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Graph-Motif matrix enhanced conditional diffusion model for vehicle

trajectory generation
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Laboratory of Intelligent Transportation Systems, Shenzhen 518107, China
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Abstract: In practical intelligent transportation systems, failures of [oT may lead to data interruption,
underscoring the importance of trajectory data generation algorithms. Existing trajectory generation
methods can be categorized into two types, both of which exhibit limitations. Physics-based algorithms
are unable to adapt to dynamically changing traffic scenarios, whereas data-driven methods tend to
overlook interactions among vehicles. To address complex scenarios such as intersections, this paper
proposes a trajectory generation method based on a conditional diffusion model. The proposed method
introduces a motif matrix to quantify the influence of surrounding vehicles on the target vehicle, and
employs a graph attention mechanism to accurately identify key neighboring vehicle information, and
the conditional information is incorporated into the reverse denoising process of the diffusion model to
generate vehicle trajectories. Experiments conducted on the Nuscenes dataset and a self-collected
trajectory dataset demonstrate that the proposed method outperforms existing mainstream models

across multiple accuracy evaluation metrics and is more consistent with kinematic principles.
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Fig. 1 Conditional diffusion model
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Fig. 2 Roadside intelligent base station
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Table 1 Basic information on trajectory acquisition

bIEA N X
Global Frame No 74530 R IS ] B2 A 4 A — 2
Global Time Stamp 2025-05-30 07:00:00:27 ZE ST PR ] 3
longitude 118. 740507 WGk R
latitude 30. 9719645 BT i B
speed 30 m/s TR B
courseAngle 1199 B AR
participantNum 16 (v R B2 A 3
laneNum 8 TR T e

TE nuScenes (P 4E [, Irig i fE K = 1,5.10
BB bR I T X ek . Horh  minADE 3T
KT 6.6%, minFDE, P34 FRET 5.5%. B K3y
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AR Z R HAR B o

F3 IR T A AR R B EUR AR K
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Table 2 Accuracy metrics on the nuScenes dataset

HRAR minADE, minADE; minADE minFDE, minFDE; minFDE,,
CoverNet(Phan-Minh et al. ,
2020) 3.90 1.97 1.48 9.26 4.20 2.87
PreTraM (Xu et al. , 2022) 3.76 1.70 1.45 9.01 4.15 3.22
DAMM (Wen et al. , 2024) 2.84 1.39 1. 02 6.99 3. 14 2.12
AgentFormer (Yuan et al. ,
2021) 3.12 1. 86 1.45 8.01 3.89 2.86
CXX(Luo etal., 2020) 3.25 1. 63 1.29 8.86 3.93 3.10
Real-Time(Li et al. , 2024) 3.56 1. 60 1.23 8.63 3.34 2.32
ContextVAE (Xu etal. , 2023) 3.54 1.59 1.33 8.24 3.28 2.87
PGP(Deo et al. , 2022) 2.91 1.30 1. 00 7.63 3.25 2.63
AR 2.61 1.24 0.93 6. 69 2.92 2.01

K3 e AR LR TEAR
Table 3 Accuracy metrics on the self-collected dataset

s minADE, minADE; minADE,, minFDE, minFDE; minFDE,,
CoverNet (Phan-Minh et al. ,
2020) 3. 69 2.02 1.26 8.26 4.68 3.10
PreTraM (Xu et al. , 2022) 2.95 1.77 1.22 8.75 4.52 3.16
DAMM (Wen et al. , 2024) 2.86 1.33 1. 12 6. 54 3.42 2.13
AgentFormer(Yuan et al. ,
2021) 3. 16 1.88 1.32 8. 10 3.94 2.88
CXX (Luo etal., 2020) 2.82 1.56 1. 17 7. 66 3.87 2.91
Real-Time(Li et al. , 2024) 3.72 1. 64 1.12 7.52 3.32 2.58
ContextVAE (Xu etal. , 2023) 3.60 1.53 1.21 8.28 3.22 2. 67
PGP(Deo et al. , 2022) 2.77 1.22 1.05 7.67 3.01 2.97
3L (nuScenes) 2.61 1.24 0.93 6. 69 2.92 2.01
AR 2.45 1.01 0. 63 6. 63 2.26 1.82
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Table 4 Abandonment experiments on the self-collected dataset

LA minADE; minFDE; minADE, minFDE
w/o Motif 2.78 7.47 0.97 1.91
w/o GNN 2.91 7.57 0.88 1.99
w/o Motif & GNN 2.99 7.99 1.03 2.04
SE AR AR 2.61 7.23 0.93 1.81
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Table 5 The impact of different components on model efficiency

P H GAT A B minADE, Param /M FLOPs/G Latency /ms
v - - 1.71 2.10 1. 10 12. 50
v v - 1.25 3.10 2.56 20. 30
v v v 0.93 3.60 1.78 15.20
1) “ v PREAZAL ;- I
o6 TEAREARE LB s AT S
Table 6 Kinematics feasibility experiments on the self-collected dataset
1Al minADE minFDE,, TTCEHLH I R
w/o Motif 0. 89 1.41 9/200 7/200
w/o GNN 0. 88 1.42 11/200 10/200
w/o Motif & GNN 0.93 1.55 12/200 11/200
SERERR 0.77 1.22 6/200 5/200
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