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BATHISL6 (ESEL [BA)E 4 45 A1 $2 H ONKLAIE 45 _F kAT
PIBOR A (N G B 40 v WSec. 5. 1208 [BAlWIUAE, &
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CD EMD EA
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HED [42] + HT [25]
SLNet-iterl ||
SLNet-iter5 ||
SLNet-iter10 \\

0.491 0.578 0.531 0.461 0.543 0.498 0.356 0.420 0.385
0.740 0.905 0.812 0.723 0.888 0.797 0.654 0.803 0.721

0.826 0.841 0.834 0.810 0.824 0.817 0.735 0.747 0.741
0.858 0.821 0.839 0.840 0.804 0.822 0.762 0.729 0.745

SEL
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Ours (ResNet50) 0.886 0.815 0.849 0.878 0.807 0.841 0.819 0.755 0.786
HED [42 +HT||§|] 0.301 0.878 0.448 - - - 0.213 0.622 0.318
NKL Ours (VGG16) 0.750 0.864 0.803 0.726 0.837 0.778 0.659 0.759 0.706
Ours (ResNet50) 0.766 0.864 0.812 0.743 0.839 0.789 0.679 0.766 0.719
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DHT MS CTX F-measure
Method Network forward | NMS | Edge | Total v 0.664
SLNet-iter] [34] 0.354 s 0.079s | 0.014s | 0.447 s v v 0.758
SLNet-iter3 || 0.437 s 0.071s | 0.014s | 0.522 s v v 0.771
SLNet-iter10 || 0.827 s 0.068 s | 0.014s | 0.909 s v v v 0.786
HED [IEI] + HT [25] 0.014 s 0.117s | 0.024s | 0.155 s
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fEATES, FfDHT+ERAY14RE. 1HALIResNet50)9 8 F MR ESELEIE

ELNZMR. 6, = ORERTERERMIRIADHT A 4.

Or Precision Recall F-measure
0 0.8190 0.7530 0.7861
1 0.8199 0.7561 0.7866
3 0.8208 0.7569 0.7874
5 0.8214 0.7574 0.7880
7 0.8213 0.7573 0.7878
9 0.8212 0.7571 0.7877
%<6
FERAEETMEMBIBER, REEFIEHBERS, = 5)FHIMEEE.
Dataset Arch Edge P R F F@0.95
VGG16 0.756 | 0.774 | 0.765 0.380
VGG16 v 0.758 | 0.777 | 0.770 0.439
SEL [34]
Resnet50 0.819 | 0.753 | 0.786 0.420
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Resnet50 0.679 | 0.766 | 0.719 0.459
Resnet50 v 0.684 | 0.771 | 0.725 0.486
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