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I. Motivation

Challenges:

e Implementing Convolutional Neural Networks (CNNs) at the edge due to computational and memory demands versus
resource limitations.

e Distributed Al inference at edge key to allow novel applications in multiple domains [1] e.g. future mobility and aerospace.
Key concepts of the proposed approach:

e | UT-Based HW accelerators: Store CNN layers as Look-Up Tables (LUTs) in FPGA, removing the need for external
memory and enabling fast, energy efficient inference.

e Specification of an ecosystem to enable distributed CNN inference at edge involving multiple systems.

Il. Ecosystem for distributed
inference

° m HW: Ensures high throughput and energy
efficiency with FPGA-based Al accelerators near
data sensors.

Zoom on edge embedded system architecture
FPGA - Hardware (HW) Software (SW)

T "Accelerator @
:

T “Accelerator ; > HW/SW

o ¥ SW: Hypervisor and scheduler - Manage | foronnz | | nterface

access of high-level SW applications to HW el
accelerators, leveraging power management n' Bl
techniques and Dynamic Partial Reconfiguration % \

(DPR).

o F] Al applications - Manage access of high-level @ :fggguiigg‘glegggggg}g? \

SW applications to HW accelerators, leveraging Specification of an ecosystem to support distributed CNN inf8rence at the
power management techniques and Dynamic edge, using HW/SW architectures. \

Partial Reconfiguration (DPR).
o (& Networking: The system must also be able to locate and network with nearby systems, and update itg network map.

I1l. LUT-based accelerator architecture using ElasticAl [2] /| LUTNet [3] framework
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Implementation example of a Conv-1D layer with streaming input, leveraging LUTs for efficient processing [3] '
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