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Multi-Pedestrian Trajectory Prediction based on Bidirectional Temporal

Modeling and Spatiotemporal Self-supervised Learning

ZHAO Shuai', LI Lin?
(1. School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China; 2. School of

Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: To capture the complex spatiotemporal dependencies in pedestrian trajectories, this paper proposes a trajectory
prediction model that combines a bidirectional temporal learning module and a spatiotemporal interaction learning module.
The model leverages bidirectional temporal feature modeling and self-supervised learning to extract spatiotemporal
interaction features. In the bidirectional temporal learning module, a bidirectional temporal convolutional network is utilized
to simultaneously model both historical and future trajectory information, enabling the capture of dynamic trajectory changes.
In the spatiotemporal interaction learning module, the Test-Time Training (TTT) layer is employed with a self-supervised
learning mechanism to dynamically adjust feature representations during the inference stage, thereby modeling spatiotemporal
correlations. Finally, an adaptive fusion strategy is used to combine the features extracted by the two modules, focusing on
key features while suppressing irrelevant information. Experimental results demonstrate that the proposed model achieves
competitive prediction performance on the ETH and UCY datasets.
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Table 1 Comparison of ADE/FDE indicators of different algorithms

A A Years eth hotel univ zaral zara2 YA
Sophiel?3] 2019 0.70/1.43 0.76/1.67 0.54/1.24 0.30/0.63 0.38/0.78 0.54/1.15
SR-LSTM®! 2019 0.69/129 0.49/1.01 0.55/1.32 0.30/0.62 0.36/0.75 0.48/1.00
DSCMPI24 2020 0.66/121 0.27/0.46 0.50/1.07 0.33/0.68 0.28/0.60 0.41/0.80
Social-STGCNN[] 2020 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75
AST-GNNI2! 2021 0.66/1.02 0.37/0.61 0.46/0.83 0.32/0.52 0.28/0.45 0.42/0.69
SGCNI20] 2021  0.63/1.03  0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65
Atten-GAN[2 2022 0.64/1.12  0.36/0.72 0.51/1.13  0.36/0.61 0.34/0.66 0.44/0.84
Conv2D-tobs-NR-Ks521 2022 0.56/1.11  0.24/0.46 0.58/1.23 0.46/0.99 0.35/0.75 0.44/0.91
Social-Implicit!® 2022 0.66/1.44 0.20/036 0.31/0.60 0.25/0.50 0.22/0.43 0.33/0.67
Social-SAGAN 2023 0.65/1.19 0.36/0.70 0.54/1.14 0.33/0.66 0.29/0.61 0.43/0.86
Tri-HGNN[9 2023 0.62/0.86 0.38/0.65 0.49/0.88 0.27/0.44 0.25/0.40 0.40/0.65
Social TAG?) 2023 0.61/1.00 0.37/0.56 0.51/0.87 0.33/0.50 0.30/0.49 0.42/0.68
RDGCNE 2023 0.58/0.94 0.30/0.45 0.35/0.65 0.28/0.48 0.25/0.44 0.35/0.59
MSTCNNE 2024 0.63/0.98 0.32/0.49 0.42/0.72 0.32/0.50 0.28/0.44 0.39/0.63
DSTCNNI32 2024 0.53/1.08 0.19/0.34 0.29/0.53 0.23/0.43 0.23/0.43 0.29/0.53
AR - 0.27/0.58 0.28/0.55 0.21/0.38 0.15/0.24 0.14/0.21 0.21/0.39
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Table 2 Comparison of ADE/FDE with Classic Sequence Modeling Networks

T 1) 3 A R 5% eth hotel univ zaral zara2 S35
LSTM 0.33/ 0.28/ 0.23/ 0.16/ 0.14/ 0.23/
0.61 0.57 0.39 0.24 0.22 0.41

0.27/ 0.34/ 0.20/ 0.16/ 0.16/ 0.23/

Transformer

0.60 0.70 0.35 0.24 0.21 0.42

TTT(Z’H‘%@) 0.27/ 0.28/ 0.21/ 0.15/ 0.14/ 0.21/
0.58 0.55 0.38 0.24 0.21 0.39
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Table 3 Comparison of ADE/FDE Between TCN and BiTCN

Jii eth hotel univ zaral zara2 S35
TCN 0.26/0.59 0.30/0.60 0.22/0.39 0.17/0.22 0.17/0.32 0.22/0.42
BiTCN 0.27/0.58 0.28/0.55 0.21/0.38 0.15/0.24 0.14/0.21 0.21/0.39
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Table 4 Comparison of Model Parameters and Inference Time

BRIk et ZHE/K HEHLI 7]/
Social-LSTM RNN 264 0.1541
SR-LSTM RNN 64.9 0.0708
STAR Transformer 964.9 0.0214
Social-Implicit CNN 5.8 0.0010
MSTCNN CNN 3.1 0.0007
A RNN+CNN 59.14 0.014
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Table 5 Ablation Study of Modules

UES ADE/FDE
Fi AR
IR N BB iGN RS eth hotel univ zaral zara2 F1y
Bl 1 N X X 0.30/0.64 0.33/0.58 0.27/0.45 0.18/0.25 0.18/0.22 0.25/0.43
& 2 X J X 0.30/0.64 0.31/0.60 0.27/0.43 0.17/0.26 0.16/0.23 0.24/0.43
ARFEI J J N, 0.27/0.58 0.28/0.55 0.21/0.38 0.15/0.24 0.14/0.21 0.21/0.39
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Fig.6 Visualization of multimodal trajectory prediction distributions
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Fig 7 Visualization of Predicted Trajectories in Real-World Scenarios
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