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1. Introduction 2. Related Work:
BEV-Based E2EAD Models

Background End-to-end autonomous driving (E2EAD) models are

gaining promising performance in real-world Representative Models
environments. | | UniAD [Y. Hu, etal, CVPR 2023.]  GenAD [w. Zheng, et al., ECCV 2024.]
Challenge  Current E2ZEAD models are vulnerable to situations VAD [J. Bo, et al., ICCV 2023.] SSR [P Li, et al.. ICLR 2025.]
. where the ego-vehicle is laterally deviated.
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Goal To train the model how to recover from the deviated Models learn from multi-camera information to integrate
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4. Evaluation on the nuScenes dataset;. c.. .. e o,

Ours planner outperforms the baseline (GenAD) by 0.4m for | GenAD exhibits abnormal ego-trajectory generation, while Ours
L2, 0.2% tor CR demonstrates naturally - smooth €20- traJ ectory generation

L2 (m)] Collision Rate (%)J.
15 23 3s  Ave. | 1s 23 3s  Ave.

GenAD 0.36 0.83 1.55 091 |0.06 023 1.00 0.43
QOurs (e=1.0) 0.27 048 0.79 0.54 | 0.40 0.55 0.70 0.55
Ours (e=0.5) 0.26 0.48 0.79 0.51|0.09 0.19 0.40 0.23
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