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Abstract

Trajectory prediction in complex traffic scenarios is a crucial problem in smart driving vehicles
due to the difficulty of representing road structure, inter-vehicle interactions, intelligent body
movement states and environmental information. In this paper, we propose a multilayer graph
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neural network that first uses vectors to represent the spatial local characteristics of other traffic
members such as lane lines and target vehicles separately, and then models the higher-order in-
teractions among all members. Currently, most methods encode the top view of dynamic target
vehicle trajectories and road structure environment information with convolutional neural net-
works. In contrast, this paper solves the computationally intensive convolutional network coding
step by vectorizing the representation of high-definition (HD) maps and intelligent body trajecto-
ries. To further improve the vectorization learning contextual feature capability, a new auxiliary
task is proposed to recover random masked Agent features according to the context. The algo-
rithm proposed in this paper is evaluated against a behavioral prediction benchmark and the Ar-
goVerse prediction dataset. The approach in this paper achieves better performance on both
benchmarks while saving 70% of the model parameters. It also outperforms other methods on the
ArgoVerse dataset.
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Figure 1. Vectorized representation
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Figure 2. The overall structure of mode
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Table 1. Network design of trajectory prediction model based on vector representation
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Fully connected LETPN
Batch normalization RmTt RS E
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Fully connected 7B
Table 2. Model main parameters setting
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ZH (] T
input_embed_size 128 RN GEFE KN
hidden_size 128 (S Y= PNGN
batch_size 8 i RSP RN
num_epochs 300 25 3
learning_rate 0.001 MR ) %
dropout 0.1 By kit &S5
seq_length 20 JFHIK
obs_length 8 L 7 F 4
pre_length 4/6/8/10/12 T 41K
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Table 3. Comparative error analysis
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Table 4. Influence of MLP and LSTM on trajectory prediction performance
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Figure 3. Forecast trajectory visualization
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