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Dynamic Multi-Target Spatio-Temporal Prediction Based on Improved Neural
Ordinary Differential Equations Network
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Abstract: Spatio-temporal prediction of multi-targets is key to target evolution and decision-making in dynamic
scenarios. Traditional static methods struggle to capture the dynamic spatiotemporal evolution of multiple objectives
in dynamic environments. While neural networks based on stochastic differential equations are well-suited for
dynamic systems, they still have limitations when it comes to modeling spatiotemporal correlations among multiple
objectives. Therefore, this paper proposes a dynamic multi-target spatio-temporal prediction algorithm based on the
improved neural ordinary differential equation network. It establishes a dynamic multi-target spatio-temporal
prediction architecture by combining neural ordinary differential equations and sparse graph convolutional network.
Firstly, the sparse graph convolutional network is used to extract the sparse spatio-temporal interaction features
between multi-targets from historical observation trajectories to achieve the modelling of multi-target
spatio-temporal correlations; then the flexible and efficient temporal modelling capability of the neural ordinary
differential equations is used to carry out the temporal modelling of the high-dimensional hidden state of the targets,
and finally, the spatio-temporal prediction trajectories of the multiple targets are obtained. Experiments show that the
average displacement error (ADE) and final displacement error (FDE) of this model on the ETH/UCY dataset are
0.36 and 0.56, which are decreased by 3% and 10%, respectively, compared with the ordinary differential equations

network model, resulting in higher prediction accuracy.
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Table 1 Comparison of ADE and FDE results on ETH/UCY dataset m
ADE/FDE
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ETH HOTEL UNIV ZARA1 ZARA2 S|
Neural ODE!"") 0.72/1.13 0.28/0.45 0.44/0.77 0.29/0.52 0.24/0.44 0.39/0.66
Social LSTM2! 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 0.72/1.54
Social-STGCNN®! 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75
SGCNE™ 0.63/1.03 0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65
RSBG w/o context 7] 0.80/1.53 0.33/0.64 0.59/1.25 0.40/0.86 0.30/0.65 0.48/0.99
Social-BIGAT2®! 0.69/1.29 0.49/1.01 0.55/1.32 0.30/0.62 0.36/0.75 0.48/1.00
ACHER 0.63/0.88 0.27/0.36 0.37/0.68 0.28/0.49 0.23/0.41 0.36/0.56

E: B FERTIERFREER.

BARKFE, {f FDE fibr b, ABIAFRII R
ZLT Social-LSTM. Social-STGCNN. SGCN 443t
T A P AL, 784r K B T Neural ODE [
1 NI I 50 B ek R A 3R AT 32 B B[R] 48 A R B AR 5
A A 1 RIS ) R 22 RARALN . A fR PR
Y FTIE O RTIR N, IR R X e i
KRR H 42 fie

HART S, BAMAEEA T8 LR AL S
. Hd, £ HOTEL. ZARA1 Fl ZARA2 T4 L,

PIIHE bn S BUAS  fRKfE, RWIRR RUAE 2 R 3R
RS RIFMREN. £ irER D> Hisahik
Wi () ETH 15, A SCHERLAE FDE $R b LR &K,
J52 Wi HE s 7 V] 2 AR R 6 5 HE J3 Bk Bl /N R A8 EL I 7
ff Neural ODE 3% 2235 A6 3 12 A 6 e KPR BEHLIE 1T )
BRSEAE, SCBLmRS TN . £ HARE L. TH.
HI%I UNIV 745 b, FRgit G AR 51N 525 1 55
TR . S T X 75 3 B 4 8] T
S E S O = E N L B R s S A E D I e



PG AR M2 L 148 BLAS J2 AR HE SR 3R A 2 SRR AL
“N Neural ODE #2815 Ji5 i b (1 1) B35, AT
& Neural ODE fi¢ 1% 55 i b SIS UL ek 24 1
LRI VAL, AR AR T BB AR 3 R i e
R iR 2 BN, (S BAAE 5% B H bs B
BRI 50 TR A 05 4 Frha g i1 TR0 4 8

R 2 JBon T AR B s Blefd FBE 5 A
TGS TR, K, REN0REZH

PRIE2Z BRERE fe K, BUARBA 4x3 2 B AR IA] 1) R B
BIE N 1 WARR H bR B H. HE 2 TRLEH,
Mgl BMEIE B 0.5 R B ARU R B4R, 73 ADE
5 FDE 43 %15 0.36 m A1 0.56 m, HfE &%, T4
FEE (e=0) BT H (e=1) HIHEE. Fit, K H
WA EHAT G R A TIRAZ LA NN
H bR 25 T 2R -

*2 T EfBEMNEEeT ADE #¢ FDE % £t th,
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Fig.4 Visualization results in sparse (left) and dense(right) scenarios
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