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Enabling Open-Source Edge Al for Software-Defined Vehicles
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Edge Al revolution
Integrate Al capabilities directly where data is produced

Key benefits
A Real-time processing: ultra-low latency inference
A Privacy protection: data and model stay on device
A Offline operation: no internet dependency
A Cost reduction: energy consumption and infrastructure

Many apllcatlons Industrial 10T Mobility Spati al =
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"Aut'onom-o-us__D'r.i'ving & ADAS -

~ Real-time perception, steering, braking, lane keeping
"_Predictive Ma'_i'ntériahce
Early fault detection, reduced downtime

Personalized .ln'-'C'ar Experience
- Adaptive comfort, infotainment, driver preferences

Voice & Gesture Control
Natural interaction with vehicle systems

Driver Monitoring & Safety
Fatigue detection, emergency response




"7?‘7‘.‘*:.*"Evolu’kclohkef embedded computlng for mobility

" Centralized & zonal
electronic architecture

4 Expected benefits
- Reduce weight and volume of ECUs
- ECUs resources sharing
- Upgrade by SW and 1/0 rather than
additional ECU

.

Chiplet-based SoC

/

Application

Architecture SW & DevOps

- Decouple HW and SW SOP i
- - Enable’ update thanks to fuII FOTA

Expected benefits

- Enable heterogeneous computing

- Integration of domain-specific

accelerators ]
- Sustainable and re-usable

- J
Global co -designis required
Software Data coding

Algorithm

Architecture

o Enabl__e the upgrade on demand

Expected beneflts

Technology

........
.................




Structural limitations of edge Al toolchains

N

\/Hardwﬁpecific\

{LJQ A Closed soublaw,
s A VVendori fd orceks t|r

(Deep Learning Frameworks 4 Optimization Compilers

: A Runti me depen|de i efs Low-level approach
© O g a bA Exiramgely complex

ALimited interlop
ohy OINNX A Cl osseodur c e e X e cadit  h~0 n pipelines DE; _—?_ portability

Lea ding to | R e - |

I

q
Time & Cost Multiplier

Fragmented solutions Expertise scarcity Innovation Bottleneck




Needs for edge Al

Streamlining the workflow

A Ensure smooth interoperability across tools and toolchains
A Manage hardware heterogeneity end-to-end (from component to
system)

Mastering the deployment

A Provide controlled, scalable, and open optimization and deployment pipeline
A Integrate sovereign technologies (chiplet architectures, advanced memory) for
sustained innovation

Certification readiness

A Meet the stringent expectations of safety-critical environments
A Accelerate compliance with industry standards and regulatory
frameworks




aidge

Edge Al deployment framework Beyond fragmentation & black-box "

’ End-to-end integrated platform

_._. e A From design to optimized deployment
A High degree of interoperability

Y
e MODI ING e, —

I &= ‘ Open and modular platform
["‘" B """) h A Lightweight core module with plug-ins
€ ONNX A Minimal dependencies
O Pyforch Frrensorrion Y A Collaborative environment

Hosted by
API Multi-Platform and Packaging

-
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Can we do it directly with only ONNX?
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https://github.com/microsoft/onnxconverter-common/blob/master/onnxconverter_common/optimizer.py
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. def _parent_name(target : str ) ->Tuple[ str, str]: ,\
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Splits a ™ qualname™ into parent path andlast atom. | A x MCOAD Ei AQN OSAAMI | AA SR S -
For example,* foo.bar.baz =~ ->( foo.bar °, 7 haz®) [ A e e )
*parent, name = target.rsplit ¢, 0
return parent] O] if parent else " , name

def replace_node_module (node: fx.Node , modules: Dict[ str , Any],
new_module torch.nn.Module ):

assert (isinstance (node.target , str))

parent_name, name = _ parent_name ( node.target )

setattr (modules[ parent_name], name new_module
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T e A e An innovativeregularexpression
B like graphmatchingDSL

T o - _def_find_énd_fuse (model : aidge_core.  GraphView):
e ... gm=aidge_core. SinglePassGraphMatching (model)
R e matches = gm.match( "Conv2D- >BatchNorm2D#;(BatchNorm2D#<*- Producer)*" ); |

for match in matches:
conv_node = match.graph.root_node (), - . Sl T
bn_node = match.anchors [ "BatchNorm2D"][ "#" ] : : R

fused conv_ = fuse (conv_node, bn_node); SR e "_'_"'_'_:'.'_:‘_"'.'_'_'l-.-‘--f.'_'.'.'f."__'_‘-‘---'.'.'f
aidge core. GraphView.replace (match.graph , fused conv ); | e T

A transparentwell-definedand explicit
graph representation




ats = aidge_core.static_analysis.StaticAnalysisExt(dinov2_model)

ry()
Layer (type) Output Shape Param #
embeddings_Concat (Concat#@) [1, 257, 384)] 384
embeddings_Add (Add#0) [1, 257, 384) 93688
Norm#@) [1, 257, 384] 770
tion#a) [1, 257, 3841 591370
der_lay Mu. #0) [1, 257, 384] 4
e A ) [1, 257, 384]
No ) [1, 257, 384] 770
(Linear#a) [1, 257, 1538) 591360
(GeLusa) [1, 257, 1536] 3
(Linear#1 ) [1, 257, 384] 598208
encoder_layer_@_layer_scale2_Mul (Mul#l) [1, 257, 384] 384
encoder_layer_@_Add_1 (Add#2) [1, 257, 384] ]
(LayerNorm#2) [1, 257, 384) 770
(MultiHeadAttention#1) [1, 257, 384] 59137¢
encoder_layer_1_layer_scalel_Mul (Mul#2) [1, 257, 384) 384
encoder_layer_1_Add (Add#3) [1, 257, 384] © [ Memory Usage Over Time
. : ° - N - . . . (LayerNorm#3) [1, 257, 384] 778 |
. o R R . (Linear#2) [1, 257, 1536] 591360
4 S T e o : (GeLur1) ) 3
. - - - N B . . . .
| .
A Understand and optimize your models: leverage rich O —
Lot - - . ] . Params size (MB): 82.50892639160156
Estimated Total Size (MB): 157.62025451660156

analysis -t(_')_'_.O'_I"s’fO:r'dee.p understa'nding and improvement S |
of your models' complexity and resource footprint. L

A Diveinto m_Qidél analysis: "Aidge Model Explorer"
“empowers you to intuitively navigate your model | S— i
‘architectures (based on Google Model Explorer). — T i i

A Benchmark with confidence: easily compare the
performance of Aidge (C++, CUDA) with other frameworks
(PyTorch, ONNX). - '
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j‘.:'.i“':fGraph S|mpI|f|cat|on through pattern matching:

T
A Fuse LayerNorm / Gelu w. r.tto Pytorch / Keras variants m om : =
A Constant/Shape foIdlng R ol =l Cnl-—= =
A Matl\/lul + Add - Gemm S ggg;g EDERES
A And many more .. 17 recipes implemented (out of 37 identified) ;—; |

| Key features |
A 3-tier optlmlzatlon levels: Training-safe | Accuracy-safe | Performance Ne
A ONNX Opset compliance verification | N =6 =
A Customizable: select transformations and execution order with the CLI /“' o :

A Extendable with your own recipes | _ ;=

onnx_cleaner --show_recipes

TensorRT Per for mance Lompmuon (1, 000 1ttrat1on:,)

Available Graph Transformation Recipes

ConstantShapeFolding

FuseGeLU - original @.552 ms | 1812.@ inf/s
FuselLayerNorm - . onnx cleaner

FuseMatMulAddToFC - - .
FuseBatchNorm . onnxsim 9.550 ms | 1817.1 inf/s
RemoveIdempotent B | onnxslim

RemoveIdentity .




pti m'Zatlon o

B A Quantlzatlon. convert pa rameters to lower precision

data types

| 'A Compressmn' decomposes resource- |nten5|ve layers
~into multiple smaller operations

'_A Smart & versatlle optimization

A Hardware agnostic: deployment across diverse
~ ha rdware targets

A Precision control: choose the right
accuracy/performance trade-off

A Complementary: quantization and compression
can be seamlessly combined

A Breakthrough performance (outperforming AIMET)
A Achieve up to 60% model compression
A Experience up to 30% faster inference

Pourcentage de validation (en %)

FP32

01010101 § 01010101

INTS8

01010101

9
quantization

~
o

N
o

=
o

o

()]
o

w
o

IS
o

w
o

' compressmn

1 —— AIMET

| R Original Accuracy - 1%

—e— AIDGE
.......... Original Accuracy

——- QOriginal Accuracy 3% 5

0

10 20 30 40 50 60 70 80 e w
Facteur de compression (en %) =
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Control the orchestration and the memory optimization

Al Kernels Libraries
model Templates

" _______ S pe——
T A Intelllgent and optlmlzed code generation: - —— COmpiIatn
el A .Transparent code engine (C++/C) that automatically generates E— (Comlng soon)
- high-quality and standalone source code - - .
- A Multi-target C++ reference export
A Specializations for ARM, Texas Instrument SoC and ESP32 SR N e N _. .
A Support for third-forparty low-level libraries such as XNNPack and E
MR F

.
.,
e

-----

" s,

........

..........

...............
.....



C++ Standalone project
Generic templated kernels e Any bit-precision e Enable SIMD

Safety
ESP32
ONNX
c-l\:li:s XNNPACK S

2026

2026

Built by

/9% &M’— "LountAln ﬁ\;uﬁ%}

asYGN

- Com- Open
Acetone piler VX

®tvm

2026

OpenvX. X g
= '. R S L,F-




R P4l

Average Execution Time

Average Execution Time

(Ratio)

(Ratio)

A No compromlse |n transparency Memory mappmg, scheduling and operator fu5|on are decided by the user.

Deep Autokncoder
;

0.17

0.05 [

0.71

g 0.48

0.25 029




FLOAT32

INT8

Average Execution Time

Average Execution Time

(Ratio)

(Ratio)

~ MobileNet vi VWW

DS-CNN

ResNet8

Deep AutoEncoder

1

0.3

0.47

0.82

0.6

0.5

1

N E

0.94

0.78

I 7

- 'Oh' har'd'wa‘re -t'a.rg'_‘_éts_-_w'i'_t'h de-d'icat_ed accelerator, Aidge is comparable to vendor solution on state of the
art deep neural network architectures

| | N Aldge (Export ARM CortexM).'

- TFL'te ....................
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Balding trcnorty embedded Al

AudItWIthopen a'nd_verif'iable source code
: Strengt'.hén"rhodel resilience through robust learning approach

~ Test neural network inference under hardware fault conditions

the standard)

Meet strict aeronautical standards using the ACETONE plugin




Objectlves of the S ONNX Workmg Group :

>o

Do o o

PrOV|S|on of an

Let a be the concatenation axis and dy, o (T2) the dimension of the X} input tensor k along

the axis a.

Let s, be the cumulative offset along axis before input X, as:

k-1
T2:s5, = 2 dja
=0

Let i, be the global index along dimension @, and let i, be the corresponding local index
within a local tensor X,.. This relationship can be defined as follows:
T3: iy = ig — Sk
If the global index i, satisfies the condition:
Tdisy < ig < s+ dyq

then the relationship holds:

TS: Vio, v ip—1. Ylio, worir— 1] = Xilios werinn wesiv—1]
With i and i, _; are the indices which access respectively the first and last dimensions of a
r-dimensional tensor. iy, ...,i,— 1 represent a set of indices that uniquely identify an
element within an r-dimensional tensor.

| Form'a_lf{ve'r_ification of formal specification

Generation of a reference implementation of operators

(** T3: defining the local index i' for a i (global index) given **)

(*
seq_D_axis: seq_D_axis is the sequence of all the d_k,axis for each k tensor
i_axis: value on the axis along which the concatenation is performed
k: Current index in sequence seq_D axis. Must be © at the first call of the
function
s_k: Current sum of the previous dimensions in seq_D_axis. Must be @ at the
first call of the function

*)

let rec rec_find_k_and_i_prime (seq_D_axis: seq int) (i_axis: int) (k: int)

(s_k: int) : (int, int)

variant { length seq D_axis - k } (* Termination measure *)

if i_axis < s_k + seq D _axis[k] then (* Inequality (T5) to define to in which
k tensor the local index i' is defined *)
(k, (i_axis - s_k)) (* Definition (T5) by keeping the upper part of the
inequality: i' =1 - s_k *)
else
(* The global index i is superior to s k + seq D _axis[k] so the k tensor to
define the local index i' is not the current one but next one k+1. Update
the offset (s_k) by adding the length of the tensor we just checked
(current tensor). *)
rec_find_k_and_i_prime seq D_axis i_axis (k + 1) (s_k + seq_D_axis[k])

andMspeuflcatlon of ONNX operators

Traca_b_i_l_ity' _between informal and formal specification

£ ONNX

"'-ON'I'\'IX'h_”a‘s 'h-otﬁﬁbeen"'d'evel-oped with safety in mind and needs to be clarified, verified, completed,...

Reference

and

""»'Optlmlzed

T UL




i Context
A AV|on|cs systems are subject to strict certification

rocedures (DO 178C ARP) _ Trained and Target Embedded
p verified model hardware function
A EX|st|ng ML frameworks do hot comply with derived =

certlflcatlon objectives Inference
: model
A How to make neural network inference both efficient and ~ e

'v

Inference phase

~ certifiable in avionics systems?
- S (ML inference framework) .|

Objectives
P ' oo LM-01 The opp/icant o
A SemantICS preservatlon - same behavior on ta rget as in ( st ety D )‘——' Shgfgzgffcﬁfegxﬁ Objective
tra|n|ng environment — GRN}HW —
. . . . Argument Strategy / d‘:tpmtcmmbm\e;ir;ﬁ / Sub-Objectives
A Requirements traceability - mapping between the __ //\

All used ML

inference model description, the C code and the
associated binary file

interfaces of the ML model Contents of root model

ibed and sub-mo d Is ai instances are operators are
described

architecture are describe

A Timing predictability - determine tight worst-case

root Model, submodels,
and operators are

execution time (WCET) upper bounds for the inference

A Efficient resources usage - examine memory usage and
average execution times |




53:35‘3:7'_‘: ACAS Xu use case

A Study of the alrborne collision avoidance system approximation
based on fuIIy connected neural networks

A Compared frameworks Aldge Keras2C, Static microTVM

Evaluation c_r'i-ter_ia'.and results

A Semantic breSer\Iation: numerical difference between outputs of
learning and inference frameworks for a given input

- Errors ~107¢ (FP32) for all frameworks

‘A Timing predictability: static analysis with OTAWA tool

T
(o
U -
- -7 - -7 ”
Pad -7 o Intruder
-
- ]
]
r
. ’
~ Ownship .’
~ -
9 L )
Figure:  Ownship, intruder and sensor

measurements of the ACAS-Xu system.

- WCET bounds derivable; comparable for ACETONE and Static | L

microTVM, overly pessimistic for Keras2C

A Efficient resources usage: average of the observed t|mes of 50

executions on an ARM Cortex-A15 processor

- Equivalent to Static microTVM, ~2|
Keras2C

faster on average th_a_nﬁ-_-_




B Goal e
A Compare output results across backends
A Measure and compare inference t|me

| Multl backend support

A Aidge backend CPU or CUDA or any
export

‘A External runtimes: ONNX- RT, PyTorch,
TVM (coming soon)

Benchmarking scope
A Full model benchmarking

A Operator-level benchmarking
using customizable configurations

Model Operator

of'oﬁ (.} Configuration
O:IO—.O ? T E - Generator
0—.0 —
o~
Inference

b ONNX O 1
757 RUNTIME  PyTorch : !‘tvm

aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa




Active developments and collaborations

+30 industrials partners +10 academic partners
THALES  (infineon  AIRBUS ==SAL 2 Fraunhofer

=== SILICON AUSTRIA LABS
@ karay  ALSTOM ,
7 ’ ONERA
~ N B i o
Wuret ArcelorMittal »
reeter e NanoXplore

d

: ..
STeDF  GSAFRAN KNDS - @ e




| Classification

| A Vision-based model for small

A

ArcelorMittal

o Defect Detectlon and

defect detection (“mm)
A Enabling high speed processings
(20m/s)

A Deployed on Nvidia GPU

Heat Pump Monitoring
A Lightweight prediction algorithm for
adaptive heat pump control

A Up to 40% energy saving for

collective housing
A Deployed on STM32

Passive Acoustic
Monitoring

A Extreme lightweight model for
shearwaters sound classification
A Reduce by 25% the peak memory
A Deployed on Audiomoth / Silicon
Labs

BioPhonia

Hardware Design :
NeuroCorgi Al accelerator

A RTL generation of quantized model

A HD images processing in real time :
latency is less than 10ms

A Uses 1,000 times less power than

commercial circuits

L S S B A B




Key challenges ahead

s

A Ease support of heterogeneous architectures
Integration of compilation toolchain (TVM / MLIR)

A Enable update of model over time (continual and federated
learning)



Update of new applications Cooperation

 Electronic Control Units Centralized architecture

. m (((‘%

Sense & Compute Software-Defined Vehicle

Today Tomorrow




Join us

N

Gitlab

Code repository, issues, and discussions
https://gitlab.eclipse.org/eclipse/aidge

Documentation

User guide, APl and +20 tutorials
https://eclipse.dev/aidge/

Wiki
Contributor onboarding

https://gitlab.eclipse.org/groups/eclipse/
aidge/-/wikis/

Hugging Face

Some reference models
s e https://huggingface.co/EclipseAidge

Chat

Engage with the community
https://chat.eclipse.org/#/room/
#aidge:matrix.eclipse.org



Follow us

- EaEe

Join us




