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Motivation for Industrial Benchmarking Design Space for Exploration
Existing AutoML algorithms -
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computation, memory Algo | Val Acc | #Params | Frequency | Window
Anneal |1 | 573 | 104 | 700 SMAC |0.999 |391 | 1660|700
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VIRV Results with only SMiLe having hardware-in-the-loop

(HIL); SMiLe finds configuration with minimum

* support multi-objective optimization in a minimal way: Energy requirements using HiL
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Results without hardware-in-the-loop; There is a
trade-off between Validation Accuracy and
#Parameters among optimization results of different

* Input Data: Acceleration
* Measure Latency and Energy consumption on Nordic

AutoML algorithms
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Testbed Data ){ ;Algorithn(\s \ * Hardware-in-the-loop is .ess.ential for .direct optimization
5 (10T Testbed - Model | Qg:&al;npgé of energy for gdge analytics in Inc!ust|:1al use cases.

T () & | @ ABB | | oMAC Shile | « Existing algorithms support multi-objective

Y e | I —— S /| optimization in a minimal way. It is important to use

* Optimize complex trade-offs between Accuracy, Energy, extensions of these algorithms for better analysis of

Latency and #Parameters for Edge Analytics complex trade-offs.



