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Al and real-time systems

Use cases

Predictive maintenance

e

Industrial loT

Mobility

ADAS, autonomous driving

Spatial

Onboard image classification
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Aeronautics
Visual Based Landing
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Healthcare
Wearables, diagnostics
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Al and real-time systems

Key challenges
- Predictability — Al models are optimized for average-case latency, not worst-case bounds

- Dynamic inputs: input-dependent control flows (conditions) and variable-length sequence
processing (Transformers, LLMs, RNNS);

« Complex hardware: GPUs, TPUs, and modern NPUs rely on dynamic branch prediction,
memory caching, and parallel thread warping;

- Reliability / safety — Al models are opaque non-linear learned functions

- Out-of-Distribution (OOD) inputs: edge-cases are usually incorrectly treated with high
confidence [1];

- Expensive verification: traditional standards like DO-178C (avionics) and ISO 26262
(automotive) impose heavy certification process;

[1] Hendrycks & Gimpel, ICLR 2017
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Structural limitations of ML toolchains
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Aidge: a ML framework
dedicated to embedded Al

/) e— oPTIMIZATION
Y LOOP
il HIGH LEVEL
W OPTIMIZATIONS
u-»( MODELLING )—

IDNNX model

(INTEF{OPERABILIW]

€) ONNX
O PyTorch g~ Tensor

GRAPH EDITING
& SCHEDULING

MAPPED
MODEL

@ Aidge: an embedded Al open-source platform

CODE
mmd GENERATION Jmd

Kernels mapping

-

including optimization and deployment

with light core, plugins
system and few dependencies

code hosted

by (ECLIPSE

FOUNDATION

OS and Packaging

| BRYYA l, )
] Windows Mac PPIP




A complete framework with extendable
modules
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What sets Aidge apart?

= The right Intermediate Representation (IR) is key!

= Aidge translates high-level Al models into a robust and flexible IR perfectly equipped to
support real-time constraints.
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Core IR features

= Aidge translates high-level Al models into a robust and flexible IR perfectly equipped to
support real-time constraints. It is:

= Transparent (int0)
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[out#0
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Core IR features

= Aidge translates high-level Al models into a robust and flexible IR perfectly equipped to
support real-time constraints. It is:

= Transparent; (int0)

- - . T Different abstraction levels
* Multi paradlgm’ [ allow handling Tensors or

fin#1) (in#2) other form of data

conv2_pad .
1
(Pad2D#0) 1 5

convZ2_conv
(Conv2D#0)

[out#0
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Core IR features

= Aidge translates high-level Al models into a robust and flexible IR perfectly equipped to
support real-time constraints. It is:

= Transparent;
= Multi-paradigm; [
» Hierarchi Ca|; ! |j:m#1;_‘_j: |n#2
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Core IR features

= Aidge translates high-level Al models into a robust and flexible IR perfectly equipped to
support real-time constraints. It is:

= Transparent;

= Multi-paradigm;
= Hiearchical;

= Generic
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Could be defined as Generic
No failure on loading
User can add custom implementation
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Core IR features

= Aidge translates high-level Al models into a robust and flexible IR perfectly equipped to

support real-time constraints. It is:
= Transparent;

= Multi-paradigm;

= Hiearchical;

= Generic;
= Searchable ""éxpand
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Front-end model integration

Seamlessly interface with widely adopted Al workflows:

= Two-way ONNX (Open Neural Network Exchange) format interoperability, with more than 100

operators supported;
= Direct PyTorch interface integration (on-going).

.| graph = aidge _onnx.load_onnx("model.onnx")

aidge onnx.export(graph, "optimized model.onnx")

ONNX 2 Aidge

@aidge_onnx.node_import.auto_register_import("swish")
def import_swish(onnx_node, input_nodes, opset=None):
node_name = onnx_node.output[0]
return gen_swish_metaop(node_name)

@ Aidge: an embedded Al open-source platform

Aidge & ONNX

@aidge_onnx.node_export.auto_register_export("BitShift")
def export_bitshift(aidge_node: aidge_core.Node, node_inputs_name,
node_outputs_name, opset=None):
aidge_operator = aidge_node.get_operator()
onnx_node = helper.make_node(
name=aidge_node.name(),
op_type="BitShift",
inputs=node_inputs_name,
outputs=node_outputs_name,

)

onnx_node.attribute.append(helper.make_attribute("direction”,

DirectionAttrToString(aidge_operator.attr.get_attr("direction"))

)

return [onnx_node]

14




Advanced Al graph manipulation

Tailor graph transformations to match specific layout requirements:

m Patterns search and replacement: locate specific subgraphs or operator sequences and
replace them with optimized custom operators instantly; ——

aidge_core.conv_to_matmul(graph)
f S Replace Conv with TET A
=¢ Em = Unfold + Mathul N —
S— o &= operators o
[ 1 [10,7,1,1] [10] ‘Fl
[( D#2) ot
i
‘ T || SRR
0[2, 10, 5, 10] Float32 o
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Advanced Al graph manipulation

Tailor graph transformations to match specific layout requirements:
m Adaptable graph granularity: group arbitrary operators recursively into high-level
“Meta-Operators" or lower complex blocks down to execution primitives;

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, "ReduceMean-*>Sub#l~>(Pow#1l->ReduceMean-*>Add#1->Sqrt);"
"Sub#l~*>Div#1;"
"Pow#l<1~Producer;"
"Add#1<*~Producer;"
"Mul#l<*~Producer;"
‘ "Add#2<*~Producer;" ‘
aidge core.fuse to_metaops(dinov2_model, "MatMul->Div#1->Softmax-*>MatMul;"
"Div#l<1~Producer", "ScaledDotProductAttention")
aidge core.fuse to_metaops(dinov2_model, "ScaledDotProductAttention#l->Transpose->Reshape#l->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")

Thousands nodes Graph at the required
DinoV2 ONNX... granularity for your use-case

@ Aidge: an embedded Al open-source platform 16



Advanced Al graph manipulation

Tailor graph transformations to match specific layout requirements:

m Decoupled topology views: create arbitrary subgraph views to manage scheduling, parallel
loops, or data tiling pipelines without altering the semantics of the original graph.

~. .~ GraphView

Connectedl/l
Graph

Node -4

@ Aidge: an embedded Al open-source platform 17



Graph visualizer
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Novel operator definition

Deploy custom functional blocks with two distinct approaches:

m GenericOperator abstraction for prototyping: define a new hardware function or
mathematical model completely on-the-fly via the Python API;

m Native operator integration: embed specialized operators directly into Aidge's C++/Python
codebase, for native reusability and integration across the entire framework.

# Create a generic op. of type Swish

l node_swish = aidge_core.GenericOperator("Swish",
[aidge core.InputCategory.Data], 1)
swish_0 swish_op = node_swish.get_operator()
(Swish#1) # Optional: add attributes to the generic op.

swish _op.attr.beta = [1.0]
| # Optional: specifies how its output dimensions are computed w.r.t. its inputs
swish_op.set forward_dims(lambda x: x)

class SwishImpl(aidge_core.OperatorImpl):
def _init_ (self, op: aidge core.Operator): )
aidge_core.OperatorImpl. init_ (self, op, "swish") - Define an
' self.op = op implementation
def forward(self):

swish_0 . .
data_input = np.array(self.op.get input(9))
(Swish#1) beta = np.array(self.op.attr.get_attr("beta")) )
J output = (data_input / (1 + np.exp(-data_input*beta))) - Bind the
self.op.set_output(9, aidge core.Tensor(output)) imp|ementati0n

swish_op.set_impl(SwishImpl(swish_op)) # Setting implementation to the operator

@ Aidge: an embedded Al open-source platform
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Operator C-P model customization

Leverage Aidge’s well-defined consumer-producer (C-P) model:

m Flexible data abstraction: specify how much data is consumed and produced by the
operator implementation at each execution step, using precise number of elements or tokens.

m Decoupled execution paths: isolate the C-P scheduling path from actual data processing to
enable graph scheduling without concrete operator implementations.

class Conv2D DataFlow CP(aidge core.ProdConso):
def init (self, op: aidge core.Operator):

aidge core.ProdConso. init_ (self, op) Node OperatorTensor
self.state_begin = True I Implementation
e " not required
def get_nb_required_data(self, input_idx): ! e
input = self.get_operator().get_input(input_idx) <Abstract» T
if input: BT - |
if self.state_begin:

# Require 3 lines for 3x3 kernel ‘ a
return aidge core.Elts_t.data_elts(3 * input.dims()[2]) S

else: Operatorimpl MyCustomPipelinedConvProdConso
return aidge core.Elts_t.data_elts(input.dims()[2])

else: T ]
return aidge core.Elts_t.none_elts() Eh Z(//

.

Ny

ProdConso

Inherits from
ProdConso model

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])

@ Aidge: an embedded Al open-source platform 20




Execution scheduling model

= Aidge’s scheduling is static
= Get early and late logical static scheduling
for any graph (cyclic or acyclic)

1stm = aidge_core.LSTM(in_channels=4, hidden_channels=8, seq_length=5)

# Flatten the graph:

1stm_model = aidge_core.get_connected_graph_view(1lstm)
aidge_core.expand_metaops(lstm_model)
1stm_model.set_backend("cpu")

# Create the Scheduler
1stm_scheduler = aidge_core.SequentialScheduler(lstm_model)
1stm_scheduler.generate_scheduling()

# Display static scheduling
1stm_scheduler.save_static_scheduling _diagram("lstm_scheduling")

= Based on the specified Consumer-Producer model

g Aidge: an embedded Al open-source platform
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Design Optimize Deploy

Model simplification Quantization Tensor
Post or Aware Training compression

FP32

INTS8 l
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TensorRT Performance Comparison (1,660 iterations)

Model Execution Time Throughput vs Best Choose the preCISIOn |eve| 60% Sma"er and

original 0.552 ms | 1812.8 inf/s
onnx_cleaner

onnxsim 0.550 ms | 1817.1 inf/s FP32 9 INT8 9 INT4 9 INTZ 30% faster

onnxslim




Simplification recipes ‘

= Have a clean, step-by-step, graph transformation:
= Policy: do not change the data, change the graph!

Adapt the memory layout

Apply the quantization scaling ‘

Cast to expected type

Sub-byte memory arrangement

Aidge: an embedded Al open-source platform
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Dedicated ONNX cleaner

=  Graph simplification through pattern matching:
= Constant/Shape folding
= MatMul + Add — Gemm
= Fuse LayerNorm / Gelu w.r.t to Pytorch / Keras variants
= and many more.... 17 recipes implemented (out of 37 identified)

= Key features:
= 3-tier optimization levels: Training-safe | Accuracy-safe | Performance
= ONNX Opset compliance verification
= Customizable: select transformations and execution order
= Extendable with your own recipes

onnx_cleaner --show_recipes

TensorRT Performance Comparison (1,000 iterations)

Available Graph Transformation Recipes

original 0.552 ms | 1812.0 inf/s
onnx_cleaner

onnxsim 0.550 ms | 1817.1 inf/s
onnxslim

ConstantShapeFolding
FuseGelU
FuselLayerNorm
FuseMatMulAddToFC
FuseBatchNorm
RemoveIdempotent
RemoveIdentity
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Quantization with PTQ and QAT

= Map high-precision numerical values (e.g. 32-bit floats) of weights, biases, and intermediate

activations to lower-precision discrete representations (e.g. 8-bit, 4-bit integers)
= Quantization-aware training (QAT)

= Post-training quantization (QAT)

= QAT example:

*.setup_quantizers()
= Automatic quantizers insertion
= Automatic initialization / parametrization

*.post_training_transform()
= Automatic integer scaling adaptation

@ Aidge: an embedded Al open-source platform

inf0

[100, 3, 32, 32] float2

convl_Conv_lsg p_ss convl_weight oonvl_Conv_lsg i sz
. . float32 NCHW i
convl_weight convl_bias (Producersl) (Produrer#i) 0 {Producrr£3)
i — J R ——
(Producer#0) (Producer1) 0
0[1] finatd2 016, 3,5, 5] float32 01] foar32
1 | I
0[16, 3,5, 5] floar32 NCHW 0 [16] float32 N a . 2
L ! S . s
1 T convl_Conv_lsq p conwl_Comv_sq i conyl_bias
(L5G#0) (L) (Procucer$2)
. |
T
0116, 3,5, 5] float32 0 [100, 3, 32, 32] float32 D [16] float32
L I i

(Retus) setup_quantizers()

0 float32 NCHW
1
0

[100, 3, 32, 32] floatt4 *
i ST
P post_training
Sony_lsg | _oant —
— _transform()
0[100,3, 32, 3.@
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Example of graph tiling: passive acoustic monitoring

= Goal: detect shearwaters call

a'::‘i‘; 1D CNN Dense head
=  AudioMoth hardware target with | L
only 32kB RAM IN -cnos A“"'°M°‘“;§';'%"§En
= 1D-CNN neural network model [IE== =
BioPhonia

= Approach: memory optimization using graph
tiling strategy
input_size_tiled = receptive field(output_size_tiled)

= Split encoder output into X slices

|inpul slice 1 ‘ |input slice 2|

1,1,input_size_tiled
1 4

= Run 1D-CNN encoder on each input slice 'r\”““ T 5,‘;.;(:;‘;;gt;i;;;"t;;(;"
7O | e e 1<

. T
1 1, filters, input_size_tiled |

= Compute corresponding input slices

ram peak =
2 x filters x input_size

ram peak =
filters x output_size_tiled +
2 x filters x input_size_tiled

= Concatenate output slices

3

- 4 6
convid convid
l stride=3 | stride=3
----------- | EREEEEEE TR
v 1, filters, output_size_tiled |

= Results: 25% reduction in memory peak

Encoder branches are
run one after the other

Concatenate ]

7
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Design Optimize
@%

Building trustworthy Validate and benchmark

pRe
e29s
(X J

Broad portability

Model Operator
. Configuration

e oSy -
Audit with open source code ot ? 22" | Generator

Meet strict aeronautical standards l |

Inference
<b, ONNX

s Test inference under hardware fault | cidge st oMY aSer | stvm

X 1 1

conditions 3 Output Time

Pioneer in the adoption of the Safety ©

RISC-/° ARDUINO

ONNX standard

An efficient code generator | Robust training
for multiple hardware targets




Multi-target export engine

= Qverview of code generation engine

Heterogeneous Export System

:’A RISC-V*" a rm ‘t‘ INSTRUMENTS Jm | % "’ ROUIRITII\IMé

ARDUINO

m- Colibri
C++ Standalone project Co Open Tensor
i . . Acetone piler VX
Generic templated kernels e Any bit-precision e Enable SIMD

u =
Wmvm OpenVX
S f t 2026
afe
S y Onera
ONNX O
nera
cn:li:s XNNPACK MMA Inria

- 2026
2026

MountAln IRT Saint Exupery
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Multi-target export engine

Heterogeneous Export System
PLARISC V" a rm ﬂr{ﬁﬁﬁuwmms K::‘x % "’ %&V ROUI;lTll\IMé

ARDUINO

C++ Standalone project

Generic templated kernels e Any bit-precision e Enable SIMD

Let’s go deeper into Aidge’s C++ export!
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Hardware mapping support

= A flexible code generation engine
= Template-based (7 Jinia )
= Open and transparent (non-binary code generation)
= Designed to integrate low-level computing primitives

model = aidge onnx.load_onnx("mobilenet.onnx") Registered templates Generated files
model.set_backend("cpu") for ExportLibCpp
model.forward_dims([[1, 3, 224, 224]])

conv config.jinja include/layer xxx.hpp

scheduler = aidge_core.SequentialScheduler(model) ..._config.jinja cIude/Iayer_xxx.hpp

scheduler.generate_scheduling()

swish_config.jinja include/layer_xxx.hpp ]

export_folder = "mobilenet_export" g
(aidge_core.export_utils.scheduler_export( ) 14
scheduler, forward_header.jinja include/forward.hpp ]
export_folder,
aidge_export_cpp.ExportLibCpp,
memory_manager=aidge core.mem_info.generate_optimized_memory_info, conv forward.iinia
memory_manager_args={"stats_folder": f"{export_folder}/stats"} ..._forward.jinja
\) J swish_forward.jinja

aidge_core.export_utils.generate_main_cpp(export_folder, model)

forward.jinja src/forward.cpp ]
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Hardware mapping support

= Kernels are registered with a specification:
= Required I/O data type, data format, dimension range, attributes

swish config.jinja

include/layer_xxx.hpp

 —

..._config.jinja

@aidge_export_cpp.ExportLibCpp.register("Conv", ~
aidge_core.ImplSpec(
[ # Inputs specs
aidge_core.IOSpec(aidge_core.dtype.int8, aidge_core.dformat.nhwc), -
aidge_core.IOSpec(aidge_core.dtype.int8, aidge_core.dformat.nhwc,
[[e,e], [e,e], [3,3], [3,31]),
aidge_core.IOSpec(aidge_core.dtype.int32)],
[ # Outputs specs

14
forward_header.jinja include/forward.hpp ]
aidge_core.IOSpec(aidge_core.dtype.int32)],

{ # Attributes specs swish forward.iinia

include/layer_xxx.hpp ]

T
4

-

conv_config.jinja

) ..._forward.jinja
class ConvCpp(aidge_core.export_utils.ExportNodeCpp): ~conv_int8_nhwe_3x3_for

def __init__ (self, node, mem_info): ward.jinja
super().__init__ (node, mem_info)
self.config_template = "conv_config.jinja" ‘
self.forward_template = "conv_int8 nhwc_3x3_forward.jinja" B
self.include list = [] forward.jinja src/forward.cpp
self.kernels_to_copy = [

"conv_int8 nhwc_3x3_kernel.hpp", . . .

] Register multiple specialized kernels for the same

operator with different specifications!

Here: INT8 NHWC convolution kernel of size 3x3 only
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Hardware mapping support

= Specifications allow automatic graph adaptation

= To use available computational kernels

graph.set_backend("export_cpp")
aidge_core.adapt_to_backend(graph)

!
0

R T

relul

conv2_w conv2_b

(ReLU#0)
— (Producer#3) (Producer#4)

== |

0 0[8, 4, 3, 3] Float32 0 [8] Float32

1 I 1
0 1 2

conv2
(Conv2D#1)
0
J
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=)

Simple example with
data format change
(NCHW = NHWC)

}
0

relul
conv2_w
(ReLU#0) (Producer#4)
rodcer
0 0 [8, 4, 3, 3] Float32
1 !
A 0
conv2_b |
Transpose#3 Transpose#5
(Producer#3) |
0 [8] Float32 0 0
! 1 )
2 0 i
Conv2D#1

Transpose#4

e

0
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convl_w

(Producers1)

convi b
0[4, 3, 3, 3] Float32
I

T
1

0 [4] Float32

convl

0(2,3,

dataProvider

(Producer#0)

(Conv2D#0)

0[2, 4, 11, 22] Float32
L
0

aidge_core.conv_to_matmul(graph)
(Producer#2)

[ in#0
1

13, 24] Float32
0

conv2_w

(Producer#3)

= To adapt the implementation with respect to the algorithm

2
|
I /
0[7, 4, 3, 3] Float32 /’/
e
conv2 conv3_w conv3_b
(ConvzD21) (Producers4) (Producerss)
\ |
0(2,7,9, 20]Float32 0 (10,7, 1, 1] Float32 0 [10] Float32
1 i
0

¥
conv3

(Conv2D#2)

[2, 10, 5, 10] Float32
1

l
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|
2
/

Replace Conv with
Unfold + MatMul

operators

Hardware mapping support
Specifications allow automatic graph adaptation

dataProvider

(Producer#8)
L
|
€onvi_w_reshape_0

02, 3, 13, 24) Float32
(Producera1)

!
0
4

0 [4, 27] Float32

i

0
conv_add

conwi_unrold
(Unfoidsa)
012, 27, 2421 Float32
1 1
o A
N P
convl_matmul «convl_reshape_shape_prod
(Matrulzo) (Producer#2)
012, 4, 242] Float32 0 [4] Inte4
) 1
o 1
T - -
convl_b_reshape 0 convl_reshape
fProducer£3) (Reshape0)
001,41, 1TFest32 02,4, 11,22] Float32
1
.

(Adds0)

02, 4, 11, 22] FAloat32
conv2_w_reshape 0
(Producers)

!
0

convZ_unfold

(unfoid=2)

0 (7, 36] Float32
!
[

[2, 36, 180] Float32
1
1

conv2_reshape _shape prod

(Producer#3)

0[2,7, 180] Float32 0[4] Ints4
-

1

conv2_reshape

(Reshape? i)

0(2,7,9, 20] Float32
1f

0

!

conv_unfald

(unfase2)
012, 7, 50] Float32
1

conv3_w_reshage 0
i

(Progucer26)

010, 7] Float32
.

1
0
¥
conva_matmul

(Matrulsz)

conwv3_reshape_shape_prod
0[2, 10, 50] Float32
It

o

(producers7)
“u

0 [4] Intsa

1
-
conv3_reshape

(Reshape=2)
0[2, 10, 5, 10) Float32
|

conv3_b_reshape_0
o

(Producerss)

0[1, 10, 1, 1] Float32
|

1
*
conv3_add

radeen)

0[2, 10, 5, 10] Float32

out#0
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Hardware mapping support

= Specifications allow automatic graph adaptation

= To match the hardware architecture oo |
“: o[z, 3,BD,|EU1FIoat32 a[z,s‘su,lsm Float32
o Tiling MatMul ; |
. yd

aidge core.matmul_tiling(matMul, [16, 16])

mmmmm

o Tiling Conv2D g —

aidge core.get_conv_horizontal tiling(conv, axis=1,
nb_slices=5)

Example:
Fixed size
MatMul
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Hardware mapping support

= Static memory allocation for generated code with a memory manager
= Memory reuse: in-place or partially in-place (wrapping)
= Auto-concatenation (strided buffers support)
= Several optimization strategies available

Memory Usage Over Time

1200 4

OOOOO

scheduler = aidge_core.SequentialScheduler(dinov2_model)
scheduler.generate_scheduling()
aidge_core.generate_optimized_memory_info(scheduler,
"stats_dino", wrapping=False)

Memory usage (Kwords)
o

|

|
.y
fed
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Example of export: Visual-Based Runway Detection

= Goal: perform the aeronautics use-case of runway detection; _

= Approach: code generation from a pre-trained detection model
using Aidge’s export module ACETONE.

Use a pre-trained YOLOv8 model (from the LARD project);
Run inference with PyTorch and ORT for benchmark;
Export and import ONNX file within Aidge;

Generate standalone C code;

= Results: a certifiable generated C code, which:
= Preserves the inference model semantics;
= Guarantees the requirements traceability — mapping
between model description, C code and binary file (-O0 flag);
= |s timing predictable — WCET bounds can be derived with
OTAWA,;
= Enforces efficient resources usage.
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Performance benchmark module

= Goals Model Operator
. . oSS Configuration
= Measure and compare average inference time; «:&8 ? T | Generator
= Validate numerical output precision across backends. ©sg~
= Evaluation scope l l
= Full end-to-end model benchmarking;
Operator-level profiling with customizable inference
. ) i ) O I L
configurations aidge 3 aime pytorch 1 ALV

Backend and runtime coverage

= Aidge backend CPU or CUDA or any export;
= External runtimes (ONNX-RT, PyTorch, TVM,
ST Edge Al) .

Hardware integration o] cmvwrs e ales o o rchom
= Dedicated hardware-in-the-loop (HIL) testing
Setup.
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Use cases enabled by aldge

Defect Detection and A
. o . ArcelorMittal
Classification

e Vision-based model for small
defect detection (*mm)

* Enabling high speed processings
(20m/s)

* Deployed on Nvidia GPU

Heat Pump Monitoring

* Lightweight prediction algorithm for
adaptive heat pump control

* Up to 40% energy saving for
collective housing

* Deployed on STM32

Passive Acoustic
Monitoring

* Extreme lightweight model for
shearwaters sound classification
 Reduce by 50% the peak memory '
* Deployed on Audiomoth / Silicon
Labs

BioPhonia

Hardware Design :
NeuroCorgi Al accelerator

e RTL generation of quantized model

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

* Uses 1,000 times less power than

commercial circuits




Use cases enabled by aldge

Visual Based Landing

* Runway detection

e Code generation to meet

certification requirements (traceable

and predictable)

* Deployment on Texas Instruments
ONERA  AIRBUS €S-

/—_—‘—.‘\.
GROUP

Welding defect detection in
pipes

* Classify images as pristine or defective
* More than 75% of pristine images (s
removed from human analysis.
* Quantized and exported on a
microcontroller iMX8

cea

Decision-making support

* Sovereign (no regulation
restriction) and whitebox tool
 Ensure bit-accurate results
with simulation

« Competitive performance
compared to proprietary tools

nIeirnna

Smart sensing applications

e Using 3D stack image sensor

* Model quantization and NPU code
generation

 Up to 3x fewer MAC units and 3x
less silicon area compared to state-
of-the-art designs

@ELEC. m

STMicroelectronics




Conclusion and perspectives

= What we saw

= A unified toolchain to load a model (e.g. ONNX format), optimize it and generate
associated deployable code;

= A transparent and searchable IR that is scalable to answer the constraints of hardware
Implementations;

= An easily extendable framework to implement state-of-the-art optimization methods and
leverage third-party libraries capacities.
= Upcomming features
= Code generation for heterogeneous (library + hardware) targets;
= Quantization for Transformer base model,
= Support for more NN models and hardware targets.

Research and Academics Industrials Exploitation Norms
WS, TiMA Shape Al
~ RENNES iMA Lo = ~ \ F—
@ EFE%%RC:EECEHE Q :Za: UNIVERSITE te THALES  celomitial €S- MBDA FMR M(i';z?nm e a nor
o 05 COTEDAZUR  Sammeacimr s o e ics-LP
ARTIFICIEL _ J = OLFACTORY
= Surmu s B INSA D5 SR0558N AIRBUS 3 e ODYSS.AI . € ONNX
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Join us

Qidge

Gitlab News

Code repository, issues, and discussions Follow us on LinkedIn
https://gitlab.eclipse.org/eclipse/aidge for the latest news and updates
Docume*ﬁtatmn A Hugging Face ,f;w':‘”’
' Userguide, APl and +15 ttrtfma}s N Some referencemodels” -~ '
https://eclipse.dev/aidge/ 5 ‘.\} \ - https // h uggmgface co/ EcllpseAldge

Wiki Chat

i

Contributor onboarding Engage with the i
https://gitlab.eclipse.org/groups/eclipse/ https://chat.eclipse.org

aidge/-/wikis/ #aidge:matrix.eclipse.org s °



Hands-on session
1) Goto
2) Navigate to aidge » examples » tutorials -» 101 first step
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