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conv3 =512 conv-bn3 =512 bneck512 -256s2 bneck512 - 25652
R BN
conv3 =512 conv-bn3 =512 bneck512 -256s1 se — bneck512 - 256s1
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4.1 XIBFIy

RIEAE Windows 10 RGEIREL T 58 i, ELARGKAE
PERCEAN T :Intel ®  Core™ i5 —6500 CPU@ 3.20 GHz
AbF#E NVIDIA GeForce RTX3060 & ,16 G NfE;
B4 % F Anaconda + PyCharm ££ i I & ¥ 3%,
Python JfliA< >}y 3. 8 ; TensorFlow £ & 2% > HEZE | fii AR
47 2.5;CUDA JifiiAsly CUDA 11.1,
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