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Realistic Corner Case Generation for Autonomous Vehicles with
Multimodal Large Language Model

Qiujing Lu, Meng Ma, Zheng Wang, Wei Lu, Mingyue Ma, Guangming Zhao*, and Shuo Feng*

Abstract: To guarantee the safety and reliability of Autonomous Vehicle (AV) systems, corner cases play a
crucial role in exploring the system’s behavior under rare and challenging conditions within simulation
environments. However, current approaches often fall short in meeting diverse testing needs and struggle to
generalize to novel, high-risk scenarios that closely mirror real-world conditions. To tackle this challenge, we
present AutoScenario, a multimodal Large Language Model (LLM)-based framework for realistic corner case
generation. It converts safety-critical real-world data from multiple sources into textual representations,
enabling the generalization of key risk factors while leveraging the extensive world knowledge and advanced
reasoning capabilities of LLMs. Furthermore, it integrates tools from the Simulation of Urban Mobility (SUMO)
and Car Learning to Act (CARLA) simulators to automatically interpret and execute the scenario code by LLMs.
Our experiments demonstrate that AutoScenario can generate realistic and challenging test scenarios,
precisely tailored to specific testing requirements or textual descriptions. Additionally, we validated its ability to
produce diverse and novel scenarios derived from multimodal real-world data involving risky situations,
harnessing the powerful generalization capabilities of LLMs to effectively simulate a wide range of corner

cases. The implementation is available at https://github.com/THU-AI-Testing/AutoScenario.
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1 Introduction performance improves, further advancements become
increasingly difficult. This is due to corner cases
emerging less frequently and exhibiting greater
diversitylll. As a result, defining and identifying the
deployment on public roads. Discovering and testing most relevant corner cases has become increasingly
corner cases in advance helps secure AV safety and  critical to achieving further performance gains.

accelerate development cycles. However, as AV Significant efforts have been devoted to this area. For

Currently, the safety of Autonomous Vehicles (AVs)
remains a critical barrier to their widespread
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instance, Ref. [2] carefully mined corner cases from
large-scale autonomous driving datasets’>-31. However,
this approach is limited by its reliance on real-world
driving data collected from AVs, which is costly and
scope. Additionally, replaying pre-
collected data lacks dynamic interaction with the AV
under test, reducing its effectiveness. On the other
hand, have been explored to
synthesize safety-critical scenarios. These include rule-
based!®- 71 and data-driven techniques!®-10, However,
these methods often suffer from limited diversity due
to their dependence on initial conditions from given
scenes. Furthermore, scenarios generated through
predefined rules or adversarial learning may lack
realism, as the applied perturbations can deviate from
plausible real-world behaviors, thus diminishing the
effectiveness of the testing process.

Meanwhile, there has been limited progress in
developing effective control mechanisms for flexible
scenario generation driven by abstract requirements.
This is crucial as developers often conceptualize
scenarios broadly, whereas simulations require detailed
configurations, such as road geometry and precise
vehicle placements. A mechanism that enables
developers to control scenario generation through
language descriptions provides a natural solution to
bridge this gap, making scenario-based testing more
practical and accelerating performance evaluation of
AVs.

However, building a text-conditioned generation
mechanism is inherently challenging. It requires
modeling everything from static environment elements
to agent behaviors, while accurately translating
narrative  language  to detailed, structured
configurations. The rise of Large Language Models
(LLMs) and Vision-Language Models (VLMs), trained
on vast internet data, presents a promising direction.
These models have demonstrated exceptional
capabilities in learning, reasoning, and solving
complex problems. Their applications span fields like
medicine, education, finance, and engineeringl!!-14],
demonstrating substantial advancements and broad
generalization capabilities.

Driven by these advancements and the need for
realistic and diverse safety- critical scenarios, we
developed AutoScenario, a fully automated pipeline
with high controllability as shown in Fig. 1. It
generates realistic and diverse scenarios containing
main components that closely mimic real-world

restricted in

various methods

environments through prompt engineering and the
integration of tools from Simulation of Urban Mobility
(SUMO), an open-source traffic simulation packagel!3],
Car Learning to Act (CARLA)!!® an open-source
simulator powered by Unreal Enginel!”] with high-
fidelity digital assets, and data-driven deep learning
models.

Our contribution can be concluded as follows:

e We propose AutoScenario, a framework that
automates the safety-critical scenario generation
pipeline providing a high degree of
controllability.

o We extract key risk factors from multimodal real-
world corner cases to improve the realism and diversity
of generated scenarios.

e We utilize large language model to generalize
scenarios  through reasoning and open-world
knowledge.

e We integrate simulation tools and data-driven
models to inject domain knowledge, ensuring physical
consistency, behavioral plausibility, and stable
performance during scenario generation.

2 Related Work

while

2.1 Safety-critical driving scenario generation

The widespread deployment of AVs continues to be
impeded by safety concerns. Significant efforts have
been devoted to identifying and mitigating unsafe
components through testing!!8-20l.  Among these,
scenario-based testing has demonstrated its potential
for evaluating AV performance under rare but critical
corner-case conditions21], Nevertheless, the generation
of realistic and plausible corner cases remains a
substantial challenge, primarily due to the inherent
complexity of physical environments and traffic
conditions encountered in the real world. One approach
to improving realism is replaying driving data collected
from real-world scenarios. However, such method falls
short in creating realistic interaction with AV being
tested, limiting their effectiveness in evaluating how
the AV responds to unpredictable or adversarial agents
during testing.

Significant efforts have been made in creating
challenging corner cases, broadly classified into two
main approaches: data-driven generation and
knowledge-based generation. Data-driven models
leverage rich information from real-world driving
datasets to enhance the realism and diversity of
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Fig.1 AutoScenario: an LLM based framework for automated generation of realistic corner cases. GPS: Global Positioning

System.

generated scenarios(?2-241, For instance, Ref. [25]
employed a Transformer-based network with safety
mapping agent
achieving distribution-level alignment with real-world

to generate realistic behaviors,
data. Reference [10] learnt a graph-based conditional

Variational AutoEncoder (VAE) as traffic prior,

optimizing each agent’s behavior to provoke collisions
with a rule-based AV planner. Reference [26] used an
encoder-decoder architecture and retrieval-based in-
context learning to synthesize realistic traffic scenarios.
However, these methods are limited to generating
scenarios derived from existing datasets, lacking the
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capability to produce controllable, specialized
scenarios tailored to specific testing objectives.

Knowledge-based generation represents
promising direction, where external knowledge is
explicitly incorporated into the scenario generation
process. Reference [27] utilized an evolutionary
method to minimize the drivable area by strategically
manipulating surrounding vehicles. Reference [28]
emphasized the importance of diversity and high
driving skills within scenarios, proposing a distinct
policy set selector within their reinforcement learning
method to balance these two aspects. Reference [29]
proposed Semantically Adversarial Generation (SAG),
which leverages domain knowledge encoded as first-
order logic in a hierarchical tree structure to guide
scenario creation. However, these knowledge-based
methods generally suffer from limited realism, limiting
their applicability to high-fidelity simulation or real-
world testing.

another

2.2 Scenario generation with LLMs

Multimodal LLMs have seen extensive application in
autonomous driving systems since their inception!30-33],
Specifically, LLMs are increasingly employed for
generating diverse and realistic scenarios3+36], which
are crucial for testing and evaluating AVs. For
instance, ChatScene uses LLMs to generate scenarios
from a pre-existing scenic libraryl37-38] while ChatSim
produces photo-realistic Three-Dimentional (3D)
driving simulations using external digital assets!3],
However, both methods face limitations in scene
diversity: ChatScene is constrained by its fixed library,
and ChatSim can only modify existing scenes rather
than generate entirely new ones from scratch.

LLMs are also being utilized for the generation of
corner cases. CRITICALMY uses LLMs to refine
critical cases by updating scenario configurations for
AV training. However, its evaluation is confined to
freeway scenariosl#ll, restricting its generalizability
across different traffic conditions and road layouts.
Reference [42] incorporated an LLM-enhanced
adaptive genetic algorithm to search for safety-critical
scenarios. However, the assumption that Background
Vehicles (BVs) and pedestrians strictly adhere to traffic
laws may overlook safety-critical situations resulting
from anomalous participant behaviors. Reference [43]
leveraged an LLM to transform user queries into a loss
function, guiding a diffusion model to generate query-
compliant trajectories. However, it is limited to

manipulating agent behaviors within a predefined road
map with specific initial conditions. Reference [34]
employed LLMs to generate brief agent trajectories
based on minimal scenario descriptions, thereby
facilitating scenario engineering. Nevertheless, it
remains restricted to highway scenarios and requires
further exploration in more complex environments.
Ensuring safety through scenario-based testing
remains one of the most pressing challenges in
autonomous driving. Effective validation demands a
large collection of diverse and highly controllable
safety-critical scenarios. However, existing methods
still struggle to generate such scenarios efficiently and
at scale. Our work aims to leverage LLMs to facilitate
the generation of diverse safety-critical scenarios in a
controllable and efficient manner through multiple
input modalities, including text, images, and videos.

3 Method

In this section, we present the core methodology of
AutoScenario, a multimodal, LLM-driven framework
designed to convert real-world multimodal inputs into
safety-critical corner-case scenarios. We first introduce
the problem formulation of the automated scenario
generation system. Next, we describe the overall
pipeline of the framework, followed by the prompting
techniques that support its key components. We then
detail the design of the generalized interpreter, which
serves as the central module for the encoding process.
Finally, we discuss the framework’s integration with
domain-specific simulation tools, which form the
foundation of the decoding process.

3.1 Problem statement

We model the entire process as an encoding-decoding
framework, where multimodal real-world scenarios are
first encoded into a universal, interpretable language
space. It is then decoded into executable scenarios for
AV testing through a set of LLM-guided generators
coupled with simulation tools.

Let S g represent a real-world scenario encompassing
road topology, diverse road users, static objects, and
weather conditions. We construct a consistent linguistic
description, E; ={E oads Eobjectss Eagents> Eweather}s
where each component describes a semantic aspect of
the scene. The encoding process is implemented via
large language models, can be expressed as E; = f(S k),
where f(-) maps multimodal environment states to
structured textual descriptions.
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In the decoding process, we generate the final
scenario through a sequence of specialized generators
powered by LLM and simulation tools. Given the
encoded description E; and auxiliary domain
knowledge k, the framework first employs a network
generator, n ~ NetGenerator(E}, k), to produce feasible
lane and topology configurations. Subsequently, an
object generator, o ~ ObjectGenerator(Ej, n, k),
positions static objects within the environment, while
the agent generator, v~ AgentGenerator(E,, n, k),
initializes dynamic agents and synthesizes their
behaviors consistent with the described context.
Finally, a scenario generator, s~ ScenarioGenerator(E;,
n, v, o, k), integrates all generated components into a
coherent, simulation-ready scene.

To ensure semantic alignment between the generated
scenario and the original description, we formulate the
decoding objective as Formula (1),

min dist(Emb(E;), Emb(f(s))),

st, E;=f(Sg),
n ~ NetGenerator(E;, k),
v ~ AgentGenerator(E;, n, k),
o ~ ObjectGenerator(Ej, n, k),

s ~ ScenarioGenerator(E;, n, v, o, k) )

where ~ denotes sampling from the distribution,
Emb(-) denotes the embedding function that maps
linguistic descriptions to a high-dimensional semantic
space, and dist(-,-) measures semantic discrepancy,
implemented as the cosine distance between
embeddings obtained from the text-embedding-ada-002
modell*], Domain knowledge k 1is dynamically
injected through prompting strategies to minimize the
semantic gap between the source and reconstructed
descriptions. In practice, a balance between fine-
grained descriptive detail and generalizability of risk
factors is maintained to ensure high fidelity and robust
scenario generation.

3.2 Pipeline

The generation framework is illustrated in Fig. 2. The
pipeline accepts multimodal inputs, which includes but
not limited to the following: user request expressed in
the text, image taken from random viewpoints, and
videos from a driving vehicle’s perspective. They are
sent through specially designed interpreter powered by
LLM to generate standard scenario descriptions Ej,
which extracts key components from the input while

adding diverse details. See more details in Section 3.4.
This is followed by scenario generation conditioned on
E;, including constructing road structure, placing static
objects, initializing and dynamically generating agents.
See Section 3.5 for more details.

Multimodal inputs are preprocessed with tailored
attention mechanisms to generate  consistent
descriptions from the provided real-world data. For
short user requests, we expand them into richer, more
detailed scenario descriptions. For longer texts with a
fixed narrative style, such as crash reports, we
restructure the information into four perspectives:
Eroad’ Estatic, Eagents, and Eweather- For image inPUtS,
we use Chain-of-Thought (CoT) prompting strategy(43]
to guide the model toward layered,
reasoning that is otherwise difficult to elicit from a
single-pass description. For video data, we apply
temporal downsampling and memory-based processing
to to balance efficiency with temporal fidelity,
allowing the model to focus on key scene changes
while reconstructing the underlying road network and
temporal continuity of agent motion. Section 3.3
elaborates on its key prompt designs, and Section 3.4
outlines the multimodal input pipeline.

Constructing the road structure based on E; serves as
an important intermediate step. It directly impacts the
subsequent generation of other elements and the risk
factors within the final corner cases. To achieve this,
two approaches are employed. In the first approach, E;
generated by interpreters are used to invoke the net
generator, which produces the network in XML format.
Alternatively, real-world road geometry is retrieved
from OpenStreetMapl#0l using GPS input and
converted into the net. XML format. Following this, the
object generator creates static elements such as lane
markings, traffic signs, fences, and traffic cones, which
remain unchanged unless acted upon during the
simulation. Meanwhile, the agent generator, creates a
set of agents based on Eg.s, which includes a diverse
range of road users, such as pedestrians, cyclists, and
various types including
passenger cars. LLMs are used to place agents within
the scenario and assign appropriate speeds. Finally,
closed-loop simulations are performed using a data-
driven agent model to replicate human-like behaviors
and interactions under the specified traffic conditions.

risk-aware

of vehicles trucks and

3.3 Prompting techniques

AutoScenario is designed to construct safety-critical
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Fig.2 AutoScenario system overview: it accepts multimodal inputs, which are processed by the multimodal interpreter.
Based on the generalized scenario description, the components generator constructs the key scenario elements. These
components are then passed to the scenario generator to enable scenario-based testing. OSM: OpenStreetMap.

scenarios from diverse input sources, including text,
images, and videos. Risky factors embedded in these
multimodal inputs are extracted using interpreters
powered by VLMs. To enhance diversity, the core
conflict elements are preserved scenario
descriptions, while  other = components are
systematically diversified.

Serving as the foundational step in translating real-
world inputs into textual descriptions, the VLM’s
capability in understanding complex scenarios plays a
pivotal To improve performance,
incorporate a range of prompting strategies within the
Multimodal Interpreter, enabling more accurate
scenario interpretation, key risk factor extraction, and
critical element generation. Taking the user request
input as an example, as illustrated in Fig. 3, we apply
role prompting to define the model’s persona and task
objective, thereby focusing its attention on relevant
aspects of the scenario. Instruction prompting and CoT
prompting are used to guide the reasoning process
through structured steps, improving the model’s
understanding of both the task and its constraints. The

in

role. its we

## Description section prompts the model to restate
and internalize the task, the ## Reasoning section
encourages step-by-step thinking, and the ## Decision
section ensures that the final output adheres to the
required format. Additionally, we provide relevant
examples to serve as references for the VLM, enabling
it to generate more accurate and detailed road
descriptions. Finally, a structured output format is
established, incorporating key elements such as road
geometry, traffic conditions, and testing objectives, to
support reliable automated parsing and downstream
task execution.

To improve the accuracy of information extraction
from images and videos, additional prompting
techniques are integrated into the full pipeline. As
illustrated in Fig. 4, the multimodal interpreter for
image input is equipped with instructions to extract
fine-grained road structure details and infer layout
based on visual cues such as lane markings,
surrounding buildings, and trees. For video inputs, the
interpreter guides the model to reason from a first-
person perspective, enabling it to track motion across
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Input

Qutput ;

Generate a testing scenario that includes a
forked road.

## Description
The provided scenario involves a high-complexity
driving environment on Elm Street, with specific...

v

Role prompting: persona & objectives

Format enforcement

You are an
, who can understand user's testing
request and design the corresponding testing
scenarios.

Instruction/template-based prompting

Your answer should follow this format:
## Description

Your description of the user request.
## Reasoning

## Decision
Should start with answer directly no other

words.

Chain-of-thought prompting

Few-shot prompting

For example, one answer is [“road description: At the
heart of this network, central square intersection itself
is a four-way junction where the city’s two major arterial
roads, grand avenue and main street, converge. On
the northern approach, grand avenue features four
lanes that split into dedicated left-turn, straight, and
right-turn lanes as it nears the intersection. This road is
... To the south, grand avenue continues with similar
lane configurations, ...
west, ... . ... street features traffic calming measures
such as speed bumps and narrow lanes to maintain
safe speeds. On the southeast side, ... a direct route to
the nearby commercial district, with wide lanes to
accommodate delivery trucks and heavy traffic”, “traffic
density: medium”, “test goal: av_behavior: turning”], 5

main street, running east to

T

Fig. 3 Overview of core prompting strategies employed by the multimodal interpreter to interpret and structure user

requests. The symbol “*” is intentionally included in the prompts to emphasize the key terms.

consecutive frames. Furthermore, a code example is
incorporated to support the estimation of forward travel
distance between the ego vehicle and leading vehicles
using depth maps.

3.4 Generation with diverse input sources

Text inputs are processed by text interpreter to generate
the final scenario description. AutoScenario supports
user testing requests that describe scenarios at an
abstract level, as demonstrated in Fig. 5. To expand
these requests into detailed scene descriptions, an LLM
is activated, using few-shot examples embedded in the
prompts to guide generation. In addition to abstract
descriptions, more detailed scenario specifications are
also supported. One such application involves
reconstructing critical moments leading up to a crash

based on crash reports. An LLM is activated to extract

the most relevant information from these reports and
generate detailed scene descriptions. This process is
guided by carefully designed prompts that supports the
extraction and formulation of key elements.

A properly prompted VLM is used as the image
interpreter to convert the input image into structured
scenario descriptions. It is guided to carefully consider
the four key perspectives of the scenario for
comprehensive  information  extraction.  During
experimentation, we observed that the interpreter’s
performance degraded in complex scenes, particularly
those with numerous buildings and dense traffic,
leading to inaccuracies in extracting road network
features. To address this, we introduce an enhanced
prompt that guides the model to infer the geometric
structure of the road network by leveraging contextual
cues from surrounding buildings and parked vehicles.
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Image interpreter Video interpreter CARLA API
Role prompting: persona & objectives Instruction prompting Few-shot prompting

You are an assistant d to generate detailec Based on the input video, reconstruct the road t# Function to spawn a dynamic vehicle

autonomous vehicle ti 1g scenarios based on given geometry and layout, and narrate the scene from the def spawn_vehicle(blueprint_name, location, rotation,
image data. Your primary tasks are as follows: agent vehicle’s point of view. Describe in detail what the| |color=None):
(1) Understand the user’s request. vehicle sees at each moment—including road types, blueprint = blueprint_library.find(f'vehicle.omni.
(2) Analyze the testing goal. lane directions, nearby vehicles or pedestrians, and blueprint_name}')

(3) Generate a rich description of the road geometry, static objects —and explain how it makes navigation If color:

vehicle behaviors, and spatial configuration of the decisions such as turning, yielding, or lane changes. blueprint.set_attribute(‘color’, color)

transform = carla.Transform(location, rotation)
vehicle = world.try_spawn_actor(blueprint, transform)

scenario. Few-shot prompting

Instruction prompting

The following code realize the function of calculate the If vehicle is not None:
distance of the vehicle’s forward movement. vehicle.set_autopilot(False) # Control manually
When describing the road network, aim for realism. The input is the first-person perspective image of the vehicle.apply_control(carla.VehicleControl(brake=1.0))
Common road structures include: Crossroads, T- vehicle at the previous and next time points, and the return vehicle
intersections, Y-intersections, ramps and merge depth map generated by these two images.
zones, deformed/angled intersections... The output is the estimated distance of the vehicle’s t# Change the weather
Geometric accuracy is important: forward movement. weather = carla.WeatherParameters.ClearNoon # Change if
- Lane widths: standard ~3.6 m; turn lanes may be The code is as follows: the weather is in description
Wider Instruction prompting
- Intersection angles: report as ~30°, 45°, 90°, etc. def calculate_distance_from_optical_flow(depth1_path,
- : ithi depth2_path, frame1_path, frame2_path): : ;
IRto Ui Lergs tOtél AE BTl e m AL ) 2 Eet) (1) Determine the number of vehicle and static objects based
You can use surrounding elements like: building #Read and resize two frames ) ) )
. X . on the given scene information and context.
facades, roadside trees, moving or parked vehicles. scale_factor = 0.5 i .
. o N (2) The vehicles can only be chosen from bike, car, jeep,
These references help infer road directions, lane frame1 = cv2.imread(frame1_path) o
s e . motorcycle, suv, truck, and van. The static objects can only be
divisions, and agent positioning. frame2 = cv2.imread(frame2_path) ) ) :
) - . chosen from warningconstruction, streetbarrier,
Provide relative or absolute positions for all surrounding y i :
constructioncone, and warningaccident.
objects in the scene. You can use the provided code as a reference to

. . (3) Generate vehicle colors.
compute the estimated forward distance....

Fig. 4 Main prompting techniques employed across other components. API: Application Programming Interface.

User request Generated description 1

Text: [“Road description: The scene unfolds at a simple fork intersection where Maple
. Street diverges into Pine Road on the left and Oak Lane on the right. Maple Street,

Generate a test scenario to a two-lane road, serves as the approach and is equipped with standard width lanes

test the turning performance of (3.2 m each), converging into two diverging paths around the 50-m mark from

_) the starting point. Pine Road, veering left, features a gentle turning radius of

autonomous vehicles. The test 12 m, accommodating larger vehicles. Conversely, Oak Lane’s right turn

scenario is wanted to be a maintains a tighter 10-m radius for smoother vehicle navig: 3
simple fork. I need a brief and Ohstr_ucting tm_ﬂ"w consists of two parked \_/chiclcs: on Mapl_e Sm_aet, narrowly

d N In the affecting lane width, and another slow-moving vehicle entering Pine Road,
accurate description. In the scene, requiring the AV to maneuver and adjust speeds dynamically.”, “traffic density:
there should be other vehicles high”, “test goal: av_behavior: turning”], [3]

obstructing the vehicle’s
movement to test its autonomous
driving performance...

Consistency of

Generated description 2

¢ [“Road description: A simple Y-intersection serves as the testing ground where thd Scenario simulation 2

‘main road forks into two separate paths. From the south approach, the main road
is two lanes that split into two single-lane paths at the fork. The right-side path
slightly curves outward, requiring moderate turning skill and vision for
igation. Vehicles are positi i along these paths to obstruct the
autonomous vehicle’s movement. On the left path, an incoming vehicle
the i i icipating a merge with the main lane. The right
fork has a stationary vehicle, partially blocking the lane, necessitating a cautious
mancuver around it. Sight lines are deliberately designed with slight obstructions
¢ to simulate more common urban ities and decisi king Lo
“traffic density: high”, “test goal: av_behavior: turning”], [3]

1
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1
1
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Fig.5 AutoScenario generation pipeline with user request. The user specifies the testing requirements (left), and multiple
scenario descriptions are generated by the Text Interpreter (middle). Irrelevant parts of the description are omitted, while key
elements are highlighted in bold. On the right, a sampled scenario generated by CARLA and LLM for each description is
displayed.
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This enhancement notably improves the model’s

performance in complex scenes. The scenario
generation process is depicted in Fig. 6.

Additionally, when GPS data are provided, we can
generate testing scenarios based on the text description
while incorporating real-world road structures. This
approach enables effective testing for deployment in
this region, reflecting realistic traffic conditions, as
demonstrated in Fig. 7.

For video input from dash camera, a VLM-based
video interpreter is developed to extract road geometry
and environmental features. In our experiments, we
observe that the model’s estimation of distances
between surrounding vehicles and the ego vehicle,
especially during driving trajectory analysis, was often

inaccurate. To address this limitation, we introduce a

Generated description 1

code prompt that calculates the forward distance
traveled by the vehicle between two timestamps, using
the corresponding images and their depth maps. Unlike
the original approach, which relied solely on video
frames, our method incorporates depth map frames
aligned with each image, providing richer spatial
information. With these designs, the model’s accuracy
in estimating the distance traveled in the video, as well
as the length and proportions of the road network, has
significantly improved. The process of scenario
generation is depicted in Fig. 8.

We demonstrate scenario generation using various
types of inputs, including text, image, and video, along
with the key design of their corresponding interpreters.
In each case, road information and environmental
features are extracted from the respective input. This

4 Road net description:
configuration .

access to businesses and .
serves as a connector road, ++.
i Scenario description:

environment on Main Street.

Main Street is a significant urban road featuring a 4-lane

In the northern direction, service lanes are present to facilitate local

The intersection with Elm Street, a smaller 2-lane road, is positioned )

at right angles, ensuring a clear and organized traffic flow. Elm Street

This scenario involves navigating a moderately dense urban traffic

With approximately 10 vehicles occupying the road, drivers must
effectively utilize the 4-lane road configuration to -

Similar spatial layout

with diverse agents

Generated description 2

## Road net description:
roads of varying capacities meet.

a continual flow of traffic.
) It intersects ig
that -~

## Scenario description:

density of traffic.

and crosswalks, -+

You find yourself navigating through an urban intersection where two
The main road is broad, boasting three lanes designed to accommodate

with a smaller, yet busy two-lane road

The scene captures a typical urban environment bustling with a medium

Ten vehicles mancuver through this dynamic setting, -+
The primary objective of navigating this intersection involves a series of
actions: effectively stopping at designated points such as traffic signals|

Similar spatial layout with

inferred road segments

Fig. 6 AutoScenario generation pipeline with image input. Left column: real-world scenarios (top-left image from the CODA
dataset), representing the ego perspective of the AV. Middle column (text): scenario description generated by the image
interpreter; middle column (image): simulation scenario generated by CARLA and LLM, shown from a perspective different
from the overhead view. Right column: overhead-view simulation scenarios generated by CARLA and LLM.
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Simulation network corresponds
to the real-world network

Simulated scenario

e N

Real-world scenario

Simulation scenario corresponds
to the real-world intersection

Fig.7 AutoScenario generation with additional GPS input.

Frame i+k

. Frame i

Video
i |G interpreter

Generated scenario
description

Generated road network

Pipeline of the scenario generation

Fig.8 Conversion from dashcam video to network file and simulation scenario. Top: frames extracted from the video.
Bottom: scenario generation process—left: scenario description generated by the video interpreter; middle: corresponding
network file generated by road net generator; right: generated scenario.

capability remains a critical component of the
AutoScenario system, as it enables the translation of
real-world information into a unified text-based format.

3.5 Collaborating with domain tools

Guided by the scenario description, SUMO, CARLA,
and a data-driven behavior model are seamlessly
integrated with the help of LLM to generate the final
scenario, as illustrated in Fig. 9.

Net generator. Road geometry is a well structured
object that can be represented by graph with nodes and
edges. To reduce the error rate for pure generation, we
prompt LLM to generate SUMO compatible node and
edge file defined in XML format, then convert to full
graph with domain knowledge, i.e., rules with SUMO
tools. See Fig. 9 for an illustration and Section 4 for
more detailed examples. This design is not confined to

SUMO or its XML formats. Since road network
naturally represents a graph structure, it can be
represented by other structured languages”l and
processed by graph tools*8l, compatible to other
simulators such as MATSim[#9],

Scenario generator. We use LLM to directly
generate Python code that controls 3D scenario agents
via the CARLA Python APIL Blueprints from
CARLA’s library are automatically utilized to
construct diverse road users and simulate varying
weather conditions. The digital twin tool is further
integrated to enhance visual realism, while additional
critical risk factors are automatically generated through
the API.

Agent behavior modeling. Once the initial state at a
critical moment is generated based on the universal
scene description E;, a trained data-driven behavior
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Data-driven
behavior model
Net A
\ . XML
Agent - f  Road
behaviors : structure

Generated scenarios

Fig.9 Tools utilized in AutoScenario: SUMO, CARLA,
and a data-driven behavior model.

model is employed to simulate agent behaviors that
closely replicate human driving actions within the
scenario.

4 Experiment

In this section, we evaluate the performance of our
AutoScenario framework both quantitatively and
qualitatively. First, we examine its ability to generate
realistic, diverse, and controllable scenarios. Next, we
demonstrate its application in creating safety-critical
scenarios from multimodal inputs for AV testing, and
additionally, we quantitatively assess the challenges
posed by these scenarios through the performance of
LLM-based AVs. Finally, we highlight the key
components of the framework through an ablation
study.

4.1 Experiment setup

We utilize the Generative Pre-trained Trainsformer
(GPT-4) API (gpt-40-05-23) with carefully designed
prompts as the multimodal LLM, and leverage a
pretrained data-driven model to simulate agent
behavior. Our framework is model-agnostic and can be
adapted to alternative GPT versions or API-based
LLMs with only minor interface adjustments. Unlike
locally deployed models, the API-based approach
requires no environment-specific setup or Graphics
Processing Unit (GPU) resource management, enabling
faster responses and more stable deployment.
Compared with encoder-only models such as

Bidirectional Encoder Representations from
Transformers (BERT) or sequence-to-sequence models
like T5, GPT-4 is trained on web-scale data, offering
significantly stronger semantic reasoning, broader
world knowledge, and more reliable instruction
following—capabilities that are essential for
interpreting complex traffic scenes and generating
coherent scenario descriptions. The pretrained data-
driven model takes in vectorized map features and
historical agent trajectories to predict future motions.
Implementation details of this model follow Ref. [50].
SUMO 1.21.0 and CARLA 0.9.15 are integrated into
the pipeline and are invoked as needed during scenario
generation and simulation. AIl experiments are
conducted on a single NVIDIA RTX 3090 GPU.

To  ensure  computational efficiency, the
AutoScenario pipeline is structured so that its core
components scale favorably with scenario complexity.
The scenario-description module relies on the GPT-
based API, thus for a fixed input modality the number
of processed tokens remains within a narrow and
nearly constant range. As a result, its runtime does not
grow with the number of agents or interaction
complexity, contributing a stable and predictable
latency per generated agent-level
behavior simulation, AutoScenario employs a data-
driven with  GPU-accelerated
parallelization where all agents within a scenario are
evaluated in batched operation. This design prevents
computational cost from scaling proportionally with
scenario complexity and enables efficient generation of
rich, high-interaction multi-agent scenarios.

scenario. For

behavior model

4.2 Qualitative evaluation

We present several samples generated by AutoScenario
using multimodal inputs.

Figure 10 shows two scenarios reconstructed from
crash reports involving vehicle-to-vehicle conflicts. In
both cases, the generated scenarios successfully capture
key elements and critical moments described in the
original reports. The relative positions of agents are
well aligned with the text description. Additionally,
Fig. 11 shows two more examples focusing on
interactions between vulnerable road users and vehicles
involved in the accidents. These scenarios further
demonstrate AutoScenario’s ability to reconstruct
complex, safety-critical interactions based on crash
reports.

Furthermore, beyond the high controllability of text
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Crash reports

—>
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Simulated crash scenarios

This two-vehicle collision occurred during daylight hours at the
intersection of two urban trafficways... Vehicle 1, a 2013 Mini Cooper 2-
door convertible, was being driven by the 77-year-old female driver |= =
(CIREN case occupant) in the number two, northbound travel lane, |
approaching the intersection from the south. The driver of Vehicle 1j
intended to cross through the intersection and continue traveling north.
'Vehicle 2, a 2002 Chevrolet Suburban 4-door large utility vehicle, was
traveling eastbound in the left turning lane, approaching the intersection
from the west. The driver of Vehicle 2 intended to turn left at the
intersection and continue traveling north. Both vehicles entered the
intersection and the frontal plane of Vehicle 2 struck the left side plane of
Vehicle 1 (Event 1)...

The crash occurred during early afternoon hours in daylight on a dry road
under clear skies. ... Vehicle 1 was on level ground pre-crash and had no
traffic control, although traffic exiting the business driveways were
expected to yield the right of way to east/west traffic.

A 2019 Ram 1500 four-door pickup (Vehicle 1) was stopped facing north
in a business entrance intersecting the four-lane road. A 2002 Chevrolet
Trailblazer large utility vehicle (Vehicle 2) was traveling eastbound in
the second lane of the roadway. Vehicle 1 entered the roadway after
non-contact stopped traffic in lane one waved him through. Vehicle 1
began turning left when it was struck on the left front plane by the front
right of Vehicle 2 (Event 1). Vehicle 1 rotated clockwise approximately
ninety degrees before coming to rest in the eastbound second lane. Vehicle
2 traveled slightly left after impact before coming to rest in the road near
the impact location. Both vehicles were towed due to damage.

Vehicle 1 (V1,2016 Chevy Spark) was traveling east and
Non-Motorist 1 (NM1, 26-year-old male) was crossing the
roadway heading south. The speed limit was 72 km/h. At
the time of the crash, it was noon and the weather was
rainy. No visual obstructions were noted. The non-motorist|
was crossing within the crosswalk located at an
intersection. The front of V1 contacted NM 1 on his right
side. The pedestrian wrapped onto the hood of the vehicle
and slid into the windshield and the windshield header, as
evidenced by contact damage to the vehicle’s bumper,
hood, windshield, and windshield header.

Vehicle #1 (2011 Toyota Prius) was stopped in the
eastbound lane at a T-intersection, attempting to turn right
to travel south. Non-motorist #1 (72-year-old female) was
crossing the roadway in a northerly direction, in an
unmarked crosswalk with curb cuts from the sidewalk. The|
speed limit was 40 km/h. At the time of the crash, it was
daytime, and the weather was clear. A tall fence bordering
private property on the southwest corner could have been a|
visual obstruction early in approach for V1 and the non-
motorist. As V1 initiated the right turn, the front of the
vehicle contacted pedestrian #1 on their left side,
impacting on the right-front corner of V1.

Fig. 11 Corner cases involving vulnerable road users generated by AutoScenario.

description, the system also demonstrates strong
diversity in the generated scenarios when guided by
well-designed prompts. Figure 12 listes four samples
generated with image interpreter. The interpreter

effectively identified critical scene elements, including
road network configurations, vehicle count and color,
This
information is then seamlessly translated into the

and obstacles such as construction cones.
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Image input ‘

—

Generated scenarios

Fig. 12 Diverse scenarios generation based on the same input from image interpreter.

generated 3D scene by the components generator and
the scenario generator.

Figure 13 further illustrates the challenging scenarios
generated by AutoScenario. These include challenging
scenarios near curved roads (top) and intersections

Fig. 13 AV collides with other vehicles following multiple
simulation steps from initial states. The orange vehicle
represents the LLM-based autonomous vehicle, while the
blue vehicles are simulated agents controlled by data-driven
models. All vehicles are initialized using the components
generators.

(bottom), driven by a combination of factors: carefully
designed initial states and the interactive behaviors of
agents. On one hand, it incorporates elements such as
BV lane changes and AV turns at intersections,
reflecting risky situations observed in real-world
driving. On the other hand, by integrating with data-
driven simulated agents, AutoScenario creates safety-
critical scenarios, enabling interactive and robust
testing of AVs.

4.3 Quantitative evaluation

4.3.1 Metric based evaluation

To further systematically evaluate the diversity and
fidelity of generation, we introduce a set of metrics to
capture the quality of the two main components inside
the generation process, the interpreter and the
generator. The metrics are grouped into two categories
as follows:

(1) Conformity metrics. These metrics assess how
well the generated scenarios align with the text
descriptions. They evaluate multiple elements,
including the road network structure, static objects,
agents, and intermediate python codes. In particular,
we measure the generation success rate, which
quantifies the percentage of intermediate codes that are
successfully parsed and executed by the simulation
engines, i.e., SUMO and CARLA. A high success rate
indicates that the generated outputs are not only
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syntactically valid but also semantically consistent with
the target platform.

(2) Diversity metrics. These metrics quantify the
variation in key scenario attributes across generated
samples. We focus on attributes such as road network
configurations, object placements, and agent
distributions. To ensure meaningful diversity analysis,
we apply these metrics to scenarios derived from
identical input prompts but diversified through the
generation process.

We evaluate the framework across three
representative scenario categories that are prone to
corner cases: general, intersections, and Construction
Zones (CZs) scenarios. For each category, five input
images are processed through the AutoScenario
pipeline. Each input image is then diversified into ten
distinct testing scenarios.

As shown in Table 1, AutoScenario exhibits high
success rates in producing meaningful
Additionally, the system achieves high accuracy in
generating the specified number and color of vehicles,
as well as the type of road obstacles, according to
descriptions generated by the interpreter in most cases.

The main causes

scenarios.

of failures include incorrect
formatting of keywords (e.g., extra “#” characters) in
network generation and blueprint name reusing errors
(e.g., “vehicle.omni.vehicle.omni.bus”). Given the
complexity of the prompt, these success rates and
accuracy levels represent quite favorable results.

To evaluate road network complexity, we calculate
the mean and standard deviation of the total number of
lanes, edges, and route lengths in the generated road
networks. As shown in Table 2, these metrics span a
wide range across each scenario set, demonstrating the
consistent diversity of the generated road layouts.

Beyond the road network structure, other critical

Table 1 Alignment of generation with the text description.

scenario elements also exhibit substantial diversity. As
presented in Table 3, the standard deviation values
indicate a wide distribution range for each metric,
reflecting substantial diversity. Compared to the
general and CZ scenarios, the intersection scenarios
feature the highest number of agents. This is expected
as intersections typically involve traffic approaching
from multiple directions. The CZ scenarios have the
most static objects, aligning with their characteristic
environment. To simulate potential corner cases, the
shortest distances between agents across all three types
of scenarios tend to be about 4 to 5 m, reflecting dense
and potentially risky interactions. In general scenarios,
straight roads without intersections are prevalent, the
mean vehicle yaw angle remains close to 0°.
Meanwhile, in intersection and CZ scenarios, vehicles
are more likely to perform turning, lane-changing, or
merging maneuvers, leading to a higher standard
deviation in yaw angles.
4.3.2 Text based similarity validation
To validate the similarity between generated scenario
and original input image, we design an automated
pipeline that performs comparison within the text space
produced by the VLM interpreter. A detailed example
of this process is shown in Fig. 14. In addition to
comparing overall scene descriptions, we further
decompose them into their main components and
conduct fine-grained comparisons for each element.
Moreover, leveraging the ability to manipulate scene
perspectives in CARLA, we select two distinct views
of each generated scene: the Bird’s-Eye View (BEV)
and the ego vehicle view. These complementary
perspectives enable cross-verification of the semantic
and structural similarity between the generated
scenario and the original image.

As shown in Table 4, the generated scenarios exhibit
a high degree of similarity compared with original
inputs in the universal text space while maintaining

Metric General  Intersection  CZ diversity in specific scenario details.
Accuracy 1.0 1.0 1.0 In the analysis of separate description sections
Vehicle attribute 0.9 0.7 0.7 from the ego car’s perspective, the vehicle behavior
Static objects attribute 0.9 0.9 1.0 section shows the highest similarity. This could be
Generation success rate 0.9 0.7 0.6
Table 3 Diversity of generated scenarios.
Table 2 Diversity of generated road network. Metric General  Intersection CZ

Metric General Intersection Cz Number of agents 42 +£22 56%23 33+ 09

Number of lanes 6.0 £ 3.3 11.0 £ 3.0 11.0 £ 29 Number of cbjects 26 +23 24+ 1.1 36 +3.0

Number of edges 5.7 + 3.7 77 £24 60+ 1.6 Shortest distance (m) 4.4 = 2.3 43+ 2.8 51 +28

Route length (m) 260.7 £ 114.6 540.0 & 200.2 420.6 + 64.6

Vehicle yaw (°) 03 = 69.8 148+ 934 165 =904
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AutoScenario

Generated description

Image
interpreter

Generated description

## Road net description:

The road network features a significant north-south artery, a
three-lane highway that seamlessly caters to both northbound and
southbound traffic. The northbound section, dating three
lanes each measuring 3.6 m in width, ...

## Road user description:

The northbound main pathway is bustling with vehicles, each
navigating their lanes with varying speeds and intentions ... the
host vehicle drives along the lane with a dark-colored car ahead
of it traveling along the same lane ..., the freezer truck moves
forward along the left-most lane, ... the silver sedan accelerates
to approach the truck, ...

—(8)—

## Road net description:

The scenario is set on a major suburban two-lane road heading
y, |north. Each lane is 3.5 m wide, providing ample space for

7 |vehicles, but requiring attentiveness for lane discipline. The
straight road features a three-lane structure, with a stretch of
north-south direction, ...

## Road user description:

The autonomous vehicle starts in the left lane. In the same lane, a
large, bright orange truck is positioned about 10 m ahead. Its
slow and steady pace might prompt overtaking maneuvers. On the
right lane, a sleek, dark-colored car maintains a position 20 m
ahead of the autonomous vehicle, traveling at a constant

positioned directly ahead in the middle lane travels with an even
pace, likely oblivious of the upcoming ramp on the right. To the

## Static objects description: f SPEE
S.!r.ccillghts, .strate.glce.llly plant?q every 50 m along the . 44 Static objects description:
divider, offer illumination and visibility for all road users. On the . A 3 . .
highway’s right flank, a pragmatically placed highway sien 1 ' .. . Street lamps introduce potential points for glare and shadowing,
sl;nds ‘4’0 " a?xcad ‘for(’: :mii ra cl({rsp of im cidin yc ﬁs 1 . Slmllarlty: which could disrupt sensor readings. A significant billboard

»orew g trav P 8 xS 1 0.95 situated approximately 60 m from the beginning of the stretch

1 e on the right targets passing vehicles with advertisements, ...
. . . 1

## Vehicles’ locations and behaviors: . . .
The agent vehicle, occupying the middle lane of the northbound bemmeem= = > f## Vehicles” locatloqs “'?d .bgl}nvlors: .

4 7S N . e The autonomous vehicle is initially situated in the left lane, 50 m
stretch, approaches the vicinity of an exit ramp, situated within a from the start of the road stretch. The orange truck ahead
relatively crowded traffic environment. The white truck Generated y

vector embeddings

in the same lane presents a moving blockade, prompting the
vehicle to prepare for a safe lane change to the right. Alongside,
the dark-colored car in the right lane travels 20 m ahead, ...

left, the silver sedan progresses forward, albeit slightly closer ...

Fig. 14 Description generated from a real-world image (left) and description generated from a scenario created by

AutoScenario (right).

Table 4 Similarity between original input and generated
scenarios with ego vehicle view and BEV.

Similarity Ego car view BEV
Overall scene 0.93 & 0.02 0.94 £ 0.01
Net 091 £ 0.02 0.92 £ 0.02
Road user 091 £ 0.02 0.90 £+ 0.02
Static object 091 £ 0.02 0.90 = 0.01
Vehicle behavior 0.93 = 0.04 0.86 = 0.10

attributed to the prominence of vehicles in the image
from the car’s viewpoint, as they occupy the
majority of the visual space. Conversely, in the
analysis of separate description sections from the BEV,
the vehicle behavior section exhibits the lowest
similarity. This may be due to
perspective, where the road network and broader scene
occupy most of the visual space, and vehicles appear
very small, making their behavior more challenging to
describe accurately.

4.3.3 Testing based complexity evaluation

Existing LLM-based methods such as LLMScenariol34]
and ChatScenel®”l rely on retrieving and modifying
examples from a pre-existing scenario database,
limiting their ability to generate fully novel traffic

the overhead

configurations. Our method, by contrast, synthesizes
complete scenarios directly from multimodal inputs
without template dependence. Therefore, instead of
comparing to retrieval-based LLM frameworks with
different assumptions, we use SUMO’s RandomTrip as
a non-LLM baseline to focus on generative quality. We
compare AutoScenario-generated scenarios with those
produced by randomly placing vehicles using
RandomTrip from SUMO toolkit, with both evaluated
on road networks reconstructed from real-world
images.

As shown in Fig. 15, AutoScenario strategically
positions AV and BVs based on spatial cues extracted
from input images, while their behaviors are governed
by simulation-based agent models. In contrast,
scenarios generated by SUMO initialize the AV and
BV at random positions, with BV behaviors controlled
by Intelligent Driver Model (IDM) -based models. The
results demonstrate that AutoScenario provides higher
controllability and realism, particularly in generating
complex and safety-critical scenarios.

The challengingness of a generated scenario is
relative to the capabilities of the AV being tested.
Although traditional metrics such as Time-To-Collision
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Challenging scenario image input

Road net

generator v

v v

LLM Scenario
description

: Simulated non-risk scenario
Not challenging} 3

Fig. 15 Comparison of scenario generation pipelines.

(TTC) capture local, momentary risk, they are
difficult to compare across different interaction types
(e.g., cut-ins versus rear-end conflicts) and thus cannot
fully represent overall scenario difficulty. Therefore,
we assess challengingness using the AV’s integrated
performance in safety, comfort, and task completion,
as a more holistic and comparable indicator of
scenario difficulty. The driving score is calculated as a
weighted combination of ride comfort, driving
efficiency, and driving safety. The route completion
value is defined as the ratio of the distance traveled by
the driver agent to the total length of the predefined
route. The total score is calculated by multiplying the
driving score by the route completion. For more
details, see LimSim++52l. In our experiments, we
utilize five different road networks, with each
network generating five distinct initial vehicle
positions using both our proposed method and
RandomTrip. Beyond the
mentioned earlier, we also record the number of
collisions across these 25 experiments to compute the
in Table 5,

evaluation  metrics

overall collision rate. As shown

Table 5 Comparison of scenario  difficulty for
AutoScenario and RandomTrip, measured through LLM-
based AV performance metrics. Arrows indicate metric
preference: | denotes metrics where lower values are better,
and ! denotes those where higher values are better.

Metric Ours RandomTrip
Route completion 0.86 £ 0.26 0.92 + 0.24
Driving score | 65.24 + 1643 72.87 £ 19.24
Total score { 59.47 + 25.25 69.66 * 26.15
Use time (s) 84.09 * 44.62 107.96 + 49.86
Success rate | 0.76 + 0.44 0.88 - 0.33
Collision rate 1 0.20 0.08

AutoScenario generates more challenging scenarios
compared to RandomTrip.

4.4 Ablation study

We conduct an ablation study to evaluate key design
choices across the three main stages of the generation
pipeline: the interpreter, the components generator, and
the scenario generator. For each stage, we remove its
critical element—specifically, the full interpreter, the
CoT reasoning in the components generator prompt,
and the simulator-related prior knowledge in the
prompts used by the scenario generator for text-based
inputs. We then compare the success rate, defined in
Section 4.3.1, which measures the proportion of
scenarios whose intermediate codes are successfully
parsed and executed by the simulation engines. The
result is presented in Table 6.

After removing the interpreter, which generates
detailed narrative descriptions for each scenario,
AutoScenario fails to produce diverse network
structures in a single pass, let alone complete the
subsequent steps. This highlights the necessity of the
multi-stage generation process and underscores the
importance of the comprehensive global scenario
description.

We evaluate the impact of removing the CoT
mechanism, a crucial reasoning technique, from its
prompt. This removal leads to a noticeable decline in
generation accuracy, as shown in Table 6, primarily

Table 6 Ablation study: generation success rate under
different ablations.

Method Generation success rate
Ours 0.8
Without interpreter 0
Without reasoning section 0.4
Without prior knowledge 0.2
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due to three recurring issues. First, critical attributes
are missing in element definitions, such as the absence
of the “shape” attribute in the “lane” element,
preventing SUMO from correctly interpreting lane
configurations. Second, attribute values fall outside the
allowed enumeration, as with the “spreadType’
attribute in the “edge” element, where “left” was used
instead of the valid values (“right”, “center”, or
“roadCenter””). Third, undeclared attributes are used,
like the “function” attribute in the “edge” element,
which references an incorrect XML schema. These
issues collectively highlight the importance of CoT
prompting in generating well-formed, schema-
compliant network configurations.

In the scenario generator, we evaluate the impact of
removing the code examples and prior knowledge
constraints from the prompt. As shown in Table 6, the
generation success rate drops significantly, from 0.8 to
0.2, for the generation process. This decline is
expected, as CARLA follows a specific protocol, and
without the code examples, the world knowledge
embedded in the LLM is insufficient to fully generate
the required functionality.

]

4.5 Online learning for AV with corner cases

AVs often underperform when encountering rare or
safety-critical situations that are underrepresented in
training data. To evaluate how effectively our
generated corner cases can mitigate this limitation, we
introduce an online learning mechanism that enables
iterative adaptation of the LLM-based decision module
using identified through
experiments in Section 4.3.3.

As illustrated in Fig. 16, once crash scenarios are
detected from previous simulation rounds, we extract
two types of information to support the next iteration of
online learning. First, we store the AV’s input prompts
that describe the collision or near-miss context, along
with the corresponding decision outputs generated by

corner-case scenarios

Closed-loop
Simulation

the LLM-based AV. Second, we incorporate human
feedback—such as suggestions to decelerate earlier,
increase headway, or choose a safer lane—to provide
corrective guidance.
accumulated in a memory buffer and serve as targeted
examples to refine the model’s reasoning and enhance
its safety-oriented decision-making in subsequent
rounds.

To evaluate whether the AV has improved its ability
to handle similar situations, we compare its previous
performance with its updated performance on the 25
challenging scenarios introduced in Section 4.3.3. Note
that the testing is conducted in a closed-loop manner,
meaning the adapted AV encounters scenario
variations that differ from those seen during prior runs.
As summarized in Table 7, emphasizing corner cases
during online adaptation consistently enhances overall
driving performance and strengthens the AV’s safety
awareness.

All of these elements are

5 Conclusion and Future Work

We present a scenario generation framework that
integrates LLMs, VLMs, and data-driven models. This
is the first system to seamlessly translate multimodal
real-world data into simulated scenarios, offering a
highly controllable and flexible
Furthermore, the framework is readily extensible to
diverse environmental conditions, including snow, rain,
nighttime lighting, and other adverse settings—through
the underlying simulator API. In CARLA, for instance,
these variations can be introduced by adjusting weather
parameters and asset configurations. Transferring and
generalizing risky scenarios from the real world to
simulators like CARLA, in terms of both objects and
behaviors, is a foundational step toward robust AV
testing. In the future, we aim to enhance photorealism
using 3D Gaussian Splatting (3DGS) or diffusion
models.

simulation tool.

LLM-based AV

Prompt-level
adaptation

Generated scenarios

Failure cases

Human correction |

Memory buffer |

Fig. 16 Online learning pipeline for AV.
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Table 7 Improving AV performance with corner cases. |
indicates that lower values correspond to better AV
performance, while ! indicates that higher values are better.

Metric AV without hints AV with hints
Route completion * 0.86 + 0.26 0.96 + 0.19
Driving score * 65.24 + 16.43 70.71 + 19.08
Total score ? 59.47 £ 25.25 70.06 + 21.01
Use time (s) 84.09 *+ 44.62 141.80 % 90.21
Success rate 1 0.76 = 0.44 0.88 £ 0.33
Collision rate 0.2 0.12
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