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The scene lacks visible lane lines, sidewalks,

or guardrails. The area appears to be 

a parking or staging area within a 

commercial or industrial setting.

The scene has no signal lights and clear 

rights  of way. Due to 'Street Closed’ 

and other detour signs, it belongs

to “Construction Zones”.

The scene has a dog crossing the

road. The dog's presence requires 

the vehicle to be prepared to stop or 

slow down in order to avoid hitting the dog.

The road surface is covered in 

snow, which could be slippery. The 

vehicle must drive cautiously to avoid 

skidding as it is a very dangerous situation.
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Figure 1: Visual Abstract of Impromptu VLA. We construct Impromptu VLA Dataset, which
contains over 80K clips curated from 8 open-sourced datasets, focusing on four critical types of
unstructured "corner case" scenarios that challenge current autonomous driving vehicles. It supports
interconnected VLA tasks including scene understanding, prediction, meta planning and trajectory
planning. Key experimental results demonstrates that VLA models trained with Impromptu VLA
Dataset achieve significant performance improvements in both closed-loop and open-loop metrics.

Abstract

Vision-Language-Action (VLA) models for autonomous driving show promise
but falter in unstructured corner case scenarios, largely due to a scarcity of tar-
geted benchmarks. To address this, we introduce Impromptu VLA. Our core
contribution is the Impromptu VLA Dataset: over 80,000 meticulously curated
video clips, distilled from over 2M source clips sourced from 8 open-source large-
scale datasets. This dataset is built upon our novel taxonomy of four challenging
unstructured categories and features rich, planning-oriented question-answering
annotations and action trajectories. Crucially, experiments demonstrate that VLAs
trained with our dataset achieve substantial performance gains on established bench-
marks—improving closed-loop NeuroNCAP scores and collision rates, and reach-
ing near state-of-the-art L2 accuracy in open-loop nuScenes trajectory prediction.
Furthermore, our Q&A suite serves as an effective diagnostic, revealing clear VLM
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improvements in perception, prediction, and planning. Our code, data and models
are available athttps://github.com/ahydchh/Impromptu-VLA .

1 Introduction

Autonomous driving has achieved remarkable progress, demonstrating increasing pro�ciency in
navigating the well-structured environments of urban centers and highways where clear lane markings
and predictable traf�c �ows are the norm [23, 29, 58]. However, the ultimate ambition of ubiquitous
self-driving compels us to look beyond these well-trodden paths towards the intricate and often
unpredictable domain of unstructured roads. Theseunstructuredscenarios—encompassing everything
from rural tracks and dynamic construction zones to areas with ambiguous signage or those recovering
from natural events—represent the next signi�cant frontier. It is here that current autonomous systems
often face their sternest tests, and where breakthroughs are essential for realizing the full potential of
go-anywhere autonomous capabilities [74].

Successfully navigating this frontier is profoundly hindered by a critical scarcity of specialized data.
While numerous driving datasets have been foundational to current progress, they predominantly
capture common, structured traf�c situations [7, 8, 21, 42, 43, 55, 59, 68]. This leaves a signi�cant
blind spot concerning the sheer diversity and unique challenges posed by unstructured settings, such
as ill-de�ned road boundaries, the appearance of unconventional dynamic obstacles, adherence to
makeshift traf�c rules, or dealing with treacherous road surfaces. Without large-scale, meticulously
annotated datasets that speci�cally re�ect these complex conditions [70, 47], the ability to train robust
AI drivers and rigorously evaluate their adaptability in such scenarios remains severely constrained.

To address this data void, we introduce theImpromptu VLA Dataset , a new large-scale benchmark
speci�cally curated to propel research in autonomous driving on unstructured roads, as introduced
in Figure 1. Distilled from an initial pool of over two million clips from eight diverse public
sources [7, 8, 21, 42, 43, 55, 59, 68], Impromptu VLA comprises approximately� 80,000 metic-
ulously selected and veri�ed clips. These are categorized into four distinct types of challenging
unstructured scenarios—roads with unclear boundaries, temporary traf�c rule changes, unconven-
tional dynamic obstacles, and challenging road conditions—and are enriched with extensive multi-task
annotations and planning trajectories. The dataset was constructed using an advanced pipeline that
leverages Vision-Language Models (VLMs) with Chain-of-Thought reasoning [39, 2, 12] for nuanced
understanding, followed by comprehensive human veri�cation to ensure high-quality, reliable labels.

Our comprehensive experimental evaluations rigorously validate the ef�cacy of the Impromptu
VLA Dataset. We demonstrate that VLMs �ne-tuned on our dataset exhibit substantially improved
performance on established autonomous driving benchmarks. For instance, in challenging closed-
loop NeuroNCAP [41] simulations (Table 2), our 3B model enhanced with Impromptu VLA saw its
average NeuroNCAP score increase signi�cantly to2.06/5.00 from 0.75/5.00 achieved by the baseline,
while its average collision rate was critically reduced from 90.0% down to65.1%. In open-loop
nuScenes [7] evaluations for trajectory prediction, pre-training with our dataset also markedly reduced
L2 errors; our 3B model �ne-tuned with Impromptu VLA achieved an average L2 error of 0.30m,
bringing its performance nearly on par with leading specialized methods like EMMA+ [25] (0.29m),
despite the latter often bene�ting from substantially larger proprietary training datasets [88, 26].
Furthermore, evaluations on our dataset's own diverse Q&A validation suite reveal signi�cant and
quanti�able gains in speci�c VLM capabilities related to perception, prediction, and planning within
these demanding unstructured contexts.

Our primary contributions are summarized as follows:

• The Impromptu VLA Dataset: A publicly available, large-scale, and richly annotated
resource meticulously focused on diverse and challenging unstructured driving scenarios,
designed to �ll a critical gap in existing data resources.

• A systematic taxonomy for unstructured road conditions and a scalable, VLM-centric data
curation pipeline for their identi�cation, categorization, and comprehensive annotation with
multi-task Q&A suitable for training advanced VLMs.

• Extensive experimental evidence demonstrating that training with the Impromptu VLA
Dataset signi�cantly boosts results on standard driving benchmarks, and serves as an
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Figure 2: Characteristics comparison of different driving scene datasets. Figure (a) illustrates the
distribution of scene categories across various datasets and the number of video clips contained in
each category, providing a direct view of the emphasis on different scene types and the data scale
of each dataset. Figure (b) compares the trajectory distribution in the original with the trajectory
distribution in our constructed dataset, explaining the trajectory diversity of our dataset. Figure (c)
shows examples of different scene categories from 8 source datasets. Notably, the IDD dataset lacks
data for the "Challenging Road Conditions" category.

Attribute Mapillary ONCE NAVSIM nuScenes Waymo Argoverse-V2 KITTI IDD Sum.

Camera Views 1 7 8 6 5 7 1 1 -
Resolutions Variable 1920 x 1020 1920 x 1080 1600 x 900 640 x 360 1550 x 2048 1242 x 375 1920 x 1080 -
FPS 2Hz* 2Hz 2Hz 2Hz 10Hz 20Hz 10Hz 15Hz
Raw Clip Count 1000k 800k 90k 40k 40k 320k 20k 7k 2000k
Labeled Clip Count 22062 18093 18600 11370 7530 2490 930 930 80k
Raw Data Size 60GB 2TB 450GB 1.5TB 5TB 1TB 180GB 18GB 10TB
Labeled Data Size 1GB 5GB 12GB 10GB 7GB 7GB 1GB 0.5GB 43.5GB

Table 1:Dataset Information. Summary of key attributes for the datasets used in this study. Note
that the Mapillary dataset exhibits variable resolutions. For the Mapillary dataset, the frequency is
assumed to be 2Hz as speci�c FPS information is not explicitly provided.

effective diagnostic tool for assessing and improving VLM capabilities in unstructured
environments.

2 Impromptu VLA Dataset: Learning to Drive on Unstructured Roads

2.1 Overview

The research community currently lacks suf�cient large-scale, diverse, and meticulously annotated
datasets speci�cally focused on unstructured scenarios. To address this critical gap, we introduce
theImpromptu VLA Dataset , a dataset curated to foster advancements in autonomous driving on
unstructured roads. Sourced from an initial aggregation of over 2 million clips (occupying over 10T
of storage) from eight prominent public datasets [7, 8, 21, 42, 43, 55, 59, 68], the Impromptu VLA
Dataset has been distilled into a highly concentrated collection of� 80,000 clips after our selection
mechanism, which is illustrated in Figure 3. The resulting dataset speci�cally captures a diverse array
of challenging scenarios, including roads with unclear boundaries, the presence of unconventional
dynamic obstacles, and segments with temporary or non-standard traf�c rules (see Table 1 for detailed
statistics).

2.2 De�ning a Taxonomy for Unstructured Driving Scenarios

A primary objective in creating the Impromptu VLA Dataset was to move beyond a monolithic and
vague view ofunstructurednessand establish a more granular understanding of the speci�c challenges
these environments present. To achieve this, and to focus the dataset on scenarios that genuinely test
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Figure 3: Data Processing and Annotation Pipeline for the Impromptu VLA Dataset. The
diagram outlines the sequential process for creating our dataset, starting from raw data collection
and scenario taxonomy de�nition (Sec. 2.2, through frequency alignment and keyclip selection,
to multi-task annotation generation via Qwen2.5-VL (including scene description, object/feature
analysis, and labeling), and concluding with rigorous human veri�cation (Sec. 2.3).

the limits of current autonomous driving systems, our preliminary effort undertook a data-driven
process to de�ne a concise yet comprehensive taxonomy of unstructured road scenarios.

Our methodology for de�ning these categories began with an extensive, unbiased exploration of the
collected data. We �rst created a representative subset by sampling approximately 10% of the clips at
regular intervals from the aggregated and standardized multi-source dataset. This subset was then
subjected to an open-ended descriptive analysis using the capabilities of a powerful Vision-Language
Model, Qwen2.5-VL 72B [3]. Instead of querying the model to answer questions in a prede�ned
label protocol, we leveraged the VLM's advanced image understanding capabilities to prompt it to
generate detailed textual descriptions for each scene, as shown in the Appendix.

The subsequent phase involved a multi-stage, highly automated process to distill these descriptions
into meaningful categories of unstructured challenges. First, toprogrammatically identify and �lter
out conventional driving scenarios, we employed another VLM-based classi�cation step. Each
initial, rich scene description generated by Qwen2.5-VL was evaluated using a carefully designed
prompt, which instructed the VLM to act as a scenario categorizer to judge if the caption belongs to
unconventional cases. To ensure the reliability and effectiveness of this VLM-based �ltering prompt,
we conducted an iterative re�nement process of prompt. This process is tested on a validation subset
of � 1000 scene descriptions, which were also manually and independently labeled as'Conventional'
or 'Unconventional'by two human annotators. The VLM's classi�cations were compared against
human consensus, and the prompt was iteratively adjusted until achieving a high degree of agreement.

For the selected unconventional scenarios from the full set, we conduct semantic-level analysis to
identify recurring patterns and group semantically similar unstructured scenarios. This clustering
allowed for the bottom-up emergence of potential subcategories, such as those involving"unclear
road edges," "temporary road work," "animals on road," or "poor visibility due to snow."Through
iterative re�nement, consolidation of these machine-generated clusters, and abstraction based on the
primary source of driving complexity identi�ed in these groups, we converged on the four salient
high-level categories detailed below.

1. Roads with unclear boundaries: Scenarios where the traversable path is ambiguous or unde�ned,
such as rural dirt tracks, off-road trails, or roads with faded/absent markings. These severely challenge
perception tasks like lane detection and drivable area segmentation.

2. Temporary traf�c rule changes: Dynamic situations where standard traf�c rules are temporarily
altered by construction zones, human traf�c controllers, or temporary signage, requiring autonomous
vehicles to adapt to unusual instructions and road layouts.

3. Unconventional dynamic obstacles: Features dynamic actors or obstacles uncommon in typical
urban driving that demand specialized interaction strategies. Examples include large or erratically
moving vehicles, vulnerable road users in unexpected locations, or animal encounters, all posing
sudden hazards.
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4. Challenging road conditions: Encompasses scenarios where adverse road surfaces (e.g., potholes,
mud, snow, ice) or environmental conditions (e.g., fog, heavy rain, low-light, glare) severely impair
visibility or affect vehicle dynamics, complicating hazard perception and safe navigation.

2.3 Data Processing and Annotation

Following the de�nition of our unstructured scenario taxonomy (Section 2.2), the curated data
underwent several processing and annotation stages as depicted in Figure 3.

Keyclip Selection and Stability Filtering. All collected sequences were �rst standardized to a
uniform temporal rate of 2 Hz, addressing inconsistencies from diverse sources (Table 1). We aligned
the clip con�guration with NAVSIM [14], keeping 1.5 seconds from the past and 5 seconds for the
future, and selected that central keyclip from each pack for annotation. To minimize false positives
from transient keyclip-level predictions, we employed a temporal stability packing mechanism.
Speci�cally, adjacent clips were packed into (up to if possible) 15-second "local-�lter pack". Scene
characteristic of a clip (preliminarily identi�ed at keyclip-level) was only considered stable and
propagated to subsequent annotation stages if it persisted for a minimum number of clips within this
pack (e.g., more than a single occurrence). It is important to note that these "local-�lter pack" were
solely for this stability check and selection process; the �nal dataset primarily consists of individually
annotated keyclips.

Scene Classi�cation and Structured Information Extraction via CoT prompting. Selected
keyclips were classi�ed using Qwen2.5-VL 72B [3] with Chain-of-Thought (CoT) prompting [65]
to extract rich structured information beyond simple captions. This hierarchical reasoning process
analyzed overall scene context (R1: description), static roadway features (R2), movable objects (R3),
and culminated in a justi�ed �nal assignment (R4) to one of our four unstructured scene categories
(Section 3.2). The structured CoT output provided not only the scene category but also a wealth of
contextual information for subsequent task annotation.

Multi-Task Annotation Generation. Leveraging the scene category and the structured information
extracted during the CoT process, we further enriched each keyclip with a diverse set of task-speci�c
annotations, drawing inspiration from comprehensive annotation frameworks like Senna [28]. This
multi-task annotation was achieved through a combination of rule-based and LLM-based methods.
Speci�cally, we generated the following annotations for each selected keyclip.1. Scene Description:
Comprehensive descriptions capturing the overall environmental context, time, weather, and traf�c
conditions were produced through targeted queries to VLM.2. Traf�c Signal Detection: The presence
state and type of active traf�c signals were identi�ed via further VLM queries.3. Vulnerable Road
User (VRU) Identi�cation: Information on VRUs, including their presence, type (e.g., pedestrian,
cyclist), and distances from the ego vehicle, was derived from ground truth data.4. Motion Intention
Prediction: To capture dynamic aspects, predicted motion intentions for key actors in the scene were
generated by VLM.5. Meta-action Planning: High-level plans (e.g., accelerate-left, keep-straight)
for the ego-vehicle were formulated, typically through VLM prompting conditioned on the scene
context.6. Planning Explanation: Textual explanations, rationalizing potential or actual ego-vehicle
maneuvers in response to the scene, were generated by the VLM.7. End-to-End Trajectory Prediction:
Data to support this task was curated by structuring past vehicle states and corresponding future target
trajectories in the ground truth.

Comprehensive Human Veri�cation. All generated annotations—both the primary unstructured
scene category and the subsequent multi-task labels—were subjected to a meticulous human ver-
i�cation process. Annotators reviewed each keyclip and its associated labels, providing a binary
judgment (accept/reject) or performing minor corrective edits if necessary. This ensured high �delity
across the entire dataset. To quantitatively assess the VLM's scene classi�cation performance for
our de�ned unstructured categories prior to extensive human review, we evaluated it on a subset
of 200 images sampled at intervals from the nuScenes dataset. Comparing VLM classi�cations
against expert manual labels yielded strong F1 scores for several categories: 0.90 for 'Temporary
Traf�c Rule Changes', 0.81 for 'Unconventional Dynamic Obstacles', and 0.91 for 'Challenging
Road Conditions'. The 'Road With Unclear Boundaries' category was found to be too rare within
this speci�c nuScenes subset for a meaningful F1 score calculation. These validation results provide
con�dence in the VLM-based stages of our annotation pipeline.
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Source Method NeuroNCAP Score" Collision rate (%) #

Avg. Stat. Frontal Side Avg. Stat. Frontal Side

CVPR 2023 UniAD2 0.73 0.84 0.10 1.26 88.6 87.8 98.4 79.6
ICCV 2023 VAD2 0.66 0.47 0.04 1.45 92.5 96.2 99.6 81.6
ICRA 2025 SparseDrive1 0.92 - - - 93.9 - - -
CVPR 2025 BridgeAD-S1 1.52 - - - 76.2 - - -
CVPR 2025 BridgeAD-B1 1.60 - - - 72.6 - - -
- Base+nuScenes 0.75 0.99 0.55 0.70 90.0 88.6 93.2 88.0
- Base+Impromptu+nuScenes 2.06 2.55 1.86 1.78 65.1 54.8 72.8 67.6

Table 2: Results on NeuroNCAP. (where1 indicates sourced from [81] and 2 indicates sourced
from [40]) Best scores in each category (without/with post-processing) are inbold, second best are
underlined. The improvements in both the overall NeuroNCAP score and, crucially, the reduction in
collision rates suggest that our dataset helps the model develop a more nuanced understanding of
complex road interactions, leading to more robust and safer driving policies.

To provide a clearer measure of this process and the initial VLM performance, we logged detailed
statistics during veri�cation. The initial acceptance rate for VLM-generated annotations by our human
annotators was approximately 81%. For the remaining 19% of annotations that required review, 65%
were ultimately discarded as they did not meet our criteria for unstructured scenarios, while 35%
were corrected by human annotators. A breakdown of the rejected 19% across the four categories
reveals where the VLM faced the most challenges: 'Challenging Road Conditions' accounted for
42.5% of rejections, followed by 'Unconventional Dynamic Obstacles' (32.0%), 'Temporary Traf�c
Rule Changes' (22.9%), and 'Road With Unclear Boundaries' (2.6%). These �gures quantify the
VLM's initial accuracy and underscore the critical role of our human veri�cation phase in ensuring
the �nal dataset's high �delity.

2.4 Dataset Statistics

The �nal Impromptu VLA Dataset comprises a substantial collection of annotated clips speci�cally
curated for their unstructured road characteristics. Figure 2 illustrates the total number of these
clips derived from each source dataset and presents the overall distribution of these clips across the
four de�ned unstructured scenario categories introduced in Sec. 2.2. The coverage of trajectory
distribution is also reported in Figure 2.

To maximize the utility of this dataset for training and evaluating perception and planning models,
the rich multi-task annotations generated for each clip (as detailed in Sec. 2.3) are structured as
planning-oriented Question-Answering (Q&A) pairs. This format, inspired by frameworks like
DriveVLM [ 58] or EMMA [ 25], directly associates visual inputs, text outputs and action trajectory
predictions within sequence space of LLMs. For standardized evaluation, the entire dataset of curated
clips, across all four unstructured categories, is partitioned into training and validation sets using
an 80:20 split. This strati�cation is performed within each category to ensure that the validation set
maintains a representative distribution of all de�ned unstructured road challenges.

3 Experiments

This section empirically validates our Impromptu VLA Dataset by investigating its impact on
advancing autonomous driving models. We seek to answer:

(1) Does training with our dataset improve vision-language model (VLM) performance on existing
benchmarks, both closed-loop and open-loop?

(2) In which speci�c aspects does the Impromptu VLA Dataset enhance VLM performance - per-
ception, prediction, or planning? How effectively does our validation set, with its detailed planning-
oriented Q&A, serve as a diagnostic benchmark for pinpointing these contributions and evaluating
model capabilities in these distinct tasks?

3.1 Pushing Forward Boundaries of Existing End-to-end Autonomous Driving Benchmarks
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Method L2 Error (m) #

1s 2s 3s Avg.

Closed-source API-only Models

GPT-4o1 [24] 0.28 0.93 2.02 1.07
Claude-3.5-Sonnet1 0.29 0.98 2.12 1.13
Claude-3.7-Sonnet1 0.28 0.94 2.04 1.09
Gemini-2.0-Flash1 0.31 1.08 2.36 1.25
Gemini-2.5-Pro1 0.37 1.35 2.96 1.56

Open-source Generalist VLMs

LLaVA-1.6-Mistral-7B2 1.49 3.38 4.09 2.98
Llama-3.2-11B-Vision-Instruct2 1.54 3.31 3.91 2.92
Qwen2-VL-7B-Instruct2 [80] 1.45 3.21 3.76 2.81
DeepSeek-VL2-16B1 [71] 0.66 1.68 2.92 1.75
DeepSeek-VL2-28B1 [71] 0.37 1.35 2.96 1.56
LLaMA-3.2-11B-Vision-Instruct1 0.52 1.42 2.68 1.54
LLaMA-3.2-90B-Vision-Instruct1 0.66 1.71 3.01 1.79
Qwen-2.5-VL-7B-Instruct1 [4] 0.46 1.33 2.55 1.45

Training-based Driving Specialists (Existing Methods)

UniAD3 [23] 0.42 0.64 0.91 0.66
VAD3 [29] 0.17 0.34 0.60 0.37
BEV-Planner3 [37] 0.16 0.32 0.57 0.35
Ego-MLP3* [37] 0.15 0.32 0.59 0.35

Ours and Key Competitors (Specialized Driving Models)

DriveVLM3 [58] 0.18 0.34 0.68 0.40
OmniDrive3 [61] 0.14 0.29 0.55 0.33
DriveVLM-Dual3 [58] 0.15 0.29 0.48 0.31
EMMA (random init) [25]3 0.15 0.33 0.63 0.37
EMMA [25]3 0.14 0.29 0.54 0.32
EMMA+3 [25] 0.13 0.27 0.48 0.29
3B Base+nuScenes 0.140.30 0.58 0.34
3B Base+Impromptu+nuScenes 0.13 0.27 0.52 0.30
7B Base+nuScenes 0.13 0.28 0.55 0.32
7B Base+Impromptu+nuScenes 0.13 0.27 0.51 0.30
11B Base+nuScenes 0.13 0.28 0.54 0.32
11B Base+Impromptu+nuScenes 0.13 0.27 0.51 0.30

Table 3: Open-loop trajectory prediction L2 errors (m) on
the nuScenes dataset. (where1 indicates sourced from [48],
2 indicates sourced from [75] and3 indicates sourced from
[25]). Best results within each category are inbold, second
best are underlined.

Closed-loop evaluation.We choose
NeuroNCAP [41], a comprehensive
closed-loop evaluation framework
that leverages the nuScenes dataset
to simulate a wide array of challeng-
ing real-world driving scenarios, al-
lowing for the assessment of an au-
tonomous vehicle's planning and con-
trol systems in terms of safety and
ef�ciency under diverse conditions.
The NeuroNCAP evaluation quanti-
�es performance primarily through
collision rates and the NeuroNCAP
score (NNS). The NNS is computed,
in the spirit of a 5-star rating system,
as follows: a score of5:0 is achieved
if no collision occurs; otherwise, the
score is4:0�max(0; 1� vi =vr ), where
vi is the actual impact speed (magni-
tude of relative velocity between the
ego-vehicle and the colliding actor)
andvr is the reference impact speed
that would occur if no evasive action
were performed. This means that if
a collision is not avoided, the score
linearly decreases from a potential 4
points towards 0 as the impact speed
vi approaches or exceeds the refer-
ence speedvr . Collision rates, on the
other hand, directly track the percent-
age of scenarios resulting in a colli-
sion. These two metrics are catego-
rized by interaction types (e.g., frontal,
side).

Our method involves a compara-
tive study of two distinct training
pipelines. The base model here
is Qwen2.5VL 3B [3]. The
�rst pipeline, which we term
"Base+Impromptu+nuScenes" in
Table 2, involves initially �ne-tuning
the base VLM on the training split
of our Impromptu VLA dataset, and subsequently further �ne-tuning this adapted model on the
nuScenes training set. The second pipeline,"Base+nuScenes", directly �ne-tunes the base VLM
on the nuScenes training set without any exposure to the Impromptu VLA. Both models are then
evaluated on the NeuroNCAP benchmark.

Open-loop Evaluation. In addition to closed-loop simulations, we conduct open-loop evaluations to
speci�cally assess the trajectory prediction accuracy of VLMs when bene�ting from our Impromptu
VLA. For this, we also utilize the nuScenes dataset [7], focusing on the end-to-end trajectory
prediction task. Performance is primarily measured by the L2 distance (in meters) between the
predicted and ground truth trajectories at future time horizons of 1s, 2s, and 3s, along with the
average L2 error. The experimental methodology mirrors the comparative approach used in the
closed-loop tests. We compare two main training strategies for three VLM bases: Qwen2.5VL 3B,
Qwen2.5VL 7B, and LLaMA-3.2-11B-Vision-Instruct: (1)"Base+nuScenes", where base VLM is
directly �ne-tuned on the nuScenes dataset, and (2)"Base+Impromptu+nuScenes", where base
VLM is �rst �ne-tuned on our Impromptu VLA, and this adapted model is then further �ne-tuned on
nuScenes. This comparison aims to isolate the bene�ts conferred by pre-training on our dataset for
the task of trajectory prediction in diverse scenarios. It should be noted that due to computational
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constraints, the reported metrics are the result of a single run. The results, contextualized with several
state-of-the-art methods, are detailed in Table 3.

As demonstrated in Table 3, the open-loop trajectory prediction results on the nuScenes benchmark
reveal a marked improvement when models are pre-trained on our Impromptu VLA Dataset. The
gains in trajectory accuracy are consistently observed across the 1s, 2s, and 3s prediction horizons.
Impressively, this level of enhancement brings the performance of our adapted 3B/7B/11B models,
into a competitive range with leading methods such as EMMA+ [25] (average L2 of 0.29m), despite
EMMA+ bene�ting from training on substantially larger internal datasets with millions of scenarios,
introduced by Waymo. Crucially, the results from the LLaMA-3.2-11B model con�rm that these
bene�ts are generalizable across different VLM architectures. This underscores the ef�cacy of the
Impromptu VLA Dataset (80K clips) in signi�cantly boosting trajectory prediction capabilities.

3.2 Diagnostic Evaluation of VLM Capabilities on Impromptu VLA

To answer the second question—investigating which speci�c aspects of autonomous driving (per-
ception, prediction, or planning) are enhanced by the Impromptu VLA Dataset and how well our
validation set serves as a diagnostic benchmark—we conducted a series of evaluations using its
planning-oriented Q&A tasks. This involved comparing the performance of base Vision-Language
Models (VLMs) against versions �ne-tuned on our dataset in a task-oriented manner.

Method Q&A Accuracy " Traj. Pred. L2 Error (m) #

V.R.U. T. Light Dyn. Obj. M.P. 1s 2s 3s 4s Avg.

3B Base 0.87 0.95 0.20 0.56 3.39 5.31 7.70 10.08 6.62
3B Base+nuScenes 0.90 0.96 0.75 0.72 1.12 1.62 2.24 3.00 2.00
3B Base+Impromptu 0.91 0.96 0.92 0.84 0.16 0.43 0.82 1.34 0.69

7B Base 0.86 0.92 0.22 0.55 2.99 4.80 6.64 8.52 5.74
7B Base+Impromptu 0.91 0.97 0.92 0.83 0.10 0.31 0.65 1.11 0.54

Table 4:Quantitative Evaluation on the Impromptu VLA validation set. Performance comparison
on various QA tasks within our validation set. The table shows metrics for 3B and 7B Qwen2.5-VL
models. Accuracy" is reported for perception (V.R.U., T. Light), prediction (Dyn. Obj.), meta-
planning (M.P.) and Planning (L2). Best results are inbold.

The quantitative evaluation on the Impromptu VLA validation set, summarized in Table 4, reveals the
distinct advantages of our dataset. To provide a fair comparison, we evaluated the 3B Base+nuScenes
model as a strong baseline, which has been �ne-tuned on a standard driving dataset. As shown,
the 3B Base+nuScenes model clearly outperforms the 3B Base (e.g., 2.00m vs 6.62m avg. L2
error), con�rming that training on nuScenes data provides substantial end-to-end trajectory prediction
capabilities.

However, the 3B Base+Impromptu model, trained on our dataset, demonstrates signi�cantly superior
performance, surpassing the 3B Base+nuScenes model across most metrics. Most notably, the
average L2 trajectory error drops from 2.00m to just 0.69m. This gap highlights the diversity and
richness of our Impromptu VLA dataset. As depicted in Figure 2(b), nuScenes trajectory data
tends to be more concentrated, while our dataset features a wider variety of trajectories. This
diversity enables models trained on Impromptu to generalize better to more varied driving scenarios.
Furthermore, the improvements in other tasks like 'Dyn. Obj.' and 'M.P.' suggest that training with
our planning-oriented data enhances the model's overall scene understanding, implying a strong
connection between trajectory learning and broader descriptive and reasoning capabilities.

4 Related Works

When Vision Language Models Meet Autonomous Driving.Vision Language Models (VLMs)
extend Large Language Models (LLMs) with visual understanding capabilities [39, 2, 12, 63, 1, 17,
31, 32, 76, 87, 54, 22, 11, 84, 67, 82, 36, 72, 86, 30, 85, 79, 34] enabling multimodal reasoning. These
models have recently been introduced into autonomous driving, either to complement traditional
end-to-end frameworks [13, 23, 29, 11, 46, 83] or to function as standalone decision-makers [77, 10,
49, 25, 58], as they are assumed to be able to transfer the generalization ability to the road scenes
[1, 62, 50, 52, 60, 44, 51]. Furthermore, novel approaches leverage collaborative LLM-agents for

8



Figure 4:NeuroNCAP performance in challenging scenarios.This �gure compares the driving
behavior of the two models in three representative challenging scenarios: static, frontal, and side. For
each scenario, the left column shows the behavior of the base model, which is �ne-tuned on nuScenes.
The right column shows the performance of the model trained on a subset of our proposed dataset
and then �ne-tuned on nuScenes. Compared to the base model, the model using our data can better
avoid vehicles by turning, slowing down, etc.

editable scene simulation, offering new paradigms for data generation. [66] In this line of research,
some approaches translate structured driving inputs—such as perception outputs and HD maps—into
language for planning [10, 49], while others like DriveGPT4 [77] process front-camera video to
predict both control commands and rationales. LVLM-based planners have also been validated in
simulation environments such as CARLA [19, 64], and large-scale pretraining (e.g., ELM [88]) has
shown promise for improving generalization. Recent works further propose driving-speci�c Q&A
data and benchmarks [53, 70, 47, 69, 15, 33] to better align training with downstream planning tasks.

Specialized Techniques and Datasets for Autonomous Driving.Beyond the VLM paradigm, signif-
icant research continues to advance various critical aspects of autonomous driving systems, addressing
speci�c challenges in perception, simulation, mapping, and prediction. For instance, in the realm of
realistic simulation, Mars [72] offers an instance-aware, modular, and realistic simulator leveraging
neural radiance �elds, crucial for generating and testing complex scenarios. Challenger [78] focuses
on generating physically plausible yet realistic adversarial driving videos to stress-test AD systems
against aggressive maneuvers, while AVD2 [35] introduces a novel framework for generating acci-
dent videos aligned with detailed natural language descriptions and preventative measures, thereby
enhancing accident scenario understanding for training and analysis. To enhance robustness in
challenging environmental conditions, especially at night, joint self-supervised nighttime image
enhancement and depth estimation are explored by Steps [86], crucial for improved visual perception
in low-light settings. Accurate and far-reaching environmental representation is further enabled by
P-MapNet [30], which leverages both standard de�nition (SDMap) and high-de�nition (HDMap)
priors for superior map generation, improving situational awareness over longer distances. In the
domain of 3D scene understanding from limited inputs, MonoOcc [85] delves into monocular seman-
tic occupancy prediction, aiming to reconstruct comprehensive 3D geometry and semantics from
single-camera views. For robust motion forecasting, especially in dynamic multi-agent environments,
Int2 [79] presents a large-scale dataset and framework speci�cally for interactive trajectory prediction
at complex intersections, capturing crucial dynamics that are vital for safe navigation. These targeted
innovations collectively pave the way for more capable and reliable autonomous driving systems.
Efforts also extend to generating high-quality, annotated training data, with UniScene [34] proposing
a uni�ed occupancy-centric framework for comprehensive driving scene generation. Furthermore,
SCP-Diff [20] signi�cantly improves the quality of semantic image synthesis for sensor simulation
by introducing a spatial-categorical joint prior, enabling the creation of highly realistic and diverse
virtual environments with precise semantic control. These targeted innovations collectively pave the
way for more capable and reliable autonomous driving systems.

End-to-end Autonomous Driving Datasets and Benchmarks.We categorize autonomous driving
benchmarks into two categories, one for large-scale imitation learning, and one for simulation.
The �rst category includes large-scale, real-world datasets, often collected from road networks
[7, 8, 42, 43, 55, 59, 68], which are crucial for developing and evaluating systems on annotated
perception, prediction, and planning tasks. In this work, we select representative imitation learning
benchmarks for constructing our dataset: KITTI [21], an early benchmark, provided data from
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Germany. nuScenes [7] expanded on this with data from Boston and Singapore. The Waymo Open
Dataset [55] offers immense scale with data collected from diverse US locations. Argoverse (v1 &
v2) [9, 68] also features data from various US cities. nuPlan provides over 1200 hours of driving data
from cities in the US and Singapore. For global visual diversity, Mapillary Vistas [43] includes street-
level imagery from all continents. ONCE [42] contributes a massive dataset with 1 million LiDAR
scenes and 7 million camera images from China. Finally, the India Driving Dataset provides crucial
data from challenging and unstructured driving environments across India.[59, 18] The second line
involves simulation-based benchmarks, such as Bench2Drive [27], NAVSIM [ 14], and NeuroNCAP
[41], which offer closed-loop evaluation environments. These simulators utilize metrics more akin to
driving task-oriented reward designs, allowing for systematic testing of decision-making and control
algorithms in interactive scenarios. Notably, our dataset construction prioritizes the collection and
�ltering of authentic, real-world unstructured scenarios, rather than introducing synthetic elements or
anomalies [57, 6, 56, 16, 38, 5, 45, 73],. This commitment to genuine data ensures the Impromptu
VLA Dataset fosters the development of VLA models grounded in the true complexities of diverse
driving conditions.

5 Conclusion

This paper introduced the Impromptu VLA Dataset, a meticulously curated benchmark of approxi-
mately 80,000 clips featuring rich multi-task Question-Answering annotations and corresponding
action trajectories, speci�cally designed to address the critical data scarcity for autonomous driving
in unstructured environments. Our comprehensive experiments demonstrate that Vision-Language
Models trained with the Impromptu VLA Dataset achieve signi�cant performance gains, evidenced by
enhanced closed-loop safety and driving scores on the NeuroNCAP benchmark, as well as improved
open-loop trajectory prediction accuracy on nuScenes. Furthermore, evaluations on our dataset's
validation suite con�rm its ef�cacy as a diagnostic tool, revealing speci�c model advancements in
perception, prediction, and planning capabilities when handling diverse and challenging unstructured
road scenarios. The Impromptu VLA Dataset thus offers a valuable new resource to foster the
development of more robust, adaptable, and capable autonomous driving systems prepared for the
complexities of real-world operation.

Contribution in Context and Future Outlook. We position the Impromptu VLA Dataset as a
critical step in the iterative process of achieving truly intelligent driving. The �eld has evolved from
mastering foundational capabilities in simple scenes , and our work contributes by systematically
expanding coverage to the long-tail distribution of unstructured scenarios . We recognize that targeting
unstructured environments requires speci�c and careful design, especially when curating from existing
sources. Furthermore, we place trust in the emergent capabilities of advanced models and hypothesize
that by training on our diverse, curated data, models will develop the potential to generalize to novel
unstructured situations not explicitly seen during training. Ultimately, a primary contribution of this
paper is to de�ne and formalize the challenges posed by these unstructured scenarios, rather than to
offer a complete, one-size-�ts-all solution. We eagerly anticipate and welcome subsequent research
that will build upon this foundation to further advance the �eld.

Limitation. We acknowledge that the primary reliance on Qwen2.5-VL for annotation generation in
the Impromptu VLA Dataset might introduce potential model-speci�c biases; however, we believe
the holistic human veri�cation and the demonstrated utility in enhancing Vision-Language Model
performance in unstructured scenarios con�rms its signi�cant value as a research resource.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?

Answer: [Yes]

Justi�cation: The abstract and introduction clearly describe the core contributions of the
paper, including the introduction of the Impromptu VLA dataset, its novel taxonomy of
unstructured driving scenarios, the data curation pipeline involving VLMs with Chain-of-
Thought prompting, and the demonstrated improvements in closed-loop and open-loop
benchmarks. These claims are substantiated by detailed experimental results and analyses in
Sections 2 and 3, aligning well with the scope and �ndings of the work.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and re�ect how
much the results can be expected to generalize to other settings.

• It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justi�cation: The limitations of the proposed work are discussed at the end of Section 5
(Conclusions).

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci�cation, asymptotic approximations only holding locally). The authors
should re�ect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should re�ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should re�ect on the factors that in�uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational ef�ciency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci�cally instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justi�cation: The paper does not contain formal theoretical results or proofs. It focuses on
dataset creation, empirical evaluation, and system-level integration of vision-language-action
models.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi�cation: The paper provides detailed descriptions of the data collection process (Section
2), training and evaluation protocols (Section 3), as well as links to code, model weights,
and the dataset mentioned in the paper. These resources enable reproduction of the main
experimental results.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or veri�able.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suf�ce, or if the contribution is a speci�c model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf�cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justi�cation: The paper provides open access to the proposed Impromptu VLA dataset, and
training/inference code.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/

public/guides/CodeSubmissionPolicy ) for more details.
• While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy ) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi�cation: The paper speci�es detailed training and evaluation settings in Section 3,
including model sizes, �ne-tuning procedures, dataset splits, and evaluation benchmarks.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [No]

Justi�cation: The paper does not report error bars or statistical signi�cance tests. Each
experiment was conducted with a single run due to computational cost, and the reported
metrics are representative of the models' performance in the given evaluation settings.
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Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, con�-

dence intervals, or statistical signi�cance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

• For asymmetric distributions, the authors should be careful not to show in tables or
�gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding �gures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide suf�cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi�cation: The computational resources used for training and evaluation are discussed in
the Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethicshttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi�cation: The research involves model training and evaluation on publicly available
datasets and does not involve human subjects, sensitive data, or ethically controversial
applications. We assume full compliance with the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
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Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [No]

Justi�cation: The paper focuses on the technical and empirical contributions and does not
include an explicit discussion of broader societal impacts. However, we believe that the
release of high-quality annotated driving datasets and improvements in vision-language-
action models could positively in�uence the development of safer and more generalizable
autonomous driving systems.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake pro�les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci�c
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef�ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justi�cation: The released dataset and models do not pose high risk for misuse. The work
focuses on autonomous driving benchmarks and model evaluation using standard public
datasets, with no foreseeable dual-use concerns.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety �lters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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Answer: [No]

Justi�cation: The paper properly cites the original sources for existing models (e.g.,
Qwen2.5-VL, LLaVA, EMMA) and datasets (e.g., nuScenes), but the speci�c licenses
and terms of use for these assets are not explicitly listed in the main paper or appendix.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package

should be provided. For popular datasets,paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justi�cation: The paper introduces a new dataset (Impromptu VLA) and model code.
Documentation and usage instructions are provided in the linked repository, including
information on downloading, loading, and using the data and models.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip �le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justi�cation: The research does not involve crowdsourcing or experiments with human
subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is �ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justi�cation: The research does not involve human subjects, so IRB approval is not applica-
ble.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary signi�cantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti�c rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi�cation: The paper evaluates existing large vision-language models (e.g., Qwen2.5-VL)
as part of the experimental comparison, but does not introduce an LLM in a way that
constitutes an original or non-standard component of the core methodology.

Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/
LLM) for what should or should not be described.
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Appendix

This supplementary document provides additional insights and technical details regarding our pro-
posed Impromptu VLA dataset and its associated models. We will begin by detailing the imple-
mentation speci�cs of our training process, including data formats, hyperparameter settings, and
computational costs (Section A). Subsequently, we will elaborate on our construction for the dataset
of unstructured driving scenarios (Section B). We then present two key ablation studies: �rst, a
validation of our Chain-of-Thought (CoT) prompting strategy (Section C), and second, an analysis
of the contributions of different QA task types within our dataset (Section D). Finally, we will offer
concrete Question-Answering (Q&A) examples from the Impromptu VLA dataset to illustrate its
structure (Section E).

A Implementation Details

In this section, we provide further details regarding the training processes, including the data format
speci�cally employed when �ne-tuning on the nuScenes dataset, and the general hyperparameter
settings used for the Qwen2.5-VL model variants during our experiments.

A.1 Data format for nuScenes Fine-tuning and Evaluation

The data format described here pertains speci�cally to the �ne-tuning and evaluation stages performed
directly on the nuScenes dataset, as referenced in our main paper's open-loop and closed-loop
experiments. While the trajectory data format shares similarities with the End-to-End Trajectory
Prediction Q&A format within our Impromptu VLA dataset (which uses past 1.5s and future 5s
trajectories), there are distinctions for this nuScenes-speci�c setup. These include utilizing only
the front-camera view and using trajectories spanning the past 3 seconds and future 3 seconds.
For this nuScenes-speci�c training, input consists of the ego-vehicle's past trajectory points. For
testing on nuScenes trajectory prediction benchmarks, in addition to past trajectory, velocity, and
acceleration (similar to our Impromptu VLA Q&A format), we also incorporate steering wheel angle
information where available from the nuScenes dataset. An example of the data format used for
nuScenes experiments is illustrated in Figure 5.

A.2 Hyperparameters

Our empirical hyperparameter values, outlined in Table 5, were established for training models using
the Impromptu VLA Dataset and subsequently on nuScenes data. These values stem from general
observation and common practices, not a thorough optimization process, due to the extensive search
space. Nevertheless, with these settings, our models demonstrate a superior grasp of unstructured
environments, leading to a signi�cant improvement in trajectory prediction, as shown in the main
paper. We recognize that further re�nement through exhaustive tuning could yield even better results.

Hyperparameter Value

Cutoff len 4096
Finetuning type full
Image resolution 262144
Learning rate 5.0e-06
Scheduler type cosine
Warmup ratio 0.03

Table 5:Hyperparameters used in training. This table details the empirical values for crucial
hyperparameters employed across our entire pipeline. These settings were consistently applied in all
experiments and were derived from general observations rather than speci�c task-based tuning.

B VLM-based Unstructured Scene Identi�cation

Following the Data Exploration phase where rich textual descriptions were generated for each scene,
our objective was to isolate the scenarios that genuinely represented "unstructured" or "unconven-
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Figure 5: Example of data used when training and testing on nuScenes

Figure 6: Prompt used during Unconventional Driving Scenario Identi�cation

tional" driving conditions. This was critical for focusing the dataset on true corner cases. To achieve
this, we employed a VLM-based classi�cation step. Each scene description generated by Qwen2.5-
VL was evaluated using a carefully designed prompt, which instructed the VLM to act as a scenario
categorizer and determine if the description corresponded to an unconventional case (as opposed to a
routine, structured driving situation).

The effectiveness of this VLM-based �ltering prompt was crucial. Therefore, we conducted an
iterative re�nement process on a validation subset of approximately 1000 scene descriptions, which
were also independently labeled by two human annotators as 'Conventional' or 'Unconventional'.
The VLM's classi�cations were compared against this human consensus, and the prompt (an example
of which is shown in Figure 6) was iteratively adjusted until a high degree of agreement was achieved.
This ensured that the scenarios passed to the next stage were indeed representative of the complex
conditions we aimed to capture.

C Ablation Study on Prompting Strategies

To validate the effectiveness of our proposed Chain-of-Thought (CoT) prompting strategy, we
conducted a comparison of our CoT (Chain-of-Thought) prompting strategy against a simpler �at
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