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Time-Frequency Spatial Attention Network for 3D
Skeleton Human Motion Prediction
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[ Abstract] Previous works on graph convolutional networks based on temporal recurrent networks and frequency domains has
shown impressive results in three-dimensional human motion prediction. However, the time domain and frequency domain are the
manifestations of the same human action signal in different domains, and this paper encodes the observed movement sequence of the
human body in the time and frequency domains in combination with the human posture in the time and frequency domains, and
strengthens the interdependence between nodes of human bones through the attention mechanism of joint information of different
manifestations in the two channels. Finally, the gated loop unit (G-GRU) based on the graph is used to recursively decode the encoded
information and output the predicted motion sequence. We tested our model on the Human 3.6M and CMU-MoCap datasets, and
experiments proved that our model can obtain more accurate predictions than previous methods.
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Fig.1 Overall network architecture
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Tab.1 Comparison of short time prediction results of various methods in Human 3.6M dataset

Walking Eating

Smoking Discussing

2 B} A]/ms
80 160 320 400 80 160 320

400 80 160 320 400 80 160 320 400

Res.Sup 29.4 50.8 76 81.5 16.8 30.6 56.9

68.7 23 42.6 70.1 82.7 329 612 909 96.2

DMGNN 17.3 30.7 546 652 11 214 36.2 43.9 9 17,6 32.1 40.3 173 348 61 69.8
LTD 12.3 23 39.8  46.1 8.4 16.9 332 40.7 7.9 162 319 389 125 274 585 71.7
MSR 122 227 386 452 8.4 17.1 33 40.4 8 163 313 382 12 26.8  57.1 69.7

AR 114 216 383 444 8.5 16.7 32.8 39.0 7.7 15.1 299 353 11.3 251 558 67.7
Directions Greeting Phoning Posing

2 ] /ms
80 160 320 400 80 160 320

400 80 160 320 400 80 160 320 400

Res.Sup 354 573 763 877 345 634 1246 1425 38 693 115 1267 361 69.1 1305 157.1
DMGNN 131 246 647 819 233 503 1073 1321 125 258 481 583 153 293 715 967
LTD 9 199 434 537 187 387 777 934 102 21 425 523 137 299 666  84.1
MSR 8.6 197 433 538 165 37 773 934 101 207 415 513 128 294 67 85
ARG 86 190 429 522 168 361 746 889 95 194 406 491 119 271 631  79.1
Purchases Sitting Sitting Down Taking Photo
iz Bl [E]/ms

80 160 320 400 80 160 320 400 80 160 320 400 80 160 320 400

Res.Sup 363 603 865 959 426 814 1347 1518 473 86 1458 1689 261 476 814 947
DMGNN 214 387 757 927 119 251 446 502 15 329 771 93 13.6 29 46 58.8
LTD 156 328 657 793 106 219 463 579 161 311 615 755 99 209 45 56.6
MSR 148 324 661 796 105 22 463 578 161 316 625 768 99 21 446 563
ARG 136 297 620 742 97 199 442 547 145 284 588 719 93 194 433 537
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Waiting Walking Dog

Walking Together Average

iz Bl ] /ms
80 160 320 400 80 160 320

400 80 160 320 400 80 160 320 400

Res.Sup 30.6 57.8 1062 121.5 642 102.1 141.1 1644 268 50.1 80.2 922 34.7 62 101.1 1155
DMGNN 12.2 24.2 59.6 77.5 47.1 933 160.1 1712 143 26.7 50.1 63.2 17 33.6 65.9 79.7
LTD 114 24 50.1 61.5 234 462 83.5 96 10.5 21 38.5 452 12.7 26.1 523 63.5
MSR 10.7 23.1 483 59.2 20.7 429 80.4 93.3 10.6 20.9 374 439 12.1 25.6 51.6 62.9
AT 102 21.6 463 56.1 19.9 40.5 75.7 86.8 9.8 19.8 368 422 11.5 24.0 49.7 59.6
TE: MEFIRIRIF AR,
%2 Human 3.6M #EEE & 75 7% BUKEHEI TN R3TEE
Tab.2 Comparison of long-term prediction results of various methods in Human 3.6M dataset
5 5 s Walking Eating Smoking Discussion Directions Greeting Phoning Posing
560 1000 560 1000 560 1000 560 1000 560 1000 560 1000 560 1000 560 1000
Res.Sup 81.7 100.7 799 1002 948 1374 1213 161.7 110.1 1525 156.1 166.5 141.2 131.5 1947 2402
DMGNN 73.4 95.8 58.1 86.7 50.9 72.2 81.9 1383 110.1 1158 1525 1577 789 98.6 1639 310.1
LTD 54.1 59.8 53.4 77.8 50.7 72.6 91.6 1215 71 101.8 1154 1488 69.2 103.1 1145 173
MSR 52.7 63 52.5 77.1 49.5 71.6 88.6 117.6 712 100.6 1163 1472 683 1044 1163 1743
AR 532 608 534 763 483 687 90.0 1190 717 1004 1134 1456 68.0 1023 1109 166.7
2 2 s Purchases Sitting Sitting Down Taking Photo Waiting Walking Dog Walking Together Average

560 1000 560 1000 560 1000 560 1000 560 1000 560 1000 560 1000 560 1000

Res.Sup 1227 160.3 167.4 201.5 2053 277.6 117 1432 1462 1962 1913 209 107.6  131.1 97.6 130.5
DMGNN 118.6 153.8 60.1 1049 122.1 1688 91.6 120.7 106 136.7 194 1823 834 1159 103 1372
LTD 102 143.5 783 1197 100 1502 774 1198 794 108.1 111.9 1489 55 65.6 81.6 1143
MSR 101.6 1392 782 120 1028 1555 779 1219 763 1063 1119 1482 529 65.9 81.1 1142
ARG 977 1361 773 1170 99.1 1484 763 1175 759 1050 1058 1385 529 612  79.6 1119
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.
&3 CMU-MoCap ¥ L &5 A BERIE SR TUNLE RITEE

Tab.3 Comparison of prediction results of various
methods in CMU-MoCap dataset

iz B} ] /ms 80 160 320 400 560 1 000
Res.Sup 4 43 745 872 1055 1363
DMGNN 13.6 241 47 588 774 112.6

LTD 9.3 17.1 33 409 558 86.2
MSR 8.1 152 306 386  53.7 83
SR T 79 145 296 378 519 81.2
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