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1. Introduction

This work is supported by DENSO IT LAB Recognition, Control, and Learning Algorithm Collaborative Research Chair (Science Tokyo).

4. Evaluation on the nuScenes dataset[H. Caesar, et al. CVPR, 2020.]

3. Proposed Method

Background

Challenge

Goal

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

gaining promising performance in real-world 

environments.

Current E2EAD models are vulnerable to situations 

where the ego-vehicle is laterally deviated. 

• Potential Risks: collision and recovery failure
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2. Related Work: 

BEV-Based E2EAD Models

Representative Models

UniAD [Y. Hu, et al., CVPR 2023.] 

VAD [J. Bo, et al., ICCV 2023.] 

General Framework
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Decoders

GenAD [W. Zheng, et al., ECCV 2024.]

SSR [P. Li, et al., ICLR 2025.]

Training Objective:

𝑧: Latent vector sampled from distribution representing current trajectory state

I: BEV feature

𝐽𝑝𝑙𝑎𝑛 = 𝐽𝑉𝐴𝐸 + 𝐽𝑟𝑒𝑔 + 𝜆𝑏𝑜𝑢𝑛𝑑𝐽𝑏𝑜𝑢𝑛𝑑 + 𝜆𝑐𝑜𝑙𝐽𝑐𝑜𝑙 + 𝜆𝑑𝑖𝑟𝐽𝑑𝑖𝑟

𝐽 = 𝐽𝑝𝑟𝑖𝑜𝑟 + 𝜆𝑝𝑙𝑎𝑛𝐽𝑝𝑙𝑎𝑛 + 𝜆𝑚𝑎𝑝𝐽𝑚𝑎𝑝 + 𝜆𝑑𝑒𝑡𝐽𝑑𝑒𝑡
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Models learn from multi-camera information to integrate 

multiple perspective views into a unified bird’s eye view.  

Trajectory Augmenter
(a) Producing Recovery Trajectories 

from the Deviated Ego-Position
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Pure Pursuit with

Ackerman Kinematic Model 
[B. Paden, et al. IEEE T-IV, 2016.] 

(b) Collision Detection
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𝛺: Ground Truth ego-trajectory

GenAD exhibits abnormal ego-trajectory generation, while Ours 

demonstrates naturally smooth ego-trajectory generation

GenAD Ours

𝐽𝑉𝐴𝐸 = 𝐷𝐾𝐿(𝑝 𝑧 𝐼 , 𝑝 𝑧 𝛺 ) 𝐽𝑟𝑒𝑔 = 1 − 𝑠 ∙ 𝜏𝑝𝑟𝑒𝑑 − 𝜏𝑔𝑡 1
+ 𝑠 ∙ 𝜏𝑝𝑟𝑒𝑑

𝑠ℎ𝑖𝑓𝑡
− 𝜏𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦

1
𝑠~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 𝜖
𝜖: lateral shift probability

GT Trajectory-conditioned

Gaussian prior in latent space

Featue-conditioned

Gaussian posterior in latent space

To train the model how to recover from the deviated 

lateral position without collision in a drivable manner.

Ours planner outperforms the baseline (GenAD) by 0.4m for 

L2, 0.2% for CR
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