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Abstract—Rare and challenging driving scenarios are critical
for autonomous vehicle development. Since they are difficult to
encounter, simulating or generating them using generative models
is a popular approach. Following previous efforts to structure
driving scenario representations in a layer model, we propose
a structured five-layer model to improve the evaluation and
generation of rare scenarios. We use this model alongside large
foundational models to generate new driving scenarios using
a data augmentation strategy. Unlike previous representations,
our structure introduces subclasses and characteristics for every
agent of the scenario, allowing us to compare them using an
embedding specific to our layer-model. We study and adapt
two metrics to evaluate the relevance of a synthetic dataset in
the context of a structured representation: the diversity score
estimates how different the scenarios of a dataset are from
one another, while the originality score calculates how similar
a synthetic dataset is from a real reference set. This paper
showcases both metrics in different generation setup, as well
as a qualitative evaluation of synthetic videos generated from
structured scenario descriptions. The code and extended results
can be found at https://github.com/Valgiz/5SLMSG.

Keywords—Autonomous driving, Scenario engineering, Syn-
thetic data, Large language model (LLM)

I. INTRODUCTION

Edge Cases, Corner Cases, or Out of Distribution Scenarios
are different names that generally refer to the most rare, chal-
lenging, or risky driving scenarios. They are very valuable for
autonomous vehicle research, as they may be very challenging
for learning-based systems [1], but they are also scarce among
driving datasets by definition. Thus, a common workaround for
researchers is to rely on simulations [2] and the generation
of synthetic scenarios to acquire additional data [3, 4]. Since
definitions and names can vary across the literature [5], this
paper uses the term Edge Cases (ECs), to refer to rare and
unexpected scenarios. They may consist of objects, agents, or
behaviors that would not be expected to be found in a normal
everyday situtation. We specifically chose not to focus on the
risky aspect of safety-critical scenarios, but more on the rarity
aspect. Despite this limitation, knowing if a scenario can be
considered rare is subjective, which reduces the specificity of
this definition. Thus, our work focuses on scenarios that are
rare relative to a reference set of known scenarios. What makes
a scenario an EC will thus depend on that reference.

Our goal is to generate synthetic visual data of driving
scenarios using generative Al that rely on World Foundation
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Models (WFM) [6, 7]. However, the variety of possible scenar-
ios is extremely high. Before we generate visual data, we first
focus on creating the content of ECs. In order to create these
scenario descriptions, we rely on the vast general knowledge
of Large Language Models (LLM) by guiding their capabilities
to generate new scenario ideas. Following previous work on
LLM-based driving scenario generation [3, 4, 8], the challenge
of this approach lies, not only in the proposed generation
strategy, but also in the evaluation method and the scenario
format. Both evaluation and structure depend on the use case
and the type of scenario we aim to generate [4]. We propose
a new format for textual representation of scenarios as a
structured layered model [9], as well as an evaluation strategy
tailored to this representation. Since physical realism can be
challenging to measure from textual descriptions alone, we
choose to generate synthetic scenarios based on existing real
scenes to provide stronger chances that our scenarios will be
coherent. Our generation strategy consists of augmenting a real
dataset by editing targeted components of each scenario, and
evaluating how our synthetic scenes differ from the original
in order to grasp whether or not they constitute ECs. Rather
than retraining a model with specific driving data, we study
a prompting strategy on large pre-trained models. Our main
contribution in this paper consists of the following:

1) Proposing a structured 5-layer model for driving sce-
nario representation.

2) Proposing a new synthetic scenario generation strategy
for driving dataset augmentation.

3) Studying new text-based evaluation methods for driving
scenarios.

The rest of the paper is organized as follows. Section II
covers related works in synthetic driving data generation. In
Section III, we explain our scenario representation, our gener-
ation strategy, and our evaluation metrics. Finally, we discuss
our experimental results in Section IV before concluding this
paper in Section V.

II. RELATED WORKS
A. Conditioned video generation

Conditional video generation has emerged as a prominent
direction in visual generative modelling. Recent advances have
shown substantial improvements both in visual fidelity and
temporal coherence. These advances are particularly relevant
in the context of autonomous driving, mainly in simulation,
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training, and validation, aiming to produce high-fidelity, tem-
porally coherent, and controllable driving scenarios that cap-
ture real-world dynamics, including rare and critical situations.
These methods can be categorized into (1) text-to-video [10-
12], (2) image-to-video [10, 13, 14], or (3) video-to-video [15,
16]. Recent research in video generation for autonomous driv-
ing has emphasized controllable and conditioned generation
using both visual and semantic cues. Approaches based on
diffusion transformers—such as Cosmos-Transferl—enable
realistic and spatiotemporally coherent videos by conditioning
on segmentation maps, depth data, and text prompts relating to
driving context (e.g., weather, traffic situations) [14, 17, 18].
Models like DriveDreamer and GEM integrate high-level plan-
ning with text or action commands, structuring the generation
process for “world models” that underpin robust simulation-
to-reality transfer [6, 18, 19]. These methods are increasingly
leveraging foundation models and Vision-Language Models
(VLMs) to bridge simulation with natural scene understanding,
allowing scenario synthesis from abstract or rare prompts (e.g.,
“child crossing in fog”) [17, 20, 21]. However, fine-tuning for
specific domains has revealed a trade-off: while visual quality
and fidelity often improve, some loss of dynamic semantic
accuracy—such as vehicle-pedestrian interactions—can occur
if the balance of objectives is not carefully maintained [21].

B. Synthetic datasets for autonomous driving

Synthetic datasets remain crucial for scalable autonomous
driving research, allowing exhaustive exploration of rare or
hazardous scenarios [2, 17]. Platforms like CARLA [2] and
datasets like nuScenes [22] are extended by VLM-based
generative pipelines, supporting both low-level (e.g., pixel-
level augmentations, weather changes) and high-level (e.g.,
event-driven, safety-critical) scenario synthesis [6, 17, 18].
Recent advances combine programmatic scene specification
(via LLM-generated code) with conditional video generation
to efficiently populate training and testing datasets, targeting
underrepresented edge conditions [8, 17]. Data augmentation
methods range from traditional transforms to LLM-guided
scenario recombination and adversarial perturbation [17, 23].
Importantly, these advances have enabled a significant boost
in perception and planning model robustness, establishing
synthetic datasets as a foundational pillar of modern AV
system benchmarking [14, 20].

C. Evaluation of generated visual scenarios

Evaluating generated driving videos for autonomous vehi-
cles demands a multifaceted approach. Classical perceptual
metrics like Fréchet Inception Distance (FID) and Fréchet
Video Distance (FVD) [24, 25] remain standard for visual real-
ism, but recent studies stress the need for semantic metrics tai-
lored to driving: object-level accuracy (e.g., segmentation/in-
stance tracking), event coverage (e.g., collision, rare maneuver
occurrence), and scenario diversity [17, 18, 21]. Human-in-the-
loop and Al-judge protocols (e.g., GPT-40 forced-choice or
scenario-based QA) are increasingly employed to supplement

numerical scores with qualitative validation [21, 26]. Fur-
thermore, “scenario-based evaluation”—requiring downstream
perception, planning, and policy modules to operate safely
and robustly on generated samples has emerged as a key
paradigm [21]. Catastrophic forgetting and reward misspecifi-
cation during fine-tuning are studied for their effects on both
surface realism and behavioral fidelity, underscoring the subtle
interplay between visual, semantic, and operational evaluation
criteria [21, 27].

III. METHOD

Since the realism of a textual description provided by a
language model is hard to evaluate, we choose to rely on a
data augmentation strategy that takes existing real scenarios
and modifies specific components to create ECs. This method
at least guarantees that a large part of the scene is already
grounded in reality and provides a very specific context for
the LLM. Our evaluation strategy relies on representing textual
descriptions as vector embeddings so that we can calculate a
similarity score between two scenarios (Fig. 1). Section III-A
focuses on our scenario representation while Section III-B
details our generation strategy for driving scenarios. The
embeddings, as well as the associated metrics, are described
in detail in Section III-C.

A. Structured driving scenarios for explainable scenario gen-
eration with an LLM

When directly prompting an LLM to generate loosely
defined concepts like ECs, we do not know if the model really
understands the output we expect. More generally, a structured
formatting of the expected scenarios can help an LLM generate
higher-quality and diverse responses. We rely on a 5-layer
model (SLM) based on the 6LM proposed by Scholtes et
al. [9] that decomposes a driving scenario into five different
layers, namely (a) road structures, (b) structures surrounding
the road, (c) temporary changes to the first two layers, (d)
dynamic objects, and finally (e) environmental conditions. This
model not only standardizes the representation of a driving
scenario, but also allows us to study prompting strategies that
target very specific elements of the scenario (Fig. 3). In their
model, Scholtes et al. use a sixth layer for digital information,
such as V2X messages, which are out of scope of the present
work. Since our textual synthetic scenarios will be used to
generate visual data, we ignore the digital layer which is
not visible. Initially, our proposed structure contains only a
string of text for each layer, producing an unstructured 5-layer
model. Based on this model, we define a driving scenario s to
be the concatenation of a vector of textual descriptions as:

5
S = @Lk, (1)
k=1

where Lj is the textual description of the content of layer
k, Vk = {1, 2, ---, 5}. Eventually, this scenario description
is further improved by introducing more details about the
content of each layer while constraining the model to fill a
template for each layer. This template creates classes of objects
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Fig. 1: Proposed method for generating and evaluating new diverse scenario from real scenes. Our generation strategy relies

on editing real scenarios after representing in a 5-layer model.

expected in the layer intended for modifications and indicates
the minimum characteristics expected for each object. We refer
to this model as a structured 5-layer model (Fig. 2).

B. Scenario generation strategies

1) Reference scenarios: The method we propose is appli-
cable to textual representations of driving scenarios and not
to visual representations such as videos. However, driving
datasets consist mostly of image data. Descriptions in common
datasets such as NuScenes [22] specify only some of the agents
involved without detailed information on the infrastructures or
the environment. In order to acquire real reference scenes from
which we will generate our scenarios, we use a Multimodal
Large Language Model (MLLM) to analyze visual data from a
driving dataset and format it according to our model (Fig. 1).
For this paper, the nuScenes dataset [22] and the Gemini 2.5
Pro MLLM [28] were used, as they are a popular SotA dataset
and model, respectively.

2) Unstructured and non-specific layer editing: Our initial
editing strategy consists of prompting the model to edit a
specific layer of a real scenario while leaving the other layers
unchanged (Fig. 3). We build our prompt by first giving the
model a system prompt that explains its role, provides guide-
lines on how to understand the 5-layers model and explain the
concept of EC. At this stage, the scene is decomposed into 5
layers that are just described by unstructured text. Whenever
any specific layer L, is modified, the model is simply asked
to modify the given layer:

Task: Please only modify the layer specified in the prompt to
generate an Edge Case and change nothing in the other layers
(MOST IMPORTANT)

3) Structured layer-wise editing: Our second approach con-
sists of providing the model with additional structure within
each layer. Using the functionality of the Gemini API, we

can force the model output to follow a given JSON template
(Fig. 2). Each layer contains specific classes of expected
objects and their attributes. Any additional textual details about
these objects will be placed in a ’Characteristics’ attribute,
which we can use for text-based evaluation, like the previous
strategy. This allows us to define layer-wise metrics (see
Section III-C) and to introduce a different input prompt well-
adapted for each layer. Unlike the previous subsection, when
the model is tasked with editing a layer, such as Ly, it will
receive an additional task specific to that layer:

Task: Turn this scenario into an Edge Case by modifying
only the layer L4 from the input. You should either: - Modify
existing dynamic objects, or add new ones with rare and/or
challenging characteristics. Look for object that do not belong
in such a scenario. - Modify the motion of existing dynamic
objects, or add new objects with unique and challenging
motion. You may do both if needed, but focus on either the
characteristics or the motion of the objects when generating a
scenario.

C. Evaluation metrics

In order to evaluate the proposed method for generating
scenarios, we have to identify relevant evaluation metrics. The
final goal of this method would be to generate visual data for
EC driving scenarios. However, existing evaluation metrics for
synthetic driving data would mostly evaluate the visual perfor-
mance of the final method used to render these scenarios. We
aim to evaluate the relevance of our synthetic scenarios at the
textual description level before video generation. Considering
that we are looking for ECs, we need to evaluate whether
the generated scenario is considered a rare and unexpected
event. Among existing text-based evaluation metrics, Aasi
et al. proposed two metrics to quantify Diversity and Out-
of-Domainness (OOD) [8], based on the calculation of the
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semantic similarity between two given scenarios. Following
a similar strategy, we developed two sets of evaluations. The
semantic embedding-based metrics use the method from Aasi
et al., changing the distance measurement formulas from a
sample to a dataset in both of their metrics. It uses the Gemini-
embedding-001 model [29] to calculate semantic similarities
within the wunstructured 5LM (Fig. 4). Our second approach
relies on the structured 5LM to calculate the similarity of the
scenarios based on a structure-specific vector representation.
Although it is subjective to precisely define what can be
considered an EC, these metrics allow us to compare our
synthetic data with a real reference, in order to evaluate if
they are an EC in regard to that dataset. In both cases, we
calculate the similarity between two embeddings using the
cosine similarity:

S(eiref) = _G%i%

lleill le;1]”
where e; and e; are the embeddings of two scenarios that are
being compared. If e; and e; are identical, the cosine value
will be 1. The minimum similarity value will be O if e; and
e; are perpendicular, since el .e; = 0.

Our initial metrics are based on semantic embedding dis-
tances between texts. Our goal is to use an embedding model
to obtain a quantitative evaluation of how similar our synthetic
scenarios are to the reference samples. From that we can
quantify how similar our synthetic dataset is to the reference

2

dataset. However, unlike Aasi et al. [8] who directly compare
the distances between the full description of their scenes and
the reference, we rely on the unstructured 5SLM to compare
each layer of the scenes separately in order to achieve a
more precise understanding of the scene’s originality. Let
Sgen = {8g.15--,Sg.m} and Sper = {871,..., S, N} be the
set of generated synthetic scenes and real reference scenes
respectively. Each scene s is represented in the SLM as
the texts si,Vk € [1,5] that represent the descriptions of
the corresponding layers. For each layer, we compute the
embeddings of both sets Egen i = {€g.1.k, €92,k €g Mk}
and Ererr = {€r1k,€r2k..,€r Nk}, Where ey, is the
embedding of the £-th layer of the i-th generated scene s, ; €
Sgen. In this section, the embeddings are computed using
Gemini-embedding-001 as it ranks first on several embedding
model leaderboards [29] and has been trained on the same
data as Gemini-2.5, which we use as the LLM and MLLM of
our pipeline.

1) Originality: The Originality score OT ;) of a sample
54,; from a reference set S,y for layer Ly s calculated as:

max
ie{l,...,N

gk = }5(€r,i,k,eg,j,k) 3)

Unlike us, Aasi et al. calculate the OOD score O;_’ j between
84,5 and Sy.¢ using the sample e, ; with minimum similarity
instead of maximum. Their metrics measure the similarity
from the generated sample to the least similar (i.e. the most
different) sample within the reference set, while we look at
the reference sample that is the closest from our synthetic
scenario. We found this to be more informative than the
original method, which cannot distinguish if the generated
sample is already present in the reference dataset. The final
originality scores of the generated layers L, are then given by
the average originality of every new scene with the original
set:

1 M
Opi = 37 2_O%.i )
j=1

2) Diversity: The Originality metric was designed to quan-
tify how different our scenarios are from the reference, since
ECs are defined to be unknown events. Similarly, the diversity
metric aims to identify whether the scenarios within a set are
similar to each other by evaluating the similarity between each
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semantic distances between the embeddings of the generated
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sample (Fig. 4). Unlike the previous metric which provides a
single score to compare synthetic and reference scene, this
metric provide a score for each set separately.

D, = i 0(eq i ; 5
9,35k j,e{rﬂ}'r'l)M} (€g.j' k> €g.5.k) ®)
J'#3
LM
Dy = M;DQJ,k (6)

Like the previous metric, we differ from Aasi et al. not
just with the layer model, but because they calculate diversity
as the mean of the maximum similarity between samples.
However, we found this version to be too penalizing for
larger datasets, as increasing the number of samples in a
dataset could drastically reduce its diversity, even if it covers
a wider range of scenarios. Especially considering that our
objective is to generate many new scenarios from a small
amount of reference. We will refer to both of these metrics
as Diversity(max) and Diversity(min), for the versions of Aasi
et al. and ours respectively.

3) Layer-wise evaluation: Each layer of the SLM represents
a fundamentally different component of a scenario based
on its property, its behavior, or its interaction with the ego
vehicle. Although measuring metrics separately for each layer
provides some insight into the relevance of the new scenes, our
structured model allows us to define a layer-wise evaluation
strategy to account for the specificity of each layer. In the
structured SLM (Fig. 2), each component of a layer has a
mandatory discrete type parameter with predefined and limited
possible values. Instead of using the pre-trained embedding
model, we rely on this representation to define a structure-
specific vector for the layer of a scenario.

For any layer L with k € {1,2,...,5} containing a list of
objects with a type parameter, with C}, possible values. Ly is
represented as the vector Vj, of dimension CY. It is defined as
the count of objects within Ly in each category. Take a scene
s where L, = [ {’type’: ’vehicle’, ...}, {"type’: ’inanimate
object’, ...}, {type’: ’vehicle’, ...}, {"type’: ’pedestrian’, ...}]
and the available categories are [vehicle, cyclist, pedestrian,
animal, inanimate object, other]. C = 6 and we can embed
Ly as the vector: Vy(s)=(2 0 1 0 1 O)T.

This vector can be considered as an embedding of the layer
within the type space associated with the expected objects
within that layer. Like Section III-C, we can also use that
vector to calculate the distance between the distribution of
objects present in the layer of each scene. It gives us a new
version of diversity and originality which we call Component
Diversity (CD) and Component Originality (CO). However,
the very small size of these embedding spaces (less than ten
dimensions) also reduces the relevance of the diversity metric,
as samples are much more likely to reach a similarity score
of 0 or 1. Thus, the diversity(min) that we used for previous
evaluation would easily stay at 0 in generation experiments,
making even 1 outlier too impactful on the Diversity score.
Similarly, the diversity(max) of Aasi et al. would mostly
remain at 1. To find a better metric, we compromised between
our approach and Aasi et al. by using another diversity score
using the average similarity of a sample with every other
sample in the same set:

1
Dojk=37=7 2.

irefl,... M}
i'#3

S(Vi(sg,57), Vi(sq.5)) (7

IV. RESULTS AND DISCUSSION
A. Experimental setup

Our strategy was implemented on the nuScenes dataset
[22]. Specifically, we used the small sample nuScenes-mini
containing 10 scenes of twenty seconds. Each video was
provided to the MLLM Gemini-2.5-Pro, which was tasked
with providing a textual description following our template
(see Section III-A). Two types of description were generated,
corresponding to the structured and unstructured layer model
described in Section III. For each experiment, we used all 10
scenes to generate new scenarios and created 10 new scenarios
for each layer, giving us 500 generated descriptions for each
experiment. The LLM used is also Gemini-2.5-pro, while the
embedding model used for the evaluation metrics is Gemini-
embedding-001. The model heat is kept at the default value
of 1 for all experiments.

B. Results

1) Context and Metrics: In Table I, the originality and
diversity are calculated for each layer and using both the max-
imum and minimum semantic similarity values. The OOD-
ness with minimum similarity (O(min)) and the diversity
with maximum similarity (D(max)) correspond to the metrics
presented by Aasi et al. [8], while the other two are defined



in Equations 4 and 6. All samples in this experiment are
generated in the unstructured SLM. In addition, this exper-
iment evaluates the impact of using the same context to
generate scenarios. In one case, the model is called 10 times
independently for each layer L to generate 1 new scenario
by editing L. In the other case, the model is directly asked
once to provide 10 new scenarios. Overall, it appears that the
context’s influence is very small, with slightly better results
when using the same context. We can also notice that the
embedding space of Gemini-embedding-001 puts our textual
descriptions close to each other, since the lowest diversity
score is only at 0.78. For all of our experiments, the embedding
distance between two samples using this model never reached
a value lower than 0.7. In addition to the previously mentioned
issues of the metrics of Aasi et al. (Section. I1I-C), our metric
identify a difference between same and different context more
often. The values of D(max) in particular always stays very
close to 1 making it hard to use. Thus, we chose to keep our
versions of the metrics (i.e. O(max) and D(min)).

TABLE I: For each layer, synthetic scenes were generated
either by making 10 independent queries to the model ("#”
context), or all 10 scenes where asked in the same prompt(’="
context).

Metric ‘ L1 L2 L3 L4 L5 ‘ Total ‘ Context
Aasi: O(min) | 0.86 0.84 0.82 0.84 0.80| 0.89 #*
0.86 0.84 0.81 0.84 0.79| 0.89 =
Ours: O(max) | 091 0.89 0.86 0.90 0.85| 0.97 #*
091 0.88 0.85 0.89 0.83| 0.98 =
Ours: D(min) | 0.89 0.88 0.78 0.87 0.83| 0.90 #*
0.88 0.85 0.78 0.84 0.82| 0.90 =
Aasi: D(max) | 0.99 0.99 098 0.99 0.99| 0.99 #*
0.99 099 098 0.99 0.99| 0.97 =

2) Scenario Structure: In Table II, we compare three dif-
ferent levels of scenario structure to understand the impact
of structured scenarios: (a) The unstructured prompt uses a
5-layer model, where the content of each layer is just a
string of text. The model is given guidelines on what type
of information should go in which layer, but the generation
process inside a layer is left free. (b) The ’Soft’ structure
adds more detail from the previous prompt by specifying a few
components the model must mention, as well as some of their
characteristics. It adds a specific task prompt depending on
which layer is being edited (see Section I11-B3). (c) The *Hard’
structure defines a template with classes for each component
that specify the information that must be filled. Unlike the
previous method, where the soft structured output is still
being returned as plain text for each layer, we use Gemini’s
structured output functionality to force the model to reply with
a JSON file following our template (Fig. 2).

Table II shows that all synthetic datasets have a better
diversity than the reference scenarios (0.88, 0.81 and 0.88 on
synthetic layer 1 against 0.92 on reference). While the soft
structure always performs better than the unstructured prompt,
the hard structure appears to perform worse than the soft

L4: {
"Dynamic_objects": [
{"type:" Vehicle,

{"type:" Vehicle,
"characteristics:" large, rusty
flatbed truck,
"position:" directly ahead of the
ego vehicle in the same lane,
"motion:" moving at a consistent
speed},

{"type:" inanimate object
"characteristics:" A queen-
sized mattress
"position:" improperly secured on the
flatbed truck
"motion:" is caught by a gust of wind,
flies off the back of the truck and flips
through the air towards the ego vehicle's
windshield}]

"characteristics:" Ego
vehicle, mid-size sedan,
"position:" in the right lane,
"motion:" moving forward at
the speed limit},

Fig. 5: Example of an edited layer 4 from scene 1 of nuScenes
in the structured 5SLM. The truck and mattress have been added
to the scene.

structure, and sometime worse than the unstructured prompt.
Although adding more guidance for the model on required
information helped its performance, the hard model may suffer
from a non-adapted evaluation method. A large part of the
text for the hard structure corresponds to the definition of the
template, which may impact its diversity, since a large part of
its text is identical between samples.

TABLE II: Results of the unstructured SLM (U), soft (S) and
hard (H) structured SLM. The reference text (R) are the real
scenario from nuScenes.

Metric [ Structure | LI 12 L3 L4 L5

U 091 088 0.85 0.89 0.83
0] S 087 0.84 083 0.84 0.82
H 08 0.84 0.84 086 081
R 092 092 0.89 092 096
U 0.88 0.85 0.78 0.84 0.82
D S 081 0.78 0.76 0.78 0.80
H 0.88 0.83 0.83 0.86 0.81

3) Layer wise Evaluation: The layer-wise evaluation is
highly dependent on the structure used for the scenario, and
especially the enumeration of the possible types of object, en-
vironments, or roads. In the results of Table IV, the generated
scenario CD mainly outperforms the reference (0.18 to 0.64 for
L2) but occasionally underperforms (0.68 to 0.54 for L1). In
addition to the definition of the layer’s structure, we found that
when generating modified layers, the LLM have a tendency
to remove or group objects from the original scene to focus
mostly on the new content (see Fig. 5). The average number
of dynamic objects per scene in layer 4 falls from 6.4 in the
reference to 2.7 in the generated scenes. Either the model does
not repeat objects, or group them together as one: 4 car objects
can be grouped as: {’type’: ’Vehicle’, ’characteristic’: *A
mix of sedans and SUVs.’, ’position’: ’In the opposite
lane.’}. In addition to our layer-specific embedding, we also
evaluate the diversity of some components by computing the
embedding of the characteristics field, which remains pure
text, and calculating the Diversity (min) in Table III. For
each value, the generated scenes outperform the reference
by having a better diversity (i.e., a lower Diversity score)
of characteristics among objects, but the gap varies greatly
depending on the layer. Note that L3 was underexplored in
our study. Since our structured 5LM had too few categories
for the ’type’ field, we chose to leave it as free text which
make the CO and CD not applicable to that layer.



TABLE III: The object diversity calculates the diversity score as defined in Section III-C on the corresponding components of
that layer using the text in their characteristics fields using Gemini-embedding-001.

layer L1 L2 L3 L4 L5
layer component | roads  guidance | environment structure | object | object ~motion | weather illumination
Generated scenes | 0.86 0.89 0.74 0.85 0.79 0.71 0.76 0.79 0.83
Reference scenes | 0.91 0.91 0.83 0.92 0.80 0.74 0.81 0.84 0.87

(a) Front view camera of the scene 1 in
the nuScenes dataset, at frame 1.

(b) Video generated using the reference
image 6a, with a prompt specifying the
edited layer from Fig. 5, at 4 seconds.

(c) Video generated with the same
prompt as Fig. 6b without image guid-
ance, at 4 seconds.

Fig. 6: Screenshots of synthetic videos generation using the Veo3-preview WFM on our synthetic scenario shown in Fig.5.

Scene 3 Scene 1

Scene 10

(a) structured image guided

(b) unstructured image guided

(c) structured text guided

(d) unstructured text guided

Fig. 7: Examples of video generation using the Veo3-preview WFM. For 3 different scenes of nuScenes-mini, we generate an
8 seconds video using the structured SLM description as the prompt (structured) or a description generated without using the
S5LM (unstructured). Each image correspond to the same frame, 4 seconds into the video. Those on the left were given the

first frame of the original scene as a reference.

TABLE IV: The CD and CO metrics use the vector defined
in Section III-C3.

[Mewic | LT 12 13 14 L5

Generated Scenes CO 093 059 NA 085 0.81
CD 068 0.18 NA 0.63 0.50
Reference Scenes CD 054 0.64 NA 091 052

4) Qualitative evaluation of video generation: Using the
generated scenario shown in Fig. 5, we use Veo3 [7] to
generate video data (Fig. 6). The prompt is our scenario
description in the structured SLM, only adding “From a
dashcam point of view” at the beginning. Fig. 6 show the
generated scenes with (Fig. 6b) and without (Fig. 6¢) using

the reference image. Although the guided version shows better
fidelity to the original, it also struggles with incoherence
between the edited scenario and the reference image. Since the
truck should be positioned in front of the ego vehicle but is not
present on the first frame, it appears on the left of ego vehicle
overtaking it. Fig. 7 shows the reconstruction with Veo 3 of
three different scenes from nuScenes. When the generation is
image-guided, the video generated using the 5LLM shows better
motion from the ego vehicle and other agents. When the video
are not image-guided, while the background is more accurate
to the original in the SLM, there are more hallucinations (the
pedestrian coming from the front instead of the side in S3). It
is not clear at the moment if this is an issue with the structured
5LM, or with how the WFM should be prompted to respect



large prompt.

V. CONCLUSION

In this paper, we proposed a new synthetic scenario gen-
eration strategy focused on semantic descriptions to produce
diverse road events. We showed how a structured represen-
tation format for driving scenarios can be used to create
new editing strategies, but also for more detailed evaluation
methods. Circumventing the application-subjective challenge
of defining criteria for Edge Case identification, our method
focuses on expending the operation domain of any given set of
data. The evaluation metrics we propose are based on having
a method to calculate the distance between any two scenarios.
As such, they can be used with other types of structure as long
as that condition is fulfilled. Although our focus is on rare
driving scenarios, this allows our proposed method to be very
flexible to many specific applications where such structure can
be defined. Future works may explore further improvement of
our method by exploring new structured models, especially
in order to cover the temporal details of the scenes more
precisely. Future research should pay attention to studying the
behavior of LLM in regards to hallucination or catastrophic
forgetting. Finally, the generation of visual data from text
description should be improved to better ensure that the most
relevant details of the scenes are preserved.
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