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Abstract— Vision-Language Models (VLMs) offer a promis-
ing approach to end-to-end autonomous driving due to their
human-like reasoning capabilities. However, troublesome gaps
remains between current VLMs and real-world autonomous
driving applications. One major limitation is that existing
datasets with loosely formatted language descriptions are not
machine-friendly and may introduce redundancy. Additionally,
high computational cost and massive scale of VLMs hinder
the inference speed and real-world deployment. To bridge the
gap, this paper introduces a structured and concise benchmark
dataset, NuScenes-S, which is derived from the NuScenes
dataset and contains machine-friendly structured representa-
tions. Moreover, we present FastDrive, a compact VLM baseline
with 0.9B parameters. In contrast to existing VLMs with
over 7B parameters and unstructured language processing(e.g.,
LLaVA-1.5), FastDrive understands structured and concise
descriptions and generates machine-friendly driving decisions
with high efficiency. Extensive experiments show that FastDrive
achieves competitive performance on structured dataset, with
approximately 20% accuracy improvement on decision-making
tasks, while surpassing massive parameter baseline in inference
speed with over 10x speedup. Additionally, ablation studies
further focus on the impact of scene annotations (e.g., weather,
time of day) on decision-making tasks, demonstrating their
importance on decision-making tasks in autonomous driving.

I. INTRODUCTION

The rapid evolution of autonomous driving systems de-
mands robust environmental understanding capabilities that
transcend conventional perception modules [1], [2]. The
integration of human-like reasoning into autonomous driving
systems has become a pivotal research frontier, where Vision-
Language Models (VLMs) have emerged as a transformative
paradigm, offering human-like reasoning through multimodal
fusion of visual inputs and linguistic context. While recent
studies have shown the potential of VLMs in scene under-
standing and decision explanation [3], [4], [5], [6], critical
gaps persist in real-world deployment: inefficient linguistic
processing and computational overhead from model scale,
which hinder performance and integration into autonomous
driving systems.

Current VLMs training paradigms heavily rely on datasets
with free-form textual annotations (Fig. 1), such as
NuScenes-QA [7] and BDD-X [8]. While these descriptions
capture rich semantic information, their syntactic variability
forces models to parse redundant linguistic patterns. For
example, the sentence “A black sedan is turning left” and “A
sedan that is black is making a left turn” convey the same
information but differ in structure, this syntactic variability
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Fig. 1: Existing VLMs heavily rely on massive-parameter
VLMs and free-form textual annotations, which introduce
computational overhead and hinder inference efficiency. Fast-
Drive, a compact VLM baseline for end-to-end autonomous
driving with structured data, which enhances inference effi-
ciency and integration into autonomous driving systems.

increases the complexity of the learning task and computa-
tional overhead, as VLMs must disambiguate synonymous
expressions rather than focus on core reasoning tasks. Ad-
ditionally, another sentence ” Moving pedestrian wearing a
white top and gray shorts in the crosswalk” along with the
previous example contain redundant information, such as the
color of the vehicle and the pedestrian’s clothing, which
could introduce unnecessary cognitive load for downstream
decision-making processes in autonomous driving systems.
In this context, the VLMs may spend significant attention
on irrelevant information rather than focusing on core event
reasoning, causing wastage of computational resources and
hindering inference efficiency. Moreover, we also observe
that existing some baselines often rely on large-scale VLMs,
such as DriveLM [4], DriveVLM [5], and LeapAD[6], etc,
which tpically exceed 7B parameters or more to achieve
multimodal alignment and reasoning. Although ultra-large
parameter parameters VLMs may achieve fair performance in
various benchmarks, along with the high computational cost,
memory consumption, and inference latency, which render-
ing them impractical for real-time deployment in autonomous
driving systems.

To address these challenges, this paper introduces a struc-
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tured and concise benchmark dataset, NuScenes-S, derived
from the NuScenes dataset [9]. Different from existing
datasets that feature free-form textual annotations with re-
dundant information, NuScenes-S extract and summarize key
elements that may affect driving decisions, such as vehicle
type, vehicle action, pedestrian action, traffic light status,
etc., into clear and concise phrases, and organize them into
structured dictionarie format. By converting key information
into structured key-value pairs, it ensures data consistency
and significantly reduces the computational cost associated
with natural language parsing. This structured representation
allows for efficient retrieval of relevant information while
filtering out redundant content, thereby enhancing the clarity
and relevance of the input to downstream modules. Fur-
thermore, it allows for the flexible construction of tailored
question-answer pairs, which not only facilitates targeted
model training but also provides a more effective and in-
terpretable framework for comprehensive model evaluation.
Additionally, a compact VLM baseline referenced from
InternVL [10] is introduced, named FastDrive, which is
designed for end-to-end autonomous driving with small-
scale parameters. FastDrive mimics the reasoning strategies
of human drivers by employing a chain-of-thought process
to perform scene understanding, perception, prediction, and
decision-making tasks, thereby achieving effective alignment
with end-to-end autonomous driving frameworks. In sum-
mary, the main contributions of this paper are as follows:

« We introduce a structured dataset that focuses on key
elements closely related to driving decisions, which
eliminates redundant information and addresses the lim-
itation of synonymous expressions in free-form textual
annotations and enhances the efficiency of inference.

e A compact VLM baseline with 0.9B parameters is
proposed, which mimics the reasoning strategies of
human drivers and achieves effective alignment with
end-to-end autonomous driving frameworks.

« A comprehensive evaluation and extensive experiments
tailored for NuScenes-S and FastDrive are conducted.
The results demonstrate the effectiveness of the pro-
posed dataset and model, which achieves competitive
performance on the NuScenes-S benchmark.

II. RELATED WORK

A. Driving with VLMs

VLMs [11], [12], [13] have emerged as a transforma-
tive paradigm in artificial intelligence, bridging multimodal
understanding between visual inputs and linguistic context.
These models have shown remarkable performance in var-
ious vision-language tasks, such as image captioning [14],
visual question answering [15], [16], and visual reasoning
[17]. These capabilities have enabled VLMs to understand
complex visual scenes and generate plausible reasoning
chains, making them a promising approach for end-to-end
autonomous driving [18]. Early works [19], [20] have ex-
plored text dialogue capabilities of LLMs for autonomous
planning tasks, but relying on handcrafted rules and linguistic
description makes it difficult for LLMs fully understand

driving scenarios. With the advent of VLMs, more recent
works use VLMs to interact directly with driving environ-
ment through visual and linguistic inputs [21]. LMDriver
[22] and DriveMLM [23] interact with dynamic driving
environment through multimodal sensor inputs and natural
language commands and directly output control commands,
which treats VLMs as a black box and does not provide
explicit reasoning process. DriveLM [4] devides the driving
task into perception, prediction, and planning, and uses graph
visual question answering to improve the interpretability of
the reasoning process. Drive VLM [5] and Senna [24] adopts
a novel approach by combining VLMs with modular end-
to-end driving pipeline to compensate the shortcomings of
modular black-box pipeline. LeapAD [6] inspired by human
cognitive process, introduces three different VLMs to mimic
scene understanding, decision making, and reflection process.
Despite the progress, existing VLMs are not impractical for
real-time inference or deployment in autonomous systems
due to their large number of parameters and unstructured
language descriptions in existing datasets.
B. Driving Datasets for VLMs

General-purpose VLMs struggle to achieve satisfactory
performance in autonomous driving tasks due to challenges
in dynamic scene understanding and multimodal reasoning.
Traditional autonomous driving datasets, such as KITTI
[25], Waymo Open Dataset [26], and NuScenes [27] mainly
provide rich multimodal sensor data for perception or pre-
diction tasks unsuitable for VLMs. In order to adapt to
VLMs, Talk2Car [28], NuPrompt [29], NuScenes-QA [30]
and DriveLM [4] introduce free-form language descriptions
and QA pairs to the NuScenes dataset. BDD-X [31] and
BDD-OIA [32] provide text annotations describing vehicle
actions and their rationales. DRAMA [33] focus on driving
hazards and related objects, this dataset provides rich visual
scenes and object-level queries. Rank2Tell [34] annotates
various semantic, spatial, temporal, and relational attributes
of various important objects in complex traffic scenarios.
Some of these datasets mainly focus on scene understanding,
risk assessment, object-level queries, or multimodal reason-
ing, but lack structured language descriptions and reasoning
chains, which could improve VLMs’ capacity for under-
standing driving scenarios and enhance inference efficiency.
Other datasets may include fairly complete autonomous
driving tasks, but the language descriptions are unstructured
and verbose, which hinders the integration of VLMs into
autonomous systems. Our NuScenes-S manages dataset in a
human-like reasoning manner across perception, prediction,
and decision-making tasks, which focus on key elements in
driving scenarios and convert unstructured language descrip-
tions into structured and concise format, further improving
efficiency and integration.

III. THE NUSCENES-STRUCTURED BENCHMARK
A. Scene Description
Understanding the driving scenario is crucial for making

safe driving decisions. Therefore, the scene description in
NuScenes-S is introduced to provide a more comprehensive
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Fig. 2: The dataset construction process of the NuScenes-S dataset.
Scene Description Frames QA Pairs

Dataset wea. time. con. road. area. mark. light. sign. ‘ Per.  Pre. Dec. (Test) (Test) Format
BDD-X X X X X X X X X v X X - - textual
BDD-OIA X X X X X X X X v X v - - textual
NuScenes-QA X X X X X X X X v X X 36114 83337 textual
Talk2Car X X X X X X X X v X v 1.8k 2447 textual
nuPrompt X X X X X X X X v X X 36k 6k textual
DRAMA X X X X X X X X v X v - - textual
Rank2Tell X X X X X X X X v X v - - partially structured
DriveLM X X X X X X X X v v v 4794 15480 partially structured
DriveVLM v v X v X X X X v v v - - partially structured
NuScenes-S v v v v v v v v v v v 6019 18057 structured

TABLE I: Comparison among benchmark datasets for autonomous driving.

view of the driving scenario, addressing the often overlooked
or insufficiently represented aspects in many existing datasets
[4]1, [34], [28], [29], [33]. The scene description in NuScenes-
S is structured and concise, which includes the following key
elements: { Weather, Traffic condition, Driving area, Traffic
light, Traffic sign, Road condition, Lane markings, Time}.

o Weather: Weather conditions play a crucial role in driv-
ing, as adverse weather can reduce visibility and alter
road conditions, ultimately leading to more cautious
driving decisions. Weather conditions include {sunny,
rainy, snowy, foggy, cloudy}.

« Traffic condition: Different traffic conditions will intro-
duce different driving challenges, traffic congestion will
affect the driver’s speed and decision-making. Traffic
conditions include {low, moderate, moderate}.

o Driving area: Each driving area has its own charac-
teristics, such as intersections and junctions that pose
more challenges for turning and lane changing de-
cisions. Driving areas include {intersection, junction,
roundabout, residential, crosswalk, parking lot}.

« Traffic light: Traffic lights are important traffic control
devices that regulate the flow of traffic. The state of
traffic lights will affect the driver’s decision-making.
Traffic lights include {green, yellow, red}.

o Traffic sign: Traffic signs provide important informa-
tion for drivers changing driving behavior to follow the

rules. Traffic signs include {speed limit, stop, yield, no
entry, no parking, no stopping, no u-turn, no left turn,
no right turn, no overtaking, one way}.

« Road condition: Road conditions are critical for driving
safety: construction zones require caution, and wet or
icy roads require slower speeds and longer following
distances. Road conditions include {smooth, rough, wet,
icy, construction}.

« Lane markings: Lane markings provide directional
guidance to guide drivers’ driving decisions. Lane mark-
ings include {right turn, left turn, straight, straight and
right turn, straight and left turn, u-turn, left and u-turn,
right and u-turn}.

o Time: Time represents the time of day, driver tends to
drive more cautiously at night due to reduced visibility.
Time includes {daytime, night}.

B. Perception & Prediction

Identify some key objects and predict their future states
are essential for a driver to make decisions. Most existing
datasets [5], [34] describe these tasks in free-form language
descriptions, which usually use a very long and verbose
sentence or paragraph to describe a perception or prediction
task while truly contains only a few key elements. To address
this issue, we incorporated the perception and prediction
tasks into the NuScenes-S dataset and managed them in a
structured and concise manner to improve the efficiency and
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Fig. 3: An annotation example of the NuScenes-S dataset.

integration of VLMs. The perception and prediction tasks
in NuScenes-S are structured as follows: {Object:{Camera
view, 2D bounding box, Future state}}.

« Object: The object is the key element in the perception
and prediction tasks, which includes the following at-
tributes: { Camera view, 2D bounding box, Future state}.

o Camera view: The camera view of the object, which
helps ego vehicle to identify the direction of the object
in decision making. The camera view includes {Front,
Front left, Front right, Back, Back left, Back right}.

« 2D bounding box: The 2D bounding box of the object,
which helps ego vehicle to locate the object in the cam-
era view. The 2D bounding box consists of coordinates
of the two diagonal vertices {xI, yl, x2, y2}.

o Future state: The future state of the object, the ego
vehicle makes driving decisions based on the future state
of the object. The future state includes {Straight, Turn
left, Turn right, Slightly left, Slightly right, Stop, Idle}.

C. Decision

Make decisions based on the perception and prediction
tasks is the final and critical step for a driver to drive safely.
Current method rely on linguistic descriptions to describe the
decision-making process that limit the integration of VLMs
into autonomous systems. To address this issue, we treat the
decision-making task as visual action reasoning thus convert
the decision-making task into VLA task through defining
some ruled-based actions similar to modular driving system.
The decision-making task in NuScenes-S is structured as
follows: {Decision: {Lateral movement, Longitudinal move-
ment}}.

o Decision: The decision is a safe driving action that the
ego vehicle could take based on the perception and
prediction tasks, which includes the following attributes:
{Lateral movement, Longitudinal movement}.

« Lateral movement: The lateral movement of the vehi-
cle, which includes {Turn left(L), Turn right(R), Slightly
left(1), Slightly right(r), Straight(S)}.

« Longitudinal movement: The longitudinal movement
of the vehicle, which includes {Accelerate(A), Deceler-
ate(D), Cruising(C), Idle(I)}.

D. Dataset Construction

In order to construct a high-quality structured benchmark
dataset, we construct the datasets with a tiered and compara-
tive optimization manner through holistic integration of rule-
based annotation, VLM annotation, and human refinement,
as is shown in Fig. 2. Specifically, in scene description,
we first annotation scene information through GPT and
human annotators, then we use compare the results of GPT
and human annotators to find the difference and refine the
annotations by human annotators. Similarly, in perception
and prediction tasks, we first define some rules to extract key
objects then we use VLMs and human annotators to anno-
tation the key objects synchronously. Subsequently, through
comparative optimization and human refinement to ensure
the quality of the dataset. Finally, the related information
of key objects could be extracted directly from NuScenes
dataset. Finally, The decision task is annotated rule-based
and human annotators to get initial annotations, then further
refined by human annotators with comparative optimization.
It is worth noting that by strategically organizing the annota-
tion sequence, partial parallelization of the annotation tasks
can be achieved, thereby improving annotation efficiency. On
the other hand, by combining multiple annotation methods
and employing contrastive optimization, the arbitrariness of
relying on a single annotation method is avoided, further
enhancing the quality of the dataset.

IV. FASTDRIVE

The overview of the FastDrive is shown in Fig. 4.
FastDrive is a compact VLM for end-to-end autonomous
driving with parameters of 0.9B, significantly lower than
current methods. The model follows the “ViT-Adapter-LLM”
architecture widely used in various MLLM studies [11], [12]
but introduced an optional TokenPacker module that reduce
the number of visual tokens to improve the inference speed.
Moreover, we fine tune the model by chaining autonomous
driving tasks into a reasoning process, aiming to accelerate
the model’s learning of the relationships between these tasks
and improve the model’s performance on the NuScenes-S
benchmark.

A. Vision Encoder

The backbone of the Vision Encoder is a Vision Trans-
former (ViT) based on Intern ViT-300M [35], which is
distilled from the teacher model Intern ViT-6B [13]. The ViT
backbone consists of a stack of 24 Transformer blocks with
16 heads, and the hidden size of the model is 1024 with 0.3B
parameters. It can achieve a competitive performance on
various vision-language tasks while maintaining a relatively
small number of parameters by incrementally pre-training
the model on large-scale datasets. As is shown in Fig. 4, the
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Fig. 4: The framework of the FastDrive model for end-to-end autonomous driving.

ViT backbone takes the input images of six different views,
including front, front left, front right, back, back left, and
back right, and extracts visual features from the images. The
visual features are then projected into feature space of LLM
by an MLP adapter. Additionally, we introduce an optional
TokenPacker module to reduce the number of visual tokens,
which can improve the inference speed of the model while
maintaining the competitive performance.

B. LLM Agent

As illustrated in Fig. 4, the LLM plays a “brain” role in
the FastDrive model throughout the driving process, which
takes the visual features from the Vision Encoder and the
structured language instructions as input and generates the
scene description, identifys key objects, predicts their future
states, and makes driving decisions in a chain of thought
(CoT) manner. Specifically, we choose Qwen2.5 [36] as
the LLM agent in the FastDrive model, which is a small
LLM model with 0.5B parameters. Qwen2.5 has shown
competitive performance on a wide range of benchmarks
evaluating language understanding, reasoning, etc. It has
achieved a significant improvement in instruction following,
understands structured data and generates structured outputs.
Thus, we select Qwen2.5 as the LLM agent in the FastDrive
baseline model.

V. EXPERIMENTS

A. Implementation Details

The experiments are conducted on 8 NVIDIA RTX 4090
GPUs. The FastDrive model is trained with a batch size of 1
for 10 epochs using the Adam optimizer with an initial learn-
ing rate of le-4, and the learning rate is decayed by a factor
of 0.05. The experiments are conducted on the NuScenes-S
dataset, which contains about 102K QA pairs in total. The
dataset is split into 84K training QA pairs, 18K test QA pairs.
The evaluation metrics include Language metrics, Average
Precision (AP), Recall, Precision and Decision Accuracy for

perception, prediction, and decision-making tasks.
B. Quantitative Results

Scene Understanding. The TABLE. II show the perfor-
mance of scene understanding on the NuScenes-S dataset, the
results demonstrate that the FastDrive model achieves com-
petitive performance on the structured benchmark dataset.
In TABLE. III, we compare the models’ performance in per-
ception, prediction, and decision-making tasks. The DriveLM
model excels in perception with higher language metrics but
lower accuracy, while FastDrive outperforms in prediction
and decision-making with higher accuracy. This raises the
issue that language evaluation metrics may not be suitable for
assessing autonomous driving tasks, as they primarily mea-
sure fluency and coherence, which are important for natural
language processing but do not capture the practical aspects
of autonomous driving. These metrics focus on how well
the generated text flows or aligns with human expectations,
but they fail to evaluate the model’s functional correctness
in decision-making, perception, and real-world performance.
In autonomous driving, what matters most is how effectively
the model interprets sensory data and makes safe, accurate
driving decisions, aspects that may be challenging to fully
capture with verbose language descriptions.

Perception & Prediction & Decision. Additionally, it’s
worth noting that the language evaluation metrics get worse
in perception tasks, which may raise another current VLMs
may further improve the reasoning capabilities since the
perception tasks are more challenging with complex and
multimodal reasoning compared to the scene understanding.
Moreover, the final task of end-to-end autonomous driving is
generating safe and reasonable driving decisions, which is the
most critical and challenging task for VLMs. From the TA-
BLE. I1I, the FastDrive model achieves the best performance
in decision-making tasks with the highest accuracy metrics.
However, we also observed that the decision accuracy is
relatively low. Further analysis revealed that the proportion of
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Method | Language | Accuracy (%)

\ BLEU.1 BLEU2 BLEU3 BLEU4 ROUGEL CIDEr \ weather time traffic road area mark light sign
DriveLM 82.70 76.51 70.41 65.05 83.93 5.30 85.47 9991 76.30 83.85 7496 8149 8557 83.90
FastDrivegy 80.49 77.66 72.77 68.06 60.53 3.58 93.35 99.81 78.08 86.57 7598 8231 88.22 85.85
FastDrive;se 86.77 81.09 75.34 70.36 87.24 6.20 94.13 99.95 78.15 87.66 7649 82.06 87.74 87.64

TABLE II: Performance of scene description on the NuScenes-S dataset. Bold indicates the best performance. FastDrivegy
(with TokenPacker) and FastDriveysq are the FastDrive models with 64 and 256 tokens, respectively. The same applies to

the following tables.

M Perception | Prediction | Decision
ethod

BLEU.1 BLEU2 BLEUJ3 BLEU4 ROUGEL CIDEr AP Recall \ State \ Dec  Dec(s) Lat Lon
DriveLM 34.82 29.59 23.23 17.45 35.31 0.74 0.21 0.30 0.36 0.28 0.59 0.72  0.35
FastDrivegy 26.07 15.17 8.86 4.25 34.37 0.75 0.31 0.45 0.44 0.38 0.63 0.74 045
FastDrive,sq 26.48 15.23 9.11 4.75 34.77 0.61 0.37 0.53 0.44 0.39 0.63 0.76  0.46

TABLE III: Performance of perception, prediction, and decision-making tasks on the NuScenes-S dataset. DEC represents
the accuracy of decision results that are consistent with the ground truth. Dec(s) represents the proportion of safe decisions,
including those that match the ground truth as well as those that deviate from the ground truth but are still considered safe.

Method Params Trainable Memory (GB) FPS
DriveLM* 3.955B 12.9M 14.43 0.20
DriveLM 3.955B 12.9M 14.43 0.36
FastDriveg, * 0.9B 8.79M 1.97 2.86
FastDrivesse 0.9B 8.79M 1.97 2.11
FastDrivegy 0.9B 8.79M 1.97 4.85
FastDrive;sg 0.9B 8.79M 1.97 4.01

TABLE IV: Comparison of model parameters, trainable
parameters, FLOPs, and inference speed (FPS) for different
models. i indicates that the model is tested on the DriveLM
dataset.

S FastDrive | FastDrive w/o
cene

Dec Dec(s) Lat Lon \ Dec Dec(s) Lat Lon
weather  0.35 0.55 0.79 044 | 0.33 0.51 0.78 043
time 0.38 0.59 0.84 045 | 0.37 0.58 0.86 043
traffic 0.44 0.69 0.85 047 | 040 0.66 0.82 047
road 0.40 0.64 0.78 047 | 0.39 0.64 0.78 046
area 0.33 0.53 0.66 0.44 | 0.28 0.51 0.66 0.39
mark 0.39 0.64 0.77 047 | 0.39 0.63 0.77 046
light 0.39 0.69 0.57 048 | 042 0.63 0.68 0.1
sign 0.42 0.65 0.68 0.53 | 0.40 0.64 0.70  0.51

TABLE V: Ablation studies on the impact of scene annota-
tions on driving decisions. w/o indicates the ablation study.

safe decisions is relatively high, indicating that the Vision-
Language Model (VLM) tends to favor more conservative
decisions. In addition, the accuracy of lateral (horizontal)
decisions is higher than that of longitudinal (vertical) deci-
sions, reflecting that longitudinal decision-making may be
inherently more challenging.

Inference Acceleration We conduct comparative latency
analysis across models in TABLE. IV. Experimental results
demonstrate that FastDrive achieves 4.85 FPS inference
speed while maintaining competitive performance on the
NuScenes-S benchmark, representing a 13.5x acceleration
over DriveLM’s 0.36 FPS baseline. This efficiency stems
from three synergistic optimizations: (1) Architectural com-
pactness reduces computational overhead (0.9B vs. 3.96B
parameters); (2) Systematic conversion of unstructured lin-
guistic inputs into structured formats via NuScenes-S, elim-
inating redundant semantic processing; (3) Visual token

compression reduces the number of visual tokens, further
improving inference efficiency. While current implementa-
tion employs basic token pruning strategies, advanced visual
compression architectures present promising directions for
future investigation.

C. Ablation Studies

To evaluate the impact of scene annotation information
on driving decisions, we design a comprehensive set of
ablation experiments to observe how the absence of each
factor influences the model’s decision-making performance.
Specifically, we perform a series of fine-tuning experiments,
where we systematically remove individual types of scene
annotation elements. Then we compare the performance of
these ablated models with the fully annotated model in corre-
sponding challenging scenarios, providing a detailed analysis
of how different types of scene information contribute to
the model’s decision-making capabilities. The results are
shown in TABLE. V and Fig. 5. The results show that the
FastDrive model with complete scene annotations achieves
better performance in driving decisions than the FastDrive
model without specific scene annotations in challenging
scenarios, which indicates that the scene annotations are
beneficial for the model to make safe and reasonable driving
decisions.

It’s worth noting that in the traffic light ablation experi-
ment, the ablated model slightly outperformed the complete
model. This can be attributed to the logical complexity
introduced by traffic lights and the conservative nature of the
model. From the results, we observe that the model more
tends to adopt overly conservative decisions when traffic
light information is provided. As is illustrated in Fig. 5, the
ego vehicle tends to turn left when the traffic light is red,
which is a safe and reasonable drive decision. The model
tends to adopt overly conservative decisions to ensure safety
when capture the traffic light information while the ablation
model relies more directly on dynamic scene context and
the behavior of surrounding traffic participants, allowing it
to make decisions that align more closely with the actual
ground truth. In all, the results show that traffic lights do
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Question: Please identify the key objects and predict the future behaviors of the key objects.
Answer: vehicle.car: CAM_FRONT Straight [558, 510, 672, 688]...
Answer(w/0): vehicle.car: CAM_FRONT Straight[551, 511, 661, 678]...
Ground Truth: vehicle.car: CAM_FRONT Straight [565, 521, 668, 668].

Question: What is the correct decision for the ego vehicle?
Answer: SD Ground Truth: SD

Perception
& Prediction!

CAM BACK CAM BACK RIGHT

L Road condition

Question: Current scene: CAM_FRONT_LEFT: <image> CAM_FRONT: <image>
CAM_FRONT_RIGHT: <image> CAM_BACK_LEFT: <image> CAM_BACK: <image>
CAM_BACK_RIGHT: <image>. Please describe the scene.

Answer: rainy\nnight\nheavy\nwet\nintersection\nNone\nred\nNone

Answer(w/0): rainy\nnightinheavy\nwet\nintersection\nNone\nNone

Ground Truth: rainy\nnight\inheavy\nwet\nintersection\nNone\nred\nNone

Question: Please identify the key objects and predict the future behaviors of the key objects.
Answer: vehicle.truck: CAM_FRONT Stationary[0, 506, 271, 740]...

Answer(w/o): vehicle.truck: CAM_FRONT Turn Left[0, 503, 261, 752]...

Ground Truth: vehicle.truck: CAM_FRONT Turn Left [0, 496, 262, 753]...

Question: What is the correct decision for the ego vehicle?
Answer: | Answer(w/o): LA Ground Truth: LA

! Question: Current scene: CAM_FRONT_LEFT: <image> CAM_FRONT: <image> i
3 CAM_FRONT_RIGHT: <image> CAM_BACK_LEFT: <image> CAM_BACK: <image> !
, CAM_BACK_RIGHT: <image>. Please describe the scene. :
| Answer: cloudy\nnightinmoderate\nsmooth\nresidential\nstraight\nNone\nNone i
i Answer(w/0): cloudy\nmoderate\nsmooth\nresidential\nstraight\nNone\nNone 3
! Ground Truth: cloudy\nnightinlow\nsmooth\nresidential\nstraight\nNone\nNone | |
! Question: Please identify the key objects and predict the future behaviors of the key objects. |
| Answer: vehicle.car: CAM_FRONT Straight [519, 521, 631, 739]

i Answer(w/0): vehicle.car: CAM_FRONT Straight [511, 521, 632, 749]
! Ground Truth: vehicle.car: CAM_FRONT Straight [500, 531, 639, 730]

1/ Question: Current scene: CAM_FRONT_LEFT: <image> CAM_FRONT: <image>

i CAM_FRONT_RIGHT: <image> CAM_BACK_LEFT: <image> CAM_BACK: <image>

i CAM_BACK_RIGHT: <image>. Please describe the scene.

| Answer: cloudy\ndyatime\nmoderate\ nconstruction\nintersection \nNone\ngreen\nNone
| Answer(w/0): cloudy\ndaytime\nmoderate\nintersection\nNone\ngreen\nNone

i Ground Truth: cloudy\ndaytime\nmoderate\nconstruction\nintersection\nNone\ngreen\nNone |

| Question: Please identify the key objects and predict the future behaviors of the key objects.
| Answer: vehicle.construction: CAM_FRONT Turn Right[1086, 390, 331, 628]...

i Answer(w/0): vehicle.construction: CAM_FRONT Turn Right[109, 373, 331, 640]...

i Ground Truth: vehicle.car: CAM_FRONT_RIGHT Turn Left [431, 512, 561, 693]...

Question: What is the correct decision for the ego vehicle?
Al

uestion: What is the correct decision for the ego vehicle?
nswer: SD Answer(w/0): SA Ground Truth: SD

CAM BACK
Weather

CAM BACK LEFT

nswer: rA Answer(w/0): SA Ground Truth: rA | |

CAM FRONT LEFT CAM FRONT CAM FRONT RIGHT

CAM BACK LEFT

CAM BACK
Traffic light

CAM BACK RIGHT

Fig. 5: Examples of ablation studies on the impact of scene annotations on driving decisions. The red decision represents a

decision that is not consistent with the ground truth.

indeed impact the model’s decision-making, highlighting a
potential research direction for the efficient integration of
scene information to strike a balance between safety and
accuracy in autonomous driving.

VI. CONCLUSION

In this work, we introduce the NuScenes-S dataset, a
structured benchmark dataset for autonomous driving, which
follows the human-like reasoning process across perception,
prediction, and decision-making tasks. The NuScenes-S ad-
dress the limitations of redundancy and synonymous expres-
sions caused by free-form and lengthy language descrip-
tions in existing datasets through structured labeling. This
approach reduces the complexity of handling unstructured

information, allowing the model to process and interpret data
more effectively, leading to more efficient decision-making.
We also present the FastDrive, a compact VLM for end-to-
end autonomous driving, which achieves competitive perfor-
mance on the NuScenes-S dataset with faster inference speed
and fewer parameters on NuScenes-S dataset. This highlights
the potential of small-parameter models in structured bench-
mark datasets. Moreover, we conduct extensive experiments
analysis the impact of scene annotations on driving decisions,
which demonstrates that the scene annotations are beneficial
for the model to make safe and reasonable driving decisions.
We believe that the NuScenes-S dataset and the FastDrive
model will serve as a valuable resource for future research
in autonomous driving and structured benchmark datasets.
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