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INTRODUCTION

WHY NEURAL NETWORKS REQUIRE ERROR RESILIENCE?
= DNNs face two key challenges in resource-limited

safety-critical systems:

1- High Resource Consumption and Memory Access

Requirements.

v Solution: Various quantization schemes have been
developed.

2- Vulnerability to Hardware Errors: Fixed-point

incorporates different bit-weights across diverse bit
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MONO s PROCESSING ELEMENT
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a) Hardware Structure of MONO-based Processing Element
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b) Hardware Structure of Fixed-Point-based Processing Element

Hardware structures for MONO-based versus fixed-point-based
processing elements

EXPERIMENTAL ANALYSIS
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WHAT ARE THE KEY GOALS OF THE MONO?
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» Introduce an data type leveraging homogeneity of the
bit-weights of the parameter representation

» Framework for training DNNs with MONO and 8.8
evaluating error resilience via fault injection 60 -ﬂj -f--ﬂﬂf—-.q}]-_-——.m .-—--? i e
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MONO: BiT HOMOGENEITY FOR NEURAL NETWORKS ’
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SCHEMATIC FLow FOR THE MONOQ DATA TYPE
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Bit error resilience improvements for ResNet-18 on TinylmageNet

Implementations of Mono and Fixed-point based Processing Element
on Ultra96 FPGA
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Schematic flow for computing M-level bit representation of input x in MONO



