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Multi-pedestrian Trajectory Prediction Based on Bidirectional Temporal Modeling

and Spatiotemporal Self-supervised Learning
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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.
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Fig.1 Overall structure of the model
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Fig.5 Comparison of different fusion methods
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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
TTTr ) 0.27/0.58 0.28/0.55 0.21/0.38 0.15/0.24 0.14/0.21 0.21/0.39

MESZEG 25 RmT LU Wl TTT)EAE R i 25 228 BB A9 R0 B 2%, 7F eth  hotel , zara 1 fil zara 23
SR, HLT0N M BE B AL T LSTM Ml Transformer M4 . BLAh, WFE 3545k &, TTT J2 i ADE Al
FDE A% T Transformer 73 5 FEAK 1 8.7 %6 F1 7.1%6 , Jré 3 4 B0 9 ) B AR M e Mz AL BB 77 o #RTMT , £E univ
Gyser , TTT J2 0 B BE WS 22 T Transformer, 2 ADE #1 FDE 43 i tH 526 F18.6% . X — I 4 Al fig
IH PR T univ 375 5 o 0 (8] 22 .06 &R0 & 2% 48, 1T Transformer (1442 Ji v 3 1 AL B 38 & 555X i i
SR AR BRI O R AR Z T, TTT 2 K THi 42 5 SRR 9 2 528 4k, PR e 1% 3 5% b R AR
X 55
2.4.3 TCN X5 BITCN %

A I [R]AR AS He v SR F BIT CN 0 28 FH T2 20 90308 51 v (98 X5 1] B[R] OG 3%, Sk 77 360 E 12 38 8 119
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RSO B LA B AR AR AR . AR B T AR T TCNL BITCN () ADE 1 FDE B F- 3 5 73 31 %
IR 7 4.5% 17106,k B X ) AR R A% 4 R FOUIORS B PRI B S A R SR T BITCN M 45

%3 TCNL5BIiTCNA ADE/FDE Lt
Table 3 Comparison of ADE/FDE between TCN and BiTCN

PiRS eth hotel univ zara 1 zara 2 SEH{H
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
BIiTCN 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 BRAHFLHIMERRGILEK
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FZ RSB T RAF P . 54548 RNN B (U Social- LSTM Al SR-LSTM) M L, Fir #2455 180 1) 2 K i
W AUH Social-LSTM 19 22.4 % , ik 38 i (] 5,96 20 28 5 996, 36 WA (1) 42 i fh 15 1A S R AR T
HHEEB AL, A S B0 8 KA Transformer B8 (41 STAR) , B $2 45 50 &g 22 ek /D 7 3H57 = 20 )%,
AU 6.1 % , [ i 4 B AR 42 30 CNINRE AL (H LR 87T B85 10 i TRl it a5 18 ) L 36 & B 24 s T I L
W AT 55 . deAh , 5 E AL AT CNN A HL (41 MSTCNN 1 Social-Implicit) A Lt , T 42 45 0 5 4K 3 24 i
] A AH 5 22 M LU BT A58 R 7 ] 22 R AiF Al ASE A9RGB Mz APk b B A 3 I 3. DR, AR AL A e
BT AP 5 e i AR BT O A B R T 8 AR SRR AR 0 R T A D vk R I AE A S B 1 o
S P R M R A R R S o AR T A R T R R RR L A ST A S 3 T U A T B0 TR
14 5 1)

x4 HBESHEMHEEREX L

Table 4 Comparison of model parameters and inference time

AL 5 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-Tmplicit CNN 5.8 0.001 0
MSTCNN CNN 3.1 0.000 7
ST 4R A RNN-+CNN 59.14 0.014 0

2.5 HEtXm

TR AA R A ETH AL UCY B4 48 1 BEAT 13l B IH Ml 52 0% . O 1 43 B 455 A o g
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TTT 2% 8o V5 g 3 1 R 4% HE 47 H0 i, HEAE eth F univ 3% 55 F 89 ADE #5 b5 F1 BITCN Soph /5l 3
T 0 2% i5F i) ADE #5 45 #H %5 , 171 76 hotel . zara 1. zara 2 | W40 4 B K 19 ADE; 24 BiTCN 8 7 5 &
T ™ 4 i, HAF eth  hotel \zara 1.zara 23 5 N W FDE $§ 55 48 T a8 T2 2 0y TTT W 2% 751 0 st 17
FDE 65 o PR bl o 3 52 50 vl 20, TTT I £ X 1 4 Jmy 190 00 (4 8 77 B 5, i BITCN X L 328 35 45 119
T T 75 L 25 S DL PR B A1 B AR SO SR AR A LR LG DL b S R A ST A T
B 75 1 0 BE .
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x5 EHUERIE
Table 5 Ablation study of modules
WS ADE/FDE
A N R I E BV
wRH RH als
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
F 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

eth hotel univ zara 1 zara 2 FHEIME
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(a) Two pedestrians walking (b) Pedestrians encountering  (c) Multiple pedestrians walking (d) Multiple pedestrians
side by side each other side by side converging
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Fig.6 Visualization of multimodal trajectory prediction distributions
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(a) zaral FIAIFFAT (b) ethHFRAFFAT (c) zaral 17 AAHIE

(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

(d) eth 7 A (0) zaral NI () ethh 2 AFEHT

(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 W AT A A

Fig.7 Visualization of predicted trajectories in real-world scenarios
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