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Abstract: Multimodal pedestrian trajectory prediction in city-scale traffic models faces critical challenges including
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sparse heterogeneous data with strong spatiotemporal correlations and privacy risks during large model pre-training. Howev-
er, existing privacy-preserving methods for large models predominantly focus on protecting a single modality, such as imag-
es, text, or trajectories, while neglecting the high-dimensional correlation structures among modalities in the fusion space
and the risk of cross-modal semantic leakage embedded in the gradients. As a result, these methods are vulnerable to model
inversion and reconstruction attacks that can expose users’ real trajectory patterns and behavioral preferences, and they fail
to effectively protect the privacy of both multimodal fused data and gradient correlations. Moreover, conventional attention
mechanisms designed for dense data struggle to efficiently process sparse multimodal traffic features, resulting in subopti-
mal prediction accuracy. To address these issues, this paper proposes a privacy-preserving multimodal pedestrian trajectory
prediction scheme for large model pre-training (PMPTL), achieving dual-efficient protection for both multimodal data and
pre-trained models, along with high-accuracy prediction. Specifically, we design an innovative multimodal sparse trajectory
flow fusion method based on a combination of Transformer and Mamba (MSTM), where the Transformer mechanism mod-
els global dependencies in pedestrian trajectory sequences and the Mamba mechanism is introduced to reduce the complexi-
ty of long-sequence modeling, thereby enabling efficient fusion of sparse spatiotemporal features. Secondly, we propose a
resolution-aware grid partitioning-based adaptive weighted differential privacy (RGADP) method, which dynamically allo-
cates privacy budgets according to grid resolution and the density of grid-level trajectory features, thereby achieving high-
utility protection of fused feature privacy. Next, we propose a multimodal feature enhancement algorithm based on a dual-
branch adaptive sparse self-attention mechanism (DBAS). By designing a dual-branch self-attention structure that dynami-
cally adjusts weights to strengthen the representation of sparse data features, DBAS enables the large model to efficiently
capture key characteristics of sparse trajectories in sparse scenarios and thereby improves pre-training efficiency. Addition-
ally, an adaptive spatiotemporal Top-K sparsification with dithering quantization (ASDQ) method is introduced to reduce
gradient redundancy and ensure secure model training. Finally, we propose an adaptive weighted aggregation-based multi-
modal sparse trajectory prediction framework (AWMT), which dynamically re-weights different model parameters to bal-
ance the strength of privacy protection and the accuracy of pedestrian trajectory prediction, thereby achieving high-precision
trajectory forecasting. Theoretical analysis demonstrates that our scheme satisfies e-DP protection. Experimental results on
two real-world datasets show that our scheme reduces prediction error by 10% compared to state-of-the-art approaches and
improves communication efficiency by 18.43%.
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multimodal data fusion; dithering quantization; spatiotemporal feature modeling
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ETH HOTEL UNIV ZARAIL ZARA2 SDD
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R3 TAHTRUEEENES BEMNETHER(ADEFDE)
o Bk
ETH HOTEL UNIV ZARAIL ZARA2 SDD
EALE p,=0.3, p,=0.7 0.44/0.68 0.15/0.23 0.27/0.49 0.22/0.41 0.17/0.31 8.11/13.23
EME p,=0.5, p,=0.5 0.45/0.70 0.17/0.26 0.30/0.54 0.23/0.43 0.19/0.35 8.52/13.82
[t 52 KL p,=0.7, p,=0.3 0.48/0.77 0.18/0.28 0.36/0.66 0.27/0.50 0.22/0.40 9.07/14.54
KL PMPTL 0.41/0.62 0.13/0.20 0.24/0.43 0.19/0.37 0.14/0.26 7.74/12.58
Fz4 FEETH-UCY BIE&E LA A REUFEHF AT MEEEXT L (ADE/FDE)
- HlhsE HRIETE
ETH HOTEL UNIV ZARA1 ZARA2 AVG AT L/%
EqMotion* ! 0.40/0.61 0.12/0.18 0.23/0.43 0.18/0.32 0.13/0.23 0.21/0.35 438
LED* 20 0.39/0.58 0.11/0.17 0.26/0.43 0.18/0.26 0.13/0.22 0.21/0.33 3.20
SingularTrajectory*!!! 0.35/0.49 0.13/0.24 0.25/0.46 0.19/0.34 0.15/0.28 0.21/0.36 4.92
ST-motion* 0.93/1.81 0.32/0.60 0.54/1.16 0.42/0.90 0.32/0.70 0.51/1.03 62.03
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TUTR=2! 0.40/0.61 0.11/0.18 0.23/0.42 0.18/0.34 0.13/0.25 0.21/0.36 4.92
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PMPTL(A ) 0.41/0.62 0.13/0.20 0.24/0.43 0.19/0.37 0.14/0.26 0.22/0.37 —
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ik ADE/FDE FEAREETH T 43 1L/ %
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EigenTrajectory*?”! 8.10/13.10 435
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EqMotion**? 7.90/11.90 0.48
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TUTR*2Y 7.76/12.69 0.38
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PMPTL* (4 30) 7.74/12.58 —
PMPTL(43C) 7.83/13.11 —
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