
RoboTron-Drive: All-in-One Large Multimodal Model for Autonomous Driving

Supplementary Material

A. Implementation Details
In this section, we elaborate on the more detailed implemen-
tations for RoboTron-Drive and the experiments in Sec. 3.1.

Model architecture. We adapt SigLIP [13] as the vision
encoder, which is pre-trained on WebLI [3] with a resolu-
tion of 384×384. We use a 2-layer MLP [8] as the projec-
tor to project the image features into the word embedding
space. For the language model, we choose Llama-3.1 [10]
8B, which uses a tokenizer with a vocabulary of 128K to-
kens. Our model is trained on sequences of 8,192 tokens.
In particular, the vision encoder SigLIP Fe(·) encodes the
input images Xv ∈ R(n×f)×h×w×3 into the visual features:

Zv = Fe(Xv), (1)

where Zv ∈ R(n×f)×h′×w′×d′
, n and f denote the number

of cameras and frames, (h,w) and (h′, w′) denote the size
of image and feature, and d′ denotes the channel dimension-
ality. Xv can represent the data formats mentioned above,
for example, n > 1 and f > 1 for video from multi-view
cameras. For LiDAR data, we project the point clouds onto
the BEV or range view to convert the data into a single im-
age format. Afterward, the projector projects MLP Fp(·)
the image features into the word embedding space:

Hv = Fp(Zv), (2)

where the projector is implemented using a 2-layer MLP,
Hv ∈ R(n×f×h×w)×d denotes a sequence of visual tokens,
and d denotes the dimensionality of the word embedding
space in LLM LlamA-3.1 Fl(·). Based on the visual to-
kens Hv and the user instruction Xt, the LLM computes the
probability of the target word step by step:

p(Yt|Hv, Xt) =

L∏
i=1

Fl(Yt,i|Hv,Φ(Xt), Yt,0:i−1), (3)

where Φ(·) refers the text tokenizer, Yt,i and Yt,0:i−1 repre-
sent the ith word and the preceding i − 1 words in Yt, and
L indicates the length of the words generated by LLM.

Dataset. This part further introduces the evaluation
datasets applied in Sec. 4.1, including six datasets for gen-
eral capability, three datasets for testing generalization abil-
ities, and one dataset designed for planning tasks.
• DriveLM, OmniDrive and Nuinstruct are annotated based

on the nuScenes[1] dataset and contain 376,181, 374,329
and 71,842 samples respectively, suitable for multi-view

images or videos input. The CODA-LM dataset, designed
for corner case question-answer pairs on the CODA [6]
dataset, includes a total of 184,480 samples in both Chi-
nese and English, as a single-view dataset. MAPLM,
a multi-view image dataset, contains 94,970 samples,
while LingoQA, a single-view video dataset, comprises
413,829 samples. Note the sample number is computed
after our enhancement. Additionally, each dataset in-
cludes a specific number of test samples: DriveLM has
15,480 test samples, OmniDrive has 72,184 test samples,
NuInstruct has 16,147 test samples, CODA-LM has 2,123
test samples, MAPLM has 6,642 test samples, and Lin-
goQA has 500 test samples.

• In zero-shot setting, we use BDD-X, DRAMA and
DriveBench dataset. BDD-X is composed of over 77
hours of driving within 6,970 videos. The test set of
BDD-X consists of 698 driving videos. The videos are
taken in diverse driving conditions, e.g. day/night, high-
way/city/countryside, summer/winter etc. On average 40
seconds long, each video contains around 3-4 actions,
e.g. speeding up, slowing down, turning right etc., all of
which are annotated with a description and an explana-
tion. DRAMA dataset is captured from a moving vehi-
cle on highly interactive urban traffic scenes in Tokyo. It
contains different annotations: Video-level Q/A, Object-
level Q/A, Risk object bounding box, Free-form caption,
and separate labels for ego-car intention, scene classifier
and suggestions to the driver. The DRAMA test set com-
prises 2544 samples. DriveBench is a benchmark dataset
designed to assess VLM reliability across 17 settings, in-
cluding clean, corrupted, and text-only inputs. It com-
prises 19,200 frames, 20,498 question-answer pairs, three
question types, and four mainstream driving tasks, evalu-
ating 12 popular VLMs.

• We evaluate our model in the clean setting and compare it
with all models in the dataset, which covers four main-
stream driving tasks: perception, prediction, planning,
and behavior. We utilize GPT-4 for GPT Score evalua-
tion in BDD-X and DRAMA, while employing GPT-3.5-
turbo for DriveBench. We use nuScenes to evaluate the
planning task, which is a challenging and popular bench-
mark in the AD. The dataset is a multi-sensor dataset with
1,000 scenes and each scene lasts for 20 seconds. There
are 6,019 validation samples.

Experiment setting. Here we describe the training details
of RoboTron-Drive. We adopt a curriculum learning ap-
proach to progressively train RoboTron-Drive as introduced
in Sec. 3.4.



• Stage-1: Language-image alignment. We use LCS-
558K [9] to align the visual patch features into the word
embedding space. During this stage, we train only the
projector while keeping the other components frozen.
The learning rate is set to 1×10−3 and the training is con-
ducted for 1 epoch with a batch size of 512.

• Stage-2: Single-image pre-training. In this stage, we use
single-image data to improve model’s image comprehen-
sion capability. We utilize the recaptioned BLIP558K [9],
COCO118K [4] and CC3M [12] datasets to improve the
model. Meanwhile, we use language data Evo-Instruct [2]
to balance the model’s language understanding ability. At
this stage, the dataset comprises 3M single-image data
and 143K language data. We fine-tune the entire model
using a batch size of 256 for 1 epoch. The learning rate
for the vision encoder is set to 2×10−6, while the learning
rate for both the projector and LLM is 1×10−5.

• Stage-3: Multi-capacity pre-training. In this stage, our
primary objective is to enhance the model’s reasoning
and perception capabilities, and equip the model with the
ability to handle diverse data formats. To achieve this,
we use various multimodal data and perception data, in-
cluding 1.5M single images, 760K multi-view images,
501K single videos, and 145K multi-view videos. Specif-
ically, the single-image data consists of the multimodal
data from [4] and the perception data from COCO [7] and
Object365 [11]. The multi-view image data includes the
multimodal data LLaVA-NeXT-Interleave [5] and the per-
ception data nuScenes [1]. The single-view video data
is derived from the works [5, 14]. Given the scarcity
of multi-view videos in the available data, we generate
the multi-view perception data using nuScenes [1], with
each view consisting of 5 frames. We fine-tune the entire
model with a batch size of 256 for 1 epoch, maintaining
the same learning rates as Stage-2.

• Stage-4: Driving fine-tuning. In the final stage, we em-
ploy a diverse array of high-quality driving datasets to
fine-tune RoboTron-Drive for AD tasks. We compile six
public AD datasets, which include single image (CODA-
LM), multi-view images (MAPLM, DriveLM), single
video (LingoQA), and multi-view videos (OmniDrive,
NuInstruct), amounting to a total of 1.5M. Specifically,
we augment the CODA-LM dataset, expanding it from
36,896 to 184,480 samples, and the MAPLM dataset from
47,485 to 94,970 samples. Additionally, we standardize
the DriveLM and NuInstruct datasets to ensure uniformity
across the data. In this stage, we use the same batch size
and learning rate as Stage-2.

B. Prompt Design

Messages = [

{"role": "system", "content": f"""You are an English
improver."""},

{"role": "user", "content": f"""I have a question and
its corresponding answer. I need your assistance in revis-
ing and refining them. Please make some changes to the
written content while preserving the meaning. The ques-
tion and answer that require modifications are: {QA}.
Please provide the revised question and answer in the for-
mat: Question: <question> Answer: <answer>."""}]

Table S1. The prompt for question-answer augmentation.

In the question-answer augmentation, we use the prompt
presented in Tab. S1 for GPT-4o-mini to enhance and im-
prove the question-answer pairs.

C. Qualitative Results
Here we present the qualitative results for analyzing the dis-
tinctions among various models. In Fig. S1-S16, we provide
the visualization examples from each dataset, illustrating
the general performance on the six benchmarks and the gen-
eralization ability in BDD-X. The specialist model is trained
on individual dataset. The all-in-one model RoboTron-
Drive is able to accurately identify and analyze key objects
related to driving in images and videos, thereby enhancing
its ability to handle diverse autonomous driving data and
tasks.



In the traffic image, there is a black SUV directly in front of the ego car, occupying the same lane and moving in the
same direction. The presence of this SUV is significant as it dictates the following distance and speed that the ego
car must maintain to ensure safe driving conditions. Additionally, there are pedestrians on the sidewalk to the right
of the ego car, with one individual wearing a bright orange outfit and standing close to the curb. The proximity of
these pedestrians to the road means that the ego car must remain vigilant and be prepared to stop or slow down if
any of them unexpectedly enter the roadway. On the right side of the road, there is a 'No Entry' sign for vehicles,
accompanied by a blue sign indicating a detour or alternative route. This sign is crucial as it informs the ego car
that it cannot proceed straight ahead in its current lane and must instead follow the detour to continue its journey.
Furthermore, there are orange traffic cones placed on the right side of the road, partially obstructing the sidewalk
and the edge of the road. These cones suggest that there may be road work or an obstruction ahead, which could
affect the available driving space and necessitate caution from the ego car. There are no traffic lights, barriers, or
other objects reported in the image that affect the driving behavior of the ego car.

<image>. There is an image of traffic captured from the front view of the ego vehicle. Focus on objects influencing 
the ego car's driving behavior: vehicles (cars, trucks, buses, etc.), vulnerable road users (pedestrians, cyclists, 
motorcyclists), traffic signs (no parking, warning, directional, etc.), traffic lights (red, green, yellow), traffic cones, 
barriers, miscellaneous(debris, dustbin, animals, etc.). You must not discuss any objects beyond the seven 
categories above. Please describe each object's appearance, position, direction, and explain why it affects the 
ego car's behavior.
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﻿Specialist In the traffic image, there is a dark-colored SUV directly in front of the ego car, occupying the same lane and
moving in the same direction. The presence of this vehicle requires the ego car to maintain a safe following
distance and be prepared to adjust speed or change lanes if necessary. On the right side of the road, there are
pedestrians walking parallel to the road. The ego car must be cautious and ready to stop or slow down in case any
pedestrian steps onto the road. Additionally, there is a cyclist on the right side of the road, moving in the same
direction as the ego car. The ego car should give the cyclist enough space and be prepared to slow down or
change lanes if the cyclist's path intersects with the car's path. There is also a 'No Entry' sign on the right side of the
road, indicating that the road ahead is closed to traffic. The ego car must not proceed forward and should look for
an alternative route. Furthermore, there are traffic cones placed on the right side of the road, indicating a work
zone or a closed area. The ego car should be cautious and may need to merge left if the right lane is obstructed.
There are no traffic lights, barriers, or other objects present in the image that affect the driving behavior of the ego
car.

CODA-LM

 GPT-4o 1. **Vehicle (Car)** - **Appearance**: Dark-colored SUV. - **Position**: Directly ahead of the ego car in the same
lane. - **Direction**: Moving forward. - **Influence**: The ego car must maintain a safe following distance and
adjust its speed according to the SUV's speed. 2. **Vulnerable Road Users (Pedestrians)** - **Appearance**: Several
pedestrians, some walking and some standing. - **Position**: On the left side of the road, near the sidewalk, and
one pedestrian on the right side near the \"Do Not Enter\" sign. - **Direction**: Walking along the sidewalk and
crossing the road. - **Influence**: The ego car must be cautious and prepared to stop if any pedestrian decides to
cross the road. 3. **Traffic Sign (Do Not Enter)** - **Appearance**: Red circle with a white horizontal line and the
text \"DO NOT ENTER.\" - **Position**: On the right side of the road. - **Direction**: Facing the ego car. -
**Influence**: The ego car must not enter the road indicated by the sign and should continue straight or follow any
other permissible route. 4. **Miscellaneous (Debris)** - **Appearance**: Small debris scattered on the road. -
**Position**: On the road surface, near the center. - **Direction**: Stationary. - **Influence**: The ego car should
avoid the debris to prevent potential damage to the vehicle and ensure a smooth drive.

Figure S1. Visualization of CODA-LM. Key information is highlighted in green, while errors are marked in red.



This object is a traffic sign displaying a red circle with a white bar, indicating a prohibition of entry for vehicles in the
direction the sign is facing. The ego car must not proceed forward or turn in the direction indicated by this sign to
comply with traffic rules.

<image>. There is an image of traffic captured from the front view of the ego vehicle. Please describe the object
inside the red rectangle in the image and explain why it affect ego car driving.
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 Specialist This is a traffic sign, specifically indicating a no parking or stopping zone. It is important for the ego car to recognize
this sign to avoid stopping or parking in this area, which could result in a traffic violation.

CODA-LM

﻿GPT-4o The object inside the red rectangle is a pedestrian. The presence of the pedestrian affects the ego car's driving
because the car must slow down or stop to ensure the safety of the pedestrian, adhering to traffic laws and
preventing potential accidents.

Figure S2. Visualization of CODA-LM.



Figure S3. Visualization of CODA-LM.



Figure S4. Visualization of MAPLM.

Figure S5. Visualization of DriveLM.
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