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* From a learning theory perspective, end-to-end autonomous driving can optimize the entire
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system on the final outputs, rather than through the 1solated optimization of individual Vehicle states: Privileged information (Expert only):
modules, which potentially improves overall performance. Current vehicle speed: <Ego speed> Objects: <Object ID, position, speed, state>
’ Target point: <Target point> Hazard information: <Traffic light, stop

=  Given the versatility of multimodal LLMs, they have been applied to autonomous driving for
tasks such as interpretability and vehicle control.

" Open-loop evaluation 1s not sufficient for real-world applications. Thus, MLLMs need to be
designed and evaluated specifically for closed-loop autonomous driving scenarios.
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* DriveGPT4-V2 takes multimodal input data to generate numerical control signals for end-to-end vehicle driving. The
BRI o ont R A”t"lp"“ input includes multi-view images and vehicle state information. The LLM expert model, which shares a similar
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| With privileged info structure to DriveGPT4-V2, has access to privileged information about surroundings (shown in the purple module).
| | o The expert provides on-policy supervision to DriveGPT4-V?2 to enhance closed-loop performance.
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