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OPPORTUNITY NECESSITY

* Real time e Scaling up Al
 Data and Model Security e Economic Challenge
e Cost reduction e Strategic challenge

. 9,000 terawatt hours (TWh)

g - ENERGY FORECAST 20.9% of projected

lHardworé o o
Widely cited forecasts suggest that the electricity demand Global Edge Al Market W Software e R
_ total electricity demand of information and Size, by Component, 2024-2033 (usD Billion) Edge Cloud Infrastructure ...
communications technology (ICT) will JE
accelerate in the 2020s, and that data 180 » Services A _
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Low level optimization
Black box

Quantization is in beta and subject to change.
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OPENESS

Reusable and
adaptable tools to
foster innovation

INDEPENDENCE

Free choice of
material from
component to
system

INNOVATION

Integrating innovative
paradigms for trust
and frugality
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aidge
The first open, independent platform
dedicated to embedded Al

Integrated platform

* From import to deployment
* High degree of interoperability
* Minimal dependencies

I P Modular and expandable platform
ONNX model N —_ fﬁ?}?ﬁ? ' . . .
[l._\“ N H..,.) = e Lightweight core module with plug-ins

* Open-source collaborative environment

€ ONNX

o PyTorch "-|.7‘ Tensor m

Multi-Platform and Packaging

_\ g% Windows e
Hosted by 'ECLIPSE Mac e




aidge

ONNX coverage ratio
DINOv2 (Meta): 100%.

# Here show nb of operators!

+60 operators and involved in the Safety ONNX standard aldge_onnx.native_coverage_report(dinov_model)

[4]

' -..::  ?~ ' '-:_u; -‘-tt;” :';::-'f f;}f - . . -~ Native operators: 824 (17 types)
= Native support of the main embedded architectures " hdd: 159 "
c T ' ] - Concat: 1
. CNN, RNN, GAN, YOLO, Transformer and soon SNN - ConvaD: 1
- . - Div: 49
e - Erf: 12
- Gather: 1

= Rich analysis tools to assess model complexity: o cwman

. : - Mul: 73

parameters, operations, etc. N
- ReduceMean: 5@
- Reshape: 49

= Unique intermediate representation for easy model - Softmax: 12

- Split: 12
H H ' - sgrt: 25
access and manlpulatlon o s e
) - Transpose: 49
Generic operators: @ (@ types)
Native types coverage: 100.0% (17/17)
Native operators coverage: 100.0% (824/824)




aidge

10f .
- as
o5
810 2
H 5o
£ £ dinov2_stats = aidge_core.static_analysis.StaticAnalysisExt(dinov2_model)
el 5% dinov2_stats.summary()
R a1
0t
I T T
. Layer (type) Output Shape Param #
10° - oo _ A
- R . _ . . A ff' P £FF embeddings_Concat (Concat#@) [1, 257, 384] 384
o co e o node - embeddings_Add (Add#@) [1, 257, 384] 98688
e EE PR o (LayerNorm#®) [1, 257, 384] 770
. - B o e | (HultiKeadattentiona) 1. 257, 3841 591370
R T T T encoder_layer_8_layer_scalel Mul (Mul#@) [1, 257, 384] 384
e e ) Tl . S . : . . encoder_layer_@_add (Add#1) [1, 257, 384] ]
m N t ! ) f h h (Layernorn#1) [1, 257, 384] 770
~INatlve support or the main empeaaded arcnitectures (tirearse) 1, 257, 1536) s
- el e o (GeLuza) [1, 257, 1536] 3
o . - o . . ) (Linear#1) f1, 257, 384] 500208
R S encoder_layer_8_layer_scale?_Mul (Mul#1) [1, 257, 384] 384
encoder_layer_@_Add_1 (Add#2) [1, 257, 384] ]
(LayerNorm#2) [1, 257, 384] 77¢
(MultiHeadAttention#1) [1, 257, 384] 591370
encoder_layer_1_layer_scalel_Mul (Mul#2) [1, 257, 384] 384
encoder_layer_1_Add (Add#3) [1, 257, 384] -]
(LayerNorm#3) [1, 257, 384] 770

= Rich analysis tools to assess model complexity: R o i e

Forward/backward pass size (MB): 74.537189375

parameters, operations, etc. L R e e e enssasissesss

= Unique intermediate representation for easy model
access and manipulation

ncoser layer 0 AGO.)

encoer aye

ncoder_ayer_6 layer

ncoder_tayes__jayer_scaier 3



aidge

Match the granularity required by the implementation

. [8, 4, 5, 5] Float32  [8] FLéZ
__________ . .' R o _ ) : . Expand (Pad2D#0) i 1 ; '
e e i]ijj ------- IR - & B 2 = [ Y
e .- B . . R . . [15,16,5‘.5]Fiuat32 o[le]rFruatag,.-": o//\ L ) . '. . .
= Native support of the main embedded architectures _ 1. % T \ O
N R - °;::§;;;;,“ o
" Rich analysis tools to assess model complexity: T
parameters, operations, etc.
* Unique intermediate representation for easy model A powerful graph matchmg SVSt mo
access and manipulation aidge_core.fuse_to metaops(d1nov2 model

"ScaledDotProductAttention#1->Transpose->Reshape#l->Linear;"
"Reshape#l<1~Producer;«
"ScaledDotProductAttention#1<0-(Transpose<-Reshape#2<-Add#l);"
"ScaledDotProductAttention#1<1-(Transpose<-Reshape#3<-Add#2);"
"ScaledDotProductAttention#1<2-(Transpose<-Reshape#d<-Add#3);"
"Reshape#2<1~Producer;, "MultiHeadAttention")



| '_'State of-the art quantlflcatlon to desired accuracy (ResNet, VGG,
B -etc ) '

After Iearnmg without loss up to 8-bit integer
~ During learning: without loss up to 4-bit integer

Tensor decomposition compression method
= ResNet-50 x ImageNet: 15% compression without loss
= ResNet-18 x CIFAR 100: 45% compression without loss




aidge

Traceability of optimization
- g S L . _ for certification purposes
" Automatic model reduction: catalog of optimizations with deletion, e
- reorganization and merging of operations

= State-of-the-art quantification to desired accuracy (ResNet, VGG, @~ ™%

o etc) e e I
= After learning: without loss up to 8-bit integer - _________
®  During learning: without loss up to 4-bit integer | I

. ResMe

.':4“—-' ResMet-101

75 ,: o et -
L ResMet-34 ,,—‘*_— A G-16k

= Tensor decomposition compression method 20 e A

" ResNet-50 x ImageNet: 15% compression without loss Lo
: : e P P s e o) recigion ..
= ResNet-18 x CIFAR 100: 45% compression without loss L s

1 2 4 ] 16 32 64 128
Model Size (MB)

- LEARNED STEP SIZE QUANTIZATION, Esser et al.



- - '_'State of-the art quantlflcatlon to desired accuracy (ResNet, VGG,

B -etc )
After Iearnmg without loss up to 8-bit integer | e
~ During learning: without loss up to 4-bit integer SRR R — AGE
8 "7 Griinat nccuracy - 136 | B
eg ® . 276 ——-Original Accuracy - 3% - R
= Tensor decomposition compression method § g

= ResNet-50 x ImageNet: 15% compression without loss g
= ResNet-18 x CIFAR 100: 45% compression without loss &)

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

0 5 10 15 20 25 30 35
Facteur de compression (en %)

Higher performance than AIMET (Qualcomm) g e - \

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



aidge

- ONNX ex| ort for in'ter'fa.c.in with numerous SDKs ’ —
POrt Jor Interfacing stz VY e
) e PR A CUbe AI Kalra\/l\leural Network |
Transparent, multi-paradigm code generation engine (C/C++, HDL, —
etc.), enabl_infg integration of compute kernels (native or third-party) |
' o ‘—P@—. @penVIN©
Multl-target reference export (C++) and specializations (ARM, Texas - "'ﬁ,fﬁﬁ.'fﬁﬁ jjjj
Instrument SoC and ESP32 coming soon S "'"_'_'_'[,’j'_ ''''''''''
g ) A ONNX Q CO/V\N\

RUNT\ME ----------------

Orchestration control and memory optimization through statistical -
allocation o




aidge

Al Computational
model Kernels Lib

'i_'_;-';:Transparent muIt| paradlgm code generation engine (C/C++, HDL, etc.),
e enablmg mtegratlon of compute kernels (native or third-party)

R Multl-target reference export (C++) and specializations (ARM, Texas
Instrument SoC and ESP32 coming soon)
Coming soon :

- Certification-aware export in C (ONERA)
- Compilation workflow (INRIA)

= Orchestration control and memory optimization through statlstlcal
allocation



| 'i_-_:.'::Transparent muIt| paradlgm code generation engine (C/C++, HDL,
D etc.),_ __e_nab_l_mg integration of compute kernels (native or third-party)

. 'Multl-target reference export (C++) and specializations (ARM, Texas

Instrument SoC and ESP32 coming soon)

= Orchestration control and memory optimization through statistical

allocation

~ Memoryusage

Operators

§

|




Active developments and collaborations

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

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

d

: ..
STeDF  GSAFRAN KNDS - @ e




""""""""" S ome use cases . aidge

Indoor localisation using multi-
sensors

* Lightweight prediction
algorithm based on IMU sensors
combined with fast Al Visual
tracking (x15 faster)
 Deployment on STM32

* In collaboration with *‘-:geDF sysnav

o  ° Low latency (20m/s) and high
‘performance algorithm to detect
small defect (“mm) with low
contrast

* Deployment on Nvidia GPU

~* In collaboration with AN

ArcelorMittal

Hardware design : NeuroCorgi
AI-ASIC accelerator

e Lightweight prediction e, . _

algorithm based on incremental ' “ * RTL generation of quantized

learning for adaptive heat pump . . | 7 & V. moc_iel o

control and monitoring JRIr ,‘  HD images processing in real

. Deployment on STM32 2 ai i dBis time : latency is less than
10ms

* Up to 40% energy saving

. . . i
+ In collaboration with <f~epF UGA Uses 1,000 times less power
LA ol s than commercial circuits @
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Join us and chat !




