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[Abstract] Edge intelligence faces challenges such as real-time computation, limited resources, and device
variations. Typically, models are compressed to create lightweight networks for fast inference in edge
environments. However, excessive compression reduces accuracy and does not always shorten the inference time,
thereby affecting the performance of edge intelligence. To address these issues, this paper proposes a hardware-
aware edge intelligence framework called LuffyNet. The framework uses a lookup table to estimate the inference
performance. It applies constraints.on the computational latency and device memory to make the model hardware-
aware. LuffyNet aims to create high-accuracy networks that fit edge devices while satisfying latency limits. The
framework optimizes the model accuracy, inference latency, and network size through gradient descent. To reduce
the search time, LuffyNet uses best optimization and worst optimization strategies. This approach reduces
unnecessary computation and saves time and resources. Comparison experiments evaluate LuffyNet networks
against four advanced models. LuffyNet-A achieves 66.50% Top-1 accuracy with a 1.69 ms delay, approximately
five times faster than ResNet50, and is only 6.58 MB in size. LuffyNet-B and LuffyNet-C exceed 73% Top-1
accuracy with a 2.65 ms delay. They outperform ResNetl8, ResNet50, DenseNetl121, and DenseNet169 in terms
of accuracy and speed. Ablation experiments confirm that networks formed using the LuffyNet framework are not
only suitable for edge devices but also reduce the search time by approximately 25 % .
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Table 1 Hyperparameters and their value ranges

i 2 R
B2 PHE B VR {1, 2,3, 4)
5 R I 50 {8, 16, 32, 64}
BB {1, 3,5, 7}
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F2 NASHHBESENEN
Table 2 Lightweight structures in NAS

W 25 25y MHR N/ MB HEHLAT L /s
ResNet18 5& 22 0. 581 0. 885
NERADE Y — 0. 007
W m A2 0. 141 0. 102
TRRET] 4 s 0.018 0. 333
Rz — 0. 027
L) — 0. 024

x3 NASHWESRHEN
Table 3 Composite structures in NAS

4 2 45 1) HEH KN/ MB HEFRAF AL /ms
ResNet18 5& 223 0. 581 0. 885
Inception"*®] 0. 029 0. 448
BottleNeck! " 0. 034 0. 467
MBConv!? 0.019 0,166
CBR 0. 141 0. 148
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