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INTRODUCTION : The design of network models targeting the edge-computing domain requires a tight trade-off between accuracy
and efficiency. Evaluating the different design alternatives within a reasonable time requires efficient exploration strategies, enabling a
certain degree of platform awareness. This work aims to contribute to these challenges, proposing an efficient exploration strategy to
comprehensively consider the impact of multiple design parameters and an accurate estimation method to pre-evaluate the on-
hardware efficiency of candidate design points. Finally, we apply hardware-aware design concepts to the emerging transformer model.
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— Optimal Transformer Design

Use case: long-term electroencephalography monitoring for seizure detection
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This Work 65.5 99.9 73 (32/44) 0.15 (38s) 15.2 s
AdaBoost [2] 72 99.9 86 (38/44) 0.5 (4s) 19's

Unobtrusive Slgnal vaUISItIOn imited to the temporal channels [2] Ingolfsson et al, Towards Long-Term Non-invasive Monitoring of Epilespy via Wearable EEG
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Use case: long-term electrocardiography monitoring for arrnythmia recognition 37 van et al, Fusing transformer model with temporal features for ecg
heartbeat classification, 2019
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