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Introduction

* Multi-Agent Trajectory Prediction

Given the past trajectories, predict the future trajectories for multiple interactive agents
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* An often-overlooked yet fundamental principle

* Predicted trajectory — Equivariant to Euclidean transformations

* Inferred Relationship — Invariant to Euclidean transformations
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Motivation

* How to employing this principle into a network ?

Previous methods — Normalization or data augmentation

* Unable to guarantee the equivariance property
* Bringing more learning burden

Our EqMotion — Embed this principle directly into the network structure!

* Theoretically robust to arbitrary Euclidean transformations

* Reducing the network’s learning burden



Methodology - EqMotion

* Feature Description

Traditional vector feature
-> cannot be operated by Euclidean transformation
-> network cannot maintain equivariance
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Methodology - EqMotion

* Feature Description

Geometric
features {GZ(-O)}

Cxn matrix

Preserves equivariant property

Preserve motion attributes that |

are sensitive to Euclidean

geometric transforms
Pattern

features {hgo) }

D -Vector

Preserves invariant property
Preserve motion attributes that
are independent to Euclidean

geometric transforms
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All network operation satisfy:
* Geometric feature — Equivariant!

e Pattern feature — Invariant!



Experiment

* Scenario |:Particle Dynamic Prediction

Particle Dynamics Prediction
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On reasoning:

Table 1. Interaction recognition accuracy and consistency (mean +
std in % in 5 independent runs) on the physical simulation.

Model

Springs
Accuracy Consistency

Charged
Accuracy Consistency

Corr.(path) [2]
Corr.(LSTM) [
EGNN [58]

NRI [2£]
dNRI[17]

]

581+00 99.8+0.1
53.5+05 924 +21
61.0 £1.3 100.0 0.0
93.0+1.1 937412
93.3+20 89.6+20

57.5+01 87.9+0.1
572 +£04 91.7+1.1
582 +14 100.0+0.0
70.0 £ 06 88.5+13
704 +£17 83.6 +1.8

Ours
Supervised

97.6 £ 1.1 100.0 £ 0.0
98.7 £0.2 100.0 0.0

80.9 +34 100.0 £0.0
97.4+£0.2 100.0 £0.0




Experiment

* Scenario |:Particle Dynamic Prediction

Particle Dynamics Prediction

- 1.0
" 0.5

- 0.0

On reasoning:

Table 1. Interaction recognition accuracy and consistency (mean +
std in % in 5 independent runs) on the physical simulation.

Model Springs ' Charged |

Accuracy Consistency | Accuracy Consistency

Corr.(path) [28] |[58.1 £00 99.8+0.1 | 57.54+01 87.9+0.1

Corr.(LSTM) [28] | 53.5+05 924 +2.1 | 572404 91.7+1.1
EGNN [5¢] 61.0+13 100.0+00 [ 582+ 14 100.0 +0.0

NRI [28] 930+11 937+12 |70.0+06 88.5+13

dNRI [17] 933 +20 89.6+20 |704+17 83.6+18
Ours 97.6 £ 1.1 100.0 0.0 | 80.9 +£34 100.0 +0.0
Supervised 98.7+0.2 100.0£0.0 [97.4+£0.2 100.0 +0.0

Accurate and consistent reasoning!



Experiment

* Scenario |:Particle Dynamic Prediction

Particle Dynamics Prediction
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Accurate prediction!



Experiment

* Scenario |l: Molecule Dynamic Prediction

Table 4. Prediction ADE/FDE (x 10~ 2) on the MD17 dataset.

Aspirin Benzene Ethanol Malonaldehyde
Radial Field [31] 17.98/2620 7.73/1247 8.10/10.61  16.53/25.10
TEN[61]  15.02/21.35 7.55/12.30 8.05/10.57 15.21/24.32
SE(3)-Trans [14] 15.70/22.39 7.62/12.50 8.05/10.86 15.44/24 .47
EGNN [58]  14.61/20.65 7.50/12.16 8.01/1022  15.21/24.00
- LSTM 17.59/24779 6.06/9.46 7.73/9.88  15.14/22.90
. S.ILSTM[I] 13.12/18.14 3.06/3.52 7.23/9.85 11.93/18.43
Aspirin Benzene  Ethanol Malonaldehyde NRI[28]  12.60/18.50 1.89/2.58 6.69/8.78  12.79/19.86
NMMP [22] 1041/14.67 221/333 6.17/7.86  9.50/14.89
GroupNet [69] 10.62/14.00 2.02/2.95 6.00/7.88  7.99/12.49
EqMotion(Ours)  5.95/8.38 1.18/1.73 5.05/7.02  5.85/9.02




Experiment

* Scenario |l: Molecule Dynamic Prediction

Table 4. Prediction ADE/FDE (x 10~ 2) on the MD17 dataset.

Aspirin Benzene  Ethanol Malonaldehyde

Radial Field [31] 17.98/26.20 7.73/12.47 8.10/10.61  16.53/25.10
TEN [61] 15.02/21.35 7.55/12.30 8.05/10.57  15.21/24.32
SE(3)-Trans [14] 15.70/22.39 7.62/12.50 8.05/10.86  15.44/24.47
i ‘ EGNN [58] 14.61/20.65 7.50/12.16 8.01/10.22  15.21/24.00
@ LSTM 17.59/24.79 6.06/9.46 7.73/9.88  15.14/22.90
S-LSTM [1]  13.12/18.14 3.06/3.52 7.23/9.85  11.93/18.43
NRI [28] 12.60/18.50 1.89/2.58 6.69/8.78  12.79/19.86
NMMP [22]  10.41/14.67 2.21/3.33 6.17/7.86 9.50/14.89
GroupNet [69] 10.62/14.00 2.02/2.95 6.00/7.88 7.99/12.49
EgMotion(Ours) 5.95/8.38 1.18/1.73  5.05/7.02 5.85/9.02

Aspirin Benzene Ethanol Malonaldehyde

Accurate prediction on all kinds of molecules!



Experiment

e Scenario lll: Human Skeleton Motion Prediction

Table 2. Comparisons of short-term skeleton motion prediction on 11 representative actions and average results across all actions on H3.6M.

Motion Walking Eating Smoking Discussion Directions Phoning
millisecond 80 160 320 400 | 80 160 320 400 [ 80 160 320 400 | 80 160 320 400 | 80 160 320 400 | 80 160 320 400
Res-sup. (CVPR’17) |29.4 50.8 76.0 81.5 |16.8 30.6 569 68.7 |23.0 42.6 70.1 82.7 |32.9 612 909 96.2 [354 57.3 763 87.7|38.0 69.3 115.0 126.7
Traj-GCN (ICCV’19) | 12.3 23.0 39.8 46.1 | 84 169 332 407 | 79 162 319 389 |125 274 585 71.7 | 90 199 434 537(102 21.0 425 523
DMGNN (CVPR’20) | 17.3 30.7 54.6 652 [11.0 214 362 439 | 90 17.6 321 403 |173 348 61.0 69.8 [13.1 246 647 819|125 258 481 583
MSRGCN (ICCV’21) (122 227 386 452 | 84 17.1 330 404 | 80 163 313 382 [12.0 268 57.1 69.7 | 8.6 19.7 433 53.8|10.1 20.7 415 513
PGBIG (CVPR’22) |10.2 198 345 403 | 7.0 151 306 381 | 6.6 14.1 282 347 |10.0 238 536 66.7 |72 17.6 409 515 83 183 38.7 484
SPGSN (ECCV’22) [10.1 194 348 415 | 7.1 149 305 379 (67 138 28.0 346 |104 238 536 67.1 |74 17.2 398 503| 87 183 38.7 485
EqMotion (Ours) 9.0 175 32,6 392 |63 136 289 365 | 55 11.3 23.0 293 | 82 189 421 53.9 | 6.3 15.8 38.9 50.]1 gl Grmmmdial=

Motion Posing Sitting Sitting Down Waiting Walking Together Average
millisecond 80 160 320 400 | 80 160 320 400 [ 80 160 320 400 | 80 160 320 400 | 80 160 320 400f 80 160 320 400
Res-sup. (CVPR’17) |36.1 69.1 130.5 157.1 |42.6 81.4 1347 151.8|47.3 86.0 145.8 1689 |30.6 57.8 106.2 121.5[26.8 50.1 80.2 92.2J 34.7 62.0 101.1 1155
Traj-GCN (ICCV’19) | 13.7 299 66.6 84.1 [10.6 219 463 579 |[16.1 31.1 615 755|114 240 50.1 61.5 [10.5 21.0 385 452Q 12.7 26.1 523 63.5
DMGNN (CVPR’20) | 153 293 71.5 96.7 [11.9 25.1 44.6 502 |15.0 329 77.1 93.0 |12.2 242 59.6 775 (143 26.7 50.1 632Q 17.0 33.6 659 79.7
MSRGCN (ICCV’21) [ 12.8 294 67.0 85.0 |10.5 22.0 463 57.8 |16.1 31.6 625 76.8 [10.7 23.1 483 59.2 |10.6 209 374 439§ 12.1 256 516 629
PGBIG (CVPR’22) |10.7 257 60.0 766 | 88 19.2 424 538 |139 279 574 715 |89 20.1 436 543 | 87 18.6 344 41.0Q 103 227 474 585
SPGSN (ECCV’22) [10.7 253 599 765 |93 194 423 536 (142 277 568 70.7 | 92 198 43.1 541 | 89 182 338 409 10.4 223 47.1 58.3
EqMotion (Ours) 82 189 434 575 |81 18.0 412 529 |13.0 265 562 70.7 | 7.6 174 399 511 (7.8 16.1 30.6 37.1] 9.1 20.1 43.7 55.0

Table 3. Comparisons of long-term skeleton motion prediction on 8 representative actions and average results across all acti

Motion Walking Eating Smoking Discussion Greeting Phoning Posing Walking Togethef Average
millisecond |560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000msj|560ms 1000ms
Res-Sup. [50] | 81.7 100.7 | 79.9 1002 | 94.8 1374 | 1213 161.7 | 1563 1843 | 1439 186.8 | 1654 236.8 | 173.6 2023 || 129.2 165.0
Traj-GCN [47] | 54.1 598 | 534 778 | 507 726 | 91.6 1215 | 1154 1488 | 69.2 103.1 | 1145 173.0 | 55.0 65.6 81.6 1143
DMGNN [41] | 714 858 | 581 867 | 509 722 | 819 1383 | 1445 1705 | 71.3 1084 | 1255 188.2 | 70.5 86.9 93.6 127.6
MSRGCN [9] | 527 630 | 525 77.1 | 495 716 | 886 117.6 | 1163 1472 | 683 1044 | 1163 1743 | 529 65.9 81.1 1142
PGBIG [44] 48.1 564 | 51.1 760 | 465 695 | 87.1 118.2 | 1102 1435 | 659 102.7 | 106.1 164.8 | 51.9 64.3 769 1103
SPGSN [40] 469 536 | 498 734 | 467 686 | 8.7 118.6 | 111.0 1432 | 66.7 1025 | 1103 1654 | 49.8 60.9 774  109.6
EqMotion (Ours) | 434 528 | 484 730 | 41.0 634 | 753 105.6 | 108.7 142.0 | 64.7 101.0 | 84.9 1394 | 445 56.0 734 106.9
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e Scenario lll: Human Skeleton Motion Prediction

Table 2. Comparisons of short-term skeleton motion prediction on 11 representative actions and average results across all actions on H3.6M.

Motion Walking Eating Smoking Discussion Directions Phoning
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Traj-GCN (ICCV’19) | 12.3 23.0 39.8 46.1 | 84 169 332 407 | 79 162 319 389 |125 274 585 71.7 | 90 199 434 537(102 21.0 425 523
DMGNN (CVPR’20) | 17.3 30.7 54.6 652 [11.0 214 362 439 | 90 17.6 321 403 |173 348 61.0 69.8 [13.1 246 647 819|125 258 481 583
MSRGCN (ICCV’21) (122 227 386 452 | 84 17.1 330 404 | 80 163 313 382 [12.0 268 57.1 69.7 | 8.6 19.7 433 53.8|10.1 20.7 415 513
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Motion Posing Sitting Sitting Down Waiting Walking Together Average
millisecond 80 160 320 400 | 80 160 320 400 [ 80 160 320 400 | 80 160 320 400 | 80 160 320 400f 80 160 320 400
Res-sup. (CVPR’17) |36.1 69.1 130.5 157.1 |42.6 81.4 1347 151.8|47.3 86.0 145.8 1689 |30.6 57.8 106.2 121.5[26.8 50.1 80.2 92.2J 34.7 62.0 101.1 1155
Traj-GCN (ICCV’19) | 13.7 299 66.6 84.1 [10.6 219 463 579 |[16.1 31.1 615 755|114 240 50.1 61.5 [10.5 21.0 385 452Q 12.7 26.1 523 63.5
DMGNN (CVPR’20) | 153 293 71.5 96.7 [11.9 25.1 44.6 502 |15.0 329 77.1 93.0 |12.2 242 59.6 775 (143 26.7 50.1 632Q 17.0 33.6 659 79.7
MSRGCN (ICCV’21) [ 12.8 294 67.0 85.0 |10.5 22.0 463 57.8 |16.1 31.6 625 76.8 [10.7 23.1 483 59.2 |10.6 209 374 439§ 12.1 256 516 629
PGBIG (CVPR’22) |10.7 257 60.0 766 | 88 19.2 424 538 |139 279 574 715 |89 20.1 436 543 | 87 18.6 344 41.0Q 103 227 474 585
SPGSN (ECCV’22) [10.7 253 599 765 |93 194 423 536 (142 277 568 70.7 | 92 198 43.1 541 | 89 182 338 409 10.4 223 47.1 58.3
EqMotion (Ours) 82 189 434 575 |81 18.0 412 529 |13.0 265 562 70.7 | 7.6 174 399 511 (7.8 16.1 30.6 37.1] 9.1 20.1 43.7 55.0

Table 3. Comparisons of long-term skeleton motion prediction on 8 representative actions and average results across all acti

Motion Walking Eating Smoking Discussion Greeting Phoning Posing Walking Togethef Average
millisecond |560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000ms | 560ms 1000msj|560ms 1000ms
Res-Sup. [50] | 81.7 100.7 | 79.9 1002 | 94.8 1374 | 1213 161.7 | 1563 1843 | 1439 186.8 | 1654 236.8 | 173.6 2023 || 129.2 165.0
Traj-GCN [47] | 54.1 598 | 534 778 | 507 726 | 91.6 1215 | 1154 1488 | 69.2 103.1 | 1145 173.0 | 55.0 65.6 81.6 1143
DMGNN [41] | 714 858 | 581 867 | 509 722 | 819 1383 | 1445 1705 | 71.3 1084 | 1255 188.2 | 70.5 86.9 93.6 127.6
MSRGCN [9] | 527 630 | 525 77.1 | 495 716 | 886 117.6 | 1163 1472 | 683 1044 | 1163 1743 | 529 65.9 81.1 1142
PGBIG [44] 48.1 564 | 51.1 760 | 465 695 | 87.1 118.2 | 1102 1435 | 659 102.7 | 106.1 164.8 | 51.9 64.3 769 1103
SPGSN [40] 469 536 | 498 734 | 467 686 | 8.7 118.6 | 111.0 1432 | 66.7 1025 | 1103 1654 | 49.8 60.9 774  109.6
EqMotion (Ours) | 434 528 | 484 730 | 41.0 634 | 753 105.6 | 108.7 142.0 | 64.7 101.0 | 84.9 1394 | 445 56.0 734 106.9

Far more accurate prediction without any specific design for human skeleton!



Experiment

* Scenario IV: Pedestrian Trajectory Prediction
Table 5. Prediction performance on the ETH-UCY dataset. The

bold/underline font denotes the best/second best result.

| Performance (ADE/FDE)
Deterministic | ETH Hotel Univ Zaral Zara2 | Average
S-LSTM [1] 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 [ 0.72/1.54
SGAN-ind [20] |1.13/2.21 1.01/2.18 0.60/1.28 0.42/0.91 0.52/1.11|0.74/1.54
Traj++ [55] 1.02/2.00 0.33/0.62 0.53/1.19 0.44/0.99 0.32/0.73 | 0.53/1.11
TransF [16] 1.03/2.10 0.36/0.71 0.53/1.32 0.44/1.00 0.34/0.76 | 0.54/1.17
MemoNet [70] | 1.00/2.08 0.35/0.67 0.55/1.19 0.46/1.00 0.37/0.82 | 0.55/1.15
EgMotion(Ours) | 0.96/1.92 0.30/0.58 0.50/1.10 0.39/0.86 0.30/0.68 | 0.49/1.03
Multi-prediction | ETH Hotel Univ Zaral Zara2 | Average
SGAN [20] 0.87/1.62 0.67/1.37 0.76/0.52 0.35/0.68 0.42/0.84 | 0.61/1.21
NMMP [22] 0.61/1.08 0.33/0.63 0.52/1.11 0.32/0.66 0.43/0.85|0.41/0.82
Traj++ [55] 0.61/1.02 0.19/0.28 0.30/0.54 0.24/0.42 0.18/0.31 | 0.30/0.51
PECNet [45] |0.54/0.87 0.18/0.24 0.35/0.60 0.22/0.39 0.17/0.30 | 0.29/0.48
Agentformer [76] | 0.45/0.75 0.14/0.22 0.25/0.45 0.18/0.30 0.14/0.24 | 0.23/0.39
GroupNet [69] [0.46/0.73 0.15/0.25 0.26/0.49 0.21/0.39 0.17/0.33 | 0.25/0.44
MID [1£] 0.39/0.66 0.13/0.22 0.22/0.45 0.17/0.30 0.13/0.27 | 0.21/0.38
GP-Graph [2] |0.43/0.63 0.18/0.30 0.24/0.42 0.17/0.31 0.15/0.29 | 0.23/0.39
EqMotion(Ours) |0.40/0.61 0.12/0.18 0.23/0.43 0.18/0.32 0.13/0.23 | 0.21/0.35




Experiment

* Data efficiency
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Figure 5. Comparison of model performance on different amounts
of data in short-term prediction on H3.6M dataset.
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Figure 5. Comparison of model performance on different amounts
of data in short-term prediction on H3.6M dataset.

Outperform SOTA by only 30% data!
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* Model Size
A9 i .
DMGNN

46 (CVPR’20)
L
Q. a
L)
(N
= 40 -
o i
&= TrajGCN MSGGCN
G>.) 7 (ICCV"IQ)HiSRep . (ICCV’21)
<L 54 (ECCV'20) SPGSN

1 ‘ (ECCV’22)

Ours

6 7

’ 1 M:é)del Pal”rametedr Size (?\/I)
Figure 6. Comparison of model size and MPJPE in short-term
prediction on H3.6M dataset. The target means the ideal model.
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* Model Size
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Figure 6. Comparison of model size and MPJPE in short-term
prediction on H3.6M dataset. The target means the ideal model.

Less than 30% of other SOTA models’ sizes !



Thanks for your listening!

Question/comments: xcxwakaka@sjtu.edu.cn
Code: https://github.com/MediaBrain-SJTU/EgMotion
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