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End-to-End Planning 
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Bottleneck of VLM-based Pipeline 
I: Textual Coordinates Break Metric Continuity

Digit-wise classification dose not preserve numerical metric continuity
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Bottleneck of VLM-based Pipeline 
II: Weak Association Between 2D Visual Semantics and 3D Coordinate

Recognition in 2D is not enough → planning requires stable metric grounding
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Desired Positional Representation
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“What is located at (3.21, 0.08, 0) ?”
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SpaceDrive Framework
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Open-Loop Evaluation on nuScenes

Compared to all traditional modular approaches or VLM-based methods, SpaceDrive+ achieves the best
performance across all metrics.



Without extensive optimizations designed for closed-loop planning, SpaceDrive+ ranks as the 2nd-best
VLM-based method simply by the infusion of spatial awareness, surpassing most traditional modular
E2E approaches.
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Closed-Loop Evaluation on Bench2Drive
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Ablations
The usage of positional encodings across different components

• (Exp. 1 vs. 2 & Exp. 3 vs. 4) Explicitly injecting 3D spatial information into visual tokens enhances the
model's spatial understanding.

• (Exp. 2 vs. 4 & Exp. 6 vs. 7) With unified positional encoding (e.g., in text prompts and ego states), joint
spatial reasoning further improves planning performance.

𝜙(𝑐𝑝) , 𝜙(𝑐𝑟) and 𝜙(𝑐𝜏
𝑒𝑔𝑜

) denote 3D coordinates for vision tokens, spatial positional encodings for textual coordinates and past ego locations, respectively.
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Ablations
Different PE encoder and decoder

• (Exp. 4 vs. 8) As Sine-Cosine encoding inherently incorporates relative position modeling, it serves as
more efficient spatial inputs compared to learnable encoders.

• (Exp. 4 vs. 9) RoPE leads to a large performance degradation and instability due to the confusion with
existing RoPE used in the base VLM

• (Exp. 4 vs. 10,11) Coordinate-wise MLP decoders demonstrate greater advantages compared to task-
specific decoders and inverting Sine–Cosine encodings with coarse interpolation.

Gray row indicates that only 4929 out of 5119 output samples are semantically reasonable, while the rest fail.
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Ablations
Different PE normalization

• Since the optimal PE scale 𝛼PE differs between setups and may shift over training.

• A learnable normalization factor with extra freedom can solve this issue, leading to better planning
performance.

Gray row indicates that only 4929 out of 2421 output samples are semantically reasonable, while the rest fail.
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Ablations
Different depth estimator and depth pooling strategy

• Min pooling yields the lowest L2 error and collision rate, as is relatively reliable and safety-critical as it
preserves the closest obstacles

• Both DepthAnythingV2 and UniDepthV2 perform similarly on the L2 error metric and Collision rate.
showing the effectiveness of our SpaceDrive is independent of a specific pre-trained depth module
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Robustness
Training and Inference with Depth Estimation Errors

• Strong inference-time robustness: depth shift / random noise causes negligible degradation (Avg. L2
remains 1.80).

• Depth mainly helps learn spatially grounded visual–text associations, rather than serving as an extra
planning modality at inference. It shows SpaceDrive treats depth as geometric guidance, not a precise
test-time dependency.
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Adaptability
Different base VLM

• For both SpaceDrive and SpaceDrive+, our approach does not rely on the specific foundation VLM.

• It demonstrates stable and superior performance with both LLaVA and Qwen-VL.



15

Visualization on Bench2Drive

Way Points Planning Trajectory Planning
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Visualization on Bench2Drive

Way Points Planning Trajectory Planning
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Takeaway

• Unified 3D Spatial Representation:

Introduces a universal 3D Positional Encoding (PE) interface that unifies perception, reasoning, and planning, moving beyond
the limitations of treating coordinates as discrete, non-continuous text tokens.

• Explicit Semantic-Spatial Association:

Establishes a dense, explicit association between 2D perspective semantics and 3D physical coordinates by additively injecting
depth-derived 3D PEs directly into visual tokens.

• Continuous Coordinate Regression:

Replaces traditional digit-by-digit language generation with direct coordinate-level regression using a learnable PE decoder,
ensuring numerical continuity and significantly enhancing the geometric precision and safety of planned trajectories.

• Generalizable & BEV-Free E2E Planning:

Achieves SOTA open-loop results and 2nd best closed-loop performance across multiple VLM backbones (e.g., Qwen, LLaVA)
without relying on dense Bird’s-Eye-View (BEV) representations
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