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Architectural Prototype
Exploration

e Multi-objective optimization
with FLOPs and zero-shot

proxies as objectives
o Combination of architecture,

structural, and size (pruning
configuration) optimization in a
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ypervolume Subset Selection

o Top-k selection from the Pareto
front of the multiobjective
optimization using Hypervolume
subset selection.

e Hypervolume subset selection
implemented with evolutionary

©

Dataset Evaluator

o Top-k selection can be trained,
pruned, and quantized for many
datasets for the same MCU

« Different trainers can be used to
cover a variety of tasks like
classification or object

~ Fraunhofer
1S
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Designing deep neural networks (DNNS) tor
microcontroller units (MCUSs) that have
different hardware constraints Is
challenging.
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Execution Time and Emission Analysis
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