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=> Embedded Al group: projects proposing models and architectures optimised for embedded Al.
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Opportunities:

Mobility for a sustainable society/
New urban concept

New business models and
opportunities

Safe, efficient and reliable

N transportation

Threats:
Uncontrollability
Data misuse

Lack of security
Mobility divide
Being at the mercy

Requirements:
Transparency
justice and fairness
freedom from error
responsibility
privacy

- = reliability

Sensors, networking and artificial intelligence as the basis for new automated and autonomous systems
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Context — Artificial Neural Networks (NNs) IETR

IN Nantes
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* Raise of interest for Al algorithms and especially for NNs.
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Sources:

Maslej, N.; et al., "The Al Index 2023 Annual Report", Stanford Institute for Human-Centered Artificial
Intelligence (HAI), 2022
Open licenced symbols from: https://www.opensymbols.org/
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Context — NNs on edge devices WIETR
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=> Metrics that matter at the edge
=> Need evaluation flow to find optimized mappings

Source: Alfredo Canziani, Adam Paszke, and Eugenio Culurciello. An Analysis of Deep Neural Network Models for Practical Applications. 2017. arXiv:
4
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Challenges of NN deployment on multi-core platforms NETR
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(1) NN parallelism (2) Contention for shared resources:

Core 0 \/\
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Core 1

S—— >
~| memory

Core 2
- +
l T i.
Core 3
> Timing and
energy
overheads

Other aspects:

* Use of power management

* Platform size (number of cores, memory)

* NN different workloads => no « one fits all » solution
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Model of Computation (MoC), Model of Architecture

(MoA), mapping ETR
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= Without power
management: polling

= With power management:
interrupt + clock gating
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Model of Computation (MoC), Model of Architecture IIETR
(MoA), mapping . oot
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Power modeling flow - Overview IIETR
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Power modeling flow — Proposed model IIETR
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Power modeling flow — Power model calibration
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Power modeling flow — Power model calibration
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Power modeling flow — Experiments
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Power modeling flow — Experiments
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Single-core platform versions:

Tile 1 Tile 1 Tile 1
2048kB 1024kB 512kB
Shared ‘ ‘ Shared ‘ ‘ Shared
Memory Memory Memory

Static power consumption only Static + dynamic

Single-core

Multi-core
<5%

Single-core
<5%

Multi-core
~5%

>10%
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Power modeling flow — lllustration of use for DSE

= Evaluation time per mapping: 20s
= |llustration of the use of the modeling flow in a

DSE setup.

" 84 mappings evaluated in 28 minutes (~20s per

mapping)
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Conclusion

V«
/N

UM
\V}

——————— -

] 1
\\' ) U : :
NAS :;"';~ o | EEI@ :
ion modelj
SDF MoC <<8>* ’
. oA
| Clustering
1/ i
o
= E
Prediction flow %7\
/
\ Execution POWGI‘ &

trace

energy

IIETR

IN Nantes
W Université DLR

Flow to provide fast yet accurate evaluation early in
design phases of timing and energy properties for
NNs implementations on multi-core platforms.
» Hybrid: simulation, analytical models,
measurements.

* More relevant than rapid prototyping / analytical models
> 6 times faster than rapid prototyping with high
accuracy + doesn’t need the NN to be trained.
> Analytical models not confident with too complex
contention problems.

— |llustration of the use in a DSE setup.

; .
Design
1
4 Space
_ Exploration

User constraints
satisfied?

= Extend the flow to support Neural Architecture
Search (NAS)

= Offer modeling and exploration of external
memory accesses (necessary for larger NNs)
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Appendice — Prototype platform WIETR
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Appendice

- Considered NNs

Prediction of
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| 0% —» '9'ininput
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NN name | Number of layers Data-set Acecuracy
MLP1 2 MNIST [11] 85%
MLP2 3 MNIST [11] 89%
MLP3 3 GTSRB [90] 20%
CNNI1 1 MNIST [11] 7%
CNN2 7 MNIST [11] N.A.

MLP1:
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* Prediction error (standard deviation)
on power and energy raises up to 7%
with the communication rate per tile
(70%).

* On single-core platforms with
important private memory allocated

(1024kB, 2048kB), power and energy
modeling has error > 10%.
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Appendice — Related work IIETR

Evaluation of NNs
on embedded platforms U Universits DLR

[Galanis2020] Galanis I. et al. “Inference and Energy Efficient Design of Deep Neural Networks for Embedded Devices”, IEEE Computer Society
Annual Symposium on VLSI (ISVLSI), 2020

[Tsimpourlas2018] Tsimpourlas F. et al. “A Design Space Exploration Framework for Convolutional Neural Networks Implemented on Edge

Devices”, IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems (TCADICS), 2018

*  [VelascoMontero2020] Velasco Montero D. et al. "PreVlous: A Methodology for Prediction of Visual Inference Performance on IoT Devices", IEEE
Journal of Internet of Things, 2020

* [Guo2023] Guo X. et al. "Automated Exploration and Implementation of Distributed CNN Inference at the Edge", IEEE Journal of Internet of

Things, 2023
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