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Abstract

In this supplementary material, we provide more infor-
mation and extra experiments that could not be included in
the main article because of space limit.

1. Architecture Details of Encoder-Copy-
Decoder Network

Table 1 provides the structure details of the Encoder-
Copy-Decoder network of our full model. The network con-
tains 3 GCBs, with 1 in the Encoder, and 2 in the Decoder.
Each GCB contains 2 GCLs. Each GCL contains S-DGCN,
T-DGCN, BatchNorm, Tanh (activation function), Dropout,
sequentially. The residual connections of the Encoder, De-
coder and GCBs are all shown in the table.

The input shape, output shape, and the hyper-parameters
of the layers in the table are collected from the experiments
on Human3.6M. For example, the input shape (35,22, 3)
in the second row means that the input pose sequence is of
length 35 (10 historical poses and 25 future poses), each
pose has 22 joints, and each joint has 3 coordinates. By the
1 x 1 Conv layer, we obtain a feature map in the space of
R35%22x16 which is then used by the residual connection of
the Encoder.

The z and y in W(x,y), A%(z,y), At(x,y), W (x,y),
and W(x,y) give the shape of the parameters of the cor-
responding layer. For example in the third row, the used S-
DGCN has the spatial adjacency matrix of size R?2*22 and
parameters of size R3*16. The hyperparameter of Dropout
is 0.3.

As can be seen, after the “Copy” operator, we obtain a
feature map of size R7Y*22x16 which comprises two copies
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Table 1. Details of the Encoder-Copy-Decoder Network.

Module Layer Input Shape Operation Output Shape
1 x 1 Conv (35,22,3) W(3,16) (35,22,16)
(35,22,3) | S-DGCN: A%(22,22), W¥(3,16) | (35.22,16)
(35.22,16) | T-DGCN: A'(35,35), W'(16,16)| (35.22,16)
GCL (35,22,16) BatchNorm (35.22,16)
(35.22,16) Tanh (35.22.16)

(35,22,16) Dropout (0.3) (35,22,16)®
(35,22,16) |S-DGCN: A%(22,22), W*(16,16)| (35.22,16)
(35.22,16) | T-DGCN: A'(35,35), W'(16,16)| (35.22,16)
Encoder GCL (35,22,16) BatchNorm (35,22,16)
(35,22,16) Tanh (35,22,16)
GCB (35,22,16) Dropout (0.3) (35,22,16)
(35,22,16) |S-DGCN: A%(22,22), W*(16,16)| (35.22.16)
(35,22,16) | T-DGCN: A'(35,35), W'(16,16)| (35.22,16)
GCL | (35.22,16) BatchNorm (35,22,16)
(35,22,16) Tanh (35,22,16)

(35,22,16) Dropout (0.3) (35,22,16)®

Residual | (35.22,16) Add®+© (3522.16)0
Residual (35,22,16) Add®+@ (35,22,16)

¢ g

Copy (35,22,16) l‘;;‘::(‘ﬁ:}‘g:;’e‘fj;: (70,22,16)
1 x 1 Conv (70,22,16) W(16,3) (70,22.3)@

(70,22,16) |S-DGCN: A(22,22), W3(16,16)| (70,22,16)
(70,22,16) | T-DGCN: A'(70,70), W'(16.16) | (70.22,16)

GCL | (70,22,16) BatchNorm (70,22,16)
(70.22,16) Tanh (70.22,16)
(70,22,16) Dropout (0.3) (70,22,16)
GCBI (70,22,16) |S-DGCN: A*(22.22), W'(16,16)| (70.22,16)
(70,22,16) | T-DGCN: A'(70,70), W'(16,16)| (70.22,16)
GCL | (70,22,16) BatchNorm (70,22,16)
(70,22,16) Tanh (70,22,16)

(70,22,16) Dropout (0.3) (70,22,16)0

Residual | (70,22,16) Add© + O (70.22.16)@
Decoder (70,22,16) |S-DGCN: A%(22,22), W¥(16,16)| (70,22,16)
(70,22,16) | T-DGCN: A'(70,70), W'(16,16)| (70.22,16)
GCL | (70,22,16) BatchNorm (70,22,16)
(70,22,16) Tanh (70,22,16)
(70.22,16) Dropout (0.3) (70.22,16)
GCB2 (70,22,16) |S-DGCN: A%(22,22), W¥(16,16)| (70,22,16)
(70,22,16) | T-DGCN: A'(70,70), W'(16.16)| (70.22,16)
GCL | (70,22,16) BatchNorm (70,22,16)
(70.22,16) Tanh (70.22,16)

(70,22,16) Dropout (0.3) (70,22,16)0
Residual | (70,22,16) Add @ +© (70,22,16)

(70,22,16) | S-DGCN:A(22.22), W(16,3) | (70,223)
(70,223) | T-DGCN:A'(70,70), W'(3,3) | (70,22,3)0

Residual (70.22.3) Add©+© (70,22,3)
Slicing (70.22.3) Taking first 35 frames (35.22.3)
as output.

of the input. All A? in the Decoder has the shape of R70*70,
Finally, the Decoder outputs 70 poses, from which we use
the 35 frames in the front as the output.



Table 2. Supplement to Table 3 of the paper: short-term per action experimental data.

scenarios basketball basketball signal directing traffic jumping
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms |80ms 160ms 320ms 400ms|80ms 160ms 320ms 400ms
Res. Sup. | 15.5 269 435 492 |20.2 33.0 428 447 205 406 754 904 |269 48.1 935 108.9
DMGNN | 156 287 590 73.1 | 5.0 9.3 202 262 | 102 209 41.6 523 | 320 543 96.7 1199
LTD 11.7 213 410 508 | 3.3 6.3 136 180 | 69 137 303 40.0 | 172 324 60.1 72.6
STSGCN | 284 319 482 646 | 153 154 21.6 355 |209 226 360 583 |322 414 680 86.1
MSR | 103 189 377 47.0 | 3.0 57 124 163 |59 121 284 380 | 150 287 559 69.1
Ours 95 175 353 442 | 2.7 4.9 10.8 14.6 | 4.8 9.8 236 323 139 278 558 69.0
scenarios soccer walking wash window average
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms |80ms 160ms 320ms 400ms
Res. Sup. | 17.8 313 52,6 614 | 444 767 1268 1514|228 447 86.8 104.7|24.0 430 745 872
DMGNN | 149 253 522 654 | 96 155 260 304 | 79 147 333 442 |136 24.1 470 588
LTD 133 240 438 532 | 6.6 107 174 204 | 60 116 248 31.6 | 93 17.1 330 409
STSGCN | 31.2 348 53.1 732 |21.9 214 259 389 |176 192 309 535 253 279 418 592
MSR 109 195 371 464 | 63 103 176 21.1 | 55 11.1 251 325 | 81 152 306 38.6
Ours 11.1 206 395 487 | 62 103 168 198 | 4.6 9.2 209 273 | 76 143 29.0 36.6

Table 3. Supplement to Table 3 of the paper: long-term per action
experimental data.

Table 4. MAE(Mean Angle Error) comparisons on Human3.6M.

Method 80ms | 160ms | 320ms | 400ms | 560ms | 1000ms | Avg

scenarios basketball basketball signal | directing traffic jumping

DMGNN (angle) | 0.38 | 0.65 | 0.94 | 1.04 | 1.24 1.64 |0.98

millisecond | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms
Res. Sup. | 543 728 | 514 60.6 | 1129 153.1 |128.8 162.8
DMGNN | 96.1 138.6 | 36.6 52.0 723 1112 | 160.6 224.6
LTD 68.1 98.0 | 27.7 54.0 609 1142 | 93.8 1274
STSGCN | 753  109.2 | 38.7 63.5 66.7 1134 | 61.6  74.1
MSR 628 87.0 | 246 479 589 111.0 | 92.1 124.8
Ours 594  84.1 | 237 50.2 51.6 1023 | 91.7 125.6
scenarios soccer walking wash window average
millisecond | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms
Res. Sup. | 723  107.4 | 1824 1943 | 1363 202.7 | 105.5 136.3
DMGNN | 822 1119 | 37.8 67.0 565 828 | 774 112.6
LTD 709 1083 | 252 344 | 439 67.0 | 558 86.2
STSGCN | 849 116.6 | 39.0 46.1 516 792 | 650 921
MSR 64.41 99.32 | 272 39.7 459 713 | 537  83.0
Ours 654 999 | 25.1 339 39.7 657 | 509 80.1

2. More Detailed Experimental Data of CMU-
MoCap

Table 3 in the paper just gives the prediction errors at
each forecasting timestamp averaged over all kinds of ac-
tions. Here, we provide more detailed experimental data as
shown in Table 2 and Table 3 in which the results of ev-
ery action are given. For short-term prediction, our method
is better than all the other methods on all kinds of actions
except “soccer”. For “soccer”, MSR performs the best
while ours is the second best. For long-term prediction,
our method is the best for “directing tracffic”, “walking”,
and “wash window”, and achieves the best average perfor-
mance. For other actions, our method is the second best and
comparable to the best one.

3. Results of Angle Representations

Table 4 shows comparison conducted on the angle rep-
resentation of Human3.6. Our method outperforms SOTA.

LTD (angle) 034 | 058 | 093 | 1.06 | 1.27 1.65 |0.97
MSR (angle) | 035 | 0.61 | 098 | 1.11 | 1.31 1.67 |1.00
Our (angle) 030 | 0.54 | 0.89 | 1.02 | 1.23 | 1.61 |0.93
Our (angle to3D) | 13.1 | 27.6 | 54.8 | 66.3 | 852 | 1193 |61.1
Our (3D) 103 | 227 | 474 | 585 | 76.9 | 110.3 |54.4

We further transform our angle-based results into 3D. Com-
pared with trained directly in 3D, the performance drops
when trained on angle.

4. Evaluation on Random 256 Test Set

The main paper has presented experimental results eval-
uated on the whole test dataset, as done by Dang et al. [2].
Here, following [4], we give the results on the random 256
test set, i.e., only 256 samples of each action are randomly
selected (using a fixed seed) for testing. The comparison
results are shown in Table 5 and Table 6. As can be seen,
our method is also the best in most cases, and outperforms
the compared approaches by a large margin.

5. Evaluation on Random 8 Test Set

The works of [1,3,5] randomly select 8 samples per ac-
tion for testing (using a fixed seed). We also compare our
method with previous approaches in this way, and the com-
parison results are shown in Table 7 and Table 8. Over-
all speaking, our method performs better than all the other
methods, as demonstrated by the average prediction errors.

When evaluating in this setting, the advantage of our
method compared to previous approaches is not as signif-
icant as when evaluating on the whole test dataset or the
random 256 test set. We conjecture this is because the ran-



domness of just selecting 8 samples per action is too high
to evaluate a method. Therefore, we choose to perform the
evaluation on the whole test dataset in the main paper.

6. Comparison with Transformer-based
method [1]

In Table 7 and Table 8, we compare our method with the
Transformer-based approach [1]. The experimental results
of [1] are directly collected from their paper. Our method is
better than [ 1] for both short-term and long-term predictions
on average.

7. More Visualizations

In Figure 1, we show more visualizations of the predicted
poses of different methods. In each sub-figure, from top
to bottom are the ground truth, the results of our method,
MSR [2], LTD [5], DMGNN [3], and Res.Sup. [0], respec-
tively. Our predictions are more similar to the ground truth
than the results of the compared methods in these cases .

8. Code and Video Demo

The code for research purpose is available at:

https://github.com/705062791/PGBIG

A video demo containing qualitative comparisons is also
attached there.
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Table 5. Comparisons on random 256 test set of Human3.6M. Short-term prediction results are given. The best results are highlighted in
bold, and the second best are marked by underline.

scenarios walking eating smoking discussion
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 232 40.9 61 66.7 16.8 315 535 61.7 18.9 347 57.5 65.4 25.7 47.8 80 91.3
DMGNN 18.4 33.6 56.8 65.1 10.1 19.7 38.3 46.7 114 22.0 41.5 50.1 18.0 36.2 71.9 85.2
LTD 11.1 21.4 37.3 429 7 14.8 29.8 37.3 7.5 15.5 30.7 37.5 10.8 24 52.7 65.8
MSR 108 209 369 424 | 69 146 290 360 | 75 154 306 375 | 104 235 519 650
Ours 9.4 19.0 34.3 40.4 6.0 134 27.8 35.3 6.5 14.2 28.8 35.5 9.0 21.8 49.9 62.9
scenarios directions greeting phoning posing
millisecond | 80ms  160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 21.6 41.3 72.1 84.1 31.2 58.4 96.3 108.8 | 2I.1 38.9 66 76.4 29.3 56.1 98.3 114.3
DMGNN 13.8 27.7 55.3 67.2 22.6 45.1 89.0 106.6 14.3 28.0 524 63.3 18.6 37.6 80.1 100.0
LTD 8 188 437 549 | 148 314 653 797 | 93 19.1 398 497 | 109 251 59.1 759
MSR 7.7 18.9 44.7 56.2 15.1 33.1 70.9 85.4 9.1 189 39.9 49.8 10.3 24.6 59.2 759
Ours 6. 16.8 41.5 52.7 124 28.3 61.2 76.0 7.8 17.2 37.3 47.3 8.7 22.2 53.9 70.4
scenarios purchases sitting sittingdown takingphoto
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 28.7 524 86.9 100.7 | 23.8 447 78 91.2 31.7 58.3 96.7 112 219 414 74 87.6
DMGNN 21.7 42.4 71.3 91.6 14.7 30.0 61.5 74.5 20.7 39.9 81.0 97.4 14.4 29.2 59.4 74.6
LTD 13.9 30.3 62.2 759 9.8 20.5 442 55.9 15.6 314 59.1 71.7 8.9 189 41 51.7
MSR 133 30.1 63.6 77.8 9.8 20.6 44.2 55.5 154 32.0 60.7 73.8 8.9 19.5 43.1 54.4
Ours 11.7 27.8 59.4 73.5 8.5 18.8 41.8 53.2 13.7 29.3 57.2 69.7 7.6 17.2 38.5 49.2
scenarios waiting walkingdog walkingtogether average
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 23.8 442 75.8 87.7 36.4 64.8 99.1 110.6 | 20.4 37.1 59.4 67.3 25 46.2 77 88.3
DMGNN 15.5 30.7 61.5 74.4 31.7 62.1 109.8 125.3 15.7 29.2 51.1 60.7 17.4 342 65.8 78.9
LTD 92 195 433 544 | 209 407  73.6  86.6 9.6 19.4 36.5 44 112 234 419 589
MSR 10.4 224 50.7 62.4 24.9 51.5 100.3 112.9 9.2 18.7 35.7 432 11.3 24.3 50.8 61.9
Ours 74 17.3 39.6 50.8 18.4 38.1 71.8 85.1 8.1 17.4 34.0 41.5 94 21.3 45.1 56.2

Table 6. Comparisons on random 256 test set of Human3.6M. Long-term prediction results are given. The best results are highlighted in
bold, and the second best are marked by underline.

scenarios walking eating smoking discussion directions greeting phoning posing
millisecond | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms
Res. Sup. 71.6 79.1 74.9 98 78.1 102.1 109.5 131.8 101.1 129.1 126.1 153.9 94 126.4 140.3 183.2
DMGNN 75.4 96.8 61.9 91.0 64.1 93.2 107.1 138.6 88.4 121.4 1325 165.2 80.0 112.9 136.6 210.4
LTD 51.8 60.9 50 74.1 51.3 73.6 87.6 118.6 76.1 108.8 104.3 140.2 68.7 105.1 109.9 171.7
MSR 533 63.7 50.8 75.4 50.5 72.1 87.0 116.8 75.8 105.9 106.3 136.3 67.9 104.7 1125 176.5
Ours 49.6 58.9 50.0 749 48.8 69.9 86.1 116.9 73.3 105.9 100.2 136.4 66.5 102.7 102.8 167.0
scenarios purchases sitting sittingdown takingphoto waiting walkingdog walkingtogether average
millisecond | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms
Res. Sup. 122.1 154 113.7 152.6 138.8 187.4 110.6 1539 105.4 1354 128.7 164.5 80.2 98.2 106.3 136.6
DMGNN 1155 1559 95.7 138.7 130.4 188.1 100.3 146.8 97.1 141.5 147.2 184.9 74.7 97.5 100.5 1389
LTD 99.4 135.9 78.5 118.8 99.5 144.1 76.8 120.2 75.1 106.9 105.8 142.2 58 69.6 79.5 112.7
MSR 99.2 134.5 71.6 115.9 102.4 149.4 717 121.9 74.8 105.5 107.7 145.7 56.2 69.5 80.0 112.9
Ours 95.7 132.1 75.1 114.8 94.4 139.0 70.5 112.9 71.6 103.7 105.7 1459 54.4 64.6 76.3 109.7




Table 7. Comparisons on random 8 test set of Human3.6M. Short-term prediction results are given. The best results are highlighted in
bold, and the second best are marked by underline. The results of Transformer [ 1] are collected from their papers.

scenarios walking eating smoking discussion
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 23.8 40.4 62.9 70.9 17.6 347 71.9 87.7 19.7 36.6 61.8 739 31.7 61.3 96 103.5
DMGNN 17.2 30.6 54.4 65.0 11.0 214 359 43.5 8.9 17.3 31.7 40.0 17.4 34.6 60.8 69.5
LTD 8.9 15.7 29.2 334 8.8 18.9 394 47.2 7.8 14.9 25.3 28.7 9.8 22.1 39.6 44.1
MSR 8.7 15.5 284 324 8.3 17.7 36.3 43.7 7.5 154 274 31.5 9.3 22.1 40.5 45.5
Transformer | 7.9 14.5 29.1 34.5 8.4 18.1 374 453 6.8 13.2 24.1 27.5 8.3 21.7 439 48.0
Ours 7.6 14.6 24.9 28.3 8.0 17.9 38.0 45.7 6.3 134 252 30.3 7.3 19.3 38.1 45.2
scenarios directions greeting phoning posing
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 36.5 56.4 81.5 97.3 37.9 74.1 1390 158.8 | 25.6 444 74 84.2 279 54.7 131.3  160.8
DMGNN 13.2 24.9 64.8 81.9 234 50.3 107.2 1319 | 12.7 26.0 48.4 58.4 15.3 29.2 71.5 96.6
LTD 12.6 24.4 48.2 58.4 14.5 30.5 74.2 89 11.5 20.2 37.9 432 9.4 239 66.2 82.9
MSR 114 219 45.8 56.1 13.5 26.5 68.8 86.1 11.8 20.6 37.5 41.7 8.5 21.8 61.2 76.4
Transformer | 11.1 22.7 48.0 584 132 28.0 64.5 77.9 10.8  19.6 37.6 46.8 83 22.8 65.6 81.8
Ours 10.1 21.7 48.1 59.5 11.2 24.1 63.6 80.0 10.6 18.8 34.1 39.7 6.6 20.1 61.6 78.1
scenarios purchases sitting sittingdown takingphoto
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 40.8 71.8 1042 109.8 | 345 69.9 1263  141.6 | 28.6 553 101.6 1189 | 23.6 474 94 112.7
DMGNN 214 38.8 75.9 93.0 11.9 252 44.6 50.1 15.0 32.8 77.1 93.1 13.5 28.7 45.6 58.4
LTD 19.6 38.5 64.4 722 10.7 24.6 50.6 62 114 27.6 56.4 67.6 6.8 15.2 38.2 49.6
MSR 19 38.7 64.5 72.6 11.3 26.5 56.1 69.2 11.1 28.2 56.1 66.8 6.6 15.8 40.8 53.1
Transformer | 18.5 38.1 61.8 69.6 9.5 239 49.8 61.8 11.2 29.9 59.8 68.4 6.3 14.5 38.8 49.4
Ours 17.2 36.5 63.4 722 8.3 22.1 49.3 614 9.8 26.3 53.5 63.2 5.8 14.1 38.0 49.8
scenarios waiting walkingdog walkingtogether average
millisecond | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms | 80ms 160ms 320ms 400ms
Res. Sup. 29.5 60.5 1199 1406 | 60.5 1019 160.8 188.3 | 23.5 45 71.3 82.8 30.8 57 99.8 1155
DMGNN 12.1 23.8 59.5 71.5 47.1 93.3 160.3 1714 | 144 26.7 50.1 63.2 17 33.6 65.9 79.6
LTD 9.5 22 57.5 73.9 322 58 1022 1227 8.9 18.4 35.3 44.3 12.1 25 51 61.3
MSR 8.9 20.9 53.6 69.8 244 53.6 95.6 1104 8.7 18.5 354 45.6 11.3 24.3 49.9 60.1
Transformer | 8.4 21.5 539 69.8 229 50.4 100.8 119.8 8.7 18.3 342 44.1 10.7 23.8 50.0 60.2
Ours 7.4 18.2 50.4 66.7 27.3 53.6 97.6 119.0 7.2 16.7 33.8 42.8 10.1 22.5 48.0 58.8

Table 8. Comparisons on random 8 test set of Human3.6M. Long-term prediction results are given. The best results are highlighted in bold,
and the second best are marked by underline. The results of Transformer [ 1] are collected from their papers.

scenarios walking eating smoking discussion directions greeting phoning posing
millisecond | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms  1000ms | 560ms  1000ms
Res. Sup. 86.3 107.6 87.7 99.4 96.1 141.4 120.7 161.6 110.2 150.5 1622 174.227 | 139.098 127.029 | 192.096 230.697
DMGNN 73.4 95.8 57.8 86.5 50.4 71.6 81.9 138.2 110.1 115.6 152.2 157.6 78.8 98.8 164.0 310.3
LTD 423 51.3 56.5 68.6 323 60.5 70.5 103.5 85.8 109.3 91.8 874 65.0 113.6 113.4 220.6
MSR 42.1 43.5 57.0 71.5 352 62.5 75.4 113.5 78.5 101.7 100.1 95.1 63.7 1139 103.0 2199
Transformer | 36.8 41.2 58.4 67.9 29.2 583 74.0 103.1 - - - - - - - -
Ours 35.9 439 55.7 69.5 33.1 58.1 69.9 99.9 83.7 105.3 90.7 87.1 62.1 115.6 104.3 209.3
scenarios purchases sitting sittingdown takingphoto waiting walkingdog walkingtogether average
millisecond | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms  1000ms | 560ms  1000ms
Res. Sup. 1158 159.4 161.6 1953 214.5 2852 1179 1411 1529 199.1 196.8 2133 107.8 136.5 137.5 168.2
DMGNN 118.8 154.5 59.7 104.3 122.0 168.8 91.2 120.6 106.1 136.6 194.1 182.2 835 115.8 102.9 137.1
LTD 94.3 130.4 79.6 114.9 82.6 140.1 68.9 87.1 100.9 167.6 136.6 174.3 57.0 85.0 8.5 114.3
MSR 86.5 125.5 83.1 103.9 83.1 145.8 72.6 95.9 100.7 164.3 144.4 193.5 55.8 84.5 78.7 115.7
Transformer - - - - - - - - - - - - - - - -
Ours 89.7 122.9 81.0 115.8 80.2 130.8 70.3 90.5 94.5 168.1 137.8 180.8 54.6 80.3 76.2 111.9




eatin,

etin.

GT

4 4 s e e
e R R
e =
R e = =
R =R R o
R R R S
e e e e
o o ao oo g
o= po po oo g
= oo oo o
AR R R
£ oo oo oo o
SRR R R

L= oo et
==
Ry -
e o pm e e
VI _=
VEREIE
VERENENES
VER NS
VRN
e RO
o e e
e e e e
el e e A

MSR
LTD
DMGNN
Res. Sup

840  Time(ms)

440

200

40

840  Time(ms)

440

200

GT

== b=l =
== bm ==
b= e b=
=
b= bm b=t e
b= e b= = e
P S BN
b= e b= = L
b= b= e = A
-
= e == e
==l
B e

ISSSS T -
ISl R =t —
ESIESSES B
SRS S =
SRS
(SHESSES T
S SIS
Sl S
SRS i S
S
S S =S
S =~
c < <

Ours

MSR

LTD
DMGNN
Res. Sup

840  Time(ms)

440

200

40

840  Time(ms)

440

200

pho

840  Time(ms)

440

200

40

840  Time(ms)

440

200

40

walkingtogether

GT

e
—e e

SaESSES S uh

e e
S
e
S

e e e

S
S
S
S

Sk A=

S
Lmecamas o
S
s esa= e
s emam e
tmacemam e
macemeamas
macac e
S SRR RS
sacas e
e e
acac e
e ae

Ours

MSR

LTD
DMGNN
Res. Sup

840  Time(ms)

440

200

40

840  Time(ms)

440

200

40

Human3.6M.

omparisons on

Figure 1. More qualitative c



