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7] A 7" (Spiking Neural Networks, SNN) 7]®F 703 [4]2 Spiking-YOLO RY& T3 Hzx= A @4
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¥ 1: Genl dlo]lg]Alel A T, D ko] SpikeYOLO [5]%
Ho| v A= J gk
T xp AHEAE(m]) mAP@50(%) mAP@50:95(%)
1 =1 4.0 59.3 33.1
1 x4 3.9 (-0.1) 65.1 (+5.8) 38.9 (+5.8)
2 % 1 8.1 63.6 36.5
2% 2 7.8 (-0.3) 66.1 (+2.5) 39.0 (+2.5)
2 x4 7.1 (-1.0) 67.0 (+3.4) 40.1 (+3.6)
4 % 1 14.8 66.0 38.4
4 % 2 12.9 (-1.9) 67.2 (+1.2) 40.4 (+2.0)
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