoption rate which is 3x TikTok'sand 10x Instagram's,".
"The technology is developing exponentially."

Marché IA adressable selon 

SpaceX dôici 2030 : 26 000Md

CA visé en 2030 : 322Md

Mistral :

Å 2026 : mise en service dôun centre 

de données à Bruyères-le-Châtel

Å 1 GW de capacité en 2030

xAI Colossus : 200k H100 GPUs



Disposition : Titre et contenu

Des outils performants et accessibles

Soutenu par des plateformes open source

La Chine entre dans la course avec ses propres 
plateformes de deeplearningissues des BATX. Les 
autorités chinoises investissent aussi massivement 
sur le sujet

Les US dominent le marché avec des plateformes de 
deeplearninglargement utilisées dans le monde 
ǇƻǎƛǘƛƻƴƴŞŜǎ Řŀƴǎ ƭŜ ŎƭƻǳŘ ŀǳƧƻǳǊŘΩƘǳƛ  

INVESTISSEMENT PUBLIC :
Å National Science and TechnologyCouncil
Å DARPA DefenseAdvanced ResearchProjectsAgency 
Å Advanced ResearchProjectsAgency-Energy

INVESTISSEMENT PUBLIC :
Å[Ŝǎ ŀǳǘƻǊƛǘŞǎ ŎƘƛƴƻƛǎŜǎ ƻƴǘ ŀƴƴƻƴŎŞ ǉǳΩŜƭƭŜǎ ƛƴǾŜǎǘƛǊŀƛŜƴǘ ƧǳǎǉǳΩŁ рф ƳƛƭƭƛŀǊŘǎ ŘŜ Ϸ 
ŘΩƛŎƛ Ł нлнр Řŀƴǎ ƭΩƻōƧŜŎǘƛŦ ŘŜ ǊŀǘǘǊŀǇŜǊ ƭŜǎ ;ǘŀǘǎ-Unis

ALink

GAFAM
BATX

Solutions profondément orientés déploiement GPU/Cloud (quasi-monopole NVidia)

Plan AI+ lancé en 2024

Å Modèles de fondation

Å Infrastructure souveraine

Å Processeurs IA souverains

15 000 robots humanoïdes produits en 

2025 (90% de la production mondiale)
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LôIA pourrait repr®senter plus de la moiti® du cloud computing en 2030

Jusquõo½ ?

The expected growth in data, computing processing, and energy consumption 
are changing the present paradigm "do everything in the cloud"
to a new one that can be called "bring computing to where the data are".

EUR 29245 - Artificial Intelligence: A European Perspective

Limite quantique de la 
loi de Moore2

~2036

Le Cloud = 3 à 4%de la consommation 
ŘΩŞƴŜǊƎƛŜ Ŝƴ 9ǳǊƻǇŜ Ŝƴ нлно1

(½ transmissions de données + ½ calcul)

[ΩedgeIA, une nécessité 
pour ǇŀǎǎŜǊ Ł ƭΩŞŎƘŜƭƭŜ Ŝǘ 
diminuer le coût !

5,7% en 2035

USA :

4,4% en 2023

9% en 2030 (Electric 

Power Research Institute (EPRI))
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Le d®ploiement, du Cloud vers lôedge :

Å Maturité des applications

Å Passage ¨ lô®chelle

Å Diminution du coût

Å Interaction avec le monde physique

Vers lõessor de lõIA embarqu®e

Cloud IA : développement
(apprentissages large échelle, 
génération de circuits)

EdgeIA : 
déploiement 
(inférence & adaptation)

Cloud IA non soutenable

2000 2022

IBM ASCI White

7.23 TFLOPS
Apple A16
17 TOPS

ARM Cortex-M4

250 MOPS

20101985

Cray-1

160 

MFLOPS

~2036

Ere des circuits «câblés»

Limite quantique de la 
loi de Moore2
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Å Souveraineté

Å Confidentialité

Taalas (start-up à Toronto)

Llama sur silicium atteint

17 000 jetons/sec !

10x meilleur que le SotA
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Vers lõessor de lõIA embarqu®e

«[ΩL! ŜƳōŀǊǉǳŞŜ ǇǊƻƳŜǘ ŘƻƴŎ ŘŜ ǘǊŀƴǎŦƻǊƳŜǊ ǇǊƻŦƻƴŘŞƳŜƴǘ ŘŜ ƴƻƳōǊŜǳȄ ǎŜŎǘŜǳǊǎ ŘΩŀŎǘƛǾƛǘŞ όƳƻōƛƭƛǘŞǎΣ ƛƴŘǳǎǘǊƛŜΣ ǊŞǎŜŀǳȄ ŘΩŞƴŜǊƎie, santé, 
ŘŞŦŜƴǎŜΣ ŀƎǊƛŎǳƭǘǳǊŜΧύΣ Ŝǘ ǊŜǇǊŞǎŜƴǘŜǊŀƛǘ ǳƴ ǇƻǘŜƴǘƛŜƭ ŞŎƻƴƻƳƛǉǳŜ ŜǎǘƛƳŞ Ł рллл ŜƳǇƭƻƛǎ ŘƛǊŜŎǘǎ Ŝǘ Ǉƭǳǎ ŘŜ мл ллл Řŀƴǎ ƭŜǎ Ŧƛlières applicatives.»

« Lõedge computing est une plus grosse opportunité que le cloud è, Thierry Breton, PDG dõAtos 

(2019)

« Le client nous demande de les traiter dans les datacenters [é] on arrive ¨ un volume de 40 
zetaoctets , soit 40 000 milliards de milliards de données. Selon différents cabinets, 80% vont 
être traités de façon centralisée sur les datacenters et le cloud, et 20% ailleurs, à la périphérie 
ou lõedge [é]. A lõhorizon de cinq ans, ce seront 80% ¨ traiter dans lõedge et 20% dans les 
datacenters et le cloud. »

Une prévision commode mais « trop » visionnaire ?

Des catalyseurs forts :

Å Capacit®s autonomes dans la d®fense (guerre en Ukraine, instabilit®sé)

ÅRobotique humanoµde industrielle et domestique (Plan AI+ Chine, 1X, Teslaé)

Å Banalisation des NPUs compatibles LLM/VLM low cost (notamment chinois : 

Sophon, SpaceMIT, RockChip, Huaweié)
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Motivateurs :

Facilitateurs :

Pourquoi embarquer lõIA ? 

Temps réel «dur »
(tempsde réponse garanti)

Suretéde fonctionnement
(disponibilité garantie)

tŀǎǎŀƎŜ Ł ƭΩŞŎƘŜƭƭŜ ϧ ǊŞŘǳŎǘƛƻƴdes coûts
όǘǊŀƴǎƳƛǎǎƛƻƴΣ ƛƴŦǊŀǎǘǊǳŎǘǳǊŜΧύ

Fiabilité: capacité à garantir 
les résultats
(explicabilitéΣ ǊƻōǳǎǘŜǎǎŜΧύ

Frugalité : ŎŀǇŀŎƛǘŞ ŘΩŀŘŀǇǘŀǘƛƻƴ 
avec peu de données
(zero-/one-short learning, 
continuallearningΧ)

Confidentialité des données
όǎƛ ƻƴ Ŝǎǘ ƻōƭƛƎŞΧύ

Oui, côest devenu encore plus 

nécessaire avec les LLMs,

et ce à tous les niveaux 

(états, industries, individus)

Importance de la 

mémorisation du contexte 

pour les grands modèles
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Des outils aux orientations et dépendances fortes

Quelles solutions pour lõIA embarqu®e ?

ARM Cortex-M

for Microcontrollers

micro

NNAPI

Hexagon

VTA: Versatile TensorAccelerator

AdrenoGPU

NNAPI

SNPE SDK

OpenVINO, 
oneDNN

Vitis AI

Vitis AI

CoreML

ARM NN

Å Niveau opérateur
Å Tuilage de boucles
Å BackendLLVM

Å Wrappersur librairies 
propriétaires

Mont®e en puissance dôExecuTorch

(Meta), lancé en août 2023

Č aujourdôhui le projet avec la plus 

forte croissance !

Développement continu 

dôONNX et ONNX Runtime 
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Pas forcément optimisés : benchmark 2023 MLPerf Tiny sur Cortex-M4

Quelles solutions pour lõIA embarqu®e ?

for Microcontrollers

micro

Constats 2026 :

- Performances hétérogènes selon les outils

- Benchmarks insuffisants, fragmentés et/ou 

obsolètes

- Fort d®calage entre outils dôoptimisation 

génériques et optimisations modèle-spécifique
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Contrastant avec la diversité des solutions et architectures matérielles

Quelles solutions pour lõIA embarqu®e ?

Processor Company Year Process

ERGO Perceive 4Q20 22nm

Recogni Recogni Inc. 4Q22 7 nm

ARC NPX6-96K Synopsys 3Q22 5nm

AiWare 4 AiMotive 4Q21 5 nm

AiWare 3 AiMotive 4Q20 16 nm

NeuPro-M CEVA 2Q22

NeuPro-S

NPS4000
CEVA 4Q19

Tyr 3 Vsora 1H24 7nm

Tyr 1 Vsora 1H24 7nm

AD1028 Vsora 4Q20 7nm

Origin 

E4
Expedera 2H21 7 nm

RAPID IBM 7 nm

TruStream Cornami 16 nm

NNE 110 Cadence 3Q22

NEOX A Think Silicon 4Q22

SAKURA 

DNA-A800
EdgeCortix 3Q21 12 nm

Journey 6
Horizon 

Robotics
4Q23

7nm

TSMC

Processor Company Year Process

Spiking neural Processor

Loihi 2 Intel 4Q21 Intel 7

  In memory DLA

AI-X

Lightspeeur 

2803S

Gyrfalcon 

Technology
4Q20 28nm

MX3 MemryX 2H22

SpeedAI240 Untether AI 3Q23
7 nm 

TSMC

RunAI200 Untether AI 2Q21 16 nm

Analog DLA

AML100 Aspinity 4Q22

M1076 Mythic 1Q22 40 nm

GPX-10 Ambient 2Q21 40nm

Passage Lightmatter 4Q22

Mars Lightmatter 4Q21
90nm (photo die)

14nm (dig. die)

Aurora 

DeepLight 1.0
Cognifiber 2H23

Program-
mable

Opérateurs 
configurables

Opérateurs 
câblés / figés

Codage 
compressé / 
parcimonieux

In-memory 
computing

Mixte 
analogique

Processor Company Year Process

Journey 5
Horizon 

Robotics
4Q21

Ethos-N78 ARM 2Q21 7 nm

Hailo-8 Hailo 2Q20 16 nm

NMP 700 AiM Future 1H23

Tiny Raptor

v2
Dolphin 1H22 22 nm

Chimera QB4 Quadric  1Q23 7 nm

Q16 Quadric  3Q21 16 nm

Myriad X 
Intel

Movidus
4Q18

16 

TSMC

Infer X

X1
Flex Logix 1Q23

16 nm 

TSMC

WARBOY FuriosaAI 1Q23 14 nm

ARC EV74 Synopsys 1Q20 16 nm
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Au-delà des performances, indispensables,

de multiples enjeux techniques

pour assurer notre compétitivité :

ƴ Maitrise

ƴ Souveraineté

ƴ Innovation

Les enjeux pour lõIA embarqu®e

Une optimisation 
robuste, maitrisée et 
ouverte des modèles

Une intégration 
de paradigmes 

innovants pour la 
fiabilité et la 

frugalité

Un (libre) choix du 
matériel: de 

ƭΩŀǊŎƘƛǘŜŎǘǳǊŜ κ Řǳ 
composant au 

système

Maitrise des algorithmes :
Å Méthodes ouvertes, documentés, 

génériques et réutilisables
Å Reproductibilité des modèles optimisés

Maitrise du déploiement :
Å API modulaire et unifiée pré- et post-déploiement
Å Compatible avec des objectifs de certifiabilité

Hétérogénéité :
Å Multi-cibles matérielles
Å Gestion de systèmes hétérogènes
Å Multi-paradigmes de calcul

Souveraineté :
Å Noyaux de calcul ouverts et indépendants
Å Architectures et composants souverains
Å Intégration de technologies souveraines 

(FDSOI, 3D-chiplet, mémoires NVM)

Fiabilité :
Å Intégration de connaissances «innées»
Å Maitrise du «domaine de vol»
Å Robustesse aux fautes et aux attaques

Frugalité :
Å Transférabilité de modèles «maitres»
Å Adaptation hors ligne et en ligne
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3. Nos travaux actuels

Mod¯les IA dôint®r°t

Plateforme logiciel open source pour lôIA embarqu®e : Aidge

Exemple de circuit ASIC ultraspécialisé : NeuroCorgi

Vision du laboratoire

Sommaire
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CNN layer:

Convolutional neural networks overview

0 1 -1

-1 1 -1

-1 1 0

ὕȟ ÔÁÎÈ Ὅ ȟ ȢὑȟInput map

(Ὅȟmatrix)
Output feature map

(ὕȟmatrix)

1 2 3 4 5 6
0 1 -1

-1 1 -1

-1 1 0

0 1 -1

-1 1 -1

-1 1 0

0 1 -1

-1 1 -1

-1 1 0

0 1 -1

-1 1 -1

-1 1 0
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-1 1 0
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-1 1 -1

-1 1 0

7 8 9 1011 12
0 1 -1

-1 1 -1

-1 1 0

0 1 -1
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0 1 -1

-1 1 -1
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0 1 -1

-1 1 -1
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0 1 -1

-1 1 -1

-1 1 0

131415161718
0 1 -1

-1 1 -1
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-1 1 -1
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0 1 -1

-1 1 -1

-1 1 0

0 1 -1

-1 1 -1

-1 1 0

0 1 -1

-1 1 -1
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0 1 -1

-1 1 -1

-1 1 0

192021222324
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▪ ▪kernel

(ὑȟmatrix)

ὕȟ ÔÁÎÈ Ὅ ȟ Ȣὑȟ

Each kernel generates Í output feature maps

Convolution operation:

Kernels are learned with gradient-descent algorithms

(classical back-propagation is very efficient!)
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Convolutional neural networks overview

é

éé

Deep = number of layers 

>> 1



Disposition : Titre et contenu

Faster-RCNN applied to ADAS:

Complex neural network systems
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Transformers: ViT and LLM

Å LLM are causal models

Å They only predict the next token

Å 3 main blocs:

Å Attention

Å Feed-Forward Network

Å Normalisation



End-to-end interoperable framework 
including optimization and deployment

Modular library with light core, plugins 
system and few dependencies

Open source code hosted by 
with adapted license to create proprietary 
software (EPLv2)

Aidge: a DL framework
dedicatedto embeddedAI

GRAPH EDITING & 
SCHEDULING

HIGH LEVEL 
OPTIMIZATIONS

MAPPED 
MODEL

Kernels mapping

Remember: the targeted hardware does not 
necessarily have a compiler!

+40 industrial and academics partners



+

Multi-Platform and PackagingAPI

+

Á Broad ONNX support 
(import and export)

Á Intelligent fallback 
mechanism

Á Automatic operator 
registration

Á ONNX runtime test 
suite for validation

Interoperability Intermediate
Representation

Graph Edition &
Transformation

Code
Generation

Á Hierarchical and 
adaptative IR

Á Expansion or fusion 
using meta-operators

Á Unique graph-
matching engine

Á Rich analysis tools 
(Aidge Model Explorer)

Á Model simplification
Á Model transformation 

to match hardware 
capabilities (tiling)

Á Model adaptation to 
available kernels 

Á Transparent code 
generation using 
templates

Á Supportmultiple 
programming models

Á Orchestration using a 
producerςconsumer 
model

Á Static memory 
allocation

Model
Optimization

Á Guaranteed 
reproducibility

Á Quantization: post-
training or aware 
training  (SAT, LSQ)

Á Compression: tensor 
decomposition

Modular deployment framework:
beyond fragmentation & black-box 
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The right IR is everything

Graph matching and rewrite is the single most important operation for
optimizing and mapping high level algorithms to hardware compute resources:
Å

Strong ONNX interoperability require graph adaptation for import and export

Å ONNX simplifiers consist of matching sub-graph pattern and replacing them

Å Quantizationconsists of inserting quantizer nodes, scaling nodes and performing nodes fusion

Å Tensor-decomposition compression consists of replacing Conv with several smaller Conv

Å Mapping to memory-limited physical computing resources require operators tiling

Å Mapping to available compute kernels require graph adaptation όŎŀǎǘƛƴƎΣ ǘǊŀƴǎǇƻǎƛǘƛƻƴΣ ǇŀŎƪƛƴƎΧύ

Å Multi-modal optimization with data augmentation require synchronized data processing pipelines

Χ ŀƭƭ ǘƘŜǎŜ Ŏŀƴ ōŜ ŘŜǎŎǊƛōŜŘ ŜȄǘǊŜƳŜƭȅ ŜŦŦƛŎƛŜƴǘƭȅ ǿƛǘƘ ǘƘŜ right intermediate 
representation (IR)!
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Key features of !ƛŘƎŜΩǎIR

Key features :
A transparent representation with a graph

A multi -paradigm abstraction model

A hierarchical graph model

A generic graph model

An accessible graph model

Č GenericOperator

Č Graph Matching

Č Meta Operator

Multi-paradigms

abstract base

Expand

Fuse

dinov2_model = aidge_onnx.load_onnx ( "dinov2.onnx" )
aidge_core.fuse_to_metaops (dinov2_model, " MatMul- *>Add" , " Linear " )
aidge_core.fuse_to_metaops (dinov2_model, " MatMul- >Div#1 - >Softmax - *>MatMul;"

"Div#1<1~Producer" , " ScaledDotProductAttention " )
aidge_core.fuse_to_metaops (dinov2_model, "ScaledDotProductAttention#1 - >Transpose - >Reshape#1- >Linear ;"

"Reshape#1<1~Producer;"
"ScaledDotProductAttention#1<0 - (Transpose< - Reshape#2<- Add#1);"
"ScaledDotProductAttention#1<1 - (Transpose< - Reshape#3<- Add#2);"
"ScaledDotProductAttention#1<2 - (Transpose< - Reshape#4<- Add#3);"
"Reshape#2<1~Producer;"
"Add#1<* - 0- Split#1;"
"Add#2<* - 1- Split#1;"
"Add#3<* - 2- Split#1;"
"Split#1< - MatMul;"
"Split#1<1~Producer" , " MultiHeadAttention " )



Key features of !ƛŘƎŜΩǎIR

üAidge introduces a well-defined consumer-producer (C-P) model
ü Similar to transaction-level modeling (TLM) for electronic design

32

Implementation 
not required

Inherits from 
ProdConso model

C-P model Specification

Token-based Arbitrary dataquantity (FSM logic / Petri net modeling)
Standard Tensor-based AI frameworks scheduling

Data-based Precise amount of data elements consumed and produced
at each execution step

Hybrid Data-based to token-based

Fine grain (pipelined) 
dataflow modeling

class Conv2D_DataFlow_CP(aidge_core. ProdConso):
def __init__(self, op : aidge_core. Operator ):

aidge_core. ProdConso.__init__( self , op)
self .state_begin = True

def get_nb_required_data (self, input_idx ):
input = self .get_operator (). get_input ( input_idx )
if input:

if self .state_begin :
# Require 3 lines for 3x3 kernel
return aidge_core. Elts_t.data_elts ( 3 * input.dims ()[ 2])

else :
return aidge_core. Elts_t.data_elts ( input.dims ()[ 2])

else :
return aidge_core. Elts_t.none_elts ()

def get_required_memory (self, output_idx , inputs_size ):
output = self .get_operator (). get_output ( output_idx )
self .state_begin = False
return aidge_core. Elts_t.data_elts ( output.dims ()[ 2])

C-P model is 
state full



Key features of !ƛŘƎŜΩǎIR

ü!ƛŘƎŜΩǎscheduling is static
ü Get early and late logical static scheduling

for any graph, cyclic or acyclic

33

lstm = aidge_core. LSTM( in_channels =4, hidden_channels =8, seq_length =5)

# Flatten the graph:
lstm_model = aidge_core. get_connected_graph_view ( lstm )
aidge_core. expand_metaops( lstm_model )
lstm_model.set_backend ( " cpu" )

# Create the Scheduler
lstm_scheduler = aidge_core. SequentialScheduler ( lstm_model )
lstm_scheduler.generate_scheduling ()

# Display static scheduling
lstm_scheduler.save_static_scheduling_diagram ( " lstm_scheduling " )

Based on the specified C-P model

Agnostic of the programming model
An associated operator implementation is not required
(the scheduling is decoupled from the execution path)



Key features of !ƛŘƎŜΩǎIR

üComprehensive and simple static analysis
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stats = aidge_core. static_analysis.StaticAnalysisExt (dinov2_model)
stats.summary () # Simple text output similar to Keras model.summary()

stats.log_nb_ops_by_type ( "stats_ops.png" , log_scale =True )

Rich low-level & high-level APIs:
- Base C++: for lower-level heuristics integration
- Extended Python: with additional visualization methods

Auto aggregation for Meta operators, 
specifiable for Generic operators



!ƛŘƎŜΩǎexport modules overview

Code generationexports

Heterogeneous

Export System

aidge

Save model in 
!ƛŘƎŜΩǎAPI 
source code

cpp

Reference, statically allocated, C++ export

arm_cortexm

Optimized 
kernels using 
Cortex-M DSP

arm_cortexa

Optimized 
kernels using 
NEON DSP

esp32

Optimized 
kernels using 
ESP32 DSP

ti_jacinto

Optimized 
kernels using 

MMA

arm_ethos

Export using 
ARM TOSA

nxp_imx8

acetone

Reference 
certifiable C 

code

tensorrt

Wrapper for 
integrating 

custom 
plugins

openvx

OpenVX
export

colibri

SDK for ASYGN 
ColibryNPU

Interest expressed from some partners

Development planned from MountAIn

Development planned from Asygn

Å Generic, fully templated kernels
Å Work at any bit-precision, inc. low-bit precision
Å Ready for SIMD (NHWC format)

S1 2026

Development planned from CEA
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ExecuTorch OpenVINO ONNX RT LiteRT Aidge Aimet XNNPACK TVM NNCF Brevitas ARMNN TFLite micro QKeras VitisAI CMSIS-NN FINN

Meta Intel Microsoft Google Eclipse
Foundation /

CEA

Qualcomm Google Apache
Software

Foundation

Intel AMD ARM Google AMD ARM AMD

- Intel CPU/GPU - - - Qualcomm SoCARM, x86, RISC
V

- Intel CPU/GPU AMD FPGA ARM Cortex-A - - AMD FPGA ARM Cortex-M AMD FPGA

Project activity in the last 12 months (sept. 24 ςsept. 25)

Commiters (> 1 commit/month)

Core commiters (> 10 commits/month)

Aidge in the open source landscape

Eclipse Aidge key insights:
Å #1 number of core committers
Å #1 open source foundation
Å #5 most active in contributions

Opengovernance foundation
The only European lead framework
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AI Circuits & Architectures

Classification

Smart Sensors

Esperanto

Gesture detection

130nm + OxRAM + PMUT, 

SPIRIT

Spiking SNN

130nm, OxRAM

CNN backbone

NeuroCORGI
Feature Extractor (HD images)

GF22nm, OxRAMLARGO

28nm, OxRAM

Spiking SNN

BNN
Digital popcount

130nm, OxRAM

Bayesian

machine

MOSAIC

Modular AI systems composed 

of heterogeneous components 

PNEURO
Raptor HW/SW IP

FD28nm

CNN

BUMBLEBEE

Attention based AI

Circuit Architecture

Transformers & 

multimodality

2018 2020 2022 2023 2026
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Towards hardware generation

AI Applications:

ÅClassification

ÅSegmentation

ÅObjects detection

ÅLanguage model

Classification

Segmentation Objects detection Language model

üPer domain specialized 

architecture

üHigh energy efficiency

üLow processing latency

üDo not require the latest 

process node

üGeneric architecture

üRequire the latest technological process node to 

reach the best energy efficiency

üHuge costs of 500M$

üHigh information processing latency
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ü Fix topology: MobileNet v1

ü Parameters freeze at design

ü 4-bits quantization

ü Very low clock frequency

ü NVM-Leti memory

ü 3 different circuit versions:

;             ;              .
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The NeuroCORGI circuit

ñPerson: 95%ò

Ý Ultra low energy consumption

Ý Ultra low processing latency

Image segmentation

Objects detection

Classification

+ NVM
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Ultra low power: Active = 26mWČ 26% of imager power (>100mW) ; Leakage = 218µW

Best in class energy / inference / pixel: 0,84nJČ 8x to 1000x better compared to SoTA

Best in class latency with batch size 1: 14ms Č 42% of 30fps imager latency 
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NeuroCORGI benchmark results

This work
Samsung

(ISSCC 2022)

Vega

(ISSCC 2021)

MediaTek

(ISSCC2020)

Alibaba

(ISSCC 2020)
KAIST Eyeriss v2

Dolphin 

RAPTOR
GAP8

Technology GF22FDX 4nm GF22FDX 7nm TSMC 12nm 65nm TSMC 65nm GF22FDX

AI model
MobileNet

v1

MobileNet

TPU
MobileNet v2 MobileNet v1 ResNet v1 MobileNet

MobileNet v1 

(alpha 0.5)
MobileNet v2 MobileNet v1

Energy/inference

(224x224)
0.042mJ 0.35mJ 1.19mJ 0.17mJ

2.00 ï3.51 

mJ
1.2mJ 1.55mJ* 2.6mJ 49.7mJ

Energy/inference/

pixel
0.84nJ 6.90nJ 23.72nJ 3.46nJ

39.92 ï70.02 

nJ
23.92nJ 30.99nJ 51.82nJ 990.05nJ

Energy/inference/

pixel 

W.r.t. this work

1x 8.19x 28.15x 4.11x
47.31x ï

83.10x
36.78x 36.78x 61.5x 1175x
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Approach proven on several applications

Autonomous 

Weeding System

Tomato pests and 

diseases forecast

Drones/USV Underwater 

Acoustic Signal 

Classification

3D Object Detection 

and Classification 

of Road Users

Robust 

Autonomous 

Landing
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