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Existing VLM-based E2E Methods

Benchmarks
B. Closed-loop planning on Bench2Drive 

                   achieves the best 
open-loop performance among 

VLM-based methods on unScenes.

        achieves 2nd-best in 
VLM-based planners on Bench2Drive 

w/o specific closed-loop optimizations. 

Visualization

Ablation 1: PE injection Ablation 2: PE encoder & decoder

● Adding PE on vision tokens gives major gains. Unified 
PE for both vision and text improves further. ● Sine-Cosine inherently incorporates relative position modeling.

● Inverting Sine-Cosine encoding is worse than learnable decoder.
Ablation 3: PE normalization

Ablation 4: Adaptability across VLMs

● The unified spatial representation works on many VLM backbones.

● Learnable PE scaling is crucial for training stability.

Insights
A. Open-loop planning on nuScenes 

Ablation 5: Depth estimators 

Ablation 6: Robustness to Depth Errors

● Effectiveness of SpaceDrive is independent from specific 
pre-trained depth models.

● PE serves as hints for spatial association in training, not an 
extra modality input.
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