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End-to-End Autonomous driving has come to the long-tail stage.

Background

Stop sign shows in 
the AD screen.Traffic light is Big 

Green.

E2E AD:

Strengths:
1. Deployable
2. Low Cost

Weakness:
1. Causal error
2. Human-Robot

interaction

VLM/A:

Strengths:
1. Strong Reasoning

2. Human-Robot
interaction

Stop or Go?
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Why not integrate VLM with E2E framework?

Existing Approaches and Rethinking

a) VLM as Partial Module (Scene Encoder)

Pros:
• Strong Scene Understanding
• Excellent Interpretability

Cons:
• Distributional misalignment
• High Latency

b) VLM as Secondary System (Dual System)

Pros:
• Fast Inference
• Decision Steerability

Cons:
• Burdensome architecture
• Overkilled Setup

Jiang, Bo, et al. "Senna: Bridging large vision-language models and end-to-end autonomous driving." arXiv preprint arXiv:2410.22313 (2024).
Fu, Haoyu, et al. "Orion: A holistic end-to-end autonomous driving framework by vision-language instructed action generation." Proceedings of the IEEE/CVF 
International Conference on Computer Vision. 2025.
Tian, Xiaoyu, et al. "Drivevlm: The convergence of autonomous driving and large vision-language models." arXiv preprint arXiv:2402.12289 (2024).
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Why not integrate VLM with E2E framework?

Existing Approaches and Rethinking

c) VLM/A as End-to-End Model

Pros:
• Unified Representation
• From VLMs to VLAs

Cons:
• Modality Gap
• Synchronous: High Latency

d) Asynchronous VLA as End-to-End Model

Zhou, Zewei, et al. "Autovla: A vision-language-action model for end-to-end autonomous driving with adaptive reasoning and reinforcement fine-tuning." arXiv
preprint arXiv:2506.13757 (2025).
Wang, Yan, et al. "Alpamayo-r1: Bridging reasoning and action prediction for generalizable autonomous driving in the long tail." arXiv preprint 
arXiv:2511.00088 (2025).Zhang, Songyan, et al. "OpenREAD: Reinforced Open-Ended Reasoning for End-to-End Autonomous Driving with LLM-as-Critic." 
arXiv preprint arXiv:2512.01830 (2025).

Idea:
• Unified VLA Architecture
• Decoupled Functions

• Reserve and Leverage Knowledge
• Asynchronous Inference
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AutoMoT: An Asynchronous VLA as E2E Model

AutoMoT

• Architecture: Mixture-of-Transformers

• Hierarchical E2E -> Flattened (Unified) E2E

• Asynchronous Inference

• Closed-loop long-tail Performance: SOTA

• Open-loop Safety Performance: SOTA

• General VQA Reasoning: Preserved

Huang, W., Zhang, S., Huang, Q., Wang, Z., Mao, Z., Chua, C., ... & Lv, C. (2026). Automot: A unified vision-language-action 
model with asynchronous mixture-of-transformers for end-to-end autonomous driving. ICML 2026.
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AutoMoT: Input Space

Input Space

Huang, W., Zhang, S., Huang, Q., Wang, Z., Mao, Z., Chua, C., ... & Lv, C. (2026). Automot: A unified vision-language-
action model with asynchronous mixture-of-transformers for end-to-end autonomous driving. ICML 2026.



8

8

AutoMoT: Architecture

Architecture

Modality Decomposition

Knowledge Sharing

Function Decomposition

Huang, W., Zhang, S., Huang, Q., Wang, Z., Mao, Z., Chua, C., ... & Lv, C. (2026). Automot: A unified vision-
language-action model with asynchronous mixture-of-transformers for end-to-end autonomous driving. ICML 2026.
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AutoMoT: Layer-wise Joint Global Attention
Architecture
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AutoMoT: Output Space

Human-Vehicle Interaction (HVI)

• Next-Token Prediction
• Open-ended Reasoning
• Detailed Answers

Scene Understanding (Reasoning)

: What’s your current action and it’s justification?

: I am decelerating to let the pedestrian safely 

across the zebra or pedestrian cross ahead.

: How is the weather?

: It’s a sunny day.
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AutoMoT: Output Space

Decision (Meta-Action) and Planning

• Token-wise Prediction (Fast)
• 3 seconds Meta-actions
• 3 seconds future trajectories (Spatial & Temporal)

Action Policy

: spatial [….]; 

temporal […]

: [Slight right, Keep], [Slight right, Keep], [Slight right, 

Accelerate] 

spatial temporal
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AutoMoT: Asynchronous Inference
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Exploration: Generative (Diffusion) Head
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Closed-Loop Longtail Performance
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Closed-Loop Longtail Performance
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Asynchronous Inference and Latency
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Open-Loop Performance

1. Is it always necessary to be 
tailored in AD?

2. Open-ended Reasoning?

3. Catastrophic forgetting? 
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Rethink Performance Boundary of VLM in E2E AD
Investigate the functional boundaries of pretrained VLMs in autonomous driving, clarifying 
when and to what extent AD-specific fine-tuning is necessary across different tasks.

1. Fine-tuning on Scene Understanding is marginal

2. Fine-tuning on action policy is significant

3. Entire tailoring would result in catastrophic 
forgetting in complex reasoning.
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