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Motivation

 (a) presents the pipeline of 

mainstream vision-based models 

(or vision-action models) for 

end-to-end autonomous driving.

  (b) illustrates mainstream 

Vision-Language-Action (VLA) 

frameworks.

  (c)  DrivePI combines coarse-

grained linguistic understanding 

with fine-grained 3D perception 

and prediction, inheriting 

advantages from both vision-

based and VLA approaches.

Challenges: Interpretability and safety guarantees



DrivePI

➢ A vision encoder to extract features from images and LiDAR data, obtaining 

latent BEV features

➢ Then convert BEV features into vision tokens by a spatial projector. 

➢ Feed both vision tokens and text tokens into the MLLM to generate output tokens. 

➢ MLLM produces responses through four specialized heads: a text head for scene 

understanding in an auto-regressive manner, a 3D occupancy head for accurate 

spatial perception, an occupancy flow head for pixel-level motion prediction, and 

an action diffusion head for trajectory planning.



Data Engine

1）Generate captions of front and back views, respectively

2）Use InternVL3-78B to combine these captions to merge and polish generated 

scene descriptions

3）Generate various instruction QA pairs based on occupancy and flow ground 

truth by multi-turn conversations to improve the 4D spatial understanding ability

4) Generate planning QA pairs to allow MLLM to predict the future actions of ego-

vehicle



Experiments: Perception, Prediction, Planning



Experiments: Understanding

Text Understanding performance on the nuScenes-QA validation set. 

Ext., Cnt., Obj., Sts., Cmp. and Acc. are short for exist, count, object, status, 

comparison, and the overall accuracy.



Ablation Study: Text and vision head



Ablation Study: Text data scaling

1）84K captions + 28K occupancy QA pairs： only 73% accuracy in occupied status 
prediction and 14.3% accuracy in occupancy category prediction.
2） Scaling the occupancy QA pairs from 28K to 560K: improvement with 14% accuracy 
on predicting occupancy status and 44.9% accuracy on predicting occupancy category.



Some Findings



Visualization





Thanks!
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