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Short-term errors on H3.6M

scenarios walking eating smoking discussion
millisecond (ms) 80 160 320 400 80 160 320 400 80 160 320 400 80 160 320 400
Residual sup. [34] | 29.36  50.82  76.03 81.51 | 16.84  30.60 5692  68.65 | 22.96 42.64 70.14 82.68 | 32.94 61.18 9092  96.19
DMGNN [27] 17.32  30.67 5456  65.20 | 1096  21.39 36.18 43.88 8.97 17.62 32.05 4030 | 17.33  34.78 61.03 69.80
Traj-GCN [27] 12.29  23.03 39.77 46.12 836  16.90 33.19  40.70 7.94 1624  31.90 38.90 | 1250 2740  58.51 71.68
MSR-GCN 12.16 22.65  38.64  45.24 8.39 17.05 33.03 4043 8.02 16.27 31.32  38.15 | 11.98 26.76 57.08  69.74

scenarios directions greeting phoning posing
millisecond (ms) 80 160 320 400 80 160 320 400 80 160 320 400 80 160 320 400
Residual sup. [34] | 35.36 57.27 7630  87.67 | 3446 6336 12460 14250 | 37.96 6932 11500 126.73 | 36.10 69.12 13046 157.08
DMGNN [27] 13.14 24.62 64.68  81.86 | 23.30 5032 107.30 132,10 | 1247 25777  48.08 58.29 | 15.27 29.27 71.54  96.65
Traj-GCN [27] 8.97 19.87  43.35 53.74 | 18.65 38.68 71774 9339 | 10.24 21.02 4254 5230 | 13.66 29.89  66.62  84.05

 Human motion prediction is challenging for the

and of future poses.
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* Graph Convolution Networks (GCNSs) is suitable for non-grid

graph-structured data like skeleton-based pose sequences.

()] One Can the mOtlon pattern by gradua”y MSR-GCN 8.61 19.65 43.28 53.82 | 16.48 36.95 77.32 93.38 | 10.10 20.74 41.51 51.26 | 12.79 29.38 66.95 85.01
body parts in a fine-to-coarse manner. ) Short-term errors on CMU Mocap
m( E2 “ I-'I :_.j . ;‘f I é@é E3 scenarios basketball basketball signal directing traffic jumping
* millisecond (ms) 80 160 320 400 80 160 320 400 80 160 320 400 80 160 320 400
' it L h Residual sup. [4] 15.45 26.88 43.51 49,23 | 20.17 3298 42775 44.65 | 20.52 40.58 75.38 90.36 | 26.85 48.07 93.50 108.90
., s DMGNN [27] 15.57 28.72 59.01 73.05 5.03 928 20.21 26.23 10.21  20.90 41.55 5228 | 31.97 5432 96.66 119.92
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] l | — Residual sup..[_ A1 | 25.76  48.91 28.19 100.80 17.72 31.30 22.55 21.42 44.35 76.22 122.82 121.;13 22.8;1 44.;1 _SEZS 104.68
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