MindDriver: Introducing Progressive Multimodal Reasoning
for Autonomous Driving

Supplementary Material

1. Reasoning Annotation Pipeline

We develop a general pipeline for high-quality progressive
multimodal reasoning data annotation. This pipeline in-
cludes three filtering processes to control the data qual-
ity across different aspects, along with a feedback-guided
re-annotation strategy to iteratively refine filtered samples.

Given inputs with the current camera, history video, driving

command, and instruction, the powerful MLLM Qwen2.5-

VL-72B [1] first generates a raw text CoT. The prompt for

Qwen2.5-VL-72B is shown in Fig. 5. The text CoT then

passes through three filters:

¢ Format Filter: This rule-based filter checks whether the
text reasoning is composed of the four parts: (1) Scene
Analysis, (2) Latent Risk Assessment, (3) Behavior Rea-
soning, and (4) Action Decision (including both direction
and speed prediction).

¢ Decision Filter: It checks decision correctness by com-
paring the generated action to the GT decision derived
from the GT trajectory. The process for generating
ground truth (GT) labels is as follows: Leveraging statis-
tical insights into dynamic vehicle parameters (e.g., ve-
locity and acceleration) from the dataset, and informed
by prior knowledge of real-world driving behaviors, we
conducted clustering analysis on future vehicle trajecto-
ries. We experimented with different numbers of clus-
ters (7, 10, and 49) to evaluate the effectiveness of tra-
jectory pattern segmentation. The results revealed that
smaller cluster counts led to highly imbalanced trajectory
distributions, failing to capture the diversity of driving be-
haviors. To enhance model learning and generalization,
we adopted a fine-grained trajectory categorization strat-
egy. Specifically, for accelerating and decelerating vehi-
cles, we used the 30th and 60th percentiles of their accel-
eration distributions as thresholds to differentiate behav-
ior subcategories. A similar percentile-based threshold-
ing approach was applied to left-turning and right-turning
vehicles, based on their turning dynamics. This method
enables more discriminative and behaviorally meaning-
ful trajectory labeling, thereby supporting more accurate
prediction modeling. The final selected meta actions are
shown in the Tab. 1.

* Logic Filter: This filter evaluates the reasoning sound-
ness of CoT. Instead of reusing Qwen2.5-VL-72B, we
employ the more advanced text-LLM Qwen3-235B-
A22B-Instruct [4] for robust logical validation and over-
coming self-checking bias [5]. The prompt of Qwen3-
235B-A22B-Instruct is illustrated in Fig. 1. To enable

Table 1. Meta action type in desion filter.

Behavior ‘ Meta Action Type

[Maintain Current Lane, Change Lane Left,

Direction Change Change Lane Right, Turn Left, Turn Right]

[Smooth Deceleration, Emergency Brake,
Maintain Current Speed, Smooth Acceleration,
Stop, Remain Stationary]

Speed Change

better understanding, we show an example of this log-
ical quality check in Fig. 4. Based on Qwen3’s robust
logical analysis capabilities, a critical examination of the
preliminary response from Qwen2.5VL-72B identified a
broken causal chain in its reasoning process. The reason-
ing incorrectly conflates two distinct operational phases,
firstly, valid recommendation for post-green-light behav-
ior ("safe passage after the light turns green"), which is
contextually appropriate; secondly, mandatory red-light
behavior (complete stop and wait), which was not ex-
plicitly specified. This conflation erroneously applies
the speed-adjustment guidance for post-green-light con-
ditions to current red-light state, resulting in a conclusion
that is fundamentally disconnected from the actual traffic
scenario. Therefore, by applying similar logical valida-
tion, reasoning errors can be identified and corrected.

Feedback-guided Re-annotation. If any above filter
fails, error feedback is returned as context to improve re-
annotation. As shown in Tab. 2, the error feedback includes:
(1) Format error: the detailed missing parts considering
scene analysis, latent risk assessment, behavior reasoning,
and action decision. (2) Decision error: Incorrect decisions
vs. GT decisions, for both direction and speed decisions,
and (3) Logic error: return the summarized logic errors
generated by Qwen3-235B-A22B-Instruct. This feedback
is combined with the raw CoT as input context for the next
iteration. This process is shown in Fig. 2.

After that, the text CoT is concatenated with the ground
truth future scene image and the trajectory with special to-
kens (<think>,<dream>,<answer>) to distinguish them, cre-
ating multimodal reasoning data. It is formatted as:

<t> ToKrex; cor</t><d> Tokype</d><a>Tokrpj</a> (1)

where <t>, <d>, <a> denotes <think>,<dream>,<answer>
special tokens. Tokrex; cor, TOKimg, and Tokry,; are the to-
kens of the text CoT, the dreamed image, and the predicted



(1. Objective: You are an expert in detecting the quality of reasoning
chains for autonomous driving models, tasked with determining whether
the input reasoning process is correct or flawed.

2. Output Format: Reason + [Correct/Incorrect]

3. Judgment Criteria: Determine whether the input reasoning chain is
logically correct and free from logical flaws. At the end of your
response, specify the optimal direction and speed change for the ego
vehicle as: <Direction Change>, <Speed Change>.
Direction Change (select one): [Maintain Current Lane, Change
Lane Left, Change Lane Right, Turn Left, Turn Right].
Speed Change (select one): [Smooth Deceleration, Emergency
Brake, Maintain Current Speed, Smooth Acceleration, Stop,
Remain Stationary].

4. Input reasoning process:
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Figure 1. Prompt for logical verification to Qwen3-235B-A22B-
Instruct.
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1. ObJ ective:
You are controlling an......

...... [Behavior Reasoning]: it
should either maintain its current
speed or accelerate smoothly to
ensure a safe following distance
from vehicles ahead.......

The reasoning contains a logical
flaw: in a red-light scenario, the
vehicle should explicitly "stop
and wait," not "maintain current
speed," as the......

...... [Behavior Reasoning]:
since the current traffic light is
red, the vehicle should STOP to
ensure compliance with traffic
regulations

= : J

Figure 2. Combined COT with feedback for re-annotation.

trajectory.

2. Implementation Details

All experiments are conducted on 16 NVIDIA H20 GPUs
(96 GB each). We employ Qwen2.5-VL-3B [1] as our base
VLM. During SFT, we use 1 x 10~% learning rate and
batch size of 32, for 12 epochs (nuSences) and 6 epochs
(Bench2Drive). For our feedback annotation pipline, We
set the maximum number of iterative rounds to 3. The vi-
sion encoder of MindDriver is frozen, and the LLM is fully
fine-tuned in the SFT stage. During progressive RFT, we
use 3 x 107 learning rate and batch size 16, for 700 (stage

Table 2. Specific feedback type in data auto-annotation.

Error Type Feedback Content Example

Missing Scene Analysis / ...
Decision part.

Missing Action
Format Error g

1.Direction decision error(GT: Change Lane
Right; Prediction: Turn Right).

2.Speed decision error(GT: Smooth Decelera-
tion; Prediction: Maintain Current Speed).

Decision Error

Reasoning is discontinuous ... consideration is

Logic Error .
g incomplete

1) and 500 (stage 2) steps in nuSences, 1400 (stage 1) and
1000 (stage 2) steps in Bench2Drive. We set A = 10 and
a = 6 for L2 reward. In Eq. 7 of main paper, A\; and )\
are both set as 10 for strict format learning in RFT. The for-
mat reward 7formae 1 to check whether the answer includes 6
parsed points (If yes, set 1; Otherwise set 0). The KL regu-
larization weight 3 is set to 0.04. The generation parameter
is with a sampling temperature as 1, top p as 1, and top k
as 0 for diverse generation results in GRPO. In this stage,
the vision encoder is frozen, and the LLM is fine-tuned us-
ing Low-Rank Adaptation (LoRA) [3] to reduce the training
cost. The LoRA rank is set as 32. This RFT is implemented
using VERL training framework.

Model Layers Hiddensize = Num Heads  Patch Size

Qwen2.5-VL 32 1280 16 14

Table 3. Model parameters of image encoder model (Vision Trans-
former).

Model Layers Hiddensize KV Heads Head Size

Qwen2.5-VL 36 2048 2 128

Table 4. Model parameters of LLM.

3. Visualization of Dreamed Images

We selected two representative cases to illustrate the visual-
ized outputs of MindDrivers predicted future scenes. As de-
picted in Fig. 3, the progressive reasoning process is clearly
articulated in both examples.

In the first case, MindDriver first performs textual rea-
soning on the current scene. It identifies pedestrian motion
trends, analyzes potential safety risks, and accordingly pro-
poses future behavioral recommendations. Subsequently,
based on the outcomes of this textual reasoning, the system
generates a visual imagination of the future scene. In the re-
sulting visualization, pedestrian positions can be observed



Text Reasoning

Future Imagination

Trajectory Prediction

[Latent Risk Assessment]: ... pedestrians
are crossing the road, moving
dynamically... pedestrians pose a potential
risk to ...[Behavior Reasoning]: ...... ,
ensuring pedestrians can cross
safely....[Action Decision]: ... <Maintain
Current Lane>, <Smooth Deceleration>.

[Latent Risk Assessment]: ... A white
sedan is driving ahead on the road at a
close distance ... A black SUV is crossing
the road from the left. [Behavior
Reasoning]: Pay attention to the situation of
vehicles... [Action Decision]: ... <Maintain
Current Lane>, <Smooth Deceleration>.

Figure 3. Qualitative Analysis of MindDriver. Red represents our predicted values, and green represents the ground truth (GT).

( [Behavior Reasoning]: Since the traffic light is red, the ego
vehicle should first comply with traffic regulations and remain
stopped at its current position. Given the navigation goal is
FORWARD, once the signal turns green, the vehicle may
proceed straight in its current lane. Considering the traffic
conditions ahead, it should either maintain its current speed or
accelerate smoothly to ensure a safe following distance from
vehicles ahead.

[Summary of Reasoning]: The optimal direction and speed
adjustment for the ego vehicle is to continue straight in the

requires waiting, and after the light turns green, it can safely
and smoothly navigate through the construction zone with
limited traffic conditions.

Formatted output result: The optimal direction and speed
adjustment for the ego vehicle is

\_ <Maintain Current Lane>, < Maintain Current Speed >.

current lane while maintaining its current speed, as the red light

J

(Reason: There is a logical flaw in the reasoning
process. In the [Behavior Reasoning] section, the
conclusion states 'maintain current speed,' but
according to the scene description, the traffic light is
red, and the vehicle should be in a stationary waiting
state. There is no reasonable basis for 'maintain
current speed' in this context. Furthermore, when the

Logic | traffic light is red, the vehicle must come to a
»| complete stop, rather than drive at its current speed
check | or accelerate directly after the light turns green.

Summary: The reasoning contains a logical flaw: in
a red-light scenario, the vehicle should explicitly
"stop and wait," not "maintain current speed," as the
latter violates traffic regulations and undermines the
rigor of the reasoning.

Incorrect
N

Figure 4. An example of a logical quality check.

to have changed, demonstrating that our method effectively
establishes modeling capabilities for future spatiotemporal
relationships. In the second case, a black SUV is crossing
the road. If the ego vehicle maintains its current speed, a
collision risk exists. Our method accurately imagines the
motion state of the vehicle the black SUV is predicted to
reach the center of the road after 0.5 seconds, thereby vali-
dating the effectiveness of our approach in both textual rea-
soning and future imagination.

4. More Visualization

We assess the model using closed-loop testing in the
CARLA simulator. The model takes visual input in the form
of four RGB images from the front-facing camera, encom-
passing a history of the past two seconds. MindDriver out-

puts a predicted two-second trajectory, which is then uti-
lized by a PID controller to determine the control signals
(throttle, brake, and steering) applied to the vehicle.
nuScenes results. In many challenging nuScenes [2]
scenarios, such as nighttime, heavy rain, and high-curvature
roads, MindDriver performs well and avoids collisions. As
shown in Fig. 7. In the visualized comparisons, the green
trajectory serves as the Ground Truth (GT), while the red
trajectory illustrates the path planning executed by Mind-
Driver. The results exemplify the model’s resilience across
a spectrum of real-world complexities. In the nighttime sce-
nario (left), despite severe illumination changes and glare,
the model maintains a steady path. Similarly, in the overcast
and wet urban environment (center), MindDriver adeptly
navigates through dynamic traffic, unaffected by the visual
noise caused by rain. Most critically, the turning scenario



Objective:
! You are controlling an autonomous vehicle in a complex urban traffic environment with access to images fro

m six camera perspectives and 2 seconds of historical footage from <CAM_FRONT>. Your task is to plan a s
afe and reasonable driving trajectory for the next 3 seconds based on navigation targets. Navigation targets wi
11 be provided in the following form: [FORWARD] / [RIGHT] / [LEFT] / [STOP], which should guide the pri
oritization of actions.

Process Overview:
Follow the steps outlined below for reasoning:
a. [Scene Description]: Describe the weather, road conditions, visibility, and traffic signal states to determine
drivable areas.
b. [Risk Object Identification]: Identify 1-3 objects with the greatest impact on safety, analyze their position
s and motion states, and update drivable areas.
c. [Reasoning Autonomous Driving Behavior]: Propose three reasonable behavior combinations (direction
+ speed) and provide reasons.
d. [Summarizing Reasoning Results]: Select the optimal behavior and output it in standard format.

Scene Analysis:
Analyze the weather (sunny/rainy/foggy/night) and the impact of obstructions on visibility.
Determine the traffic signal state most relevant to the current driving direction: [Red Light, Yellow Light, Gre
en Light, Uncertain]. “Most relevant” refers to the traffic light controlling the right of way for the vehicle‘s la
ne; if navigating a right turn, prioritize the right turn signal. Summarize the initial drivable area: [Large, Medi
um, Small, Uncertain].Large: Multi-lane, unobstructed; Medium: Partially restricted; Small: Severely restric
ted; Uncertain: Insufficient visibility.

Latent Risk Assessment:
Use the vehicle's forward direction as the reference point, with <CAM_FRONT LEFT> covering the left
front area and <CAM_FRONT RIGHT> covering the right front area.
Combine multi-perspective and historical images to identify object categories (e.g., cars, buses, pedestrians,
construction zones) and motion states (e.g., stationary, constant speed, accelerating toward, moving away).
Select 1-3 highest-risk objects (priority: dynamic > static, lateral proximity > distant).
Update drivable areas across perspectives, using the smallest value principle (if any direction is rated
<Small>, the overall drivable area is <Small>).

Behavior Reasoning:
Propose three safe and reasonable behavior combinations, each containing:
Direction Change (select one): [Maintain Current Lane, Change Lane Left, Change Lane Right, Turn Left,
Turn Right].
Speed Change (select one): [Smooth Deceleration, Emergency Brake, Maintain Current Speed, Smooth
Acceleration, Stop, Remain Stationary].
Provide reasoning, considering traffic rules, obstacles, signal lights, and navigation targets.

Summarizing Reasoning Results:
Select the optimal behavior from the proposed options and present it in the following format:
Self-driving vehicle's optimal direction and speed change: <Direction>, <Speed>.

Output Format:
[Scene Analysis]:
<Description Results>, Drivable Area: <Large>
[Latent Risk Assessment]:
<CAM_FRONT>: <Object Category>, <Motion State>
<CAM_FRONT RIGHT>: <Object Category>, <Motion State>
Combined Drivable Area: <Medium>
[Behavior Reasoning]:
<Maintain Current Lane>, <Smooth Deceleration>, <Reason>
<Change Lane Left>, <Smooth Acceleration>, <Reason>
<Turn Right>, <Smooth Deceleration>, <Reason>
[Action Decision]:
Self-driving vehicle's optimal direction and speed change: <Maintain Current Lane>, <Smooth Deceleration>.

J

Figure 5. Prompt for CoT annotation by Qwen2.5-VL-72B
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Instruction

You are controlling
an autonomous
vehicle in a comp-
lex urban traffic
environment......

2. Use the following
standard ...... a.
Scene Analysis......

Driving Command
Go straight

Ego-centric Camera Images

1. Scene Analysis

[Scene analysis]: The weather is overcast, the road s

urface is wet and slippery, and visibility is slightly re
duced due to rain. The traffic light at the intersection
is red, with large trucks occupying the straight and th
e lane being controlled by the traffic light.

3. Behavior Reasoning

Since the navigation target is "FORWARD" but the
current traffic light is red, and there is a large truck ¢
rossing the intersection along with a roadblock obstr
ucting the way, moving forward directly poses safety
risks. Therefore, the optimal combination of behavio
rs is:

- Direction Adjustment: Maintain the current lane.
- Speed Adjustment: Stop

Reasoning: The current traffic light is red, and proce
eding directly may lead to collision risks. It is necess

2. Latent Risk Assessment

- From <CAM_FRONT>: A large truck
is slowly crossing the intersection, occu
pying the space intended for left-turning
and straight-going traffic. According to
historical images, the truck’s movement
is stable.

- From <CAM_FRONT _LEFT>: A sed
an crossing the intersection, moving tow
ard the right side.

- From <CAM_FRONT RIGHT>: A st
atic roadblock located ahead on the righ
t.

Combined navigable space for the self-d
riving vehicle: small due to the large tru
ck and roadblock in front.

4. Action Decision

ary to stop and wait for the traffic light to turn green Ego vehicle's optimal direction and speed
while monitoring dynamic changes ahead to ensure s change: <maintain the current lane> an
afety. d <stop>.

Figure 6. A complete sample of the annotation dataset.

" CAM_FRONT

Figure 7. nuScenes results. The red trajectory is the prediction and the green one is the GT.

(right) demonstrates the advantage of our dynamics-driven
approach. While traditional methods often struggle with the
kinematic constraints of sharp turns, our model produces
a smooth trajectory that nearly perfectly overlaps with the
GT. This confirms that incorporating dynamics-related re-
wards significantly enhances the model’s ability to handle
complex geometric maneuvers with expert-level precision.

Bench2drive results. On the simulation dataset there
are many scenarios that require risk reasoning. For exam-
ple, pedestrians crossing the road, narrow roads, nighttime,
and other extreme conditions, MindDriver successfully han-
dles them all. As shown in Fig. 8. As illustrated in the vi-
sualization, our extensive closed-loop testing on the simula-
tion dataset exposes the model to highly demanding scenar-
ios. The dataset incorporates significant out-of-distribution
(OOD) data, ranging from adverse weather conditions with
wet road reflections (Top Row) to intense lighting varia-
tions. The model demonstrates remarkable robustness in
safety-critical situations. For instance, it effectively antic-
ipates and reacts to dynamic agents, such as vehicles cut-
ting in and pedestrians jaywalking across the street (Middle

Row). Notably, in complex intersection scenarios (Bottom
Row), the model successfully obeys traffic rulesidentifying
traffic lights and STOP signswhile making socially com-
pliant decisions to stop and wait for multiple pedestrians,
including children. This behavior highlights a significant
improvement in planning logic and safety compared to pre-
vious SOTA methods like VAD.
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