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Trajectory prediction methods based on analytical mechanics and
graph neural networks

LI Minghan, XIAO Yang, XING Xianglei
(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: Trajectory prediction seeks to forecast the future motion of intelligent agents by analyzing their past trajector-
ies. While deep learning methods have been demonstrated to capture complex features, they frequently neglect physical
constraints, thereby constraining interpretability. To address this, a trajectory prediction model is proposed that integ-
rates analytical mechanics with graph neural networks (GNNs). The model combines GNNs, convolutional neural net-
works, and graph attention to extract spatiotemporal dynamics, infers interaction forces from Euclidean distance and rel-
ative motion, and incorporates Lagrange mechanics to enforce physical laws. Experiments on the Spring-balls dataset
demonstrate the superior performance of the proposed model in comparison to traditional models, exhibiting a 14.29%
accuracy gain in 10-frame short-term prediction for the 5-ball case and improvements of 6.25% and 4.81% in 50-frame
long-term scenarios. In the domain of human motion prediction, our model demonstrates a reduction in mean position
error (MPJPE) when compared to prevailing approaches for a wide range of actions. This finding signifies enhanced
long-term accuracy and validates the efficacy of the model.

Keywords: trajectory prediction; graph neural networks; Lagrangian mechanics; interaction force; deep learning; multi-

layer perceptron; kinematic model; analytical mechanics
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Fig.2 Structure of the Lagrangian mechanics neural network model
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Fig. 3 Temporal feature extraction network structure
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Table1 MSE predictions of different models on the
Spring-balls dataset (107%)

- 55k 10ER

10Mi  30MT  SoMi  1oMT 30 50
GATV2P? 230 20.81 4252 13.09 2634 41.92
NRI® 122 1395 3573  0.61 8.66 24.40
RAINPT 084 714 2193 069 892 2351
AL 072 6.38 2056 0.60 8.13 22.38
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5 1 %2045
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Ja >

(a) 5 BRIt (b) 10 Bk 5

E 4 Spring-balls ##E7 4 £ 5 3k 10 BRAT UL & R
Fig. 4 Visualization results on Spring-balls dataset with S
balls and 10 balls
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BT 1325 1 F0 I AR AR 18 A 801k

%2 AE#EE L HE % Human 3.6 Million _E 45 $ F15U MPJPE
Table2 MPJPE for short-term predictions of different models on Human 3.6 Million dataset mm
- FTEE TGRS ] /ms HEEL A H)/ms B ST [A] /ms
80 160 320 400 80 160 320 400 80 160 320 400
LTD! 10.2 21.0 42.5 523 8.4 16.9 33.2 40.7 234 46.2 83.5 96.0
MSRGCNM! 10.1 20.7 41.5 513 8.4 17.1 33.0 40.7 20.7 429 80.4 93.3
SPGSN! 8.7 18.3 38.7 48.5 7.1 14.9 30.5 37.9 17.8 37.2 71.7 84.9
PGBIG"?! 8.3 18.3 38.7 48.4 7.0 15.1 30.6 38.1 18.8 39.3 73.7 86.4
AR ICHERY 8.2 179 389 476 68 145 298 369 176 371 715 837
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£ 3 ARE#EBELIEE Human 3.6 Million _E K EFM
MPJPE
Table3 MPJPE for long-term predictions of different
models on Human 3.6 Million dataset mm
. FTHIERE/ms  BEEETAE/ms S E]/ms
560 1000 560 1000 560 1000
LTD!” 69.2 103.1 534 778 111.9 1489
MSRGCN!M! 683 1044 525 77.1 1119 1482
SPGSN!" 667 1025 498 734 1024 138.0
PGBIG™ 695 102.7 51.1 760 1047 1398
ARICKRL 665 100.6 492 732 992 1378
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FIE 03 2 28] 55 e R JBR 3508 3 A 7 SR s B A Ak, W] LA
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Fig.5 Visualization results of different models on Human 3.6 Million dataset
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Table 4 Ablation study results on Human 3.6 Million data-

set mm
THI S E]/ms
ST AM 780 160 320 400 560 1000
20.1 364 665 781 958 1358
v 164 291 572 69.1 889 124.6
Vo129 260 517 622 8.0 1152
V x/ 9.9 218 464 578 756 108.0
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(prediction module based on analytical mechanics,
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