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Method Top-1 Acc. (%) | KP Detector COCO APy, (%) | Runtime (ms) Total FPS
ST-GCN [15] 30.7 4.0 85.4
2s-AGCN [12] 36.1 27.6 84.8
OpenPose 56.3
MS-G3D [8] 38.0 28.2 84.8
Ours w/o objects 38.9 9.8 85.2
MS-G3D [§] 45.1 28.2 8.8
PoseConv3D [4] 47.7 HRNet 74.6 960.0 8.5
Ours w/o objects 50.3 9.8 8.8
Ours w/o objects 43.1 9.8 1913.3
PPNv2 36.4
Ours w/ objects 52.3 11.2 1896.3
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Method 0 10 30 50 70 90
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