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LAY Year eth hotel univ zara 1 zara 2 S (E
SoPhie™ 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 0.69/1.29  0.49/1.01  0.55/1.32  0.30/0.62  0.36/0.75  0.48/1.00
DSCMP™! 2020  0.66/1.21  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-GNN® 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
SGCN® 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™ 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-Ks5*" 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-Tmplicit™ 2022 0.66/1.44  0.20/0.36  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" 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
RDGCN™ 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
MSTCNNHY 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
DSTCNN® 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
JiT e A5 o5 — 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 between the proposed model and classic sequence modeling networks

T 1) A ) 4% eth hotel univ zara 1 zara 2 S H.
LSTM 0.33/0.61 0.28/0.57 0.23/0.39 0.16/0.24 0.14/0.22 0.23/0.41
Transformer 0.27/0.60 0.34/0.70 0.20/0.35 0.16/0.24 0.16/0.21 0.23/0.42
TTT(Er ) 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 3 Comparison of ADE/FDE between TCN and BiTCN

PiRiS eth hotel univ zara 1 zara 2 SEAH
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

2.4.4 BRAHFLHIERFGILEK
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Table 4 Comparison of model parameters and inference time

AL Ty 1 %A ZHE /K HEBLIS ] /s
Social-LSTM RNN 264 0.154 1
SR-LSTM RNN 64.9 0.070 8
STAR Transformer 964.9 0.021 4
Social-Implicit CNN 5.8 0.001 0
MSTCNN CNN 3.1 0.000 7
g i RNN-+CNN 59.14 0.014 0
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T W 4 it , HAF eth  hotel .zara 1.zara 23 5 F W FDE $§ 55 48 T 808 T2 09 TTT W 2% 751 I st 17
FDE #6845 o PR bl o 3 52 50 vl 20, T'TT ) 4% X1 42 Jm 190 00 (4 8 77 B 58, i BITCN X L 378 3 45 119
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BB 75 1 0 BE .
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x5 EHUERIE
Table 5 Ablation study of modules
WS ADE/FDE
A N O R I E PPV
wH R pls
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
i - 2 X NG 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
Fr AR A 7Y N N 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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2.6 TEMESH
2.6.1 %X EFN

(&1 6 e T Fir B %5 80 76 AN [) 37 56 1) 22 B 24 203 1000000 &4 S, JHL vy e 4 6 R LS AR B, S 2k R
7 T 4 B3 43 A B S . FE R TT AT 3% 5018 6 (a) vy BB R B S50 1 5 44 47 A 147 2 0 B, B
T 25 S 5 S v R — B, 0 B X ) PR R 02 B A R I AR T o TE U AH B 3 5 1B 6(b)
o BERU R B T A WA AT A AT E S IR I T A B 2B P0E AA, BT O AN
PERY RAFEEBIRE 1. fE 2 AIFAT 5 B 6 (o) B Y BE 6% U ff DX 23 AN [R] A 4 A 0L | ol f 1 390 00 4%
BB B S, SR X 2 A TG A ST P R AP R I E 2 LA 5 E 6(d) h BRLR
Z AT N IC R 0 R S AT 1 A B0, T00000 25 S R R AR R RS M . BACRE P fR A
RUAALRE S AR AT A 09 FE LBk ka3 ] DU 5o 22 8525 43 A 00000 S e vk 7 1 22 b is g =, 30k T
AR Z FUASH 22 PR3 5 T 0 R 3 o M Az Ak fig

e e
........ —_—
/w x-‘——\\ ----- E—
(a) SAIAT (b) T AAHIE (c) ZNIFAT @) ZANILE
(a) Two pedestrians walking (b) Pedestrians encountering  (c) Multiple pedestrians walking (d) Multiple pedestrians
side by side each other side by side converging

K6 Z B2 B0 T 43 A /T A4

Fig.6 Visualization of multimodal trajectory prediction distributions
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(a) zaral FAFAT (b) eth FBAIFAT (c) zaral AT AHH

(a) Two pedestrians walking side by (b) Two pedestrians walking side by (c) Pedestrians encountering each other
side in zaral dataset side in eth dataset in zaral dataset

3

() eth P Z AFFAT

(d) et 17 AAHIE
(d) Pedestrians encountering each (e) Multiple pedestrians walking side by (f) Multiple pedestrians walking side by
other in eth dataset side in zaral dataset side in eth dataset

K7 S 5T B AT A A

Fig.7 Visualization of predicted trajectories in real-world scenarios
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Multi-pedestrian Trajectory Prediction Based on Bidirectional Temporal Modeling

and Spatiotemporal Self-supervised Learning

ZHAO Shuai, LI Lin’

(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.

Highlights:

1. Proposes a dual-branch framework fusing BiTCN bidirectional temporal modeling and TTT-based
spatiotemporal self-supervised learning for multi-pedestrian trajectory prediction.

2. BITCN with bidirectional convolutions captures both historical and future trajectory dependencies,
addressing incomplete feature representation from unidirectional temporal modeling.

3. First introduces test-time training (TTT) layers to dynamically adapt feature representations via
inference-time self-supervision, effectively modeling complex dynamic pedestrian interactions.

4. Achieves state-of-the-art ADE/FDE performance on ETH and UCY benchmarks, outperforming
mainstream baselines while maintaining lightweight design with only 22.4% parameters and 9% inference
time of Social LSTM.

Key words: pedestrian trajectory prediction; spatiotemporal model; self-supervised learning; bidirectional

temporal convolutional network (BiTCN); test-time training (TTT)
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