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Motivation
§ From a learning theory perspective, end-to-end autonomous driving can optimize the entire
system on the final outputs, rather than through the isolated optimization of individual
modules, which potentially improves overall performance.

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

§ Open-loop evaluation is not sufficient for real-world applications. Thus, MLLMs need to be
designed and evaluated specifically for closed-loop autonomous driving scenarios.

Tab.1. Comparison results on CARLA Longest6 benchmark.

Tab.4. Ablation studies on query scheme.

Tab.5. Ablation studies on system design. Ablation
studies of DriveGPT4-V2. “WP” and “RP”
represent waypoints and route points, respectively.
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Framework

• DriveGPT4-V2 takes multimodal input data to generate numerical control signals for end-to-end vehicle driving. The
input includes multi-view images and vehicle state information. The LLM expert model, which shares a similar
structure to DriveGPT4-V2, has access to privileged information about surroundings (shown in the purple module).
The expert provides on-policy supervision to DriveGPT4-V2 to enhance closed-loop performance.

DriveGPT4-V2 for closed-loop autonomous
driving. Taken as input multi-view camera images
and vehicle state information, DriveGPT4-V2
predicts high-level vehicle decisions and converts
them to low-level vehicle control signals in an
end-to-end manner. DriveGPT4-V2 presents
outstanding effectiveness and efficiency, serving
as a reliable baseline method for future research
on autonomous driving with LLMs.

Multi-view visual tokenizer (MV-VT)
structure. The input images consist of
three front views. Each patch is
processed through a visual encoder to
extract features. Finally, a trained
projection layer maps the downsampled
feature into the text domain for further
processing.

Two-stage Imitation Learning

(a) In the first stage, both DriveGPT4-V2 and the
expert LLM are trained on data collected by a rule-
based autopilot. (b) In the second stage, DriveGPT4-
V2 runs on the training scenarios and routes. When
the discrepancy between DriveGPT4-V2’s
predictions and those of the expert exceeds a
predefined threshold, the expert’s predictions are
used to control the vehicle. Data from these cases is
then added to the dataset for data aggregation.
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You are the brain of an autonomous vehicle. 
**Target point**: <Target_point>
**Ego velocity**: <Ego_speed>
**Mission Goal**: Develop a safe and feasible path.
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Vehicle states:
Current vehicle speed: <Ego_speed>
Target point: <Target_point>
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Privileged information (Expert only):
Objects: <Object ID, position, speed, state>
Hazard information: <Traffic light, stop
sign ,vehicle collision, pedestrian collision>
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Tab.2. Efficiency analysis. Tab.3. Ablation studies on decision heads. “Additional
tokens” indicates using more output tokens for prediction.

Tab.4. Ablation studies on PID controllers. “WP”
indicates utilizing predicted waypoints for PID
control; while “TS&RP” means PID control by
predicted target speed and route points.


